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Abstract 

This thesis proposes a new classification of insider dealings based on their qualitative 

characteristics and their execution strategy. First, this thesis finds that the ‘stated 

purpose’ characteristic reported in the announcements of insider dealings at the London 

Stock Exchange helps distinguishing between discretionary and non-discretionary 

dealings, and that the former, especially discretionary sales, are associated with higher 

abnormal returns. Second, this thesis introduces a new algorithm for matching insider 

dealing announcements to actual executed trades with a much higher detection rate 

compared to past papers. The first analysis uses the detected trades to identify intraday 

stealth trading and investigates how this affects subsequent pricing. The results indicate 

that stealth-trading practices are associated with weaker and longer-lived information 

signals. When directors face shorter-lived negative information, they opt not to trade 

stealthily and execute their intended sale in one large order. In addition, their holding 

status helps to explain why they are rushing to sell shares when they are in the possession 

of negative information. Nowadays, UK directors tend to have large shareholding 

percentages, as well as high potential ownership from future stock rewards. They, 

therefore, rush to sell shares but not rush to buy shares. The second analysis uses standard 

measures of adverse selection costs to investigate the level of information asymmetry on 

the days of director trades. These adverse selection measures show that there are higher 

levels of information asymmetry and adverse selection costs on days with director 

upstairs informed trades. Some upstairs trades are subject to a pre-trade transparency 

requirement while others are not. The third analysis investigates the price and non-price 

impacts around director trades with a focus on how pre-trade transparency of director 

trades affects the market ability in uncovering the implied private information. The 

analysis shows evidence that the pre-trade transparency requirement helps the market 

uncover different levels of implied information by UK director trades. The lack of pre-

trade transparency reduces the ability of the market to incorporate the implied private 

information. This stresses out the importance of transparency regulatory requirements. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Background 

Studies of different levels of market efficiency, i.e., weak, semi-strong, and strong forms, 

constitute a substantial branch of the finance academic literature. While analyses of the 

weak and semi-strong forms can be conducted based on the availability of historical and 

public information, analyses of the strong form require knowledge of agents or groups 

who possess private information. Corporate insiders are one of these groups and, 

consequently, their deals in their company stocks are suspected to be more informed. 

Deals carried out by insiders, henceforth ‘insider deals’, have long been associated with 

preferential access to firm-specific information (e.g., Finnerty, 1976; Jaffe, 1974).1 Not 

all such deals, however, are considered informative, as some may be motivated by reasons 

other than information (see, e.g., Cohen, Malloy and Pomorski, 2012). Despite a greater 

focus on information-based motives, which shed light on tests of the strong form of 

market efficiency, past studies also investigate other motives. Non-informative motives 

include asset reallocation (Mikkelson, Partch and Shah, 1997; Lakonishok and Lee, 2001; 

Kallunki, Nilsson and Hellström, 2009), liquidity needs (Huddart, Ke and Shi, 2007; 

Chua and Nasser, 2016), and contrarian trading strategies (Seyhun, 1992; Lakonishok and 

Lee, 2001; Piotroski and Roulstone, 2005).2 Since these are mostly uninformed trades, 

this thesis collectively refers to them as ‘liquidity motivated’ trades, or trades instigated 

by ‘liquidity’ motives. 

 

An interesting aspect of market efficiency is the speed by which information is 

incorporated into prices. This has been reflected in the range of time frequencies and 

timeframes considered in academic studies. Two or three decades ago, the focus was on 

annual and monthly frequencies mainly due to the lack of availability of higher-frequency 

data. Recently, and with the increasing availability of such data, the focus has shifted to 

daily and intradaily frequencies. Various indicators also point towards the markets 

becoming increasingly more efficient with faster information incorporation and price 

 
1 I distinguish the terms ‘deal’ and ‘trade’. I use ‘deal’ to describe a transaction or a block of transactions 

disclosed by an insider and use ‘trade’ to describe actual intraday open-market transaction(s) resulting from 

the execution of such insider deals. 
2 Contrarian trading strategies are based on price trends rather than private information. For example, when 

there is an uptrend in price, a trader might consider taking the opposite position to the majority who would 

be buying shares. The trader might take such a contrarian position if he/she believes in price reversals. 
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discovery. This thesis provides insights from both daily and intradaily perspectives on 

how informationally efficient is the London Stock Exchange (LSE) with respect to insider 

information. It considers different informational levels by examining information-

motivated versus liquidity-motivated trades of corporate directors in both the daily and 

intradaily timeframes. It also presents intradaily comparatives of director versus non-

director trades. The thesis further examines two aspects of public versus private 

information. First, the market reaction on the announcement days of director trades is 

attributed to public information as the information related to insider deals is disclosed to 

the public. In contrast, the market reaction on the trading days is mainly attributed to 

private information as trading motives and traders’ identities are not publicly available to 

the market at the time. The only set of public information available on the trading days is 

the trading data reported to the system. Second, on the trading days, both director and 

comparable trades instigated by others have the same level of public trade information, 

(since ‘comparable trades’ are defined in this thesis as those instigated by non-directors 

but have the same trade size, direction, and means of execution as the director’s trade). 

Many director trades are potentially motivated by private information, while comparable 

non-director trades are assumed not to be, or not as informative. Therefore, a comparison 

of the market reaction to the director trades with that of comparable non-director trades 

is a natural controlled experiment that is used in this thesis to examine how the market 

reacts to the implied incremental private information of director trades. 

 

The market reaction to informed or uninformed trades might also be driven by how the 

trades are executed. The analyses in this thesis examine three different choices of 

execution methods: the choice of trading stealthily (i.e., whether directors actively split 

up their large order into smaller ones to camouflage their information advantage), the 

choice of trading upstairs or downstairs, and the choice of avoiding a pre-trade 

transparency requirement. Both theoretical frameworks and empirical studies show that 

informed traders trade stealthily or employ stealth-trading strategies (Kyle, 1985; Easley 

and O’hara, 1987; Admati and Pfleiderer, 1988). Theoretical models suggest that the 

choice of  whether or not informed traders adopt stealth-trading strategies also depends 

on other aspects, such as the intensiveness of competition on the information (Holden and 

Subrahmanyam, 1992; Foster and Viswanathan, 1993; Back, Cao and Willard, 2000) and 

the longevity of private information (Holden and Subrahmanyam, 1996). Empirical 

studies focus mainly on stealth-trading strategies and on a daily basis (Chakravarty, 2001; 

Klein, Maug and Schneider, 2017). To my knowledge, the only exception is Chakravarty 
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and McConnell (1999) who use a court record of intraday trades made by an illegal 

insider. This record shows that the insider spread his deals over multiple days, as well as 

within these days. Thus, an intraday investigation of whether and when insiders trade 

stealthily might provide additional empirical evidence in this area.  

 

Another important implication of the choice of trading stealthily is that it might relate to 

the choice of trading in the upstairs or in the downstairs market. An informed trader who 

opts to trade stealthily within the day should actively trade in the downstairs market so 

that her trades are completely anonymous and that she has control over the strategies. 

However, a trader who is liquidity motivated and opts for not using a stealth strategy but 

needs to execute a large order, should use the upstairs market to lower the probability of 

adverse price impact on the trade (Easley and O’hara, 1987; Seppi, 1990; Madhavan and 

Cheng, 1997; Smith, Turnbull and White, 2001; Bessembinder and Venkataraman, 2004). 

These two explanations are reasonable if most detected upstairs director trades are 

liquidity motivated. However, the analyses in this thesis find that most of director trades 

that are not traded stealthily are upstairs trades and have different levels of private 

information. Accordingly, the choice of intradaily stealth trading can also be interpreted 

as a beneficial choice between the upstairs and downstairs markets. Although the focus 

of this thesis is on the information level of deals, with and without stealth-trading 

strategies, it also facilitates a deeper understanding of market reactions to upstairs and 

downstairs trades. 

 

A third characteristic of a trade that might also affect how the market reacts is its 

transparency. Transparency is classified into pre-trade transparency and post-trade 

transparency. Pre-trade transparency refers to the availability of information related to 

expressed interests on price and volume, usually in the form of quotations. Post-trade 

transparency refers to the reported information that follows the execution of trades. Many 

previous studies present evidence that pre-trade transparency supports liquidity and price 

discovery (e.g., Pagano and Röell, 1996; Baruch, 2005; Boehmer, Saar and Yu, 2005; 

Eom, Ok and Park, 2007). However, in terms of pre-trade transparency, trades that are 

executed in the upstairs market are completely ‘dark’ to participants downstairs, and the 

downstairs market knows about these trades only when they are reported to the tape 

(Comerton-Forde and Putninš, 2015). Having said that, the degree of transparency of 

upstairs trades to upstairs participants might vary depending on the type of the trade. For 

example, in the data used in this thesis, some detected director trades are subject to a pre-
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trade transaprency requirement while others are not. Moreover, the empirical evidence on 

the effect of pre-trade transparency is also mixed. For example, Bloomfield and O’Hara 

(1999) find through laboratory expirements that pre-trade transparency has no impact on 

informational efficiency, bid-ask spreads, or trader welfare. In contrast, Flood et al. 

(1999) find that the lack of pre-trade transparency widens opening spreads and reduces 

trading volume but speeds up price discovery. Accordingly, an investigation based on 

actual market data would contribute by shedding more light on this issue. The data used 

in this thesis allows for back tracing that helps determine whether or not a director trade 

was subject to pre-trade transparency. In addition, a comparison between director trades 

and a control group of non-director trades of the same size, direction and execution 

method allows us to examine the incremental differences in effects of these trades. This 

is a natural set-up to investigate whether pre-trade transparency of upstairs trades benefits 

the downstairs market. Through such an investigation this thesis provides evidence that 

pre-trade transparency is useful to the market as it helps participants discover the presence 

of informed trades. The lack of pre-trade transparency creates opportunities for front-

runners who act upon the private knowledge of director dealings. This evidence 

emphasises the importance of pre-trade transparency requirements, especially for 

informed trades. 

 

This thesis also examines the informational levels of director trades based on their 

discretionary and their trading characteristics, namely trades with or without the use of 

intradaily stealth-trading strategy, executed upstairs or downstairs, and executed in the 

presence or absence of a pre-trade transparency requirement. The analyses also 

investigate whether different trade characteristics affect the ability of the market in 

discovering informed trading. This is carried out by examining and comparing changes 

in adverse selection measures as well as trade-by-trade price and non-price impacts of 

directr trades relative to a control group of comparable non-director trades. In this manner, 

this thesis provides additional insights on which characteristics of informed trades affect 

the level of market efficiency.  

 

The next section, Section 1.2, highlights specific contributions this thesis makes in 

proposing a deal classification system and a matching algorithm that collectively faciliate 

the empirical analyses contained in the three empirical chapters (4, 5 and 6). Section 1.3 

presents the UK regulatory background on director dealings, and Section 1.4 presents the 

detailed background and motivation for each of the empirical chapters. 
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1.2 Methodological contributions 

This section presents two main contributions of this thesis in terms of research 

methodology related to insider dealing. Sub-section 1.2.1 discusses different rules and 

classification methods that include the newly proposed method devised and used in this 

thesis to distinguish between informed and uninformed insider deals and subsequently 

investigate the different levels of the informational content of these deals. Sub-section 

1.2.2 presents a discussion of the challenge often faced in detecting the actual intraday 

market trades made by insiders, given that trading is anonymous. The sub-section also 

summarises the approach adopted in this thesis in detecting these market trades. Sub-

section 1.2.3 summaries the contributions to research methodology related to insider 

dealing. 

 

1.2.1 Classification methods of informed and uninformed insider deals 

Some past studies cannot readily distinguish insider deals from others by their 

informational levels, as these are not explicitly stated in the required disclosure 

documents and messages. Despite the lack of availability of direct data, the prior literature 

presents a few rules that help distinguish between informed and uninformed insider deals 

and between insider deals of different degrees of informativeness. The majority of papers, 

including  Fidrmuc, Goergen, and Renneboog (2006), Seyhun (1986) and Lin and Howe 

(1990), use hierarchy theory, which posits that senior managers are better informed than 

junior managers, alongside other fundamental characteristics, such as firm size, deal size, 

market-to-book value of the firm stocks, and the clustering of deals. Other papers base 

their dissections on insider trading patterns, such as the association between news and 

subsequent abnormal returns as in Klein, Maug, and Schneider (2017), or order 

submission and execution strategies as in Klein, Maug and Schneider (2017) and Collin-

Dufresne and Fos (2015), and the ‘opportunistic’ versus ‘routine’ dissection of Cohen, 

Malloy and Pomorski (2012). This last article is of particular relevance to this thesis and 

is briefly discussed next. 

 

Recognising the possible rich content of insider deals, Cohen, Malloy and Pomorski 

(2012) suggest a distinction between ‘opportunistic’ deals that are presumed to be 
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information motivated and ‘routine’ deals that are likely to be liquidity motivated.3 Their 

classification is based on technical characteristics that relate specifically to the possible 

repetitiveness of director deals over an initial time window (the three years prior to the 

deal). If a deal with some characteristics repeats regularly over this period, then similar 

subsequent deals are classified as liquidity motivated ‘routine’ deals. If it does not repeat, 

however, then similar subsequent deals are classified as information motivated 

‘opportunistic’ deals. Based on this classification, they report a significantly higher 

abnormal return performance of stocks following opportunistic deals in these stocks, 

especially those that relate to negative information, i.e., sales. Their classification method 

is useful, but I purport that it has some notable limitations. A likely scenario for a repeated 

deal, especially over a short period of time (which is more pertinent in a high-frequency 

setting), is that it might indicate ‘stealth’ trading that is motivated by information rather 

than liquidity (Klein, Maug and Schneider, 2017). Cohen, Malloy and Pomorski's (2012) 

algorithm would classify these as ‘routine’ liquidity motivated deals instead. Their 

classification rule is also rather rigid, even with a moving window, since it is unable to 

properly classify infrequent liquidity-motivated deals, insider deals by newly appointed 

managers (first-time deals), and deals that result from liquidity events or shocks (e.g., 

exceptional options exercise, or investor-specific liquidity requirements). Consequently, 

it may suffer from a positive or a negative bias for ‘opportunistic’ deals. While the authors 

use public announcements of insider deals as a main source for their algorithm, they need 

to use past insider announcements to classify a certain deal as opportunistic or routine. 

This thesis proposes another algorithm as a viable realistic alternative, albeit it relies on 

public information of the deal only, and does not require information of past 

announcements.  

 

The alternative method of detecting UK director informed deals proposed in this thesis, 

is based mainly on qualitative information disclosed publicly by UK directors following 

their deals. Many past papers ignore differentiating insider deals by their implied level of 

discretion. For example, most of the director sales occur immediately after the exercise 

of an option to partially cover the cost of exercising the option, related taxes, or to balance 

investment portfolio holdings. It is logical to assume that these sales that follow option 

exercise are less discretionary compared to vanilla sales that are instigated mainly because 

 
3 Evidence of links between insider deals and foreknowledge of corporate events is provided by Seyhun 

(1990), John and Lang (1991), Lee, Mikkelson, and Partch (1992), Seyhun and Bradley (1997), and 

Huddart, Ke and Shi (2007).  
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of a personal need of the director, regardless of whether this need is information or 

liquidity motivated. However, most US studies (e.g., Fidrmuc, Goergen and Renneboog, 

2006) do not distinguish the sales that follow the exercise of options from other ‘vanilla 

sales’. Fortunately in the UK, information that reflects, at least partially, the intention or 

motive of director deals is disclosed within the insider dealings’ announcements 

disseminated by the Regulatory News Service (RNS) of the LSE.4 This thesis uses this 

source of qualitative information to develop a director deal classification method. 

 

Instead of using the repetitiveness of a deal, as in Cohen, Malloy and Pomorski (2012), I 

manually classify all insider deals according to the qualitative characteristics disclosed in 

the deal announcements as published in the RNS reports. These reports are accessed 

through NEXIS.5 I classify as ‘discretionary’ those deals that are intentional or not 

motivated by external events, and as ‘non-discretionary’ those deals that are motivated 

by external events. Specifically, I consider as non-discretionary the reported deals that 

are not initiated by the corporate insiders themselves but are initiated by other events. 

These are purchases in accordance to employee stock purchase plans or dividend 

reinvestment plans, and sales following option exercise or bonus award releases. It is 

reasonable to assume that such deals are less informed than those that are intentionally 

initiated by insiders.6 This individual deal classification based on stated motives, or 

reasons, differs from the technical repetitiveness, or routine, rule of Cohen, Malloy and 

Pomorski (2012). I argue that considering such stated and announced motives or reasons 

for deals could be a more precise classification method that also avoids the uncertainty in 

detecting routine trades due to different window lengths. A contrasting analysis 

conducted in Section 4.3 of Chapter 4 shows that this new method compares favourably 

with that of Cohen, Malloy and Pomorski (2012), and some of the results are consistent 

 
4 The Regulatory News Service (RNS) is LSE’s electronic information dissemination service that, amongst 

other uses, transmits regulatory and non-regulatory information that listed companies need to make 

available to the public. In the US, Form 4 of the Security and Exchange Commission (SEC) is a more 

structured template for disclosing insider dealing information. 
5 NEXIS is a search database on news and business information that includes regional, national and 

international newspapers, newswires, magazines, company profiles, and industry reports from a variety of 

sources. 
6 Recent studies on US data, such as Inci, Lu and Seyhun (2010) and Cohen, Malloy and Pomorski (2012), 

are either silent on, or do not explicitly state, whether or not sales after option exercise are included in their 

sample, despite the availability of this information in SEC Form 4 in the US. An interpretation in Inci, Lu 

and Seyhun (2010) implies that sales in their data might include sales after option exercise. For US studies 

prior to 2006, sales after option exercise are not excluded and distinguished from other sales (Fidrmuc, 

Goergen and Renneboog, 2006).  
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especially in pointing at significant abnormal returns for discretionary deals that relate to 

negative information (i.e., sales).  

 

Despite the availability of the RNS data to manually construct such a classification system 

for UK trades, most UK studies only focus on plain vanilla purchases and sales by 

directors. For example, Pope, Morris, and Peel (1990) exclude deals that relate to the 

exercise of stock options and the acquisitions of shares through bonus programmes; 

Fidrmuc, Goergen and Renneboog (2006) remove sales that follow option exercise from 

their data; and Dardas (2012) removes sales that follow option exercise and transactions 

related to compensation plans. These UK studies use samples of discretionary deals that 

are perceived to be information based, while sales following option exercise are usually 

excluded mainly because they are perceived to be not information based. Fidrmuc, 

Goergen and Renneboog (2006) state that the exclusion of sales following option exercise 

is based on their expectation of a low informational content for these sales. To my 

knowledge, Gregory et al. (1994) is the only paper that considers the inclusion of such 

non-discretionary sales in a study of UK insider trading. Their method is to group these 

suspected sales into a neutral, buy, or sell signal. 

 

In this thesis, I keep both discretionary and non-discretionary deals for two main reasons. 

The first is to check if the proposed new classification method is valid and successful in 

dissecting director deals into informed and uninformed deals. In line with the usual 

practice in the literature, I also conjecture that discretionary deals carry information while 

non-discretionary deals do not. This conjecture is made also to shed more light on the 

justification in the literature of the inclusion or exclusion of non-discretionary deals, 

especially sales after option exercise and bonus releases. The second reason is to compare 

these two groups of deals in terms of their market impact. The expectation is that the 

impact of non-discretionary deals is less strong than that of discretionary deals, given that 

the former are expected to be less informed than the latter. The inclusion, but separation, 

of both informed and uninformed director deals also provides a good opportunity to study 

the market reaction to different sets of information, especially through the investigation 

of the intraday impact of these trades on stock price and non-price characteristics. 

 

This thesis addresses an interesting gap in the literature by analysing the performance 

stocks after insider trades initiated by different motives or for different purposes. The 

empirical findings confirm that this new proposed deal classification method yields 
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stronger results: discretionary deals, especially vanilla sales, are associated with more 

consistent and subsequent abnormal stock returns relative to non-discretionary deals. This 

demonstrates that using qualitative disclosed information provides a viable alternative 

classification rule based on information that is readily available to the public, but hitherto 

not been studied. 

 

1.2.2 Identification of actual open-market trades related to insider deals 

To investigate insider deals, the exact trade or group of trades that correspond to each 

director deal need to be identified by matching publicly disclosed deals with 

corresponding intraday trades in the market. Due to the anonymous nature of trading, a 

matching process is the only way that one can use to identify market trades that are most 

likely related to disclosed director deals. The process raises a number of issues, some of 

which are challenging. First, directors often report the aggregate volume of their deals, 

which could possibly be carried out through multiple trades executed within the same day 

and, hence, these are not detectable as a single trade but possibly as a number or a series 

of trades. A matching algorithm that can detect all possible combinations of intraday 

trades that make up the entire volume of the whole deal is theoretically possible because 

the total number of shares traded and the average price of these trades are disclosed. 

However, implementing such an algorithm in practice is very time consuming. A search 

for such trades might need to be conducted on a set of more than 10,000 intraday trades. 

In addition, even if several combinations of trades that match the volume and price of a 

director deal can be identified, it is often very difficult to differentiate a unique set of 

trades that make up a particular insider deal. For example, if there are 100 different 

combinations of intradaily trades that yield the same matches to a disclosed deal, these 

would be equally likely and one will have no way of identifying which belongs to the 

insider deal. Due to this ‘multiple match’ problem, it would not be fruitful to expend the 

effort in such a combination search, as it is often impossible to identify a unique set of 

matching trades. 

 

Second, some RNS announcements report multiple deals by a number of directors at the 

same price, day, direction (purchase or sale) and for the same purpose. My investigation 

of the majority of such announcements shows that these deals are likely part of a larger 

total deal executed by another third party, such as a broker, as a collective action on behalf 

of these directors. However, the challenge here lies in the fact that only the portion of 
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these collective deals that relates specifically to directors and similar persons discharging 

managerial responsibilities is required to be disclosed. The remaining part of the actual 

open-market deal may not be required to be disclosed as they may belong to insiders for 

whom the official disclosure requirements do not apply. This prevents the identification 

of the actual open-market trade(s) associated with the total deal. While some studies, such 

as Inci, Lu and Seyhun (2010), exclude cases where multiple deals are identical in size 

and price, I aggregate those into a single deal in an attempt to detect the actual open-

market trades related to the larger deal instead of the partial deals.7 My assumption is that 

all portions of a total deal are disclosed in the announcement.  

 

Third, in some announcements, a large deal is reported with a breakdown of a number of 

partial deals that do not add up to the total volume of the large deal. The director deals in 

these announcements are suspected to have been accumulated with other non-director 

deals that result in the reported large deal. These aggregated large deals are usually 

detectable. However, most announcements do not report the aggregated volume of the 

accumulated deal, and only report the portion of the deal that relates to directors. In these 

cases, attempts to detect the director trades usually fail due to insufficient information or 

reporting issues (approximations or errors).  

 

Despite these challenges, this thesis proposes an improved method to detect intraday 

trades related to director deals based on some main observations. Director deals are often 

large and hence might be ‘worked’ through in the upstairs rather than in the downstairs 

market. Some prior US studies (e.g., Inci, Lu and Seyhun, 2010, and Collin-Dufresne and 

Fos, 2015) are unclear on whether or not they include upstairs trades in their datasets. The 

dataset used in this thesis includes upstairs trades (obviously only those that are reported 

to the exchange) and this helps improve the detection rate. In addition, the simple 

matching algorithms of Inci, Lu and Seyhun (2010) and Collin-Dufresne and Fos (2015) 

use price and volume criteria to match director deals to market trades without considering 

passive breakups that often result from multiple fills of large submitted orders. 

Accordingly, these two studies report rather low detection rates of 12.49% and 4.3%, 

respectively. It is argued that this might very well be due to ignoring large volume effects. 

Insider deals are often large, either because of an information advantage, in which case 

 
7 The aggregation process is implemented on non-discretionary deals only as I believe these transactions 

are executed by a third party on behalf of the directors. For more detail on this aggregation process, see 

Chapter 3, Section 3.4. 
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they might compete with other informed agents, or because of (large) corporate related 

liquidity events, in which case they might either be executed upstairs or eventually 

passively broken up. This thesis considers both possibilities in its matching algorithm, 

and this increases the detection rate to 26.78%.8 

 

The improved matching algorithm searches across market trades that occur during the 

day on which the director deal was executed to match the disclosed deal with either a 

single market trade or a series of successive trades that have an aggregate volume and 

average price (also with rounding) that equal those of the deal. If there is a match then the 

director’s deal is classified as a ‘detected’ deal. A successive series match is classified as 

a passive break-up match. The number of combinations of trades that can possibly be 

related to actively broken-up deals is more than one for many deals, and this prohibits the 

identification of these ‘active break-up’ deals. This thesis, therefore, classifies these non-

detected deals (possibly including active break-up deals) as ‘stealth trading’. Since these 

undetectable deals are most likely carried out through multiple trades with varying prices, 

this thesis refers to them as ‘split-order’ deals. The deals that are detected by a single 

trade match or a passive break-up series match are classified as ‘non-split-order’ deals. I 

associate the split-order deals with stealth trading (these are the deals that are intentionally 

initiated by directors, result from active break-ups, and cannot be matched to trades by 

my algorithm). 

 

The proposed matching algorithm serves two main research aims. First, it allows the 

determination of whether or not a deal is executed with a stealth-trading strategy, i.e., the 

practice of splitting up a large deal into smaller orders. This facilitates the empirical study 

of Chapter 4 on UK directors’ choice of intraday stealth trading. Second, the exact timing 

of intraday trades related to insider dealing facilitates a part of the second analysis of 

hourly measures of adverse selection costs in Chapter 5 as well as the third analysis of 

intraday price and non-price impacts of director trades in Chapter 6.  

 

 
8 Inci, Lu and Seyhun (2010) eliminate multiple same day, size and price deals from their sample. This 

thesis includes such deals in the sample by aggregating their volume (across director deals announced in 

the same report and for the same deal purpose/reason). The percentage of identical (in volume, price, 

purpose and day) reported deals is about 37% in our sample, compared to 27% in their sample. However, 

they do not consider the purpose of the deal, while I aggregate identical deals by dealing purpose. 
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1.2.3 Summary of contributions in research methodology 

This section (1.2) provides an overall literature background and highlights the general 

contributions of the thesis. The details of the findings of each empirical analysis that 

contribute to the overall understanding of insider trading literature are discussed in the 

empirical chapters (4, 5 and 6). This thesis highlights two main methodological 

contributions. First, the proposed classification method of discretionary versus non-

discretionary deals provides an alternative to those in the previous literature. This method 

is more straightforward, requires less effort in collecting data, does not depend on any 

technical parameters such as the choice of historical windows, and produces better results 

when compared to a modified version of Cohen, Malloy and Pomorski (2012).9 

Discretionary deals under this thesis’ classification method are associated with higher 

abnormal returns compared to opportunistic deals under their method. Second, the 

matching algorithm proposed in this thesis considers the possibility of passive break-ups 

of director deals and, consequently, yields a higher detection rate compared to the 

commonly used methods, such as those of Inci, Lu and Seyhun (2010) and Collin-

Dufresne and Fos (2015). Although the detection rate is still low, the matching algorithm 

developed in this thesis is a marked improvement to the standard ones in the literature. 

This would be a better aid for future studies that require the identification of related 

intraday trades. It also opens up opportunities for information-based intraday and trade-

by-trade event studies.  

 

1.3 Regulatory background on UK corporate insider trading 

Aspects of illegal insider trading in the UK are set out in The Criminal Justice Act 1993. 

In this act, there is no clearly stated boundary delineating what should be classified as 

inside information and what is not. To prevent insider trading in the stock market, 

therefore, regulatory restrictions are imposed. Corporate insiders in the UK, including 

connected persons, are banned from trading their own firm stocks for their personal 

accounts during ‘closed periods’ stated in the Model Code (Chapter 9) of the Listing 

Rules (LR9 Annex 1).10 In broad terms, these are the two months prior to the preliminary 

announcement of final or interim earnings, and the one month prior to the announcement 

 
9 The ‘modified’ version and the reason for modification are stated and discussed in Section 4.3 of Chapter 

4. 
10 According to Thomson Reuters Practical Law, the Model Code was deleted with effect from 03/07/2016 

as a result of the Market Abuse Regulation. The Model Code was accessed fully on 30/06/2016 through: 

https://www.handbook.fca.org.uk/handbook/LR/9/Annex1.html?date=2016-06-30 

https://www.handbook.fca.org.uk/handbook/LR/9/Annex1.html?date=2016-06-30
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of quarterly earnings. In addition to the ‘closed periods’ mentioned above, there are other 

prohibited periods when there exists any matter that constitutes inside information. In this 

regard, and apart from the general definition of ‘price sensitive information’ it is unclear 

what would constitute inside information and how long would the prohibited period be in 

such cases. Due to this set of regulation, I deem it unnecessary to control for confounding 

effects of these scheduled earnings announcements, as I believe insiders of FTSE 100 

companies would not risk possible legal action or detriment to their reputation by trading 

during closed periods. There are exceptions to the regulation that allow insiders to trade 

but mainly only if they have justifiable reasons permissible within the regulation (e.g., 

directors facing severe financial difficulties). However, this does not rule out confounding 

effects from other possible unscheduled corporate events or transactions, such as mergers, 

acquisitions, seasoned equity offerings, repurchases, and dividend initiations and 

terminations. This remains a limitation of this thesis.  

 

With regard to disclosure requirements of UK insider dealings, the reporting requirements 

of the UK Financial Conduct Authority (FCA) stipulate that the dealings of directors must 

be reported to the listed firm within four business days, and the firm needs to inform the 

LSE without delay by the end of the following business day.11  Beside the directors of UK 

listed firms, other persons discharging managerial responsibilities (PDMRs) and 

connected persons are also required to adhere to the same process of disclosing their deal 

information. 

 

1.4 Motivation and research objectives 

This section summarises the motivation, research objectives and contributions that are 

particular to each of the empirical analyses of Chapters 4, 5 and 6. 

 

1.4.1 The informational content of UK director deals and their choice of intradaily 

stealth trading (Chapter 4) 

The focus of the first empirical analysis in Chapter 4 is on the association between a UK 

director’s choice of stealth trading and the informativeness of the deal. The new 

classification method developed in this thesis provides an alternative method of 

distinguishing informed from uninformed deals amongst a pool of UK director deals, 

 
11 The reporting requirements can be found at: 

https://www.handbook.fca.org.uk/handbook/DTR/3/1.html?date=2016-06-30 in DTR 3.1.2 and DTR 3.1.4. 

 

https://www.handbook.fca.org.uk/handbook/DTR/3/1.html?date=2016-06-30
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while the proposed matching algorithm provides a tool for identifying whether an intraday 

stealth-trading strategy is involved in the execution of a disclosed director deal. There is 

mixed evidence in the literature on the informativeness of director purchases and sales. 

Most studies find insider purchases more informative than sales (e.g., King and Roell, 

1988; Lakonishok and Lee, 2001; Friederich et al., 2002; Fidrmuc, Goergen and 

Renneboog, 2006; Dardas and Güttler, 2011). However, some other studies find that sales 

are either as informative as purchases (e.g., Gregory et al., 1994; Aussenegg, Jelic and 

Ranzi, 2018) or are more informative (e.g., Pope, Morris and Peel, 1990). Chapter 4 

provides additional insights on whether and when purchases or sales are more informative 

with a new proposed classification of deals by stated dealing purpose based on disclosed 

qualitative information. By way of motivation, the overall results of the analysis in 

Chapter 4 show that insider sales are more informative than purchases and discretionary 

sales are the most informative of director deals. Insider sales exhibit a long-term 

information signal that is stronger when they are discretionary. There is also evidence that 

discretionary purchases show an ability by directors to time the under-pricing of their 

firm’s stock, even though these deals are not associated with long-term information. 

Discretionary purchases are, therefore, more likely to be informative over the short term. 

In contrast, non-discretionary purchases are not informative at all. These findings support 

the deal classification method proposed in this thesis. 

 

Another focus of the analyses in Chapter 4 is the execution strategies of the deals that are 

classified as better informed (i.e., discretionary). The prior literature (e.g., Klein, Maug 

and Schneider, 2017) recognises that better-informed agents might compete on the same 

information (Kyle, 1985) or on available liquidity (Vayanos, 1999). Consequently, they 

might prefer to camouflage their deals to mitigate adverse selection or liquidity costs (see 

Madhavan, 2000). This is usually done by segmenting their deals into a series of smaller 

orders that are executed against a pool of noise traders (Kyle, 1985). This thesis considers 

this practice as an ‘intraday stealth-trading strategy’ or an ‘active break-up’, and 

distinguishes this from the ‘passive break-up’ that results from multiple fills of a large 

order by the trading mechanism. Inci, Lu and Seyhun (2010) compare the informational 

level of their matched and non-matched transactions to examine the effect of the active 

break-up of deals. However, their matching algorithm does not consider the possibility of 

passive break-ups and, consequently, they do not consider director’s stealth trading as 

fully as this thesis does. 

 



Chapter 1 Introduction 

15 
 

Prior studies attempt to identify the execution strategies of insiders, especially stealth 

trading (camouflage), mainly through the detection of daily repetitiveness as a sign of 

deal segmentation (e.g., Klein, Maug and Schneider, 2017). However, daily frequency is 

too coarse and daily intervals are too long a time frame for a study on stealth trading. 

Klein, Maug and Schneider (2017), for example, report a significant drop in the duration 

and frequency of inter-day insider deals (interpreted as stealth trading) following the 

implementation of the 2002 Sarbanes-Oxley Act that introduced enhancements to the 

reporting and disclosure requirements of insider dealings in the US. Further, changes in 

regulation as well as common shorter reporting practices (one day on average in the 

sample used in this thesis) have increased the pressure on insiders to execute their 

information or liquidity motivated deals within a shorter period of time and, consequently, 

execution strategies might need to be managed intradaily. Considering that an insider deal 

might become public information within a day, an inter-daily segmentation might not be 

an effective camouflage strategy and, therefore, this thesis suggests identifying potential 

stealth trading on an intraday basis.12    

 

This study offers a more detailed understanding of informed trades made by corporate 

insiders in a microstructural context. A dummy variable, entitled ‘Split-order’, is used to 

flag up whether or not a deal is split. Relative to control variables previously mentioned 

in the literature, this dummy variable is found incrementally useful in detecting 

information-based deals that may earn outsiders positive abnormal returns. There are also 

other control variables of interest. Seyhun (1986), Fidrmuc, Goergen and Renneboog 

(2006), and Dardas and Güttler (2011), for example, find that abnormal daily returns are 

larger for larger deals (i.e., a size effect). Seyhun (1986), Lakonishok and Lee (2001) and 

Dardas and Güttler (2011) present evidence that insider trades on small-firm shares are 

more informative, most likely due to the fact that small firms are under less scrutiny by 

analysts and, consequently, the public. There is also evidence that insider deals in large 

book-to-market ratio stocks, i.e., cheaper stocks, are more informative (Lakonishok and 

Lee, 2001; Friederich et al., 2002; Fidrmuc, Goergen and Renneboog, 2006; Dardas and 

Güttler, 2011). Further, the information signal seems stronger if there are multiple deals 

by different insiders (Fidrmuc, Goergen and Renneboog, 2006; Dardas and Güttler, 

2011). In addition, the longer the period between the trading day and the reporting day, 

 
12 In another empirical study, Chakravarty and McConnell (1999) show that during 24 trading days from 

06/06/1984 to 28/08/1984, Ivan Boesky – an illegal trader – indeed split his informed deals over the trading 

days. His informed trades have been identified to occur over about 765 separate trading hours during the 

period. On average, Boesky had made about 32 actual trades on each of these days. 
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the smaller the effect for purchases (Dardas and Güttler, 2011). These control variables 

are taken into account in this thesis. 

 

The first empirical study of Chapter 4 uses all available data to study if different dealing 

purposes affect directors’ propensity to trade stealthily. Specifically, it investigates 

whether insiders actively split their deals into smaller orders over the trading day, and 

whether this choice reveals additional information about future stock prices. Unlike 

Gregory et al. ( 1994), who reclassified sales after option exercise, share bonus, and right 

issues as ‘buy’ or ‘sell’ based on the retained number of shares after the sales and then 

pooled these reclassified signals into the sample as if they are common purchases and 

sales, this thesis treats sales after option exercise and bonus releases as a separate group 

of non-discretionary sales. The level of information carried with these different dealing 

purposes is gauged through the significance of the Cumulative Average Abnormal 

Returns (CAARs) over pre-event windows as well as over short-term (up to 60 days) and 

long-term (up to 170 days) post-event windows.  

 

This study analyses the association between the informativeness of insider deals and the 

explicit and implicit characteristics of these deals. The explicit characteristics can be 

observed in the disclosure reports, namely: direction (purchase or sale), deal size, and 

deal purpose. The implicit characteristic considered in this study is whether or not the 

director uses an intraday stealth-trading strategy to execute the deal. According to Kyle 

(1985), long-lived informed traders in deep markets can take advantage of the presence 

of a large pool of noise traders to avoid the price impact of their trade on their own trading 

price by splitting their intended large deals into smaller orders. The sample of FTSE 100 

shares used in this thesis constitutes the most liquid stocks at the LSE and, therefore, a 

stealth-trading strategy could likely be conducted without increasing execution risk, even 

on an intraday basis. With this liquidity support, do insiders split their deals into smaller 

orders over the trading day to camouflage their existence and maximise trading profits 

(or reduce price impact)?13 If director deals are identifiable, this information may be 

available to traders who have access to intraday trade data and who would be able to 

check if a deal is split or not, most likely with the support of automated algorithms. This 

thesis uses intraday trade data to investigate this. The findings of this study would 

therefore be of interest to traders and fund managers who seek to earn abnormal returns 

 
13 In the other words, a daily deal can be executed by a series of intraday trades. 
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by watching UK directors’ trading strategies and by using their enhanced infrastructure 

and premium access to intraday data. 

 

The greatest challenge of a study of this nature is the direct and clear identification of 

insider intraday trades in the market. This is difficult or impossible because trading is 

anonymous and the reported information of director deals is not sufficiently detailed to 

allow the precise tracing of the order history and the flow of consequential trades in the 

market. A matching process that uses intraday trade data is, therefore, devised in this 

study to infer whether a particular director deal is transacted as a single non-split order or 

as a series of split orders. If the deal is submitted as a single non-split order, it should be 

filled by one (single fill) or a number of opposite orders (multiple fill) resulting in either 

one trade or a series of uninterrupted consecutive trades that match the deal’s reported 

volume and average price.14 Some prior literature such as Inci, Lu and Seyhun (2010) and 

Collin-Dufresne and Fos (2015) attempt to detect the actual trades executed by insiders. 

However, their detection rate is very low (12.49%, and 4.3%, respectively) compared to 

the one reported in this thesis of 26.78%. There are two possible reasons for these 

differences in the detection rates. First, these two prior studies do not consider the 

possibility that an order can be split up ‘passively’ by the order book automatic matching 

mechanism, which would result in multiple fills. The detection algorithm devised in this 

thesis allows for this possibility. Second, these two studies use the same US TAQ data, 

and by inspecting a small sample of TAQ data I doubt that the TAQ records upstairs 

trades, while the data adopted in this thesis does. Accordingly, the matching algorithm 

devised here contributes by its higher detection rate of actual intraday trades of insiders. 

This better identification mechanism offers a greater potential to formulate detailed 

hypotheses that would enhance understanding of trading strategies and the impact of 

informed trades. 

 

To my knowledge, this is the first study that considers stealth trading of insiders on an 

intraday scale while taking into account the possibility of passive break-ups due to 

multiple fills by the order book matching mechanism. The most recent paper that 

considers insiders’ stealth trading, but on a daily basis, is Klein, Maug and Schneider 

(2017). In this US study, the authors find that stealth trading on a daily basis has decreased 

following the 2002 Sarbanes-Oxley Act. Changes in regulation as well as common shorter 

 
14 The matching process is described in Section 3.5 and is summarised in Figure 3.1. 



Chapter 1 Introduction 

18 
 

reporting practices have increased the likelihood for directors to face the decision of 

whether or not to split their deals within the trading day. For example, before the 2002 

Sarbanes-Oxley Act, US insiders had up to 40 days to report their deals, while after 

August 2002 they have to report their deals within two business days. A similar restriction 

applies in the UK, where directors are required to report their deals within five days,15 but 

the UK data used in this thesis shows that in practice the average time gap between the 

trading day and the reporting day is just one day. Moreover, the prohibitive periods 

stipulated by the UK listing rules disallow UK directors to trade within two months of 

final and interim earnings announcements, and one month prior to quarterly earnings 

announcements. This regulation might also put pressure on UK directors to take 

advantage of private information promptly by rushing into a one-for-all large order.  Such 

regulations motivate us to study stealth trading on an intradaily scale, especially since 

stealth trading might be instigated at such a higher frequency than over a period of days 

or weeks. I use intradaily trade data to classify reported director deals into non-split-order 

deals and split-order deals to distinguish those that use intraday stealth-trading strategies 

from those that do not.16 Based on this classification, I analyse daily abnormal returns to 

examine whether split-order deals are more informative than non-split-order deals to aid 

comparison with the daily analyses in the prior literature. 

 

Collectively, this thesis is the first to investigate intraday stealth trading with a proper 

control for passive break-ups when insiders actively split their deals. It is also the first to 

classify director deals into potentially informative (discretionary) or externally motivated 

(non-discretionary) deals through the use of qualitative information based on stated 

purposes that are manually extracted from the LSE RNS announcements. The thesis 

reports significant information content in director sales, especially when they are 

discretionary and non-split. Discretionary sales that involve intraday stealth practices 

exhibit a price resolution over a longer term and abnormal returns that are lower in 

magnitude, which I associate with weaker and less competitive information signals. The 

analysis also finds that split-order purchases are associated more with a short-term 

negative price trend before the events. Uninformed external investors can identify both 

split-order and non-split-order discretionary dealings and profit from this knowledge by 

 
15 Disclosure requirements can be found at: 

https://www.handbook.fca.org.uk/handbook/DTR/3/1.html?date=2016-06-30 
16 A summary of how this thesis classifies deals into non-split-order deals and split-order deals is presented 

in Figure 3.1. 
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taking similar trading positions. In addition, I find that the market is more efficient in 

reflecting the good news associated with purchases than in reflecting the bad news 

associated with sales. This difference is found to be due to the longevity of the implied 

private information and perhaps the general market perception that insider sales are less 

informative. Discretionary sales are ‘long-lived informative’, while discretionary 

purchases are ‘short-lived informative’. Another explanation lies in the shareholding of 

directors. Discretionary sales in the data usually involve directors with higher percentages 

of ownership, while discretionary purchases are made by directors who have lower 

percentage holdings. Directors who hold a concentrated portfolio with large investment 

in their own firm stock but do not seek to increase entrenchment are more likely to sell 

shares when they possess negative information. This explains the different director 

behaviour in rushing to sell shares (i.e., without splitting up the large order) but not in 

rushing to buy shares. In addition, it is found that non-split-order discretionary sales are 

associated with shorter-lived information evidenced by the fact that cumulative abnormal 

returns (CARs) start to be significantly negative from day t+7 after the trading day, while 

split-order discretionary sales are associated with longer-lived information where CARs 

start to be significantly negative from day t+120. Therefore, the choice of director stealth-

trading strategy is dependent on the longevity of the implied information. If they have 

more time to react on longer-lived information, they opt to split their deals or to employ 

a stealth-trading strategy. 

 

1.4.2 Adverse selection costs on director trading and announcement days (Chapter 

5) 

The first empirical analysis of Chapter 4 points out different informational content of UK 

director deals evidenced by analysing the short-term and long-term behaviour of stock 

prices around the deals. Discretionary purchases, discretionary sales and non-

discretionary sales are informed deals, while non-discretionary purchases are not. Non-

split-order discretionary sales are more informative than split-order discretionary sales. 

Split-order discretionary purchases are more informative than non-split-order 

discretionary purchases. Given that some director deals are more informative than others, 

the additional private information, however, is not incorporated immediately into the 

stock price on a daily basis. I do not observe any significant changes in stock price (as 

measured by cumulative abnormal returns) within one or two days after director 

discretionary deals. In the second empirical analysis of Chapter 5, I propose the use of a 
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set of theoretical adverse selection measures to study if there are any latent informational 

effects which are not reflected in daily price changes. Eleven popular measures used in 

the microstructure literature are selected to capture the presence of informed trading by 

estimating adverse selection costs. I compare these measures on the days of director trades 

and on days of their deal announcements against a control group of comparable days that 

have no director trades or deal announcements. This is done to examine whether these 

eleven adverse selection measures can show higher (lower) levels of information 

asymmetry on days of director trades (announcements). Confounding effects aside, higher 

values of these measures on director trading days would imply a higher cost of 

asymmetric information due to the private information that accompanies the trades. In 

addition, when a director trade is detected with its exact timestamp, I also search and 

identify a comparable non-director trade which has the same trade size, trade direction 

and means of execution. I then construct a group of director trades and a control group of 

comparable non-director trades. For hypothesis construction, I assume that only director 

trades might carry private information while comparable non-director trades do not. The 

rationale is that these two groups of trades would have the same level of public 

information (i.e., same trade characteristics in terms of trade size, trade direction, and 

means of execution) but informed director trades would have higher levels of private 

information. The comparison between the two groups allows for the study of whether or 

not the market is able to discover and react upon implied private information of director 

trades. The results add more insights on how efficient the market is to insider trading 

activity and whether it is efficient to public information, private information, or both. 

Furthermore, lower values of these measures on the announcement days would imply a 

reduction in asymmetric information due to the release of public information in the 

announcements. 

 

The second empirical chapter (5) also investigates any differences between upstairs and 

downstairs market deals in terms of their daily informational asymmetry levels. In 

addition, the chapter examines if the pre-trade transparency requirement plays any role in 

assisting the market in recognising informed trades. In the data used in this thesis, most 

of the detected director trades are upstairs trades. Upstairs trades made by UK directors 

are flagged up as either ‘ordinary’ trades that are subject to a pre-trade transparency 

requirement, or ‘negotiated’ trades that are not subject to this requirement. Accordingly, 

by examining differences in the adverse selection costs between days of ordinary and 
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negotiated director trades, the study clarifies whether this feature of the market 

microstructure benefits the market. 

 

The chapter examines eleven measures that have been studied in Van Ness, Van Ness and 

Warr (2001) and Collin-Dufresne and Fos (2015), and uses these two studies as 

benchmarks for comparison. Of these eleven measures, Kyle’s Lambda (KL), the 

aggregated five-minute price impact (AFPI), Hasbrouck’s (1991b) trade-related variance 

ratio (TRVR), Hasbrouck’s (1991a) cumulative impulse response (CIR), realised spread 

(RS), and effective spread (ES) are calculated and estimated following Collin-Dufresne 

and Fos (2015). The remaining 5 measures are from the theoretical models of Glosten and 

Harris (1988) (GH1988), George, Kaul and Nimalendran (1991) (GKN1991), Lin, Sanger 

and Booth (1995) (LSB1995), Huang and Stoll (1997) (HS1997), and Madhavan, 

Richardson and Roomans (1997) (MRR1997). These are estimated following Van Ness, 

Van Ness and Warr (2001). All eleven measures of adverse selection costs require 

transaction data for estimation. In prior studies, the window over which transaction data 

is used for such estimation varies and ranges from days to years. The more recent papers 

(Van Ness, Van Ness and Warr, 2001; Collin-Dufresne and Fos, 2015) use a one-day 

window. Accordingly, and for comparative purposes, Chapter 5 also estimates the 

measures over a day. This is followed by regression analyses that investigate the 

dependence of these measures on other fundamental variables. However, the use of one-

day transaction data might under or over-estimate the actual costs of adverse selection 

because of possible dilution effects or contamination from other non-director informed or 

uninformed trades that occur on the same day (i.e., confounding effects). To mitigate 

possible confounding effects, the analysis is also extended to investigate the same 

measures computed from one-hour transaction data to study if the use of more refined 

granularity and a more focused one-hour transaction intervals can capture changes in 

adverse selection costs better than their one-day counterparts. 

 

With adverse selection measures calculated over a day, Chapter 5 finds that informational 

asymmetry and adverse selection costs are higher on days with director upstairs informed 

trades, especially discretionary purchases. This finding suggests that upstairs trades are 

associated with higher adverse selection costs as evidenced by the majority of the 

measures. The differentiation between ordinary and negotiated trades, however, produces 

mixed results across the measures. Only the LSB1995 measure shows that the pre-trade 

transparency requirement of ordinary trades might make these trades more visible to the 
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market as they increase adverse selection costs. This is mild evidence suggesting that the 

pre-trade transparency requirement should be considered carefully when studying the 

impact of informed upstairs trades. 

 

The use of one-hour transaction data to calculate the adverse selection measures increases 

the effectiveness of certain measures, namely, KL, TRVR, CIR, AFPI, LSB1995, and 

MRR1997, but reduces the effectiveness of others, namely, RS, ES, and HS1997. One-

hour KL, CIR, AFPI, GH1988, and MRR1997 provide additional evidence that upstairs 

(informed) trades increase adverse selection costs. The analysis also finds more evidence, 

from some measures (i.e., TRVR and AFPI), that the increases are more significant when 

director trades are more informed and are subject to pre-trade transparency. However, 

there is also evidence that the adverse selection costs of negotiated trades are also higher 

in cases when the measures are higher on days of both negotiated and ordinary trades. 

Overall, and although the findings are rather weak as there is no clear distinction between 

trades with and without pre-trade transparency, the results imply that the pre-trade 

transparency trades might be associated with higher adverse selection costs. Thus, the 

pre-trade transparency feature of the upstairs market might benefit the downstairs market 

by helping uncover informed trades. The following empirical analysis of Chapter 6 is 

consequently designed to shed more light on this issue by examining market reaction on 

a trade-by-trade basis around director trades. 

 

Overall, Chapter 5 shows that adverse selection measures are reasonable in explaining 

the implied information level of director trades. In general, more informed trades are 

associated with higher levels of adverse selection costs. The increase in adverse selection 

costs is more profound if trades are upstairs. These findings shed more light in explaining 

why Van Ness, Van Ness and Warr (2001) and Collin-Dufresne and Fos (2015) find that 

the measures are not effective in capturing informational asymmetry. There are two 

reasons. First, their data, especially that of Collin-Dufresne and Fos (2015), might not 

include upstairs trades, which is implied in the comparison presented in Chapter 5 

between their matching algorithm and the one devised in this thesis. Second, their 

estimation of the measures through the use of one-day data might underestimate the 

measures as they can be diluted over the whole day. In addition, this study indicates that 

some of these popular theoretical adverse selection measures tend to pick up different 

aspects of information asymmetry. For example, LSB1995 seems more useful in picking 

up private information asymmetry, while most of the other measures tend to reflect both 
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public and private information. Using shorter transaction data is helpful in isolating the 

increased adverse selection costs resulting from particular informed trades for certain 

measures. While this thesis chooses to use one-hour as a time frame for a closer analysis 

of these measures, it cannot entirely eliminate other contaminating or confounding non-

director informed trades within one-hour trading, although this is obviously less likely to 

occur than if one-day trading data is used. This remains a possible limitation. The results 

provide additional insights on the usefulness of these measures, with emphasis on the 

potential bias resulting from using longer intervals in constructing the measures.  

 

1.4.3 The trade-by-trade impact of UK director trades on stock price and non-

price characteristics: The role of the pre-trade transparency requirement 

(Chapter 6) 

The previous analysis of Chapter 5 points out an important role of the pre-trade 

transparency requirement through the analysis of one-day and one-hour adverse selection 

measures. However, the findings are still mixed, especially with one-day measures. The 

use of one-hour measures provides a slightly clearer picture, but there is still 

inconsistency among the measures. This inconsistency is likely due mostly to differences 

in model construction and underlying assumptions, as well as possible noise in the data. 

This motivates the analysis of Chapter 6, which delves deeper in examining the effect of 

the pre-trade transparency requirement on stock price and non-price characteristics by 

analysing how the market reacts around director trades on a trade-by-trade basis. The 

analysis compares the trade-by-trade market reaction around director trades relative to a 

control group of non-director trades. Such analysis is a natural extension that is not based 

on any theoretical model, but carried out to provide additional insights on how the market 

reacts to the arrival of private information in the presence versus the absence of a pre-

trade transparency condition. 

 

In the identification of whether or not a deal involves a stealth-trading strategy, I am able 

to pinpoint the exact trades made by, or on behalf of, UK directors for matched deals. 

Knowing the exact timestamps of the director deals motivates a more detailed study of 

the market impact around these trades. I consider both the price and non-price impacts 

(including volume, duration, and order imbalance) around the detected director trade. The 

analysis carefully treats and removes confounding events wherever possible. This is done 

by using intraday transaction data and excluding observations where other director deals 
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(purchases or sales) or announcements of such deals appear within a two-hour interval 

around the director deal (the hour before and the hour after the director trade or 

announcement events). This process of data selection is essential in deriving a clean set 

of intraday director trades that are less likely to be contaminated with other director 

trading and announcement events, thereby avoiding upward bias in this thesis’ 

conclusions. 

 

This third empirical analysis is the first on the trade-by-trade effects of UK director 

dealings around their trading time. A trade-by trade analysis of US legal insider trades is 

conducted by Inci, Lu and Seyhun (2010), and a trade-by-trade analysis of UK director 

announcement time is conducted by Dardas (2012). For this purpose, the analysis in 

Chapter 6 of this thesis uses a more refined trade-by-trade construction of index returns 

to compute trade-by-trade abnormal returns. This should provide results that are more 

accurate since it considers changes in the index returns after every trade. This level of 

granularity has not been implemented before. Inci, Lu and Seyhun (2010) and Dardas 

(2012) come close by using minute-by-minute index returns, which is a frequency that is 

too coarse in reflecting changes in index returns when dealing with individual trades. In 

addition, this study focuses more on the effects of upstairs trades and on the comparison 

between trades with and without pre-trade transparency. Further, insider trades in this 

analysis are also dissected by their informational level that is detected in earlier chapters 

(i.e., discretionary purchases, discretionary sales and non-discretionary sales are 

informed, while non-discretionary purchases are not).  

 

The resulting trade-by-trade price reaction around these director trades confirms their 

informational signals that are mostly consistent with the findings of Chapter 4. 

Discretionary and non-discretionary sales have opposite intradaily price impacts that 

seem to be blurred in Inci, Lu and Seyhun (2010) who may have included non-

discretionary sales in their sample of insider sales. In addition, the findings show a clear 

distinction between discretionary and non-discretionary purchases. The market reaction 

to discretionary purchases is positive, while there is no such reaction to non-discretionary 

purchases. Overall, these results reassure the contribution of the classification method 

devised in this thesis. It can shed more light on the information level of different director 

trades, even on an intradaily basis. The most important finding and contribution of 

Chapter 6 is the evidence that the pre-trade transparency requirement is successful, at 

least partially, in transferring private information, in terms of the price and non-price 
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impacts, of UK director trades from the upstairs market to the downstairs market. This is 

confirmed by both analyses of prices and order imbalance. The lack of pre-trade 

transparency of director negotiated trades creates opportunities for front-runners to take 

advantage of their knowledge on the implied private information of director deals. This 

reduces market efficiency. Negotiated deals are more informative relative to ordinary 

deals in the long-term windows of the daily analysis. However, on an intradaily basis, the 

analysis in Chapter 6 finds more evidence that the market reacts to ordinary deals than to 

negotiated deals. In addition, there is a significant but inconsistent change on order 

imbalance and price impacts before director negotiated trades, but not after these trades. 

This points out that while front-running activities are large enough to change the price 

trend at a certain time before the trades, they do not necessarily result in a consistent 

market reaction. Front-runners, therefore, are able to benefit from this market friction. 

Clearly, the lack of pre-trade transparency reduces the ability of the market to incorporate 

the implied private information, and allows front-runners to take advantage over 

uninformed and liquidity traders. Exchange regulators, who aim at maintaining fairness 

among traders, might consider this finding as a strong ground for recommendations on 

modifying trading transparency regulation to require all director trades to go through the 

most transparent channel of trading, i.e., with a pre-trade transparency requirement. The 

suggestion is that regulators should require directors to execute their upstairs deals with 

assigned market makers so that their trades always have pre-trade transparency. This 

would help the market in disseminating and transferring effects related to these trades 

quickly to the downstairs market, which in turn would enhance market efficiency. 

 

1.5 Thesis outline 

This thesis consists of seven chapters. This first chapter provides a background, the 

theoretical and empirical motivations of the overall thesis as well as those of each 

individual empirical analysis. It also provides a preview of the main results by way of 

motivation. Chapter 2 provides a literature review that covers the theoretical background 

with a focus on insider dealings and the stock market reaction to such deals on both daily 

and intradaily bases. Chapter 3 describes the data, sample construction, and the data 

processing methods used in this thesis. It also presents details of the method of classifying 

deals into informed and uninformed, and the proposed matching algorithm that is devised 

and used to identify the exact trades made by or on behalf of UK directors. These are two 

important methodological contributions of this thesis to the literature. Chapter 4 presents 
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the first empirical study of the relationship between the informativeness of insider deals 

and the directors’ choice of intraday stealth trading. Chapter 5 presents the second 

empirical analysis that investigates different informational levels of director deals using 

microstructure measures of adverse selection and/or illiquidity costs. By comparing the 

signal as captured by different measures of adverse selection with the daily signal 

investigated in Chapter 4, Chapter 5 provides additional insights on whether these 

measures are successful in capturing the presence of informed trading, especially when 

there is implied private information. Chapter 6 examines the price and non-price impact 

around UK director trades, and focuses on the special role of the pre-trade transparency 

requirement in transferring information from the upstairs market to the downstairs 

market. Most of the detected director trades are upstairs trades and about half of these are 

subject to the pre-trade transparency requirement. This enables the construction of a rich 

sample that includes both informed and uninformed trades of which some are subject to 

pre-trade transparency while others are not. In addition, a control group of non-director 

intraday transactions of similar trade size, trade direction, and means of execution, is used 

to differentiate the market reaction to public information from that to the private 

information that is assumed to accompany some insider trades. Both groups are assumed 

to have the same level of public information, but the group of informed director trades 

(i.e., discretionary purchases, discretionary sales, and non-discretionary sales) also carries 

significant private information. The results of the empirical analyses of Chapter 6, which 

benefit from the matching algorithm devised in this thesis that allows the identification 

of some trades that are highly likely made by (or on behalf of) UK directors, shed light 

on the trade-by-trade price formation process around certain UK director trades that are 

believed to be more informed. Chapter 7 summarises the thesis and provides conclusions.
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CHAPTER 2 

LITERATURE REVIEW 

 

This chapter reviews prior literature related to insider trading, the different motives for 

corporate insider dealing, and the informational content of their deals. The chapter also 

reviews theoretical and empirical evidence of stealth-trading strategies of informed 

traders, especially corporate insiders. These two areas of the literature review set the 

background for the first analysis presented in Chapter 4. The chapter also reviews relevant 

literature on price and non-price impacts of insider trading on intradaily basis. A summary 

of theoretical measures of adverse selection that are commonly used in the literature for 

estimating the level of information asymmetry is provided. Also, a summary is provided 

of past studies on pre-trade transparency and upstairs facilities. These areas of the 

literature set the background for the second and third empirical analyses presented in 

Chapters 5 and 6, respectively. 

 

2.1 Corporate insider trading motives 

The microstructure literature typically classifies traders into two groups: informed and 

uninformed, or liquidity, traders (Glosten and Milgrom, 1985; Kyle, 1985; Admati and 

Pfleiderer, 1988). Informed traders include, but not limited to, corporate insiders who 

often possess private information months or even years before the public. However, not 

all corporate insider deals are based on private information (Rozeff and Zaman, 1988). 

Early relevant studies focus more on the information motive of insider trading. Seyhun 

(1990), John and Lang (1991), Lee, Mikkelson and Partch (1992), Seyhun and Bradley 

(1997), and Huddart, Ke and Shi (2007), to name but a few, find evidence for links 

between insider deals and foreknowledge of corporate events.  

 

Among the literature that argues that insider deals are motivated by information, Seyhun 

(1990) studies if bidder managers knowingly overpay for target firms by examining these 

managers’ dealings in the stock of their own firms around the announcement of takeover 

attempts. The author expects that bidder managers would sell their firm shares and/or 

would reduce their purchases if they expect a decrease in stock price following an 

overpriced acquisition. The study uses US data of all bidder firms from January 1975 to 

March 1986. It separates the deals of top bidder managers by the excess return over a 2-

day announcement period that reflects the abnormal returns over the day prior to and the 
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day of the public announcement. Although the findings do not support the hypothesis that 

bidder managers knowingly overpay for target firms on average, the study finds that these 

managers usually increase their net purchases starting 12 months before the public 

announcement. This shows that they have a positive expectation, on average, that the 

acquisition will create value. However, if the deal turns out to be not a good deal, they 

reduce their net purchases subsequently. For firms that are associated with large negative 

abnormal returns over the 2-day announcement-period, their managers increase net sales 

or decrease net purchases during the three months prior to the public announcement of 

the takeover. They can, therefore, anticipate negative stock abnormal returns following 

the announcement period and do take advantage of this information in their personal 

dealings in the shares of their own firms by increasing net sales (or decreasing net 

purchases). John and Lang (1991) find that insider deals immediately prior to the 

announcement of dividend initiations have significant signalling power relevant to 

subsequence abnormal stock returns. They do so through a signalling equilibrium model 

and corresponding empirical analysis. Their model implies negative and significantly 

lower abnormal returns for firms with insider selling before the announcement of 

dividend initiation compared to firms with no insider trading or with only insider buying 

(no selling). These theoretical expectations are confirmed by their presented empirical 

results on US data. In their study, insiders are defined as officers, directors, and large 

shareholders who hold more than 10% of the firm market capitalisation. Lee, Mikkelson 

and Partch (1992) analyse manager deals around stock repurchases by tender offers. 

Although the empirical results depend on the type of tender offers, their general findings 

show that managers’ increase of buying and decrease of selling activities before the 

repurchase offers tend to signal favourable inside information to outsiders. Seyhun and 

Bradley (1997) study corporate bankruptcy and insider trading and find that insiders of 

firms that file for bankruptcy sell significant numbers of shares prior to the filing date. 

The selling is found to be more profound for top executives and officers. They also find 

consistent evidence of insider selling before a price decrease and insider buying following 

such a decrease. This timing ability might be interpreted as an insider motive to take 

advantage of their foreknowledge of the expected bankruptcy. Finally, Huddart, Ke and 

Shi (2007) present evidence that insider trading is more intense after earnings 

announcements and that insiders can earn profit from their foreknowledge of the 

forthcoming SEC 10-K and 10-Q filings. 
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Insider deals, however, may not be solely driven by private information. Other possible 

motives include asset reallocation (Mikkelson, Partch and Shah, 1997; Lakonishok and 

Lee, 2001; Kallunki, Nilsson and Hellström, 2009), liquidity needs (Huddart, Ke and Shi, 

2007; Chua and Nasser, 2016), and contrarian trading strategies (Seyhun, 1992; 

Lakonishok and Lee, 2001).17 Corporate insiders may want to diversify their concentrated 

portfolio after lock-up periods. Mikkelson, Partch and Shah (1997), for example, 

investigate US-listed firms and show that management ownership declines considerably 

after IPOs. Lakonishok and Lee (2001), who also use US data, find that insider sales are 

not as informative as purchases because sales are often driven by diversification needs. 

Using data on Swedish insiders, Kallunki, Nilsson and Hellström (2009) investigate 

insider trading motives other than for a private information advantage. They find that 

portfolio reallocation, tax considerations and behavioural biases should be taken into 

account as motives for insiders trading. Chua and Nasser (2016) find that secondary sales 

made by insiders following IPOs are driven by their liquidity needs. If the need is not 

urgent then it is possible for insiders to postpone their sales to utilise their foreknowledge 

about the firm’s future performance, take advantage of their ability to realise mispricing, 

or wait for better timing with a contrarian strategy. Seyhun (1992) presents evidence that 

insiders buy (sell) undervalued (overvalued) shares that subsequently experience a 

reversion in their price trend. This supports a motive based on the insiders’ ability to 

recognise temporary market mispricing of their own firm’s stocks. Lakonishok and Lee 

(2001) show that corporate insiders are contrarian investors with better performance than 

other contrarian investors. This implies that their informational advantage can help them 

better identify mispricing than the mere use of contrarian strategies. In line with these 

studies, Piotroski and Roulstone (2005) conduct an incremental analysis and demonstrate 

that mispricing is a stronger motive for insider deals than the possession of private 

information. 

 

In addition to the rationale for dealing forwarded above, insiders may be subject to the 

same well-known behavioural biases exhibited by outsiders, such as over-confidence and 

the pre-disposition effects (Kallunki, Nilsson and Hellström, 2009). These behavioural 

biases might explain why insiders sometimes appear to trade irrationally. With an attempt 

to disentangle the multiple motives of insider trading in large firms, Cheng, Nagar and 

Rajan (2007) compare a sample of delayed-disclosure insider deals with a sample of 

 
17 A contrarian trading strategy is buying (selling) when there is selling (buying) pressure, i.e., when stock 

prices decrease below (increase above) their expected value.  
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quick-disclosure deals in the late 1990s in the US to study if an information based motive 

leads to such delays in reporting. During this sample period, US insiders were allowed in 

certain circumstances to disclose their deals within 45 days after the end of the firm’s 

fiscal year on a SEC Form 5 filing  instead of disclosing on SEC Form 4 by the tenth day 

of the next month (Cheng, Nagar and Rajan, 2007). The authors report insignificant 

market reaction immediately after the trading date disclosed in Form 5 for sales but 

significant negative stock returns of about 6% to 8% after the public announcement of 

Form 5. Their empirical tests indicate that most of the decline happens quickly around 

the public announcement of these Form-5 sales. Their results are generated while 

controlling for other public information on future earnings, which suggests that the 

information content of Form-5 sales remains unrevealed to the market throughout the year 

during which the disclosure is delayed. The results imply that insiders might choose to 

quickly disclose their sales using Form 4 if the deals are not information based and choose 

to delay the disclosure using Form 5 if the deals are information based. 

 

2.2 Insider trading and market efficiency 

Table 2.1 summarises the literature review on US and UK insider trading and the 

abnormal returns around their trading and announcement events. Insider trading has been 

studied since the 1970s and attracted considerable research attention. The identification 

of trading by insiders, whether legal or illegal, presents an important tool for testing 

market efficiency. The existing literature on insider trading is extensive and focuses 

particularly on stock return performance around the deals themselves and around the 

public announcements of these deals. If insider deals are informative, and if the market is 

efficient in incorporating this information into stock prices, there should be a substantial 

market response around trading and reporting dates (Lakonishok and Lee, 2001). A 

substantial reaction on the trading dates would be attributable to the incorporation of 

private information (i.e., relating to the strong form of market efficiency), while a 

substantial reaction on the reporting dates would be attributable to the incorporation of 

public information (i.e., relating to the semi-strong form of market efficiency).  

 

Results on US studies 

Rozeff and Zaman (1988) summarise empirical findings on insider trading in the US over 

10 years from 1973 to 1982 and document that corporate insiders earn abnormal returns 

on their stock dealing, and outsiders can interpret the insider deals after the public 
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Table 2.1 A summary of literature on US and UK insider trading and market efficiency around the trading and announcement events. 

This table summarises the main findings regarding US and UK insider trading and the abnormal returns around their trading and announcement events. 

The event windows and their results are selected to provide a comparison among studies. 
 

Authors Data Frequency Abnormal 

returns on 

trading 

events  

Abnormal 

returns on 

announcement 

events  

Event windows Insiders/Trading event Outsiders/Announcement event 

Purchases 

     (%) 

Sales 

  (%) 

Overall 

    (%) 

Purchases 

   (%) 

Sales 

  (%) 

Overall 

  (%) 

Jaffe (1974) US  

1962-1968  

Monthly Yes Yes 1 month from the event NA NA 0.60 NA NA 0.87 

8 months from the event NA NA 1.36 NA NA 0.80 

Finnerty (1976)  US  

1969-1972  

Monthly Yes NA 1 month after the event 3.68 -0.90 NA NA NA NA 

11 months after the event 8.34 -4.82 NA NA NA NA 

Rozeff and Zaman 

(1988) 

US  

1973-1982 

Monthly Yes Yes  1 month from the event NA NA 1.40 NA NA 0.59 

3 months from the event NA NA 1.13 NA NA 0.55 

Bettis, Vickrey 

and Vickrey 

(1997) 

US  

1985-1990 

Weekly NA Yes 4 weeks holding period 1.74 -0.31 NA 1.62 1.08 NA 

13 weeks holding period 4.64 2.41 NA 4.45 3.25 NA 

Seyhun (1986) US  

1975-1981 

Daily Yes NA 100 days before the event -1.50 2.50 -2.10 NA NA NA 

100 days after the event 3.00 -1.70 2.30 NA NA NA 

Seyhun (1986) US  

1975-1981 

Daily Yes NA 3 months from the event 

  

NA 

  

NA 

  

NA 

  

6.10 

  

3.19 

  

NA 

  
Lakonishok and 

Lee (2001) 

US  

1975-1995 

Daily Yes Yes 5 days after the event NA NA 0.59 NA  NA 0.13 

King and Roell 

(1988) 

UK  

1986-1987 

Monthly NA Yes 1 month from the event 

3 months from the event 

NA NA NA 2.47 1.20 NA 

NA NA NA 6.10 3.19 NA 

Pope, Morris and 

Peel (1990) 

UK  

1977-1984 

Monthly Yes NA 1 month before the event 3.00 -1.87 NA NA NA NA 

6 months before the event 0.68 -0.11 NA NA NA NA 

1 month from the event 0.27 -1.05 0.67 NA NA NA 

6 months from the event 2.90 -6.69 4.85 NA NA NA 

Table 2.1 continues on the next page. 



Chapter 2 Literature Review 

32 
 

 

 

Table 2.1 … continued 

Authors Data Frequency Abnormal 

returns on 

trading 

events  

Abnormal 

returns on 

announcement 

events  

Event windows Insiders/Trading event Outsiders/Announcement event 

Purchases 

   (%) 

Sales 

  (%) 

Overall 

    (%) 

Purchases 

    (%) 

Sales 

  (%) 

Overall 

    (%) 

Gregory et al. 

(1994) 

UK  

1984-1986 

Monthly Yes NA 1 month from the event 0.48 -0.26 NA NA NA NA 

6 months from the event 1.95 -2.72 NA NA NA NA 

Friederich et al., 

(2002) 

UK  

1986-1994 

Daily Yes NA 20 days after the event 1.96 -1.46 NA NA NA NA 

Hillier and 

Marshall (2002) 

UK  

1992-1996  

Daily Yes NA 120 days before the event -10.30 8.31 NA NA NA NA 

120 days after the event 3.94 -7.37 NA NA NA NA 

Fidrmuc, Goergen 

and Renneboog 

(2006) 

UK  

1991-1998 

Daily NA Yes 20 days before the event NA NA NA -2.01 2.29 NA 

20 days after the event NA NA NA 1.65 -0.49 NA 

Hoque and Lasfer 

(2015) 

UK  

1999-2006 

Daily Yes Yes 6 months before the event -0.14 0.12 NA -0.13 0.23 NA 

6 months after the event -0.05 0.07 NA 0.00 0.02 NA 
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announcements to earn a profit. Empirical findings that report significant abnormal 

returns by insiders constitute evidence against the strong form of market efficiency that 

requires all information – both public and private – to be fully and immediately 

impounded into prices (Rozeff and Zaman, 1988). Empirical findings that support 

significant abnormal returns for outsiders who have access to only public information 

would constitute evidence against the semi-strong form of market efficiency (Rozeff and 

Zaman, 1988). Jaffe (1974) and Finnerty (1976) also find that insiders, and outsiders who 

follow insider deals, earn significant abnormal returns. Bettis, Vickrey and Vickrey 

(1997) show similar results for outsiders who follow insider deals. However, Seyhun 

(1986) and Rozeff and Zaman (1988) consider transaction costs and present evidence that 

outsiders who attempt to follow insider deals do not earn abnormal returns. It is worth 

noting that there is a long delay in reporting deals during the sample periods studied by 

Seyhun (1986) and Rozeff and Zaman (1988). Such a delay might wipe out the 

opportunities for outsiders to take action. In addition, Bettis, Vickrey and Vickrey (1997) 

focus on large deals only. Following such large deals can increase the profit for outsiders 

because large deals are believed to be more informative. Seyhun (1986) also suggests that 

insider deals in small firm stocks are more profitable, and large deals widen the bid-ask 

spread. These findings imply that small-firm deals and large deals are perceived by the 

market as more informed. Lakonishok and Lee (2001) study US corporate insider deals 

during the 1975–1995 period and find stronger evidence of long-term effects than of 

short-term effects. Trading effects are larger than reporting effects, and purchases have 

stronger effects than sales. Their study shows that the market underreacts to insider 

dealings. There are no substantial effects recognised immediately after the trading and 

reporting of insider deals, but there are longer informational contents that persist up to 

one year following the deals. Also, using US data from 1975 to 1981, Seyhun (1988) 

shows that the aggregation of trading of multiple insiders over multiple firms can predict 

market-wide general price movement. While Lakonishok and Lee (2001) use daily 

abnormal returns, Seyhun (1988) uses monthly returns. Lakonishok and Lee (2001) 

examine three types of deals. The first and the second types are plain vanilla purchases 

and sales related to either open-market or private deals. The third type are share purchases 

through the exercise of options or the conversion of convertible bonds. They also note 

that sales of the shares acquired through the exercise of options are reported as ‘sales’, 

and other types of deals are eliminated from their analysis. Seyhun (1988a), however, 

retains only open market purchases and sales by insiders in his analysis, and excludes all 

other types of insider deals, such as private purchases and sales, exercises of options, and 
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shares acquired through a plan. Seyhun (1988a) therefore, only considers a portion of the 

first and the second types of deals in Lakonishok and Lee (2001), which are open-market 

and not private deals. It is a common belief that insider open market purchases and sales 

are more likely related to foreknowledge or inside information. Most US studies find that 

insider sales are less informative than purchases, even for large firm stocks (see 

Lakonishok and Lee, 2001; Jeng, Metrick and Zeckhauser, 2003; Jenter, 2005). 

Lakonishok and Lee (2001) find that insider deals in small firm stocks are more 

informative, especially purchases. 

 

Results on UK studies 

Studies for the UK market show similar results. The early studies use monthly frequency. 

King and Roell (1988), for example, use director deals reported in the Financial Times 

and find purchases (sales) are associated with positive (negative) abnormal returns within 

the trading month that continue until one year after the announcement of these deals. They 

also report larger abnormal returns for purchases than for sales. Pope, Morris and Peel 

(1990) present evidence of significant 6-month negative post-event CAARs for sales, but 

fail to reject non-positive 6-month post-event CAARs for purchases, even though there is 

anecdotal evidence of positive CAARs following purchases. The authors also examine 

pre-event abnormal returns and find significant positive CAARs prior to purchases, with 

the largest contribution being during the two months prior to the event month, while there 

is no evidence of significant positive or negative CAARs prior to sales. The sample used 

by Pope, Morris and Peel (1990) is also more restricted or focused than the one used by 

King and Roell (1988), since only strong signals of more than two director deals in the 

same month are studied. Using the same data set of King and Roell (1988), Gregory et al. 

(1994) find significant long-run (24 months) abnormal returns for both purchases and 

sales, but no significant abnormal returns within the trading month (which contradicts 

King and Roell (1988)). When the size effect is controlled for in Gregory et al. (1994)  

abnormal returns following sales disappear. Further, instead of excluding all option-

related deals as in King and Roell (1988) and Pope, Morris and Peel (1990), Gregory et 

al. (1994) reclassify sales following option exercise, share bonus, and rights issues as 

‘neutral’, ‘buy’ or ‘sell’ signals based on the retained number of shares after the sales and 

then pool these reclassified signals into the sample as if they are common purchases and 

sales. Using daily price data from 1986 to 1994, and focusing on small firms, Friederich 

et al., (2002) report evidence of short-term market timing with contrarian strategies for 

UK director deals. They report higher informativeness for purchases, but close-to-zero 
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short-term returns after adjusting for daily bid-ask spreads. Friederich and Tonks (2004) 

study the effects of trading bans in the UK and find that, on average, directors appear to 

be able to time the market in the short run to take advantage of patterns in stock prices. 

Similarly, Hillier and Marshall (2002) show that although the timing of director deals was 

affected by the two-month trading ban before interim and final earnings announcements, 

the performance of their deals was not. Fidrmuc, Goergen and Renneboog (2006) find 

stronger effects for purchases. These three studies (Friederich et al., 2002; Hillier and 

Marshall, 2002; Fidrmuc, Goergen and Renneboog, 2006) exclude option-related deals 

from their data. Hoque and Lasfer (2015) conclude that directors can time the peak of an 

IPO and sell shares when they are at the optimal value. 

 

Other studies outside the US or the UK 

Betzer and Theissen (2009) find significant abnormal returns of insider deals in Germany. 

Deals that occur prior to an earnings announcement have a larger impact on stock prices. 

Dardas and Güttler (2011) find significant short-term effects around the announcements 

of director deals in four out of eight European countries. The effect depends on deal size, 

firm size, book-to-market ratio, and multiple deals by different insiders on the same 

trading day. The authors also find stronger effects for purchases. However, in the most 

recent paper about insider trading in European markets (Aussenegg, Jelic and Ranzi, 

2018) with data from seven European countries from 2006 to 2013, both purchases and 

sales are found to be informative.  

 

Studies that explicitly consider non-plain vanilla deals 

Similar to Seyhun (1988), most UK studies only examine director plain vanilla purchases 

and sales. Only Gregory et al. (1994) include sales following option exercise, share bonus, 

and rights issues. In addition to the main analysis that focuses on only sales and purchases 

of shares but excluding option related sales, they examine the information content of 

option related deals by including sales after option exercise in two ways. In the first 

approach, if an option exercise is followed by a sale of the entire acquisition, the sale is 

considered as a ‘neutral’ signal, and if the option exercise is followed by no sale or by a 

partial sale, the sale is classified as a ‘buy’ signal. The second approach is to classify sales 

after option exercise as ‘sell’ signals. While these two approaches of Gregory et al. (1994) 

are rational for analyses that use monthly data, they might not be appropriate for studies 

that deal with intradaily data such as the ones carried out in this thesis. A sale after option 

exercise, for example, can be interpreted by the market as a ‘sell’, ‘neutral’, or ‘buy’ 
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signal according to Gregory et al.'s (1994) first approach, while if  it enters the market as 

a trade without information on the trader identity, it must be interpreted as a clear sell 

order. If this first approach is applied in an intradaily analysis, the results might be mixed 

due to misclassification of sales after option exercise as buy orders when the trades occur 

in the market. In their second approach, although such sales are treated as a ‘sell’ signal 

in a consistent manner, which is suitable for an intradaily study set-up, it does not clearly 

distinguishes the informational content of such sales after option exercise with the 

common vanilla sales.  Contrary to all these previous studies, this thesis proposes a new 

classification method and uses it to classify director deals into discretionary purchases, 

non-discretionary purchases, discretionary sales, and non-discretionary sales. The 

classification method employed by this thesis is based on the qualitative information 

disclosed by directors in the relevant official announcements of their deals. The main 

purpose of this classification technique is to distinguish the informational content of 

different types of director purchases and sales and keep the original direction of their 

related intraday trades, which facilitates intraday analyses.18 

 

Another branch of the literature focuses on the private information that is likely contained 

in executive stock option exercises. Yermack and Ofek (2000) show that executives sell 

nearly all of the shares acquired from stock options exercising. Carpenter and Remmers 

(2001) interpret this observation as a simple reflection of diversification or liquidity needs 

rather than a possession of private negative information. Carpenter and Remmers (2001) 

propose an examination of post-exercise stock price performance to investigate whether 

executives time their option exercises with private information. They divide their sample 

into two periods. The first period is prior to May 1991 when executives were restricted in 

selling stocks for six months after acquiring these stocks through option exercise, and the 

second period does not have this restriction. They report different findings across these 

two periods. For the first period, they present evidence that executives are able to time 

their option exercises, and the subsequent required holding in the stock is associated with 

positive stock returns. For the second period, they find no evidence of exercising on 

private information. These results are supportive of the regulatory removal of the 

restriction period of executive holding after option exercises. Their findings also confirm 

that option exercises and their related sales are becoming less and less informative, which 

 
18 Discretionary purchases and sales are believed to be informative and, therefore, are retained in the 

samples of previous studies, while non-discretionary purchases and sales are believed to be less informative 

and are usually removed from the samples of previous studies. 
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would provide a reasonable explanation for the removal of such trades from the samples 

of previous studies on insider trading. In addition, sales after option exercise might work 

as a more appropriate control group for studying the price and non-price impacts of 

director daily and intradaily trades compared to a control group of more-informed (i.e., 

common vanilla) director sales. 

 

The rich literature on insider trading shows a dynamic picture of market efficiency. The 

focus has been turned from monthly to daily timeframes. Over time, studies report 

different empirical findings that overall support dynamic changes in market efficiency. 

The market is becoming more and more efficient, but there is still evidence that insiders 

can benefit from private information. There is clear evidence that corporate insider deals 

are informative, but most studies focus on obvious signals of buying and selling and 

remove weak signals, such as those of sales after option exercise and share bonuses. A 

comprehensive study that analyses all insider deals, regardless of how much the 

information content is perceived, might contribute by shedding more light on their 

relative informational content as well as on how the market reacts to these transactions, 

especially on an intradaily basis. Studying all insider trades, including both informed and 

uninformed trades, can provide more detail evidence on whether the market is efficient 

to private information of informed trades. This thesis aims at addressing this aspect by 

examining different market reactions to UK director deals that may possess different 

levels of private information. 

 

2.3 Stealth-trading strategies  

According to Kyle (1985) and Admati and Pfleiderer (1988) an informed trader should 

split a large order into several smaller orders to achieve the highest possible trading profit 

or incur the least trading costs. Easley and O’Hara (1987) study the role of trade size on 

price discovery. They show that trade size creates an adverse selection problem. Their 

model shows that when informed traders have a signal, they prefer to trade as quickly and 

as much as they can. They also find that informed traders can be quickly uncovered by 

the market given that they trade in large sizes. This would reduce their profits and, 

consequently, informed traders choose to break up their larger trades into smaller ones. 

Other models (e.g., Holden and Subrahmanyam, 1992; Foster and Viswanathan, 1993) 

consider more than one informed trader, and show that intense competition between these 

traders leads to aggressive trading strategies. Back, Cao and Willard (2000) argue that the 
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intensity of trading and the speed of information revelation are results of information 

correlation between informed traders. Foster and Viswanathan (1993), amongst others, 

examine dynamic models with two informed traders, one being less informed than the 

other. In general, these models predict that both traders trade intensively based on their 

common information until the common information is fully revealed to the market 

through their observable trading activities. The more informed trader then trades 

aggressively on his incremental information. Holden and Subrahmanyam (1992) present 

a competitive model in which two information sets are revealed at different times, one 

over the short-term and the other over the long-term. The two risk-averse informed traders 

who know both information sets may choose to trade on one only. Under the model 

assumptions, both traders would prefer to exploit the short-term information and may 

voluntarily disclose the long-term information to make it short-lived if the value of the 

private information is lower than the risk of a longer holding period. Overall, the practical 

choices of stealth trading (i.e., to split a large deal into smaller deals) are driven by several 

factors, including the level of the information content, the intensity of competition 

between informed traders, and the longevity of information. Chapter 4 empirically 

addresses the choice of stealth-trading strategy of UK directors, and considers all these 

factors. 

 

Supporting Barclay and Warner's (1993) stealth-trading hypothesis, Chakravarty (2001) 

examines institution transactions. He reports evidence that medium-sized transactions are 

associated with a higher increase in prices compared to the smaller and larger 

transactions. Using duration measured in days of insider dealing sequences, Klein, Maug 

and Schneider (2017) find that insiders complete their sequences faster if multiple insiders 

compete for the same private information, which is evidence that insiders tend not to split 

their deals if information is exploited competitively among them. They also show that 

stealth trading exists in daily frequency, and that the duration and the average number of 

individual day transactions of stealth-trading sequences have decreased significantly after 

the implementation of the Sarbanes-Oxley Act in 2002. However, they do not study 

sequential transactions conducted within the same day, which rules out the possibility that 

insiders maybe actively splitting their deals within the day. This is one of the motivations 

of studying stealth trading on an intradaily basis in this thesis, which is done in Chapter 

4. This motivation is also supported by Chakravarty and McConnell (1999) who show 

that Ivan Boesky – an illegal trader – indeed split his informed trades over a 24-day period 

from 06/06/1984 to 28/08/1984. Boesky’s informed transactions were identified to have 
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occurred over about 765 separate trading hours during the period. On average, Boesky 

had made about 32 actual transactions on each of these days. This is one case of strategic 

stealth trading carried out by ‘working’ large orders or submitting a number of orders. 

Further, Collin-Dufresne and Fos (2015) explain why adverse selection measures cannot 

detect insider trades by assuming that insiders might use limit orders instead of market 

orders to execute their deals. Insiders sometimes choose to be liquidity providers rather 

than liquidity takers. This constitutes another possible explanation that this thesis adds in 

that insiders might use stealth-trading strategies to reduce the price impact of their large 

deals by splitting them over the trading day. 

 

Theoretical frameworks and empirical studies both show that informed traders employ 

stealth-trading strategies. The prior empirical studies focus mainly on stealth-trading 

strategies on a daily basis, with Chakravarty and McConnell (1999) being the exception 

by presenting a case of  an insider who spread his deals over not only multiple days but 

also within these days. This motivates intraday analysis, but for comparative purposes 

this thesis will first conduct a daily analysis in Chapter 4. The analysis in Chapter 4 

directly addresses the question of whether or not UK directors apply intradaily stealth-

trading strategies to their deals and whether this choice depends on the informational 

content of their deals. 

 

2.4 Insider trading and its intraday impact on price and non-price trade 

characteristics 

Price characteristics 

All papers discussed in Section 2.2 use monthly and daily trade data. There are only a 

few papers about insider trading that are conducted at intraday and order flow levels. 

Using intraday US data from 1988 to 2002, Inci, Lu and Seyhun (2010) find that the 

market can incorporate the significant new information of insider deals. Both insider 

purchases and sales result in significant contemporaneous and subsequent price impact. 

The occurance of an insider purchase causes a large and significant initial price impact, 

changes the order imbalance, and increases the intensity of trading activity. The authors 

also find that insiders use contrarian strategies and are successful in timing the stock 

prices, but find no evidence for front-running activities. Insider purchases using limit 

orders are more profitable as they do not pay the bid-ask spread for execution immediacy. 

This suggests that some insiders can take advantage of their private information by using 
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limit orders to gain better control over prices. This is reasonable especially if their private 

information is long-lived and is expected not to be uncovered by a rapid public 

information announcement to the market. Dardas (2012) studies the intraday effects of 

UK director dealing announcements. The effects on prices and volume are more persistent 

during the 15 minutes that follow the announcements of director purchases (relative to 

sales). 

 

Non-price characteristics 

Other intraday studies are on US data and investigate mainly the market reactions around 

detectable illegal insider trades (Cornell and Sirri, 1992; Chakravarty and McConnell, 

1999; Fishe and Robe, 2004). According to Cornell and Sirri (1992), as market makers 

can statistically distinguish informed from uninformed trades based on trading size 

(Easley and O’Hara, 1987; Hasbrouck, 1988) or time of the day (Harris, 1986; Admati 

and Pfleiderer, 1988), informed trades should consequently suffer the lowest liquidity and 

the poorest execution. However, they find the opposite empirical evidence using their 

data on Campell Taggart’s illegal insider case; specifically, that liquidity did not reduce 

and the inside spread did not widen during the period of the insider trading. They believe 

that the added large volume reduces the market maker’s cost and the market perceives 

these informed trades as liquidity trades. 

 

Diamond and Verrecchia (1987) and Easley and O’Hara (1992) are the first two studies 

that directly address the role of trading duration in the price discovery process. In 

Diamond and Verrecchia (1987), long durations are associated with bad news as informed 

traders will always trade given that there is no short-sale constraint. In Easley and O’Hara 

(1992), long durations are associated with no news as informed traders trade on either 

side of their signal if there is a signal. According to these two studies, trading duration 

therefore can convey information. In empirical studies, Dufour and Engle (2000) shows 

that the price impact of a trade increases with shorter duration using stock transaction data 

from 144 US stocks. Chung, Park and Ryu (2016) also find similar evidence using option 

price data from the KOSPI 200 option market with out-of-the-money options, but not 

with in-the-money options. They attribute the difference to the changing compositions of 

informed versus uninformed investors between the markets for out-of-the-money and in-

the-money options. To the best of my knowledge, there is no other empirical paper that 

studies the effects of insider trades on trade durations. Chapter 6 of this thesis will partly 

address this aspect of non-price impacts of director trades. 
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Chapter 6 of this thesis is motivated by Inci, Lu and Seyhun (2010) and Dardas (2012) in 

examining intradaily price and non-price impacts of insider trades. With intraday data, 

Inci, Lu and Seyhun (2010) focus on price behaviour, trading intensity measured by the 

number of trades per ten seconds, and order imbalances around the trading events of US 

insiders, while Dardas (2012) focuses on price formation and trading volume effects 

around the announcement events of UK director trades. The market index used in these 

studies is a minute-by-minute composite market index provided by the Institute for 

Financial Markets (Inci, Lu and Seyhun, 2010) and by Thomson Reuters (Dardas, 2012). 

As there might be many trades occurring at different prices within the same minute, the 

use of a minute-by-minute index might not be appropriate in the measurement of trade-

by-trade market-adjusted abnormal returns. In contrast, our data allows us to construct 

corresponding trade-by-trade market index returns and, hence, the measurement of trade-

by-trade market-adjusted abnormal returns in this thesis is more precise or refined, even 

though this measurement requires more computational effort. Further, these past papers 

do not apply a diurnal adjustment to intraday non-price measures, i.e., volume and 

duration, while the analysis in Chapter 6 applies this adjustment to remove hourly patterns 

and heteroscedasticity of a known form. This study provides a more comprehensive 

understanding of the effects of insider trades, not only on the price behaviour, but also on 

non-price measures which include effects on trade duration that has not been studied in 

the context of insider trades. This thesis also applies a careful treatment of intraday 

seasonal patterns by diurnally adjustment of the measures. Chapter 6 addresses the price 

and non-price impact of UK director deals, differentiated by their informational levels 

and their means of trading execution, and compares this to a control group of uninformed 

deals. This allows us to examine intraday market efficiency and shed more light on 

whether and how the market reacts to different information levels implied by director 

trades. 

 

2.5 Pre-trade transparency and upstairs trades 

Transparency is important for the efficient operation of the market and in creating a level 

playing field. Transparency is either pre-trade or post-trade. Pre-trade transparency refers 

to the availability of information about traders’ expressed interests on price and volume, 

usually in the form of quotations, while post-trade transparency refers to the information 
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reported following the execution of trades. Table 2.2 summarises the reviewed literature 

related to pre-trade transparency. The following paragraphs provide a review. 

 

Many previous studies present evidence that pre-trade transparency supports liquidity and 

price discovery. Baruch (2005) examines a theoretical model of an open limit order book 

and find that the availability of an open limit order book benefits liquidity demanders, 

while liquidity providers are better off if the book is not available to the public. In an 

empirical study on the NYSE’s OpenBook service, Boehmer, Saar and Yu (2005) show 

that making the limit order book information available to the public enhances market 

efficiency. Eom, Ok and Park (2007) find similar results that informational price 

efficiency improves when more quotes are publicly disclosed by the Korean Exchange. 

Uninformed traders are able to learn more information if orders are subject to pre-trade 

transparency (Pagano and Röell, 1996), resulting in more efficient prices and lower 

transaction costs. When a limit order book is made transparent to the public, it creates a 

better environment where market participants can supply liquidity in competition with 

the specialists, leading to a more efficient market. However, Madhavan, Porter and 

Weaver (2005) find the opposite: the increase in pre-trade transparency in the Toronto 

Stock Exchange reduces liquidity and increases execution costs and volatility. 

 

A related aspect is trading upstairs versus downstairs. Market makers and upstairs 

markets still exist alongside automatic exchanges and other dark pools. Seppi (1990) uses 

an intertemporal model that allows a trader to choose between the upstairs and downstairs 

markets and shows that if a trader can convince the upstairs market that he/she is 

uninformed, i.e., trading for liquidity reasons, the trader might opt for block trades 

upstairs rather than a sequence of smaller trades downstairs. This hypothesis is supported 

by an empirical study in Madhavan and Cheng (1997). In addition, Smith, Turnbull and 

White (2001) present evidence of the ability of upstairs market makers to point out trades 

with private information due to the fact that they might know the identity of upstairs 

participants. Hence, and consistent with Seppi's (1990) finding, a liquidity trader with a 

large order should use the upstairs market because of the higher likelihood that his trade 

gets recognised by market makers as not driven by private information, which would lead 

to a lower price impact. Other studies, e.g., Easley and O’Hara (1987) and Bessembinder 

and Venkataraman (2004), also support the evidence that liquidity is the main reason for 

traders choosing the upstairs market due to the large size of their trades. Carollo et al. 

(2012), using figures on probability density function of the transaction value for different 
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types of market transactions at the LSE, report empirical evidence that large-volume 

transactions are more likely to be off-book transactions. Jain et al. (2003), who use UK 

data, also find evidence that downstairs trades have higher permanent price impact than 

upstairs trades. The findings of Easley and O’Hara (1987), Bessembinder and 

Venkataraman (2004), Carollo et al. (2012), and Jain et al. (2003)  support the liquidity 

screening hypothesis of Seppi (1990). Rhodes-Kropf (2005) suggests  customers’ 

bargaining power over market makers as an alternative explantion for price improvement 

of upstairs dealing. Using UK data from the LSE for the period from January to June 

2001, Friederich and Payne (2007) shows that the liquidity service supplied by the 

upstairs market is increasingly utilised when execution or information risk is high. Dufour 

and Noel (2005) find that given high level of liquidity on LSE-SETS, traders prefer to 

transact directly with dealers for better negotiation. They find that off-book trades often 

receive price improvement compared to on-book trades. 

 

The upstairs market are completely dark to participants downstairs (i.e., no pre-trade 

transparency downstairs on upstairs trades). The downstairs market knows about these 

trades only when they are reported to the tape (Comerton-Forde and Putninš, 2015). 

However, the degree of transparency of upstairs trades to upstairs participants might vary 

depending on the type of the trade. In Comerton-Forde and Putninš (2015), upstairs trades 

are classified as either dark trades or block trades. Block trades are negotiated trades 

between brokers in the upstairs market. Some papers find that pre-trade transparency of 

block trades to upstairs participants is actually greater because of the possibility of 

realising the motive for the trade (Madhavan and Cheng, 1997; Bessembinder and 

Venkataraman, 2004; Comerton-Forde and Putninš, 2015). Zhu (2014) studies the impact 

of dark trading on prices and uses a model that allows both informed and uninformed 

traders to choose the venue for their trades. The model implies that uninformed traders 

would prefer to trade in the ‘dark’, while informed traders would prefer to trade in the 

‘lit’ exchange. The model also finds that dark pools support price discovery in the ‘lit’ 

exchange, but enlarge adverse selection risk and widen bid-ask spreads. Comerton-Forde 

and Putninš (2015) also find supporting evidence for Zhu (2014) that dark trading results 

in higher adverse selection risk and wider bid-ask spreads in the lit market. They also find 

that block negotiated trades that are not subject to pre-trade transparency do not harm 

market efficiency. However, using laboratory experiments, Bloomfield and O’Hara 

(1999) and Flood et al. (1999) report different results. Bloomfield and O’Hara (1999) find 
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no impact of pre-trade transparency on informational efficiency, bid-ask spreads, and 

trader welfare, while Flood et al. (1999) find that lack of pre-trade transparency widens 

opening spreads and reduces trading volume but speeds up price discovery. 

 

Past studies on the transparency requirement leave some issues unaddressed. Comerton-

Forde and Putninš (2015) and  Zhu (2014) pool all actual trades regardless of whether or 

not they are informed. Thus, any difference in the effect of the transparency requirement 

of informed versus uninformed trades is ignored. In other papers, such as Bloomfield and 

O’Hara (1999) and Flood et al. (1999), a laboratory experimental approach is adopted. 

The main advantage of such experiments is that they allow one to control for changes 

Table 2.2 A summary of literature on pre-trade transparency 

 

Authors Data Methodology Main findings 

Baruch (2005) A stylized model of a 

specialist's single-

price auction in an 

opened limit-order 

book and in a closed 

book. 

The availability of an open limit order book 

benefits liquidity demanders and liquidity 

providers are better off if the book is not 

available to the public.  

Boehmer, 

Saar and Yu 

(2005) 

US NYSE  

2002 

Event study (10 

trading days during 

periods before and 

after the 

implementation of the 

open limit order book 

on January 24, 2002) 

The availability of an open limit order book 

enhances market efficiency. 

Eom, Ok 

and Park 

(2007) 

Korean 

KRX 

2001-2002 

Event study (changes 

in disclosed quotes on 

January 2, 2002) 

Informational price efficiency improves when 

more quotes are publicly disclosed. 

Pagano and Röell (1996) Stylised trading 

systems with different 

degrees of 

transparency 

Greater transparency generates lower trading 

costs. 

Madhavan, 

Porter and 

Weaver 

(2005) 

Canada  

TSE 1990 

Event study (changes 

occurred on April 12, 

1990) 

Greater transparency reduces liquidity and 

increases execution costs and volatility. 

Comerton-

Forde and 

Putninš 

(2015) 

Australia 

ASX 2008-

2011 

Panel regressions Block negotiated trades that are not subject to 

pre-trade transparency do not harm market 

efficiency 

Bloomfield and O’Hara 

(1999) 

Laboratory 

experiment 

There is no impact of pre-trade transparency 

on informational efficiency, bid-ask spreads, 

and trader welfare. 

Flood et al. (1999) Laboratory 

experiment 

Pre-trade transparency widens opening 

spreads and reduces trading volume but speeds 

up price discovery. 
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specific to the transparency setting of the market. Bloomfield and O’Hara's (1999) 

experimental setting includes computerised informed and uninformed traders and two 

human traders whose investment decisions affect an amount of laboratory currency. Such 

computerised trading with consistent input and output behaviours and a demo account for 

investing might not clearly replicate actual human behaviour with psychological pressure 

related to making or losing real money. This thesis examines the effects of the 

transparency requirement based on a very natural experiment. The analyses identify UK 

director trades that are related to different groups of deals, some of which are informed 

and others are not. The data also shows that some of these deals are conducted upstairs 

and others downstairs. In addition, due to the trading and regulatory setup of the LSE, 

some upstairs deals are subject to a pre-trade transparency requirement while others are 

not. Collectively, these features allow us to conduct a more comprehensive study on the 

effects of the transparency requirement on market efficiency based on actual trade data 

with a rich content.  

 

2.6 Measures of adverse selection and illiquidity 

Information asymmetry across market participants is an important area of research. Many 

theoretical models aim to measure the level of informational asymmetry or adverse 

selection costs. A popular hypothesis that has attracted considerable research attention 

relates to the  relationship between adverse selection and informed trading. Glosten and 

Milgrom (1985), Kyle (1985), and Easley and O’Hara (1987), for example, form a general 

view that the bid-ask spread and the price impact of trades should be higher with higher 

levels of information asymmetry across market participants. However, the bid-ask spread 

is a measure that captures information asymmetry as well as other aspects of trading, such 

as immediacy, liquidity, inventory and processing costs. In addition, information 

asymmetry can result in higher adverse selection costs (i.e., higher price impact on 

trades), lower liquidity costs, or both. Thus, theoretical models that are based on 

information asymmetry, such as Kyle (1985), are unable to clearly disentangle adverse 

selection costs from liquidity costs. For example, Collin-Dufresne and Fos (2015) provide 

a more explicit test of stock illiquidity and adverse selection measures. They identify large 

deals by US shareholders as informed trading and use these to examine if some 

microstructure measures perform well in detecting the presence of informed trading, i.e., 

information asymmetry. The high frequency microstructure measures used in their study 

are the Lambda coefficient of Kyle (1985), the trade-related variance ratio and the 
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cumulative impulse response of Hasbrouck (1991a) and Hasbrouck (1991b), the dollar-

volume-weighted average realised spread, the dollar-volume-weighted average effective 

spread, and the aggregated five-minute price impacts. While they expect to see higher 

values for these measures (i.e., either higher adverse selection costs or lower liquidity or 

both when there is asymmetric information), their empirical findings show that these 

measures are lower on days with informed trading, which is evidence of either the ability 

of insiders to time their trades (i.e., enter the market when the stock is liquid) or higher 

market liquidity due to the liquidity-supplying role of insiders (i.e., by submitting a limit 

order instead of a market order). 

 

Van Ness, Van Ness and Warr (2001) provide a summary of a few theoretical models that 

decompose the bid-ask spread into various components, one of which captures private 

information trading. While Collin-Dufresne and Fos (2015) use a sample of days on 

which there are informed trades of US large shareholders, Van Ness, Van Ness and Warr 

(2001) use proxies of informed trading to test the performance of their measures. They 

discuss the measures implied by the theoretical models of Glosten and Harris (1988), 

George, Kaul and Nimalendran (1991), Lin, Sanger and Booth (1995), Huang and Stoll 

(1997), and Madhavan, Richardson and Roomans (1997). They also test the performance 

of these measures by studying their relationship with measures of information asymmetry 

and proxies for the presence of informed traders. They find that the measures based on 

the models of Glosten and Harris (1988) and Lin, Sanger and Booth (1995) are more 

efficient in estimating adverse selection costs. These two measures are adopted in a later 

study by Jiang, Kim and Wood (2009) who investigate if adverse selection costs change 

after the decimalisation of NASDAQ and NYSE. They are also used in Chung, 

Chuwonganant and McCormick (2006) to study order preferencing in NASDAQ.  

 

This thesis examines eleven measures that have been studied in Van Ness, Van Ness and 

Warr (2001) and Collin-Dufresne and Fos (2015) and uses these two studies as 

benchmarks for cross-checking the results. The following six measures are calculated and 

estimated following Collin-Dufresne and Fos (2015): Kyle’s Lambda (KL), the 

aggregated five-minute price impact (AFPI), Hasbrouck's (1991b) trade-related variance 

ratio (TRVR), Hasbrouck (1991a) cumulative impulse response (CIR), realised spread 

(RS), and the effective spread (ES).  The following additional five measures are estimated 

following Van Ness, Van Ness and Warr (2001): Glosten and Harris (1988) (GH1988), 

George, Kaul and Nimalendran (1991) (GKN1991), Lin, Sanger and Booth (1995) 
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(LSB1995), Huang and Stoll (1997) (HS1997), and Madhavan, Richardson and Roomans 

(1997) (MRR1997). The last five models in this list focus on decomposing the bid-ask 

spread into different components. There are three main components of the bid-ask spread: 

order processing costs, inventory costs, and adverse selection costs. The adverse selection 

component is essential in measuring information asymmetry levels that can be reflected 

by market trading activity. The measures investigated in Chapter 5 of this thesis are the 

adverse selection components resulting from such decompositions. Section 5.2.2 of 

Chapter 5 will revise in more detail all the models and relevant measures in Collin-

Dufresne and Fos (2015) and Van Ness, Van Ness and Warr (2001) that are adopted to 

perform the second empirical analysis in Chapter 5. 

 

In a recent review of the literature on market microstructure, Omoruyi and Isibor (2017) 

classify microstructure theories that explain price discovery behaviour into two main 

streams: asymmetric information models and inventory models. Asymmetric information 

models rely on market dynamic and price adjustment processes utilising understanding 

from the asymmetric information and adverse selection theory (Omoruyi and Isibor, 

2017). Inventory models examine the processes and strategies that optimise the profit/cost 

of liquidity suppliers under the assumption of risk aversion (Omoruyi and Isibor, 2017).  

Out of the eleven measures that are analysed in Chapter 5, some (i.e., TRVR and CIR 

(Hasbrouck, 1991a, 1991b); and HS1997 (Huang and Stoll, 1997) are considered as 

outcomes of inventory models (Omoruyi and Isibor, 2017).  KL (Kyle, 1985) is classified 

as a measure emanating from an asymmetric information model. AFPI, RS, and ES are 

calculated as permanent, temporary and total price impact of trades and do not belong 

solely to one of the two types of model. By definition and calculation, ES is the sum of 

AFPI and RS. According to Glosten and Harris (1988), AFPI captures the cost of adverse 

selection to liquidity demanders. The realised spread (RS) measures the benefit to 

liquidity providers assuming that they are able to close their position at the midpoint 

prevailing five minutes after the trade, net of loss to better-informed traders 

(Bessembinder, 1997; Collin-Dufresne and Fos, 2015). Although by calculation AFPI 

aims to measure adverse selection costs while RS aims to measure illiquidity costs, there 

might be an interaction between these two components of the spreads. A trade with a large 

permanent price impact (AFPI) might also cause liquidity providers to demand higher 

return on their liquidity supply, especially if the trade is large, thus resulting in a higher 

RS. In addition, ES is an overall measure that adds up permanent and temporary price 
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impact, therefore, I interpret ES as an indicator of both adverse selection and illiquidity 

costs.  

 

Further, Glosten and Harris (1988) and Madhavan, Richardson and Roomans (1997) 

consider adverse selection costs simultaneously with other trading costs in a framework 

based mainly on trade price dynamics. Accordingly, these two models are classified as 

asymmetric information models. GKN1991 and LSB1995 are measures based on model 

descriptions and assumptions that focus on mid-quote dynamics, which relates more to 

dealer gross profits, and, hence, these measures are classified as emanating from 

inventory models. Heflin and Shaw (2001) provide a brief definition of three different 

components of the spread: adverse selection costs reflect the risk of trading with informed 

traders; inventory holding costs reflect the costs of holding a less than fully diversified 

portfolio; and order processing costs reflect the costs of performing transactions. In 

Glosten and Harris (1988)  and Madhavan, Richardson and Roomans (1997), there is a 

transitory spread component that reflects the cost of supplying liquidity which contains 

both order processing and inventory costs. In George, Kaul and Nimalendran (1991) and 

Lin, Sanger and Booth (1995), only the order processing cost component is considered. 

In this thesis, HS1997 is the only measure that dissects the spread into three separate 

components: the adverse selection costs, the inventory holding costs, and the order 

processing costs. Huang and Stoll (1997) point out that while the order processing costs 

are easier to estimate, the inventory holding costs and the adverse selection costs are 

difficult to distinguish as quotes update to trades in the same direction under both. 

Therefore, if a model does not clearly distinguish inventory holding costs from adverse 

selection costs, its measures of adverse selection costs might also include inventory 

effects (Huang and Stoll, 1997). Since George, Kaul and Nimalendran (1991) and Lin, 

Sanger and Booth (1995) only consider the order processing costs along with the adverse 

selection costs, the adverse selection measures derived from their models (i.e., GKN1991, 

and LSB1995) include inventory holding costs. Similarly, KL, TRVR, and CIR might also 

include the effects on the inventory holding costs (or the illiquidity costs) because these 

measures are derived from models that do not consider inventory holding cost (or 

illiquidity costs) alongside with the main adverse selection costs. 

 

Heflin and Shaw (2001), using Huang and Stoll's (1997) model, examine the relationship 

between the components of the spread (i.e., adverse selection costs and inventory holding 

costs) with specialist depth quotes. They report important evidence that both adverse 
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selection costs and inventory holding costs are inversely related to depth quotes and that 

the relationship is stronger for adverse selection costs. They conclude that the adverse 

selection component is a more appropriate proxy for informed trading based on the 

stronger relationship. Their findings also imply that there is a relationship, which is not 

perfectly positive, between the two components. All measures that are examined in this 

thesis also do not directly address the interaction or correlation between the adverse 

selection component and other components, especially the inventory holding cost 

component. Therefore, interpretation of these measures takes this into consideration and 

do not blindly attribute the measures to only adverse selection costs. Applying adverse 

selection measures from theoretical microstructural models must be executed with great 

care. A clearer disentanglement between information asymmetry and liquidity 

components as in Ibrahim and Kalaitzoglou (2016) who derive a pricing model where the 

adverse selection costs and the illiquidity costs are separated and are both derived as 

functions  of trading intensity, would provide practical use. However, this thesis does not 

incorporate the measures implied in Ibrahim and Kalaitzoglou's (2016) model due to 

computational difficulties in reaching at convergence with the focus on the short spans of 

intraday data around deal and announcement events (one or two days) and the relatively 

small number of identified director deals.19 Further, according to Heflin and Shaw's 

(2001) definition of inventory holding costs, a trade might increase or decrease these costs 

depending on the current inventory level of the dealer. If a trade can benefit the dealer in 

maintaining their optimal portfolio of inventory, it decreases the inventory holding cost. 

If a trade requires the dealer to deviate from their optimal inventory, it increases the 

inventory holding cost. In the practical context of trading, a trade might be beneficial if it 

adds liquidity to the market (e.g., to balance buy side and sell side of the order book) and, 

hence, reduces the inventory holding costs of market participants. In this sense, the 

inventory holding costs can be interpreted as illiquidity costs, which is more appropriate 

in order book trading mechanisms that do not require a dealer.  Recent literature provides 

empirical evidence that most adverse selection measures capture not only pure 

informational asymmetry costs but also illiquidity costs (Small, Wansley and Hood, 2012; 

Collin-Dufresne and Fos, 2015). Van Ness, Van Ness and Warr (2001) and Collin-

Dufresne and Fos (2015) also show mixed evidence on whether adverse selection 

measures can capture informed trading. This evidence supports my conjecture of 

contaminating illiquidity effects captured by the adverse selection measures.  

 
19 Ibrahim and Kalaitzoglou’s (2016) model requires the estimation of a potentially very long lag structure 

for trading intensity (they report over 90 lags in their application on carbon emission futures). 
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Another branch of the literature tests empirical differences in adverse selection costs 

between basket securities, i.e., exchange-traded funds (ETFs) and mutual funds, and a 

matched set of individual securities. Theoretically, there should be lower adverse 

selection costs in basket securities compared to individual equities (Subrahmanyam, 

1991; Gorton and Pennacchi, 1993) as uninformed traders would rationally migrate from 

trading individual equities to trading baskets to reduce the risk of information asymmetry. 

In an empirical study that compares the two adverse selection component models of 

Glosten and Harris (1988) and George, Kaul and Nimalendran (1991) between closed-

end funds and a matched sample of individual equities, Neal and Wheatley (1998) show 

that both the funds and a matched sample of equities have large and significant values of 

adverse selection component measures. This evidence implies that either adverse 

selection arises primarily from factors other than current liquidation value or the empirical 

models are misspecified (Neal and Wheatley, 1998). Their study sample consists of 17 

closed-end funds listed on the NYSE and AMEX during 1988. Chen et al. (2003) also 

study differences of adverse selection components between closed-end funds listed on the 

NYSE during 1994–1999 and matched equities, but find supportive evidence of 

decreasing adverse selection costs in closed-end mutual funds. Small, Wansley and Hood 

(2012) examine adverse selection components between exchange-traded funds (ETFs) 

and a matched set of individual securities with a focus on the concentration on certain 

equities by the ETFs. They use the models of Glosten and Harris (1988), George, Kaul 

and Nimalendran (1991), and Lin, Sanger and Booth (1995). They expect that ETFs with 

higher concentration exhibit higher adverse selection components as high concentrated 

funds might work as an alternative to individual equity for informed traders. They find 

no evidence to support this. However, their findings show that ETFs have significantly 

lower adverse selection costs than a matched set of equities and ETFs with a larger 

number of equities are associated with lower adverse selection costs and higher liquidity. 

 

Given the findings of Collin-Dufresne and Fos (2015) that show lower values for the 

adverse selection and illiquidity measures on days of informed trading, and their 

interpretation that insiders are timing their entrance to the market when it is liquid, it is 

essential to disentangle the current market liquidity status and the adverse selection and 

illiquidity effects of informed trades. It is also desirable to be able to distinguish the pure 

adverse selection costs and the pure liquidity costs of informed trades. In a dynamic joint-

expectations microstructural model, Ibrahim and Kalaitzoglou (2016) incorporate a time-
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varying asymmetric information parameter and a time-varying liquidity cost parameter to 

capture pure adverse selection costs and pure liquidity costs, respectively. They examine 

three regimes of trading intensity that represent the presence of uninformed, fundamental 

(liquidity), and informed traders. The arrival of informed (uninformed) traders is 

signalled by the highest (lowest) trading intensity. They find that the pure adverse 

selection component is increasing in trading intensity while the pure liquidity component 

is decreasing in trading intensity and is at its lowest (highest) when the next trade is 

expected to be a fundamental (informed) trade. This shows that an informed trade 

increases pure adverse selection costs and decreases pure liquidity costs. 

 

It is important to show that while these measures are entitled, or are perceived as, adverse 

selection measures, their implication is to measure either adverse selection costs or 

illiquidity effects or both due to information asymmetry. Collin-Dufresne and Fos (2015) 

interpret their measures as either representing stock illiquidity or adverse selection costs. 

Other studies also tend to interpret their findings on these adverse selection measures 

similarly (see Small, Wansley and Hood, 2012). This thesis also adopts the same 

interpretation. It refers to adverse selection measures that capture both adverse selection 

costs and illiquidity costs, unless otherwise stated. When I want to disentangle the two, I 

use ‘pure adverse selection costs’ and ‘pure liquidity costs’. The proposed classification 

of director trades into informed  and uninformed in this thesis is also beneficial in studying 

whether or not the measures capture the adverse selection costs of informed trades.  

 

A recent paper that focuses on measures of adverse selection and illiquidity costs is Ahern 

(2018). The paper examines whether measures that consist of quoted, realised, and 

effective spreads, price impact, absolute order imbalance, Kyle’s lambda, the adverse 

selection component measure in Madhavan, Richardson, and Roomans (1997), and the 

Amihud (2002) illiquidity measure, are higher on days of illegal informed trades. The 

author finds that none of the measures are correlated with illegal insider trading, except 

that Kyle’s lambda shows a negative relationship when strategic timing is not controlled 

for (i.e., whether the implied private information is short-lived or long-lived). This result 

is consistent with Collin-Dufresne and Fos (2015). However, when strategic timing is 

controlled for, the author finds that if the information is short-lived the measures have 

higher values. In a robust test, Ahern (2018) shows that only absolute order imbalance 

and the autocorrelation of order flow are robust to controls for sampling bias of illegal 

insider trades. Thus, the author concludes that the adverse selection measures are only 
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effective when information is short-lived (which implies that insiders do not have 

sufficient  time to strategically time high liquidity markets), and that the illiquidity 

measures based on order flow are more reliable than those based on prices or quotes. 

Chapter 5 of this thesis is related to Ahern (2018) in that it examines similar (and more) 

adverse selection measures on days of director trades. The main difference between this 

thesis and Ahern (2018) is that this thesis studies legal insider trading while Ahern studies 

illegal informed trades. An advantage of the analysis carried out by Ahern (2018) is the 

use of a data set of certain informed trades identified by the courts, while the approach of 

matching intraday trades to director deals adopted in this thesis focuses more on 

identification. Beside identification, another advantage of the approach in this thesis is 

that it considers a sample of both informed and uninformed director trades when matching 

possible intraday trades with director deals. Therefore, this sample allows us to study if 

the adverse selection measures correctly capture the asymmetric information of informed 

trades and not of uninformed trades. This comparative advantage might shed more light 

on whether the measures capture pure adverse selection costs, pure liquidity costs, or a 

combination of both. 

 

In summary, although recent studies, such as Small, Wansley and Hood (2012), Neal and 

Wheatley (1998), Li, French and Chen (2017), use the adverse selection component 

models of Glosten and Harris (1988), George, Kaul and Nimalendran (1991), and Lin, 

Sanger and Booth (1995), as they are found to be more successful in capturing adverse 

selection costs, there is still mixed evidence on whether the measures used are accurate 

in estimating adverse selection costs due to information asymmetry (Van Ness, Van Ness 

and Warr, 2001; Collin-Dufresne and Fos, 2015; and Ahern, 2018). This section shows 

that some adverse selection measures might theoretically capture other aspects, such as 

illiquidity costs, and may therefore not be pure measures of asymmetric information. 

Empirically, many studies also interpret high adverse selection measures as implying 

either high information asymmetry or low liquidity (e.g., Small, Wansley and Hood, 

2012; Collin-Dufresne and Fos, 2015). Chapter 5, therefore, does not rely on one 

particular measure, or the most used measures, rather it re-examines all measures 

mentioned in these two studies and uses these two studies as benchmarks for comparison. 

In addition, by research design, this thesis has a sample of legal informed and uninformed 

trades made by corporate insiders in the UK and this allows us to elaborate whether the 

adverse selection measures capture pure adverse selection costs, pure illiquidity costs, or 

a combination of both. 
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2.7 Summary 

This chapter reviews the most relevant selection of theoretical and empirical literature on 

insider trading in a broad context, including deal motives, implied informational levels, 

and the market reaction in terms of price and non-price changes around the trading and 

announcement events of these deals. Knowledge about stealth-trading strategies is also 

summarised for both the theoretical and the empirical literature. In addition, this chapter 

examines the literature that relates to the pre-trade transparency requirement and whether 

this requirement benefits the market. 

 

The three empirical chapters of this thesis aim to contribute and enrich the empirical 

literature in some important aspects. First, this thesis sheds more light on the motivation 

and the relevant informational level of UK director deals by examining the abnormal 

returns before and after the trading and announcement of these deals. Classifying deals 

by their nature according to disclosed information into discretionary and non-

discretionary deals allows us to infer the motive behind director dealings. This thesis 

studies daily abnormal returns in Chapter 4 and intradaily returns in Chapter 6. 

Combining the findings from these two chapters provides more evidence on whether the 

market is efficient in the long term, short term, or both. In this manner, the design intends 

to provide a more complete picture from a variety of vantage points on the dynamics of 

market efficiency. Second, the first empirical analysis in Chapter 4 is devoted to 

addressing the choice that UK directors have in trading stealthily. It, therefore, provides 

additional insights on whether or not informed traders opt to trade stealthily when they 

have a signal. The chapter also analyses if such a choice depends on the informational 

level and the direction of the deals (i.e., purchases or sales). Third, the second empirical 

analysis in Chapter 5 focuses on the adverse selection costs related to the trading and 

announcement events of director deals. The analysis uses a collection of standard and 

most popular microstructure measures of adverse selection and illiquidity costs to 

examine whether there is higher asymmetric information (evidenced by higher adverse 

selection and illiquidity costs) on days of informed deals and whether there is lower 

asymmetric information on the announcement days of these deals. To show that a higher 

(lower) information asymmetry is due to director trading (announcement), the chapter 

compares the measures on the days of director trading (announcement) with those on a 

control group of ‘comparable days’. With a group of intraday trades, of which some are 
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informed and some are not, the analysis also sheds more light on the effectiveness of 

different measures of adverse selection in capturing asymmetric information. It also 

provides evidence whether the measures capture pure adverse selection costs, pure 

illiquidity costs, or a combination of both. Fourth, the third intraday empirical analysis in 

Chapter 6 focuses on the role of the pre-trade transparency requirement in incorporating 

public and/or private information into prices and non-price movements of the downstairs 

market. The analysis investigates whether or not this requirement benefits the market, and 

whether or not its absence hurts the market.  

 

In conclusion, the whole thesis contributes to enrich the empirical literature on insider 

trading from different angles, such as motivation, implied information levels, trading 

strategies, and choice of exposure to the pre-trade requirement. In addition to providing 

more comprehensive evidence on whether the market is (semi-strong/strong) efficient on 

both daily and intradaily frequencies, this thesis adds more insights on the empirical uses 

of theoretical models in estimating adverse selection costs. The study of the pre-trade 

transparency requirement and its impact on the ability of the market in discovering 

informed trades also suggests important recommendations to policy makers on whether 

it is essential to maintain or enhance the scrutiny of the pre-trade transparency 

requirement for likely informed trades. 
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CHAPTER 3 

DATA AND METHODOLOGY 

 

3.1 Introduction 

This chapter presents the data and the methodology adopted in this thesis and highlights 

the contributions of a proposed classification method for the identification of informed 

trades made by insiders and a matching algorithm to facilitate the detection of open-

market trades made by UK directors. The classification method and the matching 

algorithm constitute the backbone analytical engine of all the three empirical analyses in 

Chapters 4, 5 and 6. The next section, Section 3.2, presents the data collection process for 

the overall thesis. Section 3.3 discusses the classification method of director informed 

deals based on the qualitative information collected from the official public 

announcements of these deals. Section 3.4 presents the aggregation process that facilitates 

the newly proposed matching algorithm. Section 3.5 presents the matching algorithm that 

this thesis devises and uses to detect the open-market trades that are most likely related 

to director deals. This matching algorithm allows the identification of a split order if it is 

split actively into smaller orders and the exact timestamp of the open market trades that 

are most likely related to the associated director deal. Section 3.6 summarises how 

particular sub-samples of the data are selected for each of the empirical studies in 

Chapters 4, 5 and 6 based on each study’s research objectives and specific methodologies. 

Section 3.7 presents the generic methodologies that are applied throughout the thesis. The 

section discusses the use of the daily event study adopted in Chapter 4 for investigating 

the daily stock price reaction around the events of UK director dealings and their 

associated announcements. A slightly different methodology is adopted in Chapter 6 due 

to the chapter’s specific aims and objectives of analysing intradaily trade events. The 

chapter adapts the daily event study methodologies presented in Sub-section 3.7.1 and 

uses additional microstructure methods to conduct an intraday event study to investigate 

the trade-by-trade price and non-price impacts of director trades. The proposed matching 

algorithm can identify actual open-market trades for a portion of UK director deals. These 

detected trades serve as the central sample of intradaily events in the third empirical 

analysis of Chapter 6. The study of these intraday events requires additional methods in 

considering the intraday seasonality of trade data and in analysing the price discovery 

process and non-price characteristics (i.e., trading volume and duration between trades). 
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Methodologies that are specific to each of the empirical analyses of Chapters 4, 5 and 6 

are presented in these respective chapters. Finally, Section 3.8 concludes this chapter. 

 

3.2 Data processing and description 

This section documents the scope and collection period of the data. This thesis needs to 

combine director dealing announcement data with intraday trade data. Accordingly, the 

collection period is strongly dependent on the availability of intraday trade data. Sub-

section 3.2.1 describes how this thesis combines these sets of data and the resulting 

limitation. Sub-section 3.2.2 describes the data collection process and presents unique 

characteristics of the data that allow the analyses in this thesis to be conducted. 

 

3.2.1 Scope of the data 

The empirical analyses are carried out on UK director deals. Information on these deals 

is disclosed publicly and can be available for very long periods of up to 20 years from 

different text databases, such as NEXIS. In addition, the nature of this research requires 

the use of intraday trade data to detect the actual open-market trades that relate to UK 

director deals. Availability to the researcher of detailed intraday data, however, is limited 

to only two years and on 106 companies that were once in the constituent list of the 

FTSE100 index during the period 2014–2015. The list of these companies is provided in 

Appendix 3.A. Consequently, this thesis focuses on the dealings of the directors of these 

106 FTSE 100 UK companies during the sample period 01/01/2014 through 31/12/2015. 

 

3.2.2 Data collection 

This thesis uses a combination of three data sets. The first set consists of information on 

deals made by directors of these 106 companies during the overall two-year sample period 

that is available. During this period, however, the following seven of these 106 companies 

do not report any insider deals: ANTOFAGASTA (ANTO), BAE System (BAES), BHP 

BILLITON (BLT), CRH (CRH), FRESNILLO (FRES), RELX (REL), and REX 

BIONICS (REX). This reduces the data set to 99 companies. The information available 

on the remaining companies consists of values for the following variables for each 

director deal: company ticker or company name, date and time of the deal’s official 

announcement made on the Regulatory News Service (RNS), date of reporting to the firm 

(if available), date of the deal, direction of the deal (purchase or sale), name of the director 

or persons discharging managerial responsibilities (PDMRs) involved in the deal, and the 

volume, price, currency, place, and reason or purpose of the deal. The reasons or purposes 
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of the deals include purchases, dividend reinvestments, contract buys, reinvestments, 

sales, sales after option exercise, sales after award vesting/releasing, contract sales, sales 

and purchases, and purchases and sales. The last two categories are pairs of sale and 

repurchase or purchase and resale, in which a sale (purchase) is followed immediately by 

a purchase (sale) of nearly the same value, usually for the purpose of transferring shares 

from one account to another. The reasons or purposes of deals are qualitative data that are 

important for the analyses in this thesis as they facilitate the proposed classification 

method of UK director deals. Disclosures on UK director deals contain deals that are 

traded outside the UK and in foreign currencies. However, since intraday trade data is 

only available for transactions on the LSE and in the Great British Pound (GBP), director 

deals that are not conducted in GBP or that have not taken place in the UK are removed 

from the main sample. This set of qualitative data is collected manually from the NEXIS 

database. Company announcements during the period from 01/01/2015 to 12/31/2015 are 

cross-checked against RNS announcements retrieved from the LSE’s website. RNS 

announcements on the LSE website are archived for the two most recent years only. Thus, 

at the time of data collection (end of 2016), the announcements for the year 2014 were no 

longer available on the website. Director dealing data for 2014, therefore, relies mainly 

on the NEXIS database. 

 

The second set consists of intraday trade and quote (TAQ) data for each stock extracted 

from the Thomson Reuters Tick History (TRTH) intraday database. For each market 

trade, the following is collected: price, volume, time and date, and the method of 

execution (i.e., whether a trade is executed in the downstairs market as an automatic trade 

or is executed in the upstairs market either as an ordinary trade, which is subject to a pre-

trade transparency requirement, or as a negotiated trade, which is not subject to such a 

requirement).20 For each quote update, the following is collected: bid price, bid size, ask 

price, and ask size. The timestamp of trades and quotes in this data set is exact to the 

microsecond. There are five companies with incomplete intraday data during the two-

year sample period of the study. Data for SKY (SKYB), formerly known as British Sky 

Broadcasting Group plc., which changed its name to Sky plc. in November 2014, is 

available for the period from 14/11/2014 to 31/12/2015 only; data for TUI (TUIT), which 

is a new group formed as a result of a merger, is available for the period from 17/12/2014 

to 31/12/2015 only; data for AMEC plc (AMEC), which completed its purchase of Foster 

 
20 For more detail on the means of trading execution defined by the LSE, see Appendices 3.E and 3.F 
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Wheeler on 13/11/2014 and simultaneously changed its name to Amec Foster Wheeler 

plc., is available for the period from 01/01/2014 to 13/11/2014 only; data for INDIVIOR 

(INDV), which demerged from Reckitt Benckiser, is available for the period from 

23/12/2014 to 31/12/2015 only; and data for Dixons Carphone (DC), which was a result 

of a merger between Dixons Retail and Carphone Warehouse Group, is available for the 

period from 07/08/2014 to 31/12/2014 only. Due to the incomplete availability of intraday 

data for these companies, I have to remove director deals that have taken place outside 

the available range of the intraday data. For the remaining 94 companies, intraday data is 

available fully throughout the two-year sample period. This second data set is used in the 

matching algorithm to detect open market trade(s) that are most likely related to a 

disclosed UK director deal in the first data set.21 The detection plays an essential role in 

assigning an indicator of whether or not a deal is likely to be associated with an intraday 

stealth-trading strategy. This facilitates the first empirical analysis of Chapter 4 about 

whether UK directors are involved in intraday stealth trading. This data set is also used 

to calculate and estimate the microstructure measures of adverse selection costs 

associated with director deals that are relevant to the second empirical analysis of Chapter 

5. The set is used further in the empirical analysis of Chapter 6 to investigate the trade-

by-trade price and non-price impacts of trades related to disclosed UK director deals. 

 

The third set of data is sourced from Datastream and consists of daily observations of 

stock index returns and firm market and market-to-book values. This set includes stock 

index returns data 270 days before 01/01/2014 to 170 days after 31/12/2015 and are used 

in the daily event study of Chapter 4 where abnormal returns are calculated 20 days before 

and 170 days after each UK director trading event and associated announcement event. 

Data from 270 days to 20 days before each event are used to estimate alphas and betas 

for the market model normal return calculation. Firm market and market-to-book values 

serve as control variables in regressions carried out throughout the three empirical 

chapters. Details of the specific sample(s) used in each of the three empirical studies in 

Chapters 4, 5 and 6 are discussed below in Section 3.6. The next three sections present 

the adopted deal classification method, the aggregation process, and the matching 

algorithm that underlay all empirics and sample selection. 

 

 
21 A list of holidays and non-trading days during the sample period is reported in Appendix 3.B 
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3.3 The proposed deal classification method 

Corporate insiders often possess private information about their companies and, 

consequently, their deals are suspected to be more informed (Seyhun, 1990; John and 

Lang, 1991; Lee, Mikkelson and Partch, 1992; Seyhun and Bradley, 1997; Huddart, Ke 

and Shi, 2007). However, their motive for trading, other than to exploit private 

information, may vary on a case-by-case basis, and can be due to asset reallocation 

(Mikkelson, Partch and Shah, 1997; Lakonishok and Lee, 2001; Kallunki, Nilsson and 

Hellström, 2009), liquidity needs (Huddart, Ke and Shi, 2007; Chua and Nasser, 2016),  

and contrarian trading strategies (Seyhun, 1992; Lakonishok and Lee, 2001). An intuitive 

approach to study the trading motive of insider deals is to look at their disclosed trading 

purpose, if available. However, this approach has not been used in the literature in the 

US. For example, sales following the exercise of options are not distinguished in some 

US studies (e.g., Fidrmuc, Goergen and Renneboog, 2006). Lakonishok and Lee (2001) 

also explicitly state that sales after option exercises are recorded as if they are a common 

sale. Hence, US studies do not clearly distinguish the information level of a common sale 

from that of a sale following the acquisition of shares through option exercise. To study 

insider deals by their trading motives, research on US data tends to rely on other 

corresponding events, such as dealings after initial public offerings (IPOs) (Mikkelson, 

Partch and Shah, 1997). To study the informativeness of different insider deals, previous 

studies (e.g., Seyhun, 1986; Lin and Howe, 1990; Fidrmuc, Goergen and Renneboog, 

2006) propose a few rules to distinguish between informed and uninformed insider deals 

and between insider deals of varying degree of informativeness. These rules include: 

Hierarchy Theory, which stipulates that senior managers are better informed than junior 

managers; the use of other fundamental characteristics, such as firm size, deal size, and 

market-to-book value of the firm; and the clustering of insider deals. Recent papers shift 

focus to insider trading patterns, such as: the ‘routine’ versus ‘opportunistic’ deals of 

Cohen, Malloy and Pomorski (2012), association to news and subsequent abnormal 

returns as in Klein, Maug and Schneider (2017), or order submission and execution 

strategies as in Klein, Maug and Schneider (2017) and Collin-Dufresne and Fos (2015). 

 

Practically, research on UK data can analyse disclosed director deals by their motive or 

purpose, since company announcements are issued in non-standardised forms and most 

announcements disclose the purpose of the deals. Despite this data availability, however, 

most UK studies focus on director plain vanilla purchases and sales only. For example, 

Pope, Morris and Peel (1990) and Finnerty (1976) exclude deals that relate to the exercise 
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of stock options and the acquisition of shares through bonus programmes. According to 

Pope, Morris and Peel (1990) this treatment is standard in the prior literature. The authors 

also exclude sales that follow option exercise, and Dardas (2012) eliminates sales that 

follow option exercise and the deals that relate to compensation plans. Fidrmuc, Goergen 

and Renneboog (2006) specifically state that they exclude sales following option exercise 

because they expect them to have low informational content. Amongst all the mentioned 

prior UK studies, only Gregory et al. (1994) include sales following option exercise, share 

bonuses, and rights issues by reclassifying these sales into a neutral, buy, or sell signals. 

To the best of my knowledge, there are no other studies that consider sales following 

option exercises and share bonuses as specific groups of deals. Such a study would be 

beneficial at least in justifying the inclusion (in US studies) or the exclusion (in UK 

studies) of such deals in the insider trading literature. 

 

There is, therefore, an interesting gap in the literature for analysing stock performance 

following insider trades initiated by different motives or for different dealing purposes. 

Addressing this gap contributes by shedding light on the choice of the previous UK 

studies in excluding sales after option exercise from their samples, which presumably is 

mainly based on their expectation that these deals have low informational content. Such 

an analysis might also shed light on whether the inclusion of sales after option exercise 

in the previous US studies creates bias to their results. This thesis aims to test if these 

deals carry information, and even if not, the retention of these deals in the sample would 

facilitate further the research objective of comparing the effects of informed and 

uninformed deals of UK directors. Should these deals prove non-informative, they would 

constitute a benchmark group for comparison with other suspected informed deals. 

 

Beside plain vanilla purchases and sales, which are triggered by the need of insiders to 

acquire or dispose of shares for personal or information-related motives, other insider-

related open-market deals that are not necessarily initiated by insiders themselves but 

occur due to other events and yet recorded as insiders’ deals. Examples of the latter are 

purchases under employee stock purchase plans or dividend reinvestment plans, and sales 

following option exercise or bonus award releases. In this thesis, and in addition to the 

classification of deals by direction (purchases or sales), they are also classified by the 

reason or purpose of their instigation; specifically, whether they are discretionary or non-

discretionary. Accordingly, this thesis groups UK director deals into four categories: 

discretionary purchases, non-discretionary purchases, discretionary sales, and non-
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discretionary sales. This classification is based on text descriptions that accompany 

corresponding public announcements. Non-discretionary deals are deals that are triggered 

by events such as option exercise or stock award release. They include purchases through 

dividend reinvestment plans and stock purchase agreements, and sales following option 

exercises and award releases. The analyses in this thesis consider open market trades that 

possibly relate to these deals. Therefore, acquisitions of shares through option exercising 

or bonus programmes are excluded from the sample of purchases, but open-market sales 

following these actions are included in the sample of sales in this study. Directors usually 

sell shares acquired through option exercising or bonus programs immediately to cover 

related costs and tax liabilities. I believe the timing of these ‘non-discretionary’ deals 

depends on the timing of the related events (e.g., time of awards or bonuses), and the data 

shows that these deals are usually executed by a single third party (e.g., the director’s 

company or a brokerage firm) on behalf of a group of directors or employees.22 These are, 

therefore, referred to as ‘non-discretionary’ deals because directors are believed to have 

little or no discretion on when and how to trade. For non-discretionary deals that are 

executed on the same day, at the same price, and for the same dealing purpose, I apply an 

aggregation process (which is described in Section 3.4) to combine individual deals into 

a possible actual submission of one, or more, orders resulting in one or more open-market 

trade(s).23 Discretionary deals, on the other hand, are common open-market purchases 

and sales, where UK directors can choose when and how to trade, i.e., they have discretion 

on whether or not to implement a stealth-trading strategy, to trade on the upstairs or the 

downstairs market, or whether a pre-trade transparency requirement applies to the trades 

(as this depends on which type of broker or dealer they choose to trade with – see 

Appendix 3.F). Conclusions of recent papers that analyse UK director data are mainly 

based on a sample of such discretionary deals that are perceived to be information-based, 

while non-discretionary deals are usually excluded presumably because they are believed 

not to be information-based. Even though this thesis initially starts with the same belief a 

priory, it keeps non-discretionary deals in the sample to aid comparison between informed 

deals and non-informed deals to investigate whether the choice of stealth trading and the 

effect of director deals depend on the level of informativeness. In addition, the 

classification method contributes by providing empirical evidence relevant to the decision 

 
22 This conjecture stems from the fact that the announcements of non-discretionary deals usually disclose a 

group of multiple deals attributed to different directors but are all reported at the same price and to have 

taken place on the same day. In a few announcements, the company also reports the name of the trustee or 

broker who executed the deals on behalf of all the directors or employees.  
23 The aggregation process is described in the next section and is summarised in Figure 3.1. 
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on whether non-discretionary deals, such as sales after option exercise or bonus award 

releases, should be included or excluded in studies of insider trading. To the best of my 

knowledge, Gregory et al. (1994) is the only study that considers the inclusion of sales 

following option exercise, share bonuses, and rights issues by reclassifying these non-

discretionary sales into a neutral, buy, or sell signal based on the relative number of shares 

sold to the number of shares acquired. This thesis also examines these deals, but unlike 

their study, it treats sales after option exercise and bonus releases as a separate group of 

non-discretionary sales, along with the other groups of discretionary purchases, 

discretionary sales and non-discretionary purchases.   

 

A different contender  to this classification method is that of Cohen, Malloy and Pomorski 

(2012). The authors suggest a distinction between information motivated ‘opportunistic’ 

deals and liquidity motivated ‘routine’ deals. Technically, if a deal with some 

characteristics is repeated regularly over a defined period, then all subsequent similar 

deals are classified as liquidity motivated ‘routine’ deals, and if it is not repeated, similar 

subsequent deals are classified as information motivated ‘opportunistic’ deals. They find 

‘opportunistic’ deals, especially sales, to have a higher level of informativeness. 

However, I purport that their classification method might misclassify some insider deals. 

For example, a series of insider deals that indicates informative ‘stealth’ trading as in 

Klein, Maug and Schneider (2017) might be classified as ‘routine’ deals by Cohen, 

Malloy and Pomorski's (2012) classification. Another example is the possible 

misclassification, as ‘opportunistic deals’, of infrequent liquidity-motivated deals, such 

as those carried out by newly appointed managers and those that result from liquidity 

shocks. The algorithm proposed in this thesis is a viable realistic different alternative that 

relies on publicly available qualitative information. Comparison between this thesis’ 

classification method and a modified version of Cohen, Malloy and Pomorski's (2012) is 

presented in Section 4.3 of Chapter 4. 

 

3.4 The aggregation process 

Many non-discretionary deals are attributed to different directors but reported in the same 

announcement. These deals usually occur at the same price, take place on the same date, 

and are executed for the same non-discretionary reason. Hence, I suspect that these deals 

are transacted by a third party (e.g., a trustee or a broker) on behalf of a group of UK 
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directors, and subsequently allocated to their accounts.24 To facilitate the research 

objectives, it is important to trace back the associated intraday trades that were actually 

executed in the market. Therefore, I aggregate the volume of all the non-discretionary 

deals that relate to different directors but completed on the same day, at the same price, 

and for the same reported reason. The aggregation process, summarised in Figure 3.1, 

usually involves non-discretionary deals reported in the same announcement.25 Hence, I 

apply the aggregation process to deals classified as non-discretionary deals only.26 It is 

noted that aggregating non-discretionary purchases, such as those associated with a 

dividend reinvestment plan or an employee stock purchase plan, does not effectively help 

to identify the associated actual open market trades. The first reason is that purchase plans 

usually relate to many employees while the corresponding announcements disclose only 

the parts of the plan that relate to the directors and PDMRs.27 Accordingly, this thesis is 

not able to detect component trade(s) of a deal if the total order value is not disclosed 

correctly and in sufficient detail. The second reason is that the shares purchased under a 

share-saver scheme are usually subject to a discounted price compared to the market 

price. Accordingly, I believe that these shares might be allocated from shares that are 

reserved for the compensation plan or non-retired treasury shares that the company 

currently holds, rather than bought directly from the open market. 

 

This thesis does not aggregate deals classified as discretionary deals. There are few 

announcements that report multiple discretionary deals executed on the same day by the 

same director, but this thesis keeps these as separate discretionary deals as reported. In 

these few cases, directors tend to report all individual executed orders or trades that they 

have made. In most other cases, each director simply reports one total deal over the 

trading day, which implies that directors have already aggregated all their executed trades 

 
24 The main reason for this conjecture is that the name of a trustee or a broker who executes the deals is 

reported in some announcements. 
25 Companies often report in the same announcement a number of non-discretionary deals (beneficial to 

different directors) that relate to a company event, e.g. stock purchase plan. See Appendices 3.C and 3.D 

for examples of such announcements. 
26 There are some non-aggregated non-discretionary deals as can be seen in Table 3.2. There are cases when 

only one non-discretionary deal is reported in one announcement or one announcement reports multiple 

non-discretionary deals taken place at different prices and/or on a different trading day. 
27 Appendices 3.C and 3.D show two examples of announcements related to non-discretionary purchases 

that are aggregated. Appendix 3.C is a very typical case of reporting, in which only the portion of the plan 

that relates to directors is reported, while Appendix 3.D is an example that shows the total value of Rolls-

Royces Share Purchase Plan and for this I can find a matched trade of 30,426 shares at the price of 1190.50 

pence. Only few companies (National Grid, Rolls-Royce, SSE, Anglo American Plc – during 2014) adopt 

the latter approach of reporting and most use the former approach. This might also explain our low detection 

rate for aggregated non-discretionary purchases. 
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Figure 3.1 Summary of the aggregation process, the matching algorithm and the inference of stealth-trading strategy 
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and reported the total volume executed as one deal. This common practice presents 

challenges to the analyses in this thesis in the sense that the reported deal should be 

understood as the total number of shares that are bought or sold over a trading day, and 

not the number of shares that might be related to an individual open-market trade. 

Therefore, even if a director reports only one deal over a trading day, it does not rule out 

the possibility that he/she has submitted multiple orders that result in multiple trades, but 

reported only the total amount of the executed trades at the end of the trading day. Out of 

the 9370 director deals reported during the two-year sample period, 7638 are aggregated 

into 1419 aggregated deals. The resulting sample includes a total of 3151 deals of which 

1419 are aggregated and 1732 are non-aggregated. A summary of the aggregation process 

is presented in Figure 3.1.28 This sample of 3151 deals constitutes the main sample used 

in the analyses of this thesis. For each empirical study and depending on the specific 

research objectives of each analysis, I select appropriate sub-samples from this generic 

sample and extract corresponding intraday data from the TRTH database. 

 

3.5 The proposed matching algorithm 

One main methodological contribution of this thesis is the design and implementation of 

an algorithm that detects the actual executed market trades that match a director’s deal, 

and to differentiate whether a deal is executed as a ‘split-order’ or a ‘non-split-order’. 

This thesis defines a director deal to be associated with intraday stealth trading if it is a 

split-order deal, in the sense that a director would actively split a large deal into a number 

of smaller orders to be executed separately or in sequence throughout the trading day. 

This would result in multiple open market trades recorded in the intraday trade data that 

may not necessarily be consecutive trades, but more likely interrupted by other ‘noisy’ 

trades resulting from orders submitted by other traders.  

 

Similarly, this thesis assumes market depth in FTSE 100 shares is sufficient for stealth 

traders to take advantage of private information through the submission of large orders. 

Accordingly, this thesis defines a deal to not be associated with stealth trading if it is a 

non-split-order deal executed through the submission of one, and often large, order only. 

The matching algorithm is based on the fact that if one order only is submitted to the order 

book, the execution can be through either a single trade or a series of uninterrupted (by 

noisy trades from other traders) consecutive trades. For example, a single buy market 

 
28 Descriptive statistics of deals before and after the aggregation process can be found in Table 3.3. 
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order of 5000 shares, which would be construed as a ‘non-split-order’ deal, might be filled 

by one standing sell limit order resulting in one trade only of 5000 shares, or filled by 

multiple sell limit orders of possibly varying volume and prices (e.g., by three orders: 500 

shares at 100p, 3000 shares at 101p, and 1500 shares at 102p). The example in parenthesis 

consists of three uninterrupted consecutive trades of unequal prices and volume, but with 

a total volume equal to that of the director’s deal. Accordingly, the price reported for a 

director’s deal may match the price of either one market trade, a series of consecutive 

equally-priced market trades, or the volume-weighted average price of a series of 

unequally-priced market trades. The matching algorithm searches for all three 

possibilities. The algorithm also allows for the possibility that the deal’s price, or volume-

weighted average price, is reported rounded to the nearest pence (since prices are reported 

in pence). This matching algorithm together with resulting number of matched trades, is 

summarised in Figure 3.1. 

 

For each director deal, I first separate upstairs trades from downstairs trades using the 

intraday trade data of the relevant stock on the dealing date. Second, I apply the proposed 

matching algorithm to each group, and consider time windows of varying widths when 

scanning through the intraday data in chronological order. For deals that are traded and 

announced on the same day, I only search until the announcement time because matching 

market trades must occur before, and up to, the time of the related announcement. I count 

the number of times I find one market trade only, or a series of uninterrupted consecutive 

trades, that satisfy the following conditions: (1) the total volume of the market trade or 

series of trades is equal to the reported volume of the director deal; (2) the rounded 

volume-weighted average price of the market trade or series of trades is equal to the 

reported price of the director deal; and (3) the buy/sell indicator of the market trade or all 

trades in the series must be consistent with that reported for the director deal, i.e., a sell 

(buy) initiated trade must be followed by sell (buy) initiated trades. The buy/sell indicator 

of a trade is determined based on the Lee and Ready's (1991) algorithm without its 

outdated five-second rule (Bessembinder, 2003; Henker and Wang, 2006). Following this 

second step, if at least one match can be found, the deal is assigned as being executed as 

a ‘non-split-order’ deal, i.e., one that does not use a stealth strategy. If there is one match 

only for the deal, the deal is considered as a ‘detectable non-split-order’ because it is 

known exactly when and how the deal is executed. If there are more than one match, and 

although one cannot be absolutely certain about when and how a deal is executed, the 

multiple matches present a strong possibility that the deal is non-split and could be one 
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of the matched trades. Hence, multiple matches do not affect the results of the first 

empirical analysis of chapter 4. 

 

Panel A of Table 3.1 shows that out of the total overall sample of 3151 deals, the matching 

algorithm identifies 961 non-split-order deals of which 844 are detectable as either single-

trade deals (a total of 723 deals, including 574 deals matched with a unique trade by 

volume and exact prices and 149 deals matched with a unique trade by volume and 

rounded prices) or multiple-trade deals executed as series of consecutive trades (121). 

These 961 non-split-order deals are used in the first empirical analysis of Chapter 4 as a 

sub-sample of deals that do not involve intraday stealth trading. This sub-sample is 

discussed in detail in Sub-section 3.6.1. The sub-sample of 723 deals that are most likely 

executed through one trade detected by the proposed algorithm, is also used in the second 

and third empirical analyses of Chapters 5 and 6, but followed by some appropriate filters 

that are discussed in Sub-sections 3.6.2 and 3.6.3. The results of applying the algorithm 

shown in Table 3.1 represent an overall detection rate of 26.79% (18.22% + 4.73% + 

3.84%). Out of the 723 unique single-trade matched deals, 574 are detected with the exact 

price and 149 with a rounded price. It is also important to note that most of the 961 non-

split-order deals are executed using the upstairs facilities (707 out of 961 deals). Table 

3.1, Panel B presents the numbers and percentages of these non-split-order upstairs deals.  

 

The remaining 2190 deals are called undetectable split-order deals, which are used in the 

first empirical analysis of Chapter 4 as a sub-sample of deals that involve intraday stealth 

trading because no matching market trades could be detected by the algorithm. Out of 

these 2190 undetectable split-order deals, 175 have reported prices outside the trading 

price range (see Table 3.1, Panel C). The reasons could be reporting errors in the price 

and/or the dealing date, or these are trades transacted over-the-counter in other trading 

venues or facilities. Most of these deals are aggregated non-discretionary purchases. The 

fact that some reported deal prices are out of the valid price range on the corresponding 

trading date supports my belief that non-discretionary purchases that usually occur at 

discounted prices are not open market trades. Over-the-counter trades or the allocation of 

reserved shares or treasury shares might explain this fact. 
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Table 3.1  Summary results of the matching algorithm 

This table summarises the results of the matching algorithm on two samples. The original sample includes observations on INDIVIOR (INDV) while the 

other sample does not. Observations on INDV need to be removed for the analysis of CAARs because data for the market model estimations are not 

available for that company. 

  Including INDV (1) Excluding INDV (2) 

  Number of deals % Number of deals % 

A. Results of the matching algorithm         

(1a) Match with a unique trade by volume and exact price 574 18.22% 551 17.73% 

(2a) Match with a unique trade by volume and rounded price 149 4.73% 141 4.54% 

(3a) Match with a unique series of consecutive trades 121 3.84% 121 3.89% 

(4a) Match with more than one trade or series of consecutive trades 117 3.71% 108 3.47% 

(5a) Total number of non-split-order deals = (1a) + (2a) + (3a) + (4a)  961 30.50% 921 29.63% 

(6a) Number of split-order deals 2190 69.50% 2187 70.37% 

(7a) Total = (5a) + (6a) 3151 100% 3108 100% 

B. Results of the matching algorithm of upstairs deals/trades         

(1b) Match with a unique upstairs trade by volume and exact price 500 15.87% 477 15.35% 

(2b) Match with a unique upstairs trade by volume and rounded price 131 4.16% 123 3.96% 

(3b) Match with a unique upstairs series of consecutive trades 23 0.73% 23 0.74% 

(4b) Match with more than one upstairs trade or series of consecutive upstairs 

trades 53 1.68% 46 1.48% 

(5b) Total number of non-split-order upstairs deals = (1b) + (2b) + (3b) + (4b)  707 22.44% 669 21.53% 

C. Description of deals with reported price outside the trading price range         

(8) Discretionary purchases 8 0.25% 7 0.23% 

(9) Non-discretionary purchases 150 4.76% 150 4.83% 

(10) Discretionary sales 6 0.19% 6 0.19% 

(11) Non-discretionary sales 11 0.35% 11 0.35% 

(12) Total = (8) + (9) + (10) + (11) 175 5.55% 174 5.60% 
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Comparison with other algorithms 

A much simpler matching algorithm is used in Cornell and Sirri (1992), Inci, Lu and 

Seyhun (2010), and Collin-Dufresne and Fos (2015), in which only one trade that matches 

the reported volume and price is considered as a unique match for an insider deal. In 

addition, volume data is rounded to the nearest hundred in Inci, Lu and Seyhun (2010). 

Compared to this simpler searching strategy, this thesis’ strategy leads to a higher 

detection rate as it considers the fact that a submitted order (likely to be large, as most 

directors deals are) might be passively split into a number of smaller orders resulting in 

several uninterrupted consecutive trades due to automatic multiple filling of market 

orders by the order book mechanism (i.e., multiple fills). The matching rate of Inci, Lu 

and Seyhun (2010) is 12.5%, and that of Collin-Dufresne and Fos (2015) is 4.3%. Beside 

a more detailed matching algorithm, the fact that this thesis’ intraday data includes 

upstairs trades also contributes to its high detection rate of 26.79%, as most detectable 

trades are executed upstairs (see Table 3.1, Panel B).29 When I exclude upstairs trades 

from the search pool, the matching rate reduces to 8.06% ((961–707)/3153). Using the 

simpler matching algorithm of Inci, Lu and Seyhun (2010) and Collin-Dufresne and Fos 

(2015) on downstairs trades only, the matching rate would reduce further to only 2.92% 

((723 – 500 – 131)/3153). Thus, this thesis’ high matching rate is due mainly to the 

inclusion of upstairs trades, but the devised algorithm is still beneficial as it increases the 

matching rate of downstairs trades from 2.92% (using the simpler matching method of 

the cited articles) to 8.06% (using the improved matching method). Trading functionality 

on the order book is quite flexible and is increasingly more popular, and this increases the 

successful capability of multi-fill matching mechanism. This is  evidenced by a decreased 

matching rate when the simpler matching algorithm is used, from 12.5% in Inci, Lu and 

Seyhun (2010) on data in the period of 1991–2001 in the US, to 4.3% in Collin-Dufresne 

and Fos (2015) on data in the period of 1994–2010 in the US, and to 2.92% in this 

comparable study on data in the period of 2014–2015 in the UK. Therefore, the improved 

matching method of this thesis with a rate of 8.06% supports the use of the devised 

algorithm for future studies in the field. 

 

Excluded firm 

The empirical analysis of cumulative abnormal returns (CARs) using the market model 

of Chapter 4 loses some of the detected deals of INDIVIOR because the company was a 

 
29 It is unclear whether or not Inci, Lu and Seyhun (2010) and Collin-Dufresne and Fos (2015) include 

upstairs trades in their datasets. Both studies are silent on this matter. 
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result of a spin-off in 2014, and there is no sufficient historical data for estimating 

historical alphas and betas. The exclusion of SKY, TUI, AMEC, and DC due to the same 

reason of a lack of daily stock price data does not reduce the number of detected deals as 

there are no detected trades for these four firms. The sample reduces to 3108 deals due to 

the exclusion of these companies, mainly of INDIVIOR. Description of the data with this 

exclusion is also reported in Table 3.1 under the columns titled ‘Excluding INDV (2)’. 

 

Remarks 

The matching algorithm plays an essential role in the research design of this thesis. It 

helps identify which deals are most likely associated with intraday stealth trading and 

which deals are not. This facilitates the research objective of the first empirical analysis 

of Chapter 4. In addition, it allows the identification of the most likely intraday trade(s) 

that results from the open-market execution of a disclosed UK director deal, and this 

benefits the intraday event study in the third empirical analysis of Chapter 6. The 

identification of a timestamp requires unique identification of trades, therefore I only 

retain detected deals that can be matched with one unique trade or one unique series of 

consecutive trades.30 The timestamp identification of such trades also facilitates the 

estimation of adverse selection cost measures over a one-hour period, and these are used 

in the second empirical analysis of Chapter 5. Compared to other contenders in the 

literature, this thesis’ matching algorithm produces a higher detection rate, which is 

considered as a contribution that is likely to benefit future studies interested in detecting 

particular intraday trades related to disclosed deals.  

 

3.6 Sampling and descriptive statistics  

This section describes the different sub-samples used in the three empirical analyses of 

Chapters 4, 5, and 6, in Sub-sections 3.6.1, 3.6.2, and 3.6.3, respectively. These sub-

samples are selected based on the particular research requirements of each empirical 

analysis. The relationship between the sub-samples is demonstrated in Figure 3.2. 

 

3.6.1 Sub-samples used in the first empirical analysis (Chapter 4) 

The first empirical analysis studies the overall informativeness of UK director deals 

stratified by the classification method mentioned in Section 3.2 and by whether UK 

 
30 If a deal is matched with multiple trades, it will not be considered as detected and will be removed from 

the studying sample. Hence, the multiple matching issue does not affect the results of the second and the 

third empirical analyses of Chapters 5 and 6. 
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directors use intraday stealth-trading strategies. This thesis identifies the use of intraday 

stealth-trading strategy based on the proposed matching algorithm as discussed 

previously in Section 3.5. A dummy variable, ‘Split-order’, is used to distinguish the 

deals that are split-order, i.e., those in which an intraday stealth-trading strategy is likely 

to have been adopted by the director. All director deals identified by the proposed 

algorithm as executed by one trade or one series of uninterrupted consecutive trades are 

considered as non-split-order deals. The whole sample of 3151 director deals consists of 

961 non-split-order deals and 2190 split-order deals. The descriptive statistics by different 

dealing purpose for the whole sample, and for the split-order and non-split-order sub-

samples, are reported in Tables 3.2 and 3.3.  

 

As shown in Table 3.2, out of the whole sample of 3151 deals, 17% are discretionary 

purchases (all are non-aggregated), 37% are aggregated non-discretionary purchases, 

14% are non-aggregated non-discretionary purchases, 11% are discretionary sales (all are 

non-aggregated), 8% are aggregated non-discretionary sales, and 13% are non-aggregated 

non-discretionary sales. Out of the detected 17% (524) discretionary purchases, 61% 

(319) are non-split-order deals, and 39% (205) are split-order deals. Out of the detected 

11% (351) discretionary sales, 44% (156) are non-split-order deals, and 56% (195) are 

split-order deals. Accordingly, the matching algorithm described in Section 3.5 works 

well in detecting non-split-order discretionary purchases and sales with matching rates of 

61% and 44%, respectively. It is worth noting that most of the discretionary purchases 

and sales are usually not aggregated, i.e., they stay in the data set as reported by the 

directors. The matching rates are high for both discretionary purchases and sales but 

significantly higher for purchases. Accordingly, the likelihood of using non-split-orders 

is significantly higher for discretionary purchases than for discretionary sales.31 For non-

discretionary deals, while the matching rate is the same for non-aggregated and 

aggregated purchases (19% for both), the matching rate is higher for non-aggregated sales 

(41%) than for aggregated sales (7%). The lower detection rate for aggregated deals 

reflects the fact that the aggregation process is not always successful in adding up all parts 

of a single trade. The problem lies in the fact that only a portion of the deals that relate to 

directors, PDMRs, and connected persons are reported to the public, and other parts that 

relate to other employees are not required to be disclosed. Overall, 54.16% of  

 
31 The p-value of the t-test for equality of proportions is presented in Table 3.2. 
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Table 3.2 Sample properties: deal direction, deal purpose, and aggregation status 

In this table, ‘D' is for discretionary and 'ND' is for non-discretionary; ‘A’ is for aggregated and ‘N’ is for non-aggregated. The figures in percentage (%) 

under the whole sample columns are calculated as ratios between each category count and the total number of deals in the whole sample. Percentage 

figures under the sub-sample columns are calculated as ratios between sub-sample category count and whole sample corresponding category count. For 

example, out of 877 non-aggregated discretionary sales, 475 deals are non-split, hence the percentage of 54.16% is reported underneath figure 475. 

 

  Whole sample Non-split-order sub-sample Split-order sub-sample 

 (3151 deals) (961 deals) (2190 deals) 

 

  D ND D ND D ND 

  A N A N A N A N A N A N 

Purchases (count) 0 524 1174 447 0 319 219 83 0 205 955 364 

Purchases (%) 0% 17% 37% 14% n/a 61% (a) 19% 19% n/a 39% 81% 81% 

Sales (count) 2 351 243 410 0 156 16 168 2 195 227 242 

Sales (%) 0% 11% 8% 13% 0% 44% (a) 7% 41% 100% 56% 93% 59% 

Sub-total by aggregation status (count) 2 875 1417 857 0 475 235 251 2 400 1182 606 

Sub-total by aggregation status (%) 0% 28% 45% 27% 0% 54% 17% 29% 100% 46% 83% 71% 

Sub-total by discretionary (count) 877   2274   475   486   402   1788   

Sub-total by discretionary (%) 100.00%   100.00%   54.16% (b) (c) 21.37% (b) 45.84% (c) 78.63% 

Total (count) 3151       961       2190       

Total (%) 100.00%       30.50% 69.50%       

 

(a) One-sided t-test for equality of proportion yields a p-value of 1.218e-06  

(b) One-sided t-test for equality of proportion yields a p-value < 2.2e-16  

(c) One-sided t-test for equality of proportion yields a p-value of 0.000292 
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discretionary deals (475 out of 877), and 21.37% of non-discretionary deals (486 out of 2274) 

are executed as non-split orders. The matching rate is significantly higher for discretionary 

deals.32 These figures also confirm that 45.84% of the discretionary deals are executed as 

multiple split-orders. This is strong evidence that insiders do sometimes actively split their 

discretionary deals, which is supportive of Kyle (1985), even on an intraday basis. However, 

the proportion that uses non-split orders is significantly higher for discretionary deals, which 

indicates that the choice of whether or not to split a deal might reflect the informativeness of 

the deal. 

 

Table 3.3 presents descriptive statistics of deal size, in terms of both the number of shares 

and the value of the deal. These are presented for the original sample (before the aggregation 

process mentioned in Section 3.4) and the sample after the aggregation process. As 

mentioned in paragraph 2 of Sub-section 3.6.1, all discretionary purchases and discretionary 

sales are non-aggregated (the aggregation process does not apply to discretionary deals). As 

a result, the descriptive statistics for discretionary deals (in Table 3.3) are identical under the 

first two columns and the next two columns. Therefore, the aggregation process does not 

affect any conclusions or findings on discretionary deals. The descriptive statistics are also 

presented for sub-samples of non-split-order and split-order deals separately. On average, 

sales are larger than purchases, which is consistent with other data used in the prior literature 

(e.g., Fidrmuc, Goergen and Renneboog, 2006; Fidrmuc, Korczak and Korczak, 2013; 

Aussenegg, Jelic and Ranzi, 2018). The dissection of the whole sample by dealing purpose 

(discretionary versus non-discretionary) reveals that the size and value of discretionary (non-

discretionary) sales are roughly six times (twenty times) larger than those of discretionary 

(non-discretionary) purchases. The dissection of deals into split-order and non-split-order 

shows that the split-order sub-sample contains more large deals compared to the non-split-

order sub-sample. Non-split-order discretionary (non-discretionary) sales are much smaller, 

and their dollar value is about half that of split-order discretionary (non-discretionary) sales. 

Similar observations can be made for purchases. These observations suggest that deal size 

might be a determinant of whether a deal should be split or not, as there might be price  

 
32 The p-value of the t-test for equality of proportions between discretionary and non-discretionary deals is 

presented in Table 3.2. 
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Table 3.3 Summary statistics of deal size in number of shares and value 

     All deals (before aggregation) All deals (after aggregation) Non-split-order deals Split-order deals 

 No. of shares Value 

(£,000) 

 

No. of shares Value (£,000) No. of shares Value 

(£,000) 

No. of shares Value (£,000) 

W
h

o
le

 s
a

m
p

le
 

 N 9,370 9,370 3,151 3,151 961 961 2,190 2,190 

 Min 1 0 1 0 1 3 1 0 

 Max 53,756,571 15,145,376 53,756,571 15,145,376 2,750,000 931,676 53,756,571 15,145,376 

 Mean 32,340 15,554 96,105 47,291 46,355 22,598 117,936 58,126 

 Std. dev. 595,539 174,754 1,058,500 315,419 212,544 60,892 1,261,319 375,706 

 1st quartile 24 15 200 107 484 803 138 80 

 Median 127 91 2,200 1,912 4,240 2,968 1,290 1,179 

 3rd quartile 4,233 3,619 22,479 19,373 20,000 14,083 24,069 23,743 

 Skewness 80 0.07 42 36 9 7 36 31 

 Kurtosis 7091 6.05 2,106 1,682 99 69 1,501 1,199 

D
is

cr
et

io
n

a
ry

 p
u

rc
h

a
se

s 

 N 524                 524  524 524 319 319 205 205 

 Min 4                     3  4 3 4 11 4 3 

 Max 2,085,359          722,270  2,085,359 722,270 1,200,000 370,244 2,085,359 722,270 

 Mean 50,738            20,812  50,738 20,812 18,166 7,794 101,423 41,069 

 Std. dev. 220,832            77,707  220,832 77,707 74,555 23,820 334,843 117,979 

 1st quartile 1,115              1,285  1,115 1,285 1,026 1,000 1,200 1,515 

 Median 5,263              3,557  5,263 3,557 5,000 2,824 8,454 5,116 

 3rd quartile         15,725              9,922  15,725 9,922 10,138 7,767 23,503 12,789 

 Skewness                  7                     7  7 7 13 12 4 4 

 Kurtosis                56                   51  56 51 201 171 24 21 

D
is

cr
et

io
n

a
ry

 s
a

le
s 

 N              353                 353  353 353 156 156 197 197 

 Min                  3                     8  3 8 159 67 3 8 

 Max  53,756,571     15,145,376  53,756,571 15,145,376 2,750,000 531,278 53,756,571 15,145,376 

 Mean       355,570          132,252  355,570 132,252 146,990 42,071 520,740 203,665 

 Std. dev.    2,998,561          866,805  2,998,561 866,805 451,108 67,614 3,990,587 1,155,054 

 1st quartile           5,000              6,249  5,000 6,249 4,000 4,274 6,000 8,196 

 Median         25,253            24,430  25,253 24,430 20,000 15,956 27,025 30,935 

 3rd quartile         70,000            72,937  70,000 72,937 68,518 42,548 80,000 80,339 

 Skewness                16                   15  16 15 4 3 12 11 

 Kurtosis              287                 258  287 258 23 21 163 145 

Table 3.3 continued on the next page 
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Table 3.3 … continued 

 

     All deals (before aggregation) All deals (after aggregation) Non-split-order deals Split-order deals 

 No. of shares Value 

(£,000) 

 

No. of shares Value (£,000) No. of shares Value 

(£,000) 

No. of shares Value (£,000) 

N
o

n
-d

is
cr

et
io

n
a

ry
 

p
u

rc
h

a
se

s 

 N           6,639              6,639  1,621 1,621 302 302 1,319 1,319 

 Min                  1                    0    1 0 1 3 1 0 

 Max    4,012,115          879,034  8,536,032 1,870,202 494,777 103,512 8,536,032 1,870,202 

 Mean           2,142                 802  11,353 6,749 4,749 2,903 12,865 7,630 

 Std. dev.         53,846            12,243  213,757 52,248 29,516 9,181 236,538 57,723 

 1st quartile                15                   13  48 52 45 53 51 50 

 Median                40                   19  238 125 441 396 219 117 

 3rd quartile              181                 166  1,398 998 1,880 1,741 1,193 866 

 Skewness                64                     0  39 29 15 6 36 26 

 Kurtosis 4,664  4  1,562 1,002 253 56 1,280 825 

N
o

n
-d

is
cr

et
io

n
a

ry
 s

a
le

s 

 N           1,840              1,840  653 653 184 184 469 469 

 Min                  4                     4  7 4 7 4 52 92 

 Max    2,922,455       1,283,400  7,028,232 1,967,880 1,887,432 931,676 7,028,232 1,967,880 

 Mean         74,260            44,960  202,636 123,249 78,192 64,078 251,459 146,464 

 Std. dev.       192,235            83,173  582,126 221,495 199,083 106,672 669,423 248,963 

 1st quartile           8,270              6,982  11,789 12,232 8,146 7,974 13,250 16,238 

 Median         23,372            17,625  43,116 44,866 23,773 24,070 56,607 55,905 

 3rd quartile         61,156            47,418  157,477 133,370 73,156 71,792 199,214 160,372 

 Skewness                  7                     0  7 4 7 4 6 3 

 Kurtosis                72                     0  61 23 55 27 47 18 
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execution advantages in splitting large deals. The regression analysis in Chapter 4 

addresses this possibility, where deal size and other control variables are considered. 

 

Figure 3.3 presents the distribution of deal size by deal purpose over calendar months. 

This graph shows the higher matching rate for discretionary deals relative to non-

discretionary deals, with the deal count roughly uniformly distributed over calendar 

months. Accordingly, time clustering problems are not severe in the sample. 

 

3.6.2 Sub-samples used in the second empirical analysis (Chapter 5) 

The second empirical analysis of Chapter 5 focuses on daily effects around the trading 

and the announcement dates of UK director deals. From the whole sample of 3151 UK 

director deals in the first analysis, four sub-samples are further designed to investigate if 

daily measures of adverse selection costs can capture the presence of UK director 

informed trading. The first two sub-samples are designed to study whether adverse 

selection costs are higher on days with UK director trading than on days without director 

trades. They consist of stock-day observations for which there are UK director dealings. 

By extracting relevant data from the TRTH database, this thesis estimates daily adverse 

selection measures using one-day intraday trade data for each of these stock-day 

observations. The first sub-sample covers stock-day observations with detected (i.e., non-

stealth trading) UK director trades, and the second sub-sample covers stock-day 

observations with undetected (i.e., stealth trading) UK director trades. This dissection 

allows us to study if the performance of adverse selection measures depends on the 

director’s choice of whether or not to use a stealth-trading strategy. It is expected that 

deals that are not executed stealthily (detected) are more visible to the market and, 

consequently, effects on adverse selection measures are more likely to spot these deals. 

Another reason why it is necessary to separate detected director trades from undetected 

ones into two subsamples is due to the additional information from the former, such as 

the timestamp and the method of execution of the detected trades, which cannot be 

obtained for undetected deals. In the descriptive statistics of the samples used in the first 

empirical analysis described in Sub-section 3.6.1, it is found that most of the detected 

trades are upstairs trades. This thesis also assumes that undetected trades which are part 

of stealth-trading deals are downstairs trades. The assumption is reasonable since the 

downstairs market is a better facilitator for such strategies where trading is fully 

anonymous and traders have full discretion on how they split their intended deals. This 

assumption facilitates an investigation of whether the performance of adverse selection 
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Figure 3.2 Summary on data selection of sub-samples used in different empirical analyses 

Sub-samples in Chapter 4 Sub-samples in Chapter 5 Sub-samples in Chapter 6 

   

Split-order sub-sample 

(961 deals) 

Non-split-order sub-

sample 

(2190 deals) 

Sub-sample of stock-days of detected 

director trades 

(349 stock-day observations) 

Sub-sample of stock-days of 

undetected director trades 

(1455 stock-day observations) 

 

Whole sample 

(3151 deals) 

Sub-sample of stock-day observations 

of announcements 

(1517 stock-day observations) 

Sub-sample of two-hour periods 

around detected director trades 

timestamp 

(653 two-hour observations) 

Sub-sample of two-hour periods 

around announcement timestamp 

(1517 two-hour observations) 

Sub-sample of two-hour period around 

detected director trades 

(653 two-hour observations) 
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Figure 3.3 Distribution of deal size by purpose over calendar months 

The graphs show the classification of deals into split-order and non-split-order deals for each dealing purpose over different calendar months. Each 

column of calendar month shows the frequency count for the month in both years 2014 and 2015. For example, the first column of the first graph on the 

left shows the number of deals classified as split-order deals (black) and non-split-order deals (grey) during January 2014 and January 2015. 
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measures depends on the director’s choice of execution method. The next two paragraphs 

describe these two sub-samples separately and in more detail. 

 

The first sub-sample covers only the stock-days on which there are UK director detected 

trades. Out of 961 deals identified as non-split-order deals in the first empirical analysis, 

723 are detected as to have been executed through one single open market trade. The 

original first sub-sample starts with these 723 deals and is subsequently treated to remove 

confounding effects. To control for confounding effects of announcement events for the 

second empirical analysis, which examines intraday measures of adverse selection costs, 

a deal is removed from the sub-sample if there is another director dealing announcement 

on the same stock and on the same day. To avoid upward bias due to multiple trading 

events occurring on the same day, all deals that occur on the same trading day are removed 

if they have different dealing purpose or different execution method 

(automatic/ordinary/negotiated). For multiple deals that occur on the same day and have 

the same dealing purpose and method of execution, only one total deal per stock per day 

is retained. Therefore, only one total deal per stock per day is retained in the sample. This 

constitutes the first sub-sample for Chapter 5. It contains 349 stock-day observations and 

is used for the daily analysis of detected trading days.   

 

The second sub-sample consists of 2190 stock-day observations with undetected UK 

director trading events. The same techniques as in the first sub-sample are applied to the 

second sub-sample to control for possible contamination of announcement events and 

other trading events (confounding effects) and to net multiple deals that have the same 

dealing purpose and method of execution. Following these filters, the second sub-sample 

retains 1503 stock-day observations with undetected director trades. If the date of 

observation in the second sub-sample overlaps with the date of another observation in the 

first sample, it is removed from the second sub-sample. Following this last filter, the 

second sub-sample consists of 1455 stock-day observations.  

 

The third sub-sample used in Chapter 5 is for studying the announcement events of UK 

director deals, starting with a total of 3151 deals from the whole sample. Some of these 

have recorded announcement times outside the market trading hours. These are removed. 

This leaves 2529 observations. Stock-day observations that are exposed to contamination 

from confounding trading events are also removed. This leaves 1931 observations. 

Following these two filters, and similar to the first and the second sub-samples, I 
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aggregate the volume for each stock-day announcement if an announcement includes 

reports of deals from multiple directors when dealing purposes are consistent. All 

multiple deals that are reported on the same day but have different dealing purposes are 

then removed. This leaves 1584 stock-day observations of public announcements of UK 

director deals. I then remove observations of stock-days during which there are more than 

one announcement of different dealing purpose (after the aggregation of volume of deals 

of similar purpose). Following this control for confounding announcement events, the 

remaining sub-sample has 1520 stock-day observations. Finally, three observations that 

have announcement days after 31/12/2015 are removed. Following these filters, the final 

third sub-sample for the analysis of announcement events consists of 1517 stock-day 

observations.  

 

Panels A, B and C of Table 3.4 present the distributions of the deal size of the three sub-

samples, and similar panels in Table 3.5 present the distributions of the firm size. Table 

3.4 shows that the deal size distribution is similar across the three sub-samples, with a 

higher proportion of smaller deals (those of less than 500 shares). Non-discretionary 

purchases are dominated by these small deals, and discretionary purchases are more likely 

to be small and medium (less than 10,000 shares). In contrast, a high proportion of 

discretionary and non-discretionary sales are large (more than 10,000 shares). With 

regard to firm size, Table 3.5 dissects firms into quartiles by size with the first (fourth) 

quartile representing the lowest (highest) market capitalisation. In general, different firm 

sizes appear equally in the sub-samples, except that sales (both discretionary and non-

discretionary) are more likely to occur for the largest firms belonging to the fourth 

quartile. 

 

For the robustness analysis in Section 5.6 of Chapter 5, which examines hourly adverse 

selection measures around the exact timestamp of detected trading events, the fourth sub-

sample is derived from the original first sub-sample of 732 stock-day observations (before  

applying the one-day contamination filters). To measure hourly adverse selection costs, I 

use a window of two trading hours to remove contaminating effects instead of the one-

day window. Using only two trading hours to control for contaminating effects leaves 

more observations than using one-day. This two-hour sub-sample ends up with 653 

detected trading events (that exclude two-hour contaminating events) and is used for this 

robustness analysis. This is also one of the main sub-samples used in the third empirical 

analysis of Chapter 6, which is discussed in more detail in the next sub-section 3.6.3. 
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Table 3.4 Deal size distribution within samples 

This table shows the distribution of deals according to the deal size in different sub-samples 

that are used in this study. DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-

discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. 

Number of shares (0, 500] (500, 1,000] (1,000, 10,000] (10,000,50,000] >50,000   Total   

  N % n % N % N % n % n % 

A. Daily detected trading event (Sub-sample 1 – used in Chapter 5, n=349) 

DP 14 4.0% 4 0.1% 34 9.7% 18 5.2% 4 0.1% 74 21.2% 

NDP 86 24.6% 1 0.0% 29 8.3% 7 2.0% 1 0.0% 124 35.5% 

DS 5 1.4% 1 0.0% 17 4.9% 16 4.6% 18 5.2% 57 16.3% 

NDS 2 0.0% 0 0.0% 17 4.9% 42 12.0% 33 9.5% 94 26.9% 

Total 107 30.7% 6 0.2% 97 27.8% 83 23.8% 56 16.0% 349 100.0% 

B. Daily undetected trading event (Sub-sample 2 – used in Chapter 5, n=1455) 

DP 15 1.0% 11 0.8% 51 3.5% 23 1.6% 22 1.5% 122 8.4% 

NDP 664 45.6% 73 5.0% 126 8.7% 67 4.6% 40 2.7% 970 66.7% 

DS 8 0.5% 1 0.1% 24 1.6% 33 2.3% 37 2.5% 103 7.1% 

NDS 3 0.2% 6 0.4% 41 2.8% 72 4.9% 138 9.5% 260 17.9% 

Total 690 47.4% 91 6.3% 242 16.6% 195 13.4% 237 16.3% 1455 100.0% 

C. Daily announcement event (Sub-sample 3 – used in Chapters 5, and 6, n=1517) 

DP 23 1.5% 17 1.1% 82 5.4% 37 2.4% 16 1.1% 179 11.8% 

NDP 643 42.4% 68 4.5% 130 8.6% 55 3.6% 34 2.2% 974 64.2% 

DS 8 0.5% 0 0% 33 2.2% 39 2.6% 42 2.8% 129 8.5% 

NDS 5 0.3% 5 0.3% 51 3.4% 95 6.3% 134 8.8% 299 19.7% 

Total 679 44.8% 90 5.9% 296 19.5% 226 14.9% 226 14.9% 1517 100.0% 

D. Intraday detected trading event (Two-hour sub-sample – used in Chapters 5 and 6, n=653) 

DP 43 6.6% 11 1.7% 100 15.3% 44 6.7% 10 1.5% 208 31.9% 

NDP 118 18.1% 3 0.5% 57 8.7% 7 1.1% 2 0.3% 187 28.6% 

DS 7 1.1% 2 0.3% 33 5.1% 34 5.2% 36 5.5% 112 17.2% 

NDS 2 0.3% 2 0.3% 29 4.4% 63 9.6% 50 7.7% 146 22.4% 

Total 170 26.0% 18 2.8% 219 33.5% 148 22.7% 98 15.0% 653 100.0% 

D1. Intraday detected trading event of automatic (downstairs) trades (Part of the two-hour sub sample, n= 88) 

DP 5 0.8% 0 0.0% 1 0.2% 1 0.2% 0 0.0% 7 1.1% 

NDP 75 11.5% 0 0.0% 2 0.3% 0 0.0% 0 0.0% 77 11.8% 

DS 1 0.2% 0 0.0% 1 0.2% 0 0.0% 0 0.0% 2 0.3% 

NDS 1 0.2% 0 0.0% 1 0.2% 0 0.0% 0 0.0% 2 0.3% 

Total 82 12.6% 0 0.0% 5 0.8% 1 0.2% 0 0.0% 88 13.5% 

D2. Intraday detected trading event of ordinary (upstairs) trades (Part of the two-hour sub sample, n= 305) 

DP 17 2.6% 4 0.6% 57 8.7% 23 3.5% 5 0.8% 106 16.2% 

NDP 24 3.7% 1 0.2% 36 5.5% 5 0.8% 1 0.2% 67 10.3% 

DS 1 0.2% 1 0.2% 17 2.6% 21 3.2% 12 1.8% 52 8.0% 

NDS 1 0.2% 1 0.2% 17 2.6% 34 5.2% 27 4.1% 80 12.3% 

Total 43 6.6% 7 1.1% 127 19.4% 83 12.7% 45 6.9% 305 46.7% 

D3. Intraday detected trading event of negotiated (upstairs) trades (Part of the two-hour sub sample, n= 260) 

DP 21 3.2% 7 1.1% 42 6.4% 20 3.1% 5 0.8% 95 14.5% 

NDP 19 2.9% 2 0.3% 19 2.9% 2 0.3% 1 0.2% 43 6.6% 

DS 5 0.8% 1 0.2% 15 2.3% 13 2.0% 24 3.7% 58 8.9% 

NDS 0 0.0% 1 0.2% 11 1.7% 29 4.4% 23 3.5% 64 9.8% 

Total 45 6.9% 11 1.7% 87 13.3% 64 9.8% 53 8.1% 260 39.8% 
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Table 3.5 Firm size distribution 

This table shows the distribution of deals according to firm size in different sub-samples used in this 

study. DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, 

Discretionary Sales, and Non-discretionary Sales, respectively. Columns 1st, 2nd, 3rd, and 4th represent 

the number of deals related to firms that are within the 1st, 2nd, 3rd, and 4th quartiles, respectively. 

Quartiles 1st 2nd 3rd 4th Total 

A. Daily detected trading event (Sub-sample 1 – used in Chapter 5, n=349) 

DP 17 16 27 14 74 

NDP 49 23 16 36 124 

DS 8 7 20 21 56 

NDS 14 14 24 43 95 

Total 88 60 87 114 349 

B. Daily undetected trading event (Sub-sample 2 – used in Chapter 5, n= 1455) 

DP 27 24 45 26 122 

NDP 284 168 185 333 970 

DS 20 28 20 35 103 

NDS 56 45 92 67 260 

Total 387 265 342 461 1455 

C. Daily announcement event (Sub-sample 3 – used in Chapters 5 and 6, n=1517) 

DP 40 30 64 41 175 

NDP 293 155 178 304 930 

DS 23 26 36 37 122 

NDS 64 40 104 82 290 

Total 420 251 382 464 1517 

D. Intraday detected trading event (Two-hour sub-sample – used in Chapters 5 and 6, n=653) 

DP 83 48 49 28 208 

NDP 89 27 32 39 187 

DS 21 12 41 38 112 

NDS 26 24 36 60 146 

Total 219 111 158 165 653 

D1. Intraday detected trading event of automatic trades (Part of the two-hour sub sample, n= 88) 

DP 2 4 1 0 7 

NDP 15 20 13 29 77 

DS 0 1 1 0 2 

NDS 1 0 1 0 2 

Total 18 25 16 29 88 

D2. Intraday detected trading event of ordinary trades (Part of the two-hour sub sample, n= 305) 

DP 42 26 27 11 106 

NDP 47 1 16 3 67 

DS 9 5 19 19 52 

NDS 10 22 18 30 80 

Total 108 54 80 63 305 

D3. Intraday detected trading event of negotiated trades (Part of the two-hour sub sample, n= 260) 

DP 39 18 21 17 95 

NDP 27 6 3 7 43 

DS 12 6 21 19 58 

NDS 15 2 17 30 64 

Total 93 32 62 73 260 
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3.6.3 Sub-samples used in the third empirical analysis (Chapter 6) 

The third empirical analysis of this thesis investigates the intraday price and non-price 

impacts around the actual timestamp of the UK director trades, with a focus on the impact 

of the pre-trade transparency requirement of upstairs trades. To study the intraday effects 

of insider trading event, this thesis uses the two-hour sub-sample ((i.e., the fourth sub-

sample described in the previous Sub-section 3.6.2) as the sample of detectable directors’ 

intraday trading events. The following describes in more detail how this two-hour sample 

is constructed from the original first sub-sample of the second analysis. 

 

From the whole sample of 3151 director deals, 723 are detected as to have been executed 

as single trades. These 723 trades constitute the original first sub-sample in the second 

analysis that is discussed in the previous sub-section. Twelve trades that occurred before 

8:00 am during the opening auction period (from 7:50 am to 8:00 am) and after 4:30 pm 

during the closing auction period (from 4:30 pm to 4:35 pm) are eliminated. Further, 

trades are recorded in the TRTH database with their related stock ticker, price, volume, 

date and time of being reported to the LSE, volume-weighted average price, bid price, bid 

volume, ask price, and ask volume. LSE is a hybrid trading platform with an upstairs 

dealer/broker market and a downstairs order book driven market. The TRTH database 

also flags the method of execution for each trade, namely whether it is an auction 

downstairs trade, an automatic downstairs trade, a negotiated upstairs trade, an ordinary 

upstairs trade, or a trade executed by any of the other execution methods allowed at LSE 

as noted in Appendices 3.E and 3.F. This thesis only examines deals that are immediately 

reported to the exchange in order to capture the actual effects of the director trades. Hence, 

deals that are reported with a delay (denoted as ‘o’ and ‘n’, see Appendix 3.E) are 

removed. There are seven such deals and these are removed from the sample. Following 

this filter, the sub-sample of detected UK director trades has 704 observations. This thesis 

also considers the possibility of contaminating effects between announcement events and 

trading events when these events occur close to each other. Accordingly, observations for 

which the time period between these events is less than two hours are removed. The 

resulting final two-hour sub-sample of trading events contains 653 observations of 

detected intraday trading events. This sample is used to study the intraday effects of UK 

director trading events in Chapter 6.  

 

To study the intraday effects of insider trading announcement events, I use the third sub-

sample of daily announcement events mentioned in Sub-section 3.6.2 without further 
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filters because this sample already controls for other confounding trading and 

announcement events within the same day. Thus, any contamination events within two 

hours should have been controlled for. This sub-sample contains 1517 stock-day 

observations and has the timestamp to the nearest minute of the announcements. Hence, 

it is suitable for a study of intraday effects on price and non-price characteristics around 

the announcement intraday timestamp. 

 

The description of data used in the analysis of Chapter 6 can be found in Panel C (for the 

intraday announcement events) and in Panels D, D1, D2, and D3 (for the intraday trading 

events) of Tables 3.4 and 3.5. Table 3.4, Panel D1 shows that only 88 detected deals 

(13.48%) are automatic (downstairs) trades while most of the trades are ordinary or 

negotiated (upstairs) trades. Panels D1, D2 and D3, also reveal that when deal size is large 

(>10,000 shares), UK directors choose to approach the upstairs market to execute their 

deals and, consequently, their actual intraday trades are easily detectable. Almost all large 

detectable deals (>10,000 shares) are executed upstairs and recorded as either ordinary 

trades or negotiated trades. This implies that the larger the deal, the higher the likelihood 

that UK directors choose to trade it in the upstairs market. 

 

Table 3.6 presents the relativeness of the execution price of UK director trades to the 

prevailing bid and ask prices, and to the prevailing average bid-ask price (denoted as 

PABAP in the table), immediately prior to the trades. A large proportion of deals, 

especially discretionary purchases (sales), are executed at prices that are higher (lower) 

than the PABAP, implying that a market order might have been used and the buying 

(selling) prices are at a disadvantage to the directors. This characteristic of the sample is 

consistent with findings of Inci et al. (2010) that even though market orders seem to be 

the most popular execution method, directors might use limit orders to execute the deals 

(Table 3.6, Column (10) shows that 21% of purchases (and sales) occur below (above) 

the PABAP). The detected automatic trade sub-sample confirms this conjecture, as the 

percentage of market orders is just 51% (the sum of Columns 2, 4 and 6 in Panel A1 of 

Table 3.6). Sub-samples of intradaily detected ordinary and negotiated trades show 

evidence that when UK directors use the upstairs market the prices at which their trades 

are executed are similar to those of market orders executed in the downstairs market. The 

percentages of ordinary and negotiated trades executed upstairs that can be classified as 

similar to market orders executed downstairs, i.e., the sum of Columns 2, 4 and 6 in Panels 

A2 and A3 in Table 3.6, are 84% and 73%, respectively, which are much higher than 
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those of downstairs trades (51%). It seems that UK directors are willing to pay, or end up 

paying, more (receive less) for their upstairs purchases (sales). In addition, the data shows 

interesting differences in trade prices when directors trade upstairs compared to 

downstairs. When directors trade downstairs, their purchases (sales) are worse compared 

to the PABAP in just 6% of the cases (Table 3.6, Panel A1, Column 2). However, when 

they trade upstairs, it is more likely that they get a worse price compared to simultaneous 

downstairs trades: on average, 38% of ordinary and 30% of negotiated upstairs trades are 

executed at a worse price compared to simultaneous downstairs trades. It is also important 

to note that about 34% and 21% of directors’ ordinary and negotiated upstairs trades, 

respectively (relative to only 1% of director downstairs trades), occur inside the prevailing 

bid and ask prices. This is also evidence that about a third of director upstairs ordinary 

trades, and about a fifth of their upstairs negotiated trades, are perceived by market 

markers as liquidity trades, and hence directors receive better prices on them compared 

to the downstairs market.  

 

Together, these statistics show that market makers might be able to screen out the motive 

of director trading, and hence they reward liquidity-driven directors by offering them 

prices inside the prevailing quotes and penalise information-driven directors by charging 

(giving) them higher (lower) prices outside the prevailing bid-ask range for their 

purchases (sales). The findings confirm the study of Smith, Turnbull and White (2001) in 

the sense that the upstairs market seems beneficial in terms of reducing adverse selection 

risk as market makers are able to distinguish between information-based and liquidity-

based trades. Accordingly, it pays for liquidity traders with large orders to execute their 

trades upstairs for better execution prices. However, the opposite is true for information 

traders, as the upstairs market seems to charge them higher prices for their purchases, or 

pays them less for their sales. Although easier for their trades to be uncovered, UK 

directors do choose the upstairs market to execute their informed trades. It seems that the 

benefit of having the order executed with certainty outweighs the cost of having worse 

execution price, especially when informed traders possess such a high level of private 

information. In another way, this is also explainable as the price impact might also be 

worsened and unpredictable if they choose to trade their large deals on the downstairs 

market. A simple reason is that large orders can cause significant temporary price impacts 

that go against their trading position on the downstairs market. The behaviour on the 

downstairs market is also more difficult to predict compared to a certain quote given by  

  



Chapter 3 Data and methodology 

86 
 

Table 3.6 Trade prices of detected UK director deals relative to the prevailing bid, 

ask and average bid-ask prices (PABAP) 

This table presents the relativeness of the trade price to the prevailing bid and ask prices 

immediately before the detected trades. DP, NDP, DS, and NDS stand for Discretionary 

Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary 

Sales, respectively. 

 

(price > 

prevailing ask 

for purchases, 

or price < 

prevailing bid 

for sales) 

(price = 

prevailing ask 

for purchases, 

or price = 

prevailing bid 

for sales) 

(prevailing ask > 

price > PABAP 

for purchases, or 

prevailing bid < 

price < average 

PABAP for sales) 

Price 

=PABAP 

(price < 

PABAP for 

purchases, or 

price > 

PABAP for 

sales) 

Total 

  
Count 

(1) 

% 

(2) 

Count 

(3) 

% 

(4) 

Count 

(5) 

% 

(6) 

Count 

(7) 

% 

(8) 

Count 

(9) 

% 

(10) 

Count 

(11) 

% 

(12) 

A. Intraday detected trading event (The two-hour sub-sample, n=653) 

DP 51 26% 36 27% 83 52% 6 26% 32 23% 208 100% 

NDP 24 12% 54 40% 43 27% 7 30% 59 42% 187 100% 

DS 52 26% 21 16% 22 14% 5 22% 12 9% 112 100% 

NDS 70 36% 24 18% 11 7% 5 22% 36 26% 146 100% 

Total 197 30% 135 21% 159 24% 23 4% 139 21% 653 100% 

A1. Intraday detected trading event - Automatic trades (Part of the two-hour sub-sample, n=88) 

DP 0 0% 4 10% 0 0% 0 0% 3 7% 7 100% 

NDP 5 100% 31 79% 1 100% 2 100% 38 93% 77 100% 

DS 0 0% 2 5% 0 0% 0 0% 0 0% 2 100% 

NDS 0 0% 2 5% 0 0% 0 0% 0 0% 2 100% 

Total 5 6% 39 44% 1 1% 2 2% 41 47% 88 100% 

A2. Intraday detected trading event - Ordinary trades (Part of the two-hour sub-sample, n=305) 

DP 29 25% 12 32% 52 50% 2 18% 11 30% 106 100% 

NDP 13 11% 11 29% 34 33% 4 36% 5 14% 67 100% 

DS 30 26% 6 16% 10 10% 3 27% 3 8% 52 100% 

NDS 43 37% 9 24% 8 8% 2 18% 18 49% 80 100% 

Total 115 38% 38 12% 104 34% 11 4% 37 12% 305 100% 

A3. Intraday detected trading event - Negotiated trades (Part of the two-hour sub-sample, n=260) 

DP 22 29% 20 34% 31 57% 4 40% 18 30% 95 100% 

NDP 6 8% 12 21% 8 15% 1 10% 16 26% 43 100% 

DS 22 29% 13 22% 12 22% 2 20% 9 15% 58 100% 

NDS 27 35% 13 22% 3 6% 3 30% 18 30% 64 100% 

Total 77 30% 58 22% 54 21% 10 4% 61 23% 260 100% 

 

the market upstairs. This is also conjectured in Collin-Dufresne and Fos (2015) when 

the traders have long-lived private information. 

 

3.7 Generic research methodologies 

3.7.1 Event study approach 

The first and third empirical analyses of Chapters 4 and 6 use event study methodology. 

The events are trading events and announcement events of director deals. The chapters 

analyse both but focus on trading events. The analysis in Chapter 4 investigates abnormal 

daily returns around these events in daily frequency, while the analysis in Chapter 6 

investigates intraday abnormal returns around these events in tick-by-tick frequency and 

on a trade-by-trade basis. Abnormal returns prior to trading events allow us to test 
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hypotheses related to contrarian strategies and the effect of corporate insiders’ knowledge 

about mispricing. Abnormal returns following trading events tell us about the profitability 

of insider deals as well as the likely level of the information revealed by, or accompanies, 

the deals. Abnormal returns following announcement events can provide evidence of 

whether outsiders with only public information can take advantage of the information 

inferred from, or revealed by, insider deals. The significance of cumulative average 

abnormal returns (CAARs) is tested both parametrically and non-parametrically. The use 

of non-parametric tests is considered as a robustness check to the usual assumption of a 

normal distribution often inherent in standard parametric tests. Chapter 4 examines 

CAARs before and after the event by looking at different pre-event and post-event 

window lengths, specifically (-20,0), (-10,0), (0,1), (0,2), (0,8), (0,10), (0,30), (0,60) and 

(0,170) in days. These event windows are chosen in light of the evidence documented in 

the literature that the information carried by insider deals is long-lived and might take at 

least six months to reveal its effects (e.g., Pope, Morris and Peel, 1990; Gregory et al., 

1994; Lakonishok and Lee, 2001). Due to the trade-off presented by confounding effects 

the chapter does not consider symmetric window lengths.  

 

Kliger and Gurevich (2014) provide a summary of event methodology and common tests 

for CAARs. The abnormal return can be computed using either the arithmetic return or 

the logarithmic return. This research uses the logarithmic return, defined as: 

 𝑅(𝑙)𝑡
𝑖 ≝ ln

𝑃𝑡
𝑖

𝑃𝑡−1
𝑖 = ln(𝑅(𝑎)𝑡

𝑖 + 1) (3.1) 

where: 

𝑅(𝑙)𝑡
𝑖  is stock 𝑖′s logarithmic return from t-1 to t; 

𝑃𝑡
𝑖  is stock 𝑖′s price at time 𝑡; 

𝑃𝑡−1
𝑖  is stock 𝑖′s price at time 𝑡 − 1; 

𝑅(𝑎)𝑡
𝑖  is stock 𝑖′s time t arithmetic return 𝑅(𝑎)𝑡

𝑖  ≝ (𝑃𝑡
𝑖 - 𝑃𝑡−1

𝑖 )/𝑃𝑡−1
𝑖 ; and  

ln is the natural (base e) logarithm. 

 

The expected (normal) return of a stock can be computed using several models. This study 

uses the two most popular. The first is the market model, which assumes a linear 

relationship between stock returns and the returns of a market index that proxies for the 

‘market portfolio’. The second, which is used here as a robustness check, is the market-

adjusted return model that assumes the normal returns for all stocks are the market returns 

of a broad stock market index. Abnormal returns are deviations of actual returns from the 
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expected (normal) returns given by a certain model. Abnormal returns under the market-

adjusted return model are computed as: 

 𝑀𝐴𝑅𝑡
𝑖 =  𝑅𝑡

𝑖 − 𝑅𝑡
𝑚,  (3.2) 

where,         

𝑀𝐴𝑅𝑡
𝑖  is stock 𝑖′s estimated abnormal return at time 𝑡; 

𝑅𝑡
𝑖  is stock 𝑖′s return at time 𝑡; and 

𝑅𝑡
𝑚 is the market return at time 𝑡. 

Abnormal returns under the market model are computed as: 

 𝐴𝑅𝑡
𝑖 =  𝑅𝑡

𝑖 − (�̂�𝑖 + �̂�𝑖𝑅𝑡
𝑚), (3.3) 

where     

𝑅𝑡
𝑖  and 𝑅𝑡

𝑚 are defined as above; and 

�̂�𝑖 and �̂�𝑖 are the model's parameters, alpha and beta, estimated for stock 𝑖. 

To separate the estimation windows, usually chosen to capture regularities of ‘normal’ 

returns (Kliger and Gurevich, 2014), from the event windows, I choose estimation 

windows of one year ending 21 days before the dealing day. Abnormal returns are 

calculated for each stock on a daily basis, and then accumulated over the days for each 

stock. The CAARs are the average of the cumulated daily abnormal returns across all 

events or each group of events. Chapter 4 examines two versions of cumulated average 

abnormal returns. The first, denoted as CAARs, are the average of the cumulated daily 

abnormal returns across all events using the abnormal returns from the market model. The 

second, denoted as CAMARs, are the average of the cumulated daily abnormal returns 

using the abnormal returns from the market-adjusted return model. 

 

Tests of significance in event studies can be grouped into parametric and nonparametric 

tests. The main assumption for parametric tests is a Normal distribution of abnormal 

returns, while nonparametric tests do not rely on such an assumption. The earliest 

parametric tests are the z-test and the cross-sectional t-test. However, concerns about 

prediction errors have led to further developments. Two main parametric tests that utilize 

standardised abnormal returns are mentioned in Patell (1976) and Boehmer, Masumeci 

and Poulsen (1991). This standardisation provides more powerful tests (MacKinlay, 

1997). While Patell's (1976) test is prone to event-induced volatility, Boehmer, Masumeci 

and Poulsen's (1991) (BMP) test accounts for event-induced volatility and serial 

correlation (MacKinlay, 1997). Further development of these two tests that consider 

cross-sectional correlation is mentioned in Kolari and Pynnonen (2011). As stock prices 
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are not perfectly Normally distributed, the chapter uses non-parametric tests to overcome 

the normality assumption. However, there is evidence that non-parametric tests dominate 

parametric tests only when analysing single-day abnormal returns, but not as useful in 

analysing CAARs over days (Kolari and Pynnonen, 2011). The non-parametric test used 

in this thesis is the generalised rank test proposed by Kolari and Pynnonen (2011) 

(hereafter, the GRANK test) that overcomes problems of other previous non-parametric 

tests, such as the rank tests in Corrado (1989) and Corrado and Zivney (1992). 

 

Due to the limited number of observations in the intraday dataset, albeit the use of which 

is my motivation to investigate long-term consequences of insider trades, the analysis in 

Chapter 4 is first conducted on all observations without eliminating confounding events. 

As a proper adjustment for confounding events, I apply the correction mentioned in 

Gregory et al. (1994) and Gregory, Matatko and Tonks (1997). To extend the z-test from 

single-period returns to multiple-period returns, Gregory et al. (1994) suggest that 

revising the multiple-period return variance can cope with the possibility that there is 

more than one signal during the multiple periods. The detailed process is described fully 

in Gregory et al. (1994), with the main idea being the adjustment of the multiple-period 

return variance upwards if there are more confounding events during the testing period. I 

apply the same adjustment procedure, and the corresponding test is hereafter called the 

GMTP z-test. By way of additional robustness for the first empirical analysis in Chapter 

4, a similar analysis is conducted on a sub-sample that is free of confounding events, and 

although this leads to a significant reduction in sample size, the results are qualitatively 

similar to those of the main analysis. 

 

3.7.2 Multivariate analysis using Ordinary Least Squares regressions 

The second type of methodology used is multiple regressions. Standard Ordinary Least 

Squares multiple regressions (OLS) are used to study the effects of stealth-trading 

strategies on pre-event and post-event abnormal returns with different event windows. 

This thesis also uses OLS multiple regressions to investigate the association between 

deals and company fundamental characteristics with daily adverse selection measures in 

the second analysis of Chapter 5 and with the intraday impact of detected UK director 

trades in the third analysis of Chapter 6. 
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3.8 Conclusion 

The chapter highlights two important contributions in terms of research methodology. 

The first is the proposal of a classification method to identify informed deals made by 

insiders. In addition to classifying deals by direction (purchases or sales), they are also 

classified by the reason or purpose of their instigation; specifically, whether they are 

discretionary or non-discretionary. This thesis groups UK director deals into four 

categories: discretionary purchases, non-discretionary purchases, discretionary sales, and 

non-discretionary sales. This classification is based on text descriptions that accompany 

corresponding announcements. This thesis’ proposed algorithm is a viable realistic 

alternative that relies on publicly available qualitative information that avoids the  

misclassify of some deals that Cohen, Malloy and Pomorski's (2012) classification 

method allows. A detail comparison analysis between the proposed classification method 

and a modified version of Cohen, Malloy and Pomorski's (2012) is presented in Section 

4.3 of Chapter 4. The second contribution is the improved matching algorithm to facilitate 

the detection of open-market trades made by UK directors. This matching algorithm is 

not only useful to differentiate whether a deal is executed as a ‘split-order’ or a ‘non-split-

order’ but to also identify the exact timestamp of director related trades. The former 

usefulness is especially beneficial for the first empirical analysis of Chapter 4 in which 

daily abnormal stock returns are examined to test which group of director deals (purchases 

or sales, discretionary or non-discretionary, with or without stealth-trading strategy) is or 

are more informed. The latter usefulness is essential for the second empirical analysis of 

Chapter 5 in which adverse selection measures are estimated to examine if adverse 

selection costs are higher during periods of director informed trades. It is also vital for the 

third empirical analysis of Chapter 6 in which intradaily trade-by-trade price and non-

price effects of director trades are examined for a clearer picture on whether the pre-trade 

transparency of upstairs trades is useful in disseminating private information to the 

downstairs market. Compared to other contenders in the literature, the proposed matching 

algorithm produces a higher detection rate, which is a contribution that is likely to benefit 

future studies interested in detecting particular intraday trades related to disclosed 

information. 

 

This chapter also provides a clear description of, and linkage between, sub-samples that 

are used in each empirical chapter. The linkage is summarised in Figure 3.2. The whole 

sample of 3151 deals is divided into a ‘split-order’ sub-sample and a ‘non-split-order’ 

sub-sample. The whole sample, the ‘split-order’ sub-sample, and the ‘non-split-order’ 
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sub-sample are used in the empirical analysis of Chapter 4. The overall sample and the 

two sub-samples are refined to filter out all possible intraday confounding events to arrive 

at three smaller sub-samples for use in the empirical analysis of Chapter 5. These samples 

are also refined further to filter out possible confounding events within the two-hour time 

frame for the empirical analysis of Chapter 6. 

 

Upon an examination of the basic statistics of these sub-samples, the chapter reports some 

interesting findings. First, the proportion that uses non-split orders is significantly higher 

for discretionary deals, which indicates that the choice of whether or not to split a deal 

might reflect the informativeness of the deal. Second, the matching rates are high for both 

discretionary purchases and sales but significantly higher for purchases. Accordingly, the 

likelihood of using non-split-orders is significantly higher for discretionary purchases 

than for discretionary sales. Chapter 4 sheds more light on these two anecdotal findings. 

Third, the split-order sub-sample contains more large deals compared to the non-split-

order sub-sample. This observation suggests that size might be a determinant of whether 

or not a deal should be split, as there might be price execution advantages in splitting 

large deals. The regression analysis in Chapter 4 addresses this possibility, where deal 

size and other control variables are considered. Fourth, a very high proportion of detected 

director trades are upstairs trades. Within the group of detected deals, upstairs trades are 

usually larger in volume compared to downstairs trades. It is not clear whether or not 

directors trade upstairs because of their large deal size or because of their deal implied 

private information. Fifth, these upstairs trades can be either ordinary trades that require 

pre-trade transparency or negotiated trades that do not require pre-trade transparency. The 

fourth and fifth findings are examined in more details in Chapter 6 with an in-depth 

analysis on the price and non-price effects of director trades compared to comparable 

non-director trades. The data also shows that there are cases when directors, especially 

when they trade upstairs, experience worse execution prices compared to simultaneous 

downstairs trades. However, there is a higher proportion of director upstairs trades, 

compared to downstairs trades, that occur inside the prevailing bid and ask prices. This is 

preliminary indication that often director upstairs trades are perceived by market markers 

as liquidity trades, and hence directors receive better prices compared to the downstairs 

market. Together, these pieces of evidence show that market makers might be able to 

screen out the motive of director trading, and hence they reward liquidity-driven directors 

by offering them better prices or penalise information-driven directors by offering them 

worse prices. These findings confirm the study of Smith, Turnbull and White (2001) in 
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the sense that the upstairs market seems beneficial in terms of reducing adverse selection 

risk as market makers are able to distinguish between information-based and liquidity-

based trades. Although the likelihood of informed trades to be uncovered is higher 

upstairs, UK directors do choose the upstairs market to execute their informed trades. 

This maybe an early indication that the benefits of having the order executed with 

certainty upstairs may outweigh the costs of having worse execution prices, especially 

when informed traders possess such a high level (and longevity) of private information 

that market makers are unable to fully discover. 

  



Chapter 3 Data and methodology 

93 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendices to Chapter 3 

  



Chapter 3 Data and methodology 

94 
 

Appendix 3.A List of companies and number of events in the sample 

‘DP’ stands for discretionary purchases, ‘NDP’ for non-discretionary purchases, ‘DS’ for 

discretionary sales, and ‘NDS’ for non-discretionary sales. 
  TICKER NAME DP NDP DS NDS Total 

1 AAL ANGLO AMERICAN PLC 1 33 2 9 45 

2 ABF ASSOCIATED BRITISH FOODS PLC 4 2 0 2 8 

3 ADML ADMIRAL GROUP PLC 2 0 3 2 7 

4 ADN ABERDEEN ASSET MGMT PLC 4 0 0 3 7 

5 AGGK AGGREKO PLC 3 0 0 1 4 

6 AHT ASHTEAD GROUP PLC 1 2 1 2 6 

7 AMEC AMEC PLC 0 6 0 0 6 

8 ANTO ANTOFAGASTA PLC 0 0 0 0 0 

9 ARM ARM HOLDINGS PLC 7 7 20 3 37 

10 AV AVIVA PLC 4 37 3 2 46 

11 AZN ASTRAZENECA PLC 15 0 0 0 15 

12 BAB BABCOCK INTL GROUP PLC 3 6 3 8 20 

13 BAES BAE SYSTEM PLC 4 32 7 14 57 

14 BARC BARCLAYS PLC 3 31 11 11 56 

15 BATS BRITISH AMERICAN TOBACCO PLC 9 35 6 15 65 

16 BDEV BARRATT DEVELOPMENTS PLC 0 4 0 3 7 

17 BG BG GROUP PLC 1 9 0 3 13 

18 BLND BRITISH LAND CO PLC 0 30 13 26 69 

19 BLT BHP BILLITON PLC 0 0 0 0 0 

20 BNZL BUNZL PLC 1 4 5 43 53 

21 BP BP PLC 6 43 7 1 57 

22 BRBY BURBERRY GROUP PLC 5 5 7 4 21 

23 BT BT GROUP PLC 7 13 7 5 32 

24 CCH COCA-COLA HBC A.G. 2 0 9 9 20 

25 CCL CARNIVAL PLC 0 0 0 1 1 

26 CNA CENTRICA PLC 4 68 3 9 84 

27 CPG COMPASS GROUP PLC 11 4 3 3 21 

28 CPI CAPITA PLC 1 16 0 4 21 

29 CRH CRH PLC 0 0 0 0 0 

30 DC DIXONS CARPHONE PLC 1 0 6 0 7 

31 DGE DIAGEO 3 30 7 16 56 

32 DLGD DIRECT LINE INSURANCE GROUP 0 42 1 7 50 

33 EXPN EXPERIAN PLC 1 0 0 5 6 

34 EZJ EASYJET PLC 5 25 5 21 56 

35 FRES FRESNILLO PLC 0 0 0 0 0 

36 GFS G4S PLC 7 0 4 0 11 

37 GKN GKN PLC 3 1 2 12 18 

38 GLEN GLENCORE XSTRATA PLC 1 0 9 0 10 

39 GSK GLAXOSMITHKLINE PLC 2 94 0 24 120 

40 HIK HIKMA PHARMACEUTICALS PLC 1 0 4 1 6 

41 HMSO HAMMERSON PLC 2 34 1 5 42 

42 HSBA HSBC HOLDINGS PLC (ORD $0.50) 13 36 13 12 74 
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43 ICAG INTL CONS AIRLINE GROUP 1 0 2 3 6 

44 IHG ICTL HOTELS GROUP 0 0 19 0 19 

45 III 3I GROUP 4 31 2 12 49 

46 IMI IMI PLC 4 33 4 11 52 

47 IMT IMPERIAL TOBACCO 4 8 1 3 16 

48 INDV INDIVIOR PLC 40 3 0 0 43 

49 INTUP INTU PROPERTIES PLC 36 5 1 4 46 

50 ITRK INTERTEK GROUP PLC 3 2 2 2 9 

51 ITV ITV PLC 0 15 5 3 23 

52 JMAT JOHNSON MATTHEY PLC 2 67 7 1 77 

53 KGF KINGFISHER PLC 2 30 5 12 49 

54 LAND LAND SECURITIES GROUP PLC 0 1 1 3 5 

55 LGEN LEGAL and GENERAL GROUP PLC 1 56 0 11 68 

56 LLOY LLOYDS BANKING GROUP 6 32 13 8 59 

57 LSE LONDON STOCK EX.GROUP 2 8 3 7 20 

58 MGGT MEGGITT PLC 13 30 1 6 50 

59 MKS MARKS and SPENCER GROUP PLC 5 0 3 10 18 

60 MNDI MONDI PLC 0 24 4 7 35 

61 MRW MORRISON(WM) SUPERMARKETS PLC 10 0 0 1 11 

62 NG NATIONAL GRID 1 26 0 0 27 

63 NXT NEXT PLC 0 0 0 3 3 

64 OML OLD MUTUAL PLC 10 0 2 6 18 

65 PFC PETROFAC LTD 3 24 0 1 28 

66 PRU PRUDENTIAL PLC 4 41 10 2 57 

67 PSN PERSIMMON PLC 8 0 0 2 10 

68 PSON PEARSON PLC 0 13 5 8 26 

69 RB RECKITT BENCKISER GROUP 8 7 2 10 27 

70 RBS ROYAL BANK OF SCOTLAND GROUP 1 12 8 10 31 

71 RDSB ROYAL DUTCH SHELL PLC - B SHS 2 31 8 0 41 

72 REL RELX PLC 0 0 0 0 0 

73 REX REX BIONICS 0 0 0 0 0 

74 RIO RIO TINTO PLC 19 24 2 19 64 

75 RMG ROYAL MAIL PLC 3 2 0 0 5 

76 RR ROLLS-ROYCE HOLDINGS PLC 32 29 5 3 69 

77 RRS RANDGOLD RESOURCES LTD 0 0 1 0 1 

78 RSA RSA INSURANCE GROUP PLC 5 3 3 8 19 

79 SAB SABMILLER 15 8 11 19 53 

80 SBRY SAINSBURY (J) PLC 5 31 5 12 53 

81 SDR SCHRODERS PLC 0 31 0 6 37 

82 SGE SAGE GROUP PLC 11 0 1 5 17 

83 SHP SHIRE PLC 1 5 1 2 9 

84 SJP ST. JAMES'S PLACE PLC 4 0 0 7 11 

85 SKYB SKY PLC 0 15 0 2 17 

86 SL STANDARD LIFE PLC 10 32 0 11 53 

87 SMIN SMITHS GROUP PLC 4 1 1 3 9 

88 SN SMITH and NEPHEW 2 7 1 16 26 
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89 SPD SPORTS DIRECT INTL PLC 1 0 8 0 9 

90 SSE SSE PLC 6 34 1 2 43 

91 STAN STANDARD CHARTERED PLC 9 34 4 9 56 

92 SVT SEVERN TRENT PLC 5 6 3 6 20 

93 TATE TATE and LYLE PLC 15 4 0 9 28 

94 TLW TULLOW OIL PLC 6 8 0 2 16 

95 TPK TRAVIS PERKINS PLC 5 43 11 25 84 

96 TSCO TESCO PLC 10 31 0 4 45 

97 TUIT TUI TRAVEL PLC 0 2 0 1 3 

98 TW TAYLOR WIMPEY PLC 1 29 0 3 33 

99 ULVR UNILEVER (UK) PLC 7 39 12 6 64 

100 UU UNITED UTILITIES GROUP PLC 0 9 1 3 13 

101 VOD VODAFONE GROUP PLC 13 39 1 8 61 

102 WEIR WEIR GROUP PLC 5 0 1 7 13 

103 WMH WILLIAM HILL PLC 2 1 0 12 15 

104 WOS WOLSELEY 8 0 3 6 17 

105 WPP WPP PLC 5 0 0 0 5 

106 WTB WHITBREAD 8 6 7 5 26 

    Total 524 1621 353 653 3151 
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Appendix 3.B List of holidays and trading hours 

 

Date Day Event Comments 

01-Jan-14 Wednesday New Year's Day  

18-Apr-14 Friday Good Friday  

21-Apr-14 Monday Easter Monday  

05-May-14 Monday Early May Bank 

Holiday 

 

26-May-14 Monday Spring Bank Holiday  

25-Aug-14 Monday Summer Bank Holiday  

24-Dec-14 Wednesday Christmas Eve Market not available after 12:35 

London Time 

25-Dec-14 Thursday Christmas Day  

26-Dec-14 Friday Boxing Day  

31-Dec-15 Wednesday New Year's Eve Market not available after 12:35 

London Time 

01-Jan-15 Thursday New Year's Day  

03-Apr-15 Friday Good Friday  

06-Apr-15 Monday Easter Monday  

04-May-15 Monday Early May Bank 

Holiday 

 

25-May-15 Monday Spring Bank Holiday  

31-Aug-15 Monday Summer Bank Holiday  

24-Dec-15 Thursday Christmas Eve Market not available after 12:35 

London Time 

25-Dec-15 Friday Christmas Day  

28-Dec-15 Monday Boxing Day  

31-Dec-15 Thursday New Year's Eve Market not available after 12:35 

London Time 

    

Sources:  

https://www.gov.uk/bank-holidays 

 

http://holidaystracker.com/stock-market/london-stock-exchange-lse-holidays-2014/ 

http://holidaystracker.com/stock-market/london-stock-exchange-holidays-2015/ 

 

 

  

https://www.gov.uk/bank-holidays
http://holidaystracker.com/stock-market/london-stock-exchange-lse-holidays-2014/
http://holidaystracker.com/stock-market/london-stock-exchange-holidays-2015/
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Appendix 3.C Example 1 of an RNS announcement 

 

London Stock Exchange Aggregated Regulatory News Service (ARNS) 

 

May 6, 2014 Tuesday 11:49 AM GMT  

 

British Land Co PLC Director/PDMR Shareholding 

 

LENGTH: 238 words 

RNS Number: 3395G 

British Land Co PLC 

06 May 2014 

Notification of Dividend Share Purchase in the British Land Share Incentive Plan ('SIP') 

Equiniti Share Plan Trustees Limited (the 'Trustees'), Trustees of the British Land Share 

Incentive Plan ('SIP'), notified the Company on 06(th) May 2014 that on 02(nd) May 2014 

they acquired Dividend Shares on behalf of the Company's executive directors and persons 

discharging managerial responsibilities as outlined below.  

 

Number of Dividend Shares 

purchased at GBP6.895024 

Each 

 --------------------  ----------------------------- 

 Directors 

 --------------------------------------------------- 

 C M Grigg             47 

 --------------------  ----------------------------- 

 L M Bell              127 

 --------------------  ----------------------------- 

 C Maudsley           32 

 --------------------  ----------------------------- 

 T A Roberts         117 

 --------------------  ----------------------------- 

 Persons Discharging Managerial Responsibilities 

 --------------------------------------------------- 

 A Braine              127 

 --------------------  ----------------------------- 

 S Carter                 91 

 --------------------  ----------------------------- 

 J-M Vandevivere   41 

 --------------------  ----------------------------- 

 N M Webb             65 

 --------------------  ----------------------------- 

This notification is made in accordance with the requirements of DTR 3.1.4 R. 

LOAD-DATE: May 6, 2014 

LANGUAGE: ENGLISH 

PUBLICATION-TYPE: Newswire 
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Appendix 3.D: Example 2 of an RNS announcement 

 
London Stock Exchange Aggregated Regulatory News Service (ARNS) 

February 12, 2014 Wednesday 2:11 PM GMT  

Rolls-Royce Holdings plc Director/PDMR Shareholding 

LENGTH: 166 words 

RNS Number: 9187Z 

Rolls-Royce Holdings plc 

12 February 2014 

ROLLS-ROYCE HOLDINGS plc - SHARE PURCHASE PLAN 

Rolls-Royce Holdings plc (the Company) announces the purchase on 7(th) February 2014 of 

30,426 ordinary shares in the Company by Computershare Trustees Limited (the Trustee) at 

a price of 1190.50 pence per share for the purpose of satisfying the purchase of ordinary 

shares by eligible employees (including executive directors and PDMRs) under the Rolls-

Royce Share Purchase Plan (the Plan) for the current month. The Plan has been approved by 

the Inland Revenue as a share incentive plan under Schedule 8 to the Finance Act 2000. 

The numbers of ordinary shares purchased on this date on behalf of the executive directors 

and PDMR were as follows: 

Executive directors: 

C P Smith        11 

PDMRs: 

A Michaelis     11 

L Haynes         10 

Dated 12 February 2014 

Notified 12 February 2014 

For further information please contact: 

Andrew Harvey-Wrate, Rolls-Royce Holdings plc, tel. no. 01332 245099 

LOAD-DATE: February 12, 2014 

LANGUAGE: ENGLISH 

PUBLICATION-TYPE: Newswire 
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Appendix 3.E LSE classification of trade type in the intraday data set 

Type of trade Description On Exchange 

/ OTC/SI  

Venue ID Order book 

/ Manual 

Publishes 

A Automatic Trade On Exchange XLON OB Immediate 

O Ordinary Trade On Exchange XLON Manual Immediate 

o Ordinary Trade - delayed 

publication requested 

On Exchange XLON Manual Delayed if meets 

size requirements 

N Negotiated Trade On Exchange XLON Manual Immediate 

N Negotiated Trade - 

delayed publication 

requested 

On Exchange XLON Manual Delayed if meets 

size requirements 
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Appendix 3.F Description of ordinary trades and negotiated trades (LSE) 

As described by LSE, trades with means of trading execution denoted by ‘N’ or ‘O’ are 

on exchange but manually executed (by market marker non-member firms and member 

firms) and are immediately reported to the system. Accordingly, the effects of reporting 

these trades can be considered as the effects of the trades themselves, although they are 

subject to less pre-trade transparency. The definition of a negotiated trade is stated in 

the LSE rules book 2017 as: 

  

“A negotiated trade is a trade conducted in an EU regulated market security 

that is not subject to pre-trade transparency on the trading system and which 

is on terms that are no worse than those that could be achieved on the relevant 

Exchange order or quote book (or where the share is not traded continuously, 

is on terms that are no worse than those that could be achieved on a relevant 

venue with continuous trading), after taking into account any relevant trading, 

settlement and clearing costs.”  

 

The distinction between negotiated trades and ordinary trades is also defined in the LSE 

rule book as: 

 

 “…where the reporting member firm is a market maker in the security and has 

provided pre-trade transparency, the trade should be reported as an ordinary 

trade, including an agency cross. Alternatively, where the reporting member 

firm is not a market maker in the security and has not provided pre-trade 

transparency for the trade, the trade should be reported as a negotiated trade, 

including an agency cross.” 
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CHAPTER 4 

DAILY ANALYSIS OF UK DIRECTORS' INTRADAY STEALTH 

TRADING STRATEGIES 

4.1 Introduction 

The analyses in this chapter have two main research objectives. First, this chapter tests the 

extent of validity of the thesis’ proposed classification of stated dealing purposes based on 

disclosed qualitative data. The prior conjecture is that discretionary deals are more 

informative than non-discretionary deals. To facilitate this research objective, I dissect the 

sample as discussed in Section 3.6.1 into four different groups of dealing purpose: 

discretionary purchases, non-discretionary purchases, discretionary sales, and non-

discretionary sales. Using event-study methodology this chapter examines whether any 

particular group is associated with more informational content. The information content of a 

director deal is examined from different aspects: trading versus reporting, short-term versus 

long-term, and whether the information level depends on fundamental characteristics of the 

firm. Second, the chapter examines whether a director’s use of intraday stealth-trading 

strategy has any additional informational content. The focus is on the association of the 

directors’ choice of intraday stealth trading with the informativeness of their deals. Stealth 

trading is used by informed traders to camouflage their trading to mitigate adverse selection 

or liquidity costs by segmenting deals into a series of orders that are executed against a pool 

of noise traders. While recent papers on stealth trading, e.g., Klein, Maug and Schneider 

(2017), study insider daily stealth trading, this chapter contributes to the literature by 

examining the intraday stealth-trading strategy of UK directors. Changes in regulation as well 

as shorter reporting practices have increased the pressure on directors to manage their 

execution strategies intradaily. This analysis examines if UK directors employ intradaily 

stealth-trading strategies, i.e., whether they split their large deals into smaller deals and enter 

the market at different times over the trading day. I study if such a choice implies higher or 

lower levels of information and whether the longevity of the information is different. Thus, 

the analysis combines intradaily characteristics of director deals with their daily 

informational level. This analysis uses daily stock price data in event studies for the findings 

to be comparable to those of previous studies that conduct analyses on a daily or monthly 

basis. 
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There is mixed evidence in the prior literature of the informativeness of director purchases 

and sales, i.e., whether purchases are more or less informative than sales. Section 2.2 of 

Chapter 2 contains a detailed review of the relevant literature on this aspect. Most studies in 

both the US and the UK find that insider/director purchases are more informative than their 

sales (King and Roell, 1988; Lakonishok and Lee, 2001; Friederich et al., 2002; Fidrmuc, 

Goergen and Renneboog, 2006; Dardas and Güttler, 2011). However, several studies, 

especially on the UK market, find that either director sales are as informative as purchases 

(Gregory et al., 1994; Aussenegg, Jelic and Ranzi, 2018) or their sales are more informative 

(Pope, Morris and Peel, 1990). This chapter revisits this issue and tests again the 

informativeness level of director purchases and sales but with a new classification method of 

stated dealing purposes based on disclosed qualitative data in the official public 

announcements.  

 

To facilitate the first research objective, I test null hypotheses that relate to the possession of 

private information. The hypotheses’ tests follow event study methodologies and focus on 

pre-event and post-event daily abnormal stock returns. The chapter studies whether UK 

director deals with different dealing purposes are associated with the possession of private 

information and/or in accordance with their contrarian view. Lakonishok and Lee (2001) find 

that insiders are better in timing their purchases at trough and sales at peak, relative to other 

contrarian traders. To test whether UK directors are dealing in accordance with contrarian 

views, i.e., buy shares when there is a clear selling trend in the market and sell shares when 

there is a clear signal showing a buying trend in the market, this chapter examines share price 

reaction before they trade. If directors buy (sell) shares during price declines (increases), then 

this is taken as evidence as they are contrarian traders. The chapter further looks for evidence 

whether directors incorporate other knowledge about the firm’s prospects when acting as 

contrarian traders. If their contrarian strategies involve a successful timing of underpricing 

and overpricing, then this shows their ability to incorporate their private knowledge on firm 

prospects and are able to derive the true value of the firm. A successful timing of underpricing 

is defined as a situation when a director purchases shares on price decreases and then the 

price reverses showing a quick correction of mispricing after the purchase. This would be 

considered as successful timing because the director would seem able to purchase the share 

at a trough price. Similarly, a successful timing of overpricing is defined as a situation when 
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a director sells a share on price increases and then the price subsequently reverses showing a 

quick correction of mispricing after the sale. This would also be considered as successful 

timing because the director would seem able to sell the share at a peak price.  

 

Following the literature, this chapter studies the share price behaviour following director 

purchases or sales to determine whether these deals are based on information. A purchase 

followed by a significant positive trend in price would be taken as evidence that the purchase 

is based on the possession of positive private information. Similarly, a sale followed by a 

significant negative trend in price would be taken as evidence that the sale is based on the 

possession of negative private information. The nature in which post-event prices react can 

also be used to analyse market efficiency and the uncertainty in the positive or negative news 

that the directors may foresee. A sudden price adjustment after the trading or the 

announcement of director deals is a sign of market efficiency in the sense that the market 

recognises the positive or negative news with high certainty. In other words, director 

purchases and sales may send clear signals to the market and prices adjust accordingly. 

However, a slow price adjustment would show that the market is less efficient or that the 

news underlying the director deals are uncertain, in which case, the market would need to 

wait for more information to resolve the uncertainty. Accordingly, the following hypotheses 

on pre-event CAARs are posed to examine whether UK directors are contrarian traders, while 

the hypotheses on post-event CAARs are used to study whether UK director deals carry any 

long-term information. 

 

Pre-event CAARs and testing contrarian strategies and timing ability 

Pre-event CAARs are analysed to test hypotheses of contrarian strategies, specifically the 

ability of UK directors to time the underpricing or the overpricing of their own firm stock. If 

pre-event CAARs are positive prior to director selling events, this would indicate an ability 

to time overpricing of the stock to take advantage of such prior knowledge. If pre-event 

CAARs are negative prior to buying events, it would indicate an ability to time the 

underpricing of the stock and the use of such knowledge to their own benefit. If a pre-event 

trend is reversed within a short period after the event, i.e., a positive (negative) price trend is 

followed by a negative (positive) trend of a similar magnitude, the evidence for contrarian 

strategies is reinforced. This trend correction would show that the market recognises the 
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mispricing and acts to return stock prices to their fair values. A significant correcting trend 

would also constitute evidence that directors are better contrarian traders than outside 

contrarian traders. Accordingly, the hypotheses regarding contrarian strategies are: 

Hypothesis 1:  Pre-event CAARs for discretionary and non-discretionary purchases are 

negative.  

Hypothesis 2:  Pre-event CAARs for discretionary and non-discretionary sales are positive.  

 

Post-event CAARs and testing for private information 

Post-event CAARs are analysed to test whether insider trades are associated with private 

superior information about firm future performance. A significant negative abnormal return 

following a director sale would be considered as evidence that this sale might be triggered 

by the possession of negative private information that has not yet been incorporated in the 

stock price. Similarly, a significantly positive abnormal return following a director purchase 

would be considered as evidence of the possession of positive private information. The 

analysis also looks at the magnitude of the positive or negative abnormal returns as well as 

how long they persist to investigate whether the private information is important to the 

market and whether it is short-term or long-term in nature. Accordingly, the hypotheses 

regarding post-event CAARs are: 

Hypothesis 3:  Post-event CAARs for discretionary and non-discretionary purchases are 

positive.  

Hypothesis 4:  Post-event CAARs for discretionary and non-discretionary sales are 

negative. 

Although my prior expectation is consistent with the previous literature in that discretionary 

purchases and sales are more likely to be informative, this chapter also tests Hypotheses 3 

and 4 on non-discretionary purchases and sales as a robustness check.  

 

The above four hypotheses are developed mainly for validation in our sample and for easier 

comparison with previous studies of a similar context of director dealings and their 

informativeness. This chapter also uses these hypotheses to test if the proposed classification 

method of discretionary versus non-discretionary deals works better in distinguishing 

between informed and non-informed deals. If these hypotheses are rejected for non-



Chapter 4 Daily analysis… 

106 
 

discretionary purchases and non-discretionary sales, my conjecture that non-discretionary 

deals are not information-based would be confirmed. 

 

To facilitate the second research objective, the chapter tests hypotheses relating to whether 

stealth-trading strategies are associated with more informed director deals. Theoretical 

models, such as that of Kyle (1985) and Admati and Pfleiderer (1988), infer that an informed 

trader would likely use a stealth-trading strategy to reduce the overall price impact on the 

resulting trade(s). Barclay and Warner (1993) and Chakravarty (2001) find evidence that 

medium-sized trades are more informative than small and large trades. They assume that a 

stealth-trading strategy that involves splitting a large deal into smaller orders would result in 

medium-sized trades, while a non-stealth-trading strategy that involves the submission of a 

large order would result in large trades. These studies provide the first evidence that informed 

traders prefer to trade stealthily.  

 

With a closer look at US insider data, Klein, Maug and Schneider (2017) show that stealth 

trading exists in daily frequency. They define a stealth-trading (or deal) sequence as a 

collection of deals in the same direction and by the same insider within seven days. They 

focus on measuring the sequence duration and the number of deals involved in such a 

sequence. They find that the duration and the average number of involved deals of stealth-

trading sequences have decreased significantly after the implementation of the Sarbanes-

Oxley Act in 2002. Due to data limitations, however, they do not study stealth trading in 

intraday frequency. In contrast, this chapter uses intraday data, and the proposed matching 

algorithm allows for the identification of deals that are most likely to be executed with an 

intraday stealth-trading strategy. This matching algorithm is explained in Section 3.5 of 

Chapter 3. It allows one to examine if intraday stealth-trading strategies are linked to deals 

that are more informative. The intention to identify intraday stealth trading of UK directors 

is also motivated by the fact that the average time period between their trading and their 

reporting in the sample is one day. Such a short period between trading and reporting implies 

that directors need to manage their deal execution within the day before disclosing the deals 

to the public. This fact strongly suggests the need to study stealth trading on an intradaily 

basis. The chapter first tests Hypotheses 1 to 4 to confirm if discretionary purchases or sales 

are more informative than their non-discretionary counterparts. If these hypotheses, which 
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deal with private information possession, are accepted, the chapter moves on to test null 

hypotheses about whether split-order deals, i.e., deals that are associated with intraday 

stealth-trading strategy (Section 3.5 explains how a deal is determined as split-order deals), 

are more informative. These hypotheses are stated as follows: 

Hypotheses 5A (5B):  Pre-event (post-event) CAARs for split-order discretionary purchases 

are more negative (positive) than those of non-split-order discretionary 

purchases. 

Hypotheses 6A (6B): Pre-event (post-event) CAARs for split-order discretionary sales are 

more positive (negative) than those of non-split-order discretionary 

sales. 

 

An initial conjecture is that non-discretionary deals are not informative and, hence, there may 

not be a preference by directors for trading these deals stealthily. The next two hypotheses 

(7A/7B and 8A/8B) feature in an extended analysis that checks if an intraday stealth-trading 

strategy is a relevant decision when deals are not informative. 

Hypotheses 7A (7B): Pre-event (post-event) CAARs of split-order non-discretionary 

purchases are not different from those of non-split-order non-

discretionary purchases. 

Hypotheses 8A (8B): Pre-event (post-event) CAARs of split-order non-discretionary sales 

are not different from those of non-split-order non-discretionary sales. 

 

4.2 Analysis of cumulative average abnormal returns 

Following the classification of director deals into split-order deals and non-split-order deals 

using intraday data in Sub-section 3.6.1 of Chapter 3, the analysis here adopts a daily event 

study methodology around the trading and announcement days of UK director deals. Intraday 

data is used mainly to identify whether or not UK directors adopt intraday stealth-trading 

strategies when executing their deals. This chapter uses daily stock price data for event study 

analysis to produce comparable empirical findings with previous studies of insiders on a daily 

or monthly basis. The main event of focus is the ‘trading day,’ defined as the day on which 

UK directors purchase or sell shares of their firms. The event is then classified as either 

involving the directors’ choice of intraday stealth trading or not. This classification is based 

on the algorithm described in Section 3.3 of Chapter 3. For each trading event, the day of the 
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associated announcement (announcement day) is the day on which the deal is publicly 

announced. Although the results around both the deal trading day and the deal announcement 

day are presented for comparison purposes, this study focuses more on the trading events for 

the main reason of investigating the market reaction to directors’ choice of intraday stealth 

trading, which should reflect immediately upon the execution of the deal during the trading 

day. 

 

Daily abnormal returns are first calculated using the market model, for which the FTSE-

ALLSHARE is chosen as the market index. This could provide reasonable estimates of 

alphas and betas as all companies in the sample are, or were once during the sample period, 

members of the FTSE100 index. Alphas and betas are estimated using one-year daily return 

data ending 21 days before the director dealing date. The daily return time series are sourced 

from Datastream. For the main analysis, I assume constant alphas and betas throughout the 

event windows, but I also conduct a robustness check with time-varying alphas and betas. 

The analysis covers both trading events and announcement events. Daily abnormal returns 

are accumulated for the 20 days that precede the event date to 170 days after the event date 

(denoted -20,170). The rationale for this is described in Sub-section 3.7.1 of Chapter 3. In 

addition, daily market-adjusted abnormal returns (daily returns in excess of daily market 

returns), and consequently the cumulative average market-adjusted abnormal returns 

(CAMARs), are computed for the same event window and are used for a robustness check. 

 

Figure 4.1 plots CAARs during the period (-20, 170) for the whole sample and the sub-

samples grouped by dealing purpose (discretionary and non-discretionary purchases and 

sales). The top panel presents CAARs around the trading days and the bottom panel presents 

CAARs around the announcement days. The ‘inset’ picture-insert in each graph is a ‘zoom’ 

that shows the information for the same data but with a shorter event window of five days 

before to ten days after the event date (-5,10).33 The whole sample shows a general long-term 

downward trend for discretionary sales and non-discretionary purchases, while there are no 

clear long-term trends for non-discretionary sales and discretionary purchases. Discretionary 

purchases have the highest CAARs and discretionary sales have the lowest CAARs, while  

 
33 A similar graph for CAMARs is presented in Appendix 4.A. The observations for CAMARs are similar to 

those found in CAARs, but the former are smaller in magnitude. 
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Figure 4.1 Cumulated average abnormal returns (CAARs) around trading and announcement events for the whole sample, the non-split-

order deal sub-sample and the split-order deal sub-sample 



Chapter 4 Daily analysis… 

110 
 

Table 4.1 Tests on cumulated average abnormal returns (CAARs) around trading and announcement events 

The table presents CAARs for different event windows over the whole sample and two sub-samples with the GMTP z-test (parametric test in 

columns entitled (1)) and the GRANK t-test (non-parametric test in columns entitled (2)) are presented. ‘DP’ stands for discretionary purchases, 

‘NDP’ for non-discretionary purchases, ‘DS’ for discretionary sales, and ‘NDS’ for non-discretionary sales; ***, **, and * denote significance 

at 1%, 5%, and 10%, respectively. 

     Trading event Announcement event 

    DP NDP DS NDS DP NDP DS NDS 

  Event windows CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

W
h

o
le

 s
am

p
le

 (
n

=
 3

1
0

8
) 

(-20,0) -2.27% *** *** -0.24% 
 

** 0.31% 
  

0.70% *** ** -2.39% *** *** -0.10% 
  

0.43% 
  

0.57% ** ** 

(-10,0) -1.55% *** *** 0.15% 
  

0.42% * 
 

0.50% *** *** -1.65% *** *** 0.12% 
  

0.45% * 
 

0.39% ** ** 

(0,0) -0.11% **  0.07% **  0.38% ***  -0.10% ** ** -0.19% ***  0.02%   0.26% ***  -0.03%   

(0,1) -0.04% 
  

0.09% * 
 

0.46% *** 
 

-0.16% *** *** 0.11% 
  

-0.03% 
  

0.37% *** 
 

-0.12% 
 

* 

(0,2) 0.09% 
  

0.03% 
  

0.49% *** 
 

-0.21% ** *** 0.11% 
  

-0.06% 
  

0.26% * 
 

-0.06% 
  

(0,7) 0.20% 
  

-0.05% 
  

0.28% 
  

-0.29% * *** 0.17% 
  

-0.12% 
  

0.20% 
  

-0.10% 
 

* 

(0,8) 0.14% 
  

-0.03% 
  

0.48% 
  

-0.28% 
 

*** 0.10% 
  

-0.12% 
  

0.24% 
  

-0.09% 
  

(0,10) -0.02% 
  

-0.06% 
  

0.47% 
  

-0.18% 
 

* -0.05% 
  

-0.13% 
  

0.31% 
  

-0.11% 
  

(0,30) -0.35% 
  

-0.28% 
  

-0.21% 
 

* -0.70% * *** -0.28% 
  

-0.37% 
  

-0.38% 
 

** -0.56% 
 

** 

(0,60) -0.46% 
  

-0.98% ** *** -1.08% 
 

** -0.22% 
  

-0.39% 
  

-1.00% ** *** -1.27% * ** -0.26% 
  

(0,120) 0.12% 
  

-1.70% ** *** -4.04% *** *** -0.51% 
  

0.01% 
  

-1.71% ** *** -4.36% *** *** -0.56% 
  

(0,170) -0.83% 
  

-2.54% ** *** -7.02% *** *** -1.52% 
  

-0.69% 
  

-2.62% *** *** -7.43% *** *** -1.52% 
  

 

Table 4.1 continues on the next page. 
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Table 4.1… continued 

 

    Trading event Announcement event 

    DP NDP DS NDS DP NDP DS NDS 

  Event windows CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 (

n
=

9
2

1
) 

(-20,0) -1.51% *** *** -0.19% 
  

0.50% 
  

0.55% 
  

-1.67% *** *** -0.14% 
  

0.52% 
  

0.31% 
  

(-10,0) -0.76% *** *** 0.11% 
  

0.37% 
  

0.90% ** ** -0.84% *** *** 0.15% 
  

0.29% 
  

0.57% 
  

(0,0) -0.10%   0.14% *  0.08%   0.05%   -0.11%   0.13% *  -0.02%   -0.04%   

(0,1) -0.09% 
  

0.15% 
  

0.00% 
  

-0.16% 
  

0.13% 
  

0.01% 
  

-0.08% 
  

-0.26% 
  

(0,2) 0.01% 
  

0.02% 
  

-0.06% 
  

-0.30% * ** 0.15% 
  

-0.07% 
  

-0.26% 
  

-0.22% 
  

(0,7) -0.03% 
  

0.05% 
  

-0.49% ** * -0.50% 
 

** 0.01% 
  

-0.02% 
  

-0.60% ** ** -0.40% 
 

* 

(0,8) -0.10% 
  

0.03% 
  

-0.41% 
  

-0.52% 
 

** -0.03% 
  

0.00% 
  

-0.64% ** ** -0.37% 
  

(0,10) -0.24% 
  

0.02% 
  

-0.46% 
 

* -0.39% 
 

* -0.20% 
  

0.00% 
  

-0.46% * * -0.21% 
  

(0,30) -0.20% 
  

-0.18% 
  

-1.07% ** *** -1.07% * ** -0.16% 
  

-0.22% 
  

-1.28% *** *** -1.02% * ** 

(0,60) -0.45% 
  

-0.86% 
  

-2.23% *** *** -0.89% 
  

-0.35% 
  

-0.87% 
  

-2.41% *** *** -0.90% 
  

(0,120) 0.44% 
  

-2.22% 
  

-5.56% *** *** -0.63% 
  

0.53% 
  

-2.15% 
  

-5.78% *** *** -0.88% 
  

(0,170) -1.15% 
  

-2.79% 
  

-9.03% *** *** -1.89% 
  

-0.91% 
  

-2.77% 
  

-9.40% *** *** -1.92% 
  

S
p

li
t-

o
rd

er
 d

ea
ls

 (
n

=
2

1
8

7
) 

(-20,0) -3.32% *** *** -0.25% 
 

** 0.16% 
  

0.76% ** ** -3.40% *** *** -0.09% 
  

0.36% 
  

0.67% ** ** 

(-10,0) -2.64% *** *** 0.16% 
  

0.46% 
  

0.35% ** * -2.78% *** *** 0.11% 
  

0.58% * 
 

0.32% * 
 

(0,0) -0.14% **  0.05%   0.62% ***  -0.15% ** ** -0.30% ***  0.00%   0.49% ***  -0.03%   

(0,1) 0.01% 
  

0.07% 
  

0.81% *** 
 

-0.16% ** ** 0.09% 
  

-0.04% 
  

0.73% *** 
 

-0.06% 
  

(0,2) 0.20% 
  

0.04% 
  

0.93% *** 
 

-0.18% * * 0.06% 
  

-0.06% 
  

0.67% *** 
 

0.00% 
  

(0,7) 0.51% 
  

-0.07% 
  

0.89% *** 
 

-0.20% 
 

* 0.39% 
  

-0.14% 
  

0.83% *** 
 

0.02% 
  

(0,8) 0.47% 
  

-0.04% 
  

1.19% *** 
 

-0.19% 
 

* 0.29% 
  

-0.14% 
  

0.94% *** 
 

0.02% 
  

(0,10) 0.29% 
  

-0.08% 
  

1.20% *** 
 

-0.10% 
  

0.16% 
  

-0.16% 
  

0.91% ** 
 

-0.07% 
  

(0,30) -0.57% 
  

-0.30% 
  

0.47% 
  

-0.55% 
  

-0.43% 
  

-0.40% 
  

0.34% 
  

-0.38% 
  

(0,60) -0.47% 
  

-1.01% ** *** -0.18% 
  

0.05% 
  

-0.44% 
  

-1.02% ** *** -0.37% 
  

-0.01% 
  

(0,120) -0.32% 
  

-1.58% ** *** -2.84% * *** -0.46% 
  

-0.70% 
  

-1.61% ** *** -3.23% ** *** -0.44% 
  

(0,170) -0.38% 
  

-2.49% ** *** -5.44% *** ** -1.38% 
  

-0.39% 
  

-2.58% *** *** -5.87% *** ** -1.36% 
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non-discretionary purchases and non-discretionary sales are in between. These patterns are 

confirmed in most sub-samples and show preliminary general evidence that discretionary 

deals contain more information than non-discretionary deals. The following sub-sections 

discuss the findings in more detail related to each hypothesis. The hypotheses are tested based 

on common tests used in event studies to examine if pre-event and post-event CAARs are 

significantly positive or negative. Initially, four types of test are conducted on the CAARs of 

the whole sample and the two sub-samples. These are Patell (1976) z-test, Gregory et al. 

(1994) z-test (GMTP z-test), Boehmer, Masumeci and Poulsen (1991) z-test, and Kolari and 

Pynnonen (2011) GRANK t-test. Only the GMTP z-test considers the dependence of 

observations due to overlapping events. The two parametric tests of Patell (1976) and 

Boehmer, Masumeci and Poulsen (1991) provide results that are similar to the non-

parametric GRANK t-test and, hence, for the sake of brevity these are not reported in Table 

4.1 but in Appendix 4.B. Also for the sake of brevity, only the significant level of the 

parametric GMTP z-test and the non-parametric GRANK t-test are reported in Table 4.1, 

along with the CAARs. The results for GMTP z-test are presented in the columns entitled (1) 

and those for the GRANK t-test are presented in the columns entitled (2) in the table. The 

following paragraph discusses the results of hypotheses testing using the GMTP z-test and 

the non-parametric GRANK t-test reported in Table 4.1, and a summary of all the results of 

hypotheses testing is presented in Table 4.2. 

 

The first panel of Table 4.1 presents test results related to testing Hypotheses 1, 2, 3, and 4. 

For testing the ability of UK directors in timing the underpricing or overpricing of their firms’ 

stock with relevant purchases or sales (i.e., Hypotheses 1 and 2), this chapter examines pre-

event CAARs and tests whether they are significantly negative (for purchases) and 

significantly positive (for sales). The results for H1 and H2 are discussed in the next 

Subsection 4.2.1. This chapter also examines short-term post-event windows to test whether 

there is a reversion in stock prices following these events. For testing the information content 

of UK director dealing over the long term (i.e., Hypotheses 3 and 4), this chapter examines 

long-term post-event CAARs and tests whether they are significantly positive for purchases 

and significantly negative for sales. The results for H3 and H4 are discussed in Subsection 

4.2.2. The second and third panels of Table 4.1 present results related to Hypotheses 5, 6, 7, 

and 8, which deal with intraday stealth trading. These hypotheses are discussed in Sub-
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section 4.2.3 and are tested in Sub-section 4.4.1 with the use of a regression with a dummy 

variable for ‘Split-order’ to test differences between split-order deals and non-split-order 

deals. I now turn to the discussion of these results. 

 

4.2.1 Hypotheses 1 and 2 

As discussed in Section 4.1, Hypotheses 1 and 2 relate to contrarian behaviour for purchases 

and sales, respectively. From Table 4.1, and for the whole sample of both trading events and 

announcement events, CAARs (-20,0) and CAARs (-10,0) are significantly negative for 

discretionary purchases and significantly positive for non-discretionary sales. This is 

evidence for UK directors’ contrarian strategies for these two particular groups of deals. 

However, CAARs are significantly positive (at 10%) for discretionary sales over the (-10,0) 

window, evidencing that discretionary sales are not as strong candidates for overpricing 

timing as non-discretionary sales. 

 

The chapter further looks at the short-term post-event windows to examine whether sign 

reversions occur. It is found that short-term reversions of price, i.e., price increases after 

purchases and decreases after sales, are observed for both groups (discretionary purchases 

and non-discretionary sales), but only significant for non-discretionary sales. While this 

finding strongly supports that non-discretionary sales occur at good timing of overpricing, it 

implies that discretionary purchases might occur either based on the timing of underpricing 

or on positive private information. Interestingly, non-discretionary sales are associated with 

higher and more significant positive CAARs before the trading events, compared to 

discretionary sales, for which the pre-event short-term increasing price trend is weaker with 

no evidence of post-event correcting trends over the short term. In addition, for short-term 

windows after the event, CAARs for non-discretionary sales are significantly negative, 

showing a reversion after an over-pricing signal, while CAARs for discretionary sales are 

positive until day 10 after the event (0.47% for the (0,10) window). Stock prices reverse after 

non-discretionary sales, forming peaks at the correspondent event dates, but keep rising after 

discretionary sales. It seems directors are able to time their non-discretionary sales at price 

peaks, but not their discretionary sales. Similar patterns are observed for announcement 

events in Table 4.1.  
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These findings support the underpricing timing and contrarian strategy Hypothesis 1 for 

discretionary purchases. In addition, this analysis finds no evidence that non-discretionary 

purchases can capture underpricing. Hence, Hypothesis 1 cannot be rejected for discretionary 

purchases but is rejected for non-discretionary purchases. The results imply either that UK 

directors are contrarian traders or that their discretionary purchases send positive signals to 

the market, although these signals are not strong enough to create a post-event increasing 

price trend they can help in stopping a pre-event decreasing price trend. Both implications 

are evidence that director discretionary purchases are informed but short-lived. The former 

implies that UK directors can use public information of stock price and their private set of 

information to gauge whether the stock is underpriced (i.e., they know better than outsiders 

about the true value of their firm). The latter shows that director discretionary purchases are 

based more on private informative. The findings also support the latter more than the former 

because there is no significant post-event correction price trend after purchases. If these 

directors are simply just successful contrarian traders, there should be a significant reversion 

in the price as the market would be correcting its underpricing of the stock, but no such 

correcting trends are observed. However, it is found that on director dealing days, the market 

is still on a decreasing trend (see the top-left panel for the whole sample in Table 4.1, Column 

D.P, and for the (0,0) window) and this trend stops one day after the dealing event. This 

shows that the market is slow in incorporating the private information on the dealing day. 

This observation, however, is based on the whole sample. Sub-section 4.2.3 examines sub-

samples of non-split-order deals and split-order deals to investigate if the market reaction 

differs when directors use stealth-trading strategies. 

 

Hypothesis 2 cannot be rejected for non-discretionary sales but is rejected for discretionary 

sales, as there is supporting evidence that only non-discretionary sales occur at price peaks. 

Although there are small significant positive CAARs in the (-10,0) window for discretionary 

sales, the increasing price trend continues for the subsequent ten days and is significant over 

the first two days. This is evidence supporting the rejection of Hypothesis 2 for discretionary 

sales. The stronger evidence of mispricing timing for discretionary purchases compared to 

that for discretionary sales is consistent with the findings in Lakonishok and Lee (2001) and 

Friederich et al. (2002).  

 



Chapter 4 Daily analysis… 

115 
 

Both pre-event and short-term post-event observations for non-discretionary sales show that 

these deals capture mispricing more effectively than discretionary sales. To investigate this, 

the composition of the non-discretionary sales sub-sample is analysed in more detail. There 

are typically two types of non-discretionary sales: those after option exercises to cover the 

cost of the options, and those after award release to settle related tax liabilities. First, sales 

after option exercise usually depend on the characteristics of the options. Managers often 

exercise the option if it is about to expire and is in-the-money or deep in-the-money.34 

Therefore, the best time for managers to exercise options to acquire shares is when the stock 

price is in an increasingly upward trend and has the highest realised gap relative to the strike 

price. Accordingly, the decision to exercise options is a good indicator of timing a winning 

stock. Second, most of the rewards to managers are conditional on the firm’s financial 

performance. Usually, awarded shares are released to managers if the firm has achieved its 

set financial targets. This award mechanism implies that shares are often released during a 

period of increasing stock price. The seeming timing ability of these non-discretionary sales 

is most likely a result of these practices. It is also worth noting that after these deals, stock 

returns tend to decrease significantly over the short-term (-0.70% for (0,30)), while 

discretionary sales tend to carry longer-lived information with significant negative CAARs 

over the long term (-7.02% for (0,170)). This significant difference confirms that 

discretionary sales are more likely to be information-based, while non-discretionary sales are 

more likely to be performance-based (in the case of selling shares after an award release), 

and are based on the timing of overvaluation, i.e., contrarian strategies, (in the case of selling 

shares after option exercise). 

 

This sub-section, therefore, reports clear evidence that directors are successful contrarian 

traders with their non-discretionary sales because these deals occur when the firm’s stock 

seems to be overpriced. There is also evidence that directors purchase discretionarily with a 

contrarian view. However, without a supporting short-term reversion in price trend after their 

discretionary purchases, it would be implausible to conclude that directors do so based on 

only a contrarian view and not on private information. I interpret this finding as evidence that 

directors do incorporate some private information with their contrarian view when making 

 
34 An option to purchase shares is in-the-money when the actual stock price is higher than the strike price of 

the option. 
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such purchases. These deals are also perceived by the market as positive signals. However, 

the signals are only strong enough to stop an accumulation of a decreasing price trend but 

not strong enough to significantly revert the trend. Accordingly, it is concluded that 

discretionary purchases in the sample are information-based with a link to contrarian 

strategies, while discretionary sales are not linked to such strategies.  

 

4.2.2 Hypotheses 3 and 4 

Hypotheses 3 and 4 test whether UK director deals carry private information and whether the 

market is efficient in uncovering this information content. The analysis examines the post-

event long-term CAARs to determine whether UK director discretionary trades have 

informational content. Significant positive CAARs following director discretionary 

purchases would be evidence that these deals carry positive information, while significant 

negative CAARs would be evidence that these deals carry negative information.  

 

From the first panel of Table 4.1, with a focus on post-event windows, it is found that 

discretionary sales tend to carry longer-lived negative information with significant negative 

CAARs over the long term (-7.02% for the (0,170) window). However, there is no evidence 

that purchases carry any long-term positive information. Although this informativeness of 

discretionary sales but not of discretionary purchases is consistent with Pope, Morris and 

Peel (1990), it does not align with other recent studies (Friederich et al., 2002; Fidrmuc, 

Goergen and Renneboog, 2006). The finding of higher informativeness for discretionary 

sales is also similar to Gregory, Matatko and Tonks's (1997) application of a conventional 

market model with monthly data. When they adjust for thin trading and the size effect, 

purchases show positive significance but still smaller than sales. The analysis of this chapter 

does not adjust for thin trading or the size effect because this thesis’ FTSE 100 data consists 

of the largest firms by market capitalisation at the LSE and this chapter uses daily data to 

study a shorter event window (eight months of daily data in this study versus two years of 

monthly data in their study). The findings cannot reject Hypothesis 4 for discretionary sales 

but reject Hypothesis 3 for discretionary purchases as there is no evidence that discretionary 

purchases carry material information. In most previous studies, discretionary purchases are 

found to be informative and usually more so than sales. The reason for this difference is 

investigated by examining the directors’ shareholding status when they deal on their firms’ 
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stocks. One issue involved here is that only a subset of this thesis’ data contains information 

about director shareholdings, hence a supplementary extended analysis of only this available 

subset of data is conducted in Section 4.6.  

 

The analysis in this chapter also cannot reject Hypothesis 4 for non-discretionary sales but 

rejects Hypothesis 3 for non-discretionary purchases as there is little evidence that non-

discretionary sales are associated with negative information while there is no evidence that 

non-discretionary purchases have any information content. Although Hypothesis 4 is 

technically not rejected based on the significance of post-event CAARs, it is attributed to a 

reversion in price due to the identification of overpricing, rather than to the incorporation of 

implied private information. There are three pieces of supporting evidence for this 

conclusion. First, the significance of post-event CAARs following non-discretionary sales is 

over very short-term event windows. Second, the significance is found mainly after the 

trading events but not after the announcement events. This means that the correcting trend of 

overpricing starts before the announcement of these deals. Hence, public information of non-

discretionary sales does not contribute to the price adjustment process. Third, and as 

discussed in Sub-section 4.2.1, non-discretionary sales are more likely to follow a simple 

contrarian strategy due to the nature of their triggering events (i.e., bonus releases). Together, 

this evidence leads to the conclusion that non-discretionary sales are informative with a link 

to contrarian strategies. 

 

These results clearly show that both discretionary and non-discretionary purchases do not 

carry substantial future information content, or that the market is efficient in incorporating 

good news into prices and leaves insiders no opportunities to exploit their private 

informational advantage if they have any. This finding is supported by Sub-section 4.2.1 that 

shows the pre-event decreasing price trend stops one day after director discretionary 

purchases. Although the market does not efficiently incorporate the good news immediately 

on the dealing days, it does so in the dealing day and the following day. Subsequently, 

outsiders cannot effectively earn abnormal returns by following director discretionary 

purchases. Another explanation of such results might be due to the increased risk of 

entrenchment that the market perceives when directors acquire more shares. Such increased 

risk might offset the positive signal that these purchases carry. A more detailed discussion 
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on this possibility is presented in Section 4.6. Discretionary sales on the other hand, do carry 

substantial long-term negative information and this analysis shows that the market is very 

slow in reacting to this news. This negative information starts to be incorporated into the 

prices from day 30 after the announcement days and the negative price adjustment process is 

gradual until 170 days after the event. This shows that, in general, the market seems to be 

much slower in incorporating implied bad news than it is in incorporating good news. An 

alternative explanation can be based on the nature of the implied information. The previous 

sub-section shows that discretionary purchases are usually related to contrarian strategies, 

i.e., directors purchase shares when they are on a decreasing price trend. Thus, the implied 

positive information of a discretionary purchase can be perceived by the market as a signal 

that the stock is underpriced and insiders are acting on this. Whether the director’s action is 

supported with only a pure contrarian view or with additional private positive information, 

they would both benefit the market. Therefore, the market reaction to such positive news is 

quicker and more certain. On the other hand, discretionary sales do not seem to be clearly 

related to a contrarian strategy. It is not always the case that directors sell shares because they 

are on an increasing price trend that might signal overpricing and/or with additional private 

information. In addition, the market can also have a perception that insider sales are driven 

by other non-informative reasons, such as meeting liquidity needs or balancing investment 

portfolio. Thus, the implied negative information of these discretionary sales is more 

uncertain and more difficult for the market to justify than for purchases. Therefore, the 

market reacts very slowly to discretionary sales. 

 

4.2.3 Hypotheses 5, 6, 7, and 8 

To investigate if the decision to trade stealthily reveals information that is incremental to that 

signalled by the discretionary level of a deal, this analysis divides the whole sample into split-

order and non-split-order sub-samples. Hypotheses 5, 6, 7, and 8 aim to test whether deals 

associated with stealth trading carry more information than those that are not. Testing these 

hypotheses is mentioned in Sub-section 4.4.1 where a regression analysis is conducted with 

the inclusion of a dummy variable that indicates if a director chooses to trade stealthily. This 

section presents a preliminary analysis of whether or not there are any discrepancies between 

the two sub-samples for additional insights on directors’ choice of intraday stealth trading.  
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The second panel of Table 4.1 presents the test results of CAARs for the non-split-order sub-

sample while the third panel presents the test results for the split-order sub-sample. CAARs 

prior to the trading and announcement events show similarities between the two sub-samples 

and are largely consistent with the whole sample.  

 

Hypotheses 5 and 7 are discussed together as they are related to purchases and Hypotheses 6 

and 8 are discussed below together as they are related to sales. With regard to Hypothesis 5, 

the third panel of Table 4.1 shows higher negative pre-event CAARs for split-order 

discretionary purchases (-3.32% for the (-20,0) window), compared to non-split order 

discretionary purchases in the second panel (-1.51% for the (-20,0) window). This is evidence 

that split-order discretionary purchases tend to be motivated by larger underpricing. These 

deals occur at very good trough prices, compared to non-split-order discretionary purchases. 

This is a preliminary indication that Hypothesis 5A is unlikely to be rejected. The regression 

analysis in Sub-section 4.4.1 will confirm whether or not this is the case. The long-term post-

event price trend is not different across split-order and non-split-order discretionary 

purchases, as there is not much discrepancy with regard to discretionary purchases between 

the results in the second and the third panels of Table 4.1. This evidence seems to support a 

rejection of Hypothesis 5B. With regard to Hypotheses 7A and 7B, there is no evidence that 

non-discretionary purchases are informative, either on a pre-event or a post-event basis and 

that the choice of intraday stealth trading does not add any incremental knowledge on these 

non-discretionary purchases.  

 

The findings also shed light on how efficient the market is on the director dealing days of 

discretionary purchases. Using the whole sample, Sub-section 4.2.1 finds that on average the 

market needs two days (the dealing day and the following day) to adjust prices and to stop 

the decreasing price trend. In this sub-section, it is found that on the dealing days of director 

non-split-order discretionary purchases, CAARs for the (0,0) window show that the market 

is quick in incorporating information and the pre-event decreasing price trend stops within 

the dealing day. This is not true on the dealing days of director split-order discretionary 

purchases when the market is slow and seems unable to incorporate good news immediately. 

The decreasing trends stop one day after the dealing day of split-order discretionary 

purchases. The market seems to react quicker to the implied positive news when directors do 
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not split their deals. There are two possible explanations for this difference. First, a non-split-

order discretionary purchase is more visible to the market because of its large size, and this 

helps the market incorporate information of the informed deals quicker. Second, when the 

realised underpricing is large and UK directors intend to exploit a stealth-trading strategy for 

their discretionary purchases, the market also needs more time to correct such a large 

underpricing trend and with less visible information about director actual intraday trades, 

which results in the prolonging of the pre-event decreasing price trend to another day after 

the dealing day. Overall, the market is more efficient on the dealing days of non-split-order 

discretionary purchases due to either the immediate price impact of the large non-split-order 

or the smaller mispricing trend that is to be corrected. 

 

With regard to Hypotheses 6A and 6B, there is evidence that might lead to the rejection of 

both. In the previous section, and for the whole sample, an upward pricing trend after director 

discretionary sales that are followed by a significant negative long-term trend is documented. 

This uptrend for discretionary sales till day 10 after the event in the split-order sub-sample is 

also reverted and does form an economically significant long-term downward trend that 

reaches -5.44% (for trading events) or -5.87% (for announcement events) after 170 days. 

This long-term downward trend of prices following discretionary sales is more prominent in 

the non-split-order sub-sample and starts to be significant from day 7 after both trading and 

announcement events, reaching highly negative CAARs of -9.03% (-9.40% for 

announcement events) by day 170. This result is supporting evidence that higher levels of 

information are associated with non-split-order discretionary sales. The regression analysis 

in Sub-section 4.4.1 will directly address these hypotheses with the use of dummy variables. 

More interestingly, non-split-order discretionary sales also tend to carry shorter-lived 

information with a significant negative performance showing from day 7 after the trading 

event, with high significance from day 30, while split-order discretionary sales carry only 

longer-lived information with a significant negative performance showing after day 120. The 

short-term nature of the private information in director non-split-order discretionary sales is 

also a good explanation for why directors do not employ a stealth-trading strategy in such 

deals. UK directors are also subject to a one-month or two-month dealing ban prior to earning 

announcements. Such regulation could explain why UK directors seem to rush their 

discretionary sales.  
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Table 4.2 Summary of hypotheses testing 

Hypothesis Discretionary 

deals 

Non-discretionary 

deals 

Implications 

H1: Pre-event CAARs for purchases are 

negative.  

Accept Reject Discretionary purchases are good candidates of underpricing timing. 

H2: Pre-event CAARs for sales are positive.  Reject Accept Non-discretionary sales are good candidates of overpricing timing 

H3: Post-event CAARs for purchases are 

positive.  

Reject Reject Both discretionary and non-discretionary purchases do not carry substantial future information 

→ The market is efficient on positive news. 

H4: Post-event CAARs for sales are negative. Accept (long-

term) 

Accept (short-

term) 

Discretionary sales carry substantial long-term negative information and the market is very slow 

in reacting to the news → The market is inefficient on negative news. 

For non-discretionary sales, it is unclear whether the post-event short-term negative stock 

reaction is a correction of the previous mispricing trend or a signal of carrying negative 

information. 

H5A (5B):  Pre-event (post-event) CAARs 

for split-order discretionary purchases are more 

negative (positive) than those of non-split-order 

discretionary purchases. 

Accept H5A 

H5B is 

irrelevant 

NA When UK directors realize deep underpricing, they might use intraday stealth-trading strategy 

to take advantage of their timing ability.  

H6A (6B): Pre-event (post-event) CAARs 

for split-order discretionary sales are more 

positive (negative) than those of non-split-order 

discretionary sales. 

H6A is 

irrelevant 

Reject H6B 

NA Non-split-order discretionary sales are associated with more negative information but with a 

shorter-lived nature. This explains why UK directors do not use stealth-trading strategy when 

executing such discretionary sales. The short-lived nature of such information and the trading ban 

period before earnings announcements can jointly explain directors’ choice of not trading 

stealthily. Directors are willing to pay more for faster execution even at unfavourable prices 

H7A (7B): Pre-event (post-event) CAARs 

of split-order non-discretionary purchases are not 

different from those of non-split-order non-

discretionary purchases. 

NA Accept H7A 

Accept H7B 

Stealth trading does not associate with more or less informed non-discretionary purchases 

(see Sub-section 4.4.1) 

H8A (8B): Pre-event (post-event) CAARs 

of split-order non-discretionary sales are not 

different from those of non-split-order non-

discretionary sales. 

NA Accept H8A 

Accept H8B 

 

Stealth trading does not associate with more or less informed non-discretionary sales 

(see Sub-section 4.4.1) 
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In addition, the evidence of overpricing timing of non-discretionary sales is observed in both 

sub-samples, with higher magnitude and significance in the non-split-order sub-sample. This 

seems to support a rejection of Hypothesis 8A. However, there is little informational content 

differences due to the choice of the intraday stealth-trading strategy for non-discretionary 

sales, and hence a likely support of Hypothesis 8B. In contrast to discretionary purchases, 

split-order discretionary and non-discretionary sales seem to be motivated by less negative 

information and larger over-pricing, respectively. 

 

The findings also show that the market is very slow in incorporating negative news into 

prices. No significant adjustment for such negative news is found on the dealing days of 

either the non-split-order or the split-order discretionary sales. Together with the observation 

on how efficient the market is on the dealing days of discretionary purchases, this result 

shows that while the market is efficient in incorporating good news, it is not in incorporating 

bad news. Bad news implied by director discretionary sales can consist of both public and 

private information. The appearance of their sale orders and trades on the order book without 

trader identification is the public information on the dealing day. Another piece of related 

public information is the subsequent disclosure or announcement of their deal. Directors, 

however, might also have negative beliefs about the firm’s future performance based on a set 

of private information that is available to them only. Whether or not and how long it would 

take for the market to discover this set of private information depends on several factors. 

First, because insider sales are most likely liquidity-based (as purported by Lakonishok and 

Lee (2001) and Chua and Nasser (2016)), market participants are less motivated in expending 

effort and costs in investigating the implied set of negative private information. Second, even 

if market participants expend the effort in investigating why directors sell shares and they 

might fail in discovering the private negative news at the time of the director dealing or 

announcement. The data clearly shows that the private negative news is only reflected in 

prices at least 7 days (120 days) following director non-split-order (split-order) discretionary 

sales. The earlier and larger reaction of the market on director non-split-order but not on split-

order discretionary sales is strong supportive evidence that non-split-order discretionary sales 

carry more negative but shorter-lived private information. 
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This sub-section provides an overview related to Hypotheses 5, 6, 7, and 8, but does not 

provide any direct testing of these hypotheses. These hypotheses are revisited and tested in 

Section 4.4, in which a dummy regression analysis that directly addresses differences 

between non-split-order deals and split-order deals, by examining the coefficients on a Split-

order dummy variable, is considered. In summary, the overview in this sub-section points 

out three important findings. First, the choice of UK directors’ intraday stealth trading is 

different between purchases and sales. While split-order discretionary purchases are found 

to be associated with larger underpricing (i.e., more informed) compared to non-split-order 

discretionary purchases, split-order discretionary sales are found to be associated with less 

negative informational content (i.e., less informed) compared to non-split-order discretionary 

sales. Actual shareholding status of UK directors might shed light on this difference. I 

examine this conjecture in Section 4.6 where I analyse a group of deals for which director 

shareholding data is available. Second, the fact that non-split-order discretionary sales are 

associated with more negative information but with a shorter-lived nature explains why UK 

directors do not use stealth-trading strategies when executing such discretionary sales. The 

short-lived nature of such information combined with the trading ban period before earnings 

announcements can explain the director’s choice of not trading stealthily. Directors seem to 

be willing to pay more for faster execution even at unfavourable prices. Third, the findings 

show that the market is quick in incorporating good news but is slow in incorporating bad 

news. While there is evidence that both discretionary purchases and sales are informative, 

the market is more efficient in incorporating good news implied by director discretionary 

purchases. In addition, the good news is incorporated faster (within the dealing day) given 

that directors do not split their deal, i.e., they do not use a stealth-trading strategy. The market 

might need at least one day to make the adjustment if directors intend to exploit an intraday 

stealth-trading strategy for their discretionary purchases. However, it takes at least 7 days 

(120 days) following a non-split-order (split-order) discretionary sale. This difference in 

daily market reaction is consistent with the nature of longevity of such deals. The private 

information implied in discretionary purchases is found to be short-lived while that implied 

in discretionary sales is found to be long-lived. Consequently, there is no chance for outsiders 

to earn abnormal returns following director discretionary purchases, but there are still 

chances if they follow discretionary sales.  
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4.2.4 Robustness 

The analysis of CAARs is based on the market model to estimate daily abnormal stock 

returns. Hence, the finding might be sensitive to the choice of index proxy as a benchmark 

for normal returns. As a robustness check, this chapter applies another normal return model 

to produce market-adjusted returns. The analysis is repeated with the use of CAMARs, which 

are the cumulative abnormal returns generated by using a market-adjusted returns model, 

instead of CAARs. The test results on CAMARs are presented in Appendix 4.C. Similar, 

though less strong, effects are found using CAMARs as in using CAARs. This robustness 

check confirms that the results are not very sensitive to the use of the benchmark normal 

returns model. 

 

While the results on CAMARs are not affected by the beta estimation process because the 

model does not require such estimation, the results on CAARs might be. For this reason, 

another robustness check is conducted, in which I estimate time-varying, instead of constant, 

alphas and betas, by using rolling estimation periods. The estimation period for each pair of 

alphas and betas is kept as one year as in the main analysis. However, for each abnormal 

return calculation, from day -20 to day 170, during the event window, alphas and betas are 

re-estimated using the rolling one-year data that precede each day instead of applying fixed 

estimates (i.e. fixed one-year period before day -20). I also extend the event windows in this 

robustness check backwards to cover 130 days before the event, and forwards to cover 500 

days after the event to capture long-term persistence if there are any. The results of these 

robustness analyses are reported in Appendix 4.D and are qualitatively similar to those of the 

main analysis. Accordingly, the results reported for the main analysis are robust to the 

estimation method of alphas and betas. It is worth noting, however, that the robustness 

analysis presents evidence that while overpricing timing of non-discretionary sales is 

temporary (within 10 days prior to the sale), the pre-event decreasing price trend of 

discretionary purchases is more persistent and accumulates over the 130-day period prior to 

the events. The former finding of short-term overpricing timing of their non-discretionary 

sales, therefore, might be just a coincidence with an increasing price trend resulted from a 

better firm performance that also triggers the awards conditions and the exercise of the 

options. This also supports the results of the above investigation that non-discretionary sales 

appear to be good indicators of overpricing timing mainly due to the nature of timing an 
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option exercise (i.e., when the option is in-the-money) and the nature of the award release 

times (i.e., when the firm is performing well so that the conditions on the award programs 

are met and hence trigger the release of the awards). The latter finding supports the 

conclusion in Sub-section 4.2.3 that director discretionary purchases carry positive private 

information along with a contrarian strategy so that the market can discover and incorporate 

quickly into prices to stop the persistent decreasing price trend. In other words, such a 

persistent decreasing price trend shows that the firms are perceived by the market as bad 

performers, rather than short-term mispricing of the firms’ stock. The positive signal of 

director discretionary purchases helps to correct this negative perception.  

 

Another robustness check conducted is one that controls for confounding events. The main 

analysis is conducted without removing confounding events to retain a sufficient number of 

observations. As the GMTP z-test adjusts for overlapping signals, confounding events are 

already under control in the tests. Nonetheless, and by way of robustness, I also examine 

smaller samples with confounding events removed. A confounding event is defined as a 

trading or an announcement event that occurs on the same day as another trading or 

announcement event. For each event window, I construct a corresponding sub-sample with 

these confounding events removed. For example, a 20-day non-confounding sub-sample is a 

sub-sample that does not contain any concurrent event within any 20-day period, and is used 

in testing CAARs (-20,0) and CAARs (0,20). Similarly, a 10-day non-confounding sub-

sample is a sub-sample that does not contain any concurrent event within any 10-day period 

and is used in testing CAARs (-10,0) and CAARs (0,10). The results are presented in 

Appendix 4.E. In general, these provide similar, but somewhat clearer, conclusions to those 

reported in Sub-sections 4.2.1-4.2.3 for the main analysis. The pre-event negative price trend 

of discretionary purchases is mainly attributed to split-order discretionary purchases. This is 

a stronger evidence, relative to that of the main analysis, in that directors use a stealth-trading 

strategy for their discretionary purchases when they realise that their firm’s stock is 

underpriced. In addition, removing confounding events shows larger negative CAARs 

associated with non-split-order discretionary sales (-13.31% for (0,170) compared to -9.03% 

in the original sample). The removal of confounding events seems to confirm the results of 

the main analysis and clarify them further. In addition, the removal of confounding events 

also explains additional insights on how effects on director dealing are contaminated. The 
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positive price trend after split-order discretionary sales disappears in the non-confounding 

samples. After split-order discretionary purchases, the price tends to increase but not 

significantly. Thus, the positive post-event trend of discretionary sales (that comes mainly 

from split-order discretionary sales) seems to be a result of contamination of discretionary 

purchases. Some directors might sell shares within a short period of time after purchasing 

discretionarily. This is consistent with the evidence of contrarian strategy of discretionary 

purchases. Overall, removing confounding events clears this noise and provides a clearer but 

qualitatively similar picture of abnormal returns following director dealings.  

 

4.3 Abnormal return performance of stealth-trading strategies under a different deal 

classification method 

In this section I compare my proposed classification method with a modified alternative from 

the prior literature. Specifically, I conduct an analysis that adapts Cohen, Malloy and 

Pomorski's (2012) classification of deals into ‘routine’ and ‘opportunistic’ deals to 

investigate if their adapted method is better in identifying more informed deals than this 

thesis’ classification of discretionary and non-discretionary deals. In their analysis 

opportunistic deals are found informative, while routine deals are not. In this analysis, a deal 

is defined as a routine deal if there is another deal made by the same director in the same 

month of the previous year or the following year. This treatment is a slight modification to 

that of Cohen, Malloy and Pomorski (2012) in that they use three years of historical data to 

identify whether a deal is routine or opportunistic, while I use only one year of historical data 

due to the two-year data availability limitation. For brevity, this adjusted classification 

method of Cohen, Malloy and Pomorski (2012) will henceforth be referred to as the modified 

CMP. This modification remains as one of the limitations in that, strictly speaking, it does 

not allow for a direct precise comparison with the results of the original method of Cohen, 

Malloy and Pomorski (2012). However, it is considered as a very close alternative that is 

based on the same principle of identifying routine versus opportunistic deals. 

 

I apply the modified CMP to the sample of UK director deals. Table 4.3 reports the number 

and percentage of deals within each category of our deal classification method (discretionary 

and non-discretionary purchases and sales) that match with the modified CMP. Table 4.3, 

therefore, compares this thesis’ classification of discretionary versus non-discretionary deals 
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with the modified CMP’s classification method of ‘opportunistic (informed)’ versus ‘routine 

(uninformed)’ deals. The table shows that 87.81% of discretionary purchases and 92.35% of 

discretionary sales are also identified as opportunistic deals under the modified CMP. Only 

21.26% of non-discretionary purchases, that are supposed to be less informed, are identified 

as opportunistic deals. However, a high portion of non-discretionary sales (63.40%), that are 

supposed to be non-informative, are identified as opportunistic deals. Generally speaking, 

this thesis’ classification method and the modified CMP are consistent in classifying all other 

deals, with the exception of non-discretionary sales. The main reason for this difference is 

that non-discretionary sales occur on an annual basis, but are unlikely to take place on the 

same months of each year (which the modified CMP requires for the identification of deals 

as ‘routine’ deals). This can explain why the modified CMP identifies a higher percentage of 

63.4% of non-discretionary sales as ‘opportunistic’ and hence informative, while my method 

classifies them as uninformative. 

 

To compare the CAARs performance of my sample when classified by the modified CMP 

with that when classified by this thesis’ classification method, Table 4.4 presents a CAARs 

analysis of the deals when classified by the modified CMP. This table mirrors the left panel 

of Table 4.1 of the main analysis that uses this thesis’ classification method. Table 4.4 shows 

that the modified CMP classification gives general similarities to this thesis’ discretionary 

versus non-discretionary classification. However, this thesis’ classification method provides 

a rather clearer picture in terms of the magnitude of abnormal returns. For example, if one 

focuses on the windows of significance across the two tables, CAARs for opportunistic 

purchases in Table 4.4 are significant and negative for windows (-20,0) and (-10,0) in the 

whole sample, the non-split order deal sample and the split-order deal sample. The same is 

observed in Table 4.1 that reports the results using this thesis’ classification method. 

However, the magnitude of the CAARs is higher, and hence clearer, in Table 4.1 than in 

Table 4.4, indicating that our classification method provides a clearer picture for these 

purchases. The two methods also agree on the sign of CAARs and the windows in which 

they are significant for routine purchases (Table 4.4) and non-discretionary purchases (Table 

4.1). However, the magnitude of the CAARS is larger in some windows while smaller in 

others, indicating an agreement in the sign of the CAARs but not a clear comparative picture 

in the magnitude of the CAARs. With regard to opportunistic versus discretionary sales, both 
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classifications agree on the sign of the CAARs but our classification (discretionary) provides 

values that are markedly higher in magnitude in most windows that have significant CAARs. 

This indicates that our classification shows a clearer picture for these deals (in the whole 

sample, and the non-split-order and split-order samples). Finally, and with regard to routine 

versus non-discretionary sales, again our classification shows a much clearer picture than the 

modified CMP classification, with many windows in all three samples significant under our 

classification but insignificant under the modified CMP. There is also disagreement between 

the two classification methods on the sign of the CAARs for these sales, but both methods 

agree on the sign of the CAARs for the windows (in the non-split-order deals) where both 

methods indicate significance. Overall, this thesis’ method produces consistent and clearer 

results to the modified CMP method. This thesis’ classification method picks up more 

informative signals that are beneficial to traders who seek abnormal return opportunities. 

 

The evidence of contrarian timing for discretionary purchases is also clearer than that of 

opportunistic purchases. In Table 4.1, CAARs (-20,0) and CAARs (-10,0) for discretionary 

purchases (split-order discretionary purchases) are -2.27% and -1.55% (-3.32% and -2.64%), 

respectively. In Table 4.4, the same numbers for opportunistic purchases (split-order 

opportunistic purchases) are -1.39% and -0.71% (-1.51% and -0.82%), respectively. Thus, 

the signs are consistent but the numbers for discretionary purchases are larger and hence 

reflect clearer results, compared to opportunistic purchases. What differs from the main 

results is that opportunistic sales by the modified CMP method are associated with successful 

contrarian timing, i.e., directors are able to time their opportunistic sales in an increasing 

price trend and non-split-order opportunistic sales catch peak prices better than split-order 

opportunistic sales (Table 4.4 shows positive pre-event CAARs of 0.64% and 0.69% for (-

20,0) and (-10,0), respectively). There is no such a result for the discretionary sales (Table 

4.1). When confounding events are removed from the samples of both methods (see 

Appendices 4.E and 4.F), it is found that the signals are much clearer and consistent with the 

main results. Appendix F shows that split-order opportunistic purchases and non-split-order 

opportunistic sales are more informative than non-split-order opportunistic purchases and 

split-order opportunistic sales. This is similar to the results shown in Appendix E for 

discretionary and non-discretionary deals. In addition, both discretionary purchases and 

discretionary sales are more informative than opportunistic purchases and sales. The pre-  
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Table 4.3 Discretionary versus non-discretionary classification and opportunistic 

versus routine classification 

This table compares this thesis’ classification method of discretionary versus non-

discretionary deals with the modified CMP method of opportunistic versus routine deals. The 

figures represent the number of deals can be classified using the modified CMP method into 

opportunistic and routine deals. The correspondent percentage is presented underneath each 

figure.  

 Opportunistic Routine Total 

Discretionary purchase 425 59 484 

 87.81% 12.19%  

Non-discretionary purchase 344 1274 1618 

 21.26% 78.74%  

Discretionary sale 326 27 353 

 92.35% 7.65%  

Non-discretionary sale 414 239 653 

 63.40% 36.60%  

Total 1509 1599 3108 

 

event CAARs for split-order discretionary purchases are -2.3% and -1.56% in the (-20,0) and 

the (-10,0) windows while the figures for opportunistic purchases are -1.51% and -0.82%, 

respectively. The post-event CAARs for non-split-order discretionary sales is -13.06% and -

13.31% in the (0,120) and the (0,170) windows while the figures for non-split-order 

opportunistic sale are smaller at -3.27% and -5.89%, respectively. This is evidence that this 

thesis’ classification method yields a better result compared to the modified CMP as it can 

pick up deals with higher information content. This is particularly pertinent given that, due 

to data limitations, the modified CMP uses forward-looking data of the year that follows the 

event and, consequently, should be biased in favour of better identification. The results show 

that this not the case and this thesis’ classification method still compares favourably. The 

results also suggest that both classification methods are affected with contamination of 

confounding events, however the effects are not serious and do not change the results 

significantly. In my opinion, this is not an issue with the classification method, but one due 

to the nature of the overlapping occurrence of director deals. 
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Table 4.4 Cumulated Average Abnormal Returns (CAARs) around trading events 

using opportunistic versus routine classification 

This table presents the test results of the significance of CAARs using the modified CMP 

method. It compares with the left panel of Table 4.1, which uses the classification method of 

this thesis. ‘R.P’ = routine purchases, ‘O.P’ = opportunistic purchases, ‘R.S’= routine sales, 

and ‘O.S’ = opportunistic sales; (1) = GMTP z-test, (2) = GRANK t-test, and ***, **, and * 

denote significance at 0.01, 0.05, and 0.1, respectively.  

     O.P R.P O.S R.S 

  Event windows n CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

W
h

o
le

 s
am

p
le

 (
n

=
 3

1
0

8
) 

(-20,0) 3108 -1.39% *** *** -0.31% * * 0.64% ** * 0.34%   

(-10,0) 3108 -0.71% *** *** 0.03%   0.69% *** *** -0.11%   

(0,0) 3108 -0.06% **  0.07% **  0.10% *  0.00%   

(0,1) 3108 0.02%   0.08% *  0.06%   0.03%   

(0,2) 3108 0.06%   0.04%   0.05%   -0.02%   

(0,7) 3108 0.21%   -0.11%   -0.10%  ** -0.06%   

(0,8) 3108 0.22%   -0.11%   -0.02%  * 0.01%   

(0,10) 3108 0.10%   -0.14%   -0.01%   0.19%   

(0,30) 3108 -0.23%   -0.33%   -0.56% ** *** -0.44%   

(0,60) 3108 -0.57%   -1.03% ** *** -0.62%  * -0.24%   

(0,120) 3108 -0.39%   -1.79% ** *** -2.08% ** *** -0.81%   

(0,170) 3108 -1.51%   -2.51% *** *** -4.19% *** *** -1.41%   

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 (

n
=

9
2

1
) 

(-20,0) 921 -1.22% *** *** -0.38%   0.63% *  -0.20%   

(-10,0) 921 -0.54% *** ** -0.05%   0.85% *** *** -0.77%   

(0,0) 921 0.00%   0.05%   0.09%   -0.14%   

(0,1) 921 -0.01%   0.09%   -0.07%   -0.22%   

(0,2) 921 -0.01%   0.05%   -0.16%   -0.36%   

(0,7) 921 -0.09%   0.13%   -0.36% * ** -1.47% *** *** 

(0,8) 921 -0.13%   0.08%   -0.36%  * -1.26% ** *** 

(0,10) 921 -0.31%   0.13%   -0.35%  ** -0.98% * ** 

(0,30) 921 -0.22%   -0.15%   -0.95% ** *** -1.99% ** *** 

(0,60) 921 -0.72%   -0.58%   -1.60% ** *** -0.80%   

(0,120) 921 -0.01%   -2.00%  * -3.27% *** *** -0.14%   

(0,170) 921 -1.12%   -3.01% * ** -5.89% *** *** 0.09%   

S
p

li
t-

o
rd

er
 d

ea
ls

 (
n

=
2

1
8

7
) 

(-20,0) 2187 -1.51% *** *** -0.29%   0.65% **  0.44%   

(-10,0) 2187 -0.82% *** *** 0.05%   0.58% ***  0.01%   

(0,0) 2187 -0.10% **  0.08% **  0.10%   0.02%   

(0,1) 2187 0.04%   0.07%   0.15%   0.08%   

(0,2) 2187 0.10%   0.04%   0.20%   0.05%   

(0,7) 2187 0.41% *  -0.17% *  0.08%   0.20%   

(0,8) 2187 0.47% *  -0.16%   0.21%   0.24%   

(0,10) 2187 0.37%   -0.20% *  0.22%   0.40%   

(0,30) 2187 -0.23%   -0.38%   -0.29%  * -0.16%   

(0,60) 2187 -0.46%   -1.14% *** *** 0.04%   -0.13%   

(0,120) 2187 -0.65%   -1.73% ** *** -1.28%  * -0.93%   

(0,170) 2187 -1.78%  * -2.39% ** *** -3.04% ** * -1.68%   
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Table 4.5 Cumulated Average Abnormal Returns (CAARs) around trading events considering both methods of classifying deals 

Test results of the significance of CAARs for three groups of deals (A) Discretionary and Opportunistic; (B) Discretionary and Routine; (C) 

Non-discretionary and Opportunistic; and test of mean differences between group A and group B and between group A and group C. (1) GMTP 

z-test, (2) GRANK t-test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 

 

  

  

  

  Group A Group B Group C Mean Difference (A-B) Mean Difference (A-C) 

  Purchases Sales Purchases Sales Purchases Sales Purchases t-test Sales t-test Purchases t-test Sales t-test 

window CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2)                 

 

W
h

o
le

 s
a

m
p

le
 

  n = 751 n = 86 n = 758                 

(-20,0) -2.28% *** *** 0.53% 
  

-2.23% *** * -2.38% ** ** -0.30% 
 

** 0.73% ** ** -0.05% -0.043 2.91% 2.848 *** -1.98% -3.018 *** -0.19% -0.464 

(-10,0) -1.62% *** *** 0.52% ** 
 

-1.05% ** 
 

-0.76% 
  

0.42% 
  

0.82% *** *** -0.57% -0.655 1.29% 1.736 * -2.04% -3.742 *** -0.29% -0.961 

(0,0) -0.10% ** 
 

0.38% *** 
 

-0.24% 
  

0.37% 
  

-0.01% 
  

-0.12% *** ** 0.14% 0.582 0.01% 0.028 -0.09% -0.687 0.51% 3.43 *** 

(0,1) -0.02% 
  

0.46% *** 
 

-0.22% 
  

0.43% 
  

0.08% 
  

-0.25% *** *** 0.20% 0.648 0.03% 0.082 -0.10% -0.608 0.71% 4.078 *** 

(0,2) 0.15% 
  

0.52% *** 
 

-0.34% 
  

0.15% 
  

-0.06% 
  

-0.32% *** *** 0.49% 1.288 0.37% 1.098 0.21% 1.09 0.84% 4.089 *** 

(0,7) 0.28% 
  

0.27% 
  

-0.40% 
  

0.36% 
  

0.12% 
  

-0.39% ** ** 0.68% 1.341 -0.09% -0.187 0.16% 0.523 0.67% 2.52 ** 

(0,8) 0.21% 
  

0.48% 
  

-0.38% 
  

0.46% 
  

0.24% 
  

-0.42% ** ** 0.59% 1.131 0.02% 0.039 -0.04% -0.117 0.90% 3.151 *** 

(0,10) 0.03% 
  

0.49% 
  

-0.39% 
  

0.22% 
  

0.18% 
  

-0.39% * ** 0.43% 0.759 0.26% 0.402 -0.15% -0.449 0.88% 2.911 *** 

(0,30) -0.27% 
  

-0.19% 
 

* -0.91% 
  

-0.43% 
  

-0.17% 
  

-0.85% ** ** 0.64% 0.637 0.24% 0.226 -0.10% -0.189 0.66% 1.286 

(0,60) -0.39% 
  

-1.09% 
 

** -0.97% 
  

-1.04% 
  

-0.80% 
  

-0.26% 
  

0.59% 0.438 -0.04% -0.02 0.41% 0.524 -0.83% -1.131 

(0,120) 0.68% 
  

-4.09% *** *** -3.89% ** ** -3.49% 
  

-1.72% 
 

* -0.50% 
  

4.57% 2.442 ** -0.60% -0.231 2.40% 1.875 * -3.58% -3.088 *** 

(0,170) -0.26% 
  

-7.31% *** *** -4.97% ** ** -3.53% 
  

-3.06% * ** -1.73% 
  

4.71% 1.982 * -3.78% -1.131 2.80% 1.775 * -5.58% -3.394 *** 

 

Table 4.5 continues on the next page. 
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Table 4.5… continued 

  

  

  

  Group A Group B Group C Mean Difference (A-B) Mean Difference (A-C) 

  Purchases Sales Purchases Sales Purchases Sales Purchases t-test Sales t-test Purchases t-test Sales t-test 

Window CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2)                 

 

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 

  n =392 n = 45 n = 218                 

(-20,0) -1.50% *** *** 0.50% 
  

-1.63% ** 
 

0.56% 
  

-0.23% 
  

0.76% * 
 

0.13% 0.096 -0.06% -0.03 -1.26% -1.111 -0.26% -0.422 

(-10,0) -0.80% *** *** 0.39% 
  

-0.51% 
  

0.08% 
  

0.39% 
  

1.31% *** *** -0.29% -0.275 0.30% 0.172 -1.19% -1.453 -0.93% -2.071 ** 

(0,0) -0.01% 
  

0.07% 
  

-0.66% *** ** 0.28% 
  

0.04% 
  

0.11% 
  

0.65% 2.14 ** -0.21% -0.51 -0.05% -0.263 -0.03% -0.237 

(0,1) -0.01% 
  

-0.02% 
  

-0.56% * 
 

0.54% 
  

0.02% 
  

-0.12% 
  

0.54% 1.345 -0.57% -1.495 -0.03% -0.11 0.10% 0.5 

(0,2) 0.12% 
  

-0.06% 
  

-0.68% ** * -0.01% 
  

-0.50% * * -0.27% 
  

0.81% 1.632 -0.06% -0.127 0.62% 1.992 ** 0.20% 0.885 

(0,7) 0.00% 
  

-0.49% ** * -0.24% 
  

-0.53% 
  

-0.41% 
  

-0.24% 
  

0.25% 0.403 0.05% 0.044 0.41% 0.787 -0.25% -0.687 

(0,8) -0.10% 
  

-0.39% 
  

-0.15% 
  

-0.86% 
  

-0.26% 
  

-0.33% 
  

0.05% 0.075 0.47% 0.309 0.16% 0.296 -0.06% -0.165 

(0,10) -0.24% 
  

-0.39% 
  

-0.25% 
  

-1.83% 
  

-0.54% 
  

-0.30% 
  

0.00% 0.006 1.44% 0.795 0.30% 0.514 -0.09% -0.237 

(0,30) -0.07% 
  

-1.00% ** *** -1.00% 
  

-2.51% 
  

-0.77% 
  

-0.89% 
  

0.93% 0.697 1.51% 0.514 0.70% 0.683 -0.11% -0.147 

(0,60) -0.64% 
  

-2.07% *** *** 0.80% 
  

-5.46% 
  

-1.02% 
  

-1.13% 
  

-1.44% -0.81 3.39% 0.745 0.38% 0.269 -0.95% -0.836 

(0,120) 0.59% 
  

-5.49% *** *** -0.49% 
  

-7.01% 
  

-2.13% 
  

-1.06% 
  

1.07% 0.469 1.52% 0.316 2.72% 1.085 -4.43% -2.507 ** 

(0,170) -0.93% 
  

-8.96% *** *** -2.55% 
  

-10.35% ** ** -1.78% 
  

-2.83% 
  

1.62% 0.512 1.39% 0.342 0.84% 0.312 -6.13% -2.389 ** 

 

S
p

li
t-

o
rd

er
 d

ea
ls

 

  n = 359 n = 41 n = 540                 

(-20,0) -3.32% *** *** 0.56% 
  

-3.32% *** 
 

-3.41% *** *** -0.31% 
 

** 0.71% * 
 

0.00% -0.001 3.97% 3.497 *** -3.01% -3.483 *** -0.15% -0.247 

(-10,0) -2.72% *** *** 0.64% ** 
 

-2.03% ** 
 

-1.06% 
  

0.43% 
  

0.53% * 
 

-0.69% -0.434 1.70% 2.049 * -3.15% -4.548 *** 0.10% 0.239 

(0,0) -0.21% *** 
 

0.64% *** 
 

0.52% * 
 

0.41% 
  

-0.02% 
  

-0.26% *** *** -0.73% -2.08 ** 0.23% 0.617 -0.19% -0.86 0.90% 3.698 *** 

(0,1) -0.03% 
  

0.86% *** 
 

0.39% 
  

0.39% 
  

0.09% 
  

-0.33% *** *** -0.42% -0.977 0.47% 1.068 -0.12% -0.491 1.19% 4.291 *** 

(0,2) 0.19% 
  

1.01% *** 
 

0.29% 
  

0.21% 
  

0.05% 
  

-0.35% *** ** -0.10% -0.191 0.80% 1.715 * 0.14% 0.45 1.36% 4.179 *** 

(0,7) 0.65% 
  

0.91% *** 
 

-0.68% 
  

0.67% 
  

0.25% 
  

-0.48% ** ** 1.33% 1.485 0.24% 0.436 0.40% 0.894 1.39% 3.675 *** 

(0,8) 0.62% 
  

1.22% *** 
 

-0.80% 
  

0.93% 
 

* 0.37% 
  

-0.46% ** ** 1.41% 1.599 0.30% 0.497 0.25% 0.551 1.69% 4.054 *** 

(0,10) 0.40% 
  

1.23% *** 
 

-0.66% 
  

0.94% 
 

* 0.36% 
  

-0.45% * * 1.06% 1.217 0.29% 0.465 0.04% 0.095 1.68% 3.736 *** 

(0,30) -0.55% 
  

0.49% 
  

-0.75% 
  

0.30% 
  

-0.02% 
  

-0.82% * * 0.20% 0.135 0.19% 0.187 -0.52% -0.73 1.32% 1.886 * 

(0,60) -0.05% 
  

-0.26% 
  

-4.17% * ** 0.50% 
  

-0.74% 
  

0.23% 
  

4.13% 2.257 ** -0.76% -0.318 0.69% 0.713 -0.49% -0.498 

(0,120) 0.80% 
  

-2.90% * ** -10.05% *** *** -2.25% 
  

-1.61% 
  

-0.19% 
  

10.85% 3.871 *** -0.65% -0.204 2.42% 1.404 -2.71% -1.713 * 

(0,170) 0.65% 
  

-5.92% *** ** -9.34% *** ** -1.15% 
  

-3.38% ** ** -1.10% 
  

9.99% 3.001 *** -4.78% -1.107 4.03% 1.863 * -4.82% -2.144 ** 
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I investigate which method is better in clarifying information signals even further through a 

comparison test. Table 4.5 presents a comparison between three groups of deals. Group A 

(Discretionary and Opportunistic) contains deals that are classified as informative by both 

methods. Group B (Discretionary and Routine) contains deals that are classified as 

informative by the method devised in this thesis but as non-informative by the modified CMP 

method. Finally, Group C (Non-discretionary and Opportunistic) contains deals that are 

classified as non-informative by my method but informative by the modified CMP method. 

From Table 4.5, Group A is confirmed to contain the most informative deals, especially sales. 

In this group, purchases show the clearest pre-event negative CAARs (-2.28% and -1.62% in 

the (-20,0) and the (-10,0) windows) compared to other groups. Sales show the clearest 

positive CAARs in the (-10,0) pre-event window due to split-order deals. Sales also show the 

clearest short-term positive CAARs for windows (0,0), (0,1), and (0,2) mainly due to positive 

short-term post-event performance in split-order deals in windows (0,0), (0,1) and up to 

(0,10). Sales also show the clearest long-term negative performance in windows (0,120) and 

(0,170) mainly due to the medium to long-term negative performance of non-split-order deals 

from window (0,30) to window (0,170). All findings for Group A, classified as informative 

by both methods, are consistent with the main analysis in that purchases (split-order as well 

as non-split order) have negative pre-event CAARs and sales are informative of future 

negative information. In Group B of discretionary and routine deals, purchases show negative 

pre-event CAARs for the (-20,0) window shared between split-order and non-split-order 

deals, and long-term negative CAARs for the (0,120) and (0,170) windows mainly due to 

significance in these windows for split-order deals and not for non-split-order deals. Group 

B sales show negative pre-event CAARs in the (-20,0) window solely due to significance of 

negative CAARs in this window by split-order deals and not by non-split-order deals. Group 

B sales also show significant long term CAARs in the (0,170) window only in the non-split 

order deals. Thus, as Group B are deals that are classified as discretionary and, hence, 

informative by this thesis’ method, while classified as routine and, hence, uninformative by 

the modified CMP method, these results show that this thesis’ method picks up some 

informative deals (especially purchases and non-split-order sales) that the modified CMP 

would have otherwise classified as uninformative. In Group C of non-discretionary but 

opportunistic deals I find that the pre-event negative CAARs for purchases (the window (-
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20,0) is marginally significant for the whole sample and the split-order sub-sample, and the 

magnitude is less than in the other two groups. Group C sales do not show any evidence of 

long-term negative information as in the other two groups. Thus, this thesis’ classification 

method seems to work better in Group C than the modified CMP for both purchases and 

sales. The modified CMP seems to pick opportunistic sales that are classified as non-

discretionary and hence uninformative by this thesis’ method. These sales are indeed not as 

informative as other deals in Group A. In addition, Group C sales show substantial positive 

pre-event CAARs, shared by split-order as well as non-split order deals, and short-to-medium 

term negative post-event CAARs to window (0,30) that are solely due to the split-order deals 

and not the non-split-order deals. These Group C sales show evidence of contrarian strategy, 

which is not observed in the other two groups, and this is attributed mainly to the non-

discretionary deals that are classified as opportunistic deals under the modified CMP method. 

This is consistent with the main analysis in Subsection 4.2.1 that non-discretionary sales are 

contrarian while discretionary sales are not. 

 

Examining the differences between Groups A and B shows an additional information signal 

of opportunistic deals by the modified CMP method that would otherwise be identified as 

discretionary deals by this thesis’ method. Deals, that are classified as discretionary deals by 

this thesis’ classification method, might belong to Group A if they are classified as 

opportunistic deals under the modified CMP method, or to Group B if they are classified as 

routine deals by the modified CMP method. Thus, the mean differences between Group A 

and B indicate the additional information content of opportunistic deals over routine deals 

that are uncovered by the modified CMP. The mean differences between Group A and B are 

presented in the column entitled Mean Differences (A-B) in Table 4.5. For purchases that are 

identified as discretionary in the data, post-event CAARs are more positive following 

opportunistic discretionary purchases than routine discretionary purchases, evidenced by the 

significant differences of 4.57% and 4.71% in the (0,120) and the (0,170) windows, 

respectively. However, there are no significant differences on pre-event CAARs of 

discretionary purchases. For sales that are identified as discretionary in the data, there is more 

significant evidence of contrarian timing prior to opportunistic discretionary sales than 

routine discretionary sales, with the differences of 2.91% and 1.29% in the (-20,0) and (-

10,0) windows, respectively. All these findings for both purchases and sales are found in the 
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split-order sub-sample with larger and more significant differences compared to the non-

split-order sub-sample. However, there is no evidence showing that opportunistic 

discretionary sales carry more negative long-term information, such as in the (0,120) or the 

(0,170) windows, compared to routine discretionary sales, in either the whole sample or the 

sub-samples. This suggests that the modified CMP method is less successful in uncovering 

more-informed discretionary deals. 

 

Similarly, examining the differences between Groups A and C shows an additional 

information signal of discretionary deals by this thesis’ method that would otherwise be 

identified as opportunistic deals by the modified CMP method. Deals, that are classified as 

opportunistic deals under their classification method, might belong to Group A if they are 

classified as discretionary deals under this thesis’ classification method, or to Group C if they 

are classified as non-discretionary deals. Thus, the mean differences between Group A and 

C indicate the additional information content of discretionary deals over non-discretionary 

deals that are uncovered by this thesis’ method. The mean differences between Group A and 

C are presented in the column entitled Mean Differences (A-C) in Table 4.5. For purchases 

that are identified as opportunistic deals using the modified CMP method, this thesis’ 

classification method further clarifies clearer contrarian timing prior to opportunistic 

discretionary purchases, evidenced by significant differences of -1.98% and -2.04% in the (-

20,0) and (-10,0) windows, respectively. The differences are not observed in the column of 

Mean Difference (A-B), and thus indicates a contribution of this thesis’ classification 

method. This finding is also found in the split-order sub-sample, but not in the non-split-

order sub-sample, which supports the fact that the findings related to the association of 

intraday stealth trading with short-term mispricing of discretionary purchases are more 

prominent by this thesis’ classification method. For sales that are identified as opportunistic 

using the modified CMP method, this thesis’ classification method further clarifies that 

discretionary opportunistic sales carry more significant negative information compared to 

non-discretionary opportunistic sales, evidenced by significant differences of -3.58% and -

5.58% in the (0,120) and (0,170) windows, respectively. These differences are also not 

observed in the Mean Difference (A-B) discussed above, which indicates that this thesis’ 

classification method is more effective in picking up more-informed opportunistic deals.  

This pattern is found to be stronger in the non-split-order sub-sample compared to the split-
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order sub-sample, which indicates the consistency of the findings regarding the UK directors’ 

impatience in rushing to sell their shares discretionarily to implement the intraday stealth-

trading strategy. Discretionary opportunistic purchases also perform better than non-

discretionary opportunistic purchases in terms of post-event CAARs (i.e., more positive 

returns), evidenced by significant differences of 2.4% and 2.8% in the (0,120) and (0,170) 

windows, respectively. The same pattern is found only in the split-order sub-sample with 

significant differences of 4.03% in the (0,170) window, which indicates that UK directors 

might prefer using intraday stealth-trading strategies when they possess positive future 

information. This finding clarifies my conjecture on the use of intraday stealth trading on 

discretionary purchases, which is implicit in the previous analysis in which there is no 

evidence that discretionary purchases have any informational content. 

 

Appendix 4.G presents a table comparable to Table 4.5, but of results generated by using 

non-confounding events only. Similar results, but with less significance, are observed. This 

shows that the results are robust when controlling for confounding events.  

 

Overall, this section shows that there is an overlap between this thesis’ classification method 

and that of the modified CMP. There are deals that are classified differently using the two 

methods, but a large proportion of deals are classified similarly (47%, 60%, and 30% for the 

whole sample, the non-split-order and the split-order sub samples respectively). This analysis 

also stresses two important points. First, on a stand-alone analysis, this thesis’ classification 

method shows clearer negative long-term signals following discretionary sales, especially 

non-split-order discretionary sales. The ability to pick up more-informed deals is a desired 

property that outside traders are looking for to make abnormal returns. Second, on the 

comparative analysis of mean differences between Groups A and C, given a deal is identified 

as an opportunistic deal under the modified CMP method, this thesis’ method can distinguish 

whether the deal is more informed. The deal is more informed if it is classified as a 

discretionary deal under this thesis’ classification method. Hence, this method adds an 

additional feature and value that outsiders would be seeking. The similar comparative 

analysis of mean differences between Groups A and B, however, does not support that the 

modified CMP method adds to this thesis’ method. Given a deal is identified as discretionary 

by this thesis’ new method, the modified CMP fails to point out that the deal is more 
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informative if it is classified as an opportunistic deal instead of a routine deal. In addition, 

this thesis’ classification method bases its classification solely on public information of the 

deal announcements, while the modified CMP is based on public information of the deal and 

historical deals. In other words, this thesis’ method economises on the information set 

required for classification. In addition, the information that this thesis uses, i.e. the text 

description of whether a deal is discretionary or not, has not been explored in the prior 

literature. This thesis’ method requires more skimming and scanning in reading the deal 

announcement, while the modified CMP requires more information of past announcements. 

It is not clear which method is less time consuming, but it is clear that this thesis’ method is 

more successful in picking up more informed deals. While the application of the modified 

CMP method in this thesis is based on the original idea of Cohen, Malloy and Pomorski 

(2012), the lack of historical data has refrained this thesis from replicating the original 

suggested method in Cohen, Malloy and Pomorski (2012). As a result, it cannot be claimed 

that the analysis in this section is a direct comparison between the thesis’s classification 

method and the Cohen, Malloy and Pomorski (2012)’s method, but is a valid comparison of 

the principles involved in these two methods. Thus, the comparative analysis presented in 

this section can be construed as preliminary evidence that the principle of discretionary 

versus non-discretionary classification may very well fair better than that that of routine 

versus opportunistic deals. The limitation in the implementation of the CMP method opens a 

gap for future research. 

 

4.4 Multivariate analysis of daily cumulative abnormal returns 

This section analyses the association between cumulative abnormal returns (CARs) and 

directors’ dealing purpose, as well as whether or not directors trade stealthily over the trading 

day. I start by denoting OLS regressions with CARs as dependent variables as ‘Model 1’. 

This ‘model’ examines the association between CARs of different event windows with two 

main variables of interest: Split-order (a dummy variable that equals to 1 if the deal is a split-

order deal, and 0 otherwise) and Discretionary (a dummy variable equals to 1 if the deal is a 

discretionary deal, and 0 otherwise). These two dummies indicate whether directors have 

discretion over splitting a deal and on when to trade, respectively. The following control 

variables are also included: Deal size (the natural logarithm of the ratio between the volume 

of the deal and the total daily trading volume of the stock), Firm size (the natural logarithm 
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of the market capitalisation value of the firm on the trading day), Book-to-market (the 

standardised ratio of book value to market value on the event day), Multiple insider (a dummy 

variable that equals to 1 if there is more than one director trade on the same day, and 0 

otherwise), and Day-gap (the period in days between the trading day and the announcement 

day). Day gap is transformed to 1/exp(Day gap) and then standardised. The correlation 

matrix of the independent variables in Table 4.6 shows no notably high correlations. I also 

denote as ‘Model 2’ a similar regression that applies to the sub-sample of discretionary deals 

and non-discretionary deals only.  

 

Table 4.6 Correlations between independent variables 

  Split-order Discretionary Deal size Firm size Multiple insider BTMV35 Day gap 

Split-order 1.00 -0.30 -0.09 -0.01 0.02 0.00 -0.25 

Discretionary   1.00 0.27 -0.03 0.13 -0.01 0.20 

Deal size     1.00 -0.25 0.10 -0.11 0.17 

Firm size       1.00 0.07 0.04 0.00 

Multiple insider         1.00 -0.01 -0.06 

BTMV           1.00 -0.01 

Day gap             1.00 

 

Tables 4.7 and 4.8 present the estimation results of Models 1 and 2 around trading events and 

announcement events, respectively. The results presented in this section are for the whole 

sample without removing confounding events. Corresponding results for non-confounding 

samples are presented in Tables 4.9 and 4.10. The results are discussed in the following 

subsections.  

 

4.4.1 Intraday stealth-trading strategies 

In the previous CAARs analysis of Section 4.2, it is shown that non-discretionary sales are 

good indicators of the timing of stock overpricing while discretionary sales are good 

indicators of long-term information. In addition, director discretionary purchases are found 

to carry short-term positive information that helps to stop a persistent decreasing price trend,  

 
35 Book-to-market value 
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Table 4.7 OLS regression coefficients of cumulative abnormal returns (CARs) around trading events 

In the OLS regression, the dependent variable is CARs of different trading event windows. Independent variables include: Split-order, is a dummy variable 

equal 0 if the deal is identical to at least one single intraday trade or one series of consecutive trades, and 1 otherwise; Discretionary is a dummy variable 

equal 1 if the deal is classified as discretionary deal, and 0 otherwise; Deal size is the standardised natural logarithm of the ratio between value of the deal 

and the total daily trading volume of the stock; Firm size is standardised natural logarithm of the firm market capitalisation on the event day; Book-to-

market-ratio is standardised ratio of the book-to-market value on the event day; Multiple insiders is a dummy variable equal 1 if there are any other insider 

deals of the same stock in the same direction on the event day, and 0 otherwise; Day gap is standardised scaled representative of time gap in days between 

the trading and the announcement events. Day gap is transformed as 1/exp(Day gap) and then standardised. ***, **, and * denote significance at the 1%, 

5%, and 10% levels. 
Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 1 All purchases All sales 

Intercept 0.008 0.011* 0.002 -3x10-04 -0.001 -0.012 -0.045** 0.006 0.009* -0.008*** -0.012*** -0.016*** -0.021 -0.021 

  (1.081) (1.851) (0.878) (-0.133) (-0.182) (-1.073) (-2.114) (0.916) (1.803) (-3.083) (-3.692) (-3.383) (-1.596) (-0.767) 

Split-order -0.005 -0.006* -3x10-04 0.001 0.001 0.002 0.012 0.001 -0.002 0.003** 0.004** 0.009*** 0.017** 0.026* 

  (-1.402) (-1.799) (-0.302) (0.474) (0.559) (0.329) (1.046) (0.328) (-0.798) (2.306) (2.551) (3.364) (2.373) (1.767) 

Discretionary -0.017*** -0.015*** -0.001 0.001 -0.001 0.005 0.014 -0.004 -0.001 0.007 0.008 0.007*** -0.007 -0.054*** 

  (-3.814) (-4.346) (-1.132) (0.735) (-0.244) (0.663) (1.078) (-1.172) (-0.534) (4.708) (4.735) (2.813) (-0.978) (-3.705) 

Deal size -0.002 -0.002 4x10-04 2x10-04 0.002* -0.001 -0.001 -0.002 -0.001 0.001 0.002 -4x10-04 -0.009* -0.035*** 

  (-0.931) (-1.179) (0.655) (0.335) (1.792) (-0.348) (-0.124) (-0.774) (-0.483) (0.736) (1.484) (-0.191) (-1.679) (-3.068) 

Firm size 0.006*** 0.004*** 2x10-04 -4x10-04 3x10-04 2x10-04 0.002 -5x10-04 -1x10-04 0.001 0.001 0.003** -0.002 -0.006 

  (3.92) (3.096) (0.403) (-0.657) (0.302) (0.084) (0.519) (-0.231) (-0.084) (1.134) (1.139) (2.183) (-0.582) (-0.783) 

Book-to-market -0.009*** -0.006*** -5x10-04 -5x10-04 0.001 -0.001 0.007 -0.003 -0.004*** -0.001 -0.001 -0.002* 0.003 -0.008 

  (-5.539) (-5.143) (-1.116) (-0.937) (0.509) (-0.599) (1.467) (-1.628) (-2.796) (-1.442) (-1.137) (-1.674) (0.838) (-1.17) 

Multiple insiders -0.02*** -0.008** -0.001 -0.003** -0.006** -0.009 -3x10-04 -0.001 -0.001 -4x10-04 -2x10-04 -0.001 -0.007 -0.029* 

  (-4.36) (-2.106) (-0.997) (-2.013) (-2.082) (-1.186) (-0.022) (-0.135) (-0.248) (-0.251) (-0.092) (-0.298) (-0.917) (-1.754) 

Day gap -0.001 -0.001 -4x10-04 -5x10-04 8x10-05 0.005* 0.014*** 0.005*** 0.004*** 0.001* 0.001 0.001 0.002 -0.002 

  (-0.725) (-0.752) (-0.834) (-0.857) (0.078) (1.901) (2.901) (2.986) (2.986) (1.88) (1.085) (0.911) (0.474) (-0.216) 

Adjusted R2 0.041 0.033 -0.001 -9x10-06 4x10-04 -2x10-04 0.003 0.006 0.011 0.025 0.024 0.019 0.003 0.023 

F-statistic 13.729 11.34 0.706 0.997 1.126 0.948 1.976 1.912 2.661 4.717 4.567 3.744 1.487 4.367 

Table 4.7 continues on the next page. 
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Table 4.7… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Discretionary purchases Discretionary sales 

Intercept 0.015 0.02* -0.003 -0.002 -0.004 -0.002 -0.039 0.012 0.006 -0.009** -0.012** -0.022*** -0.036** -0.079* 

  (1.065) (1.686) (-0.675) (-0.461) (-0.516) (-0.117) (-1.24) (1.184) (0.835) (-1.978) (-2.106) (-2.84) (-2.013) (-1.87) 

Split-order -0.019** -0.019** 0.002 0.002 0.003 -0.002 0.013 0.002 0.004 0.009*** 0.011*** 0.017*** 0.025** 0.042* 

  (-2.21) (-2.464) (0.55) (0.559) (0.688) (-0.204) (0.643) (0.258) (0.808) (3.313) (3.198) (3.756) (2.336) (1.697) 

Deal size 0.001 -0.004 0.002 0.003 0.006* 0.012 0.007 -0.013** -0.009** -0.001 -0.001 -0.003 -0.014 -0.076*** 

  (0.166) (-0.64) (0.732) (1.304) (1.699) (1.348) (0.446) (-2.562) (-2.402) (-0.646) (-0.418) (-0.673) (-1.623) (-3.686) 

Firm size 0.014*** 0.008** 0.001 -0.001 -0.002 -4x10-05 0.002 -0.003 -0.001 0.004** 0.004** 0.005** 0.005 -0.003 

  (3.045) (2.06) (0.363) (-0.369) (-0.709) (-0.007) (0.168) (-0.964) (-0.301) (2.454) (2.341) (2.096) (0.817) (-0.189) 

Book-to-market -0.02*** -0.019*** 4x10-04 1x10-04 -0.001 -0.007 0.009 -0.001 -0.003 -0.003** -0.004** -0.008*** -0.004 -0.027** 

  (-4.774) (-4.884) (0.311) (0.07) (-0.327) (-1.391) (0.934) (-0.471) (-1.268) (-2.267) (-2.27) (-3.589) (-0.665) (-2.134) 

Multiple insiders -0.023** -0.017* -0.005 -0.005 -0.014** -0.015 0.023 -0.011* -0.007 -0.001 1x10-04 -0.001 -0.012 -0.005 

  (-2.068) (-1.765) (-1.324) (-1.239) (-2.407) (-1.151) (0.905) (-1.675) (-1.401) (-0.48) (0.038) (-0.128) (-1.102) (-0.202) 

Day gap -0.007 -0.006 0.002 0.002 1x10-04 0.003 0.014 0.01*** 0.006*** 0.004*** 0.003** 0.007*** 0.005 0.005 

  (-1.587) (-1.569) (1.407) (1.205) (0.063) (0.509) (1.414) (3.507) (2.689) (3.024) (2.164) (3.053) (0.959) (0.393) 

Adjusted R2 0.084 0.079 -0.004 5x10-05 0.016 4x10-04 -0.003 0.045 0.03 0.064 0.049 0.085 0.014 0.038 

F-statistic 8.402 7.926 0.696 1.004 2.339 1.035 0.722 3.768 2.795 4.99 4.024 6.447 1.81 3.326 

 

Table 4.7 continues on the next page. 
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Table 4.7… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Non-discretionary purchases Non-discretionary sales 

Intercept -0.003 9x10-05 0.003 0.001 0.001 -0.014 -0.042* -3x10-04 0.011* -0.002 -0.005 -0.006 -0.013 -0.012 

  (-0.328) (0.016) (1.518) (0.236) (0.213) (-1.028) (-1.683) (-0.029) (1.702) (-0.822) (-1.593) (-1.122) (-0.786) (-0.356) 

Split-order 0.001 0.001 -0.001 -2x10-04 -0.001 0.002 0.01 0.001 -0.006* -0.001 -1x10-04 0.003 0.011 0.01 

  (0.158) (0.271) (-1.145) (-0.157) (-0.177) (0.211) (0.759) (0.255) (-1.708) (-0.476) (-0.065) (0.805) (1.124) (0.571) 

Deal size -0.001 3x10-04 1x10-04 -4x10-04 0.001 -0.004 -0.003 0.003 0.003 0.002 0.003** 0.001 -0.007 -0.014 

  (-0.269) (0.216) (0.188) (-0.554) (0.622) (-1.112) (-0.363) (0.889) (1.207) (1.515) (2.384) (0.359) (-1) (-1.003) 

Firm size 0.004** 0.002 8x10-05 -1x10-04 0.001 0.001 0.004 0.001 4x10-04 -0.001 -0.001 0.002 -0.005 -0.004 

  (2.204) (1.442) (0.185) (-0.194) (0.699) (0.186) (0.783) (0.443) (0.243) (-0.792) (-0.55) (1.458) (-1.068) (-0.379) 

Book-to-market -0.005*** -0.002* -0.001 -0.001 0.001 -4x10-04 0.005 -0.004* -0.004** -1x10-04 3x10-04 0.001 0.005 0.002 

  (-3.127) (-1.89) (-1.485) (-1.281) (0.671) (-0.148) (0.908) (-1.764) (-2.505) (-0.161) (0.356) (0.884) (1.248) (0.196) 

Multiple insiders -0.013*** 0.001 -4x10-04 -0.003* -0.002 -0.002 -0.012 0.008 0.004 6x10-05 -0.001 -0.002 -0.004 -0.046** 

  (-2.599) (0.32) (-0.268) (-1.777) (-0.525) (-0.241) (-0.715) (1.366) (1) (0.035) (-0.314) (-0.468) (-0.324) (-2.12) 

Day gap 3x10-04 3x10-04 -0.001** -0.001* 0.001 0.006** 0.014** 0.003 0.003* -4x10-04 -0.001 -0.002 -4x10-04 -0.005 

  (0.152) (0.214) (-2.091) (-1.808) (0.51) (2.1) (2.363) (1.267) (1.886) (-0.583) (-0.84) (-1.415) (-0.09) (-0.555) 

Adjusted R2 0.008 4x10-04 0.001 0.001 -0.003 -2x10-04 0.002 0.002 0.014 -0.001 0.006 5x10-05 -0.003 -5x10-04 

F-statistic 3.174 1.103 1.283 1.336 0.323 0.938 1.493 1.227 2.529 0.852 1.6 1.006 0.718 0.947 

  



Chapter 4 Daily analysis… 

142 
 

Table 4.8 OLS regression coefficients of CARs around announcement events 

In the OLS regression, the dependent variable is CARs of different trading event windows. Independent variables include: Split-order, is a dummy variable 

equal 0 if the deal is identical to at least one single intraday trade or one series of consecutive trades; Discretionary is a dummy variable equal 1 if the deal 

is classified as discretionary deal, and 0 otherwise; Deal size is the standardised natural logarithm of the ratio between value of the deal and the total daily 

trading volume of the stock; Firm size is standardised natural logarithm of the firm market capitalisation on the event day; Book-to-market-ratio is 

standardised ratio of the book-to-market value on the event day; Multiple insiders is a dummy variable equal 1 if there are any other insider deals of the 

same stock in the same direction on the event day, and 0 otherwise; Day gap is standardised scaled representative of time gap in days between the trading 

and the announcement events. Day gap is transformed as 1/exp(Day gap) and then standardised. ***, **, and * denote significance at the 1%, 5%, and 10% 

levels. 
Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 1 All purchases All sales 

Intercept 0.007 0.012** 0.001 0.001 -6x10-06 -0.011 -0.043** 0.002 0.004 -0.011*** -0.011*** -0.012** -0.019 -0.021 

  (1.011) (2.177) (0.422) (0.245) (-0.001) (-0.948) (-2.011) (0.229) (0.666) (-4.033) (-3.595) (-2.31) (-1.418) (-0.751) 

Split-order -0.005 -0.006** -4x10-04 -3x10-04 5x10-04 0.001 0.01 0.003 2x10-04 0.004*** 0.005*** 0.007*** 0.017** 0.027* 

  (-1.224) (-2.174) (-0.326) (-0.244) (0.196) (0.224) (0.903) (0.734) (0.055) (2.958) (2.947) (2.727) (2.356) (1.78) 

Discretionary -0.019*** -0.017*** 0.001 0.002 -0.001 0.003 0.014 -0.002 0.001 0.006 0.004*** 0.005* -0.008 -0.059*** 

  (-4.269) (-5.289) (1.133) (1.052) (-0.265) (0.454) (1.095) (-0.436) (0.236) (4.169) (2.75) (1.85) (-1.147) (-3.941) 

Deal size -0.003 -0.002 2x10-04 0.001 0.003* 0.001 2x10-04 -0.001 -4x10-04 0.003** 0.003** -0.001 -0.012** -0.036*** 

  (-1.188) (-1.197) (0.354) (0.741) (1.82) (0.228) (0.031) (-0.473) (-0.171) (2.481) (2.076) (-0.53) (-2.079) (-3.113) 

Firm size 0.006*** 0.003** -7x10-05 -3x10-04 0.001 2x10-04 0.003 2x10-04 -0.001 0.002*** 0.002*** 0.003** -0.003 -0.006 

  (3.651) (2.556) (-0.151) (-0.539) (0.785) (0.073) (0.584) (0.083) (-0.467) (3.062) (2.826) (2.313) (-0.737) (-0.744) 

Book-to-market -0.009*** -0.006*** -3x10-05 -0.001 0.001 -3x10-04 0.007 -0.004** -0.004*** -0.001 -0.001 -0.001 0.003 -0.009 

  (-5.717) (-5.267) (-0.064) (-1.174) (1.026) (-0.105) (1.423) (-2.312) (-3.426) (-0.947) (-0.832) (-1.129) (0.95) (-1.254) 

Multiple insiders -0.019*** -0.006* -0.004*** -0.003* -0.006** -0.002 0.004 -0.001 -0.002 -0.002 -0.003 -0.005* -0.01 -0.031* 

  (-4.011) (-1.846) (-2.754) (-1.851) (-1.966) (-0.342) (0.317) (-0.143) (-0.612) (-1.52) (-1.58) (-1.681) (-1.174) (-1.813) 

Day gap -0.001 -4x10-04 -8x10-06 -4x10-04 4x10-04 0.005* 0.014*** 0.006*** 0.004*** 0.001* 0.001 0.001 0.002 -4x10-04 

  (-0.869) (-0.298) (-0.018) (-0.633) (0.42) (1.846) (2.966) (3.393) (3.034) (1.686) (0.71) (0.93) (0.67) (-0.056) 

Adjusted R2 0.044 0.037 0.002 0.001 0.001 -0.001 0.004 0.01 0.015 0.032 0.019 0.013 0.006 0.025 

F-statistic 14.629 12.561 1.471 1.22 1.198 0.724 2.102 2.517 3.258 5.728 3.826 2.927 1.843 4.734 

Table 4.8 continues on the next page. 
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Table 4.8… continued 

 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Discretionary purchases Discretionary sales 

Intercept 0.011 0.018 0.002 0.003 -0.001 -3x10-04 -0.033 0.011 0.004 -0.012** -0.015*** -0.019** -0.037** -0.084* 

  (0.841) (1.645) (0.545) (0.624) (-0.188) (-0.015) (-1.013) (1.111) (0.522) (-2.416) (-2.787) (-2.406) (-1.989) (-1.959) 

Split-order -0.018** -0.019*** -0.001 -0.002 0.002 -0.003 0.01 0.003 0.005 0.009*** 0.01*** 0.015*** 0.025** 0.042* 

  (-2.194) (-2.653) (-0.227) (-0.554) (0.338) (-0.296) (0.472) (0.463) (1.094) (3.193) (3.209) (3.154) (2.29) (1.678) 

Deal size 0.001 -0.005 0.002 0.005* 0.007* 0.013 0.009 -0.012** -0.008** 0.001 0.002 -0.003 -0.015* -0.075*** 

  (0.127) (-0.88) (1.116) (1.955) (1.823) (1.515) (0.565) (-2.512) (-2.234) (0.333) (0.574) (-0.775) (-1.691) (-3.587) 

Firm size 0.012*** 0.007** 0.001 4x10-04 -0.001 3x10-04 0.005 -0.001 -0.001 0.005*** 0.005*** 0.003 0.004 -0.004 

  (2.918) (2.037) (0.441) (0.236) (-0.48) (0.054) (0.471) (-0.423) (-0.289) (3.144) (2.913) (1.351) (0.661) (-0.298) 

Book-to-market -0.021*** -0.016*** 5x10-04 -0.001 -4x10-04 -0.003 0.009 -0.004 -0.005** -0.002 -0.002 -0.007*** -0.003 -0.027** 

  (-5.251) (-4.64) (0.383) (-0.564) (-0.183) (-0.569) (0.939) (-1.248) (-2.04) (-1.299) (-1.502) (-2.883) (-0.626) (-2.103) 

Multiple insiders -0.023** -0.018** -0.005 -0.005 -0.016*** -0.016 0.023 -0.011* -0.006 -0.002 -0.002 -0.002 -0.015 -0.008 

  (-2.222) (-1.992) (-1.539) (-1.22) (-2.859) (-1.189) (0.903) (-1.752) (-1.36) (-0.627) (-0.561) (-0.299) (-1.289) (-0.287) 

Day gap -0.005 -0.004 0.001 0.001 4x10-04 0.003 0.012 0.01*** 0.006** 0.004*** 0.004** 0.007*** 0.006 0.008 

  (-1.352) (-1.224) (0.599) (0.815) (0.179) (0.542) (1.226) (3.436) (2.511) (2.807) (2.554) (3.06) (1.072) (0.643) 

Adjusted R2 0.093 0.081 -0.003 0.003 0.02 -0.002 -0.004 0.046 0.032 0.061 0.055 0.059 0.015 0.036 

F-statistic 9.253 8.093 0.739 1.21 2.637 0.858 0.643 3.857 2.957 4.827 4.441 4.709 1.863 3.209 

 

Table 4.8 continues on the next page. 
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Table 4.8… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Non-discretionary purchases Non-discretionary sales 

Intercept -0.003 0.001 0.001 -3x10-04 0.001 -0.014 -0.042* -0.005 0.004 -0.006** -0.005 -0.002 -0.011 -0.012 

  (-0.329) (0.238) (0.299) (-0.134) (0.228) (-1.009) (-1.673) (-0.582) (0.675) (-2.137) (-1.523) (-0.366) (-0.634) (-0.349) 

Split-order 0.001 7x10-05 -4x10-04 -2x10-04 -0.001 0.001 0.01 0.003 -0.003 0.001 0.001 0.002 0.011 0.012 

  (0.244) (0.024) (-0.37) (-0.108) (-0.371) (0.172) (0.7) (0.549) (-0.891) (0.665) (0.742) (0.573) (1.15) (0.63) 

Deal size -0.001 0.001 -2x10-04 -2x10-04 0.001 -0.003 -0.002 0.004 0.004 0.003*** 0.003** 1x10-04 -0.011 -0.016 

  (-0.464) (0.38) (-0.396) (-0.3) (0.581) (-0.735) (-0.294) (1.116) (1.421) (3.039) (2.124) (0.045) (-1.419) (-1.126) 

Firm size 0.003** 0.001 -2x10-04 -3x10-04 0.001 6x10-05 0.003 0.001 -3x10-04 0.001 0.001 0.004** -0.006 -0.003 

  (2.027) (0.551) (-0.406) (-0.546) (0.991) (0.023) (0.621) (0.515) (-0.156) (0.887) (0.886) (2.184) (-1.146) (-0.281) 

Book-to-market -0.005*** -0.002** -2x10-04 -0.001 0.001 -4x10-05 0.004 -0.005** -0.005*** -3x10-04 -2x10-05 0.002 0.006 0.001 

  (-3.019) (-2.166) (-0.491) (-1.194) (1.194) (-0.014) (0.844) (-2.07) (-2.759) (-0.493) (-0.024) (1.14) (1.368) (0.085) 

Multiple insiders -0.011** 0.003 -0.003** -0.002 -2x10-04 0.007 -0.004 0.008 0.002 -0.003* -0.004** -0.009** -0.006 -0.046** 

  (-2.146) (0.87) (-2.064) (-1.22) (-0.045) (0.762) (-0.214) (1.358) (0.486) (-1.882) (-2.044) (-2.26) (-0.519) (-2.135) 

Day gap -0.001 0.001 -8x10-05 -0.001 0.001 0.007** 0.015*** 0.004* 0.004** -0.001 -0.002* -0.002 4x10-04 -0.005 

  (-0.279) (0.594) (-0.163) (-1.115) (0.937) (2.208) (2.624) (1.881) (2.046) (-0.981) (-1.949) (-1.355) (0.081) (-0.549) 

Adjusted R2 0.006 0.001 -3x10-04 -0.001 -0.001 -4x10-04 0.002 0.008 0.015 0.015 0.011 0.012 -0.001 4x10-05 

F-statistic 2.678 1.218 0.93 0.75 0.681 0.883 1.504 1.878 2.694 2.627 2.196 2.265 0.928 1.005 
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which might be evidence of contrarian trading or the use of private information, or both. This 

section focuses on the regression coefficients on the Discretionary and Split-order dummy 

variables to examine whether the identification of directors’ use of intraday stealth-trading 

strategies is useful in uncovering additional informational content of informed deals. 

 

Discretionary and Split-order variables - Model 1 

From the regression results of Model 1 in Tables 4.7 and 4.8, it is found that the Discretionary 

variable explains larger negative pre-event CARs for discretionary purchases (windows (-

20,0) and (-10,0)) and larger negative post-event CARs for discretionary sales (windows 

(0,170)). CARs in the (-20,0) window for discretionary purchases are 1.7% more negative 

compared to those of non-discretionary purchases (the coefficient of the Discretionary 

variable is -0.017 and is significant at the 1% level in Table 4.7). CARs in the (0,170) window 

for discretionary sales are 5.4% more negative compared to those of non-discretionary sales 

(the coefficient of the Discretionary variable is -0.054 and is significant at the 1% level in 

Table 4.7). Accordingly, these findings support the newly proposed classification method 

that discretionary deals are in general more informative than non-discretionary deals. The 

Split-order variable is associated with larger underpricing or more informed purchases, but 

there is no difference in post-event information content between split-order and non-split-

order purchases. However, there is strong evidence that the Split-order variable explains both 

short-term and long-term information of sales. Split-order explains post-event CARs in sales 

in all post-event windows, while Discretionary seems to explain medium (0,10) and long-

term (0,170) CARs for sales.  

 

Discretionary and Split-order variables - Model 2 

Next, Model 2 is applied to the sub-samples of discretionary and non-discretionary deals 

separately. The second panel of Table 4.7 shows the results on the sub-sample of 

discretionary deals, while the third panel shows the results on the sub-sample of non-

discretionary deals. It is found that split-order discretionary purchases are more effective in 

signalling underpricing in the firms’ shares, or are more informed, with a significant negative 

coefficient on the Split-order dummy for the (-20,0) and (-10,0) windows. The results 

represent stronger evidence that split-order discretionary purchases are associated with more 

negative pre-event CAARs, hence, Hypothesis 5A cannot be rejected.  
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With regard to the sub-sample of discretionary sales, the analysis shows that Split-order can 

predict informativeness as attested to by a significant positive coefficient on this dummy for 

all post-event windows. In the second panel of Table 4.7, the positive and significant 

coefficients of the Split-order dummy for the (0,1) to (0,170) windows show that non-split-

order discretionary sales carry more negative information, on average, than that of split-order 

discretionary sales. For example, non-split-order discretionary sales have CARs in the (0,10) 

window that are on average 1.7% more negative than those of split-order discretionary sales, 

and the difference is highly significant at the 1% level. In addition, the difference is larger at 

longer event windows, wherein the (0,170) window it is 4.2% more negative for non-split-

order discretionary sales. These results represent evidence of a more significant association 

between both short-term and long-term CARs within discretionary sales that do not use 

stealth-trading strategies. Therefore, Hypothesis 6B is strongly rejected. It is no longer 

relevant to test hypotheses 5B and 6A because it is confirmed by hypotheses 1 and 4 that 

discretionary purchases are not informative in the sample and discretionary sales are not 

associated with overpricing timing. 

 

Similar results are not found in the non-discretionary sub-sample, which is evidence that the 

Split-order variable does not have a similar impact on non-informative deals. For non-

discretionary deals, there is no evidence that the Split-order variable can predict pre-event or 

post-event CARs for both purchases and sales. Hypotheses 7A, 7B, 8A, and 8B, therefore, 

cannot be rejected, which makes sense because, as noted at the beginning of the analysis, 

non-discretionary deals are usually removed from previous studies as they are believed not 

to be informative. In addition, directors do not have discretion on when and how to trade 

these deals. Hence, the decision of whether or not to split the deal is not relevant for these 

non-discretionary deals. 

 

In general, while the Split-order variable has no value in distinguishing more or less 

informative non-discretionary purchases and sales, it can help distinguish more or less 

informative discretionary purchases and sales. However, directors seem to apply stealth-

trading strategies differently for their discretionary purchases and sales. For more-informed 

discretionary purchases, directors choose to execute their deal stealthily. But for more-
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informed discretionary sales, directors choose to execute their deal immediately, without 

stealth trading. 

 

The role of control variables – Model 1 

The following is a discussion of the role of the other control variables in Model 1 (the first 

panel of Table 4.7) with all purchases and sales. Deal size is slightly significant in the short 

term (0,10) for purchases, while it is significant in the long term (0,60) and (0,170) for sales. 

Firm size is significant for (-20,0) and (-10,0) for purchases and (0,10) for sales. Book-to-

market is significant for (-10,0) for both purchases and sales. Day gap is significant for (-

20,0) and (-10,0) and for sales only. Multiple insider is associated with more negative pre-

event purchases and more negative long-term sales. It is also interesting to note that the 

intercept for sales is marginally significantly positive during the ten days prior to the event, 

and significantly negative for up to 30 days post the event (this captures the average positive 

CAR prior to the event and its change to negative values after the event, confirming the fact 

that sales are either timed or carry ‘bad news’, even after controlling for the variables used). 

Although some of the findings are similar to prior papers, they are not entirely comparable 

because this thesis includes non-discretionary deals in the sample. A better comparison is to 

consider the effects of these control variables on the sub-sample of discretionary deals. The 

following paragraphs show the results of analysing the effects of these control variables on 

discretionary deals and non-discretionary deals separately. 

 

The role of control variables – Model 2 and a comparison with Model 1 

From Model 2 on the sub-sample of discretionary deals (the second panel of Table 4.7), it is 

found that Deal size has a positive (negative) impact on post-event short-term (long-term) 

CARs of purchases (sales), which is consistent with Seyhun (1986), Fidrmuc, Goergen and 

Renneboog (2006), and Dardas and Güttler (2011) who use US, UK, and EU data, 

respectively. In the study of Fidrmuc, Goergen and Renneboog (2006), the abnormal returns 

are adjusted for the type of news release before the deal, and the effect of Deal size is robust 

to this adjustment. This thesis does not make such an adjustment, mainly due to data 

availability, hence the results might be biased due to the contamination of other news 

releases. The data show that Deal size also has a stronger, longer, and more significant effect 

on sales than on purchases, which might be driven by the fact that sales carry substantial 
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long-term negative impact while purchases do not carry any subsequent price impact in the 

sample. This positive relationship, however, disappears in the non-discretionary sub-sample 

(the third panel in Table 4.7). Given that the general results show that discretionary deals are 

informative while non-discretionary deals are not, it makes sense that Deal size is important 

in distinguishing more or less informative deals but is not useful when deals are generally 

believed not to be informative. As this thesis’ data covers the largest firms on the LSE, the 

expectation is that a firm-size effect may not be found in the sample. However, there are 

significant effects of Firm size on CARs. Both Model 1 and Model 2 show that Firm size is 

positively related to pre-event CARs of purchases and Model 2 confirms that Firm size 

impact is stronger on discretionary purchases. The coefficients of Firm size of the (-20,0) and 

(-10,0) windows in Model 1 where all purchases are considered are 0.006 and 0.004, 

respectively. However, the figures show stronger effects of Firm size in Model 2 where only 

discretionary purchases are considered with the coefficients of 0.014 and 0.008 of the (-20,0) 

and (-10,0) windows, respectively. All these coefficients are significant at the 1% level. The 

significance of Firm size effect implies that discretionary purchases of the stocks of relatively 

smaller firms are stronger indicators of undervaluation timing and are more informed. This 

is consistent with Seyhun (1986), Lakonishok and Lee (2001) and Dardas and Güttler (2011) 

as small firms are often relatively undervalued by the market. In Model 1 for all sales, only 

CARs for the (0,10) window are found to be positively related to Firm size. In Model 2 for 

discretionary sales, there are more evidence of such positive relationship between Firm size 

and post-event CARs (the (0,1), (0,2) and (0,10) windows for discretionary sales). Given that 

the data consists only of large firms, the stock prices, following director discretionary sales, 

of relatively smaller firms are less positive, or more negative, and hence are affected more 

than those of relatively larger firms. The common reason is that small firm stocks are under 

less public scrutiny than large firm stocks, and therefore often deviate temporarily from their 

intrinsic value. However, the sample consists of most heavily scrutinised FTSE100 stocks, 

and the firm size effect should be minimal. Consequently, differences in levels of trading 

liquidity might add to the explanation of the phenomenon. Firm size affects CARs for just 

short periods of time, either pre-event or post-event. The effect of Firm size on the non-

discretionary sub-sample in the third panel of Tables 4.7 and 4.8 is most likely to disappear. 
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The Book-to-market variable is also found to have significant effects. Specifically, Model 2 

on discretionary deals presents evidence that higher book-to-market ratios are associated with 

a more negative pre-event (post-event) CARs for a discretionary purchases (sales). This result 

differs from that of Dardas and Güttler (2011) who report similar effect in purchases but not 

in sales. The main rationale for this difference lies in the fact that sales carry long-term 

information while purchases do not, which is the opposite to what Dardas and Güttler (2011) 

report in their sample. The effect of the Book-to-market variable on sales also disappears on 

the non-discretionary sale sub-sample in the third panel of Tables 4.7 and 4.8. 

 

The Multiple insider variable is found to be associated with undervaluation timing of 

discretionary purchases. A group of discretionary purchases from multiple insiders coincides 

with times when stocks are more underpriced (negative coefficients of -0.023 and -0.017 for 

(-20,0) and (-10,0) windows for discretionary purchases in Model 2 presented in Table 4.7). 

Similar observations are found in Table 4.8 that focuses on announcement events.  Multiple 

discretionary sales do not carry a strong signal of negative information as the significance in 

Model 1 disappears in Model 2 where only discretionary deals are examined. However, 

multiple non-discretionary sales imply stronger negative long-term CARs for (0,170) (see 

the third panel of Table 4.7). This makes sense when taken together with the fact that non-

discretionary sales usually involve a group of directors, and that these sales are usually 

associated with negative long-term abnormal returns, but at a smaller level compared to 

discretionary sales (refer to Section 4.2). Multiple insider is, in fact, the only variable that is 

significantly associated with more negative long-term non-discretionary sales. This simply 

confirms the fact that clustering of non-discretionary sales, which occur following option 

exercising and award release events, naturally time peak prices that are followed by a 

decreasing correcting trend. 

 

A shorter Day-gap is associated with more positive long-term post-event CARs for purchases 

in Model 1. However, the effect is mostly exhibited by non-discretionary than discretionary 

purchases when Model 2 is examined. This contrasts with Fidrmuc, Goergen and Renneboog 

(2006) who find that purchases that are announced on the same day as the trading day are 

more informative. They also find no significant difference in CARs between sales with 

shorter and longer day gaps. In contrast, this analysis finds that a shorter Day-gap is 
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associated with more significant positive pre-event and short-term post-event CARs for 

discretionary sales in Model 2. Prompter announcements follow over-pricing timing and 

post-event CARs are less negative. The results shift the focus to discretionary sales, rather 

than discretionary purchases in Fidrmuc, Goergen and Renneboog (2006) mainly because 

sales in the sample are more information-based than purchases. In general, this thesis’ results 

and theirs show the same effect of the Day-gap variable. However, while their study focuses 

on purchases as these are more informative in their sample, this study focuses more on sales 

as these are more informative in this sample. The effect of Day-gap also disappears in the 

non-discretionary sale sub-sample in the third panel of Tables 4.7 and 4.8. 

 

Conclusion 

In conclusion, most of the fundamental control variables have significant effects in the short-

term (Firm size, Day-gap), the long-term (Deal size) or both (Book-to-market) post-event 

CARs of discretionary sales, but only Deal size has a short-term post-event effect on 

discretionary purchases. Some of the variables (Firm size, Book-to-market, and Multiple 

insider) have significant effects on pre-event CARs of discretionary purchases, while only 

Day-gap has an effect on pre-event discretionary sales. These general observations 

collectively make sense because discretionary purchases are good candidates of mispricing 

timing but discretionary sales are not, and discretionary sales are informative over the long-

term while discretionary purchases are not. This finding shows that the effects of the Split-

order variable are more reliable in both the short and the long-term, especially for 

discretionary sales, in addition to Book-to-market variable. For purchases, the effects of the 

Split-order variable are short-lived post-event and tend not to dominate the effects of the 

other control variables.  

 

The interpretation of the Split-order variable in this section leads to a direct rejection of 

Hypothesis 6B, showing clear evidence that non-split-order discretionary sales are associated 

with more negative post-event long-term information. This implies that directors do not 

consider using an intraday stealth-trading strategy if they possess negative future information 

and plan to act upon private knowledge. On the other hand, this section also confirms the 

relevance of intraday stealth-trading strategies for discretionary purchases. Given directors 

have knowledge on whether their stocks are underpriced by the market and that they plan to 
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act upon the private knowledge, they would opt for buying stealthily. These findings are 

consistent with the results on intraday stealth-trading strategy presented in Sub-section 4.2.3. 

Other hypotheses, including 5A, 7A, 7B, 8A, and 8B, cannot be rejected. It is no longer 

relevant to test hypotheses 5B and 6A in this section because it is confirmed by testing 

hypotheses 1 and 4 from Sub-section 4.2.1 that discretionary purchases are not informative 

and discretionary sales are not associated with overpricing timing. 

 

4.4.2 Robustness 

Due to the small sample size, confounding events are not removed in the main analysis in 

order to retain as many observations as possible. As a robustness check, however, the same 

analysis on smaller non-confounding sub-samples is conducted. The results are presented in 

Tables 4.9 and 4.10. The strategy in choosing non-confounding samples is described in the 

last paragraph of Section 4.2.  

 

Robustness checks using non-confounding samples show that: (1) the effects of Split-order 

on discretionary sales is consistent with the main analysis, but of higher magnitude, although 

the significance is found only over the long-term (see Tables 4.9 and 4.10, Model 2). This 

implies that removing confounding events clarifies the conclusion on directors’ choice of not 

using intraday stealth-trading strategies when they possess negative private information and 

intend to exploit the information by selling their shares; (2) Split-order is no longer an 

indicator of more significant under-pricing or more informed deals for discretionary 

purchases, which is different from the main analysis. This also implies that, when controlling 

for confounding events, the choice of whether to use stealth-trading strategy or not is more 

relevant when directors possess serious negative information but not relevant when directors 

possess knowledge about their stock mispricing. The higher pre-event CARs associated with 

split-order discretionary purchases that are observed in the previous section might be due to 

confounding events; (3) the effects of Deal size are stronger and more significant, while the 

effect of Firm size and Book-to-market are less consistent and weaker; (4) the effects of 

Multiple insiders and Day-gap variables disappear. The two last observations confirm that 

Deal size is a more important variable to look at when outsiders want to capture additional 

abnormal returns, in addition to the Split-order variable. While the ability to differentiate 

more or less short-term informative discretionary purchases is not robust to the removal of   
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Table 4.9 OLS regression coefficients of CARs around trading events on non-confounding sub-samples 

This table presents results of a regression analysis similar to that in Table 4.7 but using non-confounding sub-samples. For each event window 

length, a corresponding sample that removes all confounding events is selected. The first row shows the sample size after removing 

confounding events. 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 1 All purchases All sales 

Sample size (n) 755 1053 1429 1362 1053 400 183 267 349 574 529 349 143 75 

Intercept 0.008 0.004 0.001 2x10-04 0.005 -0.001 -0.021 0.003 0.007 -0.006** -0.009** -0.019** 0.028 -0.095 

  (0.643) (0.547) (0.558) (0.075) (0.728) (-0.041) (-0.263) (0.215) (0.746) (-2.098) (-2.106) (-2.241) (0.725) (-0.726) 

Split-order -0.005 -0.002 5x10-05 0.001 -2x10-04 -0.004 -0.006 0.005 -0.002 0.002 0.003 0.008* -0.012 0.075 

  (-0.716) (-0.49) (0.036) (0.371) (-0.064) (-0.246) (-0.132) (0.579) (-0.335) (1.067) (1.191) (1.695) (-0.59) (1.167) 

Discretionary -0.007 -0.01* -0.002 0.001 -0.009** 0.005 -0.03 -9x10-05 -7x10-05 0.004** 0.007*** 0.007 0.001 0.042 

  (-0.944) (-1.866) (-1.035) (0.47) (-2.073) (0.276) (-0.587) (-0.011) (-0.015) (2.534) (2.94) (1.49) (0.035) (0.744) 

Deal size 0.002 -0.002 5x10-04 0.001 0.007*** -0.001 -0.014 -0.006 -0.003 0.002 0.002 0.005 -0.024 -0.056 

  (0.365) (-0.951) (0.615) (0.535) (3.45) (-0.124) (-0.568) (-0.945) (-0.643) (1.283) (1.064) (1.327) (-1.515) (-1.039) 

Firm size 0.004 0.003 3x10-04 -4x10-04 -4x10-05 -0.003 -0.022 -0.006 -0.003 -3x10-04 3x10-05 0.001 -0.015 0.01 

  (1.462) (1.397) (0.615) (-0.629) (-0.028) (-0.468) (-1.109) (-1.447) (-1.381) (-0.302) (0.022) (0.474) (-1.462) (0.281) 

Book-to-market -0.005 -0.005*** -0.001 -0.001 0.001 -0.001 3x10-04 -0.004 -0.005** -2x10-04 -1x10-04 4x10-04 -0.009 -0.022 

  (-1.587) (-2.66) (-1.491) (-0.744) (0.936) (-0.097) (0.013) (-0.994) (-1.993) (-0.184) (-0.133) (0.181) (-0.873) (-0.7) 

Multiple insider -0.021* -0.006 -0.002 -0.006** -0.013** -0.013 0.052 0.021 -0.001 3x10-04 3x10-04 -0.002 -0.001 -0.15 

  (-1.862) (-0.796) (-1.031) (-2.213) (-2.047) (-0.465) (0.784) (1.625) (-0.088) (0.129) (0.092) (-0.237) (-0.028) (-1.574) 

Day gap -0.001 1x10-05 -1x10-04 -0.001 1x10-04 0.006 0.03 0.009** 0.003 5x10-04 2x10-04 -0.001 -0.011 -0.047 

  (-0.451) (0.006) (-0.245) (-0.807) (0.08) (0.923) (1.506) (2.226) (1.221) (0.581) (0.182) (-0.419) (-1.254) (-1.617) 

Adjusted R2 0.003 0.008 -0.001 0.001 0.011 -0.013 -0.016 0.009 0.003 0.004 0.006 0.002 -0.008 0.047 

F-statistic 1.333 2.269 0.786 1.128 2.712 0.258 0.592 1.357 1.173 1.315 1.47 1.085 0.834 1.517 

 

Table 4.9 continued on the next page 
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Table 4.9… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Discretionary purchases Discretionary sales 

Sample size (n) 170 206 303 283 206 88 49 89 112 174 159 112 40 30 

Intercept 0.033 0.016 -0.007 -0.006 -0.019* -0.033 -0.13 0.009 0.001 -0.007 -0.006 -0.023* 0.06 -0.247 

  (1.078) (0.709) (-1.354) (-1.025) (-1.676) (-0.793) (-0.779) (0.401) (0.092) (-1.484) (-0.847) (-1.697) (1.17) (-1.448) 

Split-order -0.026 -0.015 0.004 0.004 0.008 0.008 0.018 0.007 0.006 0.005 0.006 0.014 0.015 0.248** 

  (-1.338) (-0.995) (1.049) (1.069) (1.03) (0.284) (0.186) (0.498) (0.712) (1.653) (1.244) (1.609) (0.421) (2.456) 

Deal size 0.004 -0.002 0.003 0.006* 0.021*** 0.04* 0.047 -0.016 -0.008 0.002 0.001 0.005 -0.104*** -0.174** 

  (0.24) (-0.172) (1.192) (1.719) (3.322) (1.675) (0.713) (-1.383) (-1.164) (0.71) (0.264) (0.677) (-3.768) (-2.218) 

Firm size 0.014 0.011 0.001 7x10-05 -2x10-04 0.005 -0.022 -0.023*** -0.007* -2x10-04 -1x10-04 -0.002 -0.039** -0.117** 

  (1.499) (1.537) (0.53) (0.033) (-0.063) (0.351) (-0.42) (-2.933) (-1.774) (-0.102) (-0.039) (-0.366) (-2.302) (-2.271) 

Book-to-market -0.01 -0.017** -1x10-04 -4x10-04 0.001 0.006 -0.013 0.005 0.002 -0.001 -0.002 -0.001 -0.009 0.053 

  (-0.914) (-2.124) (-0.056) (-0.176) (0.169) (0.383) (-0.244) (0.689) (0.542) (-0.831) (-0.693) (-0.23) (-0.453) (1.028) 

Multiple insider -0.03 -0.011 -0.005 -0.009 -0.021** -0.008 0.041 0.009 -0.004 -6x10-05 0.003 0.001 0.029 -0.14 

  (-1.137) (-0.537) (-1.125) (-1.562) (-1.998) (-0.219) (0.344) (0.339) (-0.327) (-0.013) (0.357) (0.057) (0.658) (-1.088) 

Day gap -0.005 -0.007 0.003* 0.002 0.004 0.027** 0.072 0.014* 0.006 0.001 -1x10-04 0.002 -0.023 -0.028 

  (-0.505) (-1.011) (1.8) (1.325) (1.196) (2.121) (1.608) (1.971) (1.556) (0.745) (-0.058) (0.42) (-1.378) (-0.764) 

Adjusted R2 -1x10-05 0.01 0.003 0.015 0.093 0.011 -0.05 0.067 -0.002 -0.002 -0.019 -0.009 0.25 0.251 

F-statistic 1 1.348 1.146 1.695 4.515 1.167 0.617 2.051 0.968 0.946 0.52 0.837 3.166 2.62 

 

Table 4.9 continued on the next page 
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Table 4.9… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Non-discretionary purchases Non-discretionary sales 

Sample size (n) 585 847 1126 1079 847 312 134 178 237 400 370 237 103 45 

Intercept -0.005 -0.001 0.004 0.003 0.01 0.004 -0.022 -0.007 0.011 -0.003 -0.006 -0.012 0.025 -0.053 

  (-0.431) (-0.096) (1.641) (0.831) (1.368) (0.115) (-0.248) (-0.362) (0.958) (-0.927) (-1.272) (-1.167) (0.512) (-0.278) 

Split-order 0.003 0.001 -0.002 -0.001 -0.005 -0.009 -0.011 0.007 -0.005 4x10-05 0.001 0.004 -0.026 0.026 

  (0.387) (0.173) (-1.33) (-0.702) (-1.144) (-0.473) (-0.237) (0.667) (-0.779) (0.02) (0.287) (0.769) (-0.981) (0.296) 

Deal size 0.002 -0.002 -2x10-04 -0.001 0.004* -0.007 -0.028 0.001 -0.001 0.002 0.003 0.005 0.005 -0.011 

  (0.563) (-0.886) (-0.302) (-0.564) (1.718) (-0.667) (-1) (0.095) (-0.249) (1.106) (1.266) (1.091) (0.29) (-0.15) 

Firm size 0.001 0.001 2x10-04 -5x10-04 1x10-04 -0.003 -0.02 0.003 -0.002 -1x10-04 3x10-04 0.003 2x10-04 0.078 

  (0.538) (0.397) (0.397) (-0.652) (0.073) (-0.34) (-0.923) (0.5) (-0.767) (-0.134) (0.251) (1.028) (0.018) (1.684) 

Book-to-market -0.004 -0.003** -0.001* -0.001 0.001 -0.003 0.004 -0.007 -0.007** 4x10-04 0.001 0.001 -0.007 -0.064 

  (-1.42) (-1.981) (-1.884) (-0.927) (0.702) (-0.371) (0.191) (-1.512) (-2.551) (0.453) (0.634) (0.503) (-0.616) (-1.459) 

Multiple insider -0.018 -5x10-04 0.001 -0.003 0.002 -0.003 0.1 0.029* 4x10-04 5x10-04 -0.001 -0.003 0.003 -0.015 

  (-1.354) (-0.06) (0.371) (-0.771) (0.199) (-0.081) (1.099) (1.953) (0.045) (0.152) (-0.196) (-0.373) (0.074) (-0.098) 

Day gap -2x10-04 0.002 -0.001 -0.001 1x10-04 0.002 0.017 0.007 0.001 3x10-04 0.001 -0.002 -0.01 -0.056 

  (-0.088) (0.987) (-1.43) (-1.457) (0.062) (0.214) (0.735) (1.589) (0.452) (0.341) (0.433) (-0.815) (-0.912) (-1.31) 

Adjusted R2 -0.003 -0.001 0.001 -0.001 -0.001 -0.017 -0.023 0.005 0.01 -0.01 -0.01 -0.009 -0.041 0.021 

F-statistic 0.749 0.831 1.25 0.802 0.9 0.123 0.508 1.162 1.395 0.313 0.404 0.637 0.338 1.154 
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Table 4.10 OLS regression coefficients of CARs around announcement events on non-confounding sub-samples 

This table presents the regression analysis that is similar to Table 4.8 but on the non-confounding sub-samples. For each event window length, 

a correspondent sample that removes all confounding events is selected. The first row shows the sample size after removing confounding 

events. 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 1 All purchases All sales 

Sample size (n) 763 1066 1450 1382 1066 400 182 272 357 586 541 357 147 78 

Intercept 0.007 0.007 0.001 0.001 0.005 -0.007 -0.021 -0.003 0.002 -0.008** -0.013*** -0.014* 0.028 -0.092 

  (0.576) (0.87) (0.543) (0.467) (0.763) (-0.242) (-0.264) (-0.209) (0.258) (-2.373) (-3.271) (-1.698) (0.742) (-0.732) 

Split-order -0.003 -0.003 -2x10-04 -2x10-04 -3x10-04 -1x10-04 -0.007 0.009 -3x10-04 0.002 0.005** 0.006 -0.01 0.073 

  (-0.526) (-0.743) (-0.133) (-0.138) (-0.099) (-0.009) (-0.171) (1.125) (-0.059) (1.069) (2.283) (1.401) (-0.478) (1.16) 

Discretionary -0.011 -0.014*** 0.001 0.001 -0.007* 0.003 -0.029 0.005 0.004 0.005** 0.004* 0.001 0.002 0.026 

  (-1.464) (-2.818) (0.486) (0.48) (-1.761) (0.186) (-0.561) (0.64) (0.779) (2.578) (1.801) (0.352) (0.117) (0.468) 

Deal size 0.002 -0.001 0.001 0.001 0.007*** 0.002 -0.012 -0.008 -0.003 0.003** 0.004** 0.004 -0.027* -0.051 

  (0.54) (-0.513) (1.096) (1.206) (3.437) (0.236) (-0.454) (-1.296) (-0.67) (2.49) (2.42) (1.219) (-1.76) (-0.963) 

Firm size 0.003 0.001 2x10-04 6x10-05 0.001 -0.003 -0.024 -0.006 -0.003 0.001 0.002* 0.003 -0.015 0.005 

  (1.028) (0.646) (0.373) (0.096) (0.38) (-0.431) (-1.159) (-1.541) (-1.344) (1.18) (1.964) (1.173) (-1.466) (0.154) 

Book-to-market -0.005* -0.005*** -3x10-04 -0.001 0.001 0.002 0.001 -0.004 -0.005** -2x10-04 2x10-04 -1x10-04 -0.01 -0.019 

  (-1.662) (-2.781) (-0.633) (-0.912) (0.775) (0.271) (0.055) (-1.237) (-2.295) (-0.211) (0.158) (-0.06) (-1.045) (-0.603) 

Multiple insider -0.016 -5x10-04 -0.004 -0.006** -0.013** -0.001 0.046 0.018 3x10-04 -4x10-04 -0.002 -0.004 -0.008 -0.155 

  (-1.526) (-0.063) (-1.609) (-2.071) (-2.155) (-0.042) (0.68) (1.514) (0.037) (-0.136) (-0.726) (-0.63) (-0.268) (-1.612) 

Day gap -0.001 1x10-04 -10x10-05 -0.001 -3x10-04 0.007 0.032 0.009** 0.003 -1x10-04 -3x10-04 -0.001 -0.012 -0.042 

  (-0.507) (0.061) (-0.186) (-0.773) (-0.173) (1.004) (1.588) (2.398) (1.175) (-0.149) (-0.306) (-0.418) (-1.317) (-1.514) 

Adjusted R2 0.003 0.01 -0.001 0.001 0.01 -0.013 -0.015 0.016 0.007 0.01 0.017 -0.003 5x10-04 0.037 

F-statistic 1.285 2.582 0.753 1.161 2.55 0.256 0.619 1.61 1.384 1.873 2.341 0.831 1.01 1.42 

 

Table 4.10 continues on the next page. 
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Table 4.10… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Discretionary purchases Discretionary sales 

Sample size (n) 172 208 309 289 208 89 49 92 117 183 168 117 42 31 

Intercept 0.019 0.013 -0.002 -0.002 -0.012 -0.044 -0.125 0.006 0.006 -0.008 -0.013** -0.022* 0.063 -0.267 

  (0.726) (0.664) (-0.47) (-0.27) (-1.086) (-1.052) (-0.737) (0.296) (0.507) (-1.439) (-2.125) (-1.75) (1.204) (-1.652) 

Split-order -0.019 -0.016 0.002 0.001 0.005 0.018 0.017 0.013 0.005 0.006* 0.008** 0.011 0.017 0.244** 

  (-1.126) (-1.188) (0.593) (0.277) (0.612) (0.65) (0.165) (1.044) (0.642) (1.706) (2.071) (1.439) (0.474) (2.547) 

Deal size 0.005 -0.002 0.004* 0.007** 0.017*** 0.038* 0.049 -0.018* -0.01 0.001 0.003 0.004 -0.112*** -0.155** 

  (0.425) (-0.231) (1.943) (2.192) (2.882) (1.672) (0.73) (-1.805) (-1.555) (0.515) (0.807) (0.654) (-3.964) (-2.115) 

Firm size 0.012 0.008 0.001 0.001 -0.001 0.008 -0.016 -0.02*** -0.007* 0.001 0.001 -0.002 -0.041** -0.128** 

  (1.425) (1.274) (0.841) (0.586) (-0.22) (0.548) (-0.304) (-3.023) (-1.776) (0.688) (0.401) (-0.522) (-2.447) (-2.668) 

Book-to-market -0.009 -0.014** -0.001 -0.002 2x10-04 0.006 -0.008 0.002 0.002 -2x10-04 3x10-04 -4x10-04 -0.01 0.062 

  (-0.935) (-2.056) (-0.599) (-0.958) (0.055) (0.391) (-0.15) (0.288) (0.381) (-0.125) (0.162) (-0.095) (-0.51) (1.308) 

Multiple insider -0.026 -0.01 -0.004 -0.007 -0.022** -0.007 0.041 0.005 -0.003 0.004 0.004 5x10-04 0.03 -0.154 

  (-1.123) (-0.557) (-0.96) (-1.27) (-2.092) (-0.197) (0.343) (0.244) (-0.24) (0.766) (0.621) (0.038) (0.667) (-1.261) 

Day gap -0.002 -0.005 0.001 0.002 0.003 0.027** 0.073 0.012** 0.003 2x10-04 0.001 0.004 -0.027 -0.019 

  (-0.247) (-0.767) (0.991) (0.929) (0.832) (2.101) (1.598) (2.023) (0.963) (0.12) (0.27) (0.977) (-1.561) (-0.544) 

Adjusted R2 -0.004 0.007 0.004 0.013 0.073 0.009 -0.054 0.075 -0.01 -0.006 0.003 -0.013 0.254 0.263 

F-statistic 0.889 1.245 1.225 1.617 3.726 1.139 0.592 2.235 0.812 0.818 1.09 0.753 3.322 2.784 

Table 4.10 continues on the next page. 
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Table 4.10… continued 

Event windows (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

Model 2 Non-discretionary purchases Non-discretionary sales 

Sample size (n) 591 858 1141 1093 858 311 133 180 240 403 373 240 105 47 

Intercept -0.003 0.002 0.003 0.003 0.008 0.002 -0.022 -0.01 0.003 -0.005 -0.01** -0.008 0.025 -0.075 

  (-0.283) (0.234) (1.168) (0.827) (1.17) (0.054) (-0.242) (-0.552) (0.232) (-1.333) (-2.292) (-0.794) (0.544) (-0.425) 

Split-order 0.002 -3x10-04 -0.001 -0.001 -0.003 -0.007 -0.013 0.009 -0.002 -2x10-04 0.003 0.004 -0.024 0.04 

  (0.332) (-0.071) (-1.047) (-0.791) (-0.896) (-0.401) (-0.266) (0.876) (-0.366) (-0.077) (1.319) (0.696) (-0.924) (0.463) 

Deal size 0.002 -0.001 7x10-07 5x10-05 0.004* -0.004 -0.025 -0.001 1x10-04 0.004*** 0.005** 0.004 0.003 -0.01 

  (0.587) (-0.256) (0.001) (0.056) (1.889) (-0.373) (-0.854) (-0.1) (0.027) (2.769) (2.42) (0.901) (0.148) (-0.14) 

Firm size 4x10-04 -0.001 4x10-05 -4x10-05 0.001 -0.003 -0.023 0.002 -0.002 0.001 0.003** 0.005* 3x10-04 0.078 

  (0.131) (-0.318) (0.065) (-0.06) (0.579) (-0.431) (-1.045) (0.373) (-0.717) (0.803) (2.025) (1.896) (0.019) (1.659) 

Book-to-market -0.004 -0.003** -3x10-04 -0.001 0.001 1x10-04 0.005 -0.006 -0.008*** -2x10-05 4x10-04 4x10-04 -0.009 -0.063 

  (-1.461) (-2.119) (-0.641) (-0.761) (0.619) (0.013) (0.205) (-1.392) (-2.742) (-0.022) (0.377) (0.155) (-0.736) (-1.408) 

Multiple insider -0.011 0.007 -0.002 -0.003 -5x10-04 0.018 0.085 0.027* 0.002 -0.002 -0.006 -0.007 -0.009 -0.019 

  (-0.86) (0.824) (-0.581) (-0.84) (-0.059) (0.421) (0.924) (1.807) (0.218) (-0.803) (-1.433) (-0.93) (-0.203) (-0.124) 

Day gap -0.001 0.001 -4x10-04 -0.001 -2x10-04 0.003 0.019 0.009* 0.003 -3x10-04 -0.001 -0.003 -0.01 -0.053 

  (-0.362) (0.639) (-0.632) (-1.275) (-0.107) (0.316) (0.824) (1.865) (0.863) (-0.346) (-0.627) (-1.322) (-0.915) (-1.297) 

Adjusted R2 -0.004 -3x10-04 -0.003 -0.002 -0.001 -0.018 -0.024 0.006 0.014 0.007 0.016 0.003 -0.037 0.029 

F-statistic 0.629 0.95 0.36 0.557 0.859 0.097 0.476 1.182 1.553 1.44 2.035 1.129 0.378 1.228 
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confounding events, the results of this robust analysis point out two important conclusions. 

First, the choice of intraday stealth-trading strategy is more relevant when directors possess 

substantial negative information about their firm and they want to act upon this by selling 

their shares quickly. The choice is not relevant when directors spot an underpricing of their 

stocks and want to take benefit of this. Second, when selling shares with a foreknowledge of 

a negative outlook, directors opt to trade in one-large order and do not consider splitting up 

their deals into smaller orders. The camouflage benefit of stealth trading seems not to be 

attractive to directors in these cases. This analysis confirms that Split-order is a reliable 

indicator that distinguishes more to less informative discretionary sales, even when other 

control variables lose their roles.  

 

4.5 Announcement effects: Can outside traders earn abnormal returns? 

To analyse whether outsiders can earn abnormal returns it is more appropriate to focus on 

the announcement event when the information about the director deal is made public. Similar 

regression analyses are conducted around announcement events rather than deal events, but 

this section looks at discretionary deals since they are often perceived by outsiders as the 

most informative insider trades – a fact confirmed by evidence presented in this and other 

previous studies. The second panel of Table 4.8 confirms that the Split-order variable is a 

potential indicator of informative discretionary sales. Non-split-order discretionary sales are 

associated with more negative cumulative returns than split-order discretionary sales. The 

differences are observed in the coefficients of the dummy Split-order variable. For the (0,1), 

(0,2), and (0,10) windows, the differences are 0.9%, 1%, and 1.5%, respectively and are 

significant at the 1% level. For the longer windows of (0,60) and (0,170), the differences are 

2.5% and 4.2% and are only significant at the 5% and 10% level, respectively. Accordingly, 

outsiders can mimic insiders’ discretionary sales identified as non-split-orders and earn 

abnormal returns. Once outsiders have the public information about the director deals, they 

can implement this thesis’ proposed matching algorithm to identify whether the deal is 

associated with stealth trading. The process is not very time consuming but requires direct 

access to the intraday trade data. However, would the magnitude of these CARs still be of 

interest if transaction costs are considered? The bid-ask spreads are often used as a proxy for 

transaction costs. Gajewski and Gresse (2007) estimate the average daily effective bid-ask 

spreads for on-book transactions on LSE at 0.4024%. Using this reference as an estimate of 
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transaction costs, which is likely to be on the conservative side as Gajewski and Gresse’s 

(2007) estimate is made over stocks that are less liquid than this thesis’ FTSE100 sample, the 

profitability of mimicking insiders’ trades would still be significant for outsiders. A long-

term (0,170) investment horizon can bring an additional abnormal return of 4.2% which 

outweighs the estimated transaction costs of 0.4024% and would benefit outsiders greatly.  

 

In general, the effects around announcement events are found to be very similar to those 

around trading events. This, perhaps, is due to the promptness in reporting practices of UK 

FTSE100 insiders. In the sample, the average period between dealing and reporting is one 

day. Thus, there might be contamination between trading and announcement effects due to 

this small gap between the two events. Sub-section 4.4.2 applies the regression models to the 

non-confounding samples to check if confounding events seriously affect the magnitude of 

abnormal returns. It is found that outsiders are still able to earn abnormal returns that are 

smaller but still significant and higher than the estimated transaction cost if they follow 

director non-split-order discretionary sales. In addition, this analysis on the announcement 

events confirms that outsiders can still take advantage of knowledge on whether UK directors 

exploit stealth-trading strategies in their dealings to earn long-term abnormal returns even 

after the deal is announced publicly. 

 

4.6 Director shareholding and the informativeness of a deal 

This sub-section investigates whether director shareholding can explain the higher post-

event price impact of director discretionary sales compared to discretionary purchases, and 

whether directors’ different choice of a stealth-trading strategy for their discretionary 

purchases and sales is related to the informativeness level of their deals. The data shows 

that the shareholdings of corporate insiders in the sample are large in terms of dollar 

value,36 even if they represent small percentages of their firms’ shares. Table 4.11 shows 

that a director who discretionarily purchases (sells) shares holds on average more than 44 

million (4 million) GBP value of their firm shares or 1.027% (0.072%) of their firm market 

capitalisation. In addition, it is more likely that their holdings continue to increase due to 

stock-based bonus programmes. Hence, assuming that a director does not seek to increase  

 
36 Fidrmuc et al. (2006) mentions that a relative measure of directors’ holding of the firm’s shares to their 

personal wealth might be more relevant, however the data regarding personal wealth is very difficult to obtain 

and is not available to the author of this thesis. 
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Table 4.11 Descriptive statistics of current shareholding of UK directors in 396 out of 

837 discretionary deals 

Manual collection of directors deal data using the RNS announcements does not provide full 

information on director shareholding concurrent with their trades because many firms and directors 

do not disclose this information in the related announcement. Out of 837 discretionary deals, only 

396 disclose information about the director's current shareholding in number of shares. This table 

provides descriptive statistics of these 396 deals. Shareholding is presented as either a percentage of 

the firm market capitalisation or as a dollar value.  
Discretionary purchases Discretionary 

sales 

 
 

 
Holding (%) Holding (£) Holding (%) Holding (£)  

Number of 

observations 

246 246 150 150  

Min 0.000% 4,948  0.000% 0.000%   

Max 24.863% 1,082,635,848  5.596% 211,125,167   

Average 1.027% 44,546,499  0.072% 4,291,823   

Standard deviation 4.565% 197,387,520  0.460% 17,677,623   

1st quartile 0.000% 47,945  0.003% 385,842   

Median 0.001% 119,111  0.011% 1,436,281   

3rd quartile 0.004% 405,387  0.045% 3,560,121   

Skewness 4.444  4.518  11.680  10.849   

Kurtosis 21.197  22.034  140.487  126.721    
Non-split-order discretionary 

purchases 

Non-split-order discretionary 

sales 

 

 
Holding (%) Holding (£) Holding (%) Holding (£)  

Number of 

observations 

148 148 57 57  

Min 0.000% 6,643  0.000% 0.000%    

Max 20.130% 609,851,319  0.258% 16,166,435   

Average 0.306% 11,917,720  0.016% 1,850,767   

Standard deviation 2.011% 71,460,884  0.036% 2,824,738   

1st quartile 0.000% 46,574  0.002% 170,376   

Median 0.001% 111,765  0.008% 856,404   

3rd quartile 0.003% 362,295  0.015% 2,054,981   

Skewness 7.786  6.461  5.642  3.035   

Kurtosis 69.598  45.801  37.884  3.965    
Split-order discretionary purchases Split-order discretionary sales   
Holding (%) Holding (£) Holding (%) Holding (£)  

Number of 

observations 

98 98 93 93  

Min 0.000% 4,948  0.000% 0.000%    

Max 24.863% 1,082,635,848  5.596% 211,125,167   

Average 2.116% 93,822,615  0.106% 5,787,955   

Standard deviation 6.671% 294,265,586  0.582% 22,255,337   

1st quartile 0.001% 50,871  0.004% 463,955   

Median 0.002% 135,728  0.025% 2,240,555   

3rd quartile 0.009% 547,577  0.062% 3,845,043   

Skewness 2.833  2.837  9.179  8.621   

Kurtosis 9.042  9.070  86.932  79.675   
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control power by maintaining a high level of holding, he/she might have stronger motivation 

to sell shares if in possession of negative private information. However, insiders who seek to 

increase entrenchment instead might continue to purchase shares to reach certain thresholds 

even if there are no upcoming supporting positive news. Hence, the risk of increased 

entrenchment can offset the positive signal of a director purchase and the decrease of such 

risk can uplift the negative signal of a director sale if he/she currently holds a large stake of 

the firm (Fidrmuc, Goergen and Renneboog, 2006).  

 

Using UK director dealing data from 1991 to 1998, with a removal of deals with value less 

than 0.1% of the firm market capitalisation and sales after option exercise, Fidrmuc, Goergen 

and Renneboog (2006) confirm that purchases made by directors with large percentages of 

shareholding are more likely to trigger entrenchment danger that might outweigh the positive 

information of the purchases themselves. In other words, they find that purchases made by 

block holder directors (who own more than 5% of the firm market capitalisation) are less 

positively informative than purchases made by directors with smaller shareholdings. 

Fidrmuc, Goergen and Renneboog (2006) also explain their finding of less negative CARs 

following sales made by directors who own a large percentage shareholding by a lower risk 

of entrenchment when directors decide to sell their shares.  

 

This sub-section extends the analysis to examine the effect of director shareholdings on the 

informativeness of their discretionary deals, as a comparison with Fidrmuc, Goergen and 

Renneboog (2006). This is also done to investigate if directors’ shareholdings play an 

important role in explaining the choice of their intraday stealth-trading strategy. It is essential 

to note that while discretionary sales are more informative than discretionary purchases in 

this thesis, director sales are less informative than director purchases in their data. 

 

This analysis does not include shareholding as a control variable as in the regression analysis 

in Sub-sections 4.4.1 and 4.4.2 for the main reason that data on shareholdings is not disclosed 

on the announcement of director dealing for all deals but only for a proportion of the deals. 

Whether or not director shareholding is disclosed on the announcement of director dealing 

depends on the firm reporting practice. Certain firms report director shareholding in the 

announcement of director dealing while others do not. There are separate announcements 
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regarding large shareholders or director shareholdings on the LSE but the data do not include 

them. Thus, this analysis relies only on the shareholding data available on the announcement 

of director dealing and not on the announcement on director shareholding. In addition, this 

analysis focuses more on the effects of shareholding on buying and selling based on 

information, hence the analysis uses only the observations for discretionary purchases and 

discretionary sales where the number of shares owned by directors following their deals is 

reported. Data for this small sample are summarised in Table 4.11. The data shows that on 

average, UK directors who purchase additional shares on own more than ten times a director 

who sells shares, on average, both in terms of the percentage and the dollar value of their 

holdings.37 Table 4.11 shows that an average a buyer owns more than £44.5 million in shares 

(equivalent to 1.027% of the firm market capitalisation), while an average seller owns just 

over £4 million in shares (equivalent to 0.072% of the firm market capitalisation). On a more 

detailed examination of the distribution of director holdings, however, it is found that most 

directors who sell shares actually own more shares than directors who purchase shares. The 

third quartile figure of shareholding for discretionary purchases shows that 75% of 

discretionary buyers own less than £405,387 (or 0.004% of the firm market capitalisation), 

which is far below the average figure of £44.5 million. However, the third quartile figure of 

shareholding for discretionary sales shows that 75% of discretionary sellers own up to £3.5 

million value of shares (or 0.045% of the firm market capitalisation). The first quartile and 

the mean figures also support the same story. Accordingly, the higher average current holding 

of purchasers is indeed attributable to only a few directors with very large shareholdings. 

This also implies that only a small proportion of discretionary buyers in the sample could be 

seeking entrenchment. All these statistics represent evidence that sales usually involve a 

director who already owns a relatively larger holding relative to another who wants to acquire 

more shares.  

 

Table 4.12 presents similar information as in Table 4.1 but only for discretionary deals with 

shareholding data. The table shows that discretionary sales in this sub-sample are long-term 

informative as in the main analysis in Section 4.2, while discretionary purchases show certain 

short-term informativeness that is not observed in Section 4.2 using all deal data. It is also 

 
37 As discussed in Fidrmuc, Goergen and Renneboog (2006) and Gregory et al. (1994), a relative measure of 

deal size or holding value to the director personal wealth or income might provide more insight on directors’ 

behaviour, but because such data on personal wealth is limited, this thesis does not adopt this suggestion. 
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observed that non-split-order discretionary sales are more informative than split-order 

discretionary sales, while split-order discretionary purchases are more informative than non-

split-order discretionary purchases. These observations are consistent with the main analysis 

and in a clear manner. 

 

When a regression analysis similar to that conducted in Sub-sections 4.4.1 and 4.4.2 is carried 

out on this smaller sample in Table 4.13, it is found that the effect of the Split-order variable 

on discretionary sales is less strong and less significant. Table 4.13 is comparable to the 

second panel of Table 4.7 but Holding percentage (the percentage of market capitalisation 

held by directors at the time of trading) is added as another independent variable. The 

coefficient on the Split-order variable is only significant at the 5% level for the (0,10) 

window. The coefficient for the (0,170) window is 0.044 and is not significant, while the 

coefficient in the main analysis in Table 4.7 is 0.042 and is significant at the 10% level. 

Although the results on the coefficient of the Split-order variable are not as strong as in the 

main analysis, they support the main conclusion that non-split-order discretionary sales are 

more informative in the long term. 

 

Table 4.13 shows that while Holding percentage does not distinguish more informative 

discretionary sales from less informative ones, it does so for purchases. Purchases made by 

directors with larger percentage holdings are associated with more positive pre-event CAARs 

and more negative short-term post-event CAARs, thus they are less informative with regard 

to either contrarian trading or the use of private information. There are two ways to interpret 

this result. First, given a director owns a large percentage holding and seeks entrenchment, 

he/she would continue building up the ownership concentration without consideration of 

applying contrarian trading or using positive private information. Thus, discretionary 

purchases of such directors are less informed, evidenced by a more positive (i.e., less 

negative) pre-event CAARs and a more negative (i.e., less positive) short-term post-event 

CAARs, compared to deals from directors with smaller shareholding. Second, the market 

might outweigh the risk of entrenchment than the positive signal sent by such purchases, and 

consequently under-reacts to such purchases. The result is that the following stock price is 

more negative compared to cases where directors own smaller shareholding and without or 
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Table 4.12 Cumulated Average Abnormal Returns (CAARs) around trading events for deals with directors' holding data 

This table presents test results of the significance of CAARs using the GMTP z-test (parametric test) that accounts for overlapping events and 

the GRANK t-test (non-parametric test). The sample is the discretionary purchases and sales for which data on directors’ holding is available. 

‘D.P’= discretionary purchases and ‘D.S’ = discretionary sales; (1) GMTP z-test, (2) GRANK t-test; and ***, **, and * denote significance at 

0.01, 0.05, and 0.1, respectively. 

 

  All deals with information regarding 

directors' holding (n= 396) 

Non-split-order deals with information 

regarding directors' holding (n= 205) 

Split-order deals with information 

regarding directors' holding (n= 191) 

  D.P (n=246) D.S (n=150) D.P (n=148) D.S (n=57) D.P (n=98) D.S (n=93) 

Event 

window

s 

CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

(-20,0) -3.18% *** *** 0.02% 
  

-2.19% *** ** 0.74% 
  

-4.69% *** *** -0.43% 
  

(-10,0) -2.18% *** *** 0.45% 
  

-1.12% *** 
 

1.00% * 
 

-3.79% *** *** 0.11% 
  

(0,0) 0.13%   0.06%   0.04%   0.04%   0.28% *  0.07%   

(0,1) 0.32% ** 
 

0.18% 
  

0.13% 
  

0.00% 
  

0.61% *** 
 

0.28% * 
 

(0,2) 0.51% *** 
 

0.24% 
  

0.18% 
  

0.15% 
  

1.01% *** 
 

0.30% 
  

(0,7) 0.43% 
  

0.48% 
  

-0.11% 
  

-0.22% 
  

1.24% *** 
 

0.92% * ** 

(0,8) 0.38% 
  

0.70% * * -0.17% 
  

-0.12% 
  

1.20c% *** 
 

1.21% ** *** 

(0,10) 0.25% 
  

0.64% 
  

-0.30% 
  

-0.25% 
  

1.09% ** 
 

1.18% * *** 

(0,30) 0.08% 
  

0.30% 
  

0.73% 
 

* -0.34% 
  

-0.89% 
  

0.70% 
  

(0,60) -0.63% 
  

-0.66% 
  

-0.09% 
  

-0.85% 
  

-1.44% 
  

-0.55% 
  

(0,120) -0.91% 
  

-4.12% ** *** -0.31% 
  

-5.60% ** * -1.82% 
  

-3.22% 
 

** 

(0,170) -2.04% 
  

-6.45% *** *** -1.75% 
  

-8.85% *** 
 

-2.47% 
  

-4.98% * ** 
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Table 4.13 OLS regression coefficients of CARs around trading events of the sample with director holding data 

In this OLS regression, the dependent variable is CAR of different event windows around the trading day and is applied only to the discretionary 

purchases and sales with data on director holdings. Independent variables include: Split-order, a dummy variable equal 1 if the deal is not 

identical to at least one single intraday trade or one series of consecutive trades, and 0 otherwise; Holding percentage is the standardised 

percentage of ownership by directors at the time of trading. Deal size is standardised natural logarithm of the deal value, measured as a ratio 

between value of the deal and the total daily trading volume of the stock; Firm size is standardised natural logarithm of the firm market 

capitalisation on the event day; Book-to-market is standardised ratio of book-to-market value on the event day; Multiple insiders is a dummy 

variable equal 1 if there are any other insider deals of the same stock in the same direction on the event day, and 0 otherwise; Day gap is 

standardised scaled representative of time gap in days between trading and announcement events. Day gap is transformed as 1/exp(Day gap) 

and then standardised. ***, **, and * denote significant at the 1%, 5%, and 10% levels.  

CARs (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) (-20,0) (-10,0) (0,1) (0,2) (0,10) (0,60) (0,170) 

  Discretionary purchases Discretionary sales 

Intercept -0.011 -0.005 0.001 0.002 0.002 0.009 -0.021 0.021* 0.014** 0.001 4x10-04 -0.008 0.006 -0.109*** 

  (-1.368) (-0.741) (0.365) (0.662) (0.516) (0.863) (-1.214) (1.928) (2.058) (0.202) (0.131) (-1.307) (0.347) (-2.737) 

Split-order -0.018 -0.021** 0.006* 0.009** 0.011* -0.014 -0.001 0.002 -0.002 0.002 -5x10-04 0.013** -0.002 0.044 

  (-1.626) (-2.195) (1.76) (2.262) (1.834) (-0.943) (-0.043) (0.152) (-0.346) (0.691) (-0.15) (2.085) (-0.138) (1.147) 

Holding percentage 0.01** 0.012*** -0.002 -0.003* -0.006** -0.005 -0.016 0.006 -0.005 0.007 0.001 -0.027 0.049 -0.117 

  (2.091) (3.048) (-1.224) (-1.707) (-2.341) (-0.746) (-1.512) (0.167) (-0.206) (0.752) (0.124) (-1.215) (0.813) (-0.85) 

Deal size -0.009 -0.015*** 0.002 0.004 0.008** 0.014 0.01 -0.014** -0.004 -0.002 -0.001 -0.001 -0.004 -0.025 

  (-1.278) (-2.665) (0.991) (1.609) (2.105) (1.558) (0.696) (-2.286) (-0.964) (-1.187) (-0.755) (-0.307) (-0.413) (-1.095) 

Firm size 0.018*** 0.011** -0.003* -0.005*** -0.01*** -0.013* -0.005 -0.005 3x10-04 -0.001 -0.001 -0.003 -0.006 0.032 

  (3.199) (2.425) (-1.943) (-2.625) (-3.321) (-1.77) (-0.376) (-0.973) (0.105) (-0.477) (-0.705) (-1.082) (-0.679) (1.644) 

Book-to-market -0.027*** -0.028*** -0.001 -5x10-04 0.001 -0.006 0.028** 0.009 0.002 -0.002 -0.002 -0.007* 0.01 -0.039 

  (-5.022) (-6.215) (-0.68) (-0.264) (0.2) (-0.885) (2.402) (1.358) (0.401) (-1.354) (-1.06) (-1.664) (0.884) (-1.556) 

Multiple insiders -0.045*** -0.033*** 0.003 0.004 -0.004 -0.017 -0.016 -0.016* -0.014** 0.005* 0.007** 0.004 -0.001 -0.04 

  (-3.336) (-2.984) (0.894) (0.944) (-0.538) (-0.963) (-0.533) (-1.656) (-2.263) (1.877) (2.422) (0.679) (-0.09) (-1.108) 

Day gap -0.005 -0.005 0.003** 0.004** 0.001 0.011 0.018 0.011** 0.005 5x10-04 -3x10-04 0.004 -0.013* -0.038** 

  (-0.817) (-1.043) (1.971) (2.027) (0.39) (1.383) (1.407) (2.271) (1.572) (0.366) (-0.22) (1.322) (-1.657) (-2.135) 

Adjusted R-squared 0.198 0.25 0.039 0.075 0.098 0.032 0.008 0.061 0.029 0.009 0.008 0.05 -0.011 0.048 

F-statistic 9.65 12.682 2.408 3.825 4.81 2.175 1.275 2.388 1.638 1.197 1.163 2.121 0.765 2.063 
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with less entrenchment risk. These findings are consistent with Fidrmuc, Goergen and 

Renneboog (2006). Fidrmuc, Goergen and Renneboog (2006) eliminate small deals out of 

their sample (i.e., deals that have value less than 0.1% of the firm market capitalisation). This 

extended analysis does not eliminate such deals. However, it only considers discretionary 

purchases and sales. In my point of view, the two treatments are somewhat similar. The non-

discretionary purchases, which are not used in this extended analysis, are usually very small 

in terms of value. Their study looks at 41 days event windows around the announcement 

events, while this analysis looks at 20 days before and up to 170 days after the trading events. 

Given an average period of one day between trading events and announcement events in the 

data, I believe that the two studies are comparable in terms of the event definition, except 

that this analysis looks at a longer period after the events.  

 

The regression result suggests that the Holding percentage does not directly explain the fact 

that UK directors do not split their discretionary sales for the purpose of camouflage, while 

they do so for discretionary purchases. This choice remains as their own personal preference 

of quick execution over better prices. The regression analysis, however, shows a positive 

relationship between Holding percentage and non-informativeness of discretionary 

purchases. The risk of increased entrenchment in these large UK companies might offset the 

positive signal of such purchases. Thus, discretionary purchases that are made by directors 

who own a large shareholding are perceived by the market as less informed. This section also 

helps in explaining why, in the data, discretionary sales are more informative while 

discretionary purchases are less informative, and why the choice of intraday stealth trading 

is different when directors buy versus sell. First, the data shows that directors who purchase 

usually own a small percentage of shares and given that there are potential bonus programmes 

that would increase their holding in the future, directors are more rational when buying more 

shares even on the basis of private information. Thus, directors exploit stealth trading on their 

discretionary purchases. Second, the fact that directors who sell shares actually have higher 

current shareholding compared to directors who buy shares also contributes in rationalising 

the UK directors’ impatience in rushing to sell their shares without considering the 

unfavourable price impact of submitting a large order to the market. The larger shareholding 

they have, the more the pressure to sell the shares quickly to avoid large negative impact on 

their personal wealth.  



Chapter 4 Daily analysis… 

167 
 

 

4.7 Conclusion 

This chapter highlights two main contributions to research methodology. The first 

contribution is the proposed classification method of deals based on the discreteness level 

disclosed in the public announcement of UK director deals. Compared to the modified CMP 

method of opportunistic and routine deals, this thesis’ method makes a better distinction 

between more and less informed deals. Discretionary sales show higher informational content 

compared to the modified CMP opportunistic deals. The second contribution is the proposed 

matching algorithm for detecting actual intraday trades that are likely to make up the deals. 

This thesis’ algorithm considers the possibility of passive break-ups of the deal due to the 

order book multi-fill matching mechanism. By doing so, the matching algorithm also yields 

a higher matching rate. In other words, there are more deals that are detectable with their 

intraday related trades compared to common methods used in the literature. 

 

With regard to empirical findings, there are five main conclusions emanating from the results 

of this study. First, discretionary sales are more informative than discretionary purchases. 

Testing the significance of CAARs shows stronger informational content for discretionary 

sales than for discretionary purchases, especially during long-term post-event windows. This 

finding, while consistent with Pope, Morris and Peel (1990) and supported by the more recent 

findings of Aussenegg, Jelic and Ranzi (2018), is quite different from those of Lakonishok 

and Lee (2001), Gregory, Matatko and Tonks (1997), Friederich et al. (2002), and Dardas 

and Güttler (2011). The findings imply that the market is more efficient in reflecting good 

news than in reflecting bad news. Discretionary purchases are informed and they stop 

persistent pre-event decreasing price trend within the dealing day or one day after, but there 

is no significant subsequent price adjustment. Any reaction is realised within one or two days. 

However, the implied negative news of discretionary sales can only be discovered by the 

market in the long-term. This analysis attributes the difference in market efficiency on good 

and bad news to the longevity nature of the implied private information and the general 

market belief that insider sales are less informative. Discretionary sales are long-lived 

informative, while discretionary purchases are short-lived informative. In addition, a 

supporting analysis shows that discretionary sales usually involve directors with higher 

percentages of ownership, while discretionary purchases are made by directors who have 
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lower percentage holdings. Holding an investment portfolio that is too concentrated on the 

firm stock might motivate directors who do not seek to increase entrenchment to sell shares 

when they possess negative information. 

 

Second, this chapter presents evidence that non-discretionary sales capture mispricing more 

effectively than discretionary sales. This is supported by the natural rationale behind non-

discretionary sales. There is also evidence of undervaluation (overvaluation) timing for 

discretionary purchases (non-discretionary sales), and this result is stronger for purchases 

than that for sales. This is in line with Lakonishok and Lee (2001). It also implies that 

discretionary purchases are driven by deep mispricing. In addition, while non-discretionary 

deals are ignored in past studies, there is evidence of overvaluation timing for these deals, 

which is even stronger and clearer than that of discretionary sales. This result can be 

explained mainly by the award mechanism and the inherent timing of option exercising. 

 

Third, this chapter presents evidence that UK directors sometimes split their informative 

deals into several smaller orders, but the choice of stealth trading is different between 

purchases and sales. Split-order purchases are associated with more negative pre-event CARs 

in the short-term. This reflects the directors’ preference for stealth trading when there is large 

under-pricing or possession of positive information. However, non-split-order sales are 

associated with more post-event negative CARs in both the short-term and the long-term. 

This reflects the preference of non-stealth trading when UK directors possess future negative 

information. Current large holdings of the firm’s shares, and potential releases of bonus 

programmes, might make insiders reluctant to buy more shares through a one large order. As 

large orders usually have an impact on the execution price, buying shares using large orders 

might be more costly to directors. Hence, insiders are less motivated to use non-split orders 

to buy additional shares. Execution risk aside, the data shows that stealth trading is associated 

with short-term informative purchases, usually in the form of identified underpricing. In 

contrast, insiders do not choose to split a discretionary sale when they face negative private 

information. Large and concentrated holdings in the firm’s shares might pressure insiders to 

reduce anticipated losses immediately, leaving them to choose to execute their sales with a 

non-split order and more willing to take local price risk but not execution risk. This main 

finding partly supports Kyle's (1985) assumption of splitting informative deals particularly 
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discretionary purchases. This assumption, however, is not supported by the results of 

discretionary sales, despite being informative in the sample. This analysis attributes this 

difference to director behaviour in rushing to sell shares, but not rushing to buy shares, given 

their large current holding level and their potential rewards and bonuses. It is also found that 

the detectability of non-split-order deals is a good indicator of both short-term and long-term 

information, which can be exploited by external traders to earn abnormal returns. 

 

Fourth, this chapter finds that the information carried by non-split-order discretionary sales 

are shorter-lived compared to split discretionary sales (at least 30 trading days versus at least 

120 trading days). It seems that when directors have less time to act on private information, 

they prefer to rush their sales without considering the stealth-trading option. It is also 

important to note that, given the trading ban periods of one month prior to quarterly earnings 

announcements and two months prior to interim/final earnings announcements, a period of 

30 or 60 trading days might be considered very short for directors to exploit the information 

while abiding by the regulation on insider dealing. 

 

The effects are even more prominent and significant when other control variables are added 

to the model. Although deal size tends to have stronger effects on long-term CARs, stealth 

trading is a more significant indicator for both short-term and medium CARs. This finding 

implies that outsiders who have access to intraday trade data and who can manage their 

transaction costs to the minimum can earn excess returns by following the direction of 

detected non-split-order discretionary sales. The abnormal returns of split-order discretionary 

purchases, although significantly more positive than those of non-split-order discretionary 

purchases, cannot be relied upon as a good mimicking strategy because the effects are just 

enough to recover the average negative CARs. 

 

In conclusion, the results of the successful use of the Split-order variable to identify more 

informed deals, are mainly applicable to discretionary sales, but not for discretionary 

purchases. The main reason why Split-order variable cannot be used as a signal indicator of 

more informative purchases is perhaps due to the nature of the sample in which only 

discretionary sales are found to be long-term informative. Purchases in the sample are less 

informed in terms of abnormal future returns. One reason is that the market is more efficient 
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in incorporating good news than bad news. Therefore, outsiders can only earn abnormal 

returns following discretionary sales but not discretionary purchases.  
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Appendix 4.A Cumulated Average Market Adjusted Returns (CAMARs) around trading and announcement events for the whole sample, the 

non-split-order deal and the split-order deal sub-samples
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Appendix 4.B Cumulated Average Abnormal Returns (CAARs) test results around trading and announcement events (extension of Table 4.1) 

This appendix is similar to Table 4.1 and report the results with two other tests: the Patell (1976) z-test results are reported in Column (1) and the Boehmer, Masumeci, and Poulsen 

(1991) z-test are reported in Column (2). ‘DP’ stands for discretionary purchases, ‘NDP’ for non-discretionary purchases, ‘DS’ for discretionary sales, and ‘NDS’ for non-discretionary 

sales; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 
     Trading event Announcement event 

     DP NDP DS NDS DP NDP DS NDS 

  Event windows  CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

W
h

o
le

 s
a

m
p

le
 (

n
=

 3
1

0
8

) 

(-20,0)  -2.27% *** *** -0.24% ** ** 0.31%   0.70% *** *** -2.39% *** *** -0.10%   0.43%   0.57% *** *** 

(-10,0)  -1.55% *** *** 0.15%   0.42% ** ** 0.50% *** *** -1.65% *** *** 0.12%   0.45% ** ** 0.39% *** *** 

(0,0)  -0.11% **  0.07% ** ** 0.38% *** *** -0.10% * * -0.19% *** * 0.02%   0.26% *** ** -0.03%   
(0,1)  -0.04%   0.09% ** ** 0.46% *** *** -0.16% *** *** 0.11%   -0.03%   0.37% *** ** -0.12% *  

(0,2)  0.09%   0.03%   0.49% *** *** -0.21% *** ** 0.11%   -0.06%   0.26% *  -0.06%   

(0,7)  0.20%   -0.05%   0.28%   -0.29% ** ** 0.17%   -0.12%   0.20%   -0.10%   

(0,8)  0.14%   -0.03%   0.48% * * -0.28% ** ** 0.10%   -0.12%   0.24%   -0.09%   

(0,10)  -0.02%   -0.06%   0.47%   -0.18%   -0.05%   -0.13%   0.31%   -0.11%   

(0,30)  -0.35%   -0.28%   -0.21%   -0.70% *** *** -0.28%   -0.37% ** * -0.38% ** * -0.56% ** ** 
(0,60)  -0.46%   -0.98% *** *** -1.08% ** ** -0.22%   -0.39%   -1.00% *** *** -1.27% *** ** -0.26%   

(0,120)  0.12%   -1.70% *** *** -4.04% *** *** -0.51%   0.01%   -1.71% *** *** -4.36% *** *** -0.56%   

(0,170)  -0.83%   -2.54% *** *** -7.02% *** *** -1.52% *** ** -0.69%   -2.62% *** *** -7.43% *** *** -1.52% *** ** 

N
o

n
-s

p
li

t-
o
r
d

er
 d

ea
ls

 (
n

=
9
2

1
) 

(-20,0)  -1.51% *** *** -0.19%   0.50%   0.55% *  -1.67% *** *** -0.14%   0.52%   0.31%   

(-10,0)  -0.76% *** *** 0.11%   0.37%   0.90% *** *** -0.84% *** *** 0.15%   0.29%   0.57% * * 

(0,0)  -0.10%   0.14% * * 0.08%   0.05%   -0.11%   0.13% *  -0.02%   -0.04%   
(0,1)  -0.09%   0.15%   0.00%   -0.16%   0.13%   0.01%   -0.08%   -0.26%   

(0,2)  0.01%   0.02%   -0.06%   -0.30% * * 0.15%   -0.07%   -0.26% * ** -0.22%   

(0,7)  -0.03%   0.05%   -0.49% ** ** -0.50% * * 0.01%   -0.02%   -0.60% *** *** -0.40%   
(0,8)  -0.10%   0.03%   -0.41% * ** -0.52% * * -0.03%   0.00%   -0.64% *** *** -0.37%   

(0,10)  -0.24%   0.02%   -0.46% * ** -0.39%   -0.20%   0.00%   -0.46% * ** -0.21%   

(0,30)  -0.20%   -0.18%   -1.07% *** *** -1.07% ** ** -0.16%   -0.22%   -1.28% *** *** -1.02% ** ** 
(0,60)  -0.45%   -0.86%   -2.23% *** *** -0.89%   -0.35%   -0.87%   -2.41% *** *** -0.90%   

(0,120)  0.44%   -2.22% *** ** -5.56% *** *** -0.63%   0.53%   -2.15% ** ** -5.78% *** *** -0.88%   

(0,170)  -1.15%   -2.79% *** *** -9.03% *** *** -1.89%   -0.91%   -2.77% *** *** -9.40% *** *** -1.92%   

S
p

li
t-

o
r
d

e
r 

d
ea

ls
 (

n
=

2
1
8
7

) 

(-20,0)  -3.32% *** *** -0.25% ** * 0.16%   0.76% *** *** -3.40% *** *** -0.09%   0.36%   0.67% *** *** 

(-10,0)  -2.64% *** *** 0.16%   0.46% *  0.35% *** ** -2.78% *** *** 0.11%   0.58% ** * 0.32% ** ** 

(0,0)  -0.14% **  0.05%  * 0.62% *** *** -0.15% ** ** -0.30% *** ** 0.00%   0.49% *** ** -0.03%   
(0,1)  0.01%   0.07%   0.81% *** *** -0.16% ** ** 0.09%   -0.04%   0.73% *** *** -0.06%   

(0,2)  0.20%   0.04%   0.93% *** *** -0.18% * * 0.06%   -0.06%   0.67% *** ** 0.00%   

(0,7)  0.51%   -0.07%   0.89% *** *** -0.20%   0.39%   -0.14%   0.83% *** *** 0.02%   
(0,8)  0.47%   -0.04%   1.19% *** *** -0.19%   0.29%   -0.14%   0.94% *** ** 0.02%   

(0,10)  0.29%   -0.08%   1.20% *** *** -0.10%   0.16%   -0.16%   0.91% *** ** -0.07%   

(0,30)  -0.57%   -0.30% *  0.47%   -0.55% * * -0.43%   -0.40% ** * 0.34%   -0.38%   
(0,60)  -0.47%   -1.01% *** *** -0.18%   0.05%   -0.44%   -1.02% *** *** -0.37%   -0.01%   

(0,120)  -0.32%   -1.58% *** *** -2.84% *** ** -0.46%   -0.70%   -1.61% *** *** -3.23% *** ** -0.44%   

(0,170)  -0.38%   -2.49% *** *** -5.44% *** *** -1.38% ** * -0.39%   -2.58% *** *** -5.87% *** *** -1.36% ** * 
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Appendix 4.C Cumulated Average Market Adjusted Returns (CAMARs) test results around trading and announcement events 

Test results of the significance of CAARs using GMTP z-test (parametric test) that accounts for overlapping events and GRANK t-test (non-parametric test) are presented in this table. 

‘DP’ stands for discretionary purchases, ‘NDP’ for non-discretionary purchases, ‘DS’ for discretionary sales, and ‘NDS’ for non-discretionary sales ; (1) GMTP z-test, (2) GRANK t-

test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 
     Trading event Announcement event 

     DP NDP DS NDS DP NDP DS NDS 

  Event windows  CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

W
h

o
le

 s
a

m
p

le
 (

n
=

 3
1

0
8

) 

(-20,0)  -2.30% *** *** -0.21% 
  

0.74% ** 
 

0.86% *** *** -2.42% *** *** -0.09% 
  

0.88% *** 
 

0.72% *** *** 

(-10,0)  -1.56% *** *** 0.14% 
  

0.73% *** * 0.58% *** *** -1.65% *** *** 0.12% 
  

0.77% *** 
 

0.48% *** *** 

(0,0)  -0.12% **  0.06% **  0.41% ***  -0.09% * ** -0.19% ***  0.02%   0.28% ***  -0.03%   

(0,1)  -0.05% 
  

0.08% ** 
 

0.50% *** 
 

-0.16% ** *** 0.11% 
  

-0.03% 
  

0.39% *** 
 

-0.12% 
 

* 

(0,2)  0.08% 
  

0.03% 
  

0.55% *** 
 

-0.20% ** ** 0.11% 
  

-0.05% 
  

0.31% ** 
 

-0.06% 
  

(0,7)  0.19% 
  

-0.03% 
  

0.48% * 
 

-0.22% 
 

** 0.15% 
  

-0.09% 
  

0.36% 
  

-0.05% 
  

(0,8)  0.12% 
  

0.00% 
  

0.68% *** 
 

-0.22% 
 

** 0.11% 
  

-0.08% 
  

0.41% 
  

-0.04% 
  

(0,10)  -0.02% 
  

-0.03% 
  

0.69% ** 
 

-0.12% 
  

-0.04% 
  

-0.10% 
  

0.51% * 
 

-0.04% 
  

(0,30)  -0.36% 
  

-0.21% 
  

0.49% 
  

-0.48% 
  

-0.28% 
  

-0.31% 
  

0.27% 
  

-0.35% 
  

(0,60)  -0.49% 
  

-0.91% 
 

* 0.21% 
  

0.13% 
  

-0.43% 
  

-0.92% 
 

* 0.00% 
  

0.08% 
  

(0,120)  0.13% 
  

-1.55% 
 

** -1.51% 
 

* 0.04% 
  

0.02% 
  

-1.57% 
 

** -1.84% 
 

** -0.02% 
  

(0,170)  -0.63% 
  

-2.33% 
 

*** -3.56% ** * -0.83% 
  

-0.52% 
  

-2.45% 
 

*** -3.99% ** ** -0.84% 
  

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 (

n
=

9
2

1
) 

(-20,0)  -1.67% *** *** -0.47% 
  

0.93% ** * 0.72% * 
 

-1.81% *** *** -0.43% 
  

0.97% ** * 0.49% 
  

(-10,0)  -0.80% *** ** -0.05% 
  

0.62% ** ** 0.94% *** *** -0.87% *** ** -0.01% 
  

0.55% * 
 

0.63% * * 

(0,0)  -0.12%   0.11%   0.08%   0.05%   -0.11%   0.13% *  -0.02%   -0.04%   

(0,1)  -0.11% 
  

0.11% 
  

0.01% 
  

-0.17% 
  

0.11% 
  

0.01% 
  

-0.09% 
  

-0.24% 
  

(0,2)  -0.02% 
  

0.01% 
  

-0.03% 
  

-0.27% 
 

* 0.14% 
  

-0.06% 
  

-0.22% 
  

-0.19% 
  

(0,7)  -0.08% 
  

-0.03% 
  

-0.32% 
  

-0.41% 
 

** -0.04% 
  

-0.06% 
  

-0.46% * * -0.33% 
  

(0,8)  -0.16% 
  

-0.04% 
  

-0.25% 
  

-0.43% 
 

* -0.06% 
  

-0.06% 
  

-0.46% * 
 

-0.31% 
  

(0,10)  -0.32% 
  

-0.09% 
  

-0.27% 
  

-0.31% 
  

-0.24% 
  

-0.06% 
  

-0.25% 
  

-0.14% 
  

(0,30)  -0.41% 
  

-0.52% 
  

-0.40% 
  

-0.89% 
 

* -0.38% 
  

-0.54% 
  

-0.62% 
 

* -0.87% 
  

(0,60)  -0.84% 
  

-1.61% 
  

-1.02% 
 

* -0.54% 
  

-0.74% 
  

-1.60% 
  

-1.18% 
 

* -0.57% 
  

(0,120)  -0.46% 
  

-3.75% * * -3.07% ** ** 0.03% 
  

-0.37% 
  

-3.66% 
 

* -3.31% ** ** -0.25% 
  

(0,170)  -2.35% 
  

-4.95% * *** -5.43% *** ** -1.16% 
  

-2.14% 
  

-4.94% * *** -5.80% *** *** -1.18% 
  

S
p

li
t-

o
rd

er
 d

ea
ls

 (
n

=
2

1
8

7
) 

(-20,0)  -3.19% *** *** -0.15% 
  

0.59% 
  

0.91% *** *** -3.26% *** *** -0.02% 
  

0.81% 
  

0.81% *** *** 

(-10,0)  -2.60% *** *** 0.18% 
  

0.82% ** 
 

0.44% *** ** -2.72% *** *** 0.15% * 
 

0.94% *** 
 

0.42% ** * 

(0,0)  -0.12% *  0.05% *  0.67% ***  -0.15% ** ** -0.29% ***  0.00%   0.52% ***  -0.02%   

(0,1)  0.03% 
  

0.08% * 
 

0.89% *** 
 

-0.15% ** ** 0.10% 
  

-0.04% 
  

0.77% *** 
 

-0.07% 
  

(0,2)  0.22% 
  

0.04% 
  

1.01% *** 
 

-0.17% 
 

* 0.08% 
  

-0.05% 
  

0.73% *** 
 

0.00% 
  

(0,7)  0.56% 
  

-0.03% 
  

1.12% *** * -0.14% 
  

0.42% 
  

-0.09% 
  

1.01% *** 
 

0.06% 
  

(0,8)  0.51% 
  

0.01% 
  

1.42% *** ** -0.13% 
  

0.35% 
  

-0.09% 
  

1.10% *** 
 

0.06% 
  

(0,10)  0.38% 
  

-0.01% 
  

1.45% *** ** -0.05% 
  

0.25% 
  

-0.11% 
  

1.12% *** 
 

-0.01% 
  

(0,30)  -0.28% 
  

-0.14% 
  

1.19% 
  

-0.31% 
  

-0.14% 
  

-0.26% 
  

0.97% 
  

-0.15% 
  

(0,60)  -0.01% 
  

-0.75% 
  

1.19% 
  

0.39% 
  

0.00% 
  

-0.77% 
  

0.94% 
  

0.33% 
  

(0,120)  0.94% 
  

-1.04% 
  

-0.28% 
  

0.04% 
  

0.55% 
  

-1.10% 
 

* -0.68% 
  

0.07% 
  

(0,170)  1.75% 
 

* -1.74% 
 

** -2.08% 
  

-0.71% 
  

1.72% 
  

-1.88% 
 

** -2.55% 
  

-0.71% 
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Appendix 4.D Cumulated Average Abnormal Returns (CAARs) test results around trading and announcement events using wider event 

windows using varying estimations of alphas and betas 

Test results of the significance of CAARs using GMTP z-test (parametric test) that accounts for overlapping events and GRANK t-test (non-parametric test) are presented in this table. 

‘DP’ stands for discretionary purchases, ‘NDP’ for non-discretionary purchases, ‘DS’ for discretionary sales, and ‘NDS’ for non-discretionary sales ; (1) GMTP z-test, (2) GRANK t-

test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 

 
     Trading event Announcement event 

     DP NDP DS NDS DP NDP DS NDS 

   Event windows CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) 

W
h

o
le

 s
a

m
p

le
  

 (-130,0) -4.51% *** *** -1.25% 
 

*** 1.14% 
  

-0.22% 
  

-4.45% *** *** -1.24%   *** 1.33%     -0.10%     

 (-10,0) -1.74% *** *** 0.10% 
  

0.48% ** 
 

0.48% *** *** -1.81% *** *** 0.11%     0.50% **   0.39% ** * 

 (0,10) 0.00% 
  

-0.04% 
  

0.40% 
  

-0.19% 
 

* -0.01%     -0.07%     0.25%     -0.15%     

 (0,20) -0.04% 
  

-0.02% 
  

0.10% 
  

-0.30% 
 

* 0.06%     -0.13%     -0.08%     -0.30%   * 

 (0,60) 0.25% 
  

-0.73% 
 

*** -1.09% 
 

** -0.07% 
  

0.37%     -0.70%   ** -1.30% * *** -0.09%     

 (0,120) 1.78% 
 

* -0.95% 
 

*** -3.62% *** *** -0.64% 
  

1.67%     -0.95%   *** -3.93% *** *** -0.71%     

 (0,200) 1.95% 
  

-1.71% 
 

*** -6.42% *** *** -1.64% 
 

** 1.99%     -1.75%   *** -6.66% *** *** -1.60%   * 

 (0,300) 2.44% 
  

-2.58% 
 

*** -8.35% *** *** -3.19% 
 

*** 2.47%     -2.56%   *** -8.49% *** *** -3.15%   *** 

 (0,400) 0.39% 
  

-2.99% 
 

*** -6.70% ** *** -3.81% 
 

*** 0.44%     -3.05%   *** -7.05% ** *** -3.81%   *** 

 (0,500) 0.75% 
  

-3.27% 
 

*** -5.38% 
 

*** -4.51% 
 

*** 0.72%     -3.37%   *** -5.65%   *** -4.33%   *** 

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 

 (-130,0) -3.74% ** *** -0.64% 
  

3.07% ** ** 0.32% 
  

-3.69% ** *** -0.55%     3.21% ** *** 0.54%     

 (-10,0) -1.14% *** *** 0.02% 
  

0.37% 
  

0.79% *** ** -1.14% *** *** 0.07%     0.29%     0.48% **   

 (0,10) -0.19% 
  

0.10% 
  

-0.46% 
 

* -0.38% 
 

* -0.12%     0.08%     -0.47% * * -0.24%     

 (0,20) 0.00% 
  

0.29% 
  

-0.72% * ** -0.40% 
  

0.18%     0.27%     -0.95% ** *** -0.35%     

 (0,60) 0.24% 
  

-0.56% 
  

-2.45% *** *** -0.51% 
  

0.41%     -0.56%     -2.64% *** *** -0.45%     

 (0,120) 2.02% 
 

* -1.33% 
  

-5.42% *** *** -0.07% 
  

2.10%   ** -1.28%     -5.62% *** *** -0.33%     

 (0,200) 0.77% 
  

-2.48% 
 

* -7.32% *** *** -1.11% 
  

0.87%     -2.73%   ** -7.48% *** *** -1.08%     

 (0,300) 2.26% 
  

-3.81% 
 

*** -10.44% *** *** -2.75% 
 

** 2.48%     -3.98%   *** -10.48% *** *** -2.57%   * 

 (0,400) -0.08% 
  

-4.67% 
 

*** -9.44% *** *** -3.44% 
 

* -0.05%     -4.74%   *** -9.50% *** *** -3.36%   * 

 (0,500) -0.41% 
  

-2.70% 
 

** -8.31% ** *** -4.48% 
 

** -0.28%     -2.98%   ** -8.37% ** *** -4.42%   ** 

S
p

li
t-

o
rd

er
 d

ea
ls

 

 (-130,0) -5.58% *** *** -1.39% * *** -0.39% 
  

-0.44% 
  

-5.50% *** *** -1.39% * *** -0.16%     -0.34%     

 (-10,0) -2.58% *** *** 0.11% 
  

0.56% * 
 

0.36% ** 
 

-2.74% *** *** 0.12%     0.67% **   0.35% *   

 (0,10) 0.26% 
  

-0.07% 
  

1.08% *** 
 

-0.11% 
  

0.14%     -0.11%     0.82% **   -0.12%     

 (0,20) -0.09% 
  

-0.09% 
  

0.75% 
  

-0.26% 
  

-0.10%     -0.22%     0.60%     -0.28%     

 (0,60) 0.28% 
  

-0.77% * *** 0.00% 
  

0.10% 
  

0.32%     -0.73%   ** -0.23%     0.06%     

 (0,120) 1.43% 
  

-0.86% 
 

*** -2.19% 
 

*** -0.86% 
  

1.07%     -0.87%   *** -2.60% * *** -0.86%     

 (0,200) 3.59% 
  

-1.53% 
 

*** -5.71% *** *** -1.85% 
  

3.54%     -1.52%   *** -6.00% *** *** -1.81%     

 (0,300) 2.68% 
  

-2.30% 
 

*** -6.70% ** *** -3.36% 
 

*** 2.46%     -2.24%   *** -6.92% ** *** -3.38%   *** 

 (0,400) 1.05% 
  

-2.61% 
 

*** -4.53% 
 

** -3.95% 
 

*** 1.12%     -2.66%   *** -5.11%   *** -3.99%   *** 

 (0,500) 2.35% 
  

-3.40% 
 

*** -3.06% 
  

-4.53% 
 

*** 2.11%     -3.46%   *** -3.48%   * -4.30%   *** 
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Appendix 4.E Cumulated Average Abnormal Returns (CAARs) test results around trading and announcement events using non-confounding 

sub-samples with the proposed classification method of discretionary versus non-discretionary deals 

Test results of the significance of CAARs using GMTP z-test (parametric test) and GRANK t-test (non-parametric test) are presented in this table. ‘‘DP’ stands for discretionary purchases, ‘NDP’ for non-

discretionary purchases, ‘DS’ for discretionary sales, and ‘NDS’ for non-discretionary sales ; (1) GMTP z-test, (2) GRANK t-test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 

      DP NDP DS NDS 

  Event window s CAARs n (1) (2) CAARs n (1) (2) CAARs n (1) (2) CAARs n (1) (2) 

W
h

o
le

 s
a

m
p

le
 

(-20,0)  -0.95% 170 *** ** -0.33% 586     0.93% 89     1.07% 178 *** ** 

(-10,0)  -0.94% 206 *** *** 0.10% 848     0.38% 112     0.32% 238     

(0,0)  -0.11% 484 **   0.07% 1618 **   0.38% 353 ***   -0.10% 653 ** ** 

(0,1)  -0.05% 303     0.10% 1127 **   0.21% 174     -0.14% 401 * ** 

(0,2)  0.10% 283     0.07% 1080     0.38% 159     -0.18% 371   ** 

(0,7)  -0.18% 226     0.03% 906     0.11% 126     -0.23% 273   * 

(0,8)  -0.28% 215     0.01% 875     0.15% 121     -0.25% 263   ** 

(0,10)  -0.47% 206     -0.06% 848     0.31% 112     -0.02% 238     

(0,30)  -1.06% 127     0.10% 454     -0.21% 67     -1.18% 152 * ** 

(0,60)  0.14% 88     -0.76% 313 *   -0.62% 40     -1.40% 103     

(0,120)  -1.98% 62     -1.46% 194 **   -5.80% 26 ** * -1.39% 55     

(0,170)  -2.67% 49     -2.54% 135 *   -2.57% 30     -4.12% 45 ** ** 

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 

(-20,0)  -0.27% 113     -0.39% 133     1.24% 46     0.79% 41     

(-10,0)  -0.65% 141 *** *** 0.14% 185     0.35% 56     0.70% 58     

(0,0)  -0.10% 281     0.14% 300 *   0.08% 156     0.05% 184     

(0,1)  -0.17% 202     0.20% 234 *   -0.04% 90     -0.19% 116     

(0,2)  -0.08% 187     0.13% 226     0.06% 82     -0.29% 108     

(0,7)  -0.42% 155     0.34% 201 *   -0.47% 67     -0.67% 72 * * 

(0,8)  -0.57% 147 *   0.31% 192 *   -0.58% 62     -0.63% 67   * 

(0,10)  -0.88% 141 **   0.37% 185     -0.46% 56     -0.54% 58     

(0,30)  -0.48% 84     0.78% 111     -0.97% 29   * -0.97% 39     

(0,60)  0.27% 61     -0.18% 70     -0.76% 21     -0.06% 22     

(0,120)  -1.69% 39     -3.99% 44     -13.06% 11 *** *** 3.34% 12     

(0,170)  -0.59% 32     -1.61% 32     -13.31% 11 ** ** -7.55% 11 * * 

S
p

li
t-

o
rd

er
 d

ea
ls

 

(-20,0)  -2.30% 57 *** ** -0.32% 453     0.59% 43     1.15% 137 *** *** 

(-10,0)  -1.56% 65 *** ** 0.09% 663     0.40% 56     0.19% 180     

(0,0)  -0.14% 203 **   0.05% 1318     0.62% 197 ***   -0.15% 469 ** ** 

(0,1)  0.20% 101     0.07% 893     0.49% 84     -0.12% 285   ** 

(0,2)  0.43% 96     0.06% 854     0.73% 77     -0.14% 263   ** 

(0,7)  0.33% 71     -0.06% 705     0.76% 59     -0.08% 201     

(0,8)  0.36% 68     -0.07% 683     0.92% 59     -0.13% 196     

(0,10)  0.42% 65     -0.18% 663     1.09% 56     0.15% 180     

(0,30)  -2.18% 43 ** ** -0.12% 343     0.37% 38     -1.25% 113   * 

(0,60)  -0.17% 27     -0.93% 243 *   -0.46% 19     -1.77% 81     

(0,120)  -2.47% 23     -0.72% 150 *   -0.47% 15     -2.71% 43     

(0,170)  -6.57% 17 ** * -2.83% 103 **   3.64% 19     -3.01% 34 *   
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Appendix 4.F CAARs using non-confounding sub-samples with the classification method of opportunistic versus routine deals 

This table presents the test results of the significance of CAARs using GMTP z-test (parametric test) that accounts for overlapping events and GRANK t-test (non-parametric test) 

using opportunistic versus routine classification, applying on the non-confounding sub-samples. ‘R.P’ = routine purchases, ‘O.P’ = opportunistic purchases, ‘R.S’= routine sales, and 

‘O.S’ = opportunistic sales; (1) GMTP z-test, (2) GRANK t-test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively.  
  Trading events using the whole sample Trading events using non-confounding sub-samples 

     O.P R.P O.S R.S  O.P R.P O.S R.S 

  Event windows n CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) CAARs (1) (2) n CAARs (3) (2) CAARs (3) (2) CAARs (3) (2) CAARs (3) (2) 

W
h

o
le

 s
am

p
le

 (
n

=
 3

1
0
8

) 

(-20,0) 3108 -1.39% *** *** -0.31% * * 0.64% ** * 0.34%   1023 -0.99% *** ** -0.20%   1.20% *** *** 0.49%   

(-10,0) 3108 -0.71% *** *** 0.03%   0.69% *** *** -0.11%   1404 -0.44% *** ** 0.05%   0.63% ** ** -0.46%   

(0,0) 3108 -0.06% **  0.07% **  0.10% *  0.00%   3108 -0.06% **  0.07% **  0.10% *  0.00%   

(0,1) 3108 0.02%   0.08% *  0.06%   0.03%   2005 0.05%   0.07%   -0.06% * ** 0.04%   

(0,2) 3108 0.06%   0.04%   0.05%   -0.02%   1893 0.12%   0.06%   0.02%   -0.11%   

(0,7) 3108 0.21%   -0.11%   -0.10%  ** -0.06%   1531 0.01%   -0.03%   -0.30% ** ** 0.37%   

(0,8) 3108 0.22%   -0.11%   -0.02%  * 0.01%   1474 -0.04%   -0.05%   -0.33% ** ** 0.48%   

(0,10) 3108 0.10%   -0.14%   -0.01%   0.19%   1404 -0.12%   -0.15%   -0.03%   0.39%   

(0,30) 3108 -0.23%   -0.33%   -0.56% ** *** -0.44%   800 -0.35%   -0.05%   -1.12% ** *** -0.17%   

(0,60) 3108 -0.57%   -1.03% ** *** -0.62%  * -0.24%   544 -0.09%   -0.82%   -0.97%   -1.87%   

(0,120) 3108 -0.39%   -1.79% ** *** -2.08% ** *** -0.81%   337 -2.26%   -1.13%   -3.10% *  -1.70%   

(0,170) 3108 -1.51%   -2.51% *** *** -4.19% *** *** -1.41%   259 -1.97%   -2.97% **  -5.36% *** ** 5.36%   

N
o

n
-s

p
li

t-
o

rd
er

 d
ea

ls
 (

n
=

9
2
1

) 

(-20,0) 921 -1.22% *** *** -0.38%   0.63% *  -0.20%   333 -0.49%   -0.17%   1.31% ** * -1.77%  * 

(-10,0) 921 -0.54% *** ** -0.05%   0.85% *** *** -0.77%   440 -0.07%   -0.32%   0.65%  * -0.76%   

(0,0) 921 0.00%   0.05%   0.09%   -0.14%   921 0.00%   0.05%   0.09%   -0.14%   

(0,1) 921 -0.01%   0.09%   -0.07%   -0.22%   642 -0.02%   0.08%   -0.15%   0.10%   

(0,2) 921 -0.01%   0.05%   -0.16%   -0.36%   603 -0.05%   0.11%   -0.14%   -0.10%   

(0,7) 921 -0.09%   0.13%   -0.36% * ** -1.47% *** *** 495 -0.41%   0.41% *  -0.50% *  -1.22%  * 

(0,8) 921 -0.13%   0.08%   -0.36%  * -1.26% ** *** 468 -0.54%   0.39% *  -0.56% *  -0.98%   

(0,10) 921 -0.31%   0.13%   -0.35%  ** -0.98% * ** 440 -0.64% *  0.27%   -0.43%   -1.18%   

(0,30) 921 -0.22%   -0.15%   -0.95% ** *** -1.99% ** *** 263 -0.35%   0.86%   -0.92%  * -1.83%   

(0,60) 921 -0.72%   -0.58%   -1.60% ** *** -0.80%   174 -0.40%   0.45%   -0.25%   -3.43%   

(0,120) 921 -0.01%   -2.00%  * -3.27% *** *** -0.14%   106 -1.73%   -4.30%   -4.63% * * -1.64%  * 

(0,170) 921 -1.12%   -3.01% * ** -5.89% *** *** 0.09%   86 -2.78%   0.68%   -10.43% *** ** NA NA NA 
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(-20,0) 2187 -1.51% *** *** -0.29%   0.65% **  0.44%   690 -1.44% *** ** -0.21%   1.12% ** ** 0.80%   

(-10,0) 2187 -0.82% *** *** 0.05%   0.58% ***  0.01%   964 -0.77% *** * 0.17%   0.62% *  -0.43%   

(0,0) 2187 -0.10% **  0.08% **  0.10%   0.02%   2187 -0.10% **  0.08% **  0.10%   0.02%   

(0,1) 2187 0.04%   0.07%   0.15%   0.08%   1363 0.12%   0.07%   0.01%  * 0.03%   

(0,2) 2187 0.10%   0.04%   0.20%   0.05%   1290 0.27%   0.04%   0.15%   -0.11%   

(0,7) 2187 0.41% *  -0.17% *  0.08%   0.20%   1036 0.40%   -0.16%   -0.16%   0.63% *  

(0,8) 2187 0.47% *  -0.16%   0.21%   0.24%   1006 0.40%   -0.18%   -0.18%  * 0.75% **  

(0,10) 2187 0.37%   -0.20% *  0.22%   0.40%   964 0.35%   -0.28%   0.25%   0.57% *  

(0,30) 2187 -0.23%   -0.38%   -0.29%  * -0.16%   537 -0.36%   -0.35%   -1.25% * ** -0.04%   

(0,60) 2187 -0.46%   -1.14% *** *** 0.04%   -0.13%   370 0.19%   -1.25% **  -1.40%   -1.77%   

(0,120) 2187 -0.65%   -1.73% ** *** -1.28%  * -0.93%   231 -2.67% *  -0.08%   -2.29%   -1.70%   

(0,170) 2187 -1.78%  * -2.39% ** *** -3.04% ** * -1.68%   173 -1.31%   -4.39% *** * -2.57%   5.36%   
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Appendix 4.G CAARs around trading events considering both methods of classifying deals using non-confounding sub-samples 

Test results of the significance of CAARs for three groups of deals (A) Discretionary and Opportunistic; (B) Discretionary and Routine; (C) Non-

discretionary and Opportunistic; and test of mean differences between group A and group B and between group A and group C. (1) GMTP z-test, (2) 

GRANK t-test; ***, **, and * denote significance at 0.01, 0.05, and 0.1, respectively. 
  Discretionary and Opportunistic 

(A) 

Discretionary and Routine (B) Non-discretionary and Opportunistic 

(C) 

Mean Difference (A-B) Mean Difference (A-C) 

     Purchases Sales  Purchases Sales  Purchases Sales Purchases t-test Sales t-test Purchases t-test Sales t-test 

  

Event  

Windows 

n CAARs (1) (2) CAARs (1) (2) n CAARs (1) (2) CAARs (1) (2) n CAARs (1) (2) CAARs (1) (2)         

W
h

o
le

 s
am

p
le

 (
n

=
 3

1
0
8

) 

(-20,0) 401 -0.87% *** *** 1.14% *** ** 57 -0.86%   -2.33% * * 401 0.05%   0.46%   -0.01% -0.007 3.47% 2.572 ** -0.92% -0.896 0.68% 1.123 

(-10,0) 452 -0.62% *** *** 0.62% ** ** 62 -0.70%   -0.65%   456 0.40%   0.73% *** ** 0.08% 0.072 1.27% 1.383 -1.02% -1.346 -0.12% -0.307 
(0,0) 751 -0.10% **  0.38% ***  86 -0.24%   0.37%   758 -0.01%   -0.12% *** ** 0.19% 0.648 0.25% 0.082 -0.01% -0.608 0.71% 4.078 *** 

(0,1) 536 -0.03%   0.16%   66 -0.22%   0.56%   552 0.10%   -0.27% *** *** 0.20% 0.523 -0.40% -1.272 -0.13% -0.743 0.44% 2.74 *** 

(0,2) 519 0.15%   0.28%   65 -0.38%   0.26%   535 -0.09%  * -0.31% ** *** 0.53% 1.158 0.01% 0.039 0.24% 1.118 0.58% 2.719 *** 
(0,7) 468 0.21%   -0.06%   63 -0.59%   0.23%   479 0.12%   -0.48% ** ** 0.80% 1.254 -0.29% -0.447 0.09% 0.229 0.42% 1.241 

(0,8) 462 0.13%   -0.08%   63 -0.65%   0.32%   473 0.22%   -0.47% ** ** 0.79% 1.219 -0.40% -0.495 -0.09% -0.219 0.39% 1.087 

(0,10) 452 -0.04%   0.00%   62 -0.56%   -0.16%   456 0.03%   -0.38%   0.52% 0.739 0.15% 0.172 -0.06% -0.155 0.37% 1 
(0,30) 357 -0.29%   -0.44%  ** 56 -1.40%   -1.00%   357 -0.18%   -0.93% * * 1.11% 0.767 0.56% 0.373 -0.11% -0.126 0.49% 0.654 

(0,60) 291 -0.28%   -0.34%   54 0.24%   -2.52%   278 -1.22%   -0.57%   -0.52% -0.258 2.19% 0.743 0.94% 0.694 0.24% 0.197 

(0,120) 224 -0.12%   -2.29%   50 -3.49% * ** -3.72%   206 -2.95% * * -1.16%   3.37% 1.18 1.43% 0.368 2.83% 1.096 -1.12% -0.463 
(0,170) 187 0.88%   -4.05% *** * 48 -4.40%  ** -5.28%   180 -5.15% ** * -4.91% *** * 5.28% 1.446 1.23% 0.267 6.03% 1.58 0.86% 0.281 

N
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ea

ls
 (

n
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9
2
1
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(-20,0) 237 -0.51% *  1.13% ** * 33 -0.31%   1.28%   115 0.42%   0.75%   -0.20% -0.109 -0.15% -0.062 -0.93% -0.549 0.38% 0.417 

(-10,0) 286 -0.32% ** * 0.53%   38 -0.21%   -0.27%   128 0.72%   1.23% ** ** -0.11% -0.087 0.80% 0.39 -1.04% -0.978 -0.70% -1.133 
(0,0) 392 -0.01%   0.07%   45 -0.66% *** ** 0.28%   218 0.04%   0.11%   0.005426 1.345 -0.56% -1.495 -0.03% -0.11 0.10% 0.5 

(0,1) 320 -0.12%   -0.07%   39 -0.58% *  0.52%   163 0.25%   -0.26% *  0.47% 1.006 -0.60% -1.343 -0.37% -1.367 0.18% 0.778 

(0,2) 310 -0.02%   -0.03%   39 -0.75% ** * 0.02%   157 -0.53%  * -0.39%  * 0.73% 1.285 -0.05% -0.093 0.51% 1.465 0.36% 1.266 
(0,7) 281 -0.15%   -0.52% * * 39 -0.36%   -0.60%   135 -0.66%   -0.47%   0.21% 0.295 0.08% 0.065 0.51% 0.739 -0.06% -0.114 

(0,8) 277 -0.21%   -0.59% * * 39 -0.28%   -1.01%   131 -0.55%   -0.45%   0.07% 0.095 0.42% 0.232 0.33% 0.459 -0.14% -0.27 

(0,10) 286 -0.39%   -0.61% * ** 38 -0.27%   -2.25%   128 -0.85%   -0.54%   -0.13% -0.151 1.64% 0.787 0.46% 0.597 -0.06% -0.118 
(0,30) 206 -0.22%   -0.99% * ** 32 -1.47%   -2.59%   103 -0.37%   -0.81%   1.25% 0.656 1.59% 0.455 0.15% 0.089 -0.18% -0.155 

(0,60) 172 -1.11%   -0.46%   30 2.19%   -5.20%   83 0.96%   -0.60%   -3.30% -1.277 4.73% 0.872 -2.07% -0.916 0.14% 0.076 

(0,120) 134 -1.60%   -2.60% *  28 -0.97%   -7.74%   65 3.14%   -0.45%   -0.63% -0.181 5.13% 0.877 -4.74% -1.081 -2.15% -0.666 
(0,170) 104 -1.93%   -5.07% **  26 -2.90%   -12.07% ** *** 52 2.36%   -5.27%   0.97% 0.207 7.00% 1.441 -4.29% -0.781 0.20% 0.042 
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(-20,0) 164 -1.52% *** ** 1.15%   24 -1.98%   -4.30% *** *** 286 -0.05%   0.30%   0.46% 0.153 5.45% 3.846 *** -1.48% -1.155 0.85% 0.941 

(-10,0) 184 -1.17% *** ** 0.71% * * 24 -1.90%   -0.86%   328 0.32%   0.47% *  0.72% 0.292 1.57% 1.609 -1.49% -1.72 * 0.24% 0.461 

(0,0) 359 -0.21% ***  0.64% ***  41 0.52% *  0.41%   540 -0.02%   -0.26% *** *** -0.42% -0.977 0.47% 1.068 -0.13% -0.491 1.19% 4.291 *** 
(0,1) 216 0.14%   0.42% *  27 0.69%   0.58%   389 0.03%   -0.26% ** ** -0.55% -0.962 -0.16% -0.363 0.08% 0.32 0.71% 2.953 *** 

(0,2) 209 0.47%   0.61% *  26 0.55%   0.38%   378       -0.08% -0.104 0.23% 0.434 0.44% 1.326 0.87% 2.504 ** 

(0,7) 187 0.90%   0.43%   24 -1.19%   0.69%   344 0.33%   -0.49% * ** 2.09% 1.516 -0.26% -0.334 0.57% 1.033 0.91% 1.957 * 
(0,8) 185 0.81%   0.46%   24 -1.59%   1.04%   342 0.42%   -0.48% * * 2.39% 1.827 * -0.59% -0.767 0.39% 0.711 0.94% 1.891 * 

(0,10) 184 0.62%   0.63%   24 -1.28%   0.99%  ** 328 0.25%   -0.29%   1.91% 1.48 -0.36% -0.571 0.37% 0.655 0.91% 1.707 * 

(0,30) 151 -0.41%   0.13%   24 -1.27%   -0.14%   254 -0.13%   -0.99% *  0.86% 0.389 0.27% 0.182 -0.28% -0.256 1.12% 1.106 
(0,60) 119 1.15%   -0.20%   24 -3.38%   -1.07%   195 -1.81%   -0.56%   4.52% 1.535 0.87% 0.242 2.96% 1.682 * 0.36% 0.219 

(0,120) 90 2.38%   -1.89%   22 -7.75% ** ** -1.04%   141 -4.60% ** ** -1.62%   10.12% 2.13 ** -0.85% -0.153 6.98% 1.904 * -0.27% -0.068 

(0,170) 83 4.85%   -2.98% *  22 -6.71%   -0.75%   128 -7.33% *** ** -4.73% *** ** 11.56% 1.98 * -2.23% -0.325 12.18% 2.37 ** 1.75% 0.398 
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CHAPTER 5 

ADVERSE SELECTION COSTS ON DIRECTOR TRADING AND 

ANNOUNCEMENT DAYS  

5.1 Introduction 

The previous chapter analyses the overall short-term and long-term price effect around 

the events of UK director deals and the public announcement of their deals by examining 

the accumulated stock abnormal returns from 20 days before to 170 days after these 

events. It identified a set of UK director deals that are more informed than the others. 

Discretionary deals are in general more informative than non-discretionary deals, except 

that non-discretionary sales are associated with short-term overpricing more than 

discretionary sales, while the latter are associated with more negative long-term price 

trends. Thus, it is reasonable to consider discretionary purchases, discretionary sales and 

non-discretionary sales as informed deals, while non-discretionary purchases are not. 

Non-split-order discretionary sales are more informative than split-order discretionary 

sales. Split-order discretionary purchases are associated with deeper short-term 

underpricing than non-split-order discretionary purchases, and hence are considered as 

more informed. With such identification of more-informed deals, this chapter focuses on 

the information asymmetry level on director trading and announcement days. This chapter 

uses standard microstructure measures of adverse selection and illiquidity costs to 

examine whether there is higher asymmetric information (evidenced by higher adverse 

selection and illiquidity costs) on days of informed deals and whether there is lower 

asymmetric information on announcement days. To investigate whether the higher 

(lower) information asymmetry is due to director trading (announcement), this chapter 

compares the measures on the days of director trading (announcement) with those on a 

control group of comparable days. 

 

There are two main streams of microstructure theory on price discovery behaviour: 

asymmetric information models and inventory models (Omoruyi and Isibor, 2017). 

Asymmetric information models rely on market dynamic and price adjustment processes 

utilising understanding from the asymmetric information and adverse selection theory, 

while inventory models optimise the profit/cost of liquidity suppliers under a risk aversion 

assumption (Omoruyi and Isibor, 2017).  
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Microstructure models also attempt to decompose the bid-ask spread into separate 

components, namely, adverse selection costs, inventory holding costs, and order 

processing costs. Adverse selection costs reflect the risk of trading with informed traders; 

inventory holding costs reflect the costs of holding a less than fully diversified portfolio; 

and order processing costs reflect the costs of performing transactions (Heflin and Shaw, 

2001). While order processing costs are easier to estimate, inventory holding and adverse 

selection costs are difficult to distinguish  because quotes update to trades in the same 

direction under both (Huang and Stoll, 1997). Therefore, an adverse selection measure 

might also include inventory effects if the model does not directly consider the inventory 

holding costs separately (Huang and Stoll, 1997). Heflin and Shaw (2001) find important 

evidence that both adverse selection and inventory holding costs are inversely related to 

depth quotes and that the relationship is stronger for adverse selection costs. This finding 

implies that there is a relationship, which is not perfectly positive, between the two 

components.  

 

Regarding inventory holding costs, a trade might increase or decrease the inventory 

holding costs and this depends on the current inventory level of a dealer and his optimal 

level of inventory. In the practical context of trading, a trade might be beneficial if it adds 

liquidity to the market, thus reduces the inventory holding costs. In this sense, the 

inventory holding costs can be interpreted as illiquidity costs, which is more appropriate 

in nowadays order book trading mechanisms that do not require a dealer. Within the 

empirical literature, there is evidence in Collin-Dufresne and Fos (2015) and Small, 

Wansley and Hood (2012) that most adverse selection measures capture not only pure 

informational asymmetry costs but also illiquidity costs. In addition, there is mixed 

evidence on whether adverse selection measures can capture informed trading (Van Ness, 

Van Ness and Warr, 2001; Collin-Dufresne and Fos, 2015). Therefore, this chapter does 

not rely on one particular measure; rather it reexamines all measures mentioned in these 

two studies and uses these two studies as benchmarks for cross-comparison. Section 5.2 

reviews the eleven adverse selection and illiquidity measures that are used in this chapter. 

 

Three sub-samples are used in this analysis: the sample of days of UK director detected 

trading events, the sample of days of UK director undetected trading events, and the 

sample of days of the announcement events of UK director deals. For these three samples, 

where a deal is detected its related trades’ exact timestamp is available. The first and the 

second are equivalent to the non-split-order and the split-order sub-samples that are used 
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in the first empirical analysis of Chapter 4. Details of collection and the descriptions of 

these samples are documented in Sub-section 3.6.1 of Chapter 3. The three sub-samples 

are treated to eliminate any contaminating effects of similar trading or announcement 

events in a similar manner of treating the non-confounding event sub-samples in Chapter 

4. The non-confounding events sub-samples in Chapter 4 are for the event study analysis 

and are designed to cover different event window lengths, ranging from one day to 170 

days. The larger the window length, the smaller the size of the non-confounding sub-

sample. This chapter, due to its research objectives of estimating average asymmetric 

information level on particular days, only needs to consider confounding effects within 

one day. As a result, the three samples used in this chapter are equivalent to non-

confounding sub-samples of a one-day window in Chapter 4. The analysis compares the 

measures on the event days with those of the average of five comparable days to scrutinise 

whether or not the effects are significantly abnormal. Comparable days are defined as 

consecutive same-weekdays prior to, or following, the event dates. The analysis relies 

more on comparable days before the event day and only use comparable days after the 

event day when it is impossible to select suitable comparable days before the event day 

within the available data range. 

 

It is expected that adverse selection costs to be lower on the announcement days because 

there is a revelation of public information, hence a reduction in adverse selection costs is 

expected. On the announcement day, it is reasonable to expect that the arrival of public 

information affects the adverse selection costs only and not the illiquidity costs as no 

actual director trades take place. A significantly lower adverse selection measure on the 

announcement days implies that the measure is not significantly contaminated by the 

illiquidity (or inventory holding) costs. If a measure is not successful in showing lower 

adverse selection cost on the announcement days, it might be largely contaminated by the 

illiquidity costs. This is because either illiquidity costs or the interaction between adverse 

selection and illiquidity costs is not separated explicitly in the model that derives the 

particular measure at hand. 

 

In contrast to the announcement days, it is expected that director trades might have effects 

on both adverse selection costs and illiquidity costs on their trading days. The effects on 

these two components, however, are not necessarily in the same direction. While the 

adverse selection costs increase due to private information arrival, associated illiquidity 

costs can increase or decrease depending on the position of market participants. If the 
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market is currently less liquid, a director trade might supply liquidity to the market and 

help reduce illiquidity costs. Overall, higher adverse selection costs on days of informed 

deals, consisting of discretionary purchases, discretionary sales and non-discretionary 

sales, are expected, but it is conjectured that the evidence will be mixed as most measures 

do not exclude illiquidity costs completely. Chapter 4 shows that discretionary sales are 

more informative than discretionary purchases on a long-term basis, but not on a short-

term basis. It also shows general evidence that the market is more efficient to good news 

(i.e., director discretionary purchases) than to bad news (i.e., director discretionary sales). 

Accordingly, it is expected that the adverse selection costs are higher on days with both 

discretionary purchases and discretionary sales, but much higher on days with 

discretionary purchases.  

 

The previous chapter shows that undetected (i.e., stealth trading) discretionary purchases 

are more short-term informative (in terms of underpricing timing) than detected (i.e., non-

stealth trading) discretionary purchases. It also shows that detected (i.e., non-stealth 

trading) discretionary sales are more long-term informative (in terms of expected future 

negative information) than undetected (i.e., stealth trading) discretionary sales. With this 

connection to the previous chapter, therefore, higher adverse selection costs are expected 

on days that discretionary purchases are undetected compared to days when they are 

detected. Similarly, this analysis expects higher adverse selection costs on days that 

discretionary sales are detected, compared to days when they are undetected. It is also 

reasonable to expect different behaviour of adverse selection costs on days that directors 

sell discretionarily (with non-stealth trading) compared to days when they purchase 

discretionarily (with stealth trading), because the former is associated with implied 

negative private information while the latter is associated with short-term underpricing. 

In terms of the private information signal, discretionary sales carry more information, but 

in terms of the longevity of information, discretionary sales are much more long-lived 

than discretionary purchases. This means that discretionary purchases should be more 

easily uncovered by the market than discretionary sales. Examining these two groups of 

deals can shed light on whether the market can discover the stronger private information 

signal of discretionary sales or the short-term underpricing signal of discretionary 

purchases only. 

 

This chapter also investigates any differences between upstairs and downstairs market 

deals in terms of their daily informational asymmetry level. For the sample of non-split-
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order (i.e., detected) deals, the data tells us whether the deal is executed downstairs as an 

automatic trade or upstairs as an ordinary or a negotiated trade. It is also reasonable to 

assume that all split-order deals are executed downstairs.38 Therefore, higher adverse 

selection costs are expected on days of upstairs trades than on days of downstairs trades, 

especially the days of informed deals (i.e., discretionary sales, non-discretionary sales, 

and discretionary purchases). This conjecture is consistent with the ability of the upstairs 

market to screen and monitor informative trades (Seppi, 1990; Madhavan, Richardson 

and Roomans, 1997; Smith, Turnbull and White, 2001). 

 

In addition, the data allows the study whether the pre-trade transparency requirement 

plays any role in assisting the market to recognise informed trades. Upstairs trades made 

by UK directors are flagged as either ordinary trades, which are subject to the pre-trade 

transparency requirement, or negotiated trades, which are not subject to the pre-trade 

transparency requirement. By examining the differences in the adverse selection costs 

between days of ordinary and days of negotiated director trades, this study could clarify 

if this feature of the market microstructure benefits the market. 

 

All measures of adverse selection costs that are considered in this chapter require 

transaction data for estimation. The window over which transaction data is utilised for 

such estimation in prior studies varies from days, months, to years. More recent papers 

(e.g., Van Ness, Van Ness and Warr, 2001; Collin-Dufresne and Fos, 2015) use a one-

day window. Therefore, this analysis also estimates measures using one-day data in order 

to provide a relevant comparison with these studies. The chapter starts with estimating 

and analysing simple statistics of the transaction data over event days and then extends 

the analysis to examine daily adverse selection measures using one-day transaction data. 

This is followed by a regression analysis to investigate the dependence of these measures 

on other fundamental variables. However, the use of one-day transaction data might under 

or over-estimate the actual costs of adverse selection because of diluting or contaminating 

effects from other non-director informed or uninformed trades that occur on the same day. 

Consequently, the analysis is extended further by looking at the same measures computed 

 
38 For any trading day, the number of upstairs trades is far less compared to the number of downstairs trades. 

Although there is a problem in searching smaller downstairs trades that add up the disclosed deals as there 

are too many downstairs trades, there is no such a problem in searching upstairs trades assuming that 

directors only use the upstairs market for their stealth-trading strategy. In an attempt to detect if UK 

directors split their deals and execute all smaller orders on the upstairs market, no such combinations of 

upstairs trades are found for the deals that are identified as split-order deals in Chapter 4. Hence this analysis 

assumes that all split-order deals to be executed downstairs. 
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from one-hour, as opposed to one-day, transaction data to study if the use of more focused 

one-hour transaction data can capture changes in adverse selection costs better than the 

one-day counterparts. 

 

The remainder of this chapter is organised as follows:  Section 5.2 discusses different 

daily trading activity measures and various measures of adverse selection costs, Section 

5.3 presents the empirical results regarding the overall daily trading activity statistics on 

the event days and on comparable days, Section 5.4 presents the empirical findings 

regarding different daily empirical estimates of adverse selection measures on the event 

days and on comparable days, Section 5.5 discusses the relationship between adverse 

selection costs and fundamental characteristics using a regression analysis, Section 5.6 

examines the empirical findings of the measures using one-hour transaction data, and 

Section 5.7 concludes the chapter. 

 

5.2 Daily trading activity and adverse selection cost measures 

This chapter examines trading activity on the trading and the announcement days of 

director deals by looking at different simple trading activity statistics and by estimating 

adverse selection measures that are commonly used in market microstructure. Sub-section 

5.2.1 summarises simple trading activity statistics that are applied in this analysis. Sub-

section 5.2.2 reviews different measures of adverse selection costs in the market 

microstructure literature. Sub-sections 5.2.3 details the data processing method used priot 

to the estimation of the measures. Sub-sections 5.2.4 to 5.2.12 present the estimation 

method for the measures used in this chapter. 

 

5.2.1 Simple statistics of trading activity 

I examine simple statistics on the overall trading activity on the event days. These focus 

on the overall trading volume and the number of trades over the day. For any event day, 

the following eight simple statistics are calculated: 

(1) Daily total volume. This is the total number of shares (in thousands of shares) traded 

per stock per day;  

(2) The number of aggregated trades. This is the total number of aggregated trades per 

stock per day. The order book trading mechanism might break up an order if it is 

required to be matched with multiple orders on the opposite side, resulting in multiple 

broken-up trades. If the opposite side is deep enough, these multiple broken-up trades 
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are likely to occur at the same timestamp. Therefore, multiple trades that have the 

same execution timestamps (that are likely to be passively broken-up) are aggregated 

into one single trade. This treatment reduces the effect of passive break-ups by 

combining broken-up trades. Sub-section 5.2.3 explains this treatment in more detail; 

(3) Average volume. This is the average number of shares per aggregated trade;  

(4) Average adjusted volume. This is the average ratio of adjusted volume per aggregated 

trade;39  

(5) Average duration. This is the average period of time (number of seconds) between 

aggregated trades;  

(6) Average adjusted duration. This is the average ratio of adjusted duration per 

aggregated trade;40  

(7) Average trading intensity. This is the average over aggregated trades over the day of 

the ratio of volume to trade duration of every trade;   

(8) Average adjusted trading intensity. This is a diurnally adjusted trading intensity ratio 

calculated for each aggregated trade, and averaged over aggregated trades over the 

day.41 

 

5.2.2 Literature review of standard adverse selection and illiquidity measures in 

market microstructure 

Beside the above eight simple measures of daily trading activities, the analysis also 

considers microstructural measures of adverse selection costs on intraday trade data. This 

section presents a review of the literature relating to measures of adverse selection costs 

that are studied in this chapter. Details on how the measures are estimated are presented 

in Sub-sections 5.2.4 to 5.2.12. 

 

According to Omoruyi and Isibor (2017) in a recent review of literature in market 

microstructure, there are two main types of microstructure models of price discovery: 

asymmetric information models and inventory models. Asymmetric information models 

rely on market dynamic and price adjustment processes using asymmetric information 

and adverse selection theories. Inventory models seek to optimise the profit/cost of risk-

averse liquidity suppliers. This thesis examines eleven microstructure measures that have 

 
39 Volume is diurnally adjusted using a cubic spline (ACDm in the R package). 
40 Duration is diurnally adjusted using a cubic spline (ACDm in the R package). 
41 Trading intensity is diurnally adjusted using a cubic spline (ACDm in the R package). 
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been studied before in Van Ness, Van Ness and Warr (2001) and Collin-Dufresne and 

Fos (2015), and uses these two studies as benchmarks for cross-checking results. The 

following six measures are calculated and estimated following Collin-Dufresne and Fos 

(2015): Kyle’s Lambda (KL), the aggregated five-minute price impact (AFPI), 

Hasbrouck's (1991b) trade-related variance ratio (TRVR), Hasbrouck's (1991a) 

cumulative impulse response (CIR), realised spread (RS), and effective spread (ES).  

Another branch of the recent literature focuses on decomposing the bid-ask spread into 

different components. The other five measures investigated in this chapter are the adverse 

selection components resulting from such decompositions. There are three main 

components of the bid-ask spread: order processing costs, inventory costs, and adverse 

selection costs.42 The adverse selection component is essential in measuring information 

asymmetry levels that can be reflected by market trading activity. The following five 

measures are estimated following Van Ness, Van Ness and Warr (2001): Glosten and 

Harris (1988) (GH1988), George, Kaul and Nimalendran (1991) (GKN1991), Lin, Sanger 

and Booth (1995) (LSB1995), Huang and Stoll (1997) (HS1997), and Madhavan, 

Richardson and Roomans (1997) (MRR1997).  

 

Some of these measures (i.e., TRVR and CIR (Hasbrouck, 1991a, 1991b); and HS1997 

(Huang and Stoll, 1997) emanate from inventory models (Omoruyi and Isibor, 2017). KL 

(Kyle, 1985) is classified as asymmetric information model in Omoruyi and Isibor (2017). 

AFPI, RS, and ES are used to measure permanent, temporary and total price impact of 

trades, respectively. They do not fall directly into one of the two types of model. By 

definition and calculation, ES is the sum of AFPI and RS. According to Glosten and Harris 

(1988), AFPI captures the cost of adverse selection to liquidity demanders. The realised 

spread (RS) measures the benefit to liquidity providers assuming that they are able to 

close their positions at the midpoint prevailing five minutes after the trade, net of losses 

to better-informed traders (Bessembinder, 1997; Collin-Dufresne and Fos, 2015). 

Although by calculation, AFPI aims to measure adverse selection costs and RS aims to 

measure illiquidity costs, there might be an interaction between these two components of 

the spread. A trade with a large permanent price impact (AFPI) might also cause liquidity 

providers to demand higher return on their liquidity supply, especially if the trade is large, 

which leads to higher RS. In addition, ES is an overall measure that adds up both the 

 
42 Ibrahim and Kalaitzoglou (2016) also have a liquidity component in an intradaily scale. 
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permanent and temporary price impacts. Accordingly, this analysis interprets ES as an 

indicator of both adverse selection and illiquidity costs.  

 

Glosten and Harris (1988) and Madhavan, Richardson and Roomans (1997) consider 

adverse selection costs simultaneously with other trading costs in a set-up based mainly 

on trade price dynamic. Therefore, GH1988 and MRR1997 can be classified as emanating 

from asymmetric information models. GKN1991 and LSB1995 are based on model 

descriptions and assumptions in George, Kaul and Nimalendran (1991) and Lin, Sanger 

and Booth (1995) that focus on mid-quote dynamics, which is more related to the gross 

profit of a dealer. Consequently, they can be classified as emanating from inventory 

models.  

 

Heflin and Shaw (2001) provide a brief definition of three different components of the 

spread: adverse selection costs reflect the risk of trading with informed traders; inventory 

holding costs reflect the costs of holding a less than fully diversified portfolio; and order 

processing costs reflect the costs of performing transactions. In Glosten and Harris (1988) 

and Madhavan, Richardson and Roomans (1997), there is a transitory spread component 

of the cost of supplying liquidity that reflects both order processing and inventory costs. 

In George, Kaul and Nimalendran (1991) and Lin, Sanger and Booth (1995), only the 

order processing cost component is considered. In this thesis, HS1997 from Huang and 

Stoll (1997) is the only measure that dissects the spread into three separate components: 

the adverse selection cost, the inventory holding cost, and the order processing cost. 

Huang and Stoll (1997) point out that while the order processing cost is easier to estimate, 

the inventory holding and the adverse selection costs are difficult to distinguish as quotes 

update to trades in the same direction under both. Therefore, if a model does not clearly 

distinguish inventory holding costs from adverse selection costs, its measure of the latter  

might also include effects of the former (Huang and Stoll, 1997). Since George, Kaul and 

Nimalendran (1991) and Lin, Sanger and Booth (1995) only consider the order processing 

costs along with the adverse selection costs, this implies that the adverse selection 

measures derived from their models (i.e., GKN1991, and LSB1995) include inventory 

holding costs. Similarly, KL, TRVR, and CIR might also include the effects on the 

inventory holding costs (or the illiquidity costs) because these measures are derived from 

models that exclude them (or illiquidity costs). Heflin and Shaw (2001) use Huang and 

Stoll's (1997) model to examine the relationship between components of spreads (i.e., 

adverse selection costs and inventory holding costs) with specialist depth quotes. They 
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report important evidence that both adverse selection costs and inventory holding costs 

are inversely related to depth quotes and that the relationship is stronger for adverse 

selection costs. Accordingly, they conclude that the adverse selection component is a 

more appropriate proxy for informed trading. Their findings also imply that there is a less 

than perfectly positive relationship between the two components. All measures that are 

examined in this thesis also do not directly address the interaction or correlation between 

the adverse selection component and the other components, especially the inventory 

holding cost component. Therefore, interpretation of these measures should also consider 

this aspect and should not blindly attribute the measures to only adverse selection costs. 

Ibrahim and Kalaitzoglou (2016) propose a pricing model in which the adverse selection 

costs and the illiquidity costs are separated and are both derived as functions of trading 

intensity. Therefore, the adverse selection component in their model can indirectly control 

for the interaction with the illiquidity component. This thesis, however, does not include 

their adverse selection measures because of lack of data availability.  

 

According to Heflin and Shaw's (2001) definition of inventory holding costs, a trade 

might increase or decrease the inventory holding costs depending on the current inventory 

level of a dealer. If a trade can benefit a dealer in maintaining their optimal portfolio of 

inventory, it decreases the inventory holding cost. If instead it requires the dealer to 

deviate from their optimal inventory, it increases the inventory holding cost. In the 

practical context of trading, a trade might be beneficial if it adds liquidity to the market 

(e.g., to balance buy side and sell side of the order book) and reduces the inventory 

holding costs of market participants. In this sense, the inventory holding costs can be 

interpreted as illiquidity costs, which is more appropriate in nowadays order book trading 

mechanism which does not require a dealer.  Recent empirical literature presents evidence 

that most adverse selection measures capture not only pure information asymmetry costs 

but also illiquidity costs (Small, Wansley and Hood, 2012; Collin-Dufresne and Fos, 

2015). Van Ness, Van Ness and Warr (2001) and Collin-Dufresne and Fos (2015) also 

show mixed evidence on whether adverse selection measures can capture informed 

trading. The evidence supports my conjecture that illiquidity effects contaminate adverse 

selection measures. For this reason, this chapter does not rely on one particular measure 

and reexamines all measures mentioned in these two studies and uses these two studies 

as benchmarks for cross-comparison. 
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Collin-Dufresne and Fos (2015) use a sample of dealings made by US large shareholders 

who own more than 5% of a firm capitalisation, while this analysis uses a sample of 

dealings made by UK directors regardless of the size of their shareholding. In general, 

they find that all these measures are lower on days of informed purchases, even though 

the prices are positively impacted. They attribute lower KL, AFPI, TRVR, and CIR to 

lower adverse selection costs, and lower RS and ES to lower illiquidity costs (i.e., higher 

liquidity) on days when there is informed trading of large shareholders. Their results 

suggest that adverse selection is lower and the stock is more liquid when there is informed 

trading. Another paper that supports their finding is Cornell and Sirri (1992) who find 

that liquidity increases when there is illegal informed trading. Collin-Dufresne and Fos 

(2015) explain their findings in two ways. First, informed traders might select the timing 

of trades and enter the market when it is highly liquid. Second, informed traders can enter 

the market using limit orders and supply instead of demand liquidity. Therefore, these 

trades might improve market liquidity and reduce illiquidity costs. Given that informed 

trades in their sample affect prices with evidence of significantly positive market-adjusted 

returns, they conclude that the adverse selection measures fail to detect the price impacts. 

Their empirical evidence implies that theoretical measures of adverse selection might 

pick up the positive impact on liquidity due to these trades and if this impact is strong 

enough to offset the increasing adverse selection cost, the measures might end up showing 

a lower value and hence are deemed ‘failed’ measures. 

 

As in Van Ness, Van Ness and Warr (2001), this chapter applies the decomposition 

implied by the models of Glosten and Harris (1988),  George, Kaul and Nimalendran 

(1991), Lin, Sanger and Booth (1995), Huang and Stoll (1997), and Madhavan, 

Richardson, and Roomans (1997). Compared to measures used in Collin-Dufresne and 

Fos (2015), these measures aim at capturing a more precise attribution of adverse 

selection costs reflected within the bid-ask spread. The five measures implied by these 

models aim to distinguish the adverse selection component of the overall bid-ask spread, 

and are more advantageous than Kyle's (1985) model or the bid-ask spread alone because 

they attempt to filter out the component of the bid-ask spread that is incremental to 

information asymmetry. All five measures are estimated in this chapter following Van 

Ness, Van Ness and Warr (2001), who compare these adverse selection measures to other 

measures of information asymmetry (volatility, volume, leverage, and analyst earnings 

forecast errors, dispersion of analyst earnings forecasts, market-to-book, R&D and 

intangibles) and informed trading proxies (number of analysts and percentage of stock 
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held by institutions). In their study, they filter out invalid measures that are outside the 

theoretical range of zero to one. The analysis in this chapter applies the same filter to 

these five measures. Van Ness, Van Ness and Warr (2001) find mixed results for these 

measures and report that they correlate with volatility measures only, are negatively 

related to volume, and are unrelated to other measures of information asymmetry 

(leverage, and analyst earnings forecast errors, dispersion of analyst earnings forecasts, 

market-to-book, R&D and intangibles). The bid-ask spread shows better consistency with 

indications of information asymmetry with positive correlation with volatility and 

market-to-book. In addition, the positive correlation between spread and volatility 

indicates that some adverse selection measures might be capturing other cost components 

of the spread. Even if the theoretical models that underlay these measures separate other 

cost components (i.e., the inventory holding costs and the order processing costs), the 

measures do not directly control for the interaction between these components and the 

adverse selection component. Van Ness, Van Ness and Warr (2001) point out a possible 

explanation: inventory costs are higher during high-volatility periods and, therefore, a 

positive correlation between adverse selection measures and volatility might imply that 

the measures pick up noise from the inventory component of the bid-ask spread. They 

find that the measures of Glosten and Harris (1988), Huang and Stoll (1997), Madhavan, 

Richardson and Roomans (1997) and Lin, Sanger and Booth (1995) show the expected 

correlation with informed trading proxies, either by the number of analysts or the number 

of institutional investors. However, the spread alone can also successfully show this 

relationship. Accordingly, they conclude that these adverse selection measures are weak 

in measuring adverse selection costs, and that they might be capturing noise from other 

components of the spread or from the overall spread. 

 

While Van Ness, Van Ness and Warr (2001) use several proxies of informed trading to 

study whether these adverse selection components capture adverse selection costs, the 

study in this chapter adopts a different angle by comparing the adverse selection 

components on days that actual informed trades occur. The approach is similar to Collin-

Dufresne and Fos (2015), but whilst they only study purchases made by large 

shareholders, this analysis studies both director purchases and sales. In addition, Chapter 

4 sets a strong background for this chapter by having identified the informational levels 

of different groups of director deals, namely, discretionary purchases, discretionary sales, 

non-discretionary purchases, and non-discretionary sales. This study is also more 

comprehensive than Collin-Dufresne and Fos (2015) in that it considers adverse selection 
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costs on both trading and announcement days, rather than on trading days only. With a 

richer set of informed trades and a larger variety of information levels and characteristics 

of trading, such as upstairs/downstairs trades or whether or not pre-trade transparency 

applies, this analysis ought to provide a more thorough analysis and a test of the findings 

of both Collin-Dufresne and Fos (2015) and Van Ness, Van Ness and Warr (2001). 

 

In this chapter, the measures calculated on each event day are compared with the average 

of five consecutive comparable days. This provides a control group and a further test of 

the information content of insider trades. For a comparison with Collin-Dufresne and Fos 

(2015), the literature review and the empirical results for the measures that are mentioned 

in their study are presented in Sub-sections 5.2.4 to 5.2.7. Also for a comparison with 

Van Ness, Van Ness and Warr (2001), the literature review and the empirical results for 

the decomposition measures that are tested in their article will follow in Sub-sections 

5.2.8 to 5.2.12. First, however, I briefly describe the processing of the data in the next 

section. 

 

5.2.3 Data processing for estimating the microstructure measures 

The analysis in this chapter applies an important treatment to the intraday trade data 

before calculating or estimating the microstructure measures mentioned above. This is 

carried out mainly to reduce the repetitiveness of intraday trade data due to the order book 

matching mechanism, where an order maybe matched against a number of orders from 

the opposite side of the order book (i.e., multiple fills) with no changes in quotes revisions 

or trading price. Trades that occur at the same timestamp, in microseconds, are aggregated 

to reduce the order-flow serial correlation between trades. This treatment allows us to 

combine the broken-up trades resulting from the same order without any significant 

changes in the prevailing bid-ask quotes or trade price. Broken-up trades lead to positive 

serial correlations between trades as documented in Huang and Stoll (1997). The authors 

suggest combining sequential trades that are at the same price and cause no change in bid-

ask quotes to reduce the high probability of positive serial correlation. However, their 

treatment seems to overcorrect the problem and the estimated results are considered as an 

upper bound on the adverse selection component. The overcorrection emanates from 

combining sequential trades that are from different orders and which occur at different 

timestamps if their trade price and the quoted bid-ask prices do not change. The treatment 
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of combining only zero-duration trades provides a balanced alternative to theirs. This is 

carried out here. 

 

The process of estimating and comparing the microstructure measures is described as 

follows. First, I identify the event days of trading and announcements. These are then 

grouped into three sub-samples by detection. Sub-session 3.6.2 presents the methods of 

selecting or collating the sub-sample of 349 stock-day observations for detected trading 

days, the sub-sample of 2319 stock-day observations for undetected trading days, and the 

sub-sample of 1517 stock-day observations for announcement days. These make up the 

total 4185 stock-day observations that relate to UK director trading and announcements. 

Adverse selection measures are then calculated or estimated for each of these stock-day 

observations. In addition, each of these stock-day observations requires the identification 

of five comparable days of the same stock. The adverse selection measures for each of 

these five comparable stock-days are also calculated or estimated. The measures for each 

stock-day observation are then compared to the average measures of the corresponding 

five comparable days to analyse any differences. The following Sub-sections 5.2.4 to 

5.2.12 describe the microstructure measures used. 

 

5.2.4 Kyle's (1985) Lambda (KL) 

The first measure is adapted from Kyle (1985), who argues that the presence of informed 

traders can impose adverse selection costs on liquidity traders and market makers. To 

protect themselves, market makers widen the bid-ask spread and ultimately transfer the 

costs to liquidity traders. This analysis follows Hasbrouck (2009), Goyenko, Holden and 

Trzcinka (2009), and Collin-Dufresne and Fos (2015) to measure Kyle’s Lambda based 

on aggregated data for five-minute intervals. This measure, abbreviated as KL, is an 

inverse measure of market depth, estimated as the slope coefficient 𝜆 in the regression,  

 𝑟𝑛 = 𝛿 + 𝜆𝑆𝑛 + 휀𝑛,  (5.1) 

where 𝑛 denotes the nth five-minute interval, 𝑟𝑛 is the log of price change over the interval, 

and 𝑆𝑛 is the total sum of the signed square-root dollar volume, i.e., ∑ 𝑞𝑗√𝑣𝑗
𝑙
𝑗=1 , assuming 

there are 𝑙 transactions within the nth interval and where 𝑞𝑗 is the order flow or the buy/sell 

indicator of the direction of each transaction (equal to +1 if a buy and -1 if a sell, and is 

assigned following Lee and Ready (1991)), and 𝑣𝑗  is the transaction volume. I estimate 

the slope coefficient 𝜆 for each of the stock-day observations in the data using OLS. The 

measure estimates the impact on price return from order direction and volume. Therefore, 
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it is based only on the asymmetric information assumption and does not consider other 

trading costs, which might be captured by the error term or might be included in KL. The 

interaction between other trading costs and the adverse selection costs can also affect the 

validity and significance of the measure KL. 

 

5.2.5 Hasbrouck’s trade-related variance ratio (TRVR) and cumulative impulse 

response (CIR) 

The next two measures follow Hasbrouck (1991a, and 1991b) in which the total variance 

of price innovation is decomposed into two components. The first is trade-related, or 

private information-based component, and the second is not trade related. The measure is 

estimated through a vector autoregression (VAR) that predicts the level of information 

and trading activity from the observed sequence of transactions and quotes. Following 

the author, this analysis adopts the following bivariate VAR with 10 lags: 

 𝑟𝑡
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒 = ∑ 𝛼𝑗𝑟𝑡−𝑗

𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒 + 10
𝑗=1 ∑ 𝛽𝑗𝑞𝑡−𝑗 + 10

𝑗=0 휀𝑟𝑡  (5.2) 

 𝑞𝑡 = ∑ 𝛿𝑗𝑞𝑡−𝑗 + 10
𝑗=1 ∑ 𝜃𝑗𝑟𝑡−𝑗

𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒 + 10
𝑗=0 휀𝑞𝑡  (5.3) 

where the first equation captures the mid-quote evolution, and the second describes the 

persistence of order flow, or buy/sell indicator 𝑞𝑡. The subscript 𝑡 represents the 𝑡th 

transaction or stock-day observation. The bivariate VAR is then inverted into its moving 

average representation, 

 𝑦𝑡 = [𝑟𝑡
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒

𝑞𝑡

] = 𝜃(𝐿)휀𝑡 = [
𝑎(𝐿) 𝑏(𝐿)
𝑐(𝐿) 𝑑(𝐿)

] [
휀𝑟𝑡

휀𝑞𝑡
]  (5.4) 

where 𝑎(𝐿), 𝑏(𝐿), 𝑐(𝐿), 𝑑(𝐿) are lag polynomial operators. The total variance of the error 

terms can be decomposed into two parts, with the first being the component of price 

discovery that is related to trades and the second is the component that is unrelated to 

trading. 

 𝜎𝜔
2 = (∑ 𝑏𝑗

∞
𝑗=0 )

2
𝜎𝑞

2 + (∑ 𝑎𝑗
∞
𝑗=0 )

2
𝜎𝑟

2  (5.5) 

The ratio of the first component (first term on the right-hand side of Equation (5.5)) to 

the total variance is the measure of TRVR. Also following Hasbrouck (1991a), the 

measure CIR is computed as (∑ 𝑏𝑗
∞
𝑗=0 ). I estimate TRVR and CIR for each of the stock-

day observations in the data. The perspective of TRVR and CIR is to explain the evolution 

of mid-quote prices based on current and historical order flow information. From this 

point of view, their underlying model is, therefore, an inventory model, but focuses on 



Chapter 5 Adverse selection costs… 

194 
 

the effects of information asymmetry. It also does not directly address other trading costs 

(as for KL).  

 

5.2.6 Aggregated five-minute price impact (AFPI) 

The fourth measure is the permanent component of the effective spread, measured for 

each five-minute interval. According to Glosten and Harris (1988) this component 

captures the cost of adverse selection to liquidity demanders. The calculation of this 

measure for each of the stock-day observations is  

 𝐹𝑃𝐼𝑡 = 2𝑞𝑡(ln (𝑀𝑡.5.𝑚𝑖𝑛𝑢𝑡𝑒) − ln (𝑀𝑡))  (5.6) 

where 𝑞𝑡 is the buy/sell indicator, 𝑀𝑡.5.𝑚𝑖𝑛𝑢𝑡𝑒 is the average of the best bid and ask prices 

prevailing five minutes after the 𝑡th transaction, and 𝑀𝑡 is the average of the best bid and 

ask prices prevailing at the time of the 𝑡th transaction. I compute 𝐹𝑃𝐼𝑡 for every transaction 

𝑡 over the stock-day observations and then aggregate the computed measures over 

transactions over the day. The aggregated five-minute price impact is then abbreviated as 

AFPI. The permanent price impact 𝐹𝑃𝐼𝑡 is expected to be positive for all transactions. 

However, actual transaction data might not meet this theoretical assumption and, hence, 

this analysis considers only non-negative AFPI to be a valid measure. 

 

5.2.7 Effective spread (ES) and Realised spread (RS) 

The effective spread (ES) is twice the difference between the natural logarithm of the 

actual transaction price and the natural logarithm of the midpoint prevailing at the time 

of the trade, 

 𝐸𝑆𝑡 = 2|ln (𝑃𝑡) − ln (𝑀𝑡)|  (5.7) 

where 𝑃𝑡 is the price of the 𝑡th trade and 𝑀𝑡 is the average of the best bid and ask prices 

prevailing at the time of the 𝑡th trade (Neal and Wheatley, 1998; Collin-Dufresne and Fos, 

2015b). ES measures the actual transaction costs associated with each trade. It slightly 

differs from the quoted spread, which is simply the difference between the bid and ask 

prices at any time in the market, but can be used as a reference to the quoted spread. For 

each stock-day observations, ES is estimated as the dollar volume-weighted average of 

the 𝐸𝑆𝑡 computed over all trades on the day. The larger the effective spread, the less liquid 

and more information asymmetric is the stock. 
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The realised spread (RS) captures the temporary component of the ES and measures the 

benefit to liquidity providers assuming that she is able to close her position at the midpoint 

prevailing five minutes after the trade, net of loss to better-informed traders 

(Bessembinder, 1997; Collin-Dufresne and Fos, 2015). RS can be calculated by 

subtracting the permanent price impact (AFPI) from ES. While AFPI is meant to measure 

the adverse selection costs due to informed trades, RS is meant to measure the liquidity 

impact of a trade. For a given stock-day observation, the realised spread on the 𝑡th trade 

is defined as 

 𝑅𝑆𝑡 = 2𝑞𝑡(ln (𝑃𝑡) − ln (𝑀𝑡.5.𝑚𝑖𝑛𝑢𝑡𝑒)), (5.8) 

where 𝑃𝑡 is the price of trade 𝑡, 𝑀𝑡.5.𝑚𝑖𝑛𝑢𝑡𝑒 is the average of the best bid and ask prices 

prevailing five minutes after trade t, and 𝑞𝑡 is the buy/sell indicator. For each stock-day 

observation, 𝑅𝑆 is estimated as the dollar volume-weighted average of the 𝑅𝑆𝑡 computed 

over all trades on the day. 

 

A similar approach of calculating the effective spread, realised spread and permanent 

price impact is used in Bessembinder (1997) and Verousis and Ap Gwilym (2013)  to 

estimate trading costs. Overall, RS captures illiquidity costs, which is the spread adjusted 

with the permanent price impact due to adverse selection. However, there might be an 

interaction between the permanent and temporary components of the spreads. A high 

permanent price impact AFPI (i.e., resulted from suspected informed trading) might also 

cause liquidity providers to demand higher return on their liquidity supply, especially if 

the trade is significantly large. This might result in higher RS as well. In addition, ES is 

an overall measure that adds up the permanent and temporary price impacts. Accordingly, 

it is interpreted as an indicator of both adverse selection and illiquidity costs. 

 

5.2.8 Glosten and Harris (1988) (GH1988) 

This measure of adverse selection, as used by Van Ness, Van Ness and Warr (2001), is 

derived from the model of Glosten and Harris (1988). It is abbreviated here as GH1988. 

They model the adverse selection component along with the transitory spread component, 

which reflects order processing and inventory costs (Huang and Stoll, 1997). The adverse 

selection component is allowed to depend on order size and also does not cause serial 

correlation in their model (Glosten and Harris, 1988). The relevant regression from 

Glosten and Harris (1988) is: 

 ∆𝑃𝑡 = 𝑐0∆𝑞𝑡 + 𝑐1∆𝑞𝑡𝑣𝑡 + 𝑧0𝑞𝑡 + 𝑧1𝑞𝑡𝑣𝑡 + 휀𝑡, (5.9) 
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where 𝑃𝑡 and 𝑣𝑡 are the observed price and the number of shares of transaction t, 

respectively; 휀𝑡 represents public information and discreteness in prices; and 𝑞𝑡 is the 

buy/sell indicator. The adverse selection component, 𝑍0 = 2(𝑧0 + 𝑧1𝑣𝑡), is a linear 

function of transaction volume,  and the combined order processing and inventory holding 

component is 𝐶0 = 2(𝑐0 + 𝑐1𝑣𝑡). The model, however, does not directly address the 

interaction or correlation between the two components. In this chapter, a ordinary least 

squares (OLS) regression is used to estimate the model for each stock-day in the sample. 

𝑞𝑡 is estimated from intraday trade and quote data using Lee and Ready's (1991) rule. 

Following Van Ness, Van Ness and Warr (2001), the total bid-ask spread is also computed 

using the average transaction volume �̅� for each stock-day observation. This is used as a 

comparison with the effective bid-ask spread that is mentioned below. The implied total 

bid-ask spread of the stock-day observation is the sum of the two components and is 

reported in terms of dollar value as 

 𝐵𝐴𝑆 = 𝑍0 + 𝐶0 = 2(𝑧0 + 𝑧1�̅�) + 2(𝑐0 + 𝑐1�̅�) (5.10) 

The adverse selection component is expressed as a proportion of the spread as follows: 

 𝑍 =
𝑍0

𝐵𝐴𝑆
=

2(𝑧0+𝑧1�̅�)

2(𝑧0+𝑧1�̅�)+2(𝑐0+𝑐1�̅�)
  (5.11) 

 

5.2.9 George, Kaul, and Nimalendran (1991) (GKN1991) 

The adverse selection component (1 − 𝜋) in the model of George, Kaul and Nimalendran 

(1991) is another adverse selection measure that is estimated in this chapter. The model 

assumes that the spread is independent of trade size and the ex-ante probabilities of trades 

at the bid and ask prices are equal. It also ignores the inventory component of the spread 

(Huang and Stoll, 1997). In the model, expected returns are allowed to be serially 

dependent, and the serial dependence has the same impact on both the transaction returns 

and the quote midpoint returns. Taking the difference between the transaction returns and 

the quote midpoint returns filters out the serial dependence effect. The transaction return 

as a function of adverse selection and order processing costs is given by: 

 𝑟𝑡 = 𝐸𝑡 + 𝜋. (
𝑠𝑞

2
) . (𝑞𝑡 − 𝑞𝑡−1) + (1 − 𝜋). (

𝑠𝑞

2
) . (𝑞𝑡) + 𝑈𝑡 , (5.12) 

where 𝐸𝑡 is the expected return from transaction t-1 to transaction t; (1 − 𝜋) and 𝜋 are 

the ratios of the spread attributed to adverse selection costs and order processing, 

respectively; 𝑠𝑞 is the percentage bid-ask spread (estimated as the bid-ask spread in dollar 

divided by the mid-quote price) and is assumed to be a constant in the model; 𝑞𝑡 is as 

defined above; and 𝑈𝑡 is public information innovations. 
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The mid-quote corresponding to transaction t is selected as the mid-quote immediately 

following the transaction. The mid-quote return is: 

 𝑟𝑇
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒 = 𝐸𝑇 + (1 − 𝜋). (

𝑠𝑞

2
) . (𝑞𝑡) + 𝑈𝑇 (5.13) 

A different subscript T is used for mid-quote return to allow for different return 

expectations at transaction time and quote time. Taking the difference between 𝑟𝑡 and 

𝑟𝑇
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒

 and multiplying by two gives: 

 2(𝑟𝑡 − 𝑟𝑇
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒) =  𝜋𝑠𝑞(𝑞𝑡 − 𝑞𝑡−1) + 2(𝐸𝑡 − 𝐸𝑇) + 2(𝑈𝑡 − 𝑈𝑇), (5.14) 

𝑠𝑞 is a constant in the model, but for calculation purposes I follow Van Ness, Van Ness 

and Warr (2001) and relax this assumption, and calculate it for each transaction as the 

percentage bid-ask spread (i.e., the ratio between the dollar bid-ask spread and the mid-

quote price) prevailing immediately following the transaction time. By adding a constant 

that represents the order processing component and combining 2(𝐸𝑡 − 𝐸𝑇) + 2(𝑈𝑡 − 𝑈𝑇) 

into a single error term 𝑉𝑡, equation 5.14 is rewritten as: 

 2(𝑟𝑡 − 𝑟𝑇
𝑚𝑖𝑑.𝑞𝑢𝑜𝑡𝑒) = 𝛼 +  𝜋𝑠𝑞(𝑞𝑡 − 𝑞𝑡−1) + 𝑉𝑡 (5.15) 

An OLS regression is also used to estimate the adverse selection component, (1 − 𝜋), 

which is abbreviated here by GKN1991. 

 

5.2.10 Lin, Sanger, and Booth (1995) (LSB1995) 

The next adverse selection measure, abbreviated as LSB1995, is calculated as in Lin, 

Sanger and Booth (1995). In their model, the total spread is estimated as twice the signed 

effective half-spread, 𝑧𝑡, which is calculated as the price of transaction t, 𝑃𝑡, minus the 

spread midpoint, 𝑀𝑡. Hence, the signed effective half-spread is negative for a sell and is 

positive for a buy. A quote revision of 𝜆𝑧𝑡 is added to both bid and ask quotes to reflect 

adverse selection costs on transaction t. 𝜆 is the proportion of the spread due to adverse 

selection, which is called LSB1995 and I  estimate it with the following OLS regression: 

 𝑀𝑡+1 − 𝑀𝑡 =  𝜆𝑧𝑡 + 𝑒𝑡+1  (5.16) 

The rate of return for the dependent variable and the relative effective spread for the 

independent variables are calculated using the logarithms of the transaction price and the 

quote midpoint. 
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5.2.11 Madhavan, Richarson, and Roomans (1997) (MRR1997) 

In Madhavan, Richardson and Roomans's (1997) model, dubbed the MRR1997, there are 

four parameters that capture the behaviour of transaction prices and quotes: the 

asymmetric information parameter θ, the cost of supplying liquidity ϕ, the probability that 

a transaction takes place inside the spread λ, and the autocorrelation of order flow ρ. These 

are estimated using the generalized method of moments (GMM). Similar to Glosten and 

Harris (1988) and George, Kaul and Nimalendran (1991), Madhavan, Richardson and 

Roomans (1997) assume fixed/unit order size. Thus, MRR1997 is independent of trade 

size. In this model, the spread is decomposed into two main components: the asymmetric 

information component θ (which is called MRR1997 in the results) and the cost of 

supplying liquidity ϕ. The expected value 𝜇𝑡 of the stock following transaction t is: 

 𝜇𝑡 = 𝑃𝑡 − 𝑃𝑡−1 − (ϕ +  θ)𝑞𝑡 + (ϕ +  ρθ)𝑞𝑡−1 , (5.17) 

where 𝑃𝑡 is the price of transaction t; 𝑞𝑡 is the buy/sell indicator of transaction t (𝑞𝑡 = 1 

if the transaction is buyer-initiated, 𝑞𝑡 = −1 if it is seller-initiated, and 𝑞𝑡 = 0 if the 

transaction occurs between the prevailing bid and ask quotes). The moment conditions 

that identify the vector of parameters and a constant α is: 

 𝐸

[
 
 
 
 
𝑞𝑡𝑞𝑡−1 − 𝑞𝑡

2ρ
|𝑞𝑡| − (1 − λ)

𝜇𝑡 − α
(𝜇𝑡 − α)𝑞𝑡

(𝜇𝑡 − α)𝑞𝑡−1 ]
 
 
 
 

= 0  (5.18) 

The first two equations define the autocorrelation of the order flow and the crossing 

probability, the third equation defines the drift term α as the average pricing error, and 

the last two equations are normal OLS equations. The adverse selection measure θ is 

estimated in dollar terms and then divided by (ϕ +  θ) to give the proportion of the 

asymmetric information component of the spread.  

 

5.2.12 Huang and Stoll (1997) (HS1997) 

In their model, the spread is decomposed into three components based on induced serial 

correlation in order flow: the adverse selection cost 𝛼 (which is HS1997 in the result 

table), the inventory holding cost  𝛽, and the order processing cost  (1 − 𝛼 − 𝛽). All three 

components are estimated as a percentage of half the spread. The Huang and Stoll’s 

(1997) model makes the following assumption about the serial correlation in order flow: 

 𝑞𝑡−1 = (1 − 2𝜋)𝑞𝑡−2 + 𝛿𝑡−1 (5.19) 
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where 𝑞𝑡 is the buy/sell indicator of transaction t, and 𝜋 is the probability that transaction 

t is opposite in sign to transaction t-1. The change in the midpoint of the quote prevailing 

just prior to transaction t is expressed as: 

 𝑀𝑡 − 𝑀𝑡−1 = (𝛼 + 𝛽)
𝑆𝑡−1

2
𝑞𝑡−1 −  𝛼(1 − 2𝜋)

𝑆𝑡−2

2
𝑞𝑡−2 + 휀𝑡 (5.20) 

where 𝑆𝑡 is the posted spread just prior to transaction t. The model is estimated using 

GMM with the following moment conditions: 

 𝐸

[
 
 
 
 
𝛿𝑡−1𝑞𝑡−2

휀𝑡𝑆𝑡−1

휀𝑡𝑆𝑡−2
휀𝑡𝑞𝑡−1

휀𝑡𝑞𝑡−2 ]
 
 
 
 

= 0 (5.21) 

 

Theoretically, the adverse selection component must stay within the range from zero to 

one, however practical values of negative 𝛼 and of 𝜋 less than 0.5 are empirically 

possible. This issue is also documented in Huang and Stoll (1997) and Van Ness, Van 

Ness and Warr (2001). The two studies report mostly negative values for the HS1997 

measure. The reason for this estimation problem is the positive serial covariance in trade 

flows that is partly due to orders broken up as they are executed (Huang and Stoll, 1997). 

They suggest combining a sequence of related trades in one trade, i.e., to combine 

sequential trades at the same price on the same side of the market without any change in 

bid or ask quotes into a single trade. This procedure, however, overcorrects the problem 

as it accidentally combines some independent orders (Huang and Stoll, 1997). For the 

estimation process of this thesis the analysis aggregates trades that occur at the same 

timestamp, which is exact to the microsecond, and, hence, it reduces the possibility of 

combining trades from different orders. However, there is still a very high proportion of 

HS1997 measures that are out of the zero to one range (over 90%; see Table 5.2). This 

analysis, therefore, discusses HS1997 more carefully.  

 

The prior Sub-sections 5.2.4 to 5.2.12 complete my exposition of the eleven 

microstructure measures used in the analysis of this chapter. 

 

5.3 Overall daily trading activity statistics on event and comparable days 

Table 5.1 provides an overview of trading activities on the event days compared to the 

average of five comparable days. The event days are grouped into Panels A, B and C. 

Panel A is for the group of detected trading days, and these are further divided into trading 
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days with downstairs automatic trades in Panel A1, trading days with upstairs ordinary 

trades in Panel A2, and trading days with upstairs negotiated trades in Panel A3. Panel B 

is for the group of undetected trading days, and this analysis assumes that all these are 

downstairs trades. Finally, Panel C is for the group of announcement days. Table 5.1 

shows the results of the eight simple statistics described previously in Sub-section 5.2.1.  

 

Detected trading days 

On the detected trading days, there is consistent evidence of higher trading activity on 

days of director purchases (see Table 5.1, Panel A, Column (3)), compared to comparable 

days. This higher trading activity is driven by both larger volume and shorter duration, 

evidenced by higher daily total volume, significantly higher number of aggregated trades, 

higher average volume, significantly higher average adjusted volume per aggregated 

trade, significantly shorter average duration per aggregated trade, higher average trading 

intensity, and significantly higher average adjusted trading intensity. All these 

observations provide preliminary consistent evidence that there is increased trading 

activity on days with detected discretionary purchases. While the daily analysis of 

Chapter 4 does not observe a daily short-term or a long-term price impact following these 

deals, the higher overall trading activity might imply a quick market response that occurs 

only within the event day and does not carry on to subsequent days. In addition, Chapter 

4 also shows that there is no significant price impact (measured by abnormal return) on 

days in which directors purchase discretionarily. This higher trading activity but without 

a daily price impact might have some implications. First, it indicates that discretionary 

purchases simply add liquidity to the market (due to the low adverse selection level of 

these trades, as they do not carry significant private and long-term information) and speed 

up trading activity. Second, the higher trading activity might coincide with significant 

intraday price impact that is small and does not carry over the trading day. This chapter 

can partly address the first implication by showing whether adverse selection and 

illiquidity measures are higher on these days, while the intraday analysis in Chapter 6 

contributes in addressing the second implication. 

 

However, there is no such consistent evidence for the other dealing purposes (Table 5.1, 

Panel A, Columns (6), (9) and (12)). For dealing purposes other than discretionary 

purchases, there is a higher average adjusted volume per aggregated trade but also a 

longer average duration among trades. Hence, trading intensity, in general, is not  
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Table 5.1 Comparison of simple statistics between event dates and correspondent comparable dates 

Columns titled ‘E’ show relevant measures on the event day; columns titled ‘C’ show the relevant average measures over five comparable days of the same weekdays 

prior to or following the event date. Columns titled ‘t-test’ present t-statistics for the equality of means between the event sample and the comparable sample. *, **, 

and *** denote significance at the 10%, 5% and 1%, respectively.  
Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

A. DETECTED TRADING DAYS (N=349) E C t-test E C t-test E C t-test E C t-test 

Number of observations 74 74   124 124   56 56   95 95   

(1) Daily total volume (No. of 1,000 shares) 9426 7724 1.203 5861 5877 -0.024 9297 10625 -1.120 5418 5333 0.318 

(2) Number of aggregated trades 3194 2857 1.884* 3237 3195 0.273 3071 2983 0.309 3466 3411 0.334 

(3) Average volume (No. of shares) 1987 1869 1.043 1637 1521 0.904 2241 2272 -0.181 1559 1554 0.108 

(4) Average adjusted volume (ratio) 1.100 1.017 2.3** 1.078 1.010 1.871* 1.097 1.005 1.664 1.077 1.018 2.098** 

(5) Average duration (No. of seconds) 15.157 16.908 -1.718* 16.926 15.343 2.122** 17.944 16.663 1.272 16.599 15.008 2.598** 

(6) Average adjusted duration (ratio) 0.985 1.009 -0.482 1.145 1.012 3.147*** 1.128 1.012 2.032** 1.135 1.013 3.303*** 

(7) Average trading intensity (No. of 1,000 shares per second) 20892 19380 1.215 18728 19448 -0.544 24925 25458 -0.268 17760 19011 -1.452 

(8) Average adjusted trading intensity (ratio) 1.197 1.009 3.033*** 1.046 1.004 0.969 1.102 1.005 1.487 1.029 1.006 0.475 

 A1. TRADING DAYS WITH AUTOMATIC TRADES (N=80) 

Number of observations 6 6   71 71   1 1   2 2   

(1) Daily total volume (No. of 1,000 shares) 3368 4715 -1.437 6572 6739 -0.161 243 370 NA 5883 6463 -0.319 

(2) Number of aggregated trades 2630 2909 -0.679 3215 3188 0.117 694 945 NA 4219 5342 -15.669** 

(3) Average volume (No. of shares) 1284 1430 -1.483 1721 1568 0.740 350 391 NA 1721 1525 1.729 

(4) Average adjusted volume (ratio) 0.943 1.011 -0.853 1.091 1.009 1.547 0.896 1.001 NA 1.185 0.999 1.270 

(5) Average duration (No. of seconds) 13.469 11.798 0.869 17.399 15.678 2.192** 44.052 32.318 NA 15.266 8.324 1.083 

(6) Average adjusted duration (ratio) 1.194 1.010 1.028 1.169 1.011 2.788*** 1.389 1.019 NA 1.601 1.011 1.327 

(7) Average trading intensity (No. of 1,000 shares per second) 18063 14251 0.946 20740 20721 0.009 5940 6420 NA 18187 19709 -1.250 

(8) Average adjusted trading intensity (ratio) 1.273 1.021 1.292 1.106 1.003 1.619 0.947 0.996 NA 0.889 0.993 -0.740 

A2. TRADING DAYS WITH ORDINARY TRADES (N=155) 

Number of observations 37 37   36 36   27 27   55 55   

(1) Daily total volume (No. of 1,000 shares) 15078 11861 1.147 3447 3733 -0.951 8846 10504 -0.778 4649 4301 0.990 

(2) Number of aggregated trades 3571 3261 0.979 3094 3101 -0.036 3593 3171 0.781 4289 4073 0.826 

(3) Average volume (No. of shares) 2513 2280 1.122 1159 1237 -1.384 1989 2375 -1.364 1429 1341 1.340 

(4) Average adjusted volume (ratio) 1.126 1.020 1.903* 0.992 1.014 -0.640 0.984 1.004 -0.368 1.114 1.023 2.114** 

(5) Average duration (No. of seconds) 14.426 16.014 -1.454 17.547 15.814 0.950 17.645 15.439 1.573 13.979 12.408 2.171** 

(6) Average adjusted duration (ratio) 0.998 1.010 -0.202 1.136 1.017 1.531 1.132 1.011 1.467 1.101 1.010 2.043** 

(7) Average trading intensity (No. of 1,000 shares per second) 26360 24203 1.030 12940 14741 -2.052** 20908 26400 -1.618 16755 16753 0.003 

(8) Average adjusted trading intensity (ratio) 1.109 1.008 1.354 0.903 1.009 -1.747* 0.963 1.007 -0.504 1.036 1.004 0.626 

Table 5.1 continues on the next page. 
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Table 5.1… continued  
Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

A3. TRADING DAYS WITH NEGOTIATED TRADES (N=114) E C t-test E C t-test E C t-test E C t-test 

Number of observations 31 31   17 17   28 28   38 38   

(1) Daily total volume (No. of 1,000 shares) 3852 3368 1.332 8002 6814 0.719 10055 11108 -0.859 6505 6767 -0.615 

(2) Number of aggregated trades 2853 2365 2.685** 3632 3426 0.568 2653 2874 -0.944 2237 2351 -0.697 

(3) Average volume (No. of shares) 1495 1464 0.304 2294 1930 1.140 2551 2239 1.622 1740 1865 -2.054** 

(4) Average adjusted volume (ratio) 1.096 1.014 1.561 1.189 1.008 1.625 1.223 1.005 2.304** 1.019 1.012 0.213 

(5) Average duration (No. of seconds) 16.357 18.964 -1.287 13.636 12.945 0.326 17.299 17.283 0.011 20.461 19.122 1.235 

(6) Average adjusted duration (ratio) 0.929 1.008 -0.873 1.064 1.010 0.493 1.116 1.013 1.234 1.159 1.018 2.296** 

(7) Average trading intensity (No. of 1,000 shares per second) 14913 14616 0.205 22581 24098 -0.378 29478 25230 2.22** 19193 22243 -1.817* 

(8) Average adjusted trading intensity (ratio) 1.288 1.008 2.481** 1.084 1.000 0.840 1.241 1.003 2.539** 1.026 1.011 0.164 

B. UNDETECTED TRADING DAYS (N=1455) 

Number of observations 122 122   970 970   103 103   260 260   

(1) Daily total volume (No. of 1,000 shares) 6126 5341 0.981 10016 9736 0.889 5358 6014 -1.661* 6345 4784 1.785* 

(2) Number of aggregated trades 3634 3376 1.370 3214 3172 0.981 3062 3126 -0.437 2897 2524 4.264*** 

(3) Average volume (No. of shares) 1629 1514 1.460 2331 2248 2.164** 1612 1531 0.534 1771 1560 1.974** 

(4) Average adjusted volume (ratio) 1.204 1.012 2.669*** 1.127 1.010 7.142*** 1.129 1.013 1.621 1.180 1.008 5.075*** 

(5) Average duration (No. of seconds) 14.602 15.174 -0.799 16.414 15.714 3.19*** 17.274 16.329 1.270 18.490 19.337 -1.818* 

(6) Average adjusted duration (ratio) 1.066 1.011 1.222 1.090 1.012 6.405*** 1.141 1.011 2.877*** 0.993 1.013 -0.889 

(7) Average trading intensity (No. of 1,000 shares per second) 19748 17512 2.047** 27106 27153 -0.115 18426 19196 -0.744 19902 18957 1.248 

(8) Average adjusted trading intensity (ratio) 1.246 1.004 3.496*** 1.097 1.005 4.692*** 1.093 1.004 1.814* 1.194 1.006 5.438*** 

C. ANNOUNCEMENT DAYS (N=1517) 

Number of observations 175 175   930 930   122 122   290 290   

(1) Daily total volume (No. of 1,000 shares) 6382 6060 0.546 10359 9764 1.2 6456 7525 -1.757* 5348 4526 1.103 

(2) Number of aggregated trades 3208 3246 -0.371 3056 3117 -1.356 2719 2895 -1.646 2717 2613 1.665* 

(3) Average volume (No. of shares) 1631 1573 0.81 2617 2328 1.048 2098 1939 0.777 1561 1519 0.805 

(4) Average adjusted volume (ratio) 1.004 1.000 1.706* 0.997 1.000 -3.323*** 0.992 1.000 -2.389** 0.997 1.000 -1.768* 

(5) Average duration (No. of seconds) 15.650 15.198 0.631 16.516 15.357 5.488*** 18.321 16.457 1.978* 18.358 17.998 0.952 

(6) Average adjusted duration (ratio) 1.114 1.010 2.535** 1.123 1.011 8.813*** 1.143 1.012 3.289*** 1.054 1.012 2.153** 

(7) Average trading intensity (No. of 1,000 shares per second) 19144 18422 0.974 27394 28409 -2.163** 21696 22774 -0.784 18453 18262 0.31 

(8) Average adjusted trading intensity (ratio) 1.112 1.005 3.401*** 1.048 1.006 3.059*** 1.108 1.006 2.096** 1.155 1.008 4.115*** 
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consistently higher for days of non-discretionary purchases, discretionary sales and non-

discretionary sales.  

 

In addition, the higher trading activity during days of discretionary purchases, compared 

to comparable days, are mainly attributed to days of upstairs ordinary trades and 

negotiated trades for which the measures show a consistent pattern even though not 

entirely significant (Table 5.1, Panels A2 and A3, Column (3)). It seems that the overall 

daily trading activity is significantly higher when UK directors buy discretionarily using 

negotiated trades compared to days when they use ordinary trades. There is also a 

significantly higher average trading volume and higher trading intensity on days that UK 

directors sell discretionarily using negotiated trades, while a similar pattern is not 

observed on days when they use ordinary trades. This means that trading activity is higher 

during days of discretionary purchases and sales when UK director trades are not subject 

to the pre-trade transparency requirement. These observations motivate this analysis to 

study the differences in trading activity due to directors’ choice of the execution method 

or trading platform, specifically whether their trades are upstairs or downstairs and 

whether they are negotiated or ordinary. 

 

Undetected trading days 

In contrast with days of detected director trades, higher trading intensity is observed on 

all days with undetected director trades (Table 5.1, Panel B), compared to comparable 

days, and this is consistent across all dealing purposes. This main difference gives a clear 

picture that dealing purposes cannot be discovered by the market when directors trade 

downstairs stealthily, and hence are undetectable, but can be uncovered if they choose to 

trade upstairs because the market does not react much when the deals are non-

discretionary but reacts strongly when they are discretionary. In addition, when directors 

trade downstairs, where they usually need to split their large deals into smaller ones either 

for stealth-trading purposes or for better execution prices, the market reacts positively 

with increasing trading activity, and this is consistent across all dealing purposes. 

However, the higher trading intensity is driven mainly by higher average trading volume 

and not necessarily shorter trading duration. Therefore, this is mainly the effect of 

increased liquidity and is not related to dealing purposes. 
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Announcement days 

For announcement days (Panel C in Table 5.1), there is some evidence of increased 

trading activity on the announcement days of discretionary purchases. There is a higher 

total daily volume on these announcement days compared to their comparable days, 

however the difference is not significant. There is also higher (but not significant) average 

volume and significantly higher average adjusted volume; higher (but not significant) 

average duration and significantly higher average adjusted duration; and higher (but not 

significant) average trading intensity and significantly higher average adjusted trading 

intensity. Thus, this thread of evidence consistently shows increasing trading activity on 

the announcement days of discretionary purchases compared to comparable days.  

 

However, there is evidence of decreasing overall trading activity on announcement days 

of discretionary sales, compared to comparable days. There is a significantly lower daily 

total volume, insignificantly lower number of aggregated trades, significantly lower 

average adjusted volume, and significantly longer average trade duration and adjusted 

duration. However, the adjusted average trading intensity is significantly higher. On the 

announcement days of non-discretionary purchases, the findings are mixed and 

inconsistent among measures. For example, the average trading intensity is significantly 

lower while the average adjusted trading intensity is significantly higher on days of non-

discretionary purchases. On the announcement days of non-discretionary sales, there are 

significantly larger number of trades, larger average volume but significantly lower 

average adjusted volume, longer average duration and significantly longer average 

adjusted duration, higher average trading intensity and significantly higher average 

adjusted trading intensity.  

 

Further, while trading volume and adjusted trading volume show a consistent increase on 

the announcement days of discretionary purchases, they do not on days of other dealing 

purposes. This suggests that trading volume is in general higher and distributed 

throughout the day of discretionary purchase announcements, resulting in significantly 

higher adjusted trading volume. However, for other dealing purposes, transaction volume 

tends to increase only at some point during the day and not over the day. Announcements 

of director dealings usually occur at the beginning or at the end of the day and, thus, might 

only trigger trading activity around these timestamps. Overall, this finding supports 

stronger market reactions when director discretionary purchases are disclosed to the 

public than when other deals are announced. This supports the asymmetry reactions to 
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directional news that are found in literature, such as asymmetric price reaction in dividend 

cut versus increase announcement in Gebka (2019) and in insider trading announcements 

in Lakonishok and Lee (2001) and Fidrmuc, Goergen and Renneboog (2006) .  

 

Conclusion 

In conclusion, the eight simple measures of overall trading activity show higher trading 

activity on days when UK directors execute their deals upstairs. When they trade upstairs, 

the market tends to be able to uncover their dealing purpose and hence reacts differently. 

This provides evidence that the downstairs market can quickly update information from 

upstairs trades, especially if these trades carry information. However, there is no 

significant evidence from these statistics on whether the pre-trade transparency 

requirement has any relationship with daily trading activity. Mild higher trading activity 

is observed when director trades are negotiated. These measures also show some evidence 

that the market might be slowing down or less intensive on announcement days of 

discretionary sales. However, this evidence is not consistent across the measures of 

activity used.  

 

5.4 Daily empirical estimates of adverse selection costs on the event and 

comparable days 

This section builds on the analysis of the previous section by looking at daily measures 

of illiquidity and adverse selection costs that require the use of intraday data to examine 

whether there is a significantly higher degree of adverse selection on days of director 

trades and announcements, compared to normal comparable days. These standard 

measures of illiquidity and adverse selection costs are described in Section 5.2 and are 

estimated to examine the association of director trading and announcement events with 

the level of asymmetric information. This analysis removes measures that are 

implausible, i.e., negative values for KL, CIR, AFPI, and RS and negative or greater than 

one for GH1988, GKN1991, LBS1995, MRR1997, and HS1997. For other measures (i.e., 

ES and TRVR), they are always positive or within the range of zero and one due to the 

calculation process. The number of implausible values for each measure is reported in 

Table 5.2. There are only a small proportion of KL (less than 2%), CIR (less than 2%), 

AFPI (less than 6%) and RS (less than 23%) that are negative. The percentage of 

implausible measures are also very low (less than 4%) for LSB1995, GKN1991, and 

GH1998. Less than 25% of MRR1997 values are outside their theoretical range of zero 
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and one. HS1997, however, is the most problematic measure. Similar to the discussion of  

implausible values for HS1997 in Huang and Stoll (1997) and Van Ness, Van Ness and 

Warr (2001), I find more than 90% of values of this measure lie outside the zero to one 

range. The percentage is 61% in Van Ness, Van Ness and Warr (2001), and 100% in 

Huang and Stoll (1997). All estimated measures, after filtering out implausible values, 

are summarised in Table 5.3. 

 

Collin-Dufresne and Fos (2015) find that all six measures that are described in Sub-

sections 5.2.4 – 5.2.9, i.e., KL, TRVR, CIR, AFPI, RS, and ES, are lower on days with 

informed trading than on days without informed trading and compared to those on the 

same date of a benchmark stock. According to the authors, lower measures might imply 

less adverse selection costs or less illiquidity costs (i.e., more liquidity), thus indicating 

either that informed traders can time the market and enter to trade when the market is 

liquid or that the presence of these informed trading indeed provides liquidity to the 

market. However, they study only purchases (not sales) of large shareholders and assume 

that all their reported purchases are informative. The analysis in this chapter studies both 

purchases and sales of UK directors, some of which are more informative than others 

based on their disclosed dealing purpose, and this is confirmed by the analysis of daily 

cumulative abnormal returns in Chapter 4. The analysis can examine adverse selection 

costs by director means of trading and strategy of execution (i.e., upstairs or downstairs; 

with or without stealth-trading strategy). It is expected that with different ways of 

partitioning the data, this analysis can clarify further their results and shed more light on 

the ability of the market to reflect information asymmetry of particular informed trades. 

On the trading days of both detected and undetected trades, there are some consistent 

results as in Collin-Dufresne and Fos (2015) for KL, TRVR, CIR, and AFPI, but not for 

RS and ES. The measures KL, TRVR, CIR, and AFPI are lower on days of all dealing 

purposes. On days of upstairs discretionary purchases, the measures tend to behave more 

differently than the rest. While they are lower on days of downstairs undetected 

discretionary purchases, no such trend is observed on days of upstairs detected 

discretionary purchases. This constitutes the first difference with Collin-Dufresne and Fos 

(2015) in that these measures can capture relatively higher adverse selection cost of 

director discretionary purchases, especially if they are upstairs trades. The results confirm   



Chapter 5 Adverse selection costs… 

207 
 

Table 5.2 Observations with implausible measures of daily adverse selection 

components 

Following Van Ness, Van Ness and Warr (2001), it is expected that GH1988, GKN1991, 

LSB1995, HS1997, and MRR1997 are to be within their theoretical range of zero and one. It is 

also expected that KL, CIR, AFPI, and RS to be positive. The computing process, however, yields 

many cases with implausible values outside these ranges, and are assigned ‘NA’. This table 

reports the number of cases with invalid values. For other measures that are not reported here, the 

estimation process guarantees that they are always positive. HS1997 is the most problematic 

measure with more than 90% of cases falling outside its valid range and, thus, will not be 

considered in the analysis. N represents the total number of observations and N* represents the 

number of observations with implausible measures. For each measure, there are two rows of 

results. The first presents the results for the director dealing or announcement days (the event 

days), and the second row (suffixed .C) presents the results for five consecutive comparable days 

(the same weekdays before or after the event days). 

 

 Days with director 

detected deals and 

comparable days 

Days with director 

undetected deals and 

comparable days 

Days with 

announcement of 

director deals and 

comparable days 

 N N* % N N* % N N* % 

KL 349 0 0% 1455 32 2% 1517 26 2% 

KL.C 1745 28 2% 7275 146 2% 7585 155 2% 

CIR 349 2 1% 1455 26 2% 1517 21 1% 

CIR.C 1745 30 2% 7275 125 2% 7585 122 2% 

AFPI 349 20 6% 1455 84 6% 1517 90 6% 

AFPI.C 1745 93 5% 7275 368 5% 7585 409 5% 

RS 349 55 16% 1455 275 19% 1517 341 22% 

RS.C 1745 373 21% 7275 1686 23% 7585 1699 22% 

GH1988 349 2 1% 1455 5 0% 1517 4 0% 

GH1988.C 1745 69 4% 7275 253 3% 7585 260 3% 

GKN1991 349 7 2% 1455 13 1% 1581 12 1% 

GKN1991.C 1745 13 1% 7275 55 1% 7905 44 1% 

LSB1995 349 3 1% 1455 5 0% 1517 1 0% 

LSB1995.C 1745 0 0% 7275 9 0% 7585 5 0% 

MRR1997 349 74 21% 1455 370 25% 1517 381 25% 

MRR1997.C 1745 378 22% 7275 1706 23% 7585 1744 23% 

HS1997 349 314 90% 1455 1318 91% 1517 1383 91% 

HS1997.C 1745 1560 89% 7275 6656 91% 7585 6926 91% 
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Table 5.3 Daily illiquidity and adverse selection measures on the event days compared to the comparable days 

This table presents eleven daily adverse selection measures. KL (Kyle, 1985), AFPI (aggregated 5-minute price impact), TRVR (Trade-related variance ratio, Hasbrouck (1991a)), CIR 

(Cumulative Impulse Response, Hasbrouck (1991a)), RS (aggregated realised spread), and ES (aggregated effective spread) are calculated following Collin-Dufresne and Fos (2015). 

GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul, and Nimalendran,1991), LSB1995 (Lin, Sanger, and Booth, 1995), HS1997 (Huang and Stoll, 1997), and MRR1997 

(Madhavan, Richardson, and Roomans, 1997) are estimated following Van Ness, Van Ness and Warr (2001). Columns 'E' show the average measures on the event day; columns 'C' 

show the average measures on the comparable days. Measures on comparable days are the average over five selected non-confounding comparable days which are the same weekday 

as the event date. All measures are 99% winsorised.  

 
  

All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales Points   
E C t-test E C t-test E C t-test E C t-test E C t-test  

K
L

x
1
0

6
 

Detected 2.35 2.47 -1.79* 2.47 2.50 -0.16 2.49 2.65 -1.59 2.24 2.41 -0.98 2.16 2.26 -0.78 2+2+0+0+0=4 

Detected–A 2.53 2.71 -1.43 1.14 1.92 -2.54* 2.60 2.76 -1.08 6.70 6.33 NA 1.94 1.51 NA 

Detected–O 2.24 2.39 -1.38 2.24 2.39 -0.57 2.33 2.71 -1.99* 2.37 2.34 0.11 2.12 2.20 -0.42 

Detected–N 2.39 2.42 -0.29 3.01 2.74 1.40 2.34 2.06 1.28 1.95 2.33 -1.62 2.22 2.38 -0.72 

Undetected 2.19 2.40 -6.22*** 2.01 2.25 -2.24** 2.04 2.23 -4.65*** 2.74 3.09 -2.43** 2.61 2.85 -2.66*** 

Announcement 2.19 2.32 -3.91*** 2.14 2.31 -1.66* 2.14 2.16 -0.61 2.50 2.65 -1.42 2.26 2.67 -4.92*** 

T
R

V
R

 

Detected 0.02 0.02 -5.20*** 0.02 0.03 -1.56 0.02 0.02 -1.63 0.02 0.03 -2.98*** 0.01 0.02 -4.81*** 4+2+0+0+0=6 

Detected–A 0.02 0.03 -0.85 0.03 0.02 0.55 0.02 0.03 -0.85 0.06 0.05 NA 0.00 0.03 -25.29** 

Detected–O 0.02 0.02 -3.35*** 0.02 0.02 -0.90 0.01 0.02 -0.88 0.02 0.02 -0.56 0.01 0.02 -4.42*** 

Detected–N 0.02 0.03 -4.73*** 0.02 0.03 -1.69 0.02 0.03 -1.96* 0.01 0.03 -3.96*** 0.02 0.02 -2.00* 

Undetected 0.02 0.03 -10.38*** 0.02 0.02 -3.20*** 0.02 0.02 -9.06*** 0.02 0.03 -1.26 0.02 0.03 -4.26*** 

Announcement 0.02 0.02 -10.77*** 0.02 0.02 -2.07** 0.02 0.02 -9.40*** 0.02 0.03 -1.94* 0.02 0.02 -5.11*** 

C
IR

 x
1
0

3
 

Detected 0.63 0.97 -6.54*** 0.84 1.04 -1.68* 0.84 1.15 -3.26*** 0.42 0.96 -3.66*** 0.32 0.67 -5.44*** 4+3+0+0+0=7 

Detected–A 0.90 1.29 -3.01*** 0.80 0.58 0.65 0.89 1.33 -3.04*** 3.41 4.36 NA 0.04 0.46 -6.06 

Detected–O 0.57 0.83 -3.65*** 0.81 1.03 -1.37 0.82 0.87 -0.29 0.53 0.73 -1.14 0.27 0.71 -4.63*** 

Detected–N 0.52 0.93 -4.74*** 0.89 1.13 -1.28 0.62 0.98 -3.19*** 0.20 1.07 -3.75*** 0.40 0.63 -2.69** 

Undetected 0.76 1.08 -10.48*** 0.69 0.92 -2.89*** 0.677 0.996 -8.72*** 1.20 1.57 -2.84*** 0.92 1.27 -4.31*** 

Announcement 0.69 0.97 -10.61*** 0.81 0.97 -2.07** 0.631 0.919 -8.40*** 0.92 1.19 -2.76*** 0.69 1.06 -5.76*** 

A
F

P
Ix

1
0

3
 

Detected 0.55 0.59 -2.407** 0.60 0.61 0.042 0.57 0.57 -0.345 0.52 0.59 -2.144** 0.53 0.60 -2.864*** 1+1+0+0+0=2 

Detected–A 0.55 0.56 -0.566 0.55 0.54 0.062 0.54 0.55 -0.55 1.18 1.14 NA 0.60 0.67 -2.478 

Detected–O 0.56 0.58 -1.179 0.57 0.57 0.387 0.67 0.62 0.572 0.51 0.57 -1.264 0.50 0.57 -2.045** 

Detected–N 0.55 0.63 -2.305** 0.64 0.68 -0.357 0.48 0.53 -0.671 0.49 0.60 -1.818* 0.56 0.64 -1.923* 

Undetected 0.56 0.57 -2.217** 0.57 0.56 0.33 0.54 0.56 -1.997** 0.60 0.60 -0.061 0.61 0.63 -1.554 

Announcement 0.56 0.58 -2.908*** 0.55 0.58 -1.478 0.56 0.57 -0.869 0.58 0.59 -1.084 0.57 0.62 -3.028*** 

Table 5.3 continues on the next page. 
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Table 5.3… continued 
  

 
All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales Points  
E C t-test E C t-test E C t-test E C t-test E C t-test  

R
S
 x

1
0

3
 

Detected 1.32 1.36 -0.671 1.65 1.26 1.339 1.25 1.49 -1.48 1.28 1.07 0.486 1.20 1.44 -1.224 4 
+2 

+1 

+0 
+0 

=7 

Detected–A 1.24 1.18 0.045 0.28 1.49 -1.681 1.22 1.15 0.108 NA 0.34 NA 4.36 1.74 1.383 

Detected–O 1.55 1.54 -0.03 2.35 1.39 2.228** 1.53 1.91 -1.255 0.79 1.15 -1.137 1.42 1.60 -0.606 

Detected–N 1.06 1.24 -1.305 1.04 1.07 -0.437 0.75 2.03 -2.628** 1.79 1.03 1.394 0.71 1.18 -2.386** 

Undetected 1.17 1.35 -3.179*** 1.29 1.44 -0.876 1.12 1.34 -3.095*** 1.26 1.42 -0.842 1.30 1.35 -0.406 

Announcement 1.12 1.46 -5.805*** 1.02 1.32 -1.822* 1.07 1.41 -4.296*** 1.36 1.81 -1.717* 1.22 1.56 -3.05*** 

E
S
 x

1
0

3
 

Detected 1.56 1.67 -1.063 1.79 1.57 0.869 1.49 1.80 -1.836* 1.47 1.38 0.353 1.52 1.74 -1.164 4 
+3 

+0 

+0 
+0 

=7 

Detected–A 1.42 1.50 -0.36 0.77 2.10 -1.771 1.40 1.45 -0.228 1.15 1.08 NA 4.47 1.85 1.659 

Detected–O 1.79 1.87 -0.429 2.36 1.69 1.566 1.86 2.37 -1.831* 1.13 1.42 -0.999 1.69 1.88 -0.642 

Detected–N 1.34 1.52 -1.172 1.30 1.34 -0.245 1.11 2.09 -1.998* 1.81 1.35 1.043 1.12 1.53 -2.347** 

Undetected 1.42 1.60 -3.664*** 1.57 1.67 -0.544 1.37 1.57 -3.507*** 1.46 1.69 -1.171 1.55 1.63 -0.801 

Announcement 1.32 1.66 -7.441*** 1.25 1.57 -2.363** 1.29 1.61 -5.488*** 1.49 1.87 -1.986** 1.37 1.78 -4.151*** 

Table 5.3 continues on the next page.  
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Table 5.3… continued 

  

 
All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales Points  
E C t-test E C t-test E C t-test E C t-test E C t-test  

G
H

1
9

8
8

 

Detected 0.44 0.46 -2.921*** 0.43 0.44 -0.733 0.45 0.47 -2.19** 0.45 0.44 0.495 0.44 0.47 -2.848*** 4 

+2 

+0 

+0 

+0 

=6 

Detected–A 0.44 0.46 -1.466 0.35 0.39 -1.753 0.44 0.46 -1.377 0.54 0.46 NA 0.44 0.44 0.037 

Detected–O 0.43 0.46 -3.448*** 0.42 0.44 -1.136 0.45 0.48 -1.796* 0.41 0.40 0.655 0.43 0.49 -3.985*** 

Detected–N 0.47 0.46 0.249 0.47 0.46 0.664 0.47 0.48 -0.552 0.49 0.48 -0.041 0.44 0.44 0.256 

Undetected 0.41 0.44 -8.839*** 0.42 0.45 -3.115*** 0.41 0.43 -6.594*** 0.45 0.47 -2.539** 0.41 0.44 -4.414*** 

Announcement 0.42 0.44 -6.433*** 0.44 0.47 -4.086*** 0.42 0.43 -3.79*** 0.44 0.46 -1.857* 0.43 0.45 -3.715*** 

G
K

N
1

9
9

1
 

Detected 0.50 0.50 1.389 0.49 0.49 0.593 0.51 0.51 1.06 0.50 0.49 1.146 0.49 0.49 0.017 0 

+0 

+0 

+0 

+0 

=0 

Detected–A 0.51 0.51 -0.065 0.54 0.52 1.077 0.50 0.51 -0.432 0.47 0.49 NA 0.55 0.51 0.616 

Detected–O 0.50 0.49 1.665* 0.48 0.48 -0.202 0.55 0.52 2.603** 0.49 0.47 1.242 0.49 0.49 0.076 

Detected–N 0.50 0.50 0.49 0.50 0.49 0.771 0.50 0.50 -0.225 0.52 0.52 0.467 0.49 0.50 -0.312 

Undetected 0.50 0.50 0.33 0.50 0.51 -0.42 0.50 0.50 0.695 0.50 0.51 -0.424 0.50 0.50 0.078 

Announcement 0.50 0.50 3.399*** 0.50 0.50 0.29 0.50 0.50 2.889*** 0.51 0.50 1.204 0.51 0.50 1.633 

L
S

B
1

9
9

5
 

Detected 0.295 0.299 -0.731 0.274 0.299 -1.553 0.305 0.309 -0.342 0.320 0.302 1.041 0.282 0.286 -0.435 0 

+0 

+0 

+1 

+0 

=1 

Detected–A 0.312 0.308 0.279 0.344 0.279 1.388 0.313 0.310 0.189 0.388 0.435 NA 0.169 0.282 -1.335 

Detected–O 0.282 0.284 -0.229 0.257 0.286 -1.339 0.306 0.316 -0.47 0.313 0.267 2.335** 0.268 0.269 -0.253 

Detected–N 0.298 0.314 -1.152 0.280 0.319 -1.431 0.266 0.289 -0.603 0.325 0.330 -0.142 0.308 0.310 -0.09 

Undetected 0.292 0.300 -2.306** 0.283 0.299 -1.233 0.291 0.295 -0.966 0.311 0.311 -0.027 0.292 0.314 -2.705*** 

Announcement 0.302 0.298 1.297 0.304 0.305 -0.068 0.300 0.293 1.639 0.310 0.306 0.269 0.306 0.306 -0.062 

M
R

R
1

9
9

7
x

1
0

3
 Detected 1.92 1.77 2.154** 1.91 1.46 2.563** 2.12 2.07 0.392 1.81 1.71 0.739 1.72 1.64 0.656 1 

+0 

+2 

+0 

+0 

=3 

Detected–A 2.10 2.02 0.608 0.84 1.17 -0.749 2.19 2.09 0.712 5.90 5.21 NA 0.82 0.59 0.584 

Detected–O 1.96 1.76 1.834* 1.97 1.22 2.373** 2.14 2.09 0.21 1.66 1.53 0.86 1.99 2.02 -0.179 

Detected–N 1.73 1.60 1.057 2.05 1.81 1.728* 1.78 1.98 -0.497 1.81 1.76 0.19 1.38 1.15 0.997 

Undetected 1.73 1.73 0.238 1.91 1.82 0.66 1.56 1.57 -0.266 2.29 2.44 -1.104 2.09 1.99 1.183 

Announcement 1.62 1.71 -2.99*** 1.77 1.74 0.4 1.47 1.58 -2.781*** 1.94 2.05 -0.719 1.86 2.00 -1.596 

H
S

1
9

9
7
 

Detected 0.069 0.055 0.723 0.074 0.068 0.368 0.076 0.049 0.824 NA 0.063 NA 0.045 0.054 -0.5 0 

+0 

+1 

+0 

+0 

=1 

Detected–A 0.069 0.060 0.082 0.033 0.140 NA 0.077 0.059 0.598 NA NA NA NA 0.005 NA 

Detected–O 0.062 0.050 0.293 0.063 0.065 0.202 0.074 0.042 0.507 NA 0.058 NA 0.045 0.049 -0.5 

Detected–N 0.104 0.060 4.964** 0.104 0.063 4.964** NA 0.032 NA NA 0.067 NA NA 0.068 NA 

Undetected 0.063 0.057 0.906 0.088 0.071 0.272 0.057 0.057 0.635 0.050 0.051 -0.062 0.073 0.050 0.991 

Announcement 0.061 0.054 -0.234 0.066 0.064 -0.718 0.058 0.056 0.552 0.058 0.051 -0.385 0.070 0.046 -0.105 
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that these four measures can capture, but somewhat weakly, the presence of adverse 

selection due to informed and upstairs director trading on the trading days. However, it 

can also be the case that adverse selection costs due to these trades are too small to reflect 

significant changes in such measures. The results of the other two measures of RS and 

ES, tell different stories. On average across all deals, and relative to comparable days, 

these two measures show significantly lower values (similar to the results in Collin-

Dufresne and Fos (2015)) on days of downstairs undetected trades. However, when 

dissecting the measures by dealing purpose and means of execution, these measures are 

distinctly higher on days of upstairs discretionary purchases. They are higher on days of  

 

director ordinary discretionary purchases, and the difference from comparable days is 

only significant for RS. They are also higher on days of director negotiated discretionary 

sales, which carry negative future information, although the differences from comparable 

days are not significant. On days of director non-discretionary purchases, which do not 

carry information, there are significantly lower values for these two measures, regardless 

of the means of execution. There are similar results but less significantly on days of non-

discretionary sales, which are less informative than discretionary sales. Overall, there are 

some evidence from RS and ES that illiquidity costs are significantly lower when director 

trades are non-informative and higher when directors trade upstairs and when their trades 

are informative (i.e., discretionary purchases, discretionary sales, and non-discretionary 

sales), compared to comparable days. This shows that while non-informed director trades 

increase stock liquidity and, consequently, result in lower illiquidity costs (RS, ES), 

informed director trades actually increase illiquidity costs because of higher information 

asymmetry, especially when directors use the upstairs market to execute their trades. On 

days of ordinary discretionary purchases, RS shows that the increase in illiquidity costs 

due to adverse selection seems to outweigh the liquidity effects provided by director 

trades, leading to significantly higher values for the measure. However, ES shows that the 

increase in adverse selection and illiquidity costs (due to adverse selection) is not strong 

enough to wipe out the positive liquidity effects of these trades and, hence, there are 

higher measures that do not differ significantly from comparable days for ordinary 

discretionary purchases. In addition, without dissecting the measures by dealing purpose 

and means of execution, this analysis might end up with the same conclusion as in Collin-

Dufresne and Fos (2015). Thus, the variables of dealing purpose and means of execution 

benefit this study and provide more insights into these adverse selection measures. 
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While the empirical results of Collin-Dufresne and Fos (2015) are relevant to the trading 

date of informed trading only, this analysis also considers adverse selection measures on 

the announcement days. This analysis shows that all six measures (KL, TRVR, CIR, AFPI, 

RS, and ES) give consistent results of lower adverse selection costs on the announcement 

days. Accordingly, they effectively reflect a decrease in adverse selection costs (lower 

KL, TRVR, CIR, and AFPI) and illiquidity costs (lower RS) or both (lower ES) on the 

release of public information. These findings shed more light on the effectiveness of these 

measures in capturing information asymmetry and thus provide the first evidence against 

Collin-Dufresne and Fos (2015). The evidence of significantly lower RS shows that while 

RS is supposed (by definition) to measure the illiquidity impact on a dealer’s profit, it 

actually captures some portion of adverse selection costs. On the announcement days, 

there is only the arrival of public information and no arrival of actual informed trades. 

Thus, RS should stay unchanged if it is meant to measure illiquidity costs. This evidence 

confirms my conjecture that there is significant interaction between adverse selection 

costs and illiquidity costs and if a model does not directly or indirectly control for this 

interaction, the adverse selection measure derived from the model might be less accurate. 

 

In addition, two out of the first six measures (i.e., RS and ES) are more successful in 

detecting the presence of informed traders on the trading days, especially when the trades 

are executed upstairs with implied private information. The other four measures (KL, 

TRVR, CIR, and AFPI) also show similar findings but with weaker evidence. There are 

no lower measures on days of upstairs and informed trades as there are for downstairs and 

uninformed trades. This finding is distinctly different from Collin-Dufresne and Fos 

(2015) and implies that informed upstairs trades increase adverse selection costs and/or 

increase illiquidity. KL, TRVR, CIR, and AFPI are lower on director trading days on 

average, regardless of dealing purpose or means of execution. This average result is 

consistent with the findings in Collin-Dufresne and Fos (2015). However, when 

dissecting director deals by purpose and means of execution, this analysis finds that the 

decrease in adverse selection costs is more significant on days of uninformed and/or 

downstairs director trades, but is neither significantly higher nor lower on days of 

informed and upstairs director trades. This detailed evidence shows that KL, TRVR, CIR, 

and AFPI can also capture the adverse selection cost increase due to director informed 

trades, however in a weaker manner compared to RS and ES. This evidence, therefore, 

sheds more light on the effectiveness of adverse selection measures, compared to Collin-

Dufresne and Fos (2015). KL, TRVR, CIR, and AFPI might overweigh positive liquidity 
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effects that offset adverse selection costs from the informed trades, while RS and ES might 

overweigh illiquidity and adverse selection costs from the informed trades. In addition, 

the actual adverse selection costs due to director informed trades can also be too small to 

lead to significant changes in the values of KL, TRVR, CIR, and AFPI. 

 

Regarding the effects of stealth-trading strategies, there is no evidence of higher adverse 

selection costs on days of undetected discretionary purchases (i.e., with stealth trading; 

see the fourth row of Table 5.3 for each measure), compared to days of detected 

discretionary purchases (i.e., with non-stealth trading; see the first row of Table 5.3 for 

each measure). There is also no evidence of higher adverse selection costs on days of 

detected (i.e., non-stealth trading) discretionary sales, compared to days of undetected 

(i.e., stealth trading) discretionary sales. Thus, stealth trading does not create significant 

changes in the information asymmetry level as captured by all these six measures. 

However, the above findings show higher values when informed trades are executed 

upstairs. It seems that the level of adverse selection costs is higher if UK directors choose 

to trade upstairs, which is consistent with the prior literature on the ability of the upstairs 

markets in screening trades (Seppi, 1990; Madhavan and Cheng, 1997; Smith, Turnbull 

and White, 2001). While most of the detected trades are upstairs (Table 3.5), a portion of 

them are downstairs trades. The differences in the informational asymmetry level of 

upstairs and downstairs trades within the sub-sample of detected trading days lead to the 

insignificant difference between detected and undetected trading days. Therefore, this 

analysis attributes the significant differences in adverse selection costs to the means of 

trading execution (i.e., upstairs or downstairs), and not directly to whether directors use 

or do not use stealth-trading strategies. However, it is important to note the closeness of 

upstairs and non-split-order trades. Overall, there is evidence that director upstairs trades, 

either ordinary or negotiated, increase adverse selection and illiquidity costs and RS, and 

ES can capture this increase in a clearer manner than KL, TRVR, CIR, and AFPI. This is 

consistent with Van Ness, Van Ness and Warr (2001) in which they find the spread only 

can do a better job in capturing information asymmetry than any adverse selection 

component. 

 

In the following five paragraphs, the analysis is extended by investigating the other five 

measures of adverse selection costs discussed in Sub-sections 5.2.8 to 5.2.12, namely: 

GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul and Nimalendran,1991), 
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LSB1995 (Lin, Sanger and Booth, 1995), MRR1997 (Madhavan, Richardson and 

Roomans, 1997), and HS1997 (Huang and Stoll, 1997).  

 

GH1988 shows similar results to KL, TRVR, CIR, and AFPI. While it is significantly 

lower on days of director downstairs trades compared to comparable days, it is not on 

days of director upstairs trades. GH1988 is significantly lower on days of non-

discretionary trades but not on days of discretionary trades, especially with upstairs 

trades. Thus, again, there is evidence that while non-discretionary trades add liquidity 

(evidenced by lower RS and ES) to the market, upstairs discretionary trades do not. In 

other words, the rising adverse selection costs of these informed director trades offset 

partly their positive liquidity effect that might be observed from uninformed director 

trades. GH1988 is also significantly lower on the announcement days of all dealing 

purposes. Overall, the results on GH1988 support a higher level of adverse selection costs 

on days of director upstairs informed trades as well as lower level on the announcement 

days of informed purchases. 

 

GKN1991 behaves differently to the above measures. It is not significantly lower on 

announcement days of all dealing purposes. It is higher on the announcement days of non-

discretionary purchases, which are definitely uninformed trades. It also captures a 

significantly higher level of adverse selection on days of detected ordinary non-

discretionary purchases. The measure is neither significantly lower nor higher on days of 

discretionary purchases. This measure does not capture any impact on adverse selection 

costs on either trading days or announcement days of director informed trades. It even 

shows a contradict finding that the measure is higher on the trading and announcement 

days of the director deals that are deemed to be uninformed. GKN1991 is the least 

effective measure. 

 

LSB1995 does not show significantly higher or lower adverse selection and illiquidity 

effects on announcement days for any dealing purpose. For trading days, it is significantly 

lower on days of downstairs non-discretionary sales (automatic detected and undetected 

trades), compared to comparable days.  Similarly, there is an insignificant lower level of 

LSB1995 on days of downstairs discretionary purchases. However, it is significantly 

higher on days of upstairs ordinary discretionary sales. Thus, downstairs non-

discretionary sales and discretionary purchases reduce adverse selection costs while 

upstairs ordinary discretionary sales increase adverse selection costs. LSB1995 does not 
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capture the adverse selection costs of public information on any announcement days, but 

can distinctly capture the adverse selection costs of private information of upstairs 

ordinary discretionary sales.  

 

MRR1997 is lower on the announcement days but only significant for non-discretionary 

purchases. Thus, while LSB1995 does not capture significant changes in adverse selection 

costs on announcement days, MRR1997 does, which implies that public announcements 

of non-discretionary purchases (uninformed trades) decrease adverse selection and 

illiquidity costs. However, MRR1997 is not significantly lower on announcement days of 

informed trades (discretionary purchases and sales, and non-discretionary sales). The 

announcements of informed trades might increase the level of adverse selection costs. 

MRR1997 shows clear evidence that the market interprets non-discretionary purchases as 

straightforward uninformed trades and the market benefits from such transparent news. It 

also shows that the public announcements of other dealing purposes contain a certain 

level of uncertainty as the market might question the actual motives of such trades. It is 

not entirely clear to the market whether a discretionary purchase (sale) carries positive 

(negative) information and how much positive (negative) such a signal carries. In 

addition, MRR1997 is significantly higher on days that directors buy upstairs 

discretionarily with both ordinary and negotiated trades. Overall, the results indicate an 

increasing level of adverse selection costs due to director upstairs discretionary purchases 

and that these trades increase the adverse selection costs on both their trading and 

announcement days. However, the increase on the announcement days is offset partly due 

to the arrival of public information and, hence, there is an insignificantly higher level of 

MRR1997 on the announcement day of discretionary purchases. There are similar but not 

significant results on trading days of discretionary sales. MRR1997 is not significantly 

lower on trading days of upstairs discretionary sales. On the announcement days of 

discretionary sales, there is evidence that the implied negative private information of 

discretionary sales increases the adverse selection costs enough to offset the effects of 

public information and results in insignificantly lower measure. In addition, while 

MRR1997 is higher on days of upstairs discretionary purchases, it is not significantly 

higher on trading days of discretionary sales (which are more long-term informative). 

Therefore, the market is less efficient in reacting to long-term informed sales than to 

short-term informed purchases. Overall, the evidence indicates that MRR1997 captures 

adverse selection or illiquidity aspects of informed trades, especially upstairs 

discretionary purchases. In addition, the results show that MRR1997 can capture a clearer 
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uncertainty resolution period on trading and announcement days of discretionary 

purchases. This is distinct evidence, unobserved in other measures, that the market, in 

general, reacts quicker to short-term informed purchases (within a day that is examined) 

than to long-term informed sales. This is consistent with the analysis in Chapter 4 that 

discretionary purchases carry only short-term mispricing information while discretionary 

sales carry long-term negative information or that the market reacts quicker with good 

news than with bad news. It is not clear, however, whether the quick reaction is due to 

buy-sell asymmetry or the longevity of the information. Long-lived information is more 

difficult to uncover than short-lived information.  

 

HS1997 is the most problematic measure, since about 90% of its calculated values are 

outside their theoretical range of zero and one. The results for this measure are therefore 

less valid as removing a large number of implausible values reduce the number of 

remaining observations significantly. In some cases, such as on days of negotiated 

discretionary sales, there are not enough observations to perform the test. However, with 

the small number of remaining permissible values for HS1997, it is found that the measure 

is distinctively and significantly higher on days of negotiated discretionary purchases. 

This provides another evidence, although weak, that negotiated informed trades increase 

adverse selection costs. 

 

Although the last five measures of adverse selection costs do not entirely agree on 

whether there is higher information asymmetry on trading and announcement days of 

directors, the partitioning by dealing purpose and means of execution provides some 

evidence from each of the measures (except GKN1991) that the arrival of public 

announcements reduces adverse selection costs while the occurrence of informed trades 

upstairs increases these costs. Thus, there are high adverse selection costs of director 

informed trades on the downstairs market, especially when directors trade upstairs. 

Overall, this supports the important role of the upstairs market in screening and 

discovering informed trading and transferring the price impact to the downstairs market. 

Such higher adverse selection costs cannot be observed or discovered by the market if 

directors trade downstairs. This finding supports the literature that informed traders can 

use the downstairs market to hide their informed trades as in Grossman (1992). 

 

Although Collin-Dufresne and Fos (2015) and Van Ness, Van Ness and Warr (2001) 

present evidence that these adverse selection measures are not successful in detecting 
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informed trading, this analysis finds that these measures are not entirely unsuccessful in 

doing so. The analysis finds that each measure can pick up the increase in adverse 

selection costs due to informed trading, especially when the trades are executed upstairs. 

Therefore, with the dissection of trades into sets of informed versus uninformed trades 

made by UK directors, this analysis revisits these two papers by examining the 

effectiveness of these measures in capturing informational asymmetry. Chapter 4 shows 

that discretionary purchases, discretionary sales, and non-discretionary sales are 

classified as trades motivated by private information, while non-discretionary purchases 

are not. In addition, discretionary purchases (sales) are more likely to be motivated by 

short-term (long-term) private information and short-lived private information is easier 

to be uncovered than long-lived information. Non-discretionary sales are short-term 

informative, long-term informative, or both, but are less informed than discretionary 

sales. This analysis shows that adverse selection measures can capture certain level of 

informational asymmetry when there are informed trades and the magnitude of the level 

is consistent with their implied level of private information. 

 

An additive point system is used to compare the effectiveness of each measure. Each 

measure earns one point if it shows one of the following relative to comparable days: 1) 

an insignificantly lower value on the announcement days of each group of dealing purpose 

(maximum 4 points); 2) an insignificantly lower value on days of non-discretionary 

purchases of each execution method (maximum 4 points); 3) an insignificantly higher 

value on days of discretionary purchases of each execution method (maximum 4 points); 

4) an insignificantly higher value on days of discretionary sales of each execution method 

(maximum 4 points); and 5) an insignificantly higher value on days of non-discretionary 

sales of each execution method (maximum 4 points). Accordingly, a measure can earn a 

maximum of 20 points. A summary of the comparison between the measures using this 

point system is presented in the last column in Table 5.3. The results show that the most 

effective measures are TRVR, RS, ES, CIR, and GH1988, with 7 points for CIR, RS, ES, 

and 6 points for TRVR, and GH1988. The moderately effective measures are AFPI, 

MRR1997, and KL with 2 to 4 points. The least effective measures are GKN1991, 

LSB1995, and HS1997 with 0 or 1 point. The result for HS1997 might be affected by the 

calculation process that yields too many out-of-range values.  

 

There are two possible reasons that might explain the lack of effectiveness of some 

measures. First, the measures are estimated on a daily basis, which might be too long an 
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interval, while the change in adverse selection costs due to director informed trading 

might be small and can be diluted over the trading day. Shorter measuring intervals might 

be more useful in studying which measure is (more) effective. Section 5.6 will address 

this issue. Second, as mentioned in Collin-Dufresne and Fos (2015) that due to insiders’ 

choice of their trading strategies, they may change their role from liquidity demanders to 

liquidity suppliers (i.e., from submitting a market order to submitting a limit order). 

Hence, the supposed increase in adverse selection costs is offset by the decrease in the 

liquidity premium, i.e., lower (illiquidity) measure, if they supply liquidity. They might 

decide to supply liquidity by submitting limit orders or demand liquidity by submitting 

market orders. Obviously, it is uncertain, and is a personal choice by UK directors, 

whether they supply or demand liquidity. Hence, changes in the role played by directors 

with regard to their use of market orders or limit orders might cause failures of these 

measures in capturing actual informed trading. 

 

This analysis also groups adverse selection measures according to their behaviour. The 

first group, consisting of RS, and ES show consistent and significant results of higher 

measures on days of upstairs informed director trades. However, by definition, these two 

measures do not directly capture adverse selection costs. RS captures the temporary price 

impact of a trade or the illiquidity costs, while ES is the sum of the temporary impact and 

the permanent impact. On announcement days, there is significantly lower RS, which is 

not expected as there is only public information arrival and no actual director trades. This 

evidences that RS also captures some part of adverse selection costs. The second group, 

consisting of KL, TRVR, CIR, AFPI, and GH1998, show consistent but less significant 

results. The third group, which consist of LSB1995 and MRR1997, clearly show 

significant higher adverse selection costs on days of upstairs informed trades. It is 

important to note the evidence that LSB1995 can capture the adverse selection costs of 

private information of upstairs discretionary sales even if it does not capture the adverse 

selection costs of public information on any announcement days. The fourth group, 

consisting of GKN1991, which shows contradictory results to those of the other measures, 

and HS1997, which shows little supporting evidence to that of the other two groups but 

with an estimation problem that yields too many values outside its theoretical range.  

 

In conclusion, this analysis collectively finds evidence of higher adverse selection and 

illiquidity costs when directors execute their informed trades upstairs using a broad range 

of adverse selection and illiquidity measures that are commonly used in market 
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microstructure. There are lower values for the measures on days in which directors 

execute their trades (uninformed trades) downstairs (upstairs). In addition, it is found that 

the arrival of public announcements of director dealings reduces adverse selection costs. 

However, the decrease of adverse selection costs is lower on the announcement days of 

more informed deals. This shows that the market is still uncertain on how to address the 

underlying private information implied in the newly revealed information. This analysis, 

therefore, contributes by shedding light on the findings of Collin-Dufresne and Fos 

(2015). They find consistent evidence that adverse selection and illiquidity costs are lower 

on days of insider dealing. This analysis agrees with this when directors trade downstairs 

or upstairs without private information or trade downstairs with private information, but 

differs when directors trade upstairs with private information. One explanation of the 

difference between this study and Collin-Dufresne and Fos (2015) is that their deal data 

might not include upstairs trades, or that US large shareholders do not choose to trade 

upstairs, which would be consistent with their far lower matching rate between directors 

deals and actual market trades relative to this thesis’ matching rate (as discussed in 

Section 3.5). This conjecture is also consistent with their justification that insiders are 

supplying liquidity to the market, which likely happens when directors trade downstairs 

using limit orders, even when they trade with implied private information, thus resulting 

in lower adverse selection costs or higher liquidity.  

 

5.5 Relationships between adverse selection measures and firm and deal 

fundamentals 

This section uses OLS regressions to examine whether or not daily adverse selection costs 

are driven by fundamental characteristics, such as firm size and deal size. Each of the 

eleven daily adverse selection measures is considered in turn as an independent variable 

in the regression. The dependent variables include the natural logarithm of deal size, the 

natural logarithm of firm size, the stated dealing purpose, and means of trading execution. 

The model is as follows: 

𝐴𝑑𝑣𝑒𝑟𝑠𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒

= 𝛽0 + 𝛽𝑑𝑒𝑎𝑙 𝑠𝑖𝑧𝑒 . ln(𝑑𝑒𝑎𝑙 𝑠𝑖𝑧𝑒) + 𝛽𝑓𝑖𝑟𝑚 𝑠𝑖𝑧𝑒 . ln(𝑓𝑖𝑟𝑚 𝑠𝑖𝑧𝑒)

+ 𝛽𝑛𝑝. 𝑁𝐷𝑃 + 𝛽𝑠. 𝐷𝑆 + 𝛽𝑛𝑠. 𝑁𝐷𝑆 + 𝛽𝑂. 𝑂𝑟𝑑𝑖𝑛𝑎𝑟𝑦 

+ 𝛽𝑁 . 𝑁𝑒𝑔𝑜𝑡𝑖𝑎𝑡𝑒𝑑 +  휀 

 

 

(5.21) 

where NDP, DS, and NDS are dummy variables that equal 0 if the director deal is a 

discretionary purchase, or 1 if it is a non-discretionary purchase, discretionary sale, or 
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non-discretionary sale, respectively; Ordinary and Negotiated are dummy variables that 

equal 0 if the director deal is executed as an automatic trade, or 1 if it is executed as an 

ordinary or negotiated trade, respectively. 

 

Detected trades 

The regression results for detected trades are presented in Table 5.4. This analysis 

collectively finds evidence from KL, TRVR, CIR, AFPI, GH1988, GKN1991, LSB1995, 

and MRR1997 that there are significantly negative correlations between adverse selection 

and illiquidity costs and firm size. Larger firms are usually more liquid, followed by more 

analysts, and receive more public attention. Therefore, without informed trading, the 

normal level of adverse selection and illiquidity costs is lower for larger firms than for 

smaller firms. This explanation is supported by past studies of Jones, Kaul and Lipson 

(1994), Kavajecz (1999) and Lakonishok and Lee (2001) that show firm size and 

information asymmetry are negatively related. The increase in adverse selection costs 

(captured by these measures, when informed trading occurs) might be too small to lift up 

the overall low adverse selection and illiquidity costs for large firms. In addition, these 

measures have significant negative relationships with deal size, except for AFPI. Thus, 

they are lower on days of larger director trades, which is evidence of the positive liquidity 

effects (or lower illiquidity costs) of these large trades that decrease the daily adverse 

selection cost measures. 

 

However, there are no negative relationship between adverse selection measures and firm 

size/deal size for RS, and ES. These measures behave differently than the measures 

discussed in the previous paragraph. AFPI is the permanent component of the effective 

spread ES, while RS is its temporary component. Higher values for RS and ES, therefore, 

might reflect that although adverse selection costs are lower for larger firms, the 

illiquidity costs and the spreads are not necessarily lower. 

 

The results also show that some measures are significantly higher on days that UK 

directors trade upstairs, compared to days when they trade downstairs. The measures KL, 

CIR, GH1988, GKN1991, and MRR1997 are higher on days with negotiated trades than 

on days with automatic trades. However, the differences are only significant for KL, 

GH1988, GKN1991, and MRR1997. Similarly, on days of ordinary trades, significantly 

higher KL, CIR, GKN1991, and MRR1997, and nearly significantly higher AFPI and 

GH1988 compared to those on days of downstairs trades are observed. This is evidence 
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that the capability of the measures to capture the asymmetric information aspect of 

informed trading is dependent on the means by which the informed trades are executed. 

Ordinary trades seem to be a little more easily detectable using these measures than 

negotiated trades. There are more measures that show higher level on days of ordinary 

trades. Given that ordinary trades are subject to pre-trade transparency requirements while 

negotiated trades are not, the results suggest that pre-trade transparency plays an 

important role in speeding up the price discovery process. However, some measures, 

including TRVR, RS, ES, LSB1995, and HS1997, show no significant difference between 

days of upstairs trades and days of downstairs trades. Measures, including KL, GKN1991, 

and MRR1997, do not distinguish between days of ordinary trades and days of negotiated 

trades. The inconsistency in the results from these different measures might be due to the 

use of one-day transaction data to estimate the measures. The adverse selection costs of 

director informed trades might be diluted or covered by other trading events over the 

trading day. Hence, it might not be ideal to use daily measures to estimate the presence 

of informed trading. This finding motivates an extended analysis that uses one-hour 

transaction data instead of one-day transaction data to estimate the measures. This 

analysis will be presented in Section 5.6.  

 

Undetected trades 

A similar regression is conducted for the undetected director trading days. The results are 

in Table 5.5. KL, TRVR, CIR, AFPI, GH1988, LSB1995, and MRR1997 show results that 

are consistent with those presented in Table 5.4 for detected trades, namely, that adverse 

selection costs are negatively correlated with deal size and firm size. The significance of 

these relationships is higher than in Table 5.4. The results in Table 5.5 also show that RS, 

and ES are significantly positively correlated with firm size and deal size in a clearer 

manner than in Table 5.4. In addition, there is consistent result of significantly lower 

adverse selection costs (measured by KL, TRVR, CIR, GH1988, and HS1997) on days of 

director non-discretionary purchases (which are not informative, according to Chapter 4) 

compared to days of discretionary purchases. Similarly, adverse selection costs (measured 

by KL, TRVR, CIR, GH1988, and LSB1995) are significantly higher on days of 

discretionary sales (which are the most negative informative, according to Chapter 4) 

compared to days of discretionary purchases. The results are similar for AFPI and 

GKN1991 although not significant. Some measures show that adverse selection costs are 

higher (significant for KL, TRVR, and CIR) on days of non-discretionary sales (which are 

less informative than discretionary sales). Overall, the evidence suggests that when  
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Table 5.4 OLS regression on different daily adverse selection measures of detected director trading days 

This table presents coefficient estimates of the following regression: 

𝐴𝑑𝑣𝑒𝑟𝑠𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 𝛽0 + 𝛽𝑑𝑠. Ln(𝑑𝑒𝑎𝑙 𝑠𝑖𝑧𝑒) + 𝛽𝑓𝑠. Ln(𝑓𝑖𝑟𝑚 𝑠𝑖𝑧𝑒) + 𝛽𝑛𝑝. 𝑁𝐷𝑃 + 𝛽𝑠. 𝐷𝑆 + 𝛽𝑛𝑠. 𝑁𝐷𝑆 + 𝛽𝑂 . 𝑂𝑟𝑑𝑖𝑛𝑎𝑟𝑦 + 𝛽𝑁 . 𝑁𝑒𝑔𝑜𝑡𝑖𝑎𝑡𝑒𝑑 +  휀, 

where NDP, DS, and NDS are dummy variables that take value of 0 if the directors’ deal is a discretionary purchase, and value of 1 if it is a non-

discretionary purchase, discretionary sale, or a -discretionary sale, respectively; Ordinary and Negotiated are dummy variables that take value of 0 if the 

director deal is an automatic trade, and value of 1 if it is an ordinary and negotiated trade. All adverse selection measures are winsorised at the 99th 

percentile. The t-statistics are underneath each coefficient estimates. ***, **, and * denote significance at 0.01, 0.5, and 0.1 levels, respectively. 

  KLx106 TRVR CIRx103 AFPI RS x103 ES x103 GH1988 GKN1991 LSB1995 MRR1997 

x103 

HS1997 

Constant 11.781*** 0.07*** 4.78*** 0.002*** 0.265 1.008 0.614*** 0.702*** 0.854*** 4.95*** 0.042 

  (13.7) (6.754) (9.948) (13.282) (0.214) (1.059) (8.195) (15.928) (10.656) (5.656) (0.382) 

Ln(deal size) -0.232*** -0.001** -0.147*** -8x10-6 0.044 0.018 -0.008** -0.005** -0.008** -0.312*** 0.006 

  (-5.086) (-2.338) (-5.747) (-1.011) (0.663) (0.359) (-2.008) (-2.101) (-1.995) (-6.709) (1.04) 

Ln(firm size) -0.869*** -0.004*** -0.33*** -2x10-4*** 0.124 0.06 -0.017** -0.021*** -0.056*** -0.161* -0.003 

  (-10.494) (-3.776) (-7.123) (-10.231) (1.052) (0.658) (-2.419) (-4.974) (-7.212) (-1.91) (-0.249) 

NDP -0.138 -0.006* -0.194 -8x10-6 -0.409 -0.243 0.022 0.027** 0.023 -0.131 0.037 

  (-0.526) (-1.804) (-1.331) (-0.168) (-1.098) (-0.84) (0.98) (2.05) (0.956) (-0.492) (1.345) 

DS 0.331 -0.002 -0.106 -4x10-5 -0.452 -0.341 0.032 0.024* 0.076*** 0.43 -0.009 

  (1.176) (-0.723) (-0.676) (-0.719) (-1.101) (-1.092) (1.281) (1.68) (2.879) (1.498) (-0.27) 

NDS 0.255 -0.004 -0.193 -5x10-5 -0.569 -0.339 0.022 0.012 0.035 0.419 0.033 

  (1.005) (-1.387) (-1.363) (-1.139) (-1.536) (-1.206) (0.982) (0.901) (1.461) (1.623) (0.799) 

Negotiated 0.68** -0.002 0.279 4x10-5 -0.403 -0.167 0.069** 0.03* 0.009 0.932*** -0.019 

  (2.088) (-0.642) (1.551) (0.636) (-0.856) (-0.47) (2.479) (1.804) (0.31) (2.847) (-0.588) 

Ordinary 0.751** -0.003 0.408** 8x10-5 0.066 0.28 0.035 0.03* 0.008 1.185*** 0.042 

  (2.434) (-0.791) (2.408) (1.418) (0.148) (0.834) (1.34) (1.937) (0.275) (3.839) (0.382) 

Adj. R-squared 0.274 0.076 0.23 0.239 3x10-04 0.002 0.027 0.077 0.137 0.117 -0.014 

F-statistic 19.598 5.108 15.889 15.754 1.011 1.081 2.383 5.088 8.822 0.744 0.924 
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Table 5.5 OLS regression on different daily adverse selection measures of undetected director trading days 

This table presents coefficient estimates of the following regression: 

𝐴𝑑𝑣𝑒𝑟𝑠𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 𝛽0 + 𝛽𝑑𝑠. Ln(𝑑𝑒𝑎𝑙 𝑠𝑖𝑧𝑒) + 𝛽𝑓𝑠. Ln(𝑓𝑖𝑟𝑚 𝑠𝑖𝑧𝑒) + 𝛽𝑛𝑝. 𝑁𝐷𝑃 + 𝛽𝑠. 𝐷𝑆 + 𝛽𝑛𝑠. 𝑁𝐷𝑆 +  휀, 

where NDP, DS, and NDS are dummy variables that take value of 0 if the director deal is a discretionary purchase, and a value of 1 if it is a non-

discretionary purchase, discretionary sale, or a non-discretionary sale, respectively. All adverse selection measures are winsorised at the 99th percentile. 

The t-statistics are underneath each coefficient estimates. ***, **, and * denote significance at 0.01, 0.5, and 0.1 levels, respectively. 

  KLx106 TRVR CIRx103 AFPI RS x103 ES x103 GH1988 GKN1991 LSB1995 MRR1997 

x103 

HS1997 

Constant 11.751*** 0.074*** 5.681*** 0.002*** -0.451 0.76** 90.896*** 9.991*** 0.883*** 0.519*** 0.1** 

  (27.717) (13.643) (16.945) (25.036) (-0.904) (1.999) (8.212) (27300.078) (24.299) (6.291) (2.399) 

Ln(deal size) -0.183*** -0.002*** -0.138*** -3x10-6 0.045** 0.044*** -3.173*** -2x10-05 -0.009*** 0.002 -0.002 

  (-10.495) (-6.81) (-9.978) (-1.038) (2.244) (2.798) (-6.997) (-0.999) (-5.859) (0.442) (-1.05) 

Ln(firm size) -0.86*** -0.005*** -0.401*** -1x10-4*** 0.14*** 0.046 -3.567*** 0.001*** -0.055*** -0.041*** 0.001 

  (-21.429) (-8.78) (-12.638) (-19.156) (3.023) (1.27) (-3.353) (19.068) (-16.059) (-5.193) (0.146) 

NDP -0.516*** -0.004* -0.432*** -4x10-5 -0.032 -0.067 -16.639*** -7x10-05 -0.018 0.015 -0.04*** 

  (-3.206) (-1.952) (-3.396) (-1.268) (-0.173) (-0.464) (-3.918) (-0.525) (-1.287) (0.47) (-2.819) 

DS 0.991*** 0.008*** 0.691*** 4x10-5 -0.089 -0.165 12.148** 2x10-04 0.041** 0.008 -0.037* 

  (4.681) (2.823) (4.126) (0.921) (-0.354) (-0.87) (2.183) (0.984) (2.263) (0.206) (-1.89) 

NDS 0.819*** 0.004* 0.45*** 7x10-6 -0.049 -0.111 1.235 1x10-05 0.017 0.026 -0.012 

  (4.611) (1.949) (3.206) (0.217) (-0.24) (-0.695) (0.262) (0.074) (1.12) (0.748) (-0.744) 

  0.306 0.085 0.169 0.217 0.011 0.007 0.083 0.202 0.174 0.016 0.035 

Adj. R-squared 129.488 27.944 60.23 76.908 3.537 3.001 15.946 73.841 62.061 5.837 1.986 

F-statistic 11.751*** 0.074*** 5.681*** 0.002*** -0.451 0.76** 90.896*** 9.991*** 0.883*** 0.519*** 0.1** 
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Table 5.6 OLS regression on different daily adverse selection measures of director announcement days 

This table presents coefficient estimates of the following regression: 

𝐴𝑑𝑣𝑒𝑟𝑠𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 𝛽0 + 𝛽𝑑𝑠. Ln(𝑑𝑒𝑎𝑙 𝑠𝑖𝑧𝑒) + 𝛽𝑓𝑠. Ln(𝑓𝑖𝑟𝑚 𝑠𝑖𝑧𝑒) + 𝛽𝑛𝑝. 𝑁𝐷𝑃 + 𝛽𝑠. 𝐷𝑆 + 𝛽𝑛𝑠. 𝑁𝐷𝑆 +  휀, 

where NDP, DS, and NDS are dummy variables that take value of 0 if the director deal is a discretionary purchase, and a value of 1 if it is a non-

discretionary purchase, discretionary sale, or a non-discretionary sale, respectively. All adverse selection measures are winsorised at the 99th percentile. 

The t-statistics are underneath each coefficient estimates. ***, **, and * denote significance at 0.01, 0.5, and 0.1 levels, respectively. 

  KLx106 TRVR CIRx103 AFPI RS x103 ES x103 GH1988 GKN1991 LSB1995 MRR1997 

x103 

HS1997 

Constant 11.886*** 0.077*** 5.495*** 0.002*** -0.805* 0.335 0.695*** 0.685*** 0.928*** 0.695*** 0.188*** 

  (28.701) (14.808) (18.518) (26.61) (-1.655) (0.976) (19.943) (33.096) (25.85) (19.943) (3.898) 

Ln(deal size) -0.183*** -0.002*** -0.133*** -1x10-6 0.039* 0.027* -0.012*** -0.002** -0.009*** -0.012*** -0.004** 

  (-10.344) (-7.947) (-10.468) (-0.377) (1.901) (1.811) (-7.828) (-2.301) (-5.653) (-7.828) (-1.979) 

Ln(firm size) -0.867*** -0.004*** -0.377*** -1x10-4*** 0.156*** 0.073** -0.017*** -0.017*** -0.058*** -0.017*** -0.009** 

  (-21.662) (-8.622) (-13.141) (-20.831) (3.385) (2.198) (-4.997) (-8.639) (-16.788) (-4.997) (-2.213) 

NDP -0.475*** -0.008*** -0.538*** 2x10-5 0.159 0.115 -0.052*** -0.006 -0.026** -0.052*** -0.027* 

  (-3.473) (-4.532) (-5.494) (0.627) (1.005) (1.012) (-4.531) (-0.937) (-2.199) (-4.531) (-1.766) 

DS 0.727*** 0.003 0.361*** 4x10-5 0.248 0.198 0.022 0.012 0.024 0.022 -0.002 

  (3.943) (1.447) (2.733) (1.144) (1.117) (1.296) (1.393) (1.252) (1.476) (1.393) (-0.117) 

NDS 0.382** 0.001 0.115 2x10-7 0.143 0.079 0.014 0.003 0.011 0.014 0.012 

  (2.493) (0.286) (1.049) (0.007) (0.801) (0.625) (1.066) (0.452) (0.831) (1.066) (0.799) 

  0.288 0.089 0.169 0.233 0.012 0.005 0.058 0.05 0.176 0.058 0.026 

Adj. R-squared 123.466 30.67 62.637 87.619 3.924 2.515 19.603 16.956 65.821 19.603 1.717 

F-statistic 11.886*** 0.077*** 5.495*** 0.002*** -0.805* 0.335 0.695*** 0.685*** 0.928*** 0.695*** 0.188*** 
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directors choose to trade downstairs with a stealth-trading strategy (thus their trades are 

not detected by the matching algorithm), measures of adverse selection costs do capture 

different levels of information asymmetry (i.e., lowest for non-discretionary purchases, 

highest for discretionary sales, and in the middle for discretionary purchases and non-

discretionary sales). This is consistent with the analysis on daily abnormal returns in 

Chapter 4. The evidence is unclear in Table 5.4 where only day of detected trades are 

examined. 

 

Announcement days 

Table 5.6 presents the results of a similar regression of different daily adverse selection 

measures on days of director dealing announcements. The behaviour of adverse selection 

and illiquidity costs on the announcement days is similar as on trading days. They are 

significantly lower for larger deals and larger firms (for all measures, except for RS, and 

ES). The levels of most adverse selection measures (KL, TRVR, CIR, GH1988,  LSB1995, 

MRR1997, and HS1997) indicate the implied informational signal of discretionary sales, 

non-discretionary sales, discretionary purchases, and non-discretionary purchases in a 

decreasing order, which is consistent with Chapter 4’s findings regarding the levels of 

informativeness of these deals. There is clear evidence that adverse selection measures 

are significantly lower on the announcement days of non-discretionary purchases 

compared to discretionary purchases. Although, in general adverse selection measures 

reduce on the announcement days, this evidence shows that the reduction depends on the 

implied information that the public can learn from the announcements. An announcement 

of director discretionary purchases would also include certain level of information 

asymmetry due to the unknown motivation behind the deal, thus results in a lower level 

of reduction in adverse selection. 

 

Conclusion 

In conclusion, this section confirms the results of Section 5.4 that director upstairs trades 

increase adverse selection and illiquidity costs on the trading days. It highlights that 

certain microstructure measures can capture the adverse selection effects of upstairs 

trades (by showing higher adverse selections costs, i.e., significantly higher KL, and CIR, 

and nearly significantly higher AFPI and GH1988, on days of director upstairs trades, 

compared to downstairs trades, in Table 5.4). Most measures (KL, TRVR, CIR, AFPI, 

GH1988, and LSB1995), while successfully provide evidence of an overall lower level of 

adverse selection costs for larger firms, can also capture the positive liquidity effects 
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(lower illiquidity costs, i.e., significantly lower measures on days of larger director trades, 

evidenced in Tables 5.4, 5.5, and 5.6). Certain measures can differentiate higher adverse 

selection effects of more-informed trades (i.e., significantly lower TRVR on days of non-

discretionary purchases which are not informative and significantly higher LSB1995 on 

days of discretionary sales which are the most informative, compared to days of 

discretionary purchases, evidenced in Tables 5.4, 5.5, and 5.6). It seems that the adverse 

selection effects of director trades are quite small so that not all measures are successful 

in capturing their informational effects. Although this analysis controls for contaminating 

effects of other director trading and announcement events, there still might be other 

information events on the trading days. Therefore, such small effects can be diluted over 

the day. Consequently, this suggest estimating these measures over shorter intervals of 

transaction data. The next section, Section 5.6, examines the same measures by using one-

hour instead of one-day transaction data to estimate the measures. It is expected that these 

one-hour measures to provide a clearer picture of the adverse selection costs of director 

trading. In addition, the findings of this analysis also sets a background for the third 

empirical analysis (in Chapter 6) that studies the trade-by-trade price and non-price 

impact of these detected director upstairs trades on an intraday basis to investigate if the 

pre-trade transparency requirement affects the market’s ability in screening and 

monitoring informed trading. 

 

5.6 Hourly empirical estimates of adverse selection measures on the event and 

comparable days 

The previous section examines the adverse selection and liquidity measures estimated or 

calculated by using one-day transaction data. The one-day time frame is necessary for 

comparisons with previous studies. However, the findings show that over such interval 

most of the measures are weak in detecting the increased adverse selection costs due to 

informed trading. One possible reason is that the actual change in adverse selection costs 

is too small to be detected. Another possible reason, which is more technical, is that the 

measures themselves fail to capture what they claim, or derived, to capture. In addition, 

a day can be too long a time period to apply such measures which might change more 

frequently due to the occurrence of different informed and uninformed trading activities 

(beside director trading). While this analysis does not directly address the first two 

reasons, it uses the available data to consider the last reason. With the advantage of 

knowing the exact timestamp of UK director trades, this analysis further studies if the 
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expected increase in adverse selection costs can be detected using one-hour transaction 

data instead of one-day transaction data. The reason why one-hour and not a shorter 

period is chosen is to retain enough transaction data to estimate the measures. 

 

This section examines the effectiveness of the adverse selection measures using one-hour 

data before, after, and around the detected trading events. The one-hour calculations of 

these measures before and after the detected trading events are compared with 

corresponding one-hour calculations before and after comparable trades, respectively. For 

each UK director detected trade I select another non-director trade that occurs on a non-

event day and which is considered as comparable. First, I look at trades that occurred 

during the five non-event but comparable days selected for each UK director trading day. 

A trade is then chosen as a comparable trade if it meets the following three conditions:  

a) Has the same recorded means of execution as that of the detected director trade;  

b) Has the same trade direction (buy or sell indicator) as that of the detected director 

trade. In other words, if the director’s trade price is higher than its prevailing bid-

ask spread, the comparable trade should also have a price that is higher than the 

comparable trade prevailing bid-ask spread. This selection assures that the 

comparable trade has the same buy/sell indicator as that of the detected director 

trade;  

c) Has a volume that is within ±10% of the volume of the detected director trade.  

If a trade that meets all three conditions is not found within the five comparable days used 

in Section 5.4, the search is extended further to other comparable days. Due to the 

requirement of closeness in size, a selected comparable trade might occur months before 

or after the detected director trade. 

 

Out of 653 detected UK director trades (the same sample as in the previous section), 609 

observations have all measures computed successfully. The remaining observations do 

not have all required measures due to the lack of transaction data (within the slot of one-

hour) to perform the estimation. Similar to Van Ness, Van Ness and Warr (2001), 

measures that are outside their theoretical range are filtered out. Negative values of KL, 

CIR, AFPI and RS are also removed. Table 5.7 shows the number of these filtered 

measures. These show that the use of one-hour transaction data clearly improves the 

estimation process of MRR1997, and HS1997, while it results in a higher proportion of 

implausible values for CIR, AFPI, RS, GH1988, and GKN1991 relative to  the use of one-

day transaction data in Table 5.2. There is an improvement in HS1997 with the one-hour   
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Table 5.7 Report on the number of observations with implausible measures of 

hourly adverse selection components 

Following Van Ness, Van Ness and Warr (2001), it is expected that GH1988, GKN1991, 

LSB1995, HS1997, and MRR1997 are to be within their theoretical range of zero and one. It is 

also expected that KL, CIR, AFPI, and RS to be positive. The computing process, however, yields 

many cases with implausible measures, i.e., to be outside their theoretical or assumed range, hence 

NA is assigned for these measures. This table reports number of cases with invalid measures. For 

other measures that are not reported here, the estimation process guarantees that they are always 

positive. HS1997 is the most problematic measure with more than 90% of cases falling outside 

its valid range, hence will not be considered in the analysis. N represents the total number of 

observations and N* represents the number of observations with implausible measures. For each 

measure, there are two rows of result. The first row shows the result of the trading events while 

the second row shows the result of the comparable events. 

 
One-hour before the events One-hour after the events One-hour around the events 

 
N N* % N N* % N N* % 

KL 609 1 0.16% 609 0 0.00% 609 0 0.00% 

KL.C 609 2 0.33% 609 4 0.66% 609 1 0.16% 

CIR 609 62 10.18% 609 25 4.11% 609 15 2.46% 

CIR.C 609 43 7.06% 609 45 7.39% 609 26 4.27% 

AFPI 609 67 11.00% 609 59 9.69% 609 83 13.63% 

AFPI.C 609 71 11.66% 609 67 11.00% 609 67 11.00% 

RS 609 216 35.47% 609 241 39.57% 609 204 33.50% 

RS.C 609 238 39.08% 609 233 38.26% 609 220 36.12% 

GH1988 609 77 12.64% 609 60 9.85% 609 60 9.85% 

GH1988.C 609 57 9.36% 609 60 9.85% 609 60 9.85% 

GKN1991 609 71 11.66% 609 79 12.97% 609 75 12.32% 

GKN1991.C 609 66 10.84% 609 62 10.18% 609 68 11.17% 

LSB1995 609 3 0.49% 609 2 0.33% 609 1 0.16% 

LSB1995.C 609 4 0.66% 609 1 0.16% 609 1 0.16% 

MRR1997 609 64 10.51% 609 44 7.22% 609 49 8.05% 

MRR1997.C 609 49 8.05% 609 65 10.67% 609 41 6.73% 

HS1997 609 469 76.63% 609 476 77.78% 609 482 78.76% 

HS1997.C 609 457 74.67% 609 478 78.10% 609 468 76.47% 

 

estimation, but this measure still remains the most problematic with about 77% of its 

estimated values lying outside their plausible range. The one-hour MRR1997 also shows 

an improvement with a lower percentage of implausible observations of just under 11% 

compared to more than 21% when one-day transaction data is used. For the other 

measures (KL and LSB1995) the improvement is small. Increases in the proportion of 
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invalid values for CIR, AFPI, RS, GH1988, and GKN1991 are also small and do not 

seriously affect the results. 

 

The empirical results of the one-hour measures are presented in Tables 5.8–5.11. To 

reduce the impact of outliers, the measures are winsorised at 99% following their 

estimation. This analysis first looks at how the one-hour measures behave around (before 

and after) the trading events of UK directors compared to how they behave around 

corresponding comparable trades. Table 5.8 (Table 5.9) presents the estimated measures 

using one-hour transaction data before (after) the trading events of UK directors and their 

comparable trades. Second, the analysis examines changes in the one-hour measures 

around the trading events of UK director trades. Table 5.10 presents the changes in the 

measures during the one hour before (60 minutes before the event), one hour around 

(including 30 minutes before and 30 minutes after), and one hour after  the detected UK 

director trades (60 minutes after the event). Table 5.11 presents the same for comparable 

trades. In Table 5.10, there is evidence that the one-hour measures around the detected 

trading events are very different from the one-hour measures during the hour prior and 

the hour post the events. This shows that they change dramatically during the two-hour 

window. For example, one-hour TRVR around ordinary discretionary purchases and 

discretionary sales is significantly higher than one-hour TRVR of both before and after 

the events. The significant increase in the earlier period is offset by a significant decrease 

in the later period, resulting in a non-significant decrease in the TRVR before and after 

the event (see Table 5.10, for TRVR of ordinary discretionary purchases and discretionary 

sales). Similar patterns of significant changes between the hour around the event and the 

hour before the event, and a reversion during the hour after the event can be observed 

throughout Table 5.10. However, such reversals are also observed in Table 5.11 for 

comparable trades. Although the patterns occur both around the trading event of UK 

directors and around their comparable trades, these changes would have been ignored had 

this analysis merely compared the hour before with that after the event. Accordingly, the 

results regarding changes of the one-hour measures before, around, and after the trading 

events might provide additional insights to this study, compared to just a simple 

comparison between the events and their comparables, and between before and after the 

event. The following paragraphs examine these one-hour measures of adverse selection 

as well as changes in them around the trading events of UK directors, relative to those of 

correspondent comparable events, by examining Tables 5.8 to 5.11 simultaneously.  
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One-hour KL shows significantly higher adverse selection costs one-hour before 

negotiated discretionary sales and one-hour before ordinary discretionary purchases 

relative to comparable trades (Table 5.8). For these two groups of trades, there is also 

evidence that this measure increases within the two-hours around the director trades 

(Table 5.10) while it does not do so around comparable trades (Table 5.11). In addition, 

one-hour KL is significantly lower (higher) one-hour after automatic discretionary and 

non-discretionary purchases (non-discretionary sales) (Table 5.9). One-hour KL, 

therefore, is significantly higher either before or after upstairs informed trades and is 

significantly lower after downstairs informed or uninformed trades. Overall, there is 

strong evidence that one-hour KL increases and is significantly higher around upstairs 

discretionary trades compared to comparable trades. This shows a clearer indication of 

higher adverse selection costs of upstairs informed trades compared to the one-day 

counterpart measure. However, the measure does not clearly show whether ordinary or 

negotiated trades are associated with higher adverse selection costs. 

 

For one-hour TRVR, the first important evidence is that it is lower with near significance 

around director downstairs trades for all dealing purposes, but is higher around upstairs 

trades, compared to comparable trades (Tables 5.8 and 5.9). This evidence shows that 

one-hour TRVR is successful in showing higher (lower) adverse selection costs when 

directors choose to trade upstairs (downstairs). Based on this evidence, I suspect that if 

data used in Collin-Dufresne and Fos (2015) is biased towards downstairs trades (or if 

their data does not include upstairs trades), then the lower adverse selection costs that 

they observe is mostly attributable to the trading characteristics. There are some other 

reasons that support this rationale. First, trading downstairs is more anonymous compared 

to trading upstairs, thus the identity and trading motives of directors are better hidden 

downstairs. Second, the nature of trading downstairs involves active or passive split-order 

strategies, and these reduce the price impact of a trade. In addition, one-hour TRVR is 

significantly higher (lower) one-hour before ordinary discretionary purchases (automatic 

non-discretionary deals) than one-hour before comparable trades (Table 5.8). TRVR 

continues to be significantly higher one-hour after these purchases and becomes higher 

for upstairs non-discretionary purchases and ordinary non-discretionary sales (Table 5.9). 

There is no such abnormal behaviour around negotiated trades in either Table 5.8 or Table 

5.9. It is not significantly higher around negotiated UK director trades but is significantly 

higher around ordinary trades. The difference is more profound around director 

purchases, especially discretionary purchases. There is significantly higher measure both  
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Table 5.8 One-hour illiquidity and adverse selection measures before the detected trading events compared to comparable events 

This table presents hourly adverse selection measures using one-hour transaction data before the events. KL (Kyle, 1985), AFPI (aggregated 5-minute price impact), TRVR (Trade-

related variance ratio, Hasbrouck (1991b)), CIR (Cumulative Impulse Response, Hasbrouck (1991a)), RS (aggregated realised spread), and ES (aggregated effective spread) are 

calculated following Collin-Dufresne and Fos (2015). GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul, and Nimalendran, 1991), LSB1995 (Lin, Sanger, and Booth, 

1995), HS1997 (Huang and Stoll, 1997), and MRR1997 (Madhavan, Richardson, and Roomans, 1997) are estimated following Van Ness, Van Ness and Warr (2001). Columns 'E' show 

measures on the event day; columns 'C' show the measures on the comparable trades. Comparable trades are selected as a non-director trade that has the same trading direction and the 

closest in terms of size. All measures are 99% winsorised.  

    All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

    E C t-test E C t-test E C t-test E C t-test E C t-test 

K
L

 x
1

0
6
 All 6.313 5.765 3.057*** 6.767 6.061 2.122** 6.839 6.263 1.708* 5.628 4.886 1.807* 5.478 5.353 0.348 

A  7.007 7.257 -0.447 5.047 8.513 -1.289 7.099 7.167 -0.121 14.133 13.541 NA 7.071 2.880 0.986 

O 6.531 5.612 3.536*** 7.110 5.689 3.009*** 7.444 6.150 2.425** 5.460 5.061 0.685 5.634 5.393 0.492 

N 5.804 5.448 1.324 6.494 6.309 0.441 5.419 4.903 0.781 5.622 4.554 1.807* 5.217 5.387 -0.329 

T
R

V
R

 

All 0.058 0.057 0.086 0.058 0.056 0.645 0.066 0.063 0.375 0.054 0.054 -0.182 0.050 0.054 -0.748 

A  0.055 0.064 -1.341 0.037 0.061 0.118 0.056 0.064 -1.587 0.144 0.024 NA 0.036 0.065 -153.415*** 

O 0.059 0.055 1.443 0.062 0.051 2.266** 0.072 0.066 1.34 0.054 0.051 0.279 0.047 0.053 -1.037 

N 0.057 0.058 -0.504 0.053 0.061 -1.207 0.075 0.058 1.137 0.052 0.057 -0.724 0.054 0.055 0.057 

C
IR

 x
1

0
3
 All 1.642 1.484 2.215** 1.568 1.430 1.592 2.214 1.802 2.47** 1.382 1.474 -0.438 1.179 1.161 0.106 

A  2.014 2.155 -0.394 1.052 1.225 0.551 2.090 2.306 -0.685 4.585 0.703 NA 0.632 0.622 0.046 

O 1.746 1.418 3.323*** 1.694 1.434 2.376** 2.708 1.764 3.573*** 1.390 1.289 0.674 1.176 1.174 -0.094 

N 1.396 1.356 0.254 1.453 1.437 0.001 1.675 1.058 1.975* 1.309 1.663 -1.461 1.202 1.165 0.322 

A
F

P
I 

All 0.746 0.725 0.969 0.867 0.806 1.433 0.738 0.720 0.146 0.630 0.616 0.041 0.662 0.694 0.157 

A  0.656 0.750 -1.524 0.784 0.352 1.094 0.652 0.771 -1.444 0.641 2.374 NA 0.314 0.484 -6.784* 

O 0.808 0.693 2.72*** 0.867 0.744 1.975* 0.876 0.773 1.112 0.705 0.583 0.408 0.719 0.619 2.028** 

N 0.703 0.758 -0.382 0.875 0.913 -0.108 0.657 0.544 1.014 0.562 0.610 -0.061 0.611 0.796 -1.472 

R
S

 x
1

0
3
 All 1.059 0.920 1.522 1.306 0.936 1.753* 0.745 0.935 -0.687 0.965 0.772 0.975 1.195 0.997 0.723 

A  0.909 0.833 0.813 1.583 1.568 0.5 0.852 0.759 0.355 0.326 NA NA 1.106 0.049 NA 

O 1.115 0.878 1.863* 1.470 0.852 2.126** 0.689 0.966 -0.201 0.708 0.636 0.592 1.310 1.002 0.73 

N 1.043 1.004 -0.119 1.100 0.996 -0.107 0.657 1.163 -1.315 1.219 0.888 0.763 1.072 1.017 0.108 

E
S

 x
1

0
3
 All 1.065 0.947 2.499** 1.290 1.035 2.882*** 0.937 0.927 0.125 0.946 0.791 1.522 0.999 0.963 0.339 

A  0.946 0.900 0.387 1.331 1.163 0.274 0.894 0.884 0.081 0.979 1.186 NA 1.420 0.392 1.83 

O 1.054 0.909 2.08** 1.307 0.948 2.754*** 0.994 0.961 0.226 0.770 0.757 0.125 0.944 0.908 0.258 

N 1.120 1.009 1.437 1.267 1.129 1.157 0.921 0.945 -0.127 1.111 0.815 1.732* 1.055 1.054 0.004 

Table 5.8 continues on the next page.  
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Table 5.8… continued 

    All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

    E C t-test E C t-test E C t-test E C t-test E C t-test 

G
H

1
9

8
8

 All 0.427 0.422 0.845 0.423 0.395 1.551 0.432 0.441 0.074 0.414 0.424 -0.15 0.435 0.435 0.192 

A  0.423 0.442 -0.478 0.468 0.310 1.684 0.426 0.455 -0.802 0.293 0.842 NA 0.081 0.304 NA 

O 0.426 0.420 0.543 0.410 0.405 0.1 0.426 0.432 0.42 0.390 0.397 -0.158 0.470 0.444 0.757 

N 0.429 0.418 1.095 0.436 0.390 1.815* 0.449 0.431 0.728 0.440 0.443 0.223 0.396 0.428 -0.433 

G
K

N
1

9
9

1
 All 0.333 0.351 -2.115** 0.334 0.362 -2.091** 0.353 0.352 0.407 0.309 0.339 -1.005 0.322 0.344 -1.494 

A  0.360 0.337 1.015 0.278 0.235 -0.65 0.365 0.344 1.149 0.662 0.666 NA 0.278 0.247 0.649 

O 0.330 0.347 -1.612 0.322 0.337 -0.988 0.356 0.361 -0.19 0.293 0.332 -0.754 0.341 0.359 -1.185 

N 0.327 0.362 -2.019** 0.353 0.404 -1.978* 0.327 0.351 -0.263 0.318 0.338 -0.669 0.299 0.329 -0.951 

L
S

B
1

9
9

5
 All 0.181 0.189 -1.894* 0.168 0.180 -1.851* 0.199 0.194 0.642 0.167 0.192 -2.317** 0.188 0.195 -0.637 

A  0.193 0.195 -0.178 0.155 0.155 0.004 0.200 0.201 -0.075 0.276 0.272 NA 0.056 0.110 -0.481 

O 0.179 0.186 -1.06 0.164 0.174 -1.249 0.201 0.197 0.325 0.167 0.183 -1.134 0.189 0.192 -0.071 

N 0.179 0.192 -1.719* 0.174 0.190 -1.441 0.193 0.176 0.86 0.164 0.198 -2.139** 0.190 0.201 -0.773 

M
R

R
1

9
9

7
x

1
0

3
 All 2.160 2.026 1.193 2.169 1.964 0.822 2.357 2.347 0.235 1.845 1.821 -0.875 2.095 1.846 1.907* 

A  2.260 2.694 -1.9* 2.805 1.794 1.096 2.237 2.762 -2.407** 3.495 7.267 NA 0.762 0.539 0.498 

O 2.359 2.010 2.087** 2.226 1.915 0.961 2.589 2.263 1.664 1.853 1.769 -0.553 2.616 2.074 1.741* 

N 1.878 1.825 0.572 2.049 2.034 -0.395 2.191 1.824 1.131 1.802 1.754 -0.346 1.478 1.568 0.733 

                

                

H
S

1
9

9
7
 All  0.130  -0.160  12.577***  0.095  -0.172  7.034***  0.134  -0.160  7.622***  0.159  -0.183  4.303***  0.154  -0.125  5.623*** 

A   0.132  -0.134  4.315***  0.055  -0.151  3.181*  0.134  -0.135  3.535***  0.336   0.194  NA  NA  -0.193  NA 

O  0.140  -0.157  8.426***  0.120  -0.155  4.607***  0.147  -0.178  6.068***  0.142  -0.198  1.955  0.155  -0.121  4.214*** 

N  0.118  -0.172  8.205***  0.077  -0.192  4.642***  0.118  -0.177  3.943***  0.155  -0.177  4.067***  0.154  -0.129  3.687*** 
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Table 5.9 One-hour illiquidity and adverse selection measures after the detected trading events compared to comparable events 

This table presents eleven hourly adverse selection measures using one-hour transaction data after the events. KL (Kyle, 1985), AFPI (aggregated 5-minute price impact), TRVR (Trade-

related variance ratio, Hasbrouck (1991b)), CIR (Cumulative Impulse Response, Hasbrouck (1991a)), RS (aggregated realised spread), and ES (aggregated effective spread) are 

calculated following Collin-Dufresne and Fos (2015). GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul, and Nimalendran, 1991), LSB1995 (Lin, Sanger, and Booth, 

1995), HS1997 (Huang and Stoll, 1997), and MRR1997 (Madhavan, Richardson, and Roomans, 1997) are estimated following Van Ness, Van Ness and Warr (2001). Columns 'E' show 

measures on the event day; columns 'C' show the measures on the comparable trades. Comparable trades are selected as a non-director trade that has the same trading direction and the 

closest in terms of size. All measures are 99% winsorised. 

  
 

All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

    E C t-test E C t-test E C t-test E C t-test E C t-test 

K
L

x
1

0
6
 

All 5.247 5.114 1.066 5.474 5.339 0.607 5.560 5.501 0.288 4.483 4.446 0.116 5.088 4.781 1.025 

A  5.633 6.296 -1.925* 2.812 3.994 -2.125* 5.855 6.546 -1.773* 13.819 13.476 NA 3.665 2.149 7.873* 

O 5.380 5.018 2.009** 5.486 5.476 0.035 6.200 5.431 2.08** 4.301 3.946 0.869 5.217 4.723 1.165 

N 4.952 4.835 0.557 5.678 5.285 1.035 4.027 3.857 0.586 4.475 4.743 -0.53 4.970 4.953 0.056 

T
R

V
R

 

All 0.058 0.052 2.719*** 0.056 0.051 1.366 0.065 0.058 1.597 0.056 0.048 1.634 0.053 0.050 0.895 

A  0.060 0.071 -1.318 0.039 0.079 -2.257* 0.063 0.069 -0.553 0.151 0.128 NA 0.002 0.072 -2.592 

O 0.062 0.050 3.768*** 0.062 0.051 2.134** 0.070 0.056 1.957* 0.056 0.047 1.2 0.058 0.045 2.099** 

N 0.053 0.050 0.924 0.051 0.048 0.22 0.061 0.046 1.612 0.054 0.047 1.04 0.049 0.056 -1.041 

C
IR

 x
1

0
3
 All 1.373 1.248 2.021** 1.270 1.180 0.962 1.828 1.658 1.277 1.178 1.071 0.865 1.073 0.979 0.908 

A  1.949 2.282 -1.009 0.965 1.818 -2.337* 2.048 2.334 -0.63 6.424 5.738 NA 0.009 0.653 -8.283* 

O 1.426 1.186 2.176** 1.332 1.248 0.753 1.968 1.429 1.881* 1.194 1.069 0.584 1.209 0.977 1.072 

N 1.122 0.998 1.638 1.221 1.038 1.016 1.259 0.952 1.403 1.061 0.974 0.567 0.937 0.992 0.058 

A
F

P
I 

 

All 0.655 0.640 0.266 0.802 0.665 2.366** 0.583 0.610 -0.159 0.548 0.628 -1.181 0.627 0.652 -1.019 

A  0.557 0.594 -0.201 0.514 0.559 -0.205 0.547 0.597 -0.335 1.872 0.473 NA 0.201 0.662 NA 

O 0.677 0.648 -0.043 0.825 0.717 0.653 0.641 0.669 -0.205 0.574 0.635 -0.396 0.573 0.542 -0.23 

N 0.660 0.646 0.574 0.801 0.614 2.711*** 0.547 0.530 0.451 0.494 0.625 -1.967* 0.704 0.789 -1.059 

R
S

 x
1

0
3
 All 0.780 0.980 -1.132 1.032 0.956 0.312 0.536 0.748 -1.057 0.674 1.293 -1.53 0.879 1.105 -0.151 

A  0.658 0.810 -0.669 0.317 0.504 NA 0.629 0.844 -0.663 NA 0.433 NA 1.876 NA NA 

O 0.765 0.919 -0.594 0.950 0.920 0.181 0.465 0.525 -0.148 0.655 0.846 -0.738 0.882 1.263 -0.48 

N 0.850 1.113 -0.737 1.177 1.021 0.261 0.468 0.885 -0.947 0.690 1.740 -1.401 0.823 0.812 0.683 

E
S

 x
1

0
3
 All 0.880 0.922 -0.914 1.027 0.960 0.826 0.761 0.828 -0.912 0.737 1.008 -2.459** 0.931 0.926 0.04 

A  0.802 0.840 -0.339 0.551 0.661 -0.689 0.801 0.869 -0.535 1.025 0.919 NA 1.584 0.423 2.722 

O 0.894 0.902 -0.118 1.027 0.915 1.072 0.803 0.784 0.211 0.746 0.851 -0.799 0.888 1.020 -0.745 

N 0.888 0.975 -1.105 1.065 1.038 0.198 0.627 0.827 -1.137 0.723 1.158 -2.476** 0.963 0.821 1.052 

Table 5.9 continues on the next page.  
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Table 5.9… continued 

    All deals Discretionary purchases Non-discretionary purchases Discretionary sales Non-discretionary sales 

    E C t-test E C t-test E C t-test E C t-test E C t-test 

G
H

1
9

8
8
 

All 0.400 0.411 -0.437 0.389 0.397 0.192 0.412 0.412 0.642 0.407 0.416 -0.976 0.395 0.428 -1.208 
A  0.368 0.427 -0.856 0.270 0.291 -0.275 0.378 0.448 -0.93 NA 0.383 NA 0.403 0.292 0.342 
O 0.402 0.407 0.175 0.388 0.407 0.15 0.445 0.398 1.417 0.388 0.413 -0.934 0.391 0.413 -0.75 
N 0.408 0.411 -0.333 0.401 0.393 0.213 0.414 0.374 0.959 0.424 0.421 -0.468 0.400 0.455 -1.127 

G
K

N
1

9
9
1
 All 0.334 0.352 -2.119** 0.321 0.364 -2.921*** 0.360 0.357 0.18 0.320 0.337 -0.697 0.327 0.341 -0.606 

A  0.369 0.360 0.322 0.212 0.291 -3.277** 0.382 0.366 0.733 0.624 0.667 NA 0.288 0.247 0.313 
O 0.326 0.352 -2.321** 0.301 0.362 -2.989*** 0.377 0.360 0.086 0.286 0.325 -1.394 0.341 0.351 -0.289 
N 0.332 0.349 -0.923 0.354 0.373 -0.832 0.300 0.334 -0.634 0.348 0.342 0.403 0.310 0.330 -0.671 

L
S

B
1

9
9

5
 All 0.186 0.184 0.35 0.170 0.173 -0.446 0.210 0.203 0.844 0.188 0.172 1.567 0.176 0.185 -0.954 

A  0.201 0.209 -0.612 0.172 0.231 -1.298 0.205 0.209 -0.372 0.335 0.192 NA 0.124 0.116 0.329 
O 0.184 0.179 0.809 0.171 0.167 0.4 0.215 0.206 0.586 0.177 0.172 0.365 0.180 0.176 0.281 
N 0.183 0.182 0.022 0.168 0.175 -0.591 0.211 0.187 1.616 0.196 0.172 1.587 0.174 0.200 -1.938* 

M
R

R
1

9
9

7
x

1
0

3
 

All 1.774 1.761 0.586 1.604 1.691 -1.026 2.003 2.033 0.574 1.757 1.517 2.732*** 1.745 1.685 -0.035 
A  2.171 2.243 0.077 2.081 1.462 1.022 2.178 2.352 -0.319 5.848 4.815 NA 0.435 0.433 0.005 
O 1.783 1.785 0.278 1.525 1.795 -1.383 2.178 2.040 1.571 1.693 1.455 1.368 1.865 1.761 0.12 
N 1.637 1.570 0.643 1.657 1.580 -0.291 1.474 1.532 -0.156 1.731 1.504 2.386** 1.647 1.638 -0.191 
                
                

H
S

1
9

9
7
 

All  0.110  -0.176  (13.177***)  0.105  -0.183  (7.878***)  0.115  -0.185  (5.469***)  0.131  -0.176  (8.933***)  0.089  -0.154  (5.469***) 

A   0.112  -0.174  (3.98***)  0.144  -0.489  (5.04**)  0.107  -0.156  (3.109***)  NA   0.189  NA  NA  -0.076  NA 

O  0.112  -0.171  (9.117***)  0.083  -0.159  (5.005***)  0.134  -0.199  (3.929***)  0.182  -0.204  (6.247***)  0.094  -0.147  (4.119***) 

N  0.105  -0.182  (10.013***)  0.138  -0.189  (6.922***)  0.104  -0.215  (2.905**)  0.083  -0.160  (6.358***)  0.078  -0.168  (3.464***) 
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Table 5.10 One-hour illiquidity and adverse selection measures before, around and after the detected trading events 

This table presents eleven hourly adverse selection measures using one-hour transaction data before, around and after the detected UK directors’ trades. KL (Kyle, 1985), AFPI 

(aggregated 5-minute price impact), TRVR (Trade-related variance ratio, Hasbrouck (1991b)), CIR (Cumulative Impulse Response, Hasbrouck (1991a)), RS (aggregated realised 

spread), and ES (aggregated effective spread) are calculated following Collin-Dufresne and Fos (2015). GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul, and 

Nimalendran, 1991), LSB1995 (Lin, Sanger, and Booth, 1995), HS1997 (Huang and Stoll, 1997), and MRR1997 (Madhavan, Richardson, and Roomans, 1997) are estimated following 

Van Ness, Van Ness and Warr (2001). Columns 'Ar-B' show the test statistics of mean differences between measures using one-hour data before and around the detected trades; 

columns 'Af-Ar' show the test statistics of mean differences between measures using one-hour data around and after the detected trades;; columns 'Af-B' show the test statistics of mean 

differences between measures using one-hour data after and before the detected trades; All measures are 99% winsorised before such comparisons.  
   Discretionary Purchases Non-discretionary Purchases Discretionary Sales Non-discretionary Sales 

   Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B 

K
L

x
1

0
6
  All 3.591*** 2.708*** 4.363*** 4.715*** 2.891*** 5.352*** 4.247*** 0.914 3.464*** 1.923* -0.379 1.266 

 A 1.299 3.283** 1.864 2.642** 1.468 3.022*** NA NA NA 0.781 1.494 0.852 

 O 3.799*** 1.469 3.935*** 3.371*** 1.414 2.97*** 2.7*** 1.587 2.591** 1.764* -0.577 0.983 

 N 0.779 2.13** 1.817* 2.262** 2.488** 3.938*** 3.307*** 0.08 2.31** 0.762 0.016 0.589 

T
R

V
R

  All 2.69*** -2.229** 0.934 -0.148 -0.014 0.71 4.879*** -6.559*** -0.522 5.525*** -6.693*** -0.34 

 A -0.392 0.394 0.071 -0.476 -1.371 -0.951 NA NA NA 0.039 0.978 14.113** 

 O 2.029** -1.945* 0.597 0.049 0.184 0.892 3.444*** -4.271*** -0.08 4.223*** -5.751*** -1.313 

 N 1.864* -1.251 0.741 0.17 1.496 1.748* 3.448*** -4.929*** -0.592 3.618*** -4.005*** 0.776 

C
IR

x
1

0
3
 

 All 3.958*** -0.974 2.763*** 3.42*** -0.03 3.26*** 3.957*** -4.813*** 0.739 5.884*** -5.421*** 0.754 

 A -0.328 2.025* 0.209 1.031 -0.388 0.616 NA NA NA 1.252 0.972 6.035 

 O 4.129*** -1.337 2.543** 3.37*** 0.205 3.411*** 3.141*** -3.513*** 0.611 3.851*** -3.976*** -0.142 

 N 1.759* -0.331 1.42 1.711* 0.231 2.644** 2.741*** -3.261*** 0.591 4.45*** -3.771*** 1.34 

              

A
F

P
I 

 

 All 0.056 2.143** 1.329 1.906* 2.326** 3.152*** -0.891 2.253** 1.042 1.501 -0.003 1.422 

 A 1.396 0.939 1.023 -0.233 1.755* 1.166 NA NA NA 0.989 NA NA 

 O -0.873 1.382 0.146 1.629 2.642** 2.804*** -0.474 2.289** 1.052 2.001* 0.073 2.652** 

 N 0.978 1.369 1.62 2.257** -0.331 1.252 -0.356 0.731 0.774 -0.315 -0.093 -1.123 

R
S

 x
1
0

3
 

 All 0.862 -1.434 -0.427 1.014 0.715 1.26 -0.658 2.983*** 1.619 0.297 1.784* 0.953 

 A 0.958 -8.84** 0.874 0.898 0.08 0.84 NA NA NA -0.009 -0.998 -0.989 

 O 0.831 -0.715 0.123 0.877 0.282 0.727 -0.629 2.033* 0.031 0.573 1.608 0.703 

 N -0.397 -1.273 -1.721* 0.046 1.417 0.608 -0.344 2.529** 1.954* -0.172 1.109 0.793 

              

E
S

 x
1
0

3
   All 2.371** 1.541 3*** 2.045** 1.696* 2.581** -1.27 3.834*** 2.217** -2.489** 3.473*** 0.671 

 A 1.215 0.987 1.471 0.759 0.239 0.775 NA NA NA 0.111 -0.951 -0.157 

 O 2.168** 0.513 2.27** 2.075** 0.983 2.184** -2.526** 3.068*** 0.267 -2.308** 2.702*** 0.402 

 N 0.695 1.63 1.564 1.027 2.5** 1.846* 0.033 2.755*** 2.415** -1.258 2.284** 0.606 

Table 5.10 continues on the next page  
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Table 5.10… continued 

   Discretionary Purchases Non-discretionary Purchases Discretionary Sales Non-discretionary Sales  
  Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B 

G
H

1
9

8
8
 

 1.539 2.615*** 1.539 0.527 1.745* 0.527 -0.492 0.359 -0.492 3.192*** 2.037** 3.192*** 1.539 

 1.905 1.806 1.905 1.343 -0.191 1.343 NA NA NA NA 5.253 NA 1.905 

 1.112 1.659 1.112 -0.971 2.265** -0.971 -0.85 1.628 -0.85 3.495*** 1.795* 3.495*** 1.112 

 0.479 1.89* 0.479 0.567 1.052 0.567 0.159 -0.247 0.159 0.99 1.258 0.99 0.479 

              

G
K

N
1

9
9

1
  -1.112 2.349** 1.006 -1.628 0.55 -0.796 0.009 -0.402 -0.637 0.273 -0.633 -0.357 -1.112 

 2.017* 0.761 1.004 -1.594 0.658 -0.494 NA NA NA 3.463 -0.685 -0.163 2.017* 

 -0.681 3.057*** 1.524 -1.514 0.053 -1.07 0.156 0.863 0.568 -0.443 0.574 -0.028 -0.681 

 -1.447 0.064 -0.582 0.352 0.186 0.383 -0.156 -1.6 -1.892* 0.623 -1.078 -0.408 -1.447 

              

L
B

S
1

9
9

5
  -0.143 -0.074 -0.193 -1.38 -0.629 -1.459 -0.241 -3.273*** -2.302** 3.176*** -1.541 1.295 -0.143 

 -1.452 1.21 -0.37 -0.461 -0.572 -0.638 NA NA NA -1.017 1.527 -0.826 -1.452 

 -0.496 -0.489 -0.669 -1.568 0.365 -0.828 0.556 -1.982* -0.762 3.322*** -2.097** 0.773 -0.496 

 0.768 -0.055 0.547 -0.24 -1.096 -1.116 -0.743 -2.548** -2.279** 1.769* -0.157 1.287 0.768 

              

M
R

R
1

9
9
7

x
1

0
3
  2.578** 2.095** 3.42*** 2.935*** 0.157 2.704*** 0.055 0.401 -0.031 1.084 1.652 2.777*** 2.578** 

 0.28 0.253 0.72 1.312 -0.898 0.177 NA NA NA 4.885 5.505 13.519** 0.28 

 2.61** 1.169 3*** 1.804* 0.566 2.153** 0.427 0.487 0.324 1.871* 2.847*** 3.764*** 2.61** 

 0.982 1.992* 1.632 1.942* 0.989 2.392** -0.024 0.176 -0.083 -0.791 -0.15 -0.454 0.982 

              

              

              

H
S

1
9

9
7
  All -0.045 -0.522 1.116 0.221 1.042 1.018 1.326 -0.385 1.562 0.649 1.104 1.274 

 A -0.489 -0.355 -0.419 1.317 1.016 2.696* NA NA NA NA NA NA 

 O 0.718 -0.047 2.035* 1.229 -0.209 -0.470 -0.521 0.385 -0.684 0.989 0.740 0.881 

 N -0.588 -0.504 -0.955 -1.054 0.596 -0.077 1.522 -0.871 2.437* -0.346 0.753 0.835 
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Table 5.11 One-hour illiquidity and adverse selection measures before, around and after the comparable trades 

This table presents eleven hourly adverse selection measures using one-hour transaction data before, around and after the comparable trades to detected UK directors’ trades. KL (Kyle, 

1985), AFPI (aggregated 5-minute price impact), TRVR (Trade-related variance ratio, Hasbrouck (1991b)), CIR (Cumulative Impulse Response, Hasbrouck (1991a)), RS (aggregated 

realised spread), and ES (aggregated effective spread) are calculated following Collin-Dufresne and Fos (2015). GH1988 (Glosten and Harris, 1988), GKN1991 (George, Kaul, and 

Nimalendran, 1991), LSB1995 (Lin, Sanger, and Booth, 1995), HS1997 (Huang and Stoll, 1997), and MRR1997 (Madhavan, Richardson, and Roomans, 1997) are estimated following 

Van Ness, Van Ness and Warr (2001). Columns 'Ar-B' show the test statistics of mean differences between measures using one-hour data before and around the comparable trades; 

columns 'Af-Ar' show the test statistics of mean differences between measures using one-hour data around and after the comparable trades;; columns 'Af-B' show the test statistics of 

mean differences between measures using one-hour data after and before the comparable trades; All measures are 99% winsorised before such comparisons.  
   Discretionary Purchases Non-discretionary Purchases Discretionary Sales Non-discretionary Sales 

   Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B 

K
L

x
1

0
6
  All 2.865*** 0.897 2.872*** 2.288** 3.257*** 3.606*** 2.566** -1.012 1.504 0.453 1.624 2.164** 

 A 2.071* 2.402* 2.343* 0.838 1.968* 1.711* NA NA NA 2.166 0.195 12.21* 

 O 1.317 -0.311 0.711 2.145** 1.391 2.393** 2.347** 0.168 3.085*** 0.871 0.954 1.785* 

 N 2.045** 1.149 2.601** 1.306 2.403** 2.47** 1.17 -1.548 -0.421 -0.303 1.339 1.16 

T
R

V
R

  All 3.199*** -2.404** 1.523 2.077** -0.085 1.88* 3.597*** -2.19** 1.414 6.637*** -6.964*** 0.91 

 A 0.026 -1.703 -0.817 0.405 -0.897 0.027 NA NA NA -0.323 1.152 -0.223 

 O 0.918 -1.164 -0.028 2.155** 0.304 2.144** 1.11 -0.221 0.628 5.578*** -4.829*** 1.625 

 N 3.571*** -2.053** 2.47** 1.123 0.714 1.378 3.922*** -2.589** 1.849* 4.039*** -5.149*** -0.1 

C
IR

 x
1

0
3
  All 4.667*** -2.859*** 2.26** 2.943*** 0.282 1.952* 4.715*** -2.333** 2.577** 6.247*** -5.608*** 1.361 

 A -2.1 -1.06 -2.188* 2.317** -1.488 0.719 NA NA NA -0.194 0.25 -0.172 

 O 3.119*** -2.384** 0.996 2.035** 1.73* 1.858* 2.611** -1.76* 1.309 4.653*** -4.053*** 1.071 

 N 3.634*** -1.365 2.457** 0.22 1.13 1.002 4.126*** -1.114 3.113*** 4.178*** -3.896*** 0.837 

              

A
F

P
I 

 

 All 2.317** 1.319 2.538** 1.596 1.771* 2.154** -0.035 -0.102 0.269 0.098 0.902 0.399 

 A -2.535* -0.356 -1.346 2.222** 1.186 2.096** NA NA NA -0.772 -0.014 -3.731 

 O 1.29 -1.437 0.165 0.58 1.139 1.178 -0.348 0.269 -0.164 -0.105 1.884* 1.066 

 N 2.458** 3.34*** 3.87*** -0.324 0.66 0.1 0.299 -0.848 0.003 0.442 -0.282 -0.334 

R
S

 x
1
0

3
 

 All 0.321 0.343 0.908 -1.203 2.065** 1.673* -0.414 -1.18 -1.802* -3.3*** 1.392 -1.16 

 A 1.944 2.761 1.629 -1.344 0.58 0.243 NA NA NA NA NA NA 

 O 0.966 -0.501 0.098 -0.986 1.493 1.201 0.5 -0.97 -0.128 -2.529** 0.962 -1.046 

 N -1.099 1.076 0.732 2.154** 1.671 1.501 -1.421 -0.862 -2.062** -2.234** 0.993 -0.499 

              

E
S

 x
1
0

3
   All -0.93 2.494** 0.997 -0.565 1.833* 1.218 -2.162** -0.263 -2.329** -4.211*** 2.931*** 0.329 

 A 1.562 2.186* 1.788 -1.075 0.933 0.131 NA NA NA -0.458 -1.043 -0.572 

 O -0.357 0.779 0.358 -0.703 2.08** 1.363 -0.438 -0.312 -0.814 -3.339*** 1.3 -0.681 

 N -1.076 2.614** 0.704 0.691 0.06 0.567 -2.642** -0.094 -2.349** -2.6** 3.039*** 1.588 

Table 5.11 continues on the next page  
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Table 5.11… continued 

   Discretionary Purchases Non-discretionary Purchases Discretionary Sales Non-discretionary Sales  
  Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B Ar-B Af-Ar Af-B 

G
H

1
9

8
8
 

 -0.084 2.042** -0.084 1.616 0.844 1.616 -0.163 -0.733 -0.163 0.16 -1.08 0.16 -0.084 

 0.176 -1.3 0.176 0.614 -0.8 0.614 NA NA NA 0.46 4.057 0.46 0.176 

 -0.176 2.145** -0.176 1.345 1.724* 1.345 -0.194 -0.748 -0.194 0.947 -0.946 0.947 -0.176 

 0.011 0.356 0.011 0.94 1.002 0.94 -0.436 -1.191 -0.436 -0.96 -1.206 -0.96 0.011 

              

G
K

N
1

9
9

1
  0.19 0.61 0.566 -0.494 -0.395 -0.323 1.5 0.088 0.681 1.187 -1.038 0.355 0.19 

 -4.4*** 0.42 -1.05 -0.252 -1.159 -0.75 NA NA NA 1.02 -1.305 0.016 -4.4*** 

 -0.931 -0.277 -0.936 -1.16 0.602 -0.459 0.884 -0.678 0.231 1.484 -0.425 0.977 -0.931 

 1.847* 1.254 2.371** 1.2 -0.044 0.883 1.325 0.901 0.772 -0.436 -0.629 -0.726 1.847* 

              

L
B

S
1

9
9

5
  1.812* -0.388 1.159 0.437 -2.171** -1.371 2.152** 0.99 2.393** 3.621*** -1.639 1.16 1.812* 

 -1.865 -1.834 -2.003* -0.04 -0.889 -0.753 NA NA NA 0.236 -0.778 -1.71 -1.865 

 1.295 -0.232 0.846 1.307 -2.443** -0.882 0.458 0.922 1.134 2.144** -0.119 1.443 1.295 

 1.479 0.248 1.469 -0.549 -0.559 -0.753 2.623** 0.297 2.103** 3.094*** -2.264** 0.07 1.479 

              

M
R

R
1

9
9
7

x
1

0
3
  2.153** 0.425 1.864* 1.907* 1.712* 3.534*** 0.544 3.082*** 3.173*** 1.757* -0.201 1.22 2.153** 

 0.594 0.487 0.283 1.392 1.504 2.622** NA NA NA 1.121 0.349 0.533 0.594 

 0.316 0.255 0.475 0.849 0.489 1.793* 0.641 2.144** 2.147** 2.816*** -0.221 1.721* 0.316 

 3.431*** 0.343 2.416** 1.124 1.414 1.7* 0.052 2.034** 2.09** -0.557 -0.072 -0.29 3.431*** 

              

              

              

H
S

1
9

9
7
  -0.084 2.042** -0.084 1.616 0.844 1.616 -0.163 -0.733 -0.163 0.16 -1.08 0.16 -0.084 

 0.176 -1.3 0.176 0.614 -0.8 0.614 NA NA NA 0.46 4.057 0.46 0.176 

 -0.176 2.145** -0.176 1.345 1.724* 1.345 -0.194 -0.748 -0.194 0.947 -0.946 0.947 -0.176 

 0.011 0.356 0.011 0.94 1.002 0.94 -0.436 -1.191 -0.436 -0.96 -1.206 -0.96 0.011 
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while the above one-hour KL cannot. This difference implies that the pre-trade 

transparency requirement helps the market in identifying informed trades, which then 

increases adverse selection costs. This analysis further looks at one hour before, around, 

and after the trading event (Table 5.10) and find that one-hour TRVR increases and is 

followed by a significant reversion around upstairs informed trades but not around 

downstairs and non-informed upstairs trades (Table 5.10). Similar trends are observed 

around comparable trades of negotiated trades and non-informed ordinary trades but not 

of informed ordinary trades (Table 5.11). One-hour TRVR, in general, captures the higher 

adverse selection costs of upstairs trades compared to downstairs trades, regardless of 

whether these trades are from directors or non-directors. However, the measure 

significantly increases and reverses around director ordinary discretionary purchases and 

sales, while it does not around the comparable trades. It also shows that the adverse 

selection costs measured by one-hour TRVR tends to be higher when there are ordinary 

discretionary deals, compared to the comparable trades. The increase in one-hour TRVR 

can distinguish the informational levels of director trades compared to non-director trades 

(the measure is higher one-hour before or after of director ordinary informed trades, but 

not of ordinary uninformed trades, while it is higher for most upstairs non-director 

comparable trades regardless of dealing purposes). Overall, one-hour TRVR is more 

effective compared to its one-day version, and is more effective than one-hour KL in 

distinguishing clearly the higher adverse selection costs of ordinary informed trades 

compared to negotiated trades. 

 

One-hour CIR is significantly higher one hour before ordinary discretionary purchases 

compared to comparable trades (Tables 5.8). It is also significantly higher one hour before 

and after non-discretionary purchases (Tables 5.8 and 5.9). However, this measure is 

lower before negotiated discretionary sales. It is also lower after director downstairs 

trades, although significant for discretionary purchases and non-discretionary sales but 

not significant for the other dealing purposes, compared to comparable trades (Table 5.9). 

In addition, Tables 5.10 and 5.11 show that there is a common increasing trend (with or 

without a significant reversion) during the two hours around director trades, for all dealing 

purposes, as well as around comparable trades. Similar to TRVR, CIR shows the higher 

adverse selection costs of upstairs trades compared to downstairs trades, whether from 

directors or non-directors, and the increase in CIR does not clearly distinguish the 

informational levels of director trades (the measurer is higher one hour before or after 
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both informed and uninformed trades). One-hour CIR, therefore, is more effective 

compared to its one-day version but is less effective compared to one-hour TRVR. 

 

One-hour AFPI is significantly higher one-hour before and after director upstairs 

discretionary purchases, compared to comparable trades (Tables 5.8 and 5.9). There is 

also higher one-hour AFPI measure before ordinary non-discretionary sales (Table 5.8). 

Around ordinary discretionary sales, there is a decrease in one-hour AFPI followed by a 

more significant increase, and this trend is not observed around negotiated discretionary 

sales (Table 5.10). This difference is also observed around ordinary discretionary 

purchases but is not significant. This shows that pre-trade transparency of ordinary 

discretionary trades makes them more visible to the market, and thus results in an increase 

in adverse selection costs. This evidence shows that the pre-trade transparency 

requirement assists the market in incorporating higher adverse selection costs when more-

informed trades occur. With this measure, there is less evidence that the market can 

discover informed trades when the trades are not subject to the pre-trade transparency 

requirement. One-hour AFPI increases around director negotiated discretionary 

purchases (which are informed) but also increases around director negotiated non-

discretionary purchases and comparable non-director trades (both are non-informed) 

(Tables 5.10 and 5.11). Overall, one-hour AFPI shows that adverse selection costs of 

director trades reflect their implied private informational level more accurately only if 

their trades have pre-trade transparency. This supports the role of the upstairs market in 

discovering informed trades, translates subsequent impacts to the downstairs market and 

pinpoints the importance of pre-trade transparency. One-hour AFPI is a better measure 

than its one-day counterpart. 

 

Relative to comparable trades the one-hour RS shows higher illiquidity costs one hour 

before ordinary discretionary purchases compared to their comparable trades, and this is 

not observed in any hour before and after of other dealing purposes (Tables 5.8 and 5.9). 

The measure is successful, as is its one-day counterpart, in spotting higher illiquidity costs 

associated with ordinary discretionary purchases. However, it is found that the one-hour 

RS significantly decreases around negotiated discretionary purchases (Table 5.10). The 

same trend is observed around their comparable trades but is not significant. Thus, 

illiquidity (temporary) price impacts are higher before informed ordinary purchases 

compare to comparable trades, but do not decrease within the one-hour windows, while 

the impacts decrease around negotiated discretionary purchases. This implies that the 
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price impacts of ordinary discretionary purchases do not stop within the two-hour window 

before and after the event trades, but continue beyond and, therefore, it is found that, in 

this case, the one-day RS can also capture the impacts. In addition, one-hour RS increases 

significantly around director upstairs discretionary sales, while it decreases significantly 

around their comparable trades. This shows a mild evidence that one-hour RS is 

increasing around director upstairs discretionary sales, but does not result in a 

significantly higher measure. In this aspect, this measure is more successful than its one-

day counterpart, since it shows increasing trend in the illiquidity costs around upstairs 

discretionary sales, while its one-day counterpart cannot. Generally, the one-hour RS 

measure shows either a higher level or an increasing trend of adverse selection costs 

around director trades compared to non-director trades, especially if the trades are upstairs 

informed trades. Changes in the measure during the one-hour periods confirm the increase 

(decrease) in price impacts of director negotiated discretionary sales (purchases).  

 

The results for one-hour ES are similar to those of the one-hour RS. In general, this 

measure is higher before director ordinary discretionary purchases, compared to 

comparable trades. It is also significantly higher before negotiated discretionary sales, 

while one-hour RS is not (Table 5.8). However, it is significantly lower after these trades 

(Table 5.9). For non-director comparable trades, there is a significant decrease in one-

hour ES around sales, followed by a reversal (Table 5.11). The earlier decrease tends to 

dominate the later increase for both non-director discretionary and non-discretionary 

sales. The same reversal is also observed, but the later increase tends to dominate the 

earlier decrease, for non-director purchases (Table 5.11). Overall, one-hour ES tends to 

behave differently between non-director purchases and sales. There is a dominant 

increase (decrease) of the measure around purchases (sales). The same trends are 

observed only around director ordinary purchases and sales (Table 5.10). In contrast, there 

is a significantly increasing trend around director negotiated sales (both discretionary and 

non-discretionary) that results in a significantly dominant increase in one-hour ES after 

the trades relative to before the trades (Table 5.10), while the trend is clearly a decrease 

around their comparable trades (Table 5.11). The measure does show that spreads are 

significantly higher around negotiated director sales, compared to around their 

comparable trades. This is a mild evidence that one-hour ES shows higher adverse 

selection costs when directors trade upstairs with negotiated trades. This contradicts with 

the evidence of increasing adverse selection costs of ordinary purchases, but not of 

negotiated purchases, presented at the beginning of this paragraph. Therefore, this 
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measure fails to distinguish clearly between informed and uninformed trades. While one-

hour ES provides little (but conflicting) evidence that the lack of pre-trade transparency 

requirement might increase adverse selection costs of director sales, it is not efficient in 

reflecting different levels of information asymmetry of different trades. Its one-day 

counterpart is a better measure.  

 

Relative to comparable trades, the one-hour GH1988 is significantly higher one hour 

before negotiated discretionary purchases compared to comparable trades (Tables 5.8). 

There is also a dominant increasing trend around director negotiated discretionary 

purchases for this measure (Table 5.10). This trend is not observed on any other director 

trades (Table 5.10) or any non-director comparable trades (Table 5.11). For ordinary 

trades, one-hour GH1988 increases significantly (decreases insignificantly) around non-

director purchases (sales). A similar trend is observed around director purchases and 

discretionary sales, but not around director sales. While there is an insignificant decrease 

around non-director ordinary sales, there is a significant increase around director ordinary 

sales (both discretionary and non-discretionary). This measure adds more benefit in 

showing higher or increasing adverse selection costs around negotiated discretionary 

purchases and ordinary sales. It provides clearer insight over its one-day counterpart in 

distinguishing between informed and non-informed trades. The measure shows that 

upstairs trades create higher adverse selection costs. However, similar to one-hour KL, it 

cannot provide clear evidence on whether the pre-trade transparency requirement is a 

determinant factor of adverse selection costs. 

 

The one-hour GKN1991 shows significantly lower values one hour before negotiated 

discretionary purchases and one hour after ordinary discretionary purchases (Table 5.8 

and Table 5.9). There are no significantly lower values before and after other director 

trades. The measure behaves similarly to its one-day counterpart and contradicts this 

chapter’s expectation of it being a good adverse selection measure (e.g. it shows lower 

values when there is supposed to be higher asymmetric information). However, the one-

hour measure is able to show the difference between upstairs informed trades and non-

informed trades. Therefore, this is a better measure than its one-day counterpart. 

 

The one-hour LSB1995 is significantly lower before negotiated discretionary sales (Table 

5.8) compared to their comparable trades. It also has lower but insignificant values one 

hour before negotiated discretionary purchases and non-discretionary sales (Table 5.8). It 
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also shows significantly lower values one hour after negotiated non-discretionary sales 

(Table 5.9). In addition, while there is a decreasing trend in LSB1995 around upstairs 

discretionary sales (Table 5.10), the trend is opposite around their negotiated comparable 

trades and does not occur around their ordinary comparable trades (Table 5.11). The 

behaviour of this measure around director upstairs non-discretionary sales is not different 

from that of comparable trades, which is an increase followed by a reversion.  Overall, 

there is lower values for the measure for upstairs trades, especially if they are negotiated 

trades. This is evidence that without the pre-trade transparency requirement, the market 

is unable to uncover the informed trades and falsely reduces adverse selection costs. The 

measure behaves similarly to one-hour GKN1991. It can spot differences in adverse 

selection costs caused by upstairs informed trades, but these differences contradict other 

measures that usually show a higher level of adverse selection costs around these trades. 

One-hour LSB1995 is able to distinguish certain informed trades, specifically UK director 

negotiated informed trades, from uninformed comparable trades. It also shows lower 

adverse selection costs if there are negotiated, rather than ordinary, discretionary sales, 

providing evidence against the lack of pre-trade transparency. It is, therefore, a more 

consistent measure compared to its one-day counterpart. 

 

Considering the changes of the one-hour LSB1995 around the trading events, there is a 

decreasing trend around upstairs discretionary sales that is opposite to an increasing trend 

around their comparable trades (see Table 5.10 and Table 5.11). The trend is stronger 

around director negotiated discretionary sales. This confirms that the one-hour LSB1995 

can clearly distinguish UK director discretionary sales from their comparable trades, and 

can differentiate between ordinary and negotiated informed trades. This measure also 

shows an increasing trend with reversion around the trading event of upstairs non-

discretionary sales (see Table 5.10) but a similar increasing trend is also found around 

their comparable trades (see Table 5.11). Specific changes of one-hour LSB1995 around 

UK director upstairs discretionary sales, especially when they are negotiated trades, show 

additional evidence that this measure is successful in capturing more information around 

director negotiated discretionary sales.  

 

Relative to comparable trades, the one-hour MRR1997 is higher before ordinary non-

discretionary sales and after negotiated discretionary sales (Table 5.8 and Table 5.9). It 

also increases significantly around upstairs trades, except for negotiated discretionary and 

non-discretionary sales. This increasing trend is observed around all comparable trades 
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(Table 5.11). The measure can clearly capture higher adverse selection costs of director 

upstairs discretionary and non-discretionary sales, especially for ordinary trades. 

Accordingly, the one-hour MRR1997, while it cannot spot higher adverse selection costs 

in upstairs ordinary discretionary purchases, as its one-day counterpart does, it sheds more 

evidence on higher adverse selection cost due to upstairs discretionary sales and non-

discretionary sales which are also informed trades. In general, both the one-hour and one-

day versions are consistent in showing higher adverse selection cost when directors trade 

upstairs, especially when trades are subject to the pre-trade transparency requirement. The 

one-hour version is additive to its one-day counterpart in effectively showing higher 

adverse selection cost of informed trades. One-day MRR1997 is more successful in 

showing higher measure on days of upstairs discretionary purchases, while one-hour 

MRR1997 is more successful in showing higher values around upstairs discretionary sales 

and non-discretionary sales. The impact on adverse selection cost of upstairs discretionary 

purchases is so strong and persistent that the changes within the two-hour period (one 

hour before and one hour after the event) cannot capture. In other words, the impact might 

start even earlier and finish even later than the two-hour period that this analysis 

examines. The difference between the two versions of MRR1997 also shows that the 

impact on adverse selection cost of upstairs discretionary sales and non-discretionary 

sales can be captured temporarily within the shorter window. The impact might be diluted 

or covered by other events, therefore, one-day MRR1997 measure fails to capture the 

impact. 

 

Given that the calculation process of the one-hour HS1997 also yields a high percentage 

of invalid measures (more than 77%), this analysis interprets its results with care. It is 

significantly higher before and after the trading events of UK directors, regardless of 

dealing purposes and means of execution (Table 5.8 and Table 5.9). In Tables 5.10 and 

5.11, there is no significant changes in the measure during the two-hour period around 

both director and comparable trades. While this measure can capture a general higher 

level of information asymmetry of director trades, it does not reflect differences in 

informational level of these trades. Its one-day counterpart, although with more 

implausible values, can capture higher adverse selection costs of negotiated discretionary 

purchases and is a better measure than the one-hour version. 
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Table 5.12 Summary of the effectiveness of different adverse selection measures 

This table summarises the findings regarding the effectiveness of the adverse selection measures using one-day and one-hour transaction data. This analysis considers a measure to be 

effective in capturing adverse selection cost if it is higher when UK director trades are informed trades, such as discretionary purchases, discretionary sales, and non-discretionary 

sales.  

 

 

 One-day measures on event days, compared to 

comparable days 

One-hour measures around director trades, compared 

to comparable trades 

 

Measures Correlation of one-

day measures with 

deal size and/or firm 

size  

Are there higher 

measures on days 

of negotiated 

trades? 

Are there higher 

measures on 

days of ordinary 

trades? 

Are there lower 

measures on 

days of 

announcement? 

Are there higher measures 

around negotiated trades? 

Are there higher 

measures around 

ordinary trades? 

Is one-hour measure 

more effective than its 

one-day counterpart? 

KL Negative Yes (DP, insig.) No Yes Yes (DS, sig.) 

Yes (DP and NDS, insig.) 

Yes (DP and NDP, sig.) 

Yes (DS and NDS, insig.) 

Yes 

TRVR Negative No No Yes Yes (DP and DS, insig.) Yes (DP, NDP and NDS, 

sig.) 

Yes 

CIR Negative No No Yes Yes (NDP, sig.) 

Yes (others, insig.) 

Yes (DP and NDP, sig.) 

Yes (others, insig.) 

Yes 

AFPI Negative No Yes (DP, insig.) Yes Yes (DP, sig.) Yes (DS and NDS, sig.) 

Yes (DP, insig.) 

Yes 

RS Positive Yes (DS, insig.) Yes (DS, sig.) Yes Yes (DP, DS and NDS, 

insig.) 

Yes (DP, sig.) 

Yes (DS and NDS, insig.) 

No 

ES Positive Yes (DS, insig.) Yes (DS, insig.) Yes Yes (DS, sig.) 

Yes (DP and NDS, insig.) 

Yes (DP, sig.) 

Yes (NDP, insig.) 

No 

GH1988 Negative Yes (DP and NDS, 

insig.) 

Yes (DS, insig.) Yes Yes (DP, sig.) 

Yes (NDP and DS, insig.) 

Yes (DP, NDP, and NDS, 

insig.) 

Yes 

GKN1991 Negative Yes (DP, insig.) Yes (DP, DS and 

NDS, insig.) 

No No Yes (DS, insig.) Yes 

LSB1995 Negative No 

 

Yes (DS, sig.) 

 

No Yes (NDP and DS, insig.) Yes (all, insig.) Yes 

MRR1997 Negative Yes (DP, sig.) 

Yes (DS and NDS, 

insig.) 

Yes (DP, sig.) 

Yes (DS, insig.) 

Yes Yes (DS, sig.) 

Yes (NDS, insig.) 

Yes (NDS, sig.) 

Yes (DP, NDP, and DS, 

insig.) 

They are complements 

HS1997 No relationship Yes (DP, sig.) 

Yes (DS, insig.) 

Yes (DS, insig.) No Yes (all, sig.) Yes (all, sig.) No 
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In general, the use of one-hour data has improved the consistency of certain adverse 

selection measures and their power in detecting informed trading. This analysis is 

summarised in Table 5.12. One-hour KL, TRVR, CIR, AFPI, GH1988, GKN1991, and 

LSB1995 are more effective in capturing adverse selection costs relative to their one-day 

counterparts. One-hour RS, ES, and HS1997 are less effective than their one-day 

counterparts. One-hour MRR1997 show additional findings that support their one-day 

counterparts. The analysis indicates that while using one-day transaction data might be 

appropriate for some measures and in certain situations, it might not be for other measures 

or situations. This analysis provides a more complete picture of whether these adverse 

selection measures capture what they are supposed to. The analysis also stresses the 

importance of choosing suitable intraday transaction data frames for estimating the 

measures. In addition, with one-hour measures, this analysis finds supporting evidence to 

Section 5.4 that director upstairs trades increase the associated adverse selection costs. 

More evidence is found, from different measures, that the increases are more significant 

when director trades are more informed and have pre-trade transparency. However, there 

is also evidence that the adverse selection costs of negotiated trades are also higher in 

some cases. Therefore, to examine further the role of the pre-trade transparency 

requirement in market efficiency, Chapter 6 analyses trade data in more detail on a trade-

by-trade basis. 

 

5.7 Conclusion 

First, a daily analysis of overall trading activity reports higher overall trading activity on 

days that directors trade upstairs. For days with upstairs discretionary purchases, both 

larger trading volume and shorter trading durations drive higher trading activity. 

Therefore, even simple statistics on average trading activity can show that upstairs 

director informed trades increase overall daily trading activity although there is no 

significant daily price impact. The analysis implies that upstairs trades, especially 

purchases with short-lived private information, are more likely to be uncovered by the 

market and they directly affect trading activity on the downstairs market. The preliminary 

analysis also shows higher overall daily trading activity on announcement days. Thus, the 

arrival of public information also increases trading activity. Thus, both private 

information and public information are relevant to trading activity.  
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Second, further analysis using microstructure measures provides evidence of lower 

adverse selection costs on the announcement days of UK director dealings and most 

adverse selection measures agree on this aspect. The announcement events do not 

adversely affect market trading activity. They are beneficial to the market as access to 

new public information reduces the overall adverse selection costs, thus increases trading 

activity. 

 

Third, consistent with the first conclusion above, some daily adverse selection measures 

show that there is a higher level of information asymmetry and adverse selection costs on 

days with director upstairs informed trades, especially discretionary purchases. The 

differentiation between ordinary trading events and negotiated trading events, however, 

is not clear. MRR1997 is significantly higher on days of both ordinary and negotiated 

discretionary purchases, and is not significantly lower on days of other informed trades. 

KL, TRVR, CIR, AFPI, and GH1988 show that adverse selection costs are not significantly 

lower on days with both ordinary and negotiated informed trades but are significantly 

lower on days with downstairs trades or uninformed upstairs trades (i.e., non-

discretionary purchases). RS is significantly higher on days of ordinary discretionary 

purchases. ES shows a similar finding but without significance. LSB1995 is significantly 

higher on days of ordinary discretionary sales, and is not significantly lower on days of 

other trades. LSB1995 is the only measure that distinguishes between ordinary and 

negotiated trades. Overall, the findings suggest that upstairs trades associate with higher 

adverse selection costs evidenced by most of the measures. One of the measures (i.e., 

LSB1995) shows that the pre-trade transparency requirement of ordinary trades might 

make these trades more visible to the market and that they increase adverse selection 

costs. This is mild evidence suggesting that the pre-trade transparency requirement should 

be considered carefully when studying the impact of the informed upstairs trades. 

 

Fourth, eleven popular adverse selection measures are examined using one-day 

transaction data. They are divided into four groups based on similarities in their 

behaviour. The first group, which consists of RS and ES, show consistent and significant 

results of higher adverse selection and illiquidity costs on days of upstairs informed 

trades. The increase in RS is attributed to adverse selection costs although the measure is 

designed to capture temporary illiquidity costs. This is because there is additional 

evidence that RS is significantly lower on announcement days. If it captures only 

illiquidity costs, it would not be lower on the announcement days when there is only the 
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arrival of disclosed public information and no director trades. The second group, which 

consists of KL, TRVR, CIR, AFPI, and GH1988, shows consistent but insignificant results 

of higher adverse selection costs on days of upstairs and informed director trades. The 

third group, which consist of LSB1995 and MRR1997, show inconsistent but clearly 

significant higher adverse selection costs on days of upstairs informed trades. It is 

important to note that while LSB1995 does not capture the adverse selection costs of 

public information on any announcement day, it captures the adverse selection costs of 

private information of upstairs discretionary sales. This empirical result points out the 

uniqueness of LSB1995 in capturing private information. The fourth group consists of 

GKN1991 and HS1997. GKN1991 produces results that contradict those of the other 

measures, and HS1997 yields too many implausible values and shows little evidence that 

supports the conclusions of the other measures.   

 

Further, the use of one-hour data clarifies the effectiveness of certain measures, such as 

KL, TRVR, CIR, AFPI, LSB1995, and MRR1997. One-day KL, TRVR, CIR, AFPI, 

GH1988, and MRR1997 only show that adverse selection costs are not significantly lower 

on days of upstairs informed trades as they are on days of downstairs or uninformed 

upstairs trades. However, one-hour KL, CIR, AFPI, GH1988, and MRR1997 show that 

adverse selection costs due to upstairs informed trades are higher for either ordinary or 

negotiated trades or both. Overall, it is clear that upstairs (informed) trades increase 

adverse selection costs. There is more evidence from some measures (i.e., TRVR, AFPI, 

and MRR1997) that the increases are more significant when director trades are more 

informed and have pre-trade transparency. However, there is also evidence that the 

adverse selection costs of negotiated trades are also higher in some cases when the 

measures are higher on days of both negotiated and ordinary trades. Overall, the findings 

in this chapter, especially of one-hour measures, support the conclusion that trades subject 

to pre-trade transparency are associated with higher adverse selection costs. Thus, the 

pre-trade transparency feature of the upstairs market benefits the downstairs market by 

uncovering informed trades. In addition, this analysis indicates that while using one-day 

transaction data might be appropriate for some measures and in specific situations, it 

might not be for other measures or situations. One-hour RS, ES, and HS1997 are less 

effective than their one-day counterparts. 

 

Overall, this analysis shows that adverse selection costs, calculated with standard 

measures, are reasonable in explaining the implied information level of director trades. 
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In general, more informed trades are associated with higher levels of adverse selection 

costs. The increase in adverse selection costs is more profound if trades are upstairs. 

These findings shed more light in explaining why Van Ness, Van Ness and Warr (2001) 

and Collin-Dufresne and Fos (2015) find that the standard microstructure measures are 

not effective in capturing informational asymmetry for two reasons. First, their data, 

especially of Collin-Dufresne and Fos (2015), might not include upstairs trades, which is 

implied in the comparison analysis of their matching algorithm to the proposed algorithm. 

Second, their uses of one-day transaction measures might underestimate the measures as 

they can be diluted over the whole day. In addition, this study indicates that some 

theoretical adverse selection measures tend to pick up different aspects of information 

asymmetry. For example, LSB1995 is more useful in picking up private information 

asymmetry, while most of the other measures tend to reflect both public and private 

information. Using shorter trade data is helpful in isolating the increased adverse selection 

costs resulting from particular informed trades for certain measures. While this analysis 

chooses to use one-hour as a time frame for a closer analysis of these measures, it cannot 

eliminate other possible contaminating or confounding non-director informed trades 

within one-hour trading, although this is obviously less likely to occur than when one-

day trading data is used. This remains a limitation but is an improvement on the literature. 

The results provide additional insights on the usefulness of these measures, with emphasis 

on the potential bias resulting from using too many data points in constructing the 

measures. 
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CHAPTER 6 

TRADE-BY-TRADE IMPACT OF UK DIRECTOR TRADES ON 

STOCK PRICE AND NON-PRICE CHARACTERISTICS – THE 

ROLE OF THE PRE-TRADE TRANSPARENCY REQUIREMENT  

 

6.1 Introduction 

With the matching mechanism described in Section 3.5 of Chapter 3 this analysis matches 

exact corresponding intraday trades that are most likely executed by UK directors or by 

a third party on behalf of UK directors. This sample contains trades related to deals that 

are classified in Chapter 4 as detected non-split-order and which involve different levels 

of information as evidenced in the previous chapters. Therefore, this sample allows us to 

examine the trade-by-trade impact of UK director trades on stock price and non-price 

characteristics. Despite the small sample size, this study carefully treats and removes 

confounding events wherever possible. For studying intraday trading events, this analysis 

makes sure that there are no other director purchases or sales, and no other announcements 

of director dealings within a two-hour time frame. This process of data selection is 

described in Session 3.6.3 of Chapter 3 and is essential in deriving a clean set of intraday 

director trades that are less likely to be contaminated with other director trading and 

announcement events, thus avoiding upward bias in the conclusions. 

 

Chapter 4 presented evidence that non-discretionary deals are in general less informative 

than discretionary deals and that discretionary purchases usually occur when stock prices 

are decreasing and carry less information than discretionary sales. Discretionary 

purchases are more likely to carry short-lived positive information based on the timing of 

under-pricing, while discretionary sales are more likely to carry long-lived negative 

information. In addition, non-split-order discretionary sales carry larger and shorter-lived 

negative information, relative to split-order discretionary sales. Consequently, 

discretionary deals are the most informative deals in the sample. These findings, along 

with the detection algorithm that matches intraday trades with director deals, facilitate 

this study on the trade-by-trade effects of informed and uninformed director trades on the 

stock price behaviour and other non-price trading characteristics, such as volume, trade 

duration and order imbalance. Chapter 4 also presented evidence that the market is faster 

(slower) in incorporating good (bad) news on a daily basis. However, this finding can be 

explained in two ways. First, it is due to the shorter-lived information of discretionary 
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purchases, which is easier to be uncovered. Second, it might also be due to asymmetric 

reactions to directional news, as found in the literature, such as the asymmetric price 

reaction to dividend cuts versus increased announcements found by Gebka (2019) and in 

insider trading announcements in Lakonishok and Lee (2001) and Fidrmuc, Goergen and 

Renneboog (2006). The proposed trade-by-trade analysis in this chapter might also throw 

more light on whether or not the efficiency of the market is higher for purchases, as found 

by the daily analysis of Chapter 4, and examines what is the main reason for this (i.e., 

whether it is due to the longevity of the information or to asymmetric market reaction). 

 

Moreover, by identifying the exact trades made by (or on behalf of) UK directors, the 

preference of their trading practices can also be learnt. UK directors do use the LSE 

upstairs market to execute their deals as either ordinary trades or negotiated trades. 

According to LSE43, ordinary trades are subject to a pre-trade transparency requirement, 

while negotiated trades are not. The upstairs or off-book markets in the LSE are operated 

through the market maker services and the broker-dealer services.44 The broker-dealer 

system is operated on a bilateral basis and there is no pre-trade transparency. Trades 

executed with broker-dealers, defined by the LSE as ‘negotiated trades’, therefore do not 

have pre-trade transparency. However, the market maker system requires assigned market 

makers to maintain executable or firm quotes for the securities in which they are 

registered. Trades executed with market makers, defined by LSE as ‘ordinary trades’, 

therefore have pre-trade transparency. 

 

The literature purports that liquidity tends to be the main reason why insiders choose to 

trade upstairs (see Easley and O’hara, 1987; Smith, Turnbull and White, 2001; 

Bessembinder and Venkataraman, 2004). Rhodes-Kropf (2005) studies price 

improvement in dealership markets and argues that customers who trade with market 

markers get better prices for two reasons: a bargaining power over market makers and a 

premium for supplying liquidity. The second empirical analysis of Chapter 5 pointed out 

higher levels of adverse selection for director ordinary trades, but not for their negotiated 

trades, especially with the use of one-hour adverse selection measures. Given this result, 

it seems that (on an intradaily basis) market participants perceive director ordinary trades 

as more informed, or that the pre-trade transparency requirement of these trades assists 

 
43 LSE rule book 2017. 
44 More information on the LSE rules on market makers can be found at: 

https://www.londonstockexchange.com/resources/trade-resources?tab=rules-and-regulations 
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the market in quickly incorporating new information that accompanies these trades. This 

evidence from Chapter 5, however, is rather weak, as there is also evidence that some 

adverse selection measures are higher on days of both ordinary and negotiated trades. The 

empirical study of this chapter sheds more light on this by examining market reaction on 

a trade-by-trade basis around director trades against a control group of non-director 

trades. This analysis studies if market participants react to directors’ upstairs (ordinary) 

trades as if they are more informative than other comparable non-director upstairs 

(ordinary) trades, and whether the speed of the reaction depends on the pre-trade 

transparency requirement of the trade. In addition, this analysis also sheds light on the 

following questions: Does the upstairs market treat director trades in a similar manner as 

other control trades, or do market makers charge more (less) as if these trades are more 

(less) informed? Does the market treat director ordinary trades and negotiated trades 

differently? Are the price impacts on downstairs trades around director ordinary trades 

different from negotiated trades and from correspondent comparable non-director trades? 

 

Studying trade-by-trade impacts can also shed light on a fundamental question related to 

market efficiency: ‘Is the market efficient in reflecting public or private information, or 

both?’ Chapter 4 shows that, on a daily basis, there is negative market reaction to 

discretionary sales, but it occurs many days after the trading and announcement days. It 

is clear that the market cannot uncover immediately the full set of implied negative 

information of these deals (using daily data), thus it does not react immediately on the 

trading or announcement days. Given the availability of a group of comparable non-

director trades that are very similar to director trades in terms of trade direction, size and 

means of execution, this analysis assumes that the level of new public information (i.e., 

the trading related information) for these control trades is very similar to that of director 

trades. Thus, the difference in market reaction around director trades, compared to 

comparable non-director trades, can be attributed to the incorporation of implied private 

information in director trades. In this manner, this analysis can test whether the market 

can incorporate into prices a portion of the implied private information (if any) of director 

trades.  

 

With intraday data, Inci, Lu and Seyhun (2010) focus on price behaviour, trading intensity 

measured by the number of trades per ten seconds, and order imbalances around the 

trading events of US insiders, while Dardas (2012) focuses on price formation and trading 

volume effects around the announcement events of UK director trades. The market index 
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used in these studies is a minute-by-minute composite market index provided by the 

Institute for Financial Markets (Inci, Lu and Seyhun, 2010) and by Thomson Reuters 

Dardas (2012). As there might be many trades occurring at different prices within the 

same minute, the use of a minute-by-minute index might not be appropriate to capture 

trade-by-trade market-adjusted abnormal returns. This thesis’ data allows the construction 

of corresponding trade-by-trade market index returns and, hence, the measures of trade-

by-trade market-adjusted abnormal returns are more precise or refined, even though they 

require more computational effort. Further, these past papers do not apply a diurnal 

adjustment to intraday non-price measures, i.e., volume and duration, while the analysis 

in this chapter does to remove hourly patterns and heteroscedasticity of a known form. 

This study provides a more comprehensive understanding on the effects of insider trades, 

not only on the price behaviour, but also on non-price measures with careful treatment of 

intraday seasonal patterns.  

 

To my knowledge, this is the first study of trade-by-trade effects of UK director dealings 

around their trading time. This thesis classifies director deals by their stated dealing 

purpose into discretionary purchases, non-discretionary purchases, discretionary sales, 

and non-discretionary sales.45 With this classification, it is possible to identify some deals 

that are more informative than others are. In addition, the intraday transaction data 

distinguishes ordinary trades from negotiated trades. Both of these are upstairs trades, and 

the main difference between them is that ordinary trades are subject to a pre-trade 

transparency requirement while negotiated trades are not. This uniqueness of the data 

allows us to examine if there are any different market reactions resulting from whether or 

not a pre-trade transparency is required, by partitioning the deals according to their means 

of trading execution, i.e., automatic, ordinary or negotiated trades. The intraday analysis 

in this chapter aims at identifying if there are significant market reactions around the 

timestamps of these director trades. It also compares these reactions to those around the 

timestamps of comparable non-director trades. This comparison can also shed more light 

on whether the market reaction (if any) is due to private or public information. This study 

considers the non-price characteristics of these trades, such as trade direction, size, and 

execution method, as public information. Thus, if the market only discovers public 

information, the effects should be the same around director trades compared to 

comparable non-director trades that have similar trading information. If the effects are 

 
45 For more details on this classification method, see the description in Section 3.3 of Chapter 3. 
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different, then the difference can be attributed to the incorporation of private information 

by the market. Different dealing purpose and means of execution can also aid a better 

understanding of the effects of insider trades on stock trading characteristics around both 

trading and announcement events. The findings of this analysis set a sound background 

for a regulation recommendation regarding consistency in the pre-trade transparency 

requirement, especially to trades that are highly likely to be informative, such as UK 

director discretionary deals, to maintain a higher level of market efficiency. 

 

6.2 Do director deals associated with different methods of execution differ on a 

daily basis? 

Before conducting the main analysis on the intraday price and non-price behaviour around 

director trades, this section examines the implied private information level of deals 

executed by different means by analysing daily CAARs that follow director deals 

dissected by means of execution. This daily CAARs analysis supports the main intraday 

analysis by addressing whether director upstairs trades (i.e., ordinary trades and 

negotiated trades) are informative on a long-term basis. Such daily analysis would tell if 

directors’ upstairs trades carry any significant short-lived or long-lived information, i.e., 

private information, if the tests on significant CAARs of long-term or short-term windows 

cannot be rejected. This is similar to the daily analysis carried out in Chapter 4, but on 

three different sub-samples divided by means of execution, namely, deals associated with 

automatic, negotiated, and ordinary trades. Daily price discovery in the 20 days prior to, 

and the 170 days post, the event is examined. Two types of tests on significant CAARs 

(i.e., implied private information) are conducted: the GRANK t-test (non-parametric 

generalized rank test proposed by Kolari and Pynnonen, 2011) and the GMTP z-test (as 

used in Gregory et al., 1994, and Gregory et al., 1997, but with an adjustment for 

confounding events).  

 

The results of this preliminary daily analysis are reported in Table 6.1. The top panel of 

Table 6.1 shows that there is no implied private informational level of deals associated 

with automatic downstairs trades. There is no significant market reaction on the dealing 

day and the days subsequent to director automatic trades. This implies that downstairs 

trades are more likely to be non-informative. The second and the third panels of Table 

6.1 show that discretionary purchases associated with ordinary trades (in the second 

panel) are more informative, as evidenced by significant decreasing pre-event CAARs 

that stop on the day following the deals, compared to deals associated with negotiated 
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trades (in the third panel). The two panels also show that there is an immediate negative 

market reaction on the day of director ordinary discretionary sales, but there is no such 

reaction if the deal is associated with a negotiated trade. Further, negotiated discretionary 

sales carry more negative information over the long-term windows (the cumulated 

abnormal returns for the (0,170) window are -13.41% and -9.79% for discretionary sales 

associated with negotiated and ordinary trades, respectively). The market does not react 

significantly on the trading day of deals executed by the more informed negotiated trades, 

while it reacts significantly within the trading day of the less informed ordinary trades. 

There are two implications of this result. First, directors might choose to execute their 

informed deals as negotiated trades, assuming that they are able to do so. Second, the pre-

trade transparency requirement makes the market more efficient in reflecting at least a 

portion of the implied negative information. Given that the negative information carried 

by discretionary sales is long-lived (up to 170 days after the trading day), it is reasonable 

to assume that even if the pre-trade transparency of the trades allows the market to 

uncover the informed trades it is difficult for it to uncover the full amount of the carried 

long-lived information. Therefore, it is rational to expect just a (small) portion of implied 

private information to be uncovered on the trading day. 

 

Overall, the findings show that director upstairs trades are more informative than their 

downstairs trades. It is found that ordinary discretionary purchases are more informed 

than negotiated discretionary purchases, but negotiated discretionary sales are more 

informed than ordinary discretionary sales. The nature of implied information between 

discretionary purchases and sales, however, are different (which is also consistent with 

the analysis in Chapter 4). Ordinary discretionary purchases are associated with larger 

underpricing of stock price, and the positive information from the director deal stops this 

decreasing price trend. The information of ordinary discretionary purchases is short-lived 

and is based on mispricing, consequently it is more easily uncovered by the market. This 

does not exist in the sub-sample of negotiated trades. Discretionary sales associated with 

negotiated trades carry long-lived negative information, but the information is not 

discovered by the market on the dealing day. The negative price trend is realised on day 

10 following the deal. However, while discretionary sales associated with ordinary trades 

are less informative in the long term, there is a significant market reaction to the implied 

negative news on the dealing day. This shows that the market is able to incorporate a 

portion of the implied private information only if the informed trades are subject to pre-

trade transparency. These results also imply that the market is slower in incorporating any  
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Table 6.1 Daily Cumulated Average Abnormal Returns (CAARs) around trading 

events of downstairs automatic, upstairs ordinary and upstairs negotiated UK 

directors' transactions 

Test results of the significance of CAARs using GMTP z-test (parametric test) that accounts for 

overlapping events and GRANK t-test (non-parametric test) are presented in this table. 'All' is for 

all purposes of dealings and DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-

discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. 

(1)=GMTP z-test, (2)=GRANK t-test; ***, **, and * are significance at 0.01, 0.05, and 0.1, 

respectively. 

    All DP NDP DS NDS 

  Event windows CARs (1) (2) CARs (1) (2) CARs (1) (2) CARs (1) (2) CARs (1) (2) 

A
u

to
m

a
ti

c 
T

ra
d

es
 (

n
=

1
3

7
) 

(-20,0) 0.05%     0.26%     -0.35%     3.11%    12.05% ***   

(-10,0) 0.05%     0.76%     -0.18%     2.67%    4.73%     

(0,1) 0.20%     -0.38%   * 0.24%     -1.56%    1.36%   ** 

(0,2) 0.09%     -0.53%   ** 0.13%     -1.68%    1.53%   * 

(0,7) 0.14%     0.01%     0.12%     -0.74%    1.88%     

(0,8) 0.13%     0.06%     0.09%     0.07%    2.09%     

(0,10) 0.55%     0.50%     0.51%     0.21%    2.44%     

(0,30) -0.22%     2.83%     -0.11%     1.17%    -14.22% *** * 

(0,60) 0.70%     2.92%     0.64%     9.39%    -8.14%     

(0,120) 1.26%     0.31%     1.08%     23.39%    -0.37%     

(0,170) 1.88%     -1.66%     1.58%     21.50%    13.55%     

O
rd

in
a

ry
 T

ra
d

es
 (

n
=

 1
6

9
) 

(-20,0) -0.52%     -1.22%   * -1.00%     0.88%     -0.43%     

(-10,0) -0.56%   * -1.91% *** *** -0.39%     -0.37%     0.15%     

(0,1) -0.31% ** ** -0.50%   * 0.15%     -0.50% ** * -0.39%     

(0,2) -0.27% * * -0.36%     0.01%     -0.41%     -0.33%     

(0,7) -0.14%     -0.01%     0.78%     -0.23%     -0.75%     

(0,8) -0.06%     0.04%     1.00%     -0.31%     -0.67%     

(0,10) -0.34%     -0.17%     0.22%     -0.60%     -0.69%     

(0,30) -0.24%     0.40%     -0.22%     -1.13%   * -0.25%     

(0,60) -1.13%     -0.73%     -2.56%     -1.28%     -0.43%     

(0,120) -0.55%     3.06%     -1.35%     -4.21% **   -0.68%     

(0,170) -3.53% * * -1.68%     -4.91%     -9.79% *** ** -0.81%     

N
eg
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a
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d
 T

ra
d

es
 (

n
=

1
2

7
) 

(-20,0) -0.10%     -1.00%     -0.87%     1.26%     -0.08%     

(-10,0) 0.36%     -0.37%     -0.08%     0.99%     0.66%     

(0,1) 0.03%     -0.10%     0.50%     0.01%     -0.08%     

(0,2) 0.02%     0.05%     0.47%     0.06%     -0.24%     

(0,7) -0.41%     0.79%     -0.05%     -1.23%   * -0.88% * ** 

(0,8) -0.58%   * 0.37%     -0.24%     -1.28%     -0.96% * ** 

(0,10) -0.60%   * 0.30%     0.04%     -1.48% * ** -0.92% * ** 

(0,30) -0.95%     0.32%     0.16%     -1.83%     -1.76% * *** 

(0,60) -1.32%     1.45%     0.10%     -4.14% ** ** -1.99%     

(0,120) -2.71% * * -1.05%     0.23%     -8.58% *** *** -0.96%     

(0,170) -5.00% *** ** -1.01%     0.60%     -13.41% *** *** -4.35% *   
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underlying private information if the deals are executed upstairs without pre-trade 

transparency (i.e., with negotiated trades). This conclusion (on a daily basis) sets the 

background for the trade-by-trade analysis that is presented in Sections 6.3–6.8. 

 

6.3 Anecdotal results of intraday price effects of detected UK director trades 

In this section, the intraday effects on prices of director trading and announcement events 

are examined by cumulative abnormal returns (CARs) measured by trade-by-trade stock 

returns minus trade-by-trade index returns. In this study, trade-by-trade index returns are 

constructed from available FTSE100 intraday transaction price data on the index 

constituent stocks. Abnormal trade-by-trade returns are winsorised before being 

accumulated. The 5% lower tail and 5% upper tail are replaced by the corresponding cut-

off values. Winsorisation is applied to all trades, except ten trades surrounding the event 

trade and the event trade itself, in order to retain the original effects of the event trade. 

Accumulated abnormal returns are calculated such that they centre around 0 at the event 

trades (i.e., CARs at Trade0 are scaled to 0) for presentation and graphing purposes.  

 

This analysis starts by looking at CARs by deal direction (purchase or sale) for a clearer 

comparison with Inci, Lu and Seyhun (2010) who is silent on whether or not non-

discretionary deals, such as sales after option exercise, are excluded in their study. This 

analysis then dissects CARs by the four distinguishing dealing purposes (i.e., 

discretionary purchases, non-discretionary purchases, discretionary sales, and non-

discretionary sales). Dardas (2012) filters out all deals that are possibly classified as non-

discretionary in the data, i.e., sales after option exercise. Hence, a focus on discretionary 

purchases and sales would provide a good comparison with the results reported by Dardas 

(2012). The data is then tabulated by different means of trading execution (i.e., automatic, 

negotiated, and ordinary trades) to study the role of upstairs trading and the pre-trade 

transparency requirement. In the graphs and notation, a director detected trade and an 

anonymous trade close to the time of the announcement of the director trade are denoted 

by Trade0. Following the sample selection process described in Sub-section 3.6.3 of 

Chapter 3, this analysis examines 653 events of detected intraday trades and 1517 events 

of anonymous trades occurring at the announcement timestamp of director deals. This 

analysis examines 1200 trades split equally around these intraday trading and 

announcement events. The 600 trades prior to Trade0 are denoted Trade-600, Trade-599, …, 

Trade-3, Trade-2, Trade-1. Similarly, the 600 trades that follow Trade0 are denoted Trade1, 

Trade2, Trade3, …, Trade599, Trade600.  
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Figure 6.1 Cumulative Average Abnormal Returns (CAARs) of 120 trades around the director 

trading events and announcement events, by deal direction and dealing purpose 
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By direction – Black for purchases; Grey for sales 

By purpose – Black and dotted black are for discretionary and non-discretionary purchases; Grey and dotted grey 

are for discretionary and non-discretionary sales. 
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Figure 6.1 shows plots of CAARs of 120 trades around Trade0 for trading events and 

announcement events. The graphs on the left show CAARs grouped by dealing direction 

(i.e., purchases and sales), while the graphs on the right show CAARs grouped by the 

four dealing purposes (i.e., discretionary purchases, non-discretionary purchases, 

discretionary sales, and non-discretionary sales). The top graphs show CAARs around 

the trading events and the bottom graphs show CAARs around the announcement events. 

 

Trade events 

By trade direction of director deals, the data shows the following similarities to Inci, Lu 

and Seyhun (2010): prices go up and remain high after director purchases, while they 

drop temporarily and then recover quickly after director sales. There is mild evidence that 

the market is in negative sentiment prior to director purchases, while this negative 

sentiment is stronger and clearer in Inci, Lu and Seyhun (2010). In addition, this thesis’ 

data is clearer in that director purchases (sales) are executed at the highest (lowest) prices 

compared to surrounding trades. It seems that director trades are executed at prices that 

are distinctly different from those of surrounding trades. This can be preliminary evidence 

that market participants are able to identify director trades and protect themselves against 

perceived adverse selection by charging relatively very high (low) prices for purchases 

(sales). In this analysis, the director’s choice to trade upstairs might explain this ability of 

market participants to identify informed trading, since upstairs trades are less anonymous. 

Overall, the main observations by trade direction are consistent with the findings of Inci, 

Lu and Seyhun (2010), although the magnitude of price increases after director purchases 

is not as high as reported in their paper. 

 

By director dealing purpose, the data shows a number of interesting facts. Discretionary 

purchases in my sample behave more in line with the insider purchases in Inci, Lu and 

Seyhun (2010), but with a clearer increasing price trend after these informed trades. Non-

discretionary purchases are not associated with any particular unusual behaviour, except 

that their execution prices are also distinct at very high levels in a similar manner as 

discretionary purchases. The data also confirms that the market does not treat uninformed 

(i.e., non-discretionary) director deals differently from informed (i.e., discretionary) deals 

in terms of execution prices. On average, director purchases (sales) occur at very high 

(low) distinct price levels regardless of whether they are discretionary or non-

discretionary.   
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Following discretionary sales, stock prices continue to decrease for the next 20 trades, 

and then they revert. The reversion in price shows a temporary effect of these 

discretionary sales, but these effects are more significant than those reported by Inci, Lu 

and Seyhun (2010). Hence, discretionary sales show a clearer price behaviour. Non-

discretionary sales, however, tend to behave in a similar manner to discretionary 

purchases, than to discretionary sales. Although non-discretionary sales also occur at 

disadvantageous low prices, stock prices increase and remain high after these trades. The 

opposite price behaviour to that of discretionary sales provides a possible explanation of 

why the effect of insider sales was not discovered by Inci, Lu and Seyhun (2010) in their 

sample. The reason is that their data does not allow them to distinguish open-market sales 

by different dealing purpose as this thesis’ data does, and that the effects of the two groups 

indeed offset each other. Dissecting data by only deal direction shows that there is a 

general increasing price trend around director sales (see the graphs on the left in Figure 

6.1). However, dissecting data by dealing purpose shows a clear distinction in the 

opposite trend between discretionary sales and non-discretionary sales (see the graphs on 

the right in Figure 6.1), in that prices decrease around discretionary sales but increase 

around non-discretionary sales. Dissecting director deals by purpose also confirms strong 

effects on price behaviour by discretionary sales. Without this dissection, only a smooth 

price behaviour can be observed for directors’ sales as in Inci, Lu and Seyhun (2010). 

 

This evidence also tells us that the market is not only able to discover director deals from 

their trade direction but also to uncover the reasons behind these trades even when there 

is no disclosed public information about these deals yet. Although Chapter 4 finds that 

non-discretionary sales carry long-lived negative information but less informed than 

discretionary sales and there is no daily market reaction that reflects a belief that non-

discretionary sales are indeed informed purchases. In this chapter, however, it is found 

that the market subsequently reacts to non-discretionary sales as if they are informed 

purchases. There are two possible reasons for this fact. First, a non-discretionary sale, 

such as selling after option exercise to cover liability, might be considered by the market 

as a buying signal when the director keeps a portion, rather than sells all, of the shares 

that are newly acquired by the option exercising. Second, options and shares awarded to 

directors are often conditional on the firm operating performance. Firms often release 

these awards to directors during favourable times when there is evidence that the firm is 

performing well. In this case, releasing the awards to directors sends or confirms a 

positive signal of good performance to the market. This positive signal offsets the 
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negative signal of the sales, which is weak because the sale is not a discretionary deal but 

are triggered by the award releases. The market has a good reason to predict that these 

non-discretionary sales are more likely due to reallocation and diversification needs, 

rather than private information. This can only be done if the market knows that these deals 

are made by directors non-discretionarily. Although non-discretionary sales do carry 

long-lived negative information as evidenced in Chapter 4, their first impression to the 

market is that they are a positive signal of retaining shares. This positive signal is more 

straightforward and is easier to be uncovered than the implied long-lived negative 

information. This explains why the market reacts to these deals as if they are buying signal 

when the trades occur. 

 

In addition, the market seems able to distinguish clearly between discretionary and non-

discretionary purchases. The market reaction to discretionary purchases is positive, while 

there is no such reaction to non-discretionary purchases. These observations are 

consistent with the nature of the directors’ dealing purposes and are consistent with Inci, 

Lu and Seyhun (2010). 

 

The graphs in Figure 6.1 collectively show evidence that the market has the ability to 

distinguish informed from un-informed director trades. Inci, Lu and Seyhun (2010) find 

evidence that the market behaves differently around insider trades than around non-

insider trades, and they explain the results based on possible information leak about 

director identification from broker/dealer. The conjecture is supported by the data as most 

of the detected trades are upstairs trades46, and upstairs trades are strongly believed to be 

less anonymous compared to downstairs trades as the identity of directors can be 

uncovered by the dealer. Then based on this knowledge, upstairs market participants can 

decide whether the deals are information or liquidity based. In addition, given the 

knowledge of the director’s identity, market participants can also learn whether the 

director deal is informed or non-informed using historical public information, which can 

be used as a method to screen out informative trades. A series of directors’ non-

discretionary purchases and sales often occur on a regular and scheduled basis. Hence, 

one possible explanation is that if one watches a firm’s award programs and its payout 

schedule, one can easily detect whether or not a director’s selling share relates to an award 

release, and whether the director retains a portion of the awarded shares or sells them all. 

 
46 See Table 3.5, 305 (260) out of 653 detected trades are upstairs ordinary (negotiated) trades. 
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Therefore, by incorporating public information and private information (i.e., the identity 

of directors), upstairs market participants can uncover informed versus non-informed 

director deals. Thus, the less anonymous figure of the upstairs market plays a role as a 

channel through which information is transferred to the market and allows the market to 

discover and react differently to director discretionary sales than to non-discretionary 

sales. One of the objectives of this study is to examine if the price and non-price impacts 

of such trades are transferred from the upstairs to the downstairs market. Such a 

transferring is a benefit of the upstairs market to the downstairs market. 

 

An important point is that by dissecting the deals by either direction or purpose, this 

analysis finds that even though there is a short period of negative sentiment before 

director purchases, the results imply that directors do not really tap the market at as low 

prices as indicated  in Inci, Lu and Seyhun (2010). On the contrary, their purchases seem 

to occur at extremely high prices. 

 

Announcement events 

The bottom graphs in Figure 6.1 show CAARs around the announcement events. 

Grouping director deals by trade direction shows a small increasing price trend after 

purchases and a larger increasing price trend after sales. Examining the deals by dealing 

purpose, however, shows a clearer picture of price behaviour following the announcement 

of director deals.  Since the announcement time is reported to the nearest minute, as 

HH:MM, this analysis is unable to identify the exact announcement event timestamp 

corresponding to the microsecond data. As a reasonable compromise, the first trade that 

appears within the last 30 seconds of the recorded announcement time is chosen to be 

Trade0 for the announcement event. This treatment of the announcement event time takes 

into account the possibility of rounding time to the nearest minute. However, it obviously 

does not assure the accuracy of the exact event time. Therefore, the analysis of the 

announcement event considers this as a limitation and exercises care in interpreting the 

information and avoid making conclusions about what would happen right before or right 

after the announcement events.  

 

Prices drop around announcements of discretionary sales within about 15 trades but 

recover gradually after that within about 15 trades and continue increasing. The effects 

of discretionary sales are therefore significant but temporary. In contrast, prices drop 

slightly around the announcement of discretionary purchases for about 10 consecutive 
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trades, but quickly revert within 5 trades and then increase and remain at a slightly higher 

level. Price behaviour around and after the announcement of non-discretionary purchases 

does not show any particular pattern. Prices increase after the announcement of non-

discretionary sales with a clearer trend than that of discretionary purchases. This 

announcement effect confirms that the market perceives non-discretionary sales as 

discretionary purchases on an intraday basis. There is no such finding in Chapter 4 on a 

daily basis. Therefore, this intraday analysis documents the market reaction based on 

disclosed public information and that the market perceives non-discretionary sales as a 

buying signal. This finding clearly benefits from the classification of deals into 

discretionary and non-discretionary throughout the thesis. 

 

The effects on announcement events are basically in line with those found in Dardas 

(2012) but are less strong in terms of the magnitude of CAARs. Recall that Dardas (2012) 

exclude sales after option exercise, therefore, sales (purchases) in their study are 

equivalent to discretionary sales (both discretionary and non-discretionary purchases) in 

this study. Dardas (2012) reports permanent increasing price trend for purchases and 

decreasing trends for sales, however this analysis finds permanent increasing price trend 

for discretionary purchases but only temporary decreasing trend for discretionary sales. 

The permanent increasing price trend after director discretionary purchases, however, is 

not observed after non-discretionary purchases. This shows the effectiveness of dissecting 

deals into non-discretionary and discretionary deals and clearly reflects that non-

discretionary purchases are not perceived to carry any information while discretionary 

purchases are. This intraday evidence supports the proposed classification of 

discretionary versus non-discretionary deals. The magnitude of price reaction after the 

announcements is also much higher in Dardas (2012). In their study, prices increase 

(decrease) by 0.214% (0.116%) within 15 trades after announcement of director 

purchases (sales), while in this study prices increase (decrease) by only about 0.0025% 

for purchases (sales). One explanation for these differences is possibly due to the large 

capitalisation of the constituent firms of the sample used in this thesis. Dardas (2012) uses 

a sample of all insider transactions on the LSE from January 2007 to June 2010. Such a 

sample includes both the largest and smallest firms listed on the LSE. There are many 

studies that have found that firm size has a strong implication on the effects of insider 

trading and insider trades in small firms tend to be more informative, and hence have 

stronger effects (Seyhun, 1986; Lakonishok and Lee, 2001). Another explanation why 

this analysis’ findings are less significant than Dardas's (2012) findings is their use of 
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minute-by-minute index return in contrast of my trade-by-trade index return. There is less 

volatility in their benchmark of minute-by-minute index return compared to this analysis’ 

benchmark of trade-by-trade index return. Therefore, their trade-by-trade abnormal 

returns might be overstated. This is another contribution of this analysis in treating trade-

by-trade abnormal return in a more appropriate manner. 

 

This analysis also uses mid-quotes (i.e., the arithmetic average of bid and ask prices) 

instead of trade prices to compute abnormal trade-by-trade return as a robustness check, 

since the use of mid-quotes is common in the microstructure literature as it reduces the 

effect of the bid-ask bounce. The bid-ask spread might be mistaken as a change in 

equilibrium expected prices when there is a purchase at the best ask followed by a sale at 

the best bid (bid-ask bounce). The graphs of the cumulative average mid-quote abnormal 

returns (CAMiARs) are presented in Figure 6.2. CAMiARs are less volatile than CAARs, 

but the main patterns observed in CAARs (Figure 6.1) are also present in CAMiARs 

(Figure 6.2). Accordingly, these patterns are due to actual price movements and are not 

affected by the bid-ask bounce. 

 

Means of trade execution 

Figure 6.3 extends the analysis to the dissection of deals by the method of trading 

execution. The CAARs are presented in the left panel and CAMiARs in the right panel. 

The graphs are presented for director deals executed as automatic, negotiated, or ordinary 

trades from the top down, respectively. The observations made for the right top panel of 

Figure 6.1 are strongly confirmed when the deals are executed as automatic and ordinary 

trades, but not when they are executed as negotiated trades. This is the first anecdotal 

evidence that the pre-trade transparency requirement affects the ability of the market to 

discover director trades and hence the realised subsequent price impact on an intraday 

basis. Trading automatically on the exchange gives directors better prices as there is no 

evidence of distinct high or low prices on director trades. However, there is clear evidence 

(in CAARs, but not in CAMiARs) that negotiated and ordinary trades, which are upstairs 

trades, occur at disadvantageous prices for directors, i.e., prices that are too high for 

purchases and too low for sales. Directors are disadvantaged in terms of transaction price 

when they trade upstairs compared to when they trade downstairs. The fact that there are 

distinct trade prices but not distinct mid-quote prices associated with director trades 

shows that the market clearly treats directors upstairs trades differently than other  
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Figure 6.2 Cumulative Average Mid-point Adjusted Returns (CAMiARs) of 120 trades around the 

director trading and announcement events by deal direction and dealing purpose 
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Figure 6.3 CAARs and CAMiARs of 120 trades around the director trading events by dealing 

purpose 
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simultaneous downstairs trades. Bid-ask prices are not adjusted immediately following 

these trades. In addition, while the effects of director trades to surrounding trades are 

insignificant when they trade downstairs, they seem to be higher when they trade upstairs, 

with cumulative adjusted returns of about 10 basis points (-30 basis points) 30 trades after 

discretionary purchases (sales). These effects are observed equally in both CAARs and 

CAMiARs. Nevertheless, the effects of upstairs director trades to surrounding trades, 

though consistent over all deals, are much smaller in size than the effects of their 

downstairs trades. A fluctuation of just less than ±2.5 basis points (based on CAMiARs) 

is observed around negotiated purchases and sales. An increase (decrease) of less than 7.5 

basis points (based on CAMiARs) after 60 trades is observed around ordinary purchases 

(sales). When directors trade downstairs, the effects are equally observed in CAARs and 

CAMiARs, but when they trade upstairs, the effects measured by CAARs are more 

volatile than those measured by CAMiARs. This observation sheds light on how efficient 

the market is in incorporating information into prices. While the market is very efficient 

in continuously revising the bid-ask quotes when there are director trades downstairs, it 

is slower when there are director trades upstairs. This can be due to the large size of 

upstairs trades that might deplete the liquidity of the order book, but it can also mean that 

there is more information (public or private or both) to be incorporated when there are 

director trades upstairs. A portion of these upstairs trades are also not subject to pre-trade 

transparency requirement (i.e., negotiated trades), and this might contribute to the 

slowness of the market in adjusting around these trades. The next section will shed more 

light on this issue with a detailed analysis on trade-by-trade CAARS around director and 

comparable non-director trades. 

 

6.4 Intraday price effects of detected UK director trades measured by trade-by-

trade cumulative average abnormal returns (CAARs) 

This section investigates the trade-by-trade price impact around director trades in a wider 

window (1200 trades around the event trades) relative to an appropriately selected group 

of comparable trades. For each detected director trade this analysis selects another non-

director comparable trade chosen as follows. First, I look at trades on five non-event 

comparable days (these are the same day-of-the-week as the trading day). I choose a trade 

to be a comparable trade to a director’s deal if it meets the following three conditions: 1) 

The comparable trade is recorded to have been executed by the same means as that of the 

detected director’s trade; 2) The comparable trade’s price is in the same direction relative 

to its prevailing bid-ask spread as that of the detected director’s trade, i.e., if the director’s 
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trade price is higher than its prevailing bid-ask spread, the comparable trade should also 

have a price that is higher than the comparable trade’s prevailing bid-ask spread. This 

selection ensures that the comparable trade has the same buy/sell initiation indicator value 

as that of the detected director’s trade; 3) The comparable trade’s volume is within ±10% 

of the volume of the director’s detected trade. If there is no trade that meets all three 

conditions, I extend the search further to other comparable days. Due to the requirement 

of similar size, a selected comparable trade might occur months before or after the 

detected directors’ trade; however, this trade-off is necessary to control for the trade-size 

effect. Comparing the effect of a group of informed director trades with a control group 

of comparable trades with similar size allows us to attribute any significant difference to 

the asymmetric information, assuming that both groups carry the same level of public 

information (i.e., trading direction, trade size, and means of execution) while only the 

former group carries private information. 

 

The pre-event cumulative price impact is measured by the adjusted returns of trades prior 

to Trade-1. 

 𝐶𝐴𝑅𝑡,𝑖 = (𝑙𝑛𝑃−1,𝑖 −  𝑙𝑛𝑃𝑡,𝑖) − (𝑙𝑛𝑀−1,𝑖 − 𝑙𝑛𝑀𝑡,𝑖), (6.1) 

where 𝑖 is an index for the observations; 𝑃𝑡,𝑖 is the stock price at Tradet for observation 𝑖; 

𝑀𝑡,𝑖 is the market index at Tradet for observation 𝑖; and 𝑡 ≤ −1. The initial price impact 

on the director trade is measured by the adjusted return between Trade-1 and Trade0, i.e., 

the price of the director trade is compared to that of the preceding trade. 

 𝐴𝑅0,𝑖 = (𝑙𝑛𝑃0,𝑖 − 𝑙𝑛𝑃−1,𝑖) − (𝑙𝑛𝑀0,𝑖 − 𝑙𝑛𝑀−1,𝑖) (6.2) 

The cumulative subsequent price impact is measured by the adjusted return between 

Trade0 and subsequent trades. 

 𝐶𝐴𝑅𝑡,𝑖 = (𝑙𝑛𝑃𝑡,𝑖 − 𝑙𝑛𝑃0,𝑖) − (𝑙𝑛𝑀𝑡,𝑖 − 𝑙𝑛𝑀0,𝑖) (6.3) 

where 𝑖 is an index for the observations; 𝑃𝑡,𝑖 is the stock price at Tradet for observation 𝑖; 

𝑀𝑡,𝑖 is the market index at Tradet for the observation 𝑖; and 𝑡 > 0. 

 

6.4.1 Intraday price effects regardless of their means of execution 

Table 6.2 shows the results of a t-test on whether CAARs are zero for all director trades, 

regardless of their means of execution. Columns (1) to (4) show the test results around 

detected director trades, while Columns (5) to (8) show the test results around comparable 

trades. Columns (9) to (12) show the results of a t-test of the difference in means of 
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CAARs between the director trades and the comparable trades. For each figure, the test 

statistics and their significance are presented in parenthesis beneath them. 

 

First, this analysis examines the price behaviour before the director trades and their 

comparable trades. While prices tend to be on a decreasing trend before comparable 

discretionary purchases from Trade-30 (Table 6.2, Column (5)), they tend to increase 

before director discretionary purchases from Trade-15 (Table 6.2, Column (1)). The 

difference between these price trends is significant (Table 6.2, Column (9)). There is also 

a similar difference in price behaviour before director discretionary sales. While prices 

consistently tend to be on an increasing trend before comparable sales (Table 6.2, Column 

(7) and Column (8)), there is only mild evidence of an increasing price trend before 

director discretionary sales, and the trend ends far before the trading event. During the 

period from Trade-600 to Trade-240, the price trend does not differ significantly from that 

of comparable trades (Table 6.2, Column (11)). On the approach to director discretionary 

sale events, the increasing price trend disappears (Table 6.2, Column (3)) and the 

deviation from the increasing price trend of comparable trades is significant from Trade-

180 (Table 6.2, Column (11)). These differences are clear evidence that the market changes 

its reaction when approaching the director trades. For director non-discretionary sales, 

there are significantly more negative price impacts from Trade-600 to Trade-400, relative to 

their comparable trades (see Table 6.2, Column (12)), which is evidence that the market 

behaves differently before director non-discretionary sales than before comparable trades. 

In other words the market treats non-director sales consistently (i.e., it treats comparable 

non-director non-discretionary sales in the same manner as it does for comparable 

discretionary sales), it reacts in an opposite manner to director sales (i.e., it treats director 

non-discretionary sales as a buying signal and discretionary sales as a selling signal). 

 

Non-directors are able to time their purchases (sales) at trough (peak) prices on a trade-

by-trade basis, while there is less evidence that directors can effectively time their 

purchases (sales). One reason could be that non-directors are contrarian traders on a trade-

by-trade basis while directors are not. This rationale, however, does not necessarily 

contradict the findings in Chapter 4, which shows that UK directors are contrarian traders 

when they discretionarily purchase or non-discretionarily sell shares based on day-to-day 

stock price behaviour. While directors are successful in timing stock underpricing or 

overpricing on a daily basis, they might not be as successful on an intradaily basis. This 

conjecture is supported by the fact that the market can effectively uncover director trades  
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Table 6.2 Trade-by-trade CAARs around the trading events of all UK director trades and their 

comparable trades 

This table presents cross-sectional t-test of hypotheses AAR = 0 and CAAR = 0 using trade-by-trade market-adjusted abnormal 

returns around the trading events of detected trades of UK directors and their comparable trades. The t-statistics are presented in 

brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) 

present results around UK directors’ trades, columns (5) to (8) present results around comparable trades, and columns (9) to (12) 

present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-

discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, COMDS, and 

COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-discretionary Purchases, Comparable of 

Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand 

for Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences between 

Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable trades. A comparable 

trade of a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade execution 

method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each trade using Lee and 

Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

n 208 187 112 146 208 187 112 146 208 187 112 146 

(-600,-1) 0.080% 0.092% 0.205% 0.004% 0.086% -0.037% 0.203% 0.249% -0.006% 0.129% 0.003% -0.246% 

 (0.932) (1.587) (3.152***) (0.046) (0.654) (-0.526) (2.773***) (2.652***) -0.037 1.64 0.031 -1.948 * 

(-400,-1) 0.097% 0.056% 0.152% -0.005% 0.103% -0.008% 0.216% 0.159% -0.006% 0.064% -0.064% -0.163% 

 (1.357) (1.182) (2.600**) (-0.083) (0.851) (-0.147) (3.629***) (2.425**) -0.042 0.976 -0.812 -1.923 * 

(-300,-1) 0.094% 0.024% 0.104% 0.013% 0.066% 0.011% 0.183% 0.105% 0.028% 0.013% -0.078% -0.093% 

 (1.564) (0.591) (2.058**) (0.280) (0.625) (0.227) (3.996***) (1.887*) 0.229 0.242 -1.183 -1.304 

(-240,-1) 0.084% 0.011% 0.062% 0.006% 0.073% 0.033% 0.155% 0.074% 0.010% -0.022% -0.093% -0.068% 

 (1.481) (0.303) (1.301) (0.167) (0.712) (0.775) (3.629***) (1.485) 0.087 -0.432 -1.499 -1.119 

(-180,-1) 0.039% 0.013% 0.020% 0.007% 0.035% 0.059% 0.130% 0.048% 0.004% -0.047% -0.110% -0.041% 

 (0.771) (0.384) (0.486) (0.214) (0.383) (1.644) (3.598***) (1.052) 0.039 -1.053 -2.079 ** -0.754 

(-120,-1) 0.029% 0.016% -0.043% 0.009% 0.043% 0.048% 0.093% 0.066% -0.014% -0.032% -0.136% -0.057% 

 (0.666) (0.572) (-1.391) (0.329) (0.521) (1.675*) (3.165***) (1.606) -0.148 -0.861 -3.204 *** -1.264 

(-60,-1) 0.039% 0.024% -0.025% 0.005% 0.023% 0.030% 0.038% 0.037% 0.016% -0.007% -0.063% -0.032% 

 (1.126) (1.108) (-1.231) (0.265) (0.544) (1.288) (1.957*) (1.938*) 0.285 -0.2 -2.365 ** -1.264 

(-30,-1) 0.008% -0.009% -0.003% 0.013% -0.058% 0.019% 0.025% 0.020% 0.066% -0.028% -0.027% -0.007% 

 (0.445) (-0.568) (-0.165) (0.966) (-2.899***) (0.946) (1.933*) (1.375) 2.452 ** -1.094 -1.281 -0.395 

(-15,-1) 0.022% -0.004% -0.003% 0.003% -0.032% 0.013% 0.024% 0.003% 0.054% -0.017% -0.027% 0.000% 

 (1.795*) (-0.275) (-0.283) (0.293) (-2.523**) (0.698) (2.799***) (0.312) 2.901 *** -0.712 -1.9 * -0.026 

(-5,-1) 0.011% -0.007% 0.000% 0.004% -0.003% 0.011% 0.012% 0.002% 0.014% -0.018% -0.012% 0.002% 

 (1.019) (-0.942) (-0.030) (0.497) (-0.339) (0.615) (1.866*) (0.415) 0.945 -0.944 -1.228 0.156 

(-1,0) 0.037% 0.037% -0.059% -0.039% 0.082% 0.016% -0.114% -0.091% 0.007% -0.004% -0.002% -0.002% 

 (2.929***) (1.988**) (-5.100***) (-2.176**) (3.165***) (2.819***) (-2.576**) (-2.376**) 0.944 -0.693 -0.488 -0.435 

(0,1) -0.018% -0.028% 0.047% 0.041% -0.068% -0.012% 0.037% 0.076% -0.012% -0.004% 0.005% 0.002% 

 (-1.428) (-1.571) (5.287***) (3.125***) (-2.616***) (-2.604***) (2.661***) (2.249**) -0.805 0.011 0.827 0.466 

(0,2) 0.029% 0.005% -0.016% 0.005% 0.016% 0.008% -0.078% -0.015% 0.013% -0.003% 0.063% 0.020% 

 (3.359***) (1.047) (-1.736*) (0.371) (2.532**) (1.692*) (-1.787*) (-0.805) 1.198 -0.418 1.411 0.911 

(0,5) 0.046% -0.002% -0.014% 0.020% 0.022% 0.002% -0.056% -0.013% 0.024% -0.005% 0.042% 0.033% 

 (2.802***) (-0.358) (-1.027) (1.374) (2.568**) (0.233) (-1.435) (-0.694) 1.384 -0.409 1.029 1.43 

(0,15) 0.054% 0.005% -0.022% 0.016% 0.049% 0.005% -0.050% -0.021% 0.005% 0.000% 0.027% 0.038% 

 (2.972***) (0.554) (-1.510) (1.045) (4.304***) (0.494) (-1.287) (-1.058) 0.234 0.002 0.663 1.537 

(0,30) 0.050% -0.001% -0.016% 0.029% 0.073% 0.011% -0.054% -0.009% -0.023% -0.011% 0.038% 0.038% 

 (2.700***) (-0.055) (-0.904) (1.780*) (4.300***) (0.843) (-1.385) (-0.408) -0.934 -0.644 0.903 1.436 

(0,60) 0.030% -0.002% 0.008% 0.053% 0.056% -0.010% -0.054% -0.007% -0.026% 0.008% 0.061% 0.060% 

 (1.218) (-0.099) (0.369) (2.526**) (2.487**) (-0.565) (-1.293) (-0.302) -0.788 0.34 1.37 2.037 ** 

(0,120) 0.018% -0.011% 0.000% 0.078% 0.021% -0.020% -0.021% 0.028% -0.003% 0.009% 0.022% 0.050% 

 (0.509) (-0.482) (0.004) (3.152***) (0.627) (-0.816) (-0.498) (0.958) -0.058 0.257 0.457 1.387 

(0,180) 0.019% -0.013% 0.018% 0.110% -0.020% 0.002% -0.038% -0.007% 0.039% -0.015% 0.056% 0.117% 

 (0.470) (-0.496) (0.525) (4.099***) (-0.487) (0.082) (-0.784) (-0.213) 0.626 -0.395 1.011 2.75 *** 

(0,240) -0.017% -0.022% 0.045% 0.126% -0.067% -0.012% -0.035% -0.009% 0.049% -0.010% 0.080% 0.135% 

 (-0.367) (-0.739) (1.067) (4.110***) (-1.144) (-0.358) (-0.681) (-0.234) 0.608 -0.215 1.288 2.706 *** 

(0,300) -0.021% -0.019% 0.067% 0.121% -0.065% -0.009% -0.016% -0.001% 0.043% -0.010% 0.082% 0.122% 

 (-0.416) (-0.502) (1.422) (3.388***) (-0.978) (-0.228) (-0.266) (-0.021) 0.475 -0.203 1.196 2.167 ** 

(0,400) -0.014% -0.012% 0.102% 0.141% -0.063% 0.002% 0.012% 0.000% 0.049% -0.014% 0.090% 0.141% 

 (-0.223) (-0.267) (1.679*) (3.456***) (-0.878) (0.037) (0.185) (0.002) 0.463 -0.227 1.122 2.099 ** 

(0,600) 0.058% 0.021% 0.118% 0.176% 0.039% -0.001% 0.058% 0.041% 0.019% 0.022% 0.060% 0.135% 

 (0.684) (0.365) (1.551) (3.247***) (0.435) (-0.023) (0.754) (0.583) 0.135 0.308 0.609 1.576 
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and the dealing purposes behind these trades, evidenced by different trade-by-trade 

market reaction to director trades relative to comparable non-director trades, and to 

director trades with different dealing purposes. Thus, prices might start to react to the 

implied information even before director trades are executed. Consequently, UK directors 

are not able to time their purchases (sales) at a trough (peak) on a trade-by-trade basis, 

but are still able to do so on a day-to-day basis as evidenced in Chapter 4. This evidence 

shows that directors are day traders but not intraday traders and this result can only be 

reached at through an intradaily investigation, such as the one presented in this analysis. 

 

Second, the analysis examines the price at which UK directors execute their trades and 

whether the price recovers partly or fully on the following trade. If the price recovers fully 

on the following trade, it is evidence that the director trades do not affect the next trade. 

In other words, their trades might be adversely treated for the liquidity reason only and 

there are no carry-on impacts to the next trade. The effects on subsequent trades will be 

presented in the next paragraph.  An immediate price impact on the next trade also means 

that the market is very quick in incorporating private information of director trades. These 

effects are called the initial effects of the event trades (AAR(-1,0) and AAR(0,1) in Table 

6.2). The data shows that both director and comparable trades occur at unfavourable 

prices, i.e., purchases (sales) occur at significantly higher (lower) prices, mainly because 

most of them are upstairs trades (as evidenced in Figure 6.3). Prices recover mostly on 

the next trade for all comparable non-director trades and for UK director sales. However, 

prices do not recover on the next trade following UK director purchases, especially 

discretionary purchases. This is preliminary evidence that director discretionary 

purchases have important immediate price impact that persists for longer. The differences 

of these effects between event trades and comparable trades, however, are not significant 

for all groups of dealing purpose (Table 6.2, Columns (9) to (12)). The insignificance of 

these differences might be due to the averaging across upstairs and downstairs trades. The 

effects of downstairs, upstairs negotiated, and upstairs ordinary trades are examined 

below in Sub-sections 6.4.2, 6.4.3, and 6.4.4, respectively, to investigate whether any of 

these groups of trades have dominant effects. 

 

Third, the analysis examines the price impact of director and comparable non-director 

trades on the following 600 trades. There is a positive price impact after director 

discretionary purchases, and this is consistently significant from Trade0 through Trade30. 

The same trend is observed after comparable non-director trades (through Trade60) and 
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the difference is not significant (Table 6.2, Column (9)). The price impact is not 

significant for both director non-discretionary purchases and their comparable trades 

because of their smaller trading size (see Tables 3.3 and 3.4 for trade size distribution 

within the samples). There is little evidence that prices decrease after director 

discretionary sales or after their comparable counterparts. For director non-discretionary 

sales, there is a significantly more positive price impact from Trade60 to Trade600, relative 

to their comparable trades (Table 6.2, Column (12)). Consistent with the pre-event impact 

that was mentioned earlier, this information confirms that the market is able to adapt and 

change its reaction from a selling signal to a buying signal before and after director non-

discretionary sales. While Chapter 4 finds that non-discretionary sales are simply based 

on a natural contrarian strategy on a daily basis, this section finds that the market indeed 

reacts to non-discretionary sales as if they are net purchases on an intraday basis, 

supporting my conjecture in the anecdotal analysis in Section 6.3. To investigate further 

if the above price impacts are dominated by the method of trading execution that UK 

directors choose and the pre-trade transparency requirement of their trades, the analysis 

of Table 6.2 is repeated on the smaller samples of trades grouped by different means of 

trading execution. Tables 6.3, 6.4, and 6.5 present similar information as in Table 6.2, but 

on event days grouped by automatic, negotiated, or ordinary trades, and will be discussed 

below in Sub-sections 6.4.2, 6.4.3, and 6.4.4, respectively. 

 

6.4.2 Intraday price effects of automatic downstairs trades  

Table 6.3 shows the results around director automatic downstairs trades and their 

comparable non-director trades. Before the events of both director and comparable trades, 

there are no significant differences in the price trends between the two groups but there 

is evidence of mild contrarian price trends, i.e., prices increase (decrease) before 

purchases (sales). This evidence, however, is weaker than the strong effects observed in 

Table 6.2. This shows that the strong effects result mainly from the group of upstairs 

trades and not from the group of automatic downstairs trades. In addition, the prices at 

which directors, as well as non-directors, execute their trades are not significantly 

different from the prices of the immediately preceding trades. This confirms my 

conjecture that trading downstairs would cost UK directors less in terms of execution 

price. However, this might be applied only if the trade is small or if directors split the 

deals into smaller orders and execute over the trading day. Similarly, no particular initial 

or subsequent effects on prices are observed when directors choose to buy with automatic 

orders. Prices tend to decrease significantly after director automatic discretionary sales. 
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However, due to the very small number of observations for this group (n=2), I am hesitant 

to make a conclusion based on this result. This remains as one of the limitations of this 

study and is due to the low detection rate of downstairs sales.  

 

Overall, when directors utilise the order book to execute their trades, it seems that the 

market cannot detect and react upon their trades, either before or after the event trade. 

However, this can also mean that the information level implied in these trades is too small, 

and this results in an insignificant price change. This is supported by the daily analysis in 

Section 6.2 in which it is found that deals associated with automatic trades are non-

informative. In addition, the daily analysis in Chapter 4 shows that most detected director 

trades are upstairs trades, and most undetected director trades are downstairs trades that 

would involve the use of intraday stealth-trading strategy. The camouflage ability of 

directors in the downstairs market might result from their use of intraday stealth-trading 

strategy. While it is unclear whether the use of intraday stealth-trading strategy leads to 

the choice of trading venue, or vice versa, it is clear that when directors trade downstairs, 

their trades are treated similarly as other comparable non-director trades. The downstairs 

market or the stealth-trading strategy, therefore, is a good umbrella for directors to hide 

their deals when executing them on the order book, especially with a stealth-trading 

strategy. 

 

6.4.3 Intraday price effects of negotiated upstairs trades  

When trades are negotiated (Table 6.4), the above-mentioned differences in pre-event 

price trends between director and comparable non-director trades in Sub-section 6.4.1 are 

found for discretionary purchases and discretionary sales (Table 6.4, Columns (9) and 

(11)). The differences, however, are only significant for windows (-400,-1) and (-300,-1) 

for discretionary purchases and (-15,-1) for discretionary sales. It seems that the 

difference in price reaction between director negotiated discretionary purchases and their 

comparable counterparts occur very early (between Trade-400 and Trade-300). The price 

reaction to discretionary sales occurs later than those to discretionary purchases, from 

Trade-15. There is also no significant positive (negative) price reaction before the director 

trades (Table 6.4, Columns (1) and (3)). The difference indicates that the market might 

be triggered by other purchases (sales) that occur far (close to) before the director 

purchases and this allows the market to incorporate positive (negative) information of 

discretionary purchases (sales). Thus, the decreasing (increasing) price trend that would 

otherwise be observed before comparable non-director purchases (sales) is interrupted. 
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However, the changes do not result in a consistent trend in prices, especially before 

discretionary purchases. The prices revert to their ‘usual’ reaction as before non-director 

trades. This represents the possibility of information leaks or anticipation by the market 

through channels that are yet unclear to us. Without pre-trade transparency, public 

information about director trades can only be available to the market after the trade 

occurs. Therefore, the difference in market reaction far before such trades should be be 

attributed to the ability of the upstairs market in uncovering information through probable 

information leaks. 

 

The prices at which directors buy and sell are also much better, though not significantly 

different from the prices of comparable non-director trades. Directors seem to have better 

prices when they purchase or sell through brokers who are not market markers, in which 

case negotiated trades are reported to the data tape (refer to Appendix 3.F for LSE 

definition). The relationship between directors and brokers might explain these better 

prices for directors. Appendix 3.F shows that negotiated trades occur when brokers are 

not market makers. While a market marker can compensate directors for supplying large 

liquidity by offering better prices, this is not the case for brokers who are not market 

makers. What could be the reasons for these brokers, who only act as agents and not as 

principals (market makers), to offer better prices to directors who are more likely to be 

informed traders? One possible reason is that there might be some benefits to the brokers 

from trading with directors. The first of such possible benefits might be some hidden 

commission or transaction costs, which are not revealed in the data. The second is that 

the brokers may be able to use the information or the liquidity of the director trades to 

recoup the associated trading costs and to make a profit by front-running or piggybacking 

director trades. In addition, the lack of a pre-trade transparency requirement for such 

negotiated trades works as a protector for this practice as only the brokers know the 

existence of director trades before they trade, thus providing them with opportunities for 

front-running through possible legal means. The finding of a different market reaction far 

before director discretionary purchases supports the second reason. In addition, due to 

possible front-running activities, prices increase (decrease) before director purchases 

(sales), therefore the relatively lower (higher) trading prices are not necessarily better for 

directors.  

 

With regard to the market reaction after the event, there is little positive subsequent price 

impact until Trade2 after director negotiated discretionary purchases and until Trade180 
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after negotiated non-discretionary sales. These trends are also not significantly different 

from their comparable counterparts. Clearly, the market reacts in a different manner only 

before director trade occurrence, but reacts in a similar manner to other comparable trades 

after the trading events. In addition, there is no negative price impact after director 

negotiated discretionary sales, while there is after comparable sales, and the difference is 

significant. This shows that the price impact of director negotiated discretionary sales 

occur and end earlier compared to comparable trades. There might be some front-running 

purchases (sales) prior to the recording on the tape of director discretionary purchases 

(sales). These lead to significant positive (negative) price impact even before director 

trades occur. Therefore, while it looks like directors receive similar prices as other non-

director trades when their trades are negotiated, they effectively do not because prices are 

already pushed up (down) to a higher (lower) level when their trades occur. This 

difference is therefore most probably motivated by the lack of pre-trade transparency of 

such director trades. 

 

6.4.4 Intraday price effects of ordinary upstairs trades  

Table 6.5 examines CAARs around UK director ordinary upstairs trades. First, the price 

trends before director ordinary purchases (sales) in Table 6.2 are found to be significantly 

positive (negative) with this sub-sample. They differ significantly from the patterns 

observed before comparable non-director ordinary purchases (sales).  For example, prices 

start to increase from Trade-240 before director ordinary discretionary purchases (Table 

6.5, Column (1)) and the difference from comparable non-director ordinary trades shows 

significance from Trade-30 (Table 6.5, Column (9)). For director ordinary discretionary 

sales, prices start to decrease from Trade-120, and the difference from comparable non-

director ordinary trades shows significance from Trade-180; while prices consistently 

increase before comparable non-director ordinary trades. Before comparable non-director 

ordinary purchases and sales, prices usually show a decreasing and an increasing trend, 

respectively, representing intraday timing according to a contrarian strategy, similar to 

the comparable non-director negotiated trades in Table 6.4. The differences are more 

significant and consistent than those in Table 6.4 for negotiated trades. However, the 

trends disappear for director ordinary trades that are subject to the pre-trade transparency 

requirement. This evidence shows that the market is able to learn some prior knowledge 

about director trades due to the pre-trade transparency requirement, and this knowledge 

should be new private information. Given that both director and comparable non-director 

ordinary trades are subject to a pre-trade transparency requirement, the public information 
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related to the intended trade should be relatively identical (because the trade 

characteristics, except the trader identity information, are identical and the trader identity 

is not public information). Differences in market reactions around director trades (relative 

to comparable non-director trades) are clear evidence that the market is able to incorporate 

some sort of implied private information even before the director trades occur. The time 

gap between the disclosure of the order (pre-trade transparency) and the actual occurrence 

of the trade might explain why the market can react even before the trade. Thus, because 

the market reacts earlier when there are director ordinary deals while it does not when 

there are comparable non-director deals, the only explanation is the fact that director 

identity is incorporated in the price trend. This is evidence that pre-trade transparency 

benefits market efficiency. 

 

Second, the initial price impact of director trades is similar to that of non-director ordinary 

trades. In addition, the initial effect on ordinary Trade0 (Table 6.5) of discretionary 

purchases and sales is double that on negotiated Trade0 (Table 6.4) of the same dealing 

purpose. It seems that UK directors can camouflage their information better with 

negotiated trades and are exposed more to market scrutiny with ordinary trades. For 

director discretionary purchases, there is a significant post-event positive price impact. 

However, the subsequent impact of their trades is not significantly different from that of 

comparable trades. The price impact of director discretionary purchases seems to start 

very early during the pre-event period and finishes earlier during the post-event period.  

 

Third, for this group of ordinary trades, there is also significant and consistent subsequent 

negative (positive) impact after discretionary sales (non-discretionary sales). The post-

event price impact of discretionary sales (non-discretionary sales) is also significantly 

more negative (positive) compared to comparable non-director discretionary sales (non-

discretionary sales). This post-event price impact is consistent with the finding of late 

(none) pre-event price impact of director discretionary sales (non-discretionary sales). 

This price impact of director discretionary and non-discretionary sales starts late during 

the pre-event period and finishes later during the post-event period, resulting in a 

significant post-event price impact compared to comparable non-director trades. The 

positive effects on price following director non-discretionary sales is clear evidence that 

the market treats these sales as if they are informed purchases on a trade-by-trade basis. 

This is consistent with my conjecture that market participants can uncover whether the 

director sale follows the acquisition of shares through a bonus program or option  
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Table 6.3 Trade-by-trade CAARs around the trading events of detected downstairs automatic 

director trades and their comparable trades 

This table presents cross-sectional t-test of hypotheses AAR = 0 and CAAR = 0 using trade-by-trade market-adjusted abnormal 

returns around the trading events of detected downstairs automatic trades of UK directors and their comparable trades. The t-

statistics are presented in brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 

levels. Columns (1) to (4) present results around UK directors’ trades, columns (5) to (8) present results around comparable 

trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for 

Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, 

COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-discretionary 

Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, DIFNDP, 

DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary 

Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their 

comparable. A comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade 

size (/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned 

for each trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 7 77 2 2 7 77 2 2 7 77 2 2 

(-600,-1) 0.078% 0.131% -0.304% 0.287% 2.202% 0.122% -0.588% 0.555% -2.124% 0.009% 0.284% -0.268% 

 (0.544) (1.166) (-0.602) (16.51**) (0.956) (1.289) (-0.880) (0.865) -0.936 0.07 1.746 -0.429 

(-400,-1) 0.073% 0.081% -0.304% 0.272% 2.118% 0.095% -0.696% 0.904% -2.045% -0.014% 0.391% -0.632% 

 (0.521) (0.939) (-0.602) (0.464) (0.915) (1.290) (-0.912) (0.926) -0.9 -0.132 1.522 -0.405 

(-300,-1) 0.073% 0.075% -0.304% 0.120% 2.115% 0.074% -0.241% 0.670% -2.042% 0.001% -0.064% -0.550% 

 (0.560) (1.059) (-0.602) (0.314) (0.914) (1.106) (-0.901) (0.959) -0.888 0.007 -0.268 -0.509 

(-240,-1) 0.011% 0.091% -0.347% -0.100% 2.126% 0.079% -0.279% 0.576% -2.115% 0.012% -0.068% -0.676% 

 (0.092) (1.392) (-0.633) (-0.318) (0.919) (1.292) (-0.830) (1.050) -0.925 0.145 -0.32 -0.785 

(-180,-1) -0.045% 0.083% -0.458% -0.233% 2.163% 0.084% -0.363% 0.438% -2.208% -0.001% -0.094% -0.672% 

 (-0.395) (1.521) (-0.694) (-5.509) (0.938) (1.509) (-0.850) (1.183) -0.977 -0.012 -0.408 -2.047 

(-120,-1) -0.068% 0.082% -0.299% -0.168% 2.109% 0.082% -0.020% 0.200% -2.177% 0.000% -0.279% -0.367% 

 (-0.719) (1.916*) (-0.598) (-8.700*) (0.963) (1.912*) (-0.172) (1.783) -0.995 0.006 -0.73 -2.799 

(-60,-1) -0.058% 0.045% 0.104% -0.164% 0.884% 0.045% -0.305% -0.042% -0.942% 0.001% 0.410% -0.122% 

 (-1.477) (1.690*) (1.082) (-4.533) (0.934) (1.615) (-0.726) (-0.439) -1.01 0.014 1.265 -0.922 

(-30,-1) 0.001% 0.037% 0.193% -0.045% 0.359% 0.001% -0.278% 0.121% -0.358% 0.036% 0.471% -0.166% 

 (0.020) (1.822*) (25.21**) (-1.169) (1.048) (0.044) (-0.716) (0.545) -1.117 1.178 1.238 -0.637 

(-15,-1) -0.007% 0.027% 0.155% -0.019% 0.122% -0.022% -0.067% -0.022% -0.129% 0.049% 0.222% 0.002% 

 (-0.249) (2.011**) (3.384) (-0.387) (1.128) (-1.525) (-0.391) (-0.317) -0.995 2.46 ** 1.781 0.021 

(-5,-1) -0.002% 0.008% 0.015% 0.007% 0.010% -0.012% 0.038% -0.014% -0.012% 0.020% -0.023% 0.020% 

 (-0.070) (1.053) (0.165) (0.161) (0.391) (-0.949) (0.626) (-0.838) -0.268 1.311 -0.152 0.352 

(-1,0) 0.031% 0.009% -0.095% -0.026% 0.011% 0.004% -0.034% 0.000% 0.003% -0.005% NA 0.052% 

 (0.746) (2.243**) (-1.568) (-2.694) (1.117) (1.119) (-1) (NaN***) 0.002 -0.884 NA 1.142 

(0,1) -0.014% -0.001% 0.058% 0.022% -0.003% 0.001% 0.009% 0.022% 0.009% -0.005% NA 0.002% 

 (-1.447) (-0.122) (1.002) (1.267) (-0.829) (0.155) (2.002) (1260.***) 0.357 -0.202 NA 0.142 

(0,2) 0.022% 0.004% -0.059% 0.016% -0.002% 0.006% -0.008% 0.018% 0.024% -0.002% -0.051% -0.002% 

 (0.492) (0.579) (-4.524) (0.694) (-0.131) (0.891) (-0.192) (0.982) 0.474 -0.234 -0.908 -0.299 

(0,5) 0.034% 0.000% -0.056% 0.097% 0.025% -0.015% -0.027% 0.037% 0.009% 0.015% -0.029% 0.060% 

 (0.728) (0.031) (-0.379) (0.979) (1.413) (-0.821) (-1.305) (3.239) 0.154 0.775 -0.171 0.682 

(0,15) 0.074% -0.002% -0.240% 0.054% 0.062% -0.006% -0.066% 0.091% 0.013% 0.004% -0.174% -0.036% 

 (1.694) (-0.128) (-7.192*) (0.369) (0.897) (-0.277) (-1.090) (4.014) 0.136 0.17 -6.322 * -0.215 

(0,30) 0.120% -0.005% -0.367% 0.129% 0.117% 0.004% -0.064% 0.118% 0.003% -0.009% -0.303% 0.011% 

 (1.608) (-0.315) (-5.055) (1.412) (1.338) (0.157) (-0.675) (2.469) 0.021 -0.298 -13.666 ** 0.08 

(0,60) 0.043% -0.022% -0.442% 0.041% 0.126% -0.007% 0.080% 0.253% -0.083% -0.015% -0.521% -0.212% 

 (0.406) (-1.157) (-4.348) (0.211) (1.397) (-0.236) (0.912) (1.458) -0.541 -0.417 -2.759 -0.574 

(0,120) 0.051% -0.030% -0.481% 0.048% 0.179% 0.020% 0.037% 0.581% -0.129% -0.050% -0.519% -0.534% 

 (0.260) (-1.014) (-19.06**) (0.358) (1.391) (0.516) (0.358) (1.338) -0.438 -1.014 -6.555 * -0.94 

(0,180) 0.120% -0.062% -0.595% 0.152% 0.201% 0.041% -0.049% 0.592% -0.081% -0.102% -0.546% -0.440% 

 (0.527) (-1.822*) (-11.13*) (0.639) (1.046) (0.878) (-1.789) (1.740) -0.235 -1.806 * -20.988 ** -0.762 

(0,240) 0.154% -0.071% -0.708% 0.273% 0.678% 0.021% 0.098% 0.354% -0.524% -0.092% -0.807% -0.081% 

 (0.704) (-1.773*) (-3.318) (0.702) (1.145) (0.358) (0.499) (5.606) -0.757 -1.302 -1.966 -0.179 

(0,300) 0.152% -0.070% -0.578% 0.611% 0.986% 0.056% 0.135% 0.525% -0.834% -0.126% -0.713% 0.086% 

 (0.583) (-1.257) (-4.829) (1.872) (1.175) (0.863) (0.515) (3.758) -0.86 -1.584 -1.866 0.185 

(0,400) 0.158% -0.065% -0.500% 0.634% 1.160% 0.061% 0.297% 0.593% -1.002% -0.126% -0.797% 0.041% 

 (0.631) (-0.978) (-3.425) (1.172) (1.202) (0.784) (0.740) (2.796) -0.896 -1.26 -3.128 0.054 

(0,600) 0.216% -0.046% -0.601% 0.572% 1.694% 0.057% 0.193% 0.617% -1.478% -0.103% -0.794% -0.045% 

 (0.636) (-0.566) (-2.436) (1.195) (1.136) (0.659) (0.381) (2.283) -0.886 -0.936 -3.075 -0.061 
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Table 6.4 Trade-by-trade CAARs around the trading events of detected upstairs negotiated director 

trades and their comparable trades 

This table presents cross-sectional t-test of hypotheses AAR = 0 and CAAR = 0 using trade-by-trade market-adjusted abnormal 

returns around the trading events of detected upstairs negotiated trades of UK directors and their comparable trades. The t-

statistics are presented in brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 

levels. Columns (1) to (4) present results around UK directors’ trades, columns (5) to (8) present results around comparable 

trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for 

Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, 

COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-discretionary 

Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, DIFNDP, 

DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary 

Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their 

comparable. A comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade 

size (/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned 

for each trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 95 43 58 64 95 43 58 64 95 43 58 64 

(-600,-1) 0.045% 0.129% 0.288% 0.041% -0.266% 0.098% 0.173% 0.207% 0.311% 0.031% 0.115% -0.165% 

 (0.332) (1.638) (2.864***) (0.412) (-1.900*) (0.711) (1.585) (1.828*) 1.596 0.219 0.84 -1.254 

(-400,-1) 0.086% 0.107% 0.223% 0.000% -0.236% 0.112% 0.207% 0.116% 0.321% -0.005% 0.016% -0.116% 

 (0.721) (1.558) (2.511**) (0.001) (-1.942*) (0.883) (2.460**) (1.383) 1.894 * -0.039 0.137 -1.192 

(-300,-1) 0.067% 0.058% 0.161% 0.013% -0.204% 0.127% 0.181% 0.074% 0.270% -0.069% -0.020% -0.061% 

 (0.748) (1.053) (2.118**) (0.210) (-1.809*) (1.085) (2.910***) (1.078) 1.83 * -0.586 -0.216 -0.706 

(-240,-1) 0.025% -0.022% 0.104% -0.001% -0.181% 0.148% 0.157% 0.060% 0.205% -0.170% -0.053% -0.060% 

 (0.311) (-0.454) (1.496) (-0.013) (-1.694*) (1.292) (2.731***) (0.995) 1.56 -1.463 -0.594 -0.82 

(-180,-1) -0.065% -0.005% 0.063% 0.031% -0.110% 0.162% 0.120% 0.037% 0.046% -0.166% -0.057% -0.006% 

 (-0.951) (-0.098) (1.075) (0.774) (-1.271) (1.679) (2.519**) (0.644) 0.393 -1.711 * -0.762 -0.081 

(-120,-1) -0.034% 0.010% 0.009% 0.045% -0.080% 0.089% 0.092% 0.029% 0.045% -0.079% -0.083% 0.015% 

 (-0.788) (0.257) (0.246) (1.247) (-1.236) (1.106) (2.157**) (0.691) 0.55 -0.978 -1.487 0.301 

(-60,-1) -0.002% 0.046% -0.004% 0.049% -0.032% 0.052% 0.054% 0.038% 0.030% -0.005% -0.058% 0.011% 

 (-0.054) (1.382) (-0.174) (1.917*) (-0.763) (0.654) (1.916*) (1.588) 0.543 -0.06 -1.666 0.348 

(-30,-1) -0.033% -0.006% 0.000% 0.042% -0.094% 0.069% 0.030% 0.031% 0.061% -0.075% -0.030% 0.011% 

 (-1.175) (-0.293) (0.023) (2.235**) (-3.634***) (0.928) (1.849*) (1.612) 1.632 -0.999 -1.177 0.53 

(-15,-1) -0.008% 0.005% -0.012% 0.009% -0.046% 0.073% 0.023% 0.020% 0.038% -0.069% -0.035% -0.011% 

 (-0.426) (0.253) (-0.742) (0.670) (-2.145**) (1.000) (2.070**) (1.535) 1.282 -0.916 -1.867 * -0.74 

(-5,-1) -0.014% -0.003% 0.005% 0.000% 0.000% 0.085% 0.013% 0.011% -0.014% -0.087% -0.008% -0.011% 

 (-0.846) (-0.164) (0.575) (0.032) (0.033) (1.174) (1.655) (1.356) -0.672 -1.181 -0.623 -0.81 

(-1,0) 0.027% -0.008% -0.044% -0.047% 0.081% 0.006% -0.131% -0.067% 0.007% 0.002% 0.001% 0.000% 

 (1.073) (-0.188) (-2.445**) (-1.874*) (2.048**) (0.277) (-1.760*) (-0.917) 0.249 0.577 0.255 0.244 

(0,1) 0.000% 0.001% 0.041% 0.032% -0.079% -0.004% 0.040% 0.081% 0.000% 0.003% 0.007% 0.001% 

 (-0.020) (0.036) (3.303***) (1.361) (-1.976*) (-0.296) (1.704*) (1.239) 1.44 0.87 1.053 -0.029 

(0,2) 0.025% -0.005% 0.002% -0.011% 0.006% 0.010% -0.093% 0.013% 0.018% -0.015% 0.095% -0.024% 

 (1.685*) (-0.443) (0.130) (-1.120) (0.652) (1.021) (-1.296) (0.401) 0.978 -0.933 1.307 -0.734 

(0,5) 0.017% -0.019% 0.019% 0.000% 0.007% 0.001% -0.100% 0.015% 0.009% -0.020% 0.118% -0.015% 

 (0.951) (-1.443) (1.162) (-0.007) (0.695) (0.116) (-1.352) (0.449) 0.452 -1.156 1.59 -0.431 

(0,15) 0.013% -0.014% 0.009% -0.013% 0.036% -0.004% -0.095% 0.010% -0.023% -0.010% 0.104% -0.023% 

 (0.580) (-0.852) (0.501) (-0.743) (2.327**) (-0.315) (-1.314) (0.302) -0.827 -0.451 1.4 -0.621 

(0,30) -0.002% -0.018% 0.018% -0.014% 0.050% 0.006% -0.099% 0.034% -0.053% -0.024% 0.117% -0.048% 

 (-0.084) (-0.918) (0.832) (-0.659) (1.950*) (0.328) (-1.358) (0.928) -1.226 -0.99 1.59 -1.18 

(0,60) -0.037% -0.035% 0.037% 0.027% 0.016% 0.011% -0.105% 0.015% -0.053% -0.046% 0.142% 0.012% 

 (-0.967) (-1.199) (1.400) (0.895) (0.470) (0.528) (-1.387) (0.361) -0.972 -1.214 1.843 * 0.266 

(0,120) -0.050% -0.076% 0.056% 0.061% 0.006% 0.008% -0.078% 0.035% -0.057% -0.084% 0.134% 0.026% 

 (-0.863) (-2.04**) (1.512) (1.628) (0.119) (0.257) (-1.037) (0.740) -0.704 -1.589 1.752 * 0.446 

(0,180) -0.049% -0.079% 0.062% 0.076% -0.012% 0.051% -0.082% 0.022% -0.036% -0.130% 0.144% 0.054% 

 (-0.742) (-1.685*) (1.318) (1.779*) (-0.190) (1.428) (-1.016) (0.393) -0.401 -2.10 ** 1.698 * 0.737 

(0,240) -0.126% -0.119% 0.083% 0.079% -0.070% 0.051% -0.070% 0.011% -0.056% -0.170% 0.153% 0.068% 

 (-1.630) (-2.21**) (1.394) (1.607) (-0.884) (1.034) (-0.831) (0.181) -0.504 -2.39 ** 1.68 * 0.818 

(0,300) -0.134% -0.125% 0.104% 0.074% -0.098% 0.017% -0.060% 0.021% -0.035% -0.142% 0.164% 0.053% 

 (-1.577) (-2.11**) (1.518) (1.259) (-1.158) (0.306) (-0.658) (0.284) -0.282 -1.815 * 1.678 * 0.559 

(0,400) -0.181% -0.130% 0.147% 0.087% -0.141% 0.019% -0.056% -0.008% -0.041% -0.149% 0.204% 0.095% 

 (-1.891*) (-1.702*) (1.576) (1.266) (-1.456) (0.328) (-0.589) (-0.081) -0.288 -1.621 1.794 * 0.855 

(0,600) -0.166% -0.138% 0.174% 0.101% -0.094% 0.005% -0.054% 0.036% -0.071% -0.143% 0.227% 0.065% 

 (-1.357) (-1.379) (1.450) (1.088) (-0.776) (0.062) (-0.475) (0.304) -0.393 -1.153 1.602 0.503 
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Table 6.5 Trade-by-trade CAARs around the trading events of detected ordinary director trades and 

their comparable trades 

This table presents cross-sectional t-test of hypotheses AAR = 0 and CAAR = 0 using trade-by-trade market-adjusted abnormal 

return around the trading events of detected upstairs ordinary trades of UK directors and their comparable trades. The t-statistics 

are presented in brackets underneath the measures with *, **, and *** represent significance at 0.1, 0.05, and 0.01 levels. 

Columns (1) to (4) presents result around UK directors’ trades, columns (5) to (8) presents result around comparable trades, and 

columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary 

Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, 

COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-discretionary Purchases, 

Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and 

DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences 

between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable. A 

comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), 

trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each trade 

using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 106 67 52 80 106 67 52 80 106 67 52 80 

(-600,-1) 0.112% 0.025% 0.133% -0.034% 0.262% -0.306% 0.266% 0.276% -0.150% 0.330% -0.133% -0.310% 

 (0.948) (0.287) (1.628) (-0.288) (1.599) (-2.342**) (2.763***) (1.891*) -0.722 2.488 ** -1.085 -1.511 

(-400,-1) 0.109% -0.005% 0.090% -0.015% 0.273% -0.204% 0.262% 0.174% -0.165% 0.198% -0.171% -0.190% 

 (1.187) (-0.068) (1.201) (-0.196) (1.904*) (-2.131**) (3.194***) (1.800*) -0.94 1.811 * -1.536 -1.442 

(-300,-1) 0.121% -0.055% 0.057% 0.010% 0.173% -0.136% 0.201% 0.117% -0.052% 0.081% -0.144% -0.107% 

 (1.380) (-0.750) (0.858) (0.147) (1.754*) (-1.750*) (2.906***) (1.374) -0.394 0.991 -1.491 -0.985 

(-240,-1) 0.141% -0.058% 0.030% 0.014% 0.166% -0.092% 0.170% 0.073% -0.024% 0.034% -0.140% -0.059% 

 (1.665*) (-0.893) (0.471) (0.255) (1.788*) (-1.487) (2.615**) (0.954) -0.201 0.498 -1.535 -0.637 

(-180,-1) 0.137% -0.057% -0.010% -0.007% 0.025% -0.035% 0.160% 0.048% 0.113% -0.022% -0.170% -0.054% 

 (1.780*) (-0.973) (-0.185) (-0.136) (0.449) (-0.759) (2.948***) (0.682) 1.244 -0.383 -2.199 ** -0.655 

(-120,-1) 0.092% -0.056% -0.092% -0.016% 0.017% -0.017% 0.099% 0.091% 0.076% -0.039% -0.190% -0.107% 

 (1.224) (-1.010) (-1.833*) (-0.423) (0.367) (-0.487) (2.347**) (1.374) 0.818 -0.697 -2.879 *** -1.512 

(-60,-1) 0.082% -0.016% -0.053% -0.026% 0.015% -0.001% 0.034% 0.039% 0.068% -0.016% -0.087% -0.064% 

 (1.332) (-0.354) (-1.602) (-0.884) (0.382) (-0.025) (1.426) (1.312) 0.832 -0.289 -2.199 ** -1.711 * 

(-30,-1) 0.044% -0.063% -0.014% -0.010% -0.053% 0.008% 0.030% 0.008% 0.098% -0.071% -0.044% -0.018% 

 (1.934*) (-1.890*) (-0.530) (-0.528) (-2.510**) (0.430) (1.917*) (0.389) 2.896 *** -1.834 * -1.361 -0.664 

(-15,-1) 0.052% -0.046% 0.000% -0.002% -0.029% 0.014% 0.028% -0.010% 0.081% -0.060% -0.029% 0.008% 

 (3.130***) (-1.185) (-0.015) (-0.155) (-2.154**) (0.991) (2.252**) (-0.766) 3.431 *** -1.452 -1.311 0.435 

(-5,-1) 0.033% -0.028% -0.007% 0.007% -0.007% -0.010% 0.010% -0.004% 0.040% -0.019% -0.017% 0.011% 

 (2.295**) (-1.629) (-0.552) (0.584) (-0.617) (-1.034) (0.934) (-0.512) 1.933 * -0.948 -1.052 0.747 

(-1,0) 0.046% 0.097% -0.074% -0.033% 0.088% 0.038% -0.099% -0.112% 0.008% -0.008% -0.004% -0.006% 

 (4.435***) (2.255**) (-5.051***) (-1.265) (2.393**) (4.248***) (-2.049**) (-2.91***) 1.191 -0.928 -1.167 -1.401 

(0,1) -0.034% -0.078% 0.053% 0.048% -0.063% -0.031% 0.036% 0.074% -0.023% -0.010% 0.002% 0.003% 

 (-2.68***) (-1.879*) (4.030***) (3.291***) (-1.714*) (-4.252***) (2.285**) (2.196**) -1.764 * -0.577 0.089 0.759 

(0,2) 0.033% 0.013% -0.034% 0.018% 0.025% 0.010% -0.065% -0.038% 0.008% 0.003% 0.031% 0.056% 

 (3.221***) (1.373) (-2.975***) (0.734) (2.975***) (1.037) (-1.272) (-1.814*) 0.588 0.241 0.608 1.857 * 

(0,5) 0.072% 0.005% -0.049% 0.034% 0.035% 0.022% -0.008% -0.037% 0.037% -0.017% -0.041% 0.071% 

 (2.630***) (0.387) (-2.228**) (1.393) (2.539**) (1.797*) (-0.510) (-1.738*) 1.349 -0.949 -1.656 2.296 ** 

(0,15) 0.090% 0.026% -0.049% 0.039% 0.060% 0.024% 0.002% -0.049% 0.029% 0.002% -0.051% 0.088% 

 (3.083***) (1.387) (-2.054**) (1.556) (3.519***) (1.541) (0.083) (-1.978*) 0.963 0.069 -1.837 * 2.681 *** 

(0,30) 0.093% 0.016% -0.041% 0.062% 0.090% 0.022% -0.003% -0.046% 0.003% -0.007% -0.038% 0.108% 

 (3.784***) (0.635) (-1.478) (2.616**) (3.887***) (1.085) (-0.168) (-1.882*) 0.113 -0.198 -1.137 3.23 *** 

(0,60) 0.089% 0.043% -0.007% 0.074% 0.088% -0.026% -0.001% -0.032% 0.001% 0.069% -0.006% 0.106% 

 (2.776***) (1.255) (-0.231) (2.509**) (2.782***) (-0.836) (-0.046) (-1.024) 0.034 1.489 -0.154 2.765 *** 

(0,120) 0.076% 0.052% -0.044% 0.092% 0.023% -0.083% 0.040% 0.008% 0.053% 0.136% -0.083% 0.084% 

 (1.868*) (1.123) (-1.104) (2.732***) (0.527) (-1.830*) (1.055) (0.236) 0.764 2.028 ** -1.684 * 1.891 * 

(0,180) 0.073% 0.085% -0.007% 0.136% -0.042% -0.073% 0.011% -0.045% 0.115% 0.158% -0.018% 0.181% 

 (1.403) (1.616) (-0.147) (3.918***) (-0.748) (-1.421) (0.199) (-1.177) 1.278 2.183 ** -0.256 3.763 *** 

(0,240) 0.069% 0.096% 0.031% 0.159% -0.113% -0.091% -0.002% -0.034% 0.181% 0.188% 0.033% 0.194% 

 (1.164) (1.665) (0.536) (4.126***) (-1.409) (-1.446) (-0.027) (-0.705) 1.563 2.388 ** 0.395 3.174 *** 

(0,300) 0.068% 0.106% 0.049% 0.147% -0.104% -0.101% 0.028% -0.031% 0.172% 0.207% 0.022% 0.178% 

 (1.122) (1.388) (0.776) (3.318***) (-1.184) (-1.419) (0.359) (-0.617) 1.373 2.183 ** 0.222 2.586 ** 

(0,400) 0.124% 0.125% 0.074% 0.172% -0.074% -0.078% 0.077% -0.008% 0.198% 0.202% -0.003% 0.180% 

 (1.459) (1.507) (0.958) (3.552***) (-0.835) (-0.857) (0.850) (-0.127) 1.358 1.935 * -0.029 2.16 ** 

(0,600) 0.248% 0.199% 0.083% 0.227% 0.050% -0.072% 0.178% 0.031% 0.198% 0.271% -0.094% 0.196% 

 (2.046**) (1.876*) (0.893) (3.503***) (0.512) (-0.703) (1.684*) (0.353) 1.053 2.169 ** -0.692 1.674 * 
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exercising. This market learning experience is not found in the sample of UK director 

negotiated trades as in Table 6.4. Technically, the ability of the market to distinguish 

director non-discretionary sales from discretionary sales on their trading day is due to 

whether or not there is a pre-trade transparency requirement on such trades. The finding 

confirms that the market perceives non-discretionary sales as informed purchases, which 

makes sense when the fact that directors only sell a portion of shares that they acquire 

from bonus programmes and option exercising is considered, on an intradaily basis but 

not on a daily basis. Thus, this evidence shows that the market is more efficient if there 

is pre-trade transparency. This is not only true for non-discretionary sales but also for 

discretionary purchases and discretionary sales.  

 

Fourth, a comparison of market reaction around non-director negotiated trades (Table 6.4, 

Columns (5) – (8)) and ordinary trades (Table 6.5, Columns (5) to (8)) can shed light on 

whether the lack of a pre-trade transparency requirement affects negatively on the 

market’s ability to reflect public information. These trades are comparable non-director 

trades. Hence, it is reasonable to assume that they do not carry private information. 

Further, because these trades are not subject to a pre-trade transparency requirement, this 

analysis assumes that all public information regarding these trades is available on a post-

trade basis. Post-trade transparency is required for all these trades, thus the set of available 

public information after the trades is similar to both groups of ordinary and negotiated 

trades. However, the analysis finds that the market reacts more to non-director ordinary 

trades following the occurrence of such trades, evidenced by significant positive price 

impacts after comparable non-director purchases and significant negative price impacts 

after non-director sales. This observation implies that the lack of pre-trade transparency 

can affect the ability of the market in reflecting public information of non-director trades. 

 

Overall, the analysis presents important evidence that the pre-trade transparency 

requirement is essential in maintaining market efficiency. The analysis finds consistent 

evidence that the market reacts to director ordinary informed trades earlier than to 

comparable non-director trades even before the trades occur. The differences are 

significant and are found for both discretionary purchases and sales. In these cases, the 

market is able to incorporate both public and a portion of the implied positive (negative) 

private information of discretionary purchases (sales). This is consistent with the finding 

in Section 6.2 that deals through ordinary trades show immediate corresponding price 

reaction within the trading day. This analysis finds less significant and less consistent 
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evidence of such price impacts around director negotiated trades. The analysis also sheds 

more light on how the market react to public and private information. The new set of 

public information includes information revealed by pre-trade transparency, such as the 

direction and size of the intended trades. In addition, the observation of bid-ask revision 

immediately around ordinary trades in Section 6.3 shows that the market is quick in 

updating its bid-ask prices when director ordinary trades occur. This quick update of 

quotes contributes another piece to the set of available public information. However, the 

ability of the market to distinguish between director and comparable non-director 

discretionary deals, as well as between non-discretionary sales and discretionary sales, is 

not based on this set of public information only, but also on private information. Given 

the knowledge of market makers about the identification of director trades, they can 

incorporate historical public information regarding the firm’s bonus plan to determine if 

a director sale is non-discretionary or discretionary (i.e., to be liquidity based or 

information based). However, it is clear that this knowledge can only be realised with the 

market marker’s private information about the director identity. In addition, the lack of a 

pre-trade transparency requirement makes the market less efficient in reflecting public 

information that is revealed via post-trade transparency, evidenced by the stronger market 

reaction after non-director ordinary trades compared to non-director negotiated trades. It 

is concluded that the efficiency speed by which the market reflects public and private 

information of director trades depends on whether or not the trades are pre-trade 

transparent. This highlights the importance of pre-trade transparency in maintaining 

market efficiency. 

 

Furthermore, the daily analysis of Chapter 4 shows that the market is less efficient in 

incorporating bad news of director discretionary sales, evidenced by very late responding 

price behaviour until 30 days (for the whole sample) or 7 days (for the non-split-order 

sub-sample) or 120 days (for the split-order sub-sample) after the dealing day. The 

intradaily analysis in this chapter sheds more light on this aspect. First, it shows that the 

market also starts to react negatively to discretionary sales on a trade-by-trade basis, 

although a bit slower than its positive reaction to discretionary purchases. Thus, given 

there is a pre-trade transparency requirement of director deals, the market is also less 

efficient in making adjustments to bad news than to good news on a trade-by-trade basis. 

Second, the market reacts to discretionary purchases, discretionary sales, and non-

discretionary sales within the dealing day, as found in Section 6.2. Overall, this evidence 

provides more detail to my conjecture in Chapter 4 that it takes the market many days to 
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adjust to discretionary sales. In fact, there are correspondent directional market reactions 

that occur immediately after, or even before, director trades, on a trade-by-trade basis. 

These reactions incorporate only a proportion, but not all, of discretionary sales’ implied 

private information because there are also additional market reactions following the 

dealing day on a daily and a long-term basis due to the long-lived nature of the implied 

private information of discretionary sales. In conclusion, this analysis provides support to 

the benefits to market efficiency of the pre-trade transparency requirement in 

incorporating both public and private information, and in that the market is more efficient 

in reflecting good news than bad news on both daily and trade-by-trade basis. This, 

however, might be due to the longevity of the information carried by discretionary 

purchases and sales (discretionary purchases are short-lived while discretionary sales are 

long-lived informative in the sample). 

 

6.4.5 Robustness  

Robustness tests are conducted using abnormal returns calculated from mid-quote prices 

rather than trade prices. The results are presented in Appendices 6.A, 6.B, 6.C and 6.D. 

With mid-quote prices, there is no initial impact on Trade0 as observed in trade prices. 

This shows that the initial impact seen in trade prices do not involve immediate updates 

or changes in average bid-ask prices. In other words, while the market reacts locally to 

the director trades, especially to off-book trades, it does not immediately translate into an 

adjustment to the average bid-ask prices that are in effect in the downstairs market. Beside 

this difference regarding the initial price impact, the tests on AMiARs and CAMiARs on 

subsequent price impacts using mid-quote price returns are very similar to, but less 

significant than, those using transaction price returns. This is evidence that public and 

private information (if any) are incorporated both in transaction prices and bid-ask prices, 

especially when trades are on the upstairs market. In addition, Appendix 6.D shows that 

there is a significantly increasing trend for bid-ask prices following director ordinary 

discretionary purchases (Appendix 6.D, Column (1)). This trend is significantly different 

from that of comparable non-director trades (Appendix 6.D, Column (9)), but it is not 

observed in Table 6.5 with transaction prices. Moreover, there is a similar phenomenon 

following director ordinary non-discretionary sales, which are perceived as informed 

purchases on an intraday basis. While there is no post-event transaction price impact 

(Table 6.5, Column (4)), mid-quote prices increase after these trades (Appendix 6.D, 

Column (4)) but decrease after comparable trades (Appendix 6.D, Column (8)). The 

difference is significant (Appendix 6.D, Column (12)). These observations imply that the 
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bid-ask prices are updated to incorporate the positive implied private information 

following director discretionary purchases and non-discretionary sales and, therefore, 

implied private information is distinct from the only public information around 

comparable non-director trades. This also confirms that the market is more efficient in 

incorporating implied positive news and leads to persistent and significant adjustments in 

bid-ask prices. Overall, the main findings are robust to the use of mid-quote prices. 

 

6.4.6 Summary 

Sub-sections 6.4.2, 6.4.3, and 6.4.4 studied the trade-by-trade price impact around UK 

director trades grouped by means of trading execution. The analysis divided the sample 

into sub-samples to capture the pure impact of the director’s choice of trading execution 

method on the prices in the downstairs market. This analysis finds that the price impact 

is significant and stronger when directors trade upstairs with ordinary trades. Otherwise, 

the price impact is small if they trade in the upstairs market with negotiated trades, or in 

the downstairs market with automatic trades. It is important to note that the main effects 

around director discretionary purchases, discretionary sales, and non-discretionary sales 

that are presented in Table 6.2 come mainly from the group of ordinary trades in Table 

6.5. No such effects are observed in the groups of automatic trades (Table 6.3) and 

negotiated trades (Table 6.4), except for the stronger positive price impacts that occur far 

before director negotiated trades and can be attributed to front-running activities due to 

possible information leaks. The results presented in the three tables, accompanied by 

comparable results from non-director trades, show strong evidence that the pre-trade 

transparency requirement has an important effect on the market’s ability to integrate the 

trade’s public and private information into prices and to transfer this information from 

the upstairs market to adjustments on trade and bid-ask prices in the downstairs market. 

The strong influence of the group of ordinary trades indicates that pre-trade transparency 

contributes to the price discovery process and makes the market more efficient. This 

analysis shows that the market is more efficient in reflecting not only public information 

but also a proportion of private information, as evidenced by the earlier price reactions 

before director trades and the significant differences of price reactions around director 

trades and comparable non-director trades when these trades are subject to the pre-trade 

transparency requirement. The findings also show that, when supported with pre-trade 

transparency, the market is more efficient and faster in incorporating positive public and 

private information than negative information, as evidenced by the earlier price reaction 

before director discretionary purchases compared to discretionary sales. In addition, the 
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analysis finds that the lack of pre-trade transparency is detrimental to the ability of the 

market to incorporate post-trade public information, as evidenced by stronger price 

impacts following non-director ordinary but not negotiated trades. 

 

For trades that are not subject to the pre-trade transparency requirement, the findings 

show that the market only reacts differently long before director discretionary purchases, 

compared to comparable non-director trades, but not differently after the trades. This 

indicates a possibility of front-running activities before director trades. Without pre-trade 

transparency, the public information about director trades can only be available to the 

market after the trade occurs, through post-trade transparency. Therefore, the difference 

in market reaction before such trades is most likely due to other, possibly front-running, 

purchases. This reaction, although significant, is temporary as there is no subsequent 

consistent reaction after director negotiated discretionary purchases as for director 

ordinary discretionary purchases. Thus, I attribute this pre-event price reaction to a 

reflection of public information on one or more large (front-run) purchases. However, 

while Section 6.2 finds that discretionary sales associated with negotiated trades are more 

informative in the long-term, there is no clear evidence of front-run sales. This analysis 

only finds evidence that supports the possibility of front-run purchases. The reason can 

be due to the longevity of information carried with discretionary purchases and sales. 

Long-lived informed sales are more difficult to discover compared to short-lived 

informed purchases that are believed to be based on mispricing. There is, however, a 

possibility that front-run sales occur much earlier than front-run purchases but cannot be 

captured using the (-600,600) trade-window.  

 

In addition, the evidence of extremely high (low) prices for director ordinary discretionary 

purchases (sales), compared to other nearby trades, also shows that the pre-trade 

transparency makes them more expensive compared to negotiated trades. When the 

market is able to uncover the information behind the informed trades it charges the 

informed traders higher prices or pays them lower prices, due to the possession of this 

knowledge. 

 

In conclusion, the analysis confirms that pre-trade transparency plays an important role 

in disseminating the information related to UK director trades (i.e., the trade public 

information) as well as their trading purposes (i.e., the implied private information) to the 

downstairs market. Overall, examining market reaction around director and non-director  
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Figure 6.4 Diurnally adjusted duration, log(volume), and trading intensity of 120 trades around the 

events 
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Figure 6.5 Diurnally adjusted duration, log(volume) and trading intensity of 120 trades around the 

director trades by purpose 
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ordinary and negotiated trades shows a clear indication that the pre-trade transparency 

requirement benefits market efficiency. Without this transparency requirement, both 

directors and brokers who execute their deals are better off; this is unfair to other market 

participants and impairs market efficiency. The regulator might need to look at this 

implication more cautiously for a better trade transparency policy that benefits and 

maintains fairness for the whole market. 

 

6.5 Intraday effects on non-price trading activity measures 

The previous section examines the trade-by-trade price impacts around director and 

comparable non-director trades. This section provides an analysis on non-price metrics 

around these trades to examine whether there are effects other than on prices. Figure 6.4 

plots the diurnally adjusted duration, diurnally adjusted logarithm of trading volume, and 

diurnally adjusted trading intensity around the detected trading events and the 

announcement events. In general, the announcement events have stronger effects on 

slowing down the trades compared to the detected trading events. Duration around the 

announcement events of director trades is five times longer than the ‘normal’ duration of 

comparable trades, while it is two and a half times the normal duration around the trading 

events. The evidence of longer trading durations is consistent with Admati and Pfleiderer 

(1988) in that trades might take longer to occur when there are news or informed trades. 

Figure 6.5 plots non-price measures by means of trading execution. The effects on trading 

intensity are found mainly when directors trade upstairs, with higher volume and longer 

durations. Trading intensity reduces right before the director trade, but quickly recovers 

and increases right after that. This section examines the speed of market recovery in terms 

of number of trades it takes. Section 6.6 discusses in more detail the speed of the recovery 

in terms of time (i.e., number of minutes it takes for the market to recover). 

 

Table 6.6 presents values of a t-test of the difference between the averages of six non-

price measures of trading activity calculated for 1200 trades around director trades and 

the values of these measures around comparable non-director trades. These measures are: 

duration (the time gap between consecutive trades), diurnally adjusted duration (duration 

adjusted diurnally with a cubic spline of the time-of-the-day pattern, volume (measured 

as the natural logarithm of trading volume), diurnally adjusted natural logarithm of 

volume (log(volume) adjusted diurnally with a cubic spline of the time-of-the-day 

pattern), trading intensity (measured as trade volume divided by trade duration), and 
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Table 6.6 T-test of mean differences on diurnally adjusted duration, volume, and trading intensity (volume/duration) on 1200 trades around the 

event time and their corresponding comparable events 

For each trading event, a comparable event is selected from intraday transaction data. The comparable event is a trade with closest trading size within a range of +/-

10% compared to the size of the event trades, the same relative relationship to the prevailing bid-ask spread (i.e., same buy/sell indicator), and the same mean of 

execution to the directors' trade. For each announcement event, an average of the measures around the same time on all comparable days is calculated as comparable; 

'DP' is short for discretionary purchases; 'NDP' is short for non-discretionary purchases; 'DS' is short for discretionary sales; and 'NDS' is short for non-discretionary 

sales. Mean (E) is the average measure around UK directors’ event trades. Mean (C) is the average measure around comparable non-director event trades. 

 

 Detected trading events 

(All deals) 

Detected trading events 

(Automatic trades) 

Detected trading events 

(Ordinary trades) 

Detected trading events 

(Negotiated trades) 

Announcement events 

  DP NDP DS NDS DP NDP DS NDS DP NDP DS NDS DP NDP DS NDS DP NDP DS NDS 

D
u

r
a

ti
o

n
 Mean (E) 9.329 12.150 11.077 10.251 10.357 12.201 13.805 5.416 8.092 13.881 11.059 9.365 10.539 9.332 10.677 11.471 10.757 9.326 12.359 11.332 

Mean (C) 10.395 11.223 10.052 9.853 9.488 11.744 12.553 4.911 10.106 12.573 9.351 9.131 10.786 8.376 10.434 10.992 12.892 10.792 14.044 13.955 

t-statistics  -8.419 6.930 5.977 2.519 1.936 2.491 0.940 1.203 -12.120 5.609 8.036 1.461 -1.485 5.478 2.278 2.014 -10.114 -8.410 -6.624 -10.165 

  *** *** *** ** * **   *** *** ***   *** ** ** *** *** *** *** 

A
d

ju
st

e
d

 

D
u

r
a

ti
o

n
 Mean (E) 0.717 0.842 0.832 0.795 0.827 0.887 0.883 0.857 0.729 0.805 0.856 0.816 0.695 0.835 0.791 0.769 0.831 0.812 0.864 0.774 

Mean (C) 0.734 0.804 0.757 0.722 0.696 0.829 0.929 0.756 0.755 0.755 0.684 0.754 0.713 0.832 0.754 0.678 0.964 0.928 0.948 0.943 

t-statistics  -2.339 4.792 7.532 8.277 4.071 5.085 -0.636 1.608 -2.637 4.101 13.053 5.449 -1.979 0.163 6.631 7.712 -12.334 -11.961 -6.636 -15.285 

  ** *** *** *** *** ***   *** *** *** *** **  *** *** *** *** *** *** 

L
n

(v
o

lu
m

e
) 

Mean (E) 6.531 6.397 6.609 6.337 6.452 6.203 5.662 6.399 6.597 6.461 6.703 6.248 6.467 6.596 6.465 6.442 6.286 6.665 6.308 6.315 

Mean (C) 6.544 6.319 6.700 6.386 6.463 6.105 5.609 6.785 6.620 6.374 6.755 6.292 6.464 6.591 6.474 6.497 6.256 6.657 6.358 6.309 

t-statistics  -2.140 15.546 -8.917 -4.721 -0.450 11.447 1.057 -8.800 -2.810 9.901 -4.326 -3.707 0.441 0.589 -1.777 -4.396 6.471 3.390 -8.996 1.645 

  ** *** *** ***  ***  *** *** *** *** ***   * *** *** *** ***  

A
d

ju
st

e
d

 

ln
(v

o
lu

m
e
) Mean (E) 1.022 1.014 1.014 1.009 1.048 1.009 1.015 0.988 1.017 1.015 1.018 1.007 1.025 1.020 1.016 1.012 1.016 1.014 1.011 1.011 

Mean (C) 1.021 1.010 1.024 1.015 1.040 1.004 0.998 1.018 1.020 1.012 1.022 1.016 1.022 1.018 1.017 1.013 1.009 1.012 1.010 1.010 

t-statistics  0.819 5.071 -6.146 -3.277 2.126 3.663 1.901 -4.512 -2.204 2.612 -1.971 -4.022 3.206 1.707 -1.979 -0.909 8.943 8.322 2.403 1.912 

   *** *** *** ** *** * *** ** *** ** *** *** * **  *** *** ** * 

T
ra

d
in

g
 

In
te

n
si

ty
 (

,0
0
0

) 

 

Mean (E) 18375 16532 23616 14904 16703 16715 4466 7056 22041 15057 29551 14430 14693 18466 18044 15639 15862 27688 17396 17760 

Mean (C) 16677 16327 25121 12765 7974 15156 6199 17500 18742 16902 32218 11408 15091 17532 17173 14418 20041 35666 23712 21214 

t-statistics  4.888 0.663 -2.192 7.388 7.683 2.950 -2.536 -7.494 5.580 -3.693 -2.300 8.675 -1.111 1.620 3.999 2.539 -15.464 -34.569 -16.574 -14.493 

  ***  ** *** *** *** ** *** *** *** ** ***   *** ** *** *** *** *** 

A
d

ju
st

e
d

 

T
ra

d
in

g
 

in
te

n
si

ty
 

Mean (E) 0.774 0.704 0.755 0.741 1.119 0.746 0.714 0.283 0.753 0.614 0.821 0.763 0.767 0.772 0.743 0.727 0.764 0.778 0.815 0.823 

Mean (C) 0.770 0.689 0.795 0.683 0.697 0.647 0.723 1.072 0.798 0.694 0.890 0.693 0.744 0.752 0.732 0.656 0.935 1.004 0.959 0.980 

t-statistics  0.385 1.534 -2.272 4.780 6.918 6.519 -0.102 -10.421 -2.942 -5.211 -2.913 4.191 1.217 0.974 1.402 4.261 -16.802 -42.493 -11.864 -19.119 

    ** *** *** ***  *** *** *** *** ***    *** *** *** *** *** 

A
b

so
lu

te
 

B
A

S
 

Mean (E) 0.627 0.610 0.593 0.689 0.714 0.649 1.236 0.246 0.536 0.656 0.556 0.599 0.715 0.476 0.628 0.809 0.648 0.517 0.714 0.677 

Mean (C) 0.624 0.644 0.562 0.581 0.775 0.695 1.110 0.178 0.586 0.647 0.496 0.583 0.654 0.554 0.609 0.593 0.635 0.506 0.677 0.678 

t-statistics  1.800 -18.643 9.999 62.299 -13.780 -17.509 7.267 14.384 -29.175 3.349 17.675 6.301 21.806 -39.252 13.293 77.474 9.524 6.548 7.667 -0.874 

  * *** *** *** *** *** *** *** *** *** *** *** *** *** *** *** *** *** ***  
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diurnally adjusted trading intensity (trading intensity adjusted diurnally with a cubic 

spline of the time-of-the-day pattern).  

 

Both the duration and diurnally adjusted duration of the 1200 trades that occur around the 

trading events of director discretionary purchases are generally shorter than around 

comparable events, while on average longer than around comparable non-director trading 

events of other dealing purposes. This result is mainly driven by the sub-sample of 

director upstairs trades and is more significant in the sub-sample of director ordinary 

trades. Upstairs discretionary purchases of directors speed up trades, while deals with 

other dealing purposes slow down trades. This is strong evidence on a trade-by-trade basis 

that upstairs discretionary purchases are the most informative trades. The impact on 

duration seems to be stronger around director ordinary trades than around their negotiated 

trades. Both raw duration and diurnally adjusted duration are significantly shorter around 

the announcement of all director deals. This evidence of shorter duration around the 

announcement events supports Easley and O’Hara (1992) that the arrival of information 

reduces the average trading duration, but opposes Admati and Pfleiderer (1988) who 

purport that the arrival of information impedes overall trading activity by slowing down 

trades.  

 

With regard to volume and diurnally adjusted volume, there is evidence of smaller trades 

within 1200 trades for all dealing purposes, except for non-discretionary purchases. 

Smaller trades are observed mainly around the trading events of director ordinary trades. 

Thus, the strong market price reactions around these trades (as documented in Section 

6.4) occur with less volume traded. For announcement events, there are significantly 

larger trades observed for all dealing purposes. In general, the arrival of dealing 

announcements is associated with faster and larger trades, regardless of their disclosed 

dealing purpose.  

 

The use of trading intensity and diurnally adjusted trading intensity is to gauge the impact 

on both volume and duration combined in order to examine if the downstairs market is 

trading faster or slower around these events. Diurnally adjusted trading intensity is 

significantly higher around discretionary purchases and non-discretionary sales relative 

to their comparable trades. On the other hand, trading intensity is significantly lower 

around director discretionary sales. These observations are stronger and more significant 

in the sub-sample of ordinary trades. They are consistent with the explanations that the 
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market perceives non-discretionary sales as a buying signal; that the market is more 

efficient in reflecting positive news; and that the market is more efficient when trades are 

subject to pre-trade transparency. In addition, trading intensity is significantly higher 

(lower) around automatic purchases (sales), regardless of whether the deal is discretionary 

or not, which implies that the directors’ choice of trading upstairs can reveal more 

information about their trading motive to the downstairs market and that trading 

downstairs is more opaque (or hidden) and where dealing purposes are not uncovered. 

This is consistent with the findings in Section 6.4. For all announcement events, trading 

intensity is significantly higher, which is consistent with the hypothesis of increasing 

overall trading activity after the arrival of news. 

 

This analysis can attribute a widening (narrowing) bid-ask spread to an increase 

(decrease) in adjustments due to asymmetric information because the bid-ask spreads 

around director trades are compared to non-director comparable trades of the same size. 

Therefore, effects on bid-ask spread due to liquidity costs can be controlled. Bid-ask 

spreads widen significantly around the trading events of informed trades (i.e., director 

discretionary purchases, discretionary sales and non-discretionary sales), while they 

narrow significantly around uninformed trades (i.e., non-discretionary purchases), 

compared to comparable counterparts. Overall, this is consistent with the information 

levels carried by these trades as found in Chapter 4 and Section 6.4. When UK directors 

trade downstairs with automatic trades, bid-ask spreads behave differently. They narrow 

around purchases and widen around sales, regardless of whether the deal is discretionary 

or not. This observation on bid-ask spreads is consistent with the above observation on 

overall trading intensity. In the downstairs market, a buy (sell) seems to increase 

(decrease) overall trading intensity and decrease (increase) the bid-ask spread. This 

supports a general view that the market reacts faster to purchases than to sales. When 

director trades are not subject to pre-trade transparency, i.e., negotiated trades, bid-ask 

spreads widen for all dealing purposes, except for non-discretionary purchases. This is 

consistent with the implied private information level of these trades. Section 6.4 finds that 

there are less substantial market reactions around director negotiated trades. Thus, the 

evidence of significantly widening bid-ask spread indicates higher level of adverse 

selection costs around these negotiated trades. However, when director trades are subject 

to pre-trade transparency, bid-ask spreads are narrower for discretionary purchases, but 

wider for other dealing purposes, relative to comparable counterparts. This finding 

implies lower level of information asymmetry around ordinary discretionary purchases, 
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which is supporting evidence that the market is more efficient to positive signals, which 

result in lower bid-ask spreads and lower adverse selection cost component of the spreads. 

In addition, there is a consistent increasing trend in the mid-quote prices (see the 

robustness check in Sub-section 6.4.5) after ordinary discretionary purchases. This 

increasing trend in the mid-quote prices, along with narrowing bid-ask spread, indicates 

higher levels of market efficiency. Pre-trade transparency clearly benefits market 

efficiency, not only by faster incorporation of information into prices, but also by 

reduction in the bid-ask spreads and associated adverse selection costs.  In addition, bid-

ask spreads widen around the announcement of all deals, except for non-discretionary 

sales. This finding shows that the approach of public announcement of informed director 

deals increases information asymmetry and bid-ask spreads. Different interpretation of 

market participants on the implied private information of these deals could be an 

explanation. 

 

To capture whether trading activity increases on the buy side or the sell side of the market, 

a measure of order imbalance as suggested in Inci, Lu and Seyhun (2010) is constructed. 

This analysis uses the number of buyer-initiated shares minus the number of seller-

initiated shares as the measure of order imbalance (OIB). While Inci, Lu and Seyhun 

(2010) measure and accumulate order imbalance for 600 intervals of 10 seconds around 

the trading event, this analysis accumulates OIB over 1200 trades around the trading 

events for more appropriate comparability with the above analysis on the trade-by-trade 

CAARs. If the OIB measure is significantly greater than zero, buying pressure is stronger 

than selling pressure, and vice versa. The results are presented in Tables 6.7 to 6.10. 

 

Table 6.7 shows cumulative order imbalance measures (COIBs) over 1200 trades around 

the director trades of all dealing purposes and their comparable counterparts. There is 

significantly more buy-initiated volume than sell-initiated volume during the whole 

period of 600 trades before the trading events of director discretionary purchases (Table 

6.7, Column (1)). Before comparable non-director trades, there is no such an order 

imbalance (Table 6.7, Column (5)). The difference in COIBs between director 

discretionary purchases and their comparable trades is highly significant from Trade-300 

(Table 6.7, Column (9)). Similarly, there is significantly more sell-initiated volume than 

buy-initiated volume during the period before director discretionary sales, compared to 

the sample of comparable non-director trades from Trade-180 (Table 6.7, Column (11)). 

For the period before comparable non-director discretionary sales, there is on average  
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Table 6.7 COIBs around the trading events of all UK directors’ trades and their comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using trade-by-trade cumulative order imbalance measured by the 

number of shares bought minus the number of shares sold around the trading events of detected trades of UK directors and their 

comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and *** denoting significance at 

0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, columns (5) to (8) present results around 

comparable trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for 

Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, 

COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-discretionary 

Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, DIFNDP, 

DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, 

Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable. A 

comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade 

execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each trade using Lee 

and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 208 187 112 146 208 187 112 146 208 187 112 146 

(-600,-1) 31371  -19095  20099  8939  14774  -9070  12435  5444  16597  -10025  7665  3496  

 (2.166**) (-1.647) (0.906) (1.052) (0.822) (-0.813) (0.371) (0.507) 0.815 -0.639 0.162 0.265 

(-400,-1) 27269  -15772  601  11747  7357  -7607  20082  4487  19912  -8165  -19481  7260  

 (2.806***) (-1.501) (0.035) (1.947*) (0.538) (-0.997) (0.793) (0.499) 1.296 -0.684 -0.531 0.692 

(-300,-1) 20899  -12440  -1837  6236  -1156  -4969  25061  3813  22056  -7470  -26898  2423  

 (2.873***) (-1.590) (-0.120) (1.104) (-0.100) (-0.781) (1.100) (0.504) 1.695 * -0.843 -0.818 0.262 

(-240,-1) 20740  -9115  -5346  3027  51  -4278  24360  1105  20688  -4836  -29706  1923  

 (3.290***) (-1.257) (-0.412) (0.554) (0.005) (-0.756) (1.241) (0.169) 1.998 ** -0.607 -1.05 0.234 

(-180,-1) 14217  -5608  -9149  2256  1216  -2658  29610  -729  13001  -2950  -38760  2984  

 (2.558**) (-0.968) (-0.898) (0.482) (0.176) (-0.618) (1.986**) (-0.151) 1.472 -0.486 -1.756 * 0.426 

(-120,-1) 5833  -3070  -9974  -66  2162  -3037  17409  57  3671  -33  -27383  -123  

 (1.653*) (-0.847) (-1.151) (-0.016) (0.355) (-0.827) (2.020**) (0.017) 0.526 -0.007 -1.809 * -0.022 

(-60,-1) 3945  -266  -2482  691  3184  -407  9609  -418  762  141  -12091  1109  

 (1.873*) (-0.103) (-0.503) (0.303) (0.881) (-0.216) (2.062**) (-0.225) 0.187 0.047 -1.721 * 0.381 

(-30,-1) 1164  -287  -2227  406  2485  -320  6338  -1270  -1321  33  -8566  1676  

 (0.786) (-0.207) (-0.826) (0.278) (0.958) (-0.230) (2.180**) (-0.993) -0.454 0.018 -2.538 ** 0.927 

(-15,-1) 663  149  -2646  -488  2199  -87  4277  -1088  -1536  235  -6922  600  

 (0.743) (0.178) (-1.291) (-0.452) (1.405) (-0.082) (2.363**) (-1.444) -0.891 0.193 -2.896 *** 0.483 

(-5,-1) 943  -26  -1006  -106  804  -410  1571  -337  139  384  -2577  231  

 (1.668*) (-0.053) (-1.381) (-0.150) (1.381) (-0.683) (1.368) (-0.811) 0.181 0.479 -1.732 * 0.283 

(-1,0) 10166  -541  -117706  -19645  10158  -444  -123663  -17879  489  -702  227  -109  

 (4.412***) (-0.197) (-2.300**) (-1.359) (4.712***) (-0.160) (-2.305**) (-1.655) 2.304 ** -1.651 -0.067 -0.017 

(0,1) 504  -7  -686  238  332  30  1068  -172  -222  -226  463  106  

 (2.366**) (-0.027) (-1.237) (1.218) (1.458) (0.163) (1.896*) (-0.561) -0.23 0.287 0.373 0.303 

(0,2) 11225  -787  -118578  -19452  11022  -583  -122339  -17929  203  -204  3762  -1523  

 (4.731***) (-0.291) (-2.312**) (-1.340) (4.854***) (-0.210) (-2.296**) (-1.656*) 0.374 -0.433 0.988 -0.277 

(0,5) 12013  -913  -118787  -19062  12556  -522  -123165  -17351  -544  -391  4378  -1712  

 (4.695***) (-0.321) (-2.304**) (-1.313) (5.024***) (-0.188) (-2.317**) (-1.593) -0.591 -0.481 1.155 -0.312 

(0,15) 12986  -234  -121094  -18843  13755  621  -121944  -17244  -768  -855  849  -1599  

 (4.596***) (-0.079) (-2.324**) (-1.284) (4.652***) (0.224) (-2.326**) (-1.579) -0.415 -0.629 0.153 -0.28 

(0,30) 12678  -1491  -120151  -18409  13889  1388  -127341  -16582  -1211  -2880  7190  -1827  

 (4.231***) (-0.519) (-2.293**) (-1.247) (4.043***) (0.442) (-2.395**) (-1.564) -0.497 -1.251 0.794 -0.3 

(0,60) 10218  -4361  -121381  -17567  13891  -2553  -124675  -14855  -3673  -1808  3294  -2712  

 (2.615***) (-1.312) (-2.323**) (-1.187) (3.498***) (-0.682) (-2.391**) (-1.432) -0.932 -0.477 0.344 -0.408 

(0,120) 5564  -6244  -119029  -14225  10754  874  -120532  -14087  -5190  -7118  1503  -138  

 (0.851) (-1.392) (-2.261**) (-0.946) (1.937*) (0.169) (-2.264**) (-1.248) -0.797 -1.2 0.115 -0.019 

(0,180) 11093  -7176  -110245  -9236  8237  5403  -113556  -15259  2856  -12579  3311  6024  

 (1.254) (-1.229) (-2.125**) (-0.589) (1.100) (0.755) (-2.086**) (-1.308) 0.307 -1.485 0.237 0.711 

(0,240) 12261  -8962  -111722  -8600  6848  6628  -102518  -15240  5413  -15590  -9204  6640  

 (1.096) (-1.209) (-2.035**) (-0.510) (0.753) (0.838) (-1.882*) (-1.324) 0.466 -1.479 -0.532 0.684 

(0,300) 14657  -5888  -114374  -8938  9015  8451  -113144  -13687  5643  -14339  -1230  4748  

 (1.043) (-0.666) (-2.042**) (-0.516) (0.779) (0.985) (-2.051**) (-1.155) 0.394 -1.171 -0.058 0.455 

(0,400) 21555  501  -118322  -5932  5989  11949  -111517  -15149  15566  -11448  -6805  9217  

 (1.235) (0.044) (-2.067**) (-0.323) (0.398) (1.142) (-1.958*) (-1.214) 0.838 -0.762 -0.292 0.69 

(0,600) 27964  4253  -110564  -3128  1261  17808  -109412  -17889  26703  -13555  -1151  14761  

 (1.219) (0.282) (-1.877*) (-0.161) (0.055) (1.131) (-1.903*) (-1.277) 0.969 -0.599 -0.034 0.898 
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Table 6.8 COIBs around the trading events of detected downstairs automatic director trades and their 

comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using trade-by-trade cumulative order imbalance measured by the 

number of shares bought minus the number of shares sold around the trading events of detected downstairs automatic trades of UK 

directors and their comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and *** represent 

significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, and columns (5) to (8) 

present results around comparable trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, 

DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, 

respectively. COMDP, COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-

discretionary Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, 

DIFNDP, DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary 

Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their 

comparable. A comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade size 

(/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each 

trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 7 77 2 2 7 77 2 2 7 77 2 2 

(-600,-1) -9654  -43163  -2350  58530  98125  13094  -18072  -17231  -107778  -56257  15723  75761  

 (-0.216) (-1.811*) (-0.396) (13.42**) (1.099) (1.072) (-1.078) (-0.226) -1.637 -2.094 ** 0.693 1.059 

(-400,-1) -1361  -35245  -2350  87743  92640  2463  -17038  20450  -94001  -37708  14689  67293  

 (-0.050) (-1.679*) (-0.396) (2.273) (1.029) (0.231) (-0.968) (0.254) -1.275 -1.803 * 0.624 1.609 

(-300,-1) -11110  -27704  -2350  41164  88879  -1726  -12645  20511  -99990  -25977  10295  20653  

 (-0.606) (-1.852*) (-0.396) (2.641) (0.980) (-0.218) (-0.901) (0.350) -1.235 -1.846 * 0.516 0.48 

(-240,-1) -15686  -24217  -3394  19212  87902  -815  -7684  52943  -103588  -23402  4290  -33731  

 (-1.269) (-1.690*) (-0.694) (6.703*) (0.969) (-0.106) (-0.536) (0.715) -1.169 -1.714 * 0.223 -0.439 

(-180,-1) -26048  -19203  -3983  24186  87797  -3108  -4838  38386  -113845  -16095  855  -14200  

 (-1.890) (-1.748*) (-0.927) (2.016) (0.968) (-0.549) (-0.374) (0.786) -1.16 -1.637 0.05 -0.386 

(-120,-1) -19714  -8810  -279  3869  87403  -3619  -51  22005  -107117  -5191  -229  -18136  

 (-1.676) (-1.509) (-0.034) (39.67**) (0.972) (-0.644) (-0.007) (0.779) -1.097 -0.79 -0.016 -0.644 

(-60,-1) -10959  -5801  -1568  -13394  42784  -713  -4753  -1973  -53743  -5088  3184  -11421  

 (-1.664) (-2.00**) (-0.233) (-0.884) (1.016) (-0.307) (-0.805) (-0.472) -1.158 -1.365 0.252 -0.591 

(-30,-1) -2360  296  -1476  -3925  31653  -958  -2965  -8835  -34013  1254  1489  4910  

 (-0.755) (0.188) (-0.217) (-0.777) (1.069) (-0.425) (-0.764) (-1.773) -1.141 0.521 0.139 0.49 

(-15,-1) -3364  -110  -2271  -996  16791  -82  -521  -13952  -20155  -28  -1750  12955  

 (-1.279) (-0.115) (-0.378) (-0.496) (1.008) (-0.045) (-0.177) (-6.392*) -1.065 -0.016 -0.196 3.092 

(-5,-1) -1790  -420  -501  -1498  5068  -972  67  -4355  -6858  552  -568  2857  

 (-1.752) (-0.646) (-0.258) (-0.577) (1.080) (-1.180) (0.040) (-1.703) -1.394 0.638 -0.157 0.555 

(-1,0) 3926  83  -909  2365  3296  47  -908  2367  1237  -357  NA 3911  

 (0.801) (0.488) (-1.243) (0.997) (0.908) (1.292) (-1.244) (0.997) 1.505 -0.178 NA 0.837 

(0,1) 203  175  -380  -167  1287  106  496  1817  572  506  NA 2121  

 (1.342) (0.563) (-0.829) (-0.222) (0.858) (0.412) (0.982) (1.312) 0.034 1.173 NA 0.805 

(0,2) 6484  244  -990  2534  5486  -262  1167  4139  998  505  -2157  -1605  

 (1.043) (0.420) (-0.669) (0.693) (0.863) (-0.616) (0.828) (2.767) 0.978 0.923 -0.747 -0.743 

(0,5) 9798  321  -1280  1843  5751  427  592  8196  4047  -106  -1871  -6353  

 (1.220) (0.274) (-0.446) (0.332) (0.721) (0.545) (0.533) (11.61*) 3.004 ** -0.082 -0.471 -1.311 

(0,15) 13167  -600  -3696  -3966  13801  1531  -249  16427  -634  -2131  -3447  -20393  

 (1.201) (-0.502) (-1.690) (-0.287) (0.774) (1.364) (-0.667) (10.25*) -0.09 -1.414 -1.347 -1.326 

(0,30) 12913  -3648  -4922  -6099  22133  3226  -40  11616  -9220  -6873  -4882  -17715  

 (1.061) (-1.837*) (-2.867) (-0.340) (0.782) (1.232) (-0.026) (1.954) -0.549 -2.009 ** -21.548 ** -1.481 

(0,60) 314  -7481  -3174  -7468  15349  1246  2686  25819  -15035  -8727  -5860  -33287  

 (0.046) (-2.16**) (-1.285) (-0.374) (0.690) (0.342) (40.20**) (1.184) -0.903 -1.649 -2.31 -0.798 

(0,120) -3124  -11319  -4632  -21667  14456  11807  -2308  86193  -17580  -23126  -2323  -107861  

 (-0.486) (-2.31**) (-1.650) (-0.757) (0.564) (1.831*) (-1.455) (1.395) -0.619 -2.459 ** -1.904 -1.193 

(0,180) -5283  -8770  -6819  -24830  34031  20433  -8632  101827  -39314  -29203  1813  -126657  

 (-0.494) (-1.204) (-1.449) (-0.898) (0.708) (2.052**) (-17.90**) (1.901) -0.893 -2.264 ** 0.43 -1.56 

(0,240) -7877  -14927  -2844  -36175  64774  24344  -10812  88776  -72651  -39271  7968  -124950  

 (-0.688) (-1.484) (-0.310) (-0.901) (0.879) (2.049**) (-2.009) (1.595) -1 -2.336 ** 0.548 -1.304 

(0,300) -18240  -12902  1635  -31092  71823  27146  -17230  117018  -90062  -40048  18865  -148111  

 (-1.536) (-1.078) (0.135) (-0.759) (0.869) (2.147**) (-5.067) (1.134) -1.085 -2.082 ** 1.217 -1.028 

(0,400) -13842  -16209  4999  -24357  86663  34191  -18658  135621  -100505  -50400  23657  -159977  

 (-0.577) (-0.908) (0.447) (-0.486) (0.838) (2.125**) (-2.474) (0.954) -1.166 -2.021 ** 1.265 -0.832 

(0,600) -17820  -28914  17538  -13492  134640  54412  -28519  162373  -152461  -83326  46056  -175864  

 (-0.389) (-1.345) (0.740) (-0.221) (0.832) (1.882*) (-1.638) (0.646) -1.18 -2.24 ** 1.121 -0.564 
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Table 6.9 COIBs around the trading events of detected upstairs negotiated director trades and their 

comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using trade-by-trade cumulative order imbalance measured by the 

number of shares bought minus the number of shares sold around the trading events of detected upstairs negotiated trades of UK 

directors and their comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and *** denoting 

significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, and columns (5) to (8) 

present results around comparable trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, 

DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, 

respectively. COMDP, COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-

discretionary Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, 

DIFNDP, DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary 

Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their 

comparable. A comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade size 

(/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each 

trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 95 43 58 64 95 43 58 64 95 43 58 64 

(-600,-1) 20504  -1417  38827  18192  -3792  -26707  34887  8110  24296  25290  3940  10082  

 (1.393) (-0.068) (0.970) (1.360) (-0.217) (-0.937) (0.656) (0.624) 1.074 0.757 0.047 0.58 

(-400,-1) 14244  4978  15601  16206  -10960  -17178  35532  -487  25205  22156  -19931  16693  

 (1.227) (0.251) (0.502) (1.593) (-0.763) (-1.282) (0.885) (-0.046) 1.387 0.898 -0.309 1.142 

(-300,-1) 12511  -1026  9454  8288  -16332  -6894  55593  -1614  28843  5868  -46139  9902  

 (1.256) (-0.059) (0.334) (0.857) (-1.204) (-0.559) (1.457) (-0.196) 1.709 * 0.27 -0.776 0.837 

(-240,-1) 8940  1589  2968  4788  -11357  -4193  54777  -883  20297  5781  -51810  5671  

 (1.121) (0.110) (0.123) (0.516) (-1.080) (-0.356) (1.607) (-0.131) 1.554 0.309 -0.999 0.589 

(-180,-1) 2438  5034  -6536  5084  -6754  3948  53516  -57  9192  1085  -60052  5142  

 (0.351) (0.460) (-0.343) (0.702) (-0.865) (0.429) (2.063**) (-0.011) 0.891 0.084 -1.484 0.644 

(-120,-1) -969  4126  -12241  4429  -6833  -947  27002  1075  5863  5073  -39243  3354  

 (-0.219) (0.607) (-0.751) (0.703) (-0.984) (-0.118) (1.890*) (0.283) 0.712 0.545 -1.409 0.436 

(-60,-1) 820  6610  -4717  4092  -2011  -1213  10669  645  2831  7824  -15386  3447  

 (0.281) (1.264) (-0.546) (1.185) (-0.508) (-0.266) (1.555) (0.282) 0.606 1.045 -1.256 0.956 

(-30,-1) -911  -510  -5103  2499  -1252  135  4121  -1151  341  -645  -9224  3651  

 (-0.483) (-0.180) (-1.040) (1.356) (-0.565) (0.046) (1.060) (-0.557) 0.129 -0.148 -1.656 1.747 * 

(-15,-1) -364  -1032  -4683  1393  -416  -2065  3303  -1063  52  1034  -7986  2456  

 (-0.267) (-0.689) (-1.412) (1.034) (-0.338) (-0.954) (1.659) (-0.924) 0.038 0.387 -2.186 ** 1.355 

(-5,-1) -333  -764  -319  1198  426  1171  2850  57  -760  -1935  -3169  1141  

 (-0.409) (-0.881) (-0.275) (1.026) (0.579) (0.817) (1.396) (0.093) -0.764 -1.013 -1.187 0.771 

(-1,0) 12604  -12279  -159029  -28367  12118  -12172  -173411  -26509  38  -1310  901  146  

 (2.905***) (-1.065) (-1.731*) (-2.178**) (2.955***) (-1.045) (-1.777*) (-2.113**) 0.788 -1.593 0.147 0.964 

(0,1) 471  170  -1380  128  403  -846  1516  290  526  -958  1483  673  

 (1.681*) (0.308) (-1.498) (0.493) (1.178) (-1.815*) (1.646) (0.523) 2.446 ** -0.39 0.872 0.727 

(0,2) 13545  -12225  -160042  -28030  12600  -13311  -172103  -26207  944  1087  12062  -1823  

 (3.041***) (-1.079) (-1.737*) (-2.118**) (2.946***) (-1.153) (-1.778*) (-2.035**) 1.3 1.064 1.789 * -1.543 

(0,5) 14072  -13046  -160295  -27260  13845  -14020  -174032  -26113  227  974  13737  -1147  

 (3.011***) (-1.111) (-1.733*) (-2.032**) (3.024***) (-1.226) (-1.802*) (-2.028**) 0.175 0.613 2.145 ** -0.792 

(0,15) 14647  -10901  -164261  -26892  14910  -14501  -175164  -25381  -263  3600  10903  -1511  

 (3.034***) (-0.909) (-1.761*) (-2.015**) (3.027***) (-1.344) (-1.845*) (-1.949*) -0.159 0.989 1.207 -0.569 

(0,30) 14713  -11030  -165346  -26690  15989  -13625  -187803  -23829  -1276  2595  22458  -2861  

 (2.922***) (-1.011) (-1.754*) (-2.045**) (2.972***) (-1.171) (-1.947*) (-1.873*) -0.616 0.544 1.383 -0.927 

(0,60) 13834  -19355  -163740  -24996  13739  -15559  -181248  -22059  95  -3796  17508  -2937  

 (2.621**) (-1.838*) (-1.763*) (-1.992*) (2.568**) (-1.208) (-1.923*) (-1.747*) 0.029 -0.447 1.071 -0.742 

(0,120) 12288  -29344  -153895  -21855  8206  -16864  -181073  -20561  4082  -12480  27178  -1294  

 (1.620) (-2.25**) (-1.644) (-1.719*) (1.451) (-1.120) (-1.884*) (-1.603) 0.528 -1.057 1.253 -0.192 

(0,180) 12186  -39389  -138612  -13636  8206  -13537  -169365  -17357  3979  -25852  30754  3721  

 (1.102) (-2.45**) (-1.515) (-0.880) (1.203) (-0.799) (-1.730*) (-1.145) 0.332 -1.573 1.506 0.372 

(0,240) 11047  -40713  -133662  -9306  304  -11824  -155569  -18843  10743  -28889  21906  9537  

 (0.801) (-2.32**) (-1.396) (-0.484) (0.032) (-0.747) (-1.602) (-1.293) 0.59 -1.865 * 0.982 0.696 

(0,300) 11762  -37134  -136762  -3690  -2150  -15241  -179122  -14752  13912  -21893  42360  11062  

 (0.652) (-1.880*) (-1.395) (-0.178) (-0.193) (-0.845) (-1.830*) (-0.940) 0.574 -1.149 1.459 0.767 

(0,400) 17272  -30441  -138423  1535  -11676  -18552  -183262  -15532  28948  -11889  44839  17067  

 (0.801) (-1.480) (-1.364) (0.064) (-0.749) (-0.808) (-1.828*) (-0.997) 0.926 -0.479 1.425 0.86 

(0,600) 15190  -15509  -114636  8783  -26051  -27537  -177358  -13324  41241  12028  62722  22107  

 (0.541) (-0.505) (-1.095) (0.327) (-0.890) (-0.987) (-1.788*) (-0.746) 0.833 0.28 1.22 0.825 
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Table 6.10 COIBs around the trading events of detected upstairs ordinary director trades and their 

comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using trade-by-trade cumulative order imbalance measured by the 

number of shares bought minus the number of shares sold around the trading events of detected upstairs ordinary trades of UK 

directors and their comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and *** denoting 

significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, and columns (5) to (8) 

present results around comparable trades, and columns (9) to (12) present the mean differences between the two groups. DP, NDP, 

DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, 

respectively. COMDP, COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, Comparable of Non-

discretionary Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, respectively. DIFDP, 

DIFNDP, DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary 

Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their 

comparable. A comparable trade of a UK director trade is determined as the best match with the director trade in terms of trade size 

(/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), and trade direction (assigned for each 

trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

n 106 67 52 80 106 67 52 80 106 67 52 80 

(-600,-1) 43818  -2781  74  298  25908  -23225  -11435  3877  17910  20444  11509  -3580  

 (1.751*) (-0.261) (0.004) (0.026) (0.834) (-1.114) (-0.276) (0.233) 0.524 0.951 0.268 -0.183 

(-400,-1) 40832  -6710  -16016  6279  18141  -13038  4277  8067  22691  6327  -20294  -1787  

 (2.578**) (-0.628) (-1.412) (0.862) (0.797) (-0.857) (0.136) (0.571) 0.912 0.389 -0.603 -0.118 

(-300,-1) 30531  -2223  -14411  3721  6499  -7461  -7544  7736  24032  5238  -6866  -4016  

 (2.766***) (-0.292) (-1.571) (0.545) (0.358) (-0.567) (-0.314) (0.638) 1.214 0.424 -0.269 -0.288 

(-240,-1) 33720  1372  -14694  1214  4474  -8315  -8336  1399  29246  9686  -6358  -185  

 (3.398***) (0.192) (-1.834*) (0.181) (0.342) (-0.767) (-0.470) (0.132) 1.896 * 0.972 -0.328 -0.014 

(-180,-1) 27432  3187  -12263  -555  2640  -6382  4272  -2243  24792  9569  -16534  1688  

 (3.141***) (0.452) (-2.113**) (-0.088) (0.265) (-0.773) (0.321) (-0.289) 1.909 * 1.019 -1.109 0.152 

(-120,-1) 13616  -1091  -7818  -3760  4594  -3709  7381  -1306  9022  2618  -15198  -2454  

 (2.461**) (-0.176) (-1.734*) (-0.718) (0.553) (-0.600) (0.780) (-0.258) 0.951 0.333 -1.518 -0.305 

(-60,-1) 7730  1682  -24  -1677  5224  462  8980  -1230  2506  1220  -9004  -447  

 (2.465**) (0.316) (-0.005) (-0.544) (0.955) (0.132) (1.370) (-0.431) 0.413 0.225 -1.364 -0.1 

(-30,-1) 3255  -813  951  -1161  3908  121  9169  -1176  -653  -934  -8218  15  

 (1.390) (-0.278) (0.502) (-0.525) (0.918) (0.054) (2.027**) (-0.712) -0.135 -0.262 -2.154 ** 0.005 

(-15,-1) 1850  1203  -387  -1981  3579  1177  5548  -787  -1729  26  -5935  -1194  

 (1.489) (0.660) (-0.161) (-1.210) (1.352) (0.759) (1.725*) (-0.785) -0.597 0.012 -1.875 * -0.698 

(-5,-1) 2268  899  -1792  -1115  862  -779  202  -551  1406  1679  -1994  -563  

 (2.781***) (0.880) (-2.013**) (-1.260) (0.974) (-0.754) (0.212) (-0.960) 1.216 1.065 -1.645 -0.633 

(-1,0) 8392  6275  -76107  -13218  8855  6520  -72897  -11481  888  -842  -554  -475  

 (3.666***) (4.090***) (-1.859*) (-0.544) (4.240***) (3.962***) (-1.883*) (-0.675) 2.266 ** -1.046 -0.523 -1.459 

(0,1) 553  -330  76  335  205  504  590  -592  -978  -752  -673  -443  

 (1.650) (-0.707) (0.126) (1.158) (0.657) (1.897*) (0.909) (-1.758*) -1.666 -0.946 -0.497 -1.39 

(0,2) 9460  5370  -76852  -13140  9973  7218  -71583  -11858  -513  -1848  -5268  -1281  

 (3.987***) (3.348***) (-1.878*) (-0.539) (4.434***) (4.259***) (-1.841*) (-0.701) -0.611 -1.992 * -1.853 * -0.128 

(0,5) 10313  5455  -77009  -13027  11851  7050  -71189  -10980  -1538  -1595  -5821  -2047  

 (3.768***) (2.979***) (-1.866*) (-0.536) (4.460***) (3.768***) (-1.840*) (-0.644) -1.119 -1.143 -1.664 -0.205 

(0,15) 11485  7033  -77463  -12776  12716  9280  -67263  -11577  -1230  -2247  -10199  -1199  

 (3.360***) (3.105***) (-1.827*) (-0.519) (3.508***) (3.373***) (-1.726*) (-0.680) -0.373 -0.927 -1.642 -0.117 

(0,30) 10839  7109  -74172  -12092  11463  8912  -64798  -11489  -625  -1803  -9374  -603  

 (2.922***) (2.366**) (-1.802*) (-0.485) (2.609**) (2.794***) (-1.684*) (-0.696) -0.145 -0.446 -1.392 -0.056 

(0,60) 7631  8849  -78681  -11876  13931  1430  -66473  -10108  -6300  7419  -12208  -1768  

 (1.266) (1.943*) (-1.774*) (-0.472) (2.316**) (0.299) (-1.704*) (-0.630) -0.888 1.117 -1.306 -0.151 

(0,120) 112  14415  -84541  -7934  12793  -305  -57552  -11414  -12681  14721  -26989  3479  

 (0.010) (2.161**) (-1.880*) (-0.310) (1.341) (-0.040) (-1.438) (-0.641) -1.201 1.544 -1.975 * 0.298 

(0,180) 11196  15330  -82583  -5325  6561  284  -55342  -16508  4634  15046  -27241  11183  

 (0.783) (1.772*) (-1.783*) (-0.205) (0.503) (0.023) (-1.301) (-0.947) 0.319 1.025 -1.433 0.862 

(0,240) 14679  18271  -91437  -7345  8888  -1889  -46872  -14958  5791  20160  -44564  7613  

 (0.807) (1.490) (-1.766*) (-0.274) (0.591) (-0.135) (-1.041) (-0.858) 0.38 1.047 -1.643 0.557 

(0,300) 19424  22226  -93863  -12583  14873  2172  -43241  -16102  4551  20054  -50622  3519  

 (0.867) (1.427) (-1.807*) (-0.466) (0.754) (0.145) (-0.938) (-0.923) 0.267 0.886 -1.64 0.238 

(0,400) 27732  39564  -100645  -11445  16494  5964  -35065  -18612  11238  33600  -65580  7167  

 (0.980) (2.020**) (-2.012**) (-0.413) (0.657) (0.353) (-0.710) (-0.990) 0.496 1.325 -1.91 * 0.397 

(0,600) 42436  55054  -110948  -12398  16931  4844  -36738  -26048  25505  50211  -74210  13650  

 (1.137) (2.037**) (-2.181**) (-0.437) (0.483) (0.221) (-0.669) (-1.266) 0.855 1.398 -1.646 0.679 
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higher significant buying pressure (Table 6.7, Column (7)), which is evidence that non-

directors are able to time their sales at top prices on a trade-by-trade basis. In other words, 

UK directors are not able to time their purchases (sales) at trough (peak) prices as non-

directors do, because the market reacts earlier in the same direction of their trades as 

evidenced by more buying (selling) pressure before director purchases (sales). 

Subsequent to the trading events of UK directors as well as non-directors, there is 

consistent increasing buying (selling) pressure after purchases (sales). There are no 

significant differences between the two groups, however. Overall, the examination of 

COIBs shows consistent results with the findings on CAARs in Sub-section 6.4.1. 

 

This analysis investigates if there are differences in COIBs when UK directors trade 

upstairs and when their trades are subject to pre-trade transparency by breaking down the 

non-price impacts by sub-samples of automatic, negotiated, and ordinary trades. The 

analysis finds that the above pre-event order imbalance behaviour is contributed mainly 

by ordinary trades (Table 6.10). When director trades are believed to be more informative, 

i.e., discretionary purchases, non-discretionary sales, and discretionary sales, there are 

significantly stronger buying and selling pressure, respectively, during the pre-event 

period (Table 6.10, Columns (1) and (3)), compared to comparable counterparts (Table 

6.10, Columns (5) and (7)). The difference in this pre-event non-price impact between 

director ordinary discretionary trades and comparable non-director trades is also highly 

significant from Trade-240 for discretionary purchases and from Trade-30 for discretionary 

sales. No such direct pre-event non-price impact is found for director negotiated 

discretionary purchases, discretionary and non-discretionary sales (Table 6.9, Columns 

(1), (3), and (4)). However, there are significant differences in COIBs before these trades, 

compared to comparable trades. Columns (9) and (12) in Table 6.9 show that there is 

higher buying pressure before Trade-240 (Trade-15) for discretionary purchases (non-

discretionary sales). This is evidence that there are front-running buying activities before 

director negotiated discretionary purchases and non-discretionary sales, which are 

perceived as informed purchases. Column (11) in Table 6.9 shows that there are higher 

selling pressures occurring before Trade-5 of discretionary sales. This is evidence that 

there are front-running selling activities before director negotiated discretionary sales. 

Changes in order imbalance show clearer evidence of front-running activities. Section 6.4 

only finds front-running evidence before director negotiated discretionary purchases, but 

not before their discretionary and non-discretionary sales, with changes in trade-by-trade 

CAARs. However, the analysis in this section finds supporting evidence of front-running 
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activities before all informed deals: discretionary purchases, discretionary and non-

discretionary sales, with changes in COIBs. Similar to CAARs in Section 6.4, changes in 

OIBs before director negotiated trades are not as significant and consistent as before 

director ordinary trades. Front-runners, therefore, are able to benefit from this market 

friction. In addition, there is no difference in pre-event COIBs behaviour around director 

non-discretionary purchases and their comparable trades, which is reasonable as these 

trades are small and non-informative. This analysis of trade-by-trade COIBs is fully 

consistent with, and further clarifies, the findings on price impacts in Section 6.4. Pre-

trade transparency requirement contributes to the market efficiency level and that the lack 

of pre-trade transparency creates opportunities for front-running activities.  

 

While the post-event COIBs behaviour is found in the sub-sample of both ordinary trades 

and negotiated trades, COIBs after director negotiated trades do not differ significantly 

from comparable non-director trades (Table 6.9, Columns (9) to (12)). The previous 

paragraph reports evidence of front-running purchases far before the occurrence of 

director negotiated discretionary purchases and non-discretionary sales, however, the 

market reacts to director non-discretionary sales in a similar manner to other director and 

non-director sales after the traders occur. Hence, on a post-trade basis, this shows clear 

evidence that the market is not able to incorporate, even just a part of, the implied private 

information of these trades. This shows how the lack of pre-trade transparency negatively 

affects market efficiency. On the other hand, COIBs after director ordinary discretionary 

sales show more selling pressure than after comparable non-director trades, while there 

is no additional trading activity other than the ‘usual’ post-event impact around ordinary 

discretionary purchases. This can be explained by the earlier market reaction to 

discretionary purchases. Order imbalance starts leaning toward more buy-initiated 

volume before director discretionary purchases earlier than it starts leaning toward more 

sell-initiated volume before discretionary sales (from Trade-600 or earlier for discretionary 

purchases and from Trade-240 for discretionary sales). The early reaction in both the price 

impact (as in Section 6.4) and the order imbalance implies that the price discovery 

process, along with correspondent changes in order imbalances, starts and finishes earlier 

for director discretionary purchases than it does for discretionary sales. As a result, earlier 

pre-event impact for discretionary purchases and later post-event impact for discretionary 

sales are observed, on both prices and order imbalances. This implies that the market 

needs more time to interpret the signal sent by a discretionary sale than a discretionary 

purchase. This implication is consistent with the nature of long-lived information (which 
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is more difficult to uncover) of discretionary sales and short-lived information (which is 

easier to uncover) of discretionary purchases. 

 

Although there are increasing trends in transaction and bid-ask prices around director 

non-discretionary sales when they are ordinary trades (Table 6.5 and Appendix 6.D, 

Column (4)), there are no significant change in order imbalance around these trades 

(Table 6.10, Column(4)). In addition, there is widening bid-ask spreads around these 

trades (Table 6.6). Thus, the post-event market reaction after director ordinary non-

discretionary sales is driven mainly by bid-ask revisions rather than by an increase in 

trading activity (Tables 6.7 and 6.10). This mechanism explains that the market 

incorporates market markers’ belief on the positive private information of director non-

discretionary sales mainly by revising their quotes. 

 

In conclusion, the order imbalance measures confirm that there is an increase in buying 

pressure around director ordinary discretionary purchases and non-discretionary sales and 

an increase in selling pressure around director ordinary discretionary sales. This result 

fully supports the analysis of CAARs around UK ordinary trades in Sub-section 6.4.4. 

For director negotiated trades, this analysis has two important findings that also support 

and further clarify the results in Sub-section 6.4.3. First, there is clear evidence of front-

running purchases (sales) occur before director trades, evidenced by a sudden increase in 

buying (selling) pressure and changes in prices. Second, there are no other differences in 

terms of trade-by-trade CAARs or COIBs following these trades compared to comparable 

trades. This implies that the market does not learn about the implied private information 

of these trades. In addition, while the front-run purchases before director non-

discretionary sales confirm that there are beliefs that these sales signal informed 

purchases, the market does not adjust accordingly. This also indicates that the front-

runners can clearly identify non-discretionary sales as informed purchases, but the overall 

market does not. It reacts to director negotiated non-discretionary sales in a similar 

manner to other negotiated sales. Overall, the lack of pre-trade transparency impedes 

market efficiency. The results of this section further clarify what is found in Section 6.4 

that the pre-trade transparency requirement of ordinary trades plays an important role in 

supporting the upstairs market, and subsequently, the downstairs market, to uncover UK 

director identification and director dealing purpose. Thus, pre-trade transparency 

requirement of the upstairs market clearly benefits the downstairs market and, hence, 

overall market efficiency. 
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6.6 How long does the impact persist around UK director ordinary and 

negotiated trades? 

Sections 6.4 and 6.5 examine the price and non-price impact around director trades on a 

trade-by-trade basis. Although the measure of trade duration might shed light on how 

long the impact persists around director trades, its practical use is limited. The reason is 

that some stocks are generally traded faster traded than others are. For example, while it 

might take a particular stock 10 minutes to complete 1200 trades it might take another 

stock 30 minutes to complete a similar number of trades under the same market 

conditions. Thus, a more practical question is how long (on average) before a director 

trade the impact starts to occur and for how long after the trade the impact persists. To 

address these questions, this section focuses on the cumulative order imbalance during 

intervals of 10 seconds. Tables 6.11 and 6.12 present 10-second cumulative order 

imbalance for 600 intervals (100 minutes) before and 600 intervals after UK director 

ordinary and negotiated trades, respectively. Our choice of 10-second intervals is justified 

mainly by the fact that the data statistics in Table 6.6 show that average duration in the 

sample ranges from 5.416 seconds (for automatic non-discretionary sales) to 13.881 

seconds (for ordinary non-discretionary purchases). Thus, I conjecture that a 10-second 

interval would be able to capture at least one trade. Using shorter intervals might lead to 

too many non-trading intervals. 

 

For negotiated trades (Table 6.11), the pre-event increase in buying pressure is not 

significant for discretionary purchases (Column (1)). It is, however, significantly different 

from those of comparable trades from Interval-120 to Interval-60, i.e., 20 to 10 minutes. The 

pre-event increase in selling pressure is observed from Interval-15 to Interval-1, i.e., 2.5 

minutes to 10 seconds for discretionary sales (Column (3)). It is, however, not 

significantly different from those of comparable trades (Column (11)). The pre-event 

increase in buying pressure is observed from Interval-15 to Interval-5, i.e., 2.5 minutes to 

10 seconds for non-discretionary sales (Column (4). It is, however, not significantly 

different from those of comparable trades (Column (12)). The insignificance of 

differences between director and comparable trades is justifiable because there is usually 

more buying pressure before non-director sales (Column (8)). Front-runners react faster 

to the positive information implied by discretionary purchases but slower to the 

information implied by discretionary and non-discretionary sales. This also provides an  
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Table 6.11 Ten-second COIBs around the trading events of detected upstairs negotiated director 

trades and their comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using 10-second interval cumulative order imbalance measured 

by the number of shares bought minus the number of shares sold around the trading events of detected upstairs negotiated trades 

of UK directors and their comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and 

*** denoting significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, and 

columns (5) to (8) present results around comparable trades, and columns (9) to (12) present the mean differences between the 

two groups. DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and 

Non-discretionary Sales, respectively. COMDP, COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary 

Purchases, Comparable of Non-discretionary Purchases, Comparable of Discretionary Sales, and Comparable of Non-

Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand for Differences between Discretionary 

Purchases, Differences between Non-discretionary Purchases, Differences between Discretionary Sales, and Differences 

between Non-Discretionary Sales, respectively, and their comparable. A comparable trade of a UK director trade is determined 

as the best match with the director trade in terms of trade size (/- 10%), trade execution method (i.e., upstairs or downstairs, 

negotiated or ordinary trade), and trade direction (assigned for each trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 95 43 58 64 95 43 58 64 95 43 58 64 

(-600,-1) 64876  -2740  65586  8247  3003  3927  115884  -2171  61873  -6667  -50298  10418  

 (1.503) (-0.157) (1.875*) (0.847) (0.148) (0.257) (1.017) (-0.190) 1.294 -0.289 -0.425 0.696 

(-400,-1) 35057  2607  34227  5437  874  9734  104537  2994  34182  -7127  -70309  2442  

 (1.322) (0.169) (1.248) (0.722) (0.051) (0.913) (0.943) (0.375) 1.086 -0.38 -0.621 0.223 

(-300,-1) 64876  -2740  65586  8247  3003  3927  115884  -2171  29574  3163  -107447  139  

 (1.503) (-0.157) (1.875*) (0.847) (0.148) (0.257) (1.017) (-0.190) 1.323 0.18 -0.991 0.014 

(-240,-1) 17178  3727  15393  5558  -7038  797  145122  -173  24216  2930  -129729  5731  

 (1.297) (0.286) (0.576) (0.812) (-0.559) (0.077) (1.424) (-0.022) 1.326 0.177 -1.242 0.554 

(-180,-1) 15167  9567  14890  4690  -10970  6867  135923  2204  26137  2699  -121033  2486  

 (1.165) (0.827) (0.579) (0.784) (-0.946) (0.671) (1.359) (0.347) 1.5 0.175 -1.182 0.285 

(-120,-1) 14304  10661  3012  2389  -13340  6165  93049  3505  27644  4496  -90037  -1116  

 (1.170) (1.044) (0.173) (0.387) (-1.232) (0.694) (1.230) (0.610) 1.694 * 0.332 -1.17 -0.132 

(-60,-1) 9505  3196  -1704  -2071  -9596  1912  49465  2806  19101  1284  -51169  -4877  

 (0.978) (0.721) (-0.129) (-0.331) (-1.282) (0.346) (1.162) (0.743) 1.557 0.181 -1.157 -0.665 

(-30,-1) 5121  -2847  -5390  1367  -1406  412  40657  -136  6528  -3260  -46047  1502  

 (1.048) (-1.354) (-0.674) (0.911) (-0.463) (0.113) (1.216) (-0.058) 1.133 -0.777 -1.351 0.547 

(-15,-1) -322  367  -10135  2709  2176  174  38730  -1605  -2498  193  -48865  4314  

 (-0.232) (0.299) (-1.872*) (1.835*) (1.425) (0.064) (1.243) (-0.688) -1.213 0.065 -1.559 1.569 

(-5,-1) 1018  564  -7770  1729  693  631  25273  -638  324  -67  -33043  2367  

 (0.866) (0.761) (-1.695*) (1.590) (0.737) (0.354) (0.979) (-0.375) 0.216 -0.035 -1.271 1.176 

(-1,0) -105  -656  -612  -841  509  384  3507  -451  -566  2069  -154  1835  

 (-0.275) (-2.000*) (-0.598) (-1.806*) (0.960) (0.543) (1.039) (-1.256) -0.41 0.838 -0.215 1.077 

(0,1) -316  -73  3074  -809  937  248  -7112  -231  -1051  1570  -3344  2475  

 (-0.344) (-0.238) (0.594) (-2.72***) (2.260**) (0.672) (-1.191) (-0.490) -0.657 2.159 ** -1.061 2.918 *** 

(0,2) -299  -1186  1175  -372  949  268  -33848  -674  -1248  -1455  35023  302  

 (-0.387) (-1.687*) (0.280) (-0.715) (1.342) (0.295) (-0.912) (-1.228) -1.193 -1.267 0.947 0.399 

(0,5) 1810  -532  -1379  -118  2366  11  -31308  1026  -556  -543  29929  -1144  

 (2.048**) (-0.440) (-0.304) (-0.107) (2.215**) (0.006) (-0.901) (0.820) -0.401 -0.265 0.862 -0.688 

(0,15) 3751  -1523  -4307  -149  1992  -3406  -26358  2871  1759  1883  22051  -3020  

 (1.671*) (-0.715) (-0.592) (-0.098) (1.419) (-1.887*) (-0.716) (1.243) 0.663 0.675 0.593 -1.097 

(0,30) 3329  386  3233  -762  2018  -4941  -17743  4490  1312  5326  20976  -5253  

 (1.001) (0.174) (0.302) (-0.276) (0.927) (-1.730*) (-0.591) (1.558) 0.33 1.474 0.664 -1.317 

(0,60) 7092  -3145  5526  1164  880  -2598  -8208  6109  6212  -547  13734  -4946  

 (0.948) (-0.655) (0.286) (0.566) (0.326) (-0.407) (-0.243) (1.388) 0.778 -0.069 0.355 -1.024 

(0,120) 18180  -4502  3046  6192  -4672  1968  8762  7543  22852  -6470  -5716  -1351  

 (1.103) (-0.434) (0.109) (1.085) (-0.917) (0.218) (0.198) (1.365) 1.32 -0.471 -0.11 -0.17 

(0,180) 22982  -9405  13973  10784  -6791  -503  6694  9939  29773  -8902  7279  845  

 (1.112) (-0.548) (0.434) (1.389) (-0.799) (-0.044) (0.101) (1.688*) 1.328 -0.434 0.1 0.087 

(0,240) 26689  -8057  44804  14228  -9364  131  13763  12913  36053  -8188  31041  1316  

 (1.094) (-0.366) (1.221) (1.507) (-0.862) (0.011) (0.205) (1.786*) 1.346 -0.329 0.409 0.111 

(0,300) 33711  -8335  42383  21239  -13288  -3473  44185  14400  46998  -4862  -1802  6839  

 (1.095) (-0.321) (0.885) (1.503) (-0.940) (-0.280) (0.619) (1.814*) 1.383 -0.169 -0.021 0.42 

(0,400) 43295  -12967  44231  22469  -32508  -2917  63170  17400  75803  -10050  -18939  5070  

 (1.093) (-0.445) (0.573) (2.078**) (-1.156) (-0.215) (0.749) (1.506) 1.558 -0.313 -0.166 0.32 

(0,600) 58435  -114  80312  30987  -41443  -11037  134482  24539  99878  10923  -54171  6448  

 (0.955) (-0.002) (0.829) (2.100**) (-1.084) (-0.785) (1.044) (1.680*) 1.382 0.25 -0.336 0.311 
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Table 6.12 Ten-second COIBs around the trading events of detected upstairs ordinary director trades 

and their comparable trades 

This table presents cross-sectional t-test of hypotheses COIBs = 0 using 10-second interval COIBs measured by the number of 

shares bought minus the number of shares sold around the trading events of detected upstairs ordinary trades of UK directors 

and their comparable trades. The t-statistics are presented in brackets underneath the measures with *, **, and *** denoting 

significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) present results around UK directors’ trades, and columns (5) to (8) 

present results around comparable trades, and columns (9) to (12) present the mean differences between the two groups. DP, 

NDP, DS, and NDS stand for Discretionary Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary 

Sales, respectively. COMDP, COMNDP, COMDS, and COMNDS stand for Comparable of Discretionary Purchases, 

Comparable of Non-discretionary Purchases, Comparable of Discretionary Sales, and Comparable of Non-Discretionary Sales, 

respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand for Differences between Discretionary Purchases, Differences 

between Non-discretionary Purchases, Differences between Discretionary Sales, and Differences between Non-Discretionary 

Sales, respectively, and their comparable. A comparable trade of a UK director trade is determined as the best match with the 

director trade in terms of trade size (/- 10%), trade execution method (i.e., upstairs or downstairs, negotiated or ordinary trade), 

and trade direction (assigned for each trade using Lee and Ready's (1991) rule). 
 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

n 106 67 52 80 106 67 52 80 106 67 52 80 

(-600,-1) 79921  18854  -35157  7084  35693  -19667  43720  14092  44228  38521  -78877  -7008  

 (1.403) (1.135) (-1.021) (0.732) (0.738) (-1.332) (0.864) (0.851) 0.592 1.734 * -1.289 -0.369 

(-400,-1) 50320  13406  -9997  6691  23695  -14944  31383  11699  26625  28350  -41380  -5008  

 (1.264) (0.942) (-0.553) (0.784) (0.648) (-1.417) (0.763) (0.933) 0.493 1.601 -0.922 -0.333 

(-300,-1) 79921  18854  -35157  7084  35693  -19667  43720  14092  14987  31661  -37921  -2571  

 (1.403) (1.135) (-1.021) (0.732) (0.738) (-1.332) (0.864) (0.851) 0.34 2.044 ** -1.145 -0.203 

(-240,-1) 39281  14189  -7119  797  26236  -10091  21127  1865  13045  24280  -28246  -1068  

 (1.628) (1.464) (-0.734) (0.132) (0.786) (-1.354) (0.934) (0.193) 0.317 1.987 ** -1.148 -0.095 

(-180,-1) 33344  11001  -10390  -1503  38325  -8211  30083  -956  -4980  19212  -40473  -547  

 (1.654) (1.531) (-1.384) (-0.302) (1.281) (-1.356) (1.282) (-0.121) -0.138 2.045 ** -1.643 -0.059 

(-120,-1) 29551  8737  -11084  -1377  28242  -3808  19903  -1058  1309  12545  -30987  -319  

 (1.960*) (1.480) (-1.795*) (-0.296) (1.080) (-0.967) (1.238) (-0.221) 0.043 1.769 * -1.8 * -0.048 

(-60,-1) 15761  5011  -5452  -2523  16708  -1485  15927  -173  -948  6496  -21379  -2350  

 (2.807***) (1.173) (-1.336) (-0.761) (0.948) (-0.537) (1.508) (-0.088) -0.051 1.277 -1.889 * -0.604 

(-30,-1) 5243  4599  -6881  -1797  12560  -581  15501  -951  -7317  5179  -22382  -846  

 (1.842*) (1.369) (-1.537) (-0.818) (1.296) (-0.257) (1.644) (-0.574) -0.725 1.281 -2.145 ** -0.306 

(-15,-1) 3166  3267  -5218  -2349  8595  -685  12161  -1044  -5429  3951  -17379  -1305  

 (2.485**) (1.169) (-1.515) (-1.519) (1.412) (-0.347) (1.540) (-0.738) -0.873 1.156 -2.018 ** -0.623 

(-5,-1) 515  451  -2461  -2697  4339  -355  11502  -243  -3824  806  -13963  -2454  

 (0.418) (0.873) (-2.100**) (-1.760*) (0.934) (-0.228) (1.386) (-0.218) -0.796 0.492 -1.667 * -1.289 

(-1,0) -567  377  895  963  -942  -211  -68  -472  3771  -1001  1883  169  

 (-1.037) (1.324) (1.235) (1.899*) (-0.544) (-0.654) (-0.113) (-1.052) 2.499 ** -1.218 1.279 0.153 

(0,1) 3590  -2162  1306  398  375  877  4267  -451  1215  -2324  -2568  996  

 (1.494) (-2.47**) (1.396) (0.500) (0.314) (1.960*) (2.268**) (-0.845) 0.506 -1.466 -0.707 1.023 

(0,2) 1182  627  1927  927  922  407  980  -757  259  220  947  1684  

 (0.580) (0.692) (1.767*) (1.116) (0.370) (0.796) (0.538) (-1.031) 0.081 0.212 0.446 1.52 

(0,5) 1596  1737  1513  1127  4427  1098  10717  -788  -2831  639  -9203  1914  

 (1.080) (1.359) (1.140) (1.194) (0.985) (1.796*) (2.059**) (-0.793) -0.598 0.451 -1.714 * 1.398 

(0,15) 3759  2383  -454  1305  8420  -81  13066  -479  -4661  2464  -13520  1784  

 (0.985) (1.367) (-0.199) (0.966) (1.217) (-0.042) (2.168**) (-0.357) -0.59 0.952 -2.099 ** 0.938 

(0,30) 5672  3517  -118  768  4111  162  14834  193  1561  3355  -14952  575  

 (1.073) (1.586) (-0.051) (0.430) (0.526) (0.061) (1.582) (0.130) 0.166 0.978 -1.549 0.248 

(0,60) 17341  7600  -9678  1109  2701  -4442  22778  -842  14640  12042  -32456  1950  

 (1.663*) (1.895*) (-1.398) (0.498) (0.272) (-1.332) (1.464) (-0.315) 1.018 2.309 ** -1.907 * 0.561 

(0,120) 29946  8522  -19811  -2116  2173  -5306  23986  1468  27773  13828  -43797  -3584  

 (1.544) (1.159) (-1.714*) (-0.584) (0.203) (-0.894) (1.070) (0.415) 1.254 1.464 -1.737 * -0.708 

(0,180) 32144  8961  -14323  -4271  6004  -2963  33626  103  26140  11925  -47950  -4374  

 (1.216) (1.197) (-1.101) (-0.835) (0.465) (-0.307) (1.144) (0.023) 0.889 0.978 -1.493 -0.656 

(0,240) 39619  8911  -26790  -2750  15563  -7103  32345  623  24056  16014  -59134  -3372  

 (1.246) (1.156) (-1.563) (-0.384) (0.898) (-0.651) (0.966) (0.111) 0.665 1.199 -1.573 -0.371 

(0,300) 56687  10723  -26585  1089  11815  -11137  41317  -3512  44872  21859  -67902  4601  

 (1.328) (1.218) (-1.397) (0.141) (0.588) (-0.953) (1.035) (-0.523) 0.952 1.494 -1.536 0.451 

(0,400) 70567  13084  -26087  -1910  1119  -12070  39575  -3472  69447  25154  -65663  1562  

 (1.577) (1.014) (-0.975) (-0.198) (0.034) (-0.887) (0.832) (-0.409) 1.262 1.342 -1.203 0.122 

(0,600) 78151  13769  2258  -4490  7050  -5978  -5407  -2971  71101  19747  7666  -1519  

 (1.654) (0.775) (0.046) (-0.439) (0.207) (-0.370) (-0.090) (-0.218) 1.222 0.823 0.1 -0.089 
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estimate that a front-runner would need from 10 seconds to 20 minutes, prior to director 

trades, to act upon their tipped information. 

 

For ordinary trades (Table 6.12), there is a significant positive pre-event order imbalance 

from Interval-120 to Interval-5, i.e., 20 minutes to 50 seconds, for discretionary purchases 

(Column (1)). This, however, is not significantly different from those of comparable 

trades (Column (9)). This positive order imbalance ends in Interval60, i.e., 10 minutes 

after the trades. The pre-event order imbalance is significantly negative from Intervals-120 

to Interval-1, i.e., 20 minutes to 10 seconds, for discretionary sales (Column (3)) and is 

significantly different from those of comparable trades (Column (11)). This negative 

order imbalance ends in Interval120, i.e., 20 minutes after the trades. The pre-event order 

imbalance is significantly positive from Interval-1 to Interval0, i.e., 10 to 0 seconds, for 

non-discretionary sales (Column (4)), but it is not significantly different from those of 

comparable trades (Column (12)). The general high buying pressure and increasing price 

trend before non-director trades justify this insignificance. However, this positive order 

imbalance does not carry long after the trade. Market reactions around non-director trades 

(Columns (5) to (8)), i.e., with only public information, are immediate or within 5 

intervals (50 seconds) for purchases and within 15 intervals (2.5 minutes) for sales. This 

contributes as another evidence that market in general reacts quicker to positive signal 

than to negative signal, based on only public information. 

 

In terms of time, given pre-trade transparency, director trades inject directional trading 

activity into the downstairs market around 20 minutes before they occur. Discretionary 

purchases seem to speed up more purchases steadily during the 20-minute period before 

the trades, while discretionary sales seem to speed up more sales intermittently during the 

20-minute period before and the 20-minute period after the trades. The directional trading 

activity increases more consistently and faster before discretionary purchases, which is 

evidence that the market perceives these trades as a favourable buying signal and, 

therefore, react consistently to this signal on an intraday basis. This also means that the 

market is more efficient in updating private short-term positive news than long-term 

negative news. 

 

Overall, this section shows that without pre-trade transparency the market cannot discover 

the existence of director trades and there are no subsequent market reactions. There is, 

however, evidence that front-runners can take advantage by tapping the market before 
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director trades. These front-running activities only create some temporary price and non-

price market reactions that do not persist and do not result in significant changes in price 

or order imbalance. Front-runners act faster before discretionary purchases than sales (20 

minutes before the director trades). With support of pre-trade transparency, the market 

needs only up to 2.5 minutes to incorporate the public information, but it needs up to 30 

to 40 minutes to incorporate a portion of the private information implied by director 

purchases and sales. The market is much slower in reacting to private information than to 

public information. This analysis also shows that a reflection of both ordinary and 

negotiated director trades can occur around 20 minutes before the trades. 

 

6.7 Other determinants of price and non-price impact around UK director 

upstairs trades – A multivariate analysis 

Sections 6.4 to 6.6 examine trade-by-trade price and non-price impacts around director 

trades relative to around comparable non-director trades. There are different price and 

non-price impacts around director trades, especially when they are upstairs trades, and 

these impacts are consistent with the director dealing purpose. There are stronger trade-

by-trade impacts for director discretionary purchases, discretionary sales and non-

discretionary sales, relative to non-discretionary purchases and comparable non-director 

trades. The impacts around director trades that are not subject to pre-trade transparency 

are also found to be different from those around trades that are subject to such a 

requirement. However, more significant impacts can also be driven by firm size, deal size 

or other fundamental characteristics. This section investigates other determinants that 

might contribute to the significant price and non-price impact of UK director ordinary 

trades through multivariate regression analyses that consider fundamental control 

variables. In addition to an Ordinary dummy variable that equals 1 if the trade is an 

ordinary upstairs trade and equals 0 if the trade is a negotiated trade, this analysis 

incorporates the following control variables described in Session 4.4: Discretionary, Deal 

size, Firm size, Book-to-market value, Multiple insider, and Day-gap. The regression 

results are presented in Table 6.13 for purchases and Table 6.14 for sales.  

 

For purchases (Table 6.13), consistent with the main analysis, the price impact (measured 

by trade-by-trade CAARs) and the non-price impact (measured by trade-by-trade COIBs) 

are significantly higher around ordinary purchases than around negotiated purchases (see 

Table 6.13, Columns (5), (10), and (11) for CAARs, and Column (14) for COIBs). In 

addition, the impact is higher if the deal is a discretionary deal, which is consistent with 
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the initial conjecture and intention in classifying deals by dealing purpose. Larger deal 

size and larger firm size are associated with more positive COIBs both before and after 

the trading events. With regard to CAARs, larger firm size is associated with positive and 

larger CAARs before the trading events but larger deal size is associated with positive 

and larger CAARs after the trading events. Although both Deal size and Firm size are 

positively correlated with increasing buying activities before and after the events, the 

price impact is realised earlier in larger firms and are prolonged with larger deals. This 

shows that the market appears more efficient for larger firm stocks and that the market 

needs more time to react to larger deals, which might also carry larger information. Book-

to-market is negatively correlated with CAARs (-240,-1), COIBs (-30,-1), and COIBs (-

15,-1). Higher Book-to-market value (value firms) is associated with lower price and non-

price impacts. While Multiple insider has an effect in the regressions in Chapter 4 which 

focuses on daily stock price behaviour, it is not a significant determinant here. Deals with 

higher impact are associated with a longer delay in reporting, i.e., higher Day gap. These 

deals might carry more information, thus motivates directors to delay their disclosure. 

 

For sales (Table 6.14), the main determinants are the first three variables: Discretionary 

is associated with more negative non-price impact, Ordinary and Deal size are associated 

with more negative price and non-price impacts, and Firm size and Day gap have no 

effects on both CAARs and COIBs. 

 

Overall, the analysis finds that Deal size and Firm size to be additional significant 

variables along with Discretionary and Ordinary in determining the trade-by-trade price 

and non-price impacts to the main downstairs market around UK director upstairs trades. 

The market for larger firms is more efficient than for smaller firms as the impacts of 

director trades are realised faster. In addition, larger director trades take the market more 

time to reflect the implied private information as the impacts after these trades are more 

prolonged than those after smaller deals. 

 

6.8 Price and trading activity around the announcement time  

This section presents findings on an analysis comparable to Dardas (2012) but with this 

thesis’ data. Similar to Dardas (2012), this analysis also examines the intraday effects of 

UK director dealing announcements and uses a more accurate approach in the calculation 

of trade-by-trade abnormal returns. While Dardas (2012) uses minute-by-minute index 

return to estimate the normal trade-by-trade returns, this analysis uses trade-by-trade  
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Table 6.13 Multivariate analysis of trade-by-trade CAARs and COIBs for director upstairs purchases 

In the OLS regression, the dependent variable is trade-by-trade CAARs and COIBs of different event windows around UK director upstairs purchases. Independent variables 

include: Discretionary is a dummy variable equal 1 if the deal is classified as a dicretionary deal, and 0 otherwise; Ordinary is a dummy variable equal 1 if the trade is an 

ordinary upstairs trade, and equal 0 if the trade is a negotiated upstairs trade; Deal size is the standardised natural logarithm of transaction value measured by transaction 

volume multiplied by transaction price; Firm size is standardised natural logarithm of the firm market capitalisation on the event day; Book-to-market-ratio is standardised 

ratio of the book-to-market value on the event day; Multiple insider is a dummy variable equal 1 if there are any other insider deals of the same stock in the same direction 

on the event day, and 0 otherwise; Day gap is standardised scaled representative of time gap in days between the trading and the announcement events. Day gap is transformed 

as 1/exp(Day gap) and then standardised. ***, **, and * denote significance at the 1%, 5%, and 10% levels. 

 CAARs 

(-600,-1) 

CAARs 

(-400,-1) 

CAARs 

(-300,-1) 

  CAARs 

(-240,-1) 

CAARs 

(-180,-1) 

CAARs 

(-120,-1) 

CAARs 

(-60,-1) 

CAARs 

(-30,-1) 

CAARs 

(-15,-1) 

CAARs 

(0,15) 

CAARs 

(0,30) 

CAARs 

(0,60) 

CAARs 

(0,120) 

CAARs 

(0,180) 

CAARs 

(0,240) 

CAARs 

(0,300) 

CAARs 

(0,400) 

CAARs 

(0,600) 

 (1) (2) (3)   (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 

Intercept -0.007 -0.011 -0.011   -0.002* -0.002** -0.002* 3x10-04 -0.001* -3x10-04 -0.001 -0.001* -0.001 -4x10-04 -0.001 -0.001 -0.001 -0.002 -0.002 

 (-0.411) (-0.697) (-0.69)   (-1.872) (-2.198) (-1.698) (0.422) (-1.656) (-0.904) (-1.325) (-1.727) (-0.98) (-0.452) (-1.008) (-1.15) (-0.853) (-1.249) (-1.176) 

Discretionary 0.025 0.02 0.021   0.002 0.001 0.001 0.001 0.001* 0.001** 0.001 4x10-04 1x10-04 4x10-04 -2x10-04 -4x10-04 -1x10-04 0.001 0.002 

 (1.434) (1.364) (1.396)   (1.178) (1.318) (1.11) (0.806) (1.948) (1.969) (1.076) (1.141) (0.246) (0.411) (-0.229) (-0.372) (-0.11) (0.636) (0.801) 

Ordinary 0.02 0.013 0.012   0.001 0.002* 0.001 -4x10-04 2x10-04 1x10-04 0.001** 0.001** 0.001 2x10-04 0.001 0.001 0.001 0.001 0.002 

 (1.204) (0.918) (0.883)   (0.993) (1.701) (0.945) (-0.642) (0.516) (0.502) (2.284) (2.49) (1.625) (0.286) (1.306) (1.377) (0.799) (0.894) (1.323) 

Deal size -0.001 -0.008 -0.008   -0.001 -0.001 -0.001 -2x10-04 -9x10-05 -3x10-05 2x10-04 4x10-04* 0.001*** 0.002** 0.001* 0.001* 0.002* 0.001 0.001 

 (-0.078) (-0.78) (-0.745)   (-1.443) (-1.246) (-1.246) (-0.403) (-0.342) (-0.137) (0.688) (1.763) (2.73) (2.57) (1.944) (1.67) (1.734) (1.255) (0.959) 

Firm size 0.028*** 0.017** 0.016**   -2x10-04 -7x10-05 6x10-05 -3x10-04 3x10-04** 10x10-05 -0.001** -1x10-04 4x10-04 2x10-04 5x10-04 4x10-04 9x10-05 -6x10-05 -0.001 

 (3.375) (2.424) (2.36)   (-0.307) (-0.148) (0.152) (-0.847) (2.027) (0.727) (-2.513) (-0.925) (1.372) (0.543) (0.939) (0.716) (0.152) (-0.078) (-1.005) 

Book-to-market -0.007 0.001 0.002   -0.001* -4x10-04 -4x10-04 -4x10-04 -4x10-05 -8x10-05 -8x10-05 1x10-04 3x10-04 0.001 5x10-04 0.001 0.001 5x10-04 3x10-04 

 (-0.899) (0.218) (0.24)   (-1.83) (-0.766) (-0.978) (-1.419) (-0.23) (-0.609) (-0.359) (0.737) (1.08) (1.581) (1.061) (1.181) (1.406) (0.663) (0.281) 

Multiple insider -0.014 -0.009 -0.009   0.002 0.001 0.001 -4x10-04 -0.001 -0.001 0.001 0.001 4x10-04 5x10-04 0.002 0.001 -0.001 -5x10-05 -0.001 

 (-0.61) (-0.445) (-0.459)   (0.879) (0.569) (0.98) (-0.45) (-1.276) (-1.52) (0.918) (1.409) (0.466) (0.384) (1.259) (0.843) (-0.315) (-0.022) (-0.427) 

Day gap -0.018** -0.009 -0.008   -6x10-05 2x10-04 3x10-05 -1x10-04 -1x10-04 -1x10-04 4x10-04 2x10-04 2x10-04 3x10-04 0.001 0.001 0.001 0.001 0.002* 

 (-2.133) (-1.236) (-1.211)   (-0.097) (0.333) (0.068) (-0.381) (-0.72) (-1.066) (1.603) (1.004) (0.724) (0.657) (1.084) (0.934) (1.197) (1.6) (1.951) 

Adjusted R2 0.031 0.009 0.008   0.004 -0.003 -0.008 -0.003 0.005 0.001 0.04 0.032 0.028 0.013 0.013 0.006 -0.001 -0.005 0.005 

F statistics 2.411 1.411 1.361   1.185 0.868 0.665 0.87 1.202 1.041 2.852 2.471 2.298 1.579 1.567 1.265 0.941 0.795 1.22 

 

Table 6.13 continues on the next page.  
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Table 6.13… continued 

 COIBs 

(-600,-1) 

COIBs 

(-400,-1) 

COIBs 

(-300,-1) 

  COIBs 

(-240,-1) 

COIBs 

(-180,-1) 

COIBs 

(-120,-1) 

COIBs 

(-60,-1) 

COIBs 

(-30,-1) 

COIBs 

(-15,-1) 

COIBs 

(0,15) 

COIBs 

(0,30) 

COIBs 

(0,60) 

COIBs 

(0,120) 

COIBs 

(0,180) 

COIBs 

(0,240) 

COIBs 

(0,300) 

COIBs 

(0,400) 

COIBs 

(0,600) 

 (1) (2) (3)   (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 

Intercept -0.079 -0.042 -0.018   -0.019 0.009 0.045 0.215 0.01 0.019 0.082*** 0.073*** 0.061* 0.022 -0.041 -0.021 -2x10-04 0.036 0.072 

 (-0.573) (-0.31) (-0.133)   (-0.15) (0.064) (0.351) (1.529) (0.068) (0.165) (3.3) (2.779) (1.815) (0.436) (-0.628) (-0.281) (-0.003) (0.384) (0.649) 

Discretionary 0.225* 0.255* 0.233*   0.204 0.139 0.112 -0.037 0.029 0.002 0.04* 0.052** 0.065** 0.07 0.111* 0.093 0.073 0.036 -0.029 

 (1.677) (1.909) (1.792)   (1.611) (1.075) (0.892) (-0.266) (0.211) (0.017) (1.679) (2.035) (1.987) (1.445) (1.751) (1.308) (0.882) (0.395) (-0.267) 

Ordinary 0.021 0.003 0.003   0.063 0.103 0.017 -0.069 0.053 0.109 0.016 0.021 0.03 0.054 0.103* 0.105 0.105 0.117 0.126 

 (0.171) (0.028) (0.027)   (0.541) (0.872) (0.148) (-0.551) (0.422) (1.086) (0.709) (0.892) (0.988) (1.229) (1.769) (1.605) (1.381) (1.4) (1.265) 

Deal size 0.1 0.159* 0.141   0.171* 0.165* 0.115 0.23** 0.027 -0.084 0.025 0.029* 0.038* 0.031 0.067 0.089* 0.116** 0.145** 0.161** 

 (1.074) (1.71) (1.565)   (1.936) (1.843) (1.327) (2.408) (0.281) (-1.107) (1.515) (1.655) (1.658) (0.912) (1.504) (1.802) (2.02) (2.287) (2.137) 

Firm size 0.108* 0.129** 0.114*   0.093 0.142** 0.128** 0.132** 0.091 0.053 -0.011 0.002 0.019 0.02 0.041 0.061* 0.08** 0.086** 0.071 

 (1.746) (2.098) (1.903)   (1.593) (2.385) (2.223) (2.094) (1.437) (1.052) (-0.955) (0.177) (1.263) (0.903) (1.414) (1.859) (2.093) (2.04) (1.419) 

Book-to-market -0.027 0.003 -0.034   -0.02 -0.034 -0.019 -0.047 -0.138** -0.182*** 0.011 0.014 0.024 0.026 0.038 0.025 0.023 0.012 -0.003 

 (-0.447) (0.056) (-0.581)   (-0.354) (-0.586) (-0.348) (-0.772) (-2.241) (-3.729) (0.987) (1.26) (1.637) (1.217) (1.348) (0.788) (0.631) (0.286) (-0.066) 

Multiple insider -0.049 -0.111 -0.119   -0.06 -0.06 -0.096 -0.143 -0.181 -0.053 -0.006 -0.007 -0.005 0.032 0.044 0.047 0.033 0.019 0.067 

 (-0.273) (-0.628) (-0.693)   (-0.355) (-0.353) (-0.581) (-0.789) (-0.991) (-0.368) (-0.203) (-0.196) (-0.11) (0.5) (0.521) (0.499) (0.299) (0.154) (0.463) 

Day gap 0.081 0.067 0.063   0.081 0.106* 0.072 0.061 -0.003 -0.042 0.029*** 0.032*** 0.022 0.017 0.032 0.02 0.033 0.033 0.027 

 (1.293) (1.074) (1.045)   (1.371) (1.768) (1.239) (0.954) (-0.043) (-0.822) (2.621) (2.712) (1.446) (0.78) (1.065) (0.601) (0.865) (0.784) (0.541) 

Adjusted R2 0.01 0.021 0.017   0.019 0.027 0.01 0.016 0.002 0.027 0.023 0.03 0.026 0.005 0.027 0.023 0.023 0.021 0.008 

F statistics 1.426 1.968 1.763   1.851 2.215 1.427 1.726 1.083 2.219 2.026 2.385 2.185 1.22 2.221 2.061 2.031 1.953 1.347 
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Table 6.14 Multivariate analysis of trade-by-trade CAARs and COIBs for director upstairs sales 

In the OLS regression, the dependent variable is trade-by-trade CAARs and COIBs of different event windows around director upstairs sales. Independent variables include: 

Discretionary is a dummy variable equal 1 if the deal is classified as a dicretionary deal, and 0 otherwise; Ordinary is a dummy variable equal 1 if the trade is an ordinary 

upstairs trade, and equal 0 if the trade is a negotiated upstairs trade; Deal size is the standardised natural logarithm of transaction value measured by transaction volume 

multiplied by transaction price; Firm size is standardised natural logarithm of the firm market capitalisation on the event day; Book-to-market-ratio is standardised ratio of 

the book-to-market value on the event day; Multiple insider is a dummy variable equal 1 if there are any other insider deals of the same stock in the same direction on the 

event day, and 0 otherwise; Day gap is standardised scaled representative of time gap in days between the trading and the announcement events. Day gap is transformed as 

1/exp(Day gap) and then standardised. ***, **, and * denote significance at the 1%, 5%, and 10% levels. 

 CAARs 

(-600,-1) 

CAARs 

(-400,-1) 

CAARs 

(-300,-1) 

CAARs 

(-240,-1) 

CAARs 

(-180,-1) 

CAARs 

(-120,-1) 

CAARs 

(-60,-1) 

CAARs 

(-30,-1) 

CAARs 

(-15,-1) 

CAARs 

(0,15) 

CAARs 

(0,30) 

CAARs 

(0,60) 

CAARs 

(0,120) 

CAARs 

(0,180) 

CAARs 

(0,240) 

CAARs 

(0,300) 

CAARs 

(0,400) 

CAARs 

(0,600) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 

Intercept 0.013*** 0.01** 0.003** 0.001 0.001 0.001 0.001 5x10-04 7x10-05 -3x10-04 -4x10-04 3x10-04 5x10-04 0.001 2x10-04 10x10-05 5x10-04 2x10-04 

 (2.713) (2.143) (1.996) (0.996) (1.149) (1.137) (0.877) (1.405) (0.339) (-0.989) (-0.769) (0.458) (0.592) (0.693) (0.201) (0.074) (0.316) (0.1) 

Discretionary -0.006 -0.005 3x10-04 2x10-04 -2x10-04 -0.001 -5x10-04 -2x10-04 -5x10-05 -2x10-04 -5x10-04 -0.001 -0.001 -0.001 -4x10-04 -4x10-04 -3x10-04 3x10-04 

 (-1.304) (-1.14) (0.176) (0.192) (-0.184) (-0.931) (-0.723) (-0.776) (-0.291) (-0.8) (-1.01) (-1.328) (-1.126) (-0.818) (-0.406) (-0.332) (-0.192) (0.167) 

Ordinary -0.008* -0.006 -0.002 -0.001 -0.001 -0.001 -0.001** -0.001* -2x10-05 4x10-04 0.001 3x10-04 -3x10-04 2x10-04 0.001 2x10-05 2x10-04 0.001 

 (-1.897) (-1.638) (-1.288) (-0.569) (-0.798) (-1.147) (-2.378) (-1.917) (-0.132) (1.358) (1.443) (0.596) (-0.498) (0.305) (0.55) (0.02) (0.134) (0.366) 

Deal size -0.008** -0.006* -0.003** -0.001 -0.001 -2x10-04 0.001 -4x10-05 -2x10-06 3x10-04 5x10-04 3x10-04 0.001 4x10-04 0.001 0.001 0.001 4x10-04 

 (-2.36) (-1.853) (-2.274) (-0.959) (-0.971) (-0.248) (1.084) (-0.174) (-0.012) (1.262) (1.246) (0.703) (1.349) (0.657) (1.045) (1.518) (0.658) (0.325) 

Firm size 2x10-04 -0.001 -2x10-04 -3x10-04 -4x10-04 -2x10-04 -9x10-05 3x10-06 4x10-05 -7x10-05 -2x10-04 -2x10-04 -5x10-04 -4x10-04 -4x10-04 -7x10-05 2x10-04 3x10-04 

 (0.066) (-0.342) (-0.289) (-0.49) (-0.653) (-0.481) (-0.28) (0.02) (0.355) (-0.461) (-0.784) (-0.677) (-1.283) (-0.908) (-0.852) (-0.114) (0.242) (0.389) 

Book-to-market 0.002 0.002 -0.001 -0.001 -0.001 -0.001 -2x10-04 4x10-05 -3x10-05 -3x10-04** -0.001** -4x10-04 -3x10-04 -0.001 -0.001 -0.001 -0.001 -0.001 

 (0.691) (0.956) (-1.249) (-1.531) (-1.51) (-1.42) (-0.646) (0.267) (-0.346) (-2.213) (-2.063) (-1.208) (-0.938) (-1.372) (-1.091) (-1.414) (-1.03) (-1.226) 

Multiple insider 0.02*** 0.02*** 0.006*** 0.001 0.001 -2x10-04 -2x10-04 3x10-05 -1x10-04 -4x10-04 -0.001 1x10-04 6x10-05 0.001 0.001 0.002 0.004* 0.004* 

 (3.484) (3.596) (2.927) (0.39) (0.498) (-0.204) (-0.28) (0.069) (-0.573) (-1.091) (-0.853) (0.147) (0.07) (0.624) (0.721) (0.97) (1.949) (1.818) 

Day gap 0.001 0.001 0.001 -3x10-04 -2x10-04 7x10-05 5x10-04 1x10-04 4x10-05 -1x10-04 -2x10-04 -3x10-04 -1x10-04 2x10-04 2x10-04 3x10-04 5x10-04 0.001 

 (0.646) (0.388) (1.083) (-0.417) (-0.31) (0.161) (1.397) (0.805) (0.469) (-0.892) (-0.984) (-0.93) (-0.398) (0.455) (0.388) (0.503) (0.645) (0.768) 

Adjusted R2 0.054 0.05 0.04 -0.011 -0.008 -0.006 0.018 -0.008 -0.024 0.024 0.025 2x10-04 0.002 -0.008 -0.012 -0.002 -0.003 -0.005 

F statistics 3.066 2.895 2.521 0.605 0.696 0.784 1.649 0.717 0.151 1.892 1.926 1.007 1.063 0.701 0.579 0.931 0.881 0.837 

Table 6.14 continues on the next page.  
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Table 6.14… continued 

 

 COIBs 

(-600,-1) 

COIBs 

(-400,-1) 

COIBs 

(-300,-1) 

COIBs 

(-240,-1) 

COIBs 

(-180,-1) 

COIBs 

(-120,-1) 

COIBs 

(-60,-1) 

COIBs 

(-30,-1) 

COIBs 

(-15,-1) 

COIBs 

(0,15) 

COIBs 

(0,30) 

COIBs 

(0,60) 

COIBs 

(0,120) 

COIBs 

(0,180) 

COIBs 

(0,240) 

COIBs 

(0,300) 

COIBs 

(0,400) 

COIBs 

(0,600) 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17) (18) 

Intercept 0.175 0.196 0.202 0.238* 0.221 0.264 0.253* 0.167 -0.005 0.382* 0.373 0.388* 0.401* 0.393* 0.372* 0.358* 0.324 0.242 

 (1.29) (1.548) (1.414) (1.665) (1.544) (1.581) (1.675) (1.094) (-0.028) (1.668) (1.632) (1.708) (1.797) (1.805) (1.737) (1.737) (1.632) (1.308) 

Discretionary -0.027 -0.131 -0.131 -0.139 -0.185 -0.218 -0.237* -0.257* -0.185 -0.415** -0.403* -0.416** -0.404** -0.387** -0.372* -0.355* -0.359** -0.31* 

 (-0.221) (-1.15) (-1.019) (-1.075) (-1.431) (-1.448) (-1.744) (-1.871) (-1.101) (-2.013) (-1.958) (-2.032) (-2.007) (-1.973) (-1.929) (-1.91) (-2.003) (-1.857) 

Ordinary -0.193* -0.184* -0.148 -0.153 -0.091 -0.066 -0.064 0.021 0.03 0.171 0.178 0.171 0.145 0.1 0.07 0.05 0.029 -0.045 

 (-1.653) (-1.696) (-1.207) (-1.246) (-0.744) (-0.461) (-0.495) (0.159) (0.186) (0.871) (0.906) (0.88) (0.757) (0.534) (0.38) (0.285) (0.171) (-0.28) 

Deal size -0.092 -0.102 -0.162 -0.222** -0.235** -0.292** -0.241** -0.112 -3x10-04 -0.51*** -0.499*** -0.494*** -0.465*** -0.425*** -0.384** -0.368** -0.326** -0.219 

 (-0.922) (-1.101) (-1.543) (-2.106) (-2.229) (-2.382) (-2.177) (-0.998) (-0.002) (-3.046) (-2.971) (-2.962) (-2.832) (-2.655) (-2.44) (-2.425) (-2.235) (-1.609) 

Firm size 0.081 0.024 0.01 0.001 0.029 0.05 0.068 0.089 0.042 -0.087 -0.09 -0.097 -0.091 -0.06 -0.055 -0.057 -0.041 -0.007 

 (1.249) (0.4) (0.148) (0.009) (0.428) (0.624) (0.945) (1.227) (0.474) (-0.798) (-0.825) (-0.889) (-0.853) (-0.574) (-0.533) (-0.573) (-0.432) (-0.079) 

Book-to-market 0.065 0.048 0.029 -0.001 -0.015 -0.017 0.047 0.102 0.053 -0.141 -0.139 -0.135 -0.129 -0.103 -0.095 -0.108 -0.085 -0.055 

 (0.995) (0.797) (0.416) (-0.019) (-0.217) (-0.214) (0.649) (1.393) (0.593) (-1.279) (-1.265) (-1.239) (-1.202) (-0.989) (-0.921) (-1.085) (-0.887) (-0.619) 

Multiple insider 0.04 0.12 0.183 0.083 0.05 0.074 0.035 -0.082 -0.169 -0.33 -0.364 -0.365 -0.394 -0.372 -0.351 -0.358 -0.312 -0.172 

 (0.248) (0.792) (1.063) (0.484) (0.291) (0.367) (0.191) (-0.451) (-0.754) (-1.202) (-1.324) (-1.337) (-1.467) (-1.424) (-1.366) (-1.445) (-1.307) (-0.773) 

Day gap -0.043 -0.023 0.004 -0.009 0.015 0.019 0.006 0.028 -0.046 0.039 0.03 0.032 0.021 0.014 0.01 0.004 -0.002 -0.029 

 (-0.687) (-0.387) (0.061) (-0.143) (0.232) (0.25) (0.088) (0.403) (-0.536) (0.373) (0.288) (0.303) (0.208) (0.135) (0.1) (0.047) (-0.017) (-0.335) 

Adjusted R2 -0.005 -0.005 -0.007 -0.002 -0.002 -0.001 -0.001 -0.002 -0.018 0.055 0.054 0.056 0.053 0.041 0.033 0.035 0.027 0.003 

F statistics 0.819 0.817 0.737 0.936 0.922 0.976 0.971 0.918 0.373 3.092 3.077 3.145 3.018 2.53 2.223 2.306 2 1.11 
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Table 6.15 CAARs and COIBs around the announcement time 

This table presents cross-sectional t-test of hypotheses of CAARs = 0, CAMiARs = 0, and COIBs = 0 using trade-by-trade 

cumulative order imbalance measure as the number of shares around the announcement events of UK directors dealing. The t-

statistics are presented in brackets underneath the measures with *, **, and *** represent significance at 0.1, 0.05, and 0.01 

levels. Columns 1-4 show test results when trade-by-trade returns are calculated using transaction prices (CAARs). Columns 5-

8 show test results when trade-by-trade returns are calculated using mid-quote prices (CAMiARs). Columns 9-12 show test 

results for cumulative order imbalances (COIBs). DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-discretionary 

Purchases, Discretionary Sales, and Non-discretionary Sales, respectively.  

 CAARs CAMiARs COIBs 

 DP NDP DS NDS DP NDP DS NDS DP NDP DS NDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

(-600,-1) 0.054% 0.030% 0.201% 0.036% -0.018% -0.049% 0.016% -0.033% 10937  -2274  -27685  -6536  

 (0.954) (1.033) (3.513***) (0.715) (-0.429) (-2.767***) (0.407) (-1.111) (0.884) (-0.256) (-1.300) (-1.029) 

(-400,-1) 0.019% 0.028% 0.143% 0.025% -0.039% -0.038% 0.018% -0.018% 8592  -3248  -11407  -4146  

 (0.451) (1.305) (2.925***) (0.631) (-1.169) (-2.706***) (0.513) (-0.733) (1.040) (-0.522) (-0.817) (-0.940) 

(-300,-1) 0.018% 0.021% 0.109% 0.012% -0.017% -0.029% -0.005% -0.013% 2962  -506  1984  -2990  

 (0.485) (1.199) (2.397**) (0.358) (-0.566) (-2.413**) (-0.134) (-0.553) (0.515) (-0.101) (0.201) (-0.769) 

(-240,-1) 0.036% 0.024% 0.064% 0.005% -0.005% -0.020% -0.010% -0.022% 4218  -395  1302  -4671  

 (1.145) (1.558) (1.640) (0.157) (-0.166) (-1.947*) (-0.333) (-1.032) (0.788) (-0.098) (0.154) (-1.275) 

(-180,-1) 0.038% 0.018% 0.042% 0.015% -0.004% -0.016% -0.014% -0.008% 2969  -1358  4257  -2721  

 (1.480) (1.391) (1.275) (0.612) (-0.189) (-1.773*) (-0.593) (-0.437) (0.745) (-0.439) (0.657) (-0.909) 

(-120,-1) 0.013% 0.006% 0.023% 0.006% -0.009% -0.009% -0.014% -0.003% 3538  -278  264  -2102  

 (0.677) (0.656) (0.906) (0.314) (-0.475) (-1.249) (-0.745) (-0.222) (1.224) (-0.123) (0.061) (-0.848) 

(-60,-1) 0.015% -0.001% 0.006% 0.010% 0.000% -0.001% -0.021% -0.001% 4723  482  -402  -334  

 (1.099) (-0.111) (0.375) (0.901) (-0.003) (-0.293) (-1.466) (-0.069) (2.039**) (0.369) (-0.115) (-0.217) 

(-30,-1) -0.006% 0.000% 0.000% 0.018% -0.012% -0.001% -0.015% 0.003% 2916  -882  -1916  1175  

 (-0.576) (0.004) (-0.034) (2.132**) (-1.181) (-0.292) (-1.435) (0.484) (2.008**) (-1.002) (-0.888) (1.174) 

(-15,-1) -0.004% -0.002% -0.007% 0.001% -0.002% -0.003% -0.013% -0.004% 793  -1336  -1600  1050  

 (-0.452) (-0.536) (-0.800) (0.108) (-0.253) (-1.005) (-1.564) (-0.747) (0.657) (-2.03**) (-0.910) (1.307) 

(-5,-1) -0.004% -0.002% -0.008% 0.000% -0.004% -0.001% -0.011% -0.004% 294  -551  -1136  455  

 (-0.729) (-0.816) (-1.559) (-0.107) (-0.815) (-0.464) (-2.002**) (-1.103) (0.353) (-1.638) (-1.809*) (1.245) 

(-1,0) -0.004% 0.001% -0.002% 0.003% -0.003% -0.001% 0.001% 0.001% -98  -140  -149  -753  

 (-1.258) (0.384) (-0.535) (1.203) (-0.951) (-1.041) (0.150) (0.242) (-0.502) (-0.797) (-0.406) (-1.028) 

(0,1) -0.002% -0.001% -0.016% -0.002% -0.003% 0.001% 0.000% -0.002% -592  -156  3  114  

 (-0.448) (-0.466) (-1.375) (-1.186) (-0.962) (0.425) (-0.007) (-1.393) (-1.480) (-1.110) (0.007) (0.907) 

(0,2) -0.003% 0.000% -0.021% 0.002% -0.005% -0.001% -0.006% -0.001% -1129  -444  -374  -302  

 (-0.547) (-0.094) (-2.148**) (0.506) (-1.039) (-0.641) (-0.955) (-0.271) (-1.752*) (-1.412) (-0.494) (-0.373) 

(0,5) 0.000% -0.002% -0.035% 0.006% -0.001% -0.004% -0.022% 0.001% -1107  -547  -2031  -580  

 (0.027) (-0.860) (-2.059**) (1.264) (-0.252) (-2.095**) (-2.763***) (0.291) (-1.253) (-1.038) (-2.038**) (-0.637) 

(0,15) 0.010% 0.001% -0.016% 0.008% 0.010% 0.001% -0.006% 0.002% 301  24  -1792  -729  

 (1.049) (0.289) (-0.878) (1.101) (1.429) (0.430) (-0.556) (0.336) (0.255) (0.033) (-0.948) (-0.696) 

(0,30) 0.008% 0.001% 0.000% 0.021% 0.012% -0.002% 0.005% 0.003% 2256  -803  -2166  -973  

 (0.636) (0.252) (-0.014) (1.680*) (1.249) (-0.650) (0.380) (0.390) (1.429) (-0.843) (-0.867) (-0.731) 

(0,60) 0.013% 0.005% 0.010% 0.022% 0.003% -0.002% 0.011% -0.005% 6888  -1365  -493  -1908  

 (0.841) (0.855) (0.391) (1.371) (0.271) (-0.460) (0.673) (-0.543) (2.731***) (-0.835) (-0.123) (-1.100) 

(0,120) 0.005% 0.022% 0.011% 0.047% 0.010% 0.007% 0.003% 0.004% 10117  33  -2343  -867  

 (0.247) (2.428**) (0.357) (1.922*) (0.583) (1.031) (0.125) (0.287) (2.521**) (0.012) (-0.399) (-0.299) 

(0,180) 0.004% 0.028% 0.035% 0.064% 0.002% 0.002% 0.014% 0.001% 12256  1496  -1182  -1342  

 (0.133) (2.416**) (0.937) (1.603) (0.105) (0.287) (0.504) (0.065) (2.237**) (0.420) (-0.109) (-0.335) 

(0,240) 0.010% 0.037% 0.064% 0.075% 0.010% 0.000% 0.017% -0.001% 13878  2982  -4481  609  

 (0.297) (2.745***) (1.463) (1.561) (0.398) (0.034) (0.519) (-0.079) (2.045**) (0.723) (-0.354) (0.125) 

(0,300) 0.016% 0.040% 0.073% 0.074% 0.009% -0.003% 0.018% -0.008% 18254  6616  -2088  -675  

 (0.413) (2.497**) (1.476) (1.439) (0.320) (-0.285) (0.509) (-0.364) (2.388**) (1.290) (-0.151) (-0.130) 

(0,400) 0.021% 0.045% 0.080% 0.086% 0.013% -0.010% 0.009% -0.028% 23069  10007  -1317  -2075  

 (0.490) (2.448**) (1.412) (1.486) (0.420) (-0.875) (0.222) (-1.195) (2.548**) (1.495) (-0.085) (-0.325) 

(0,600) -0.015% 0.044% 0.104% 0.115% -0.037% -0.020% 0.018% -0.045% 28927  15095  -1404  380  

 (-0.282) (1.916*) (1.632) (1.203) (-1.022) (-1.401) (0.406) (-1.630) (2.110**) (1.679*) (-0.077) (0.042) 
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index return. Dardas (2012) also examines abnormal trading volume (calculated relative 

to the average trading volume for the stock across all transactions between 5 to 15 days 

prior to the announcement day). Instead of using similar approach of abnormal trading 

volume, this section uses the same approach of COIBs as in Section 6.5. In addition, while 

examining the intraday effects of UK director trades sheds light on how the market reacts 

to both public and private information, examining the intraday effects of director dealing 

announcements sheds light on how the market reacts to public information disclosure on 

the announcement day. Public information on the trading day is considered as information 

on trade size, duration, direction, and means of execution, which is less visible to all 

market participants; while public information on the announcement day is the disclosure 

on the director deals, which is more visible to market participants.  

 

Table 6.15 presents test results on cumulative abnormal returns measured by transaction 

prices (CAARs) and mid-quote prices (CAMiARs), and COIBs measured by the number 

of buy-initiated shares minus the number of sell-initiated shares around the 

announcements. These findings shed more light on how the market reacts in terms of both 

price and non-price changes around the arrival of public announcement of director deals. 

 

Compared to Dardas (2012), this analysis finds little evidence of significant CAARs for 

the announcement events. CAARs and CAMiARs are negative after the announcement 

of director discretionary sales but significant only up to Trade5 (Table 6.15, Columns (3) 

and (7), respectively). There is also more selling pressure about 10 trades around this 

event (Table 6.15, Column (11)). Although CAARs and CAMiARs are positive but not 

significant after the announcement of discretionary purchases (Table 6.15, Columns (1) 

and (5), respectively), this analysis shows more buying pressure up to at least 60 trades 

before and 600 trades after the announcement time (Table 6.15, Column (9)). The 

magnitude of price adjustment in the result is far smaller than that reported by Dardas 

(2012). He finds an accumulated price adjustment of 0.2% for purchases (after 15 trades) 

and -0.065% for sales (after 5 trades). This analysis finds only an accumulated price 

adjustment of 0.01% for discretionary purchases (after 15 trades) using both CAARs and 

CAMiARs but not statistically significant, and -0.035% using CAARs and -0.022% using 

CAMiARs for discretionary sales (after 5 trades). Proper use of trade-by-trade index 

returns in this analysis might explain the difference in magnitude and the consistency of 

the price formation trend. Dardas (2012) uses minute-by-minute index returns to estimate 

trade-by-trade abnormal returns, while this analysis uses self-constructed trade-by-trade 
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index returns. For this reason, my results are probably more precise and more reliable in 

reflecting changes in market adjustment after each trade, while his results might be 

subject to a slower, by design, adjustment of market index measures. This would lead to 

an upward bias in his cumulative abnormal trade-by-trade return measures. Also 

consistent with my classification of informativeness according to disclosed dealing 

purpose, I find no evidence of price movement after director non-discretionary purchases 

but evidence of increasing prices after director non-discretionary sales that persist up to 

Trade120 using CAARs (Table 6.15, Column (4)). However, the evidence is not robust to 

the use of CAMiARs. 

 

In addition, there are significant positive price impacts (on CAARs but not on CAMiARs) 

to Trade120 after the announcement of director non-discretionary sales but no significant 

non-price impact. This shows that when the announcements of these deals are disclosed 

to the market, the market reacts as if they are informed purchases, which is consistent 

with the analysis on the trading events. However, the ability of the market to justify non-

discretionary sales as informed purchases after the announcement events is attributed to 

the availability of new public information, while its ability to do so around the trading 

events is attributed to the discovery of private information (might be through the support 

of market makers). 

 

Overall, there is evidence of an increasing buying pressure (COIBs) around the 

announcements of UK director discretionary purchases but no subsequent price impacts. 

There is an increased selling pressure along with a decreasing price trend around the 

announcement time of UK director discretionary sales but affects only about 10 trades 

around the announcement time. The impacts around the announcement events seem to be 

too small compared to the impacts around trading events. Our results imply that while the 

market continues to react to public information of director dealing, it reacts stronger 

around the trading events of directors, but only if directors trade upstairs and if their trades 

are subject to pre-trade transparency requirement. 

 

6.9 Conclusion 

By examining intradaily impacts of director trades, this analysis confirms a significant 

contribution of the proposed classification methods. Dissecting director deals by purpose 

confirms strong negative effects on price behaviour by discretionary sales. Dissecting 

data by dealing purpose also shows a clear distinction in the opposite trends between 



Chapter 6 Trade-by-trade impact… 

312 
 

discretionary sales and non-discretionary sales. While prices decrease around 

discretionary sales, they increase around non-discretionary sales. This evidences that the 

market can uncover the dealing purpose and treats non-discretionary as informed 

purchases. The positive signal of non-discretionary sales might result from the fact that 

directors keep a portion of their bonus shares or from the fact that sales after bonus usually 

occur when the management team meets the firm’s target and the stock is performing so 

well. Overall, this study finds that discretionary sales and non-discretionary sales have 

opposite intradaily price impacts that seem to be blurred in Inci, Lu and Seyhun (2010) 

where they might not differentiate non-discretionary sales from discretionary sales in 

their sample of insider sales. In addition, this study finds a clear distinction between 

discretionary purchases and non-discretionary purchases. The market reaction to 

discretionary purchases is positive, while there is no such reaction to non-discretionary 

purchases. The classification method in this thesis, therefore, sheds more light on the 

informative level of different director trades, even on an intradaily basis. 

 

This analysis finds that although it is unclear whether the use of intraday stealth-trading 

strategy leads to the choice of the downstairs market venue or vice versa, it shows that 

when directors trade downstairs, their trades are treated similarly as other comparable 

non-director trades. The downstairs market or the stealth-trading strategy is a good 

umbrella for insiders to camouflage their trades when executing them on the order book. 

In addition, this analysis shows that directors are disadvantaged in terms of transaction 

price when they trade upstairs compared to when they trade downstairs. This implies that 

the upstairs market is more efficient in uncovering director dealing purpose due to its less 

anonymous feature. 

 

The main following contributions of this empirical analysis is based on the practice that 

upstairs UK director trades are either ordinary trades or negotiated trades. If an upstairs 

trade is executed by a market marker assigned for the firm’s stock, the upstairs trade (i.e., 

ordinary trade) is subject to pre-trade transparency requirements. If an upstairs trade is 

executed by a broker who is not the firm’s market marker, the upstairs trade (i.e., 

negotiated trade) is not subject to pre-trade transparency requirements.  

 

First, the pre-trade transparency requirement helps the market uncover UK director trades 

and treat discretionary purchases, discretionary and non-discretionary sales as informed 

trades. This study finds both price and non-price reactions around these trades but no 
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impact around non-discretionary purchases which are non-informed trades by the 

proposed classification. The price and non-price impacts are also significantly different 

from those around comparable trades. This reflects that the differences in market reaction 

around director trades and comparable trades are mainly due to the implied private 

information because these two groups of trades have the same level of public information 

(i.e., the same trading size, trading direction and means of execution). The actual time 

gap between the disclosure of the order (pre-trade transparency) and the actual occurrence 

of the trade might explain why the market can react even before the trade occurrence. 

Thus, because the market reacts earlier when there are director ordinary deals while it 

does not when there are comparable non-director deals, the only explanation is the fact 

that director identity is incorporated in the price trend. Importantly, the results show that 

the market reacts faster and stronger to buying signals of discretionary purchases and non-

discretionary sales than to selling signals of discretionary sales. The first implication of 

this result is that the market is more efficient in reflecting positive news than negative 

news, even on a trade-by-trade basis. The second implication, which might also explain 

the first one, is that discretionary purchases are short-lived informative and hence are 

easier to be uncovered, while discretionary sales are long-lived informative and are more 

difficult to be uncovered. In addition, the short-lived positive information of non-

discretionary sales regarding the partly retention of the bonus proceeds is easier to be 

uncovered than their long-lived negative information. Our findings confirm that pre-trade 

transparency assists the market in incorporating not only public information but also 

implied private information, which is transferred through the upstairs market channel. 

The findings also show that only a portion of implied private information, especially, of 

discretionary sales can be reflected on the market when the trades occur and the rest is 

evolved on daily and long-term basis. This confirms that although the market can sense 

the implied negative private information, it cannot detect the full amount of such long-

lived information. Given pre-trade transparency availability, the market can effectively 

translate the information implied in a director upstairs trade to downstairs market activity, 

as evidenced by directional changes in prices and order imbalance, as well as bid-ask 

revisions. This study also finds evidence that public information is incorporated faster 

than private information. the market needs only up to 2.5 minutes to incorporate public 

information but it needs up to 30 to 40 minutes, starting 20 minutes before the trades, to 

incorporate the implied private information (in fact, a portion of it) of directors purchases 

and sales. Overall, there is strong evidence that pre-trade transparency benefits market 

efficiency in incorporating private information on trade-by-trade basis. 
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Second, without pre-trade transparency, the market reacts quietly to director negotiated 

trades with some evidence of front-running activities. Following these trades, the market 

reacts in a similar manner as to comparable trades and cannot distinguish different 

information levels and signal of purchases and sales and of discretionary and non-

discretionary trades. However, this study reports evidence of front-running activities 

before director informed trades. In addition, director negotiated trades seem to execute at 

prices that are not only better than simultaneous downstairs trades but also better than 

other comparable non-director negotiated trades. Further, this study finds that directors 

can, usually when their trades are not subject to a pre-trade transparency requirement, be 

given better prices (inside the prevailing bid and ask quotes) when they trade upstairs. 

LSE requires that the negotiated trade waiver “is subjected to the trade being on terms 

that are no worse than those that could be achieved on the relevant Exchange order or 

quote book, after taking into account any relevant trading, settlement and clearing costs”. 

Brokers seem to obey the rules in practice. However, director trade prices, while looking 

better than those of comparable trades at the recording time, are not necessarily better for 

directors. Prices increase (decrease) significantly before director purchases (sales) and the 

activities of front-running trades actually put director trades in an unfavourable condition. 

UK directors can disguise themselves better with negotiated trades as there are less 

consistent price and non-price impacts before their trading events and there are no impacts 

after their trading events. However, the possibility and the subsequent effects of front-

running trades should be considered. The evidence shows that the activities of front-

running trades do not increase the overall market trading activity. Although there are 

subsequent non-price impacts after their negotiated trading events, these are just normal 

non-price impacts similar to those of comparable non-director trades. Overall, without 

pre-trade transparency, the market cannot discover the existence of director trades and 

there are no subsequent market reactions. However, front-runners can take advantage by 

tapping the market on average about 20 minutes before director trades. 

 

Third, upstairs comparable non-director traders do take advantage of intraday contrarian 

strategies by executing their purchases (sales) when prices are going down (up) and when 

there is more selling (buying) pressure. UK directors, however, are found unable to apply, 

or do not adopt, such intraday contrarian strategies. This difference in behaviour between 

directors and non-directors is observed around both ordinary trades and negotiated trades. 

The market seems to react earlier by incorporating relevant public and private information 
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even before the occurrence of the director trades, and this seems to prevent directors from 

applying intradaily contrarian strategies. 

 

Fourth, this study finds evidence throughout that the market perceives director non-

discretionary sales as informed purchases, both around the trading events and the 

announcement events. While non-discretionary sales are non-informed sales, the fact that 

directors usually sell just a portion of the shares they receive from bonus plans or option 

exercises and keep the rest explains this market reaction. It is reasonable that the market 

reacts as it does around the announcement events of non-discretionary sales. Around the 

trading events, such market reactions can be found around director ordinary trades only. 

Therefore, this is clear evidence that pre-trade transparency assists the market in 

discovering this information. Around director negotiated trades, only those who front-run 

the market act on the information, but the overall market cannot distinguish director non-

discretionary sales from either director discretionary sales or comparable trades. 

 

Fifth, regarding upstairs trades, this study finds that the market for larger firms is more 

efficient than for smaller firms as the impacts of director trades are realised faster. In 

addition, larger director trades take the market more time to reflect the implied private 

information because the impacts after these trades are more prolonged than those after 

smaller deals. 

 

Sixth, regarding intraday impacts of announcements of director dealing, this chapter 

observes only non-price impacts after the announcement time for discretionary purchases, 

but no price impacts. On the other hand, only positive price impacts but no change in 

order imbalance, are exhibited after the announcement of non-discretionary sales, which 

is evidence that the market indeed considers these as buying signals based on the 

disclosed information. Both negative price and non-price impacts are observed for 

discretionary sales. The findings are consistent with Dardas (2012), however are much 

smaller in terms of magnitude. The more refined construction of trade-by-trade index 

returns should provide more accurate results as this study considers changes in the index 

returns after every trade, and consequently changes in the index returns correspond more 

closely with changes in trade-by-trade prices. Dardas (2012), however, uses minute-by-

minute index returns, a frequency that is too slow in reflecting changes in index returns. 

Thus, its results might be biased upwards. This result marks another contribution of the 

thesis.  
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In conclusion, the most important finding and contribution of this chapter is the evidence 

that the pre-trade transparency requirement is successful, at least partially, in transferring 

private information, in terms of the price and non-price impacts, of UK director trades 

from the upstairs market to the downstairs market. Our analyses on both price (CAARs) 

and non-price (COIBs) impacts confirm this conclusion. The lack of pre-trade 

transparency of director negotiated trades creates opportunities for front-runners to take 

advantage of their private information about director deals, thus reduces market 

efficiency. Recall that Section 6.2 finds that negotiated deals are more informative in the 

long-term windows of daily analysis, relative to ordinary deals. However, on an intradaily 

basis, this chapter finds evidence that the market reacts to ordinary deals more than to 

negotiated deals. In addition, there is significant but inconsistent change on COIBs and  

CAARs that only happens far before but not after director negotiated trades point out that 

while front-running activities are large enough to change the price reaction at certain time 

before the trades, they do not necessary result in subsequent and consistent market 

reaction. Front-runners, therefore, are able to benefit from this market friction. Clearly, 

the lack of pre-trade transparency reduces market ability to incorporate the implied 

private information. Exchange regulators, who aim at maintaining fairness among traders, 

might consider this finding as a basis for modifying trading transparency regulation that 

requires all director trades to go through the most transparent channel of trading, i.e., with 

the pre-trade transparency requirement. My suggestion is that directors or any other 

supposedly informed traders must execute their upstairs deals with assigned market 

makers. With such a rule, or similar enhancements to the scope or timing of pre-trade 

transparency requirements, more assurance would be given on the equality of information 

dissemination and the reduction of asymmetric information across traders. This ought to 

help the market in disseminating and transferring effects related to these trades quickly to 

the downstairs market, which in turn enhances the efficiency of the market. 
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Appendix 6.A Trade-by-trade CAMiARs around the trading events of all UK director trades and their 

comparable trades 

This appendix presents cross-sectional t-test of hypotheses AMiAR = 0 and CAMiAR = 0 using trade-by-trade market-adjusted 

abnormal returns around the trading events of director detected trades and their comparable trades. The t-statistics are presented 

in brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 levels. Columns (1) to (4) 

present results around UK director trades, columns (5) to (8) present results around comparable trades, and columns (9) to (12) 

present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary Purchases, Non-

discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, COMDS, and 

COMNDS stand for Comparable to Discretionary Purchases, Comparable to Non-discretionary Purchases, Comparable to 

Discretionary Sales, and Comparable to Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand 

for Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences between 

Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable trades. A comparable 

trade to a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade execution 

method (i.e. upstairs or downstairs, negotiated or ordinary trade), and trade direction (using Lee and Ready's (1991) rule). 

 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 208 187 112 146 208 187 112 146 208 187 112 146 

(-600,-1) -0.015% 0.057% 0.019% -0.118% 0.003% -0.084% -0.008% 0.075% -0.018% 0.141% 0.027% -0.194% 

 (-0.346) (1.212) (0.454) (-2.497**) (0.058) (-1.885*) (-0.162) (1.341) -0.256 2.442 ** 0.444 -2.8 *** 

(-400,-1) 0.005% 0.029% 0.024% -0.088% 0.029% -0.068% 0.018% 0.038% -0.024% 0.097% 0.006% -0.126% 

 (0.130) (0.742) (0.705) (-2.325**) (0.600) (-1.899*) (0.460) (0.799) -0.389 1.944 * 0.131 -2.242 ** 

(-300,-1) 0.007% 0.009% 0.012% -0.070% 0.004% -0.040% 0.021% 0.031% 0.004% 0.049% -0.008% -0.101% 

 (0.234) (0.247) (0.377) (-2.135**) (0.092) (-1.381) (0.671) (0.782) 0.064 1.18 -0.2 -2.122 ** 

(-240,-1) -0.002% -0.003% -0.006% -0.070% 0.000% -0.011% 0.012% 0.019% -0.002% 0.008% -0.018% -0.089% 

 (-0.054) (-0.101) (-0.189) (-2.384**) (0.012) (-0.435) (0.404) (0.515) -0.042 0.204 -0.438 -2.037 ** 

(-180,-1) -0.011% 0.007% -0.019% -0.054% -0.021% 0.010% 0.013% -0.004% 0.009% -0.002% -0.032% -0.050% 

 (-0.397) (0.251) (-0.744) (-2.094**) (-0.681) (0.436) (0.465) (-0.116) 0.212 -0.07 -0.942 -1.357 

(-120,-1) 0.013% 0.010% -0.042% -0.028% 0.003% 0.007% 0.017% 0.012% 0.010% 0.002% -0.058% -0.039% 

 (0.535) (0.389) (-1.991**) (-1.226) (0.119) (0.407) (0.754) (0.443) 0.27 0.088 -1.984 ** -1.327 

(-60,-1) 0.040% 0.017% -0.031% -0.019% 0.008% 0.006% 0.008% 0.012% 0.032% 0.011% -0.040% -0.032% 

 (1.599) (0.890) (-1.743*) (-1.148) (0.444) (0.478) (0.527) (0.779) 0.988 0.467 -1.636 -1.542 

(-30,-1) 0.022% -0.007% -0.006% -0.005% -0.031% 0.001% 0.011% 0.012% 0.053% -0.008% -0.017% -0.017% 

 (1.439) (-0.555) (-0.516) (-0.397) (-2.505**) (0.116) (0.918) (1.011) 2.708 *** -0.529 -0.977 -1.095 

(-15,-1) 0.023% -0.004% -0.011% -0.007% -0.012% 0.001% 0.007% -0.001% 0.036% -0.005% -0.019% -0.006% 

 (2.275**) (-0.310) (-1.187) (-0.762) (-1.463) (0.196) (0.891) (-0.079) 2.826 *** -0.364 -1.5 -0.561 

(-5,-1) 0.013% -0.003% -0.008% -0.003% 0.001% -0.003% 0.005% 0.002% 0.012% 0.001% -0.013% -0.005% 

 (1.914*) (-0.450) (-1.425) (-0.494) (0.095) (-0.692) (0.865) (0.515) 1.489 0.074 -1.775 * -0.697 

(-1,0) 0.003% 0.005% -0.003% 0.001% 0.003% -0.006% -0.021% 0.003% 0.007% -0.003% 0.003% 0.002% 

 (1.068) (1.790*) (-0.937) (0.183) (0.980) (-2.675***) (-0.905) (1.155) 1.23 -0.404 -0.149 0.074 

(0,1) 0.003% 0.001% 0.001% -0.002% 0.002% -0.003% -0.005% -0.006% 0.004% -0.003% 0.000% -0.002% 

 (1.487) (0.276) (0.349) (-0.705) (0.909) (-1.470) (-2.9***) (-2.84***) 1.475 -0.671 -0.555 -0.144 

(0,2) 0.009% 0.005% -0.006% -0.002% 0.005% -0.010% -0.026% -0.005% 0.004% 0.014% 0.020% 0.003% 

 (2.067**) (1.074) (-1.473) (-0.513) (1.112) (-2.932***) (-1.094) (-0.926) 0.661 2.63 *** 0.787 0.45 

(0,5) 0.012% -0.002% -0.006% 0.005% 0.017% -0.009% -0.005% -0.002% -0.005% 0.007% -0.001% 0.008% 

 (1.825*) (-0.270) (-0.885) (1.021) (2.704***) (-1.925*) (-0.679) (-0.317) -0.565 1.113 -0.095 0.931 

(0,15) 0.016% -0.001% -0.016% 0.003% 0.036% -0.004% -0.012% -0.014% -0.020% 0.002% -0.004% 0.017% 

 (1.578) (-0.164) (-1.577) (0.344) (3.808***) (-0.543) (-1.292) (-1.471) -1.54 0.25 -0.341 1.403 

(0,30) 0.025% -0.005% -0.018% -0.003% 0.052% 0.000% -0.024% -0.004% -0.027% -0.005% 0.005% 0.002% 

 (1.929*) (-0.466) (-1.549) (-0.265) (4.099***) (0.018) (-2.263**) (-0.393) -1.551 -0.346 0.365 0.111 

(0,60) 0.026% -0.014% -0.004% 0.016% 0.030% -0.018% -0.029% -0.010% -0.004% 0.004% 0.025% 0.026% 

 (1.516) (-1.018) (-0.262) (1.104) (1.835*) (-1.435) (-2.119**) (-0.745) -0.159 0.212 1.146 1.352 

(0,120) 0.032% -0.022% -0.022% 0.009% -0.009% -0.035% -0.046% 0.003% 0.041% 0.013% 0.024% 0.006% 

 (1.332) (-1.102) (-1.049) (0.485) (-0.397) (-2.064**) (-2.560**) (0.128) 1.183 0.492 0.942 0.226 

(0,180) 0.048% -0.036% -0.022% 0.026% -0.054% -0.031% -0.072% -0.018% 0.102% -0.006% 0.050% 0.043% 

 (1.685*) (-1.639) (-0.863) (1.149) (-1.974**) (-1.573) (-3.12***) (-0.782) 2.383 ** -0.18 1.606 1.31 

(0,240) 0.037% -0.044% -0.014% 0.020% -0.106% -0.048% -0.085% -0.032% 0.143% 0.005% 0.071% 0.052% 

 (1.101) (-1.725*) (-0.464) (0.797) (-3.028***) (-2.006**) (-3.34***) (-1.208) 2.704 *** 0.128 1.963 * 1.416 

(0,300) 0.034% -0.061% 0.000% 0.006% -0.102% -0.054% -0.107% -0.036% 0.137% -0.007% 0.107% 0.041% 

 (0.943) (-2.00**) (0.004) (0.194) (-2.661***) (-2.046**) (-3.57***) (-1.131) 2.341 ** -0.157 2.542 ** 0.938 

(0,400) 0.037% -0.057% -0.007% -0.005% -0.116% -0.050% -0.121% -0.048% 0.153% -0.007% 0.114% 0.044% 

 (0.896) (-1.633) (-0.201) (-0.147) (-2.565**) (-1.558) (-3.64***) (-1.191) 2.343 ** -0.145 2.318 ** 0.826 

(0,600) 0.062% -0.060% -0.054% 0.002% -0.121% -0.069% -0.122% -0.050% 0.183% 0.009% 0.068% 0.051% 

 (1.134) (-1.516) (-1.185) (0.042) (-2.365**) (-1.813*) (-2.99***) (-1.052) 2.346 ** 0.159 1.119 0.851 
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Appendix 6.B Trade-by-trade CAMiARs around the trading events of detected downstairs automatic UK 

director trades and their comparable trades 

This appendix presents cross-sectional t-test of hypotheses AMiAR = 0 and CAMiAR = 0 using trade-by-trade market-adjusted 

abnormal returns around the trading events of detected downstairs automatic trades of UK directors and their comparable trades. 

The t-statistics are presented in brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 

levels. Columns (1) to (4) present results around UK director trades, columns (5) to (8) present results around comparable trades, 

and columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary 

Purchases, Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, 

COMDS, and COMNDS stand for Comparable to Discretionary Purchases, Comparable to Non-discretionary Purchases, 

Comparable to Discretionary Sales, and Comparable to Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and 

DIFNDS stand for Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences 

between Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable trades. A 

comparable trade to a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade 

execution method (i.e. upstairs or downstairs, negotiated or ordinary trade), and trade direction (using Lee and Ready's (1991) rule). 

 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 7 77 2 2 7 77 2 2 7 77 2 2 

(-600,-1) -0.056% 0.072% 0.187% -0.439% -0.095% 0.035% -0.400% 0.483% 0.039% 0.037% 0.588% -0.922% 

 (-0.532) (0.975) (1.348) (-154***) (-0.522) (0.536) (-0.787) (0.708) 0.146 0.429 1.59 -1.357 

(-400,-1) -0.066% 0.031% 0.187% -0.068% -0.085% 0.023% -0.369% 0.800% 0.019% 0.008% 0.556% -0.869% 

 (-1.129) (0.514) (1.348) (-0.186) (-0.530) (0.451) (-0.727) (0.837) 0.108 0.104 1.509 -0.657 

(-300,-1) -0.056% 0.037% 0.187% -0.140% -0.074% 0.020% -0.094% 0.635% 0.018% 0.017% 0.281% -0.775% 

 (-0.938) (0.757) (1.348) (-0.431) (-0.472) (0.462) (-0.463) (0.846) 0.103 0.27 4.415 -0.721 

(-240,-1) -0.074% 0.054% 0.086% -0.157% -0.063% 0.031% -0.120% 0.572% -0.012% 0.023% 0.206% -0.729% 

 (-0.979) (1.189) (0.361) (-0.464) (-0.401) (0.750) (-0.514) (0.907) -0.066 0.404 30.007 ** -0.753 

(-180,-1) -0.078% 0.054% 0.011% -0.100% -0.025% 0.048% -0.367% 0.342% -0.053% 0.006% 0.379% -0.443% 

 (-1.354) (1.407) (0.035) (-1.184) (-0.163) (1.319) (-0.847) (0.838) -0.331 0.125 3.194 -0.898 

(-120,-1) -0.064% 0.059% 0.104% -0.011% 0.014% 0.052% -0.190% 0.183% -0.078% 0.007% 0.294% -0.195% 

 (-0.972) (1.867*) (0.471) (-0.107) (0.096) (1.833*) (-0.882) (0.775) -0.44 0.165 44.927 ** -0.568 

(-60,-1) -0.046% 0.036% 0.258% -0.115% -0.017% 0.039% -0.381% 0.008% -0.029% -0.003% 0.639% -0.123% 

 (-1.328) (1.829*) (3.791) (-3.717) (-0.263) (1.815*) (-0.884) (0.054) -0.38 -0.088 1.761 -1.103 

(-30,-1) 0.011% 0.029% 0.289% -0.065% 0.105% 0.009% -0.270% 0.114% -0.094% 0.020% 0.559% -0.179% 

 (0.398) (1.784*) (7.753*) (-2.233) (1.146) (0.546) (-0.790) (0.499) -1.101 0.951 1.833 -0.695 

(-15,-1) 0.027% 0.021% 0.204% -0.035% 0.011% 0.004% -0.096% 0.003% 0.016% 0.017% 0.300% -0.038% 

 (1.134) (1.524) (1.675) (-0.747) (0.585) (0.353) (-0.681) (0.027) 0.502 0.892 15.641 ** -0.244 

(-5,-1) 0.030% 0.011% -0.009% -0.020% -0.001% 0.008% 0.006% -0.023% 0.030% 0.002% -0.015% 0.003% 

 (3.548**) (1.441) (-0.121) (-1.267) (-0.038) (0.840) (0.211) (-0.895) 1.606 0.189 -0.147 0.074 

(-1,0) 0.010% 0.004% -0.018% -0.017% 0.016% -0.008% -0.017% -0.006% -0.013% 0.000% NA 0.057% 

 (0.209) (1.452) (-10.17*) (-10.67*) (0.992) (-2.506**) (-0.323) (-1) -1.949 0.417 NA 1.458 

(0,1) -0.017% 0.002% -0.036% 0.018% -0.003% -0.003% -0.009% 0.005% 0.020% -0.005% NA 0.013% 

 (-1.245) (0.240) (-2.194) (1.359) (-0.547) (-0.710) (-0.399) (0.316) 0.561 -0.939 NA 1 

(0,2) -0.011% 0.010% -0.088% 0.021% 0.003% -0.013% -0.024% 0.013% -0.014% 0.023% -0.065% 0.008% 

 (-0.247) (1.431) (-2.100) (0.794) (0.162) (-2.590**) (-0.843) (0.976) -0.255 2.68 *** -0.927 0.611 

(0,5) 0.000% 0.006% -0.012% 0.049% 0.040% -0.019% -0.063% 0.005% -0.040% 0.026% 0.051% 0.044% 

 (0.001) (0.723) (-0.114) (0.329) (1.413) (-2.463**) (-1.112) (0.105) -0.627 2.74 *** 0.321 0.425 

(0,15) 0.020% 0.004% -0.157% 0.042% 0.037% -0.008% -0.031% 0.071% -0.017% 0.012% -0.126% -0.029% 

 (0.472) (0.377) (-3.564) (0.306) (0.991) (-0.722) (-0.515) (22.60**) -0.311 0.91 -7.717 * -0.218 

(0,30) 0.044% -0.008% -0.284% 0.100% 0.061% 0.004% -0.001% 0.101% -0.017% -0.011% -0.283% -0.001% 

 (0.970) (-0.650) (-2.911) (2.035) (1.917) (0.245) (-0.023) (4.418) -0.282 -0.584 -5.147 -0.016 

(0,60) 0.018% -0.025% -0.271% 0.109% 0.067% -0.010% 0.129% 0.250% -0.049% -0.015% -0.400% -0.140% 

 (0.225) (-1.511) (-1.557) (2.904) (0.771) (-0.506) (0.862) (1.570) -0.528 -0.578 -1.236 -0.714 

(0,120) -0.004% -0.033% -0.357% 0.129% -0.019% -0.024% 0.074% 0.448% 0.015% -0.009% -0.431% -0.320% 

 (-0.026) (-1.363) (-1.723) (1.934) (-0.121) (-0.798) (0.434) (1.403) 0.106 -0.262 -1.142 -1.264 

(0,180) 0.041% -0.074% -0.445% 0.227% 0.012% -0.029% -0.107% 0.400% 0.028% -0.045% -0.338% -0.173% 

 (0.224) (-2.8***) (-1.300) (739.2***) (0.062) (-0.831) (-14.66**) (1.816) 0.13 -1.053 -1.01 -0.788 

(0,240) 0.035% -0.087% -0.580% 0.413% 0.074% -0.058% 0.037% 0.169% -0.040% -0.029% -0.617% 0.244% 

 (0.206) (-2.58**) (-0.931) (97.14***) (0.332) (-1.373) (0.213) (2.378) -0.136 -0.528 -0.776 3.227 

(0,300) 0.023% -0.113% -0.533% 0.644% 0.240% -0.037% 0.122% 0.207% -0.217% -0.076% -0.655% 0.438% 

 (0.112) (-2.8***) (-0.879) (14.83**) (1.091) (-0.836) (0.425) (2.202) -0.737 -1.313 -0.734 8.675 * 

(0,400) -0.038% -0.125% -0.509% 0.688% 0.268% -0.044% 0.266% 0.298% -0.305% -0.081% -0.775% 0.390% 

 (-0.203) (-2.9***) (-0.823) (4.669) (1.502) (-0.841) (0.649) (17.06**) -1.121 -1.123 -0.755 3.005 

(0,600) -0.024% -0.108% -0.522% 0.684% 0.245% -0.047% 0.127% 0.361% -0.269% -0.061% -0.649% 0.322% 

 (-0.113) (-2.34**) (-0.863) (4.765) (1.786) (-0.733) (0.231) (1.953) -1.16 -0.736 -0.563 0.981 
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Appendix 6.C Trade-by-trade CAMiARs around the trading events of detected upstairs negotiated UK director 

trades and their comparable trades 

This appendix presents cross-sectional t-test of hypotheses AMiAR = 0 and CAMiAR = 0 using trade-by-trade market-adjusted 

abnormal returns around the trading events of detected upstairs negotiated trades of UK directors and their comparable trades. The 

t-statistics are presented in brackets underneath the measures with *, **, and *** denoting significance at 0.1, 0.05, and 0.01 levels. 

Columns (1) to (4) present results around UK director trades, columns (5) to (8) present results around comparable trades, and 

columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary Purchases, 

Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, COMDS, and 

COMNDS stand for Comparable to Discretionary Purchases, Comparable to Non-discretionary Purchases, Comparable to 

Discretionary Sales, and Comparable to Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand for 

Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences between 

Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable trades. A comparable 

trade to a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade execution 

method (i.e. upstairs or downstairs, negotiated or ordinary trade), and trade direction (using Lee and Ready's (1991) rule). 

 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 95 43 58 64 95 43 58 64 95 43 58 64 

(-600,-1) 0.074% 0.185% 0.006% -0.040% -0.085% -0.049% -0.019% 0.098% 0.158% 0.233% 0.025% -0.138% 

 (1.112) (2.791***) (0.090) (-0.604) (-1.081) (-0.551) (-0.275) (1.052) 1.572 2.136 ** 0.27 -1.351 

(-400,-1) 0.087% 0.184% 0.013% -0.069% -0.057% -0.076% 0.000% 0.030% 0.144% 0.260% 0.013% -0.099% 

 (1.483) (3.377***) (0.257) (-1.247) (-0.865) (-1.033) (0.002) (0.384) 1.673 * 2.72*** 0.179 -1.12 

(-300,-1) 0.085% 0.137% -0.014% -0.068% -0.081% -0.053% 0.022% 0.029% 0.165% 0.190% -0.036% -0.097% 

 (1.802*) (3.175***) (-0.289) (-1.462) (-1.365) (-0.855) (0.515) (0.456) 2.105 ** 2.598 ** -0.58 -1.345 

(-240,-1) 0.054% 0.038% -0.020% -0.066% -0.065% -0.033% 0.010% 0.019% 0.119% 0.071% -0.030% -0.085% 

 (1.171) (0.903) (-0.427) (-1.743*) (-1.127) (-0.619) (0.238) (0.325) 1.613 1.064 -0.5 -1.36 

(-180,-1) 0.018% 0.053% -0.026% -0.030% -0.030% 0.006% 0.008% -0.017% 0.048% 0.046% -0.033% -0.013% 

 (0.440) (1.271) (-0.649) (-0.860) (-0.577) (0.138) (0.211) (-0.333) 0.682 0.796 -0.659 -0.222 

(-120,-1) 0.033% 0.028% -0.032% -0.010% -0.008% -0.027% 0.031% -0.012% 0.041% 0.056% -0.063% 0.002% 

 (1.037) (0.728) (-1.128) (-0.328) (-0.156) (-0.782) (1.015) (-0.300) 0.655 1.229 -1.445 0.052 

(-60,-1) 0.036% 0.048% -0.023% 0.011% 0.005% -0.048% 0.026% -0.006% 0.030% 0.096% -0.050% 0.016% 

 (1.525) (1.502) (-1.126) (0.544) (0.205) (-1.919*) (1.418) (-0.242) 0.806 2.179 ** -1.762 * 0.614 

(-30,-1) 0.003% 0.003% -0.022% 0.013% -0.059% -0.023% 0.017% 0.013% 0.062% 0.026% -0.039% 0.000% 

 (0.201) (0.126) (-1.417) (0.864) (-2.994***) (-1.238) (1.195) (0.742) 2.27 ** 0.928 -1.936 * -0.021 

(-15,-1) 0.011% 0.000% -0.033% -0.004% -0.021% -0.025% 0.005% 0.010% 0.032% 0.025% -0.038% -0.014% 

 (0.915) (0.005) (-2.736***) (-0.351) (-1.419) (-2.382**) (0.472) (0.908) 1.667 * 1.114 -2.279 ** -0.988 

(-5,-1) 0.002% -0.003% -0.010% -0.006% 0.000% -0.016% 0.005% 0.008% 0.002% 0.013% -0.014% -0.014% 

 (0.309) (-0.251) (-1.247) (-0.742) (-0.031) (-1.956*) (0.679) (1.090) 0.243 0.749 -1.375 -1.222 

(-1,0) -0.001% 0.002% 0.002% 0.002% 0.002% -0.008% -0.002% 0.004% 0.011% 0.005% -0.006% 0.005% 

 (-0.160) (0.350) (0.705) (0.628) (0.607) (-1.323) (-0.615) (1.004) 1.813 * 0.385 -1.26 0.799 

(0,1) 0.003% -0.005% 0.002% -0.003% 0.000% 0.000% -0.004% -0.006% 0.003% 0.007% 0.011% -0.006% 

 (1.223) (-1.370) (0.556) (-1.086) (-0.035) (0.184) (-1.864*) (-1.585) 1.245 0.862 2.429 ** -0.256 

(0,2) 0.002% -0.005% 0.005% -0.002% 0.001% -0.006% -0.005% -0.002% 0.001% 0.000% 0.010% 0.000% 

 (0.406) (-0.559) (0.956) (-0.510) (0.259) (-0.809) (-0.998) (-0.246) 0.115 0.037 1.295 0 

(0,5) -0.004% -0.018% 0.016% 0.007% 0.010% -0.013% -0.009% 0.005% -0.015% -0.005% 0.025% 0.002% 

 (-0.525) (-1.600) (2.637**) (1.048) (1.304) (-1.465) (-1.052) (0.439) -1.377 -0.392 2.689 *** 0.191 

(0,15) -0.011% -0.016% 0.003% -0.007% 0.045% -0.017% -0.015% -0.012% -0.057% 0.002% 0.019% 0.005% 

 (-0.776) (-1.245) (0.286) (-0.551) (2.992***) (-1.800*) (-1.300) (-0.774) -2.65 *** 0.093 1.269 0.268 

(0,30) -0.014% -0.017% -0.008% -0.012% 0.058% -0.004% -0.030% 0.012% -0.073% -0.013% 0.022% -0.024% 

 (-0.753) (-1.121) (-0.582) (-0.747) (2.721***) (-0.293) (-2.160**) (0.679) -2.308 ** -0.708 1.219 -1.077 

(0,60) -0.031% -0.033% -0.007% 0.029% 0.039% 0.000% -0.036% 0.005% -0.070% -0.033% 0.029% 0.024% 

 (-1.223) (-1.335) (-0.349) (1.263) (1.468) (0.012) (-1.993*) (0.247) -1.825 * -1.057 1.212 0.793 

(0,120) -0.014% -0.055% -0.007% 0.022% 0.037% -0.016% -0.048% 0.012% -0.051% -0.039% 0.041% 0.011% 

 (-0.365) (-1.800*) (-0.234) (0.760) (1.196) (-0.700) (-1.792*) (0.363) -0.997 -1.035 1.352 0.242 

(0,180) 0.026% -0.058% -0.014% 0.021% 0.019% 0.005% -0.064% 0.009% 0.007% -0.063% 0.050% 0.012% 

 (0.636) (-1.477) (-0.421) (0.595) (0.518) (0.179) (-1.920*) (0.246) 0.122 -1.314 1.233 0.218 

(0,240) -0.004% -0.066% -0.015% -0.013% -0.038% 0.017% -0.067% -0.017% 0.034% -0.083% 0.052% 0.004% 

 (-0.072) (-1.360) (-0.388) (-0.328) (-0.853) (0.429) (-1.799*) (-0.383) 0.515 -1.305 1.137 0.072 

(0,300) -0.010% -0.084% 0.005% -0.041% -0.037% 0.001% -0.102% -0.039% 0.027% -0.084% 0.107% -0.003% 

 (-0.182) (-1.597) (0.139) (-0.969) (-0.762) (0.014) (-2.247**) (-0.673) 0.353 -1.176 1.982 * -0.036 

(0,400) -0.016% -0.091% -0.002% -0.055% -0.065% 0.010% -0.139% -0.096% 0.049% -0.101% 0.137% 0.040% 

 (-0.257) (-1.417) (-0.038) (-1.130) (-1.212) (0.208) (-2.85***) (-1.281) 0.592 -1.228 2.028 ** 0.452 

(0,600) -0.016% -0.096% -0.049% -0.056% -0.075% -0.019% -0.166% -0.098% 0.059% -0.078% 0.117% 0.042% 

 (-0.191) (-1.281) (-0.683) (-0.955) (-1.289) (-0.398) (-2.599**) (-1.163) 0.605 -0.835 1.288 0.421 
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Appendix 6.D Trade-by-trade CAMiARs around the trading events of detected ordinary UK director trades and 

their comparable trades. 

This appendix presents cross-sectional t-test of hypotheses AMiAR = 0 and CAMiAR = 0 using trade-by-trade market-adjusted 

abnormal return around the trading events of detected upstairs ordinary trades of UK directors and their comparable trades. The t-

statistics are presented in brackets underneath the measures with *, **, and *** represent significance at 0.1, 0.05, and 0.01 levels. 

Columns (1) to (4) presents result around UK director trades, columns (5) to (8) presents result around comparable trades, and 

columns (9) to (12) present the mean differences between the two groups. DP, NDP, DS, and NDS stand for Discretionary Purchases, 

Non-discretionary Purchases, Discretionary Sales, and Non-discretionary Sales, respectively. COMDP, COMNDP, COMDS, and 

COMNDS stand for Comparable to Discretionary Purchases, Comparable to Non-discretionary Purchases, Comparable to 

Discretionary Sales, and Comparable to Non-Discretionary Sales, respectively. DIFDP, DIFNDP, DIFDS, and DIFNDS stand for 

Differences between Discretionary Purchases, Differences between Non-discretionary Purchases, Differences between 

Discretionary Sales, and Differences between Non-Discretionary Sales, respectively, and their comparable. A comparable trade to 

a UK director trade is determined as the best match with the director trade in terms of trade size (/- 10%), trade execution method 

(i.e. upstairs or downstairs, negotiated or ordinary trade), and trade direction (using Lee and Ready's (1991) rule). 

 DP NDP DS NDS COMDP COMNDP COMDS COMNDS DIFDP DIFNDP DIFDS DIFNDS 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

N 106 67 52 80 106 67 52 80 106 67 52 80 

(-600,-1) -0.091% -0.042% 0.027% -0.173% 0.088% -0.243% 0.020% 0.047% -0.180% 0.201% 0.007% -0.220% 

 (-1.564) (-0.468) (0.472) (-2.547**) (1.161) (-3.083***) (0.320) (0.676) -1.789 * 1.912 * 0.091 -2.34 ** 

(-400,-1) -0.064% -0.071% 0.030% -0.104% 0.113% -0.167% 0.053% 0.025% -0.177% 0.096% -0.022% -0.128% 

 (-1.336) (-0.903) (0.653) (-1.960*) (1.575) (-2.560**) (0.952) (0.446) -1.95 * 1.084 -0.347 -1.852 * 

(-300,-1) -0.057% -0.105% 0.035% -0.070% 0.085% -0.101% 0.023% 0.017% -0.142% -0.004% 0.012% -0.087% 

 (-1.261) (-1.313) (0.808) (-1.494) (1.357) (-1.963*) (0.512) (0.354) -1.747 * -0.049 0.208 -1.425 

(-240,-1) -0.047% -0.096% 0.006% -0.071% 0.063% -0.044% 0.020% 0.005% -0.111% -0.051% -0.014% -0.076% 

 (-1.042) (-1.364) (0.145) (-1.614) (1.090) (-1.151) (0.437) (0.109) -1.442 -0.765 -0.232 -1.292 

(-180,-1) -0.034% -0.076% -0.014% -0.072% -0.012% -0.032% 0.033% -0.001% -0.021% -0.043% -0.046% -0.070% 

 (-0.789) (-1.239) (-0.400) (-1.898*) (-0.333) (-0.962) (0.845) (-0.039) -0.377 -0.721 -1.016 -1.465 

(-120,-1) 0.000% -0.058% -0.058% -0.042% 0.012% -0.022% 0.009% 0.027% -0.012% -0.037% -0.067% -0.069% 

 (-0.004) (-1.088) (-1.848*) (-1.274) (0.439) (-0.734) (0.270) (0.766) -0.284 -0.655 -1.673 -1.697 * 

(-60,-1) 0.050% -0.025% -0.051% -0.041% 0.012% 0.004% 0.003% 0.027% 0.038% -0.029% -0.054% -0.068% 

 (1.120) (-0.575) (-1.707*) (-1.564) (0.454) (0.191) (0.141) (1.245) 0.698 -0.61 -1.507 -2.253 ** 

(-30,-1) 0.039% -0.055% 0.000% -0.018% -0.016% 0.008% 0.015% 0.008% 0.055% -0.063% -0.015% -0.026% 

 (1.539) (-2.20**) (-0.026) (-0.872) (-1.006) (0.488) (0.951) (0.527) 1.882 * -2.131 ** -0.614 -1.111 

(-15,-1) 0.034% -0.035% 0.005% -0.009% -0.007% 0.015% 0.014% -0.009% 0.041% -0.049% -0.009% 0.000% 

 (2.014**) (-1.269) (0.357) (-0.619) (-0.641) (1.349) (1.128) (-0.805) 2.255 ** -1.67 * -0.531 0.023 

(-5,-1) 0.021% -0.018% -0.007% 0.000% 0.001% -0.009% 0.005% -0.001% 0.020% -0.009% -0.012% 0.001% 

 (1.860*) (-1.409) (-0.766) (-0.001) (0.149) (-1.454) (0.534) (-0.225) 1.489 -0.643 -1.104 0.132 

(-1,0) 0.006% 0.008% -0.008% 0.000% 0.002% -0.003% -0.041% 0.003% 0.005% -0.016% 0.015% -0.002% 

 (2.019**) (1.288) (-1.617) (-0.059) (0.543) (-0.827) (-0.841) (0.730) -0.405 -1.084 1.553 -1.237 

(0,1) 0.004% 0.005% 0.001% -0.001% 0.004% -0.005% -0.006% -0.006% 0.004% -0.008% -0.013% 0.002% 

 (1.411) (0.639) (0.418) (-0.172) (1.093) (-1.804*) (-2.273**) (-2.70***) 0.726 -0.947 -2.627 ** 0.014 

(0,2) 0.015% 0.005% -0.015% -0.002% 0.008% -0.008% -0.050% -0.007% 0.007% 0.012% 0.034% 0.005% 

 (2.697***) (0.714) (-2.378**) (-0.382) (1.146) (-1.441) (-0.976) (-1.232) 0.923 1.609 0.641 0.651 

(0,5) 0.028% 0.000% -0.030% 0.003% 0.021% 0.005% 0.001% -0.008% 0.007% -0.005% -0.032% 0.011% 

 (2.681***) (-0.041) (-2.652**) (0.382) (2.162**) (0.614) (0.108) (-0.999) 0.525 -0.42 -2.208 ** 1.016 

(0,15) 0.041% 0.002% -0.032% 0.010% 0.028% 0.010% -0.007% -0.018% 0.013% -0.008% -0.025% 0.027% 

 (2.764***) (0.145) (-1.960*) (0.884) (2.214**) (0.892) (-0.484) (-1.460) 0.831 -0.429 -1.263 1.729 * 

(0,30) 0.059% 0.007% -0.020% 0.002% 0.045% -0.001% -0.018% -0.020% 0.014% 0.008% -0.002% 0.023% 

 (3.254***) (0.317) (-1.044) (0.170) (2.901***) (-0.059) (-1.074) (-1.378) 0.818 0.272 -0.068 1.054 

(0,60) 0.078% 0.011% 0.009% 0.004% 0.019% -0.038% -0.028% -0.029% 0.059% 0.049% 0.036% 0.032% 

 (3.346***) (0.388) (0.330) (0.190) (0.931) (-1.657) (-1.309) (-1.613) 2.122 ** 1.387 1.026 1.257 

(0,120) 0.075% 0.013% -0.027% -0.005% -0.050% -0.060% -0.049% -0.016% 0.125% 0.073% 0.022% 0.011% 

 (2.428**) (0.304) (-0.848) (-0.232) (-1.500) (-2.048**) (-1.994*) (-0.649) 2.584 ** 1.292 0.555 0.316 

(0,180) 0.068% 0.021% -0.014% 0.024% -0.125% -0.056% -0.079% -0.050% 0.192% 0.077% 0.065% 0.074% 

 (1.676*) (0.441) (-0.376) (0.828) (-3.146***) (-1.670*) (-2.405**) (-1.803*) 2.972 *** 1.221 1.355 1.761 * 

(0,240) 0.073% 0.021% 0.009% 0.037% -0.179% -0.079% -0.110% -0.049% 0.252% 0.100% 0.119% 0.085% 

 (1.537) (0.419) (0.222) (1.120) (-3.340***) (-2.013**) (-3.09***) (-1.527) 3.075 *** 1.452 2.304 ** 1.875 * 

(0,300) 0.075% 0.013% 0.015% 0.027% -0.183% -0.110% -0.121% -0.039% 0.258% 0.123% 0.136% 0.066% 

 (1.481) (0.207) (0.328) (0.691) (-3.119***) (-2.459**) (-3.11***) (-1.138) 2.925 *** 1.49 2.267 ** 1.199 

(0,400) 0.090% 0.044% 0.006% 0.018% -0.187% -0.094% -0.117% -0.019% 0.277% 0.138% 0.123% 0.038% 

 (1.545) (0.600) (0.132) (0.420) (-2.564**) (-1.608) (-2.593**) (-0.443) 2.713 *** 1.494 1.881 * 0.579 

(0,600) 0.136% 0.018% -0.042% 0.030% -0.187% -0.126% -0.083% -0.022% 0.323% 0.144% 0.041% 0.052% 

 (1.810*) (0.219) (-0.772) (0.676) (-2.197**) (-1.795*) (-1.693*) (-0.403) 2.622 ** 1.418 0.55 0.685 
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CHAPTER 7 

SUMMARY, LIMITATIONS AND FUTURE RESEARCH  

 

7.1 Summary of contributions and research findings 

This thesis investigates the informational levels of UK director dealings in daily and 

intradaily frequencies. The analysis makes two main contributions in terms of improved 

research methodology. The first contribution is a proposed deal classification method 

based on publicly disclosed information to classify director deals into informed and 

uninformed deals. Discretionary sales are found to be the most informative deals. 

Discretionary purchases and non-discretionary sales are also informative but less so than 

discretionary sales. Non-discretionary purchases are non-informative deals. This 

classification method is supported by a daily analysis of cumulative abnormal returns up 

to 170 days after the deals. It is more straightforward, requires less historical data and 

does not depend on any technical tools such as the choice of historical windows. It is 

based on disclosed information related to the director deals and produces clearer results 

compared to the ‘routine’ versus ‘opportunistic’ deal classification method of Cohen, 

Malloy and Pomorski (2012). The second contribution is an improved matching algorithm 

that considers the possibility of passive break-ups of deals into orders. With these 

improvements, this thesis has more success in detecting intraday trades related to director 

deals compared to the simpler methods used in past papers of Inci, Lu and Seyhun (2010) 

and Collin-Dufresne and Fos (2015).  

 

The proposed deal classification method and the improved matching algorithm allow this 

thesis to fulfil its research objectives and provide additional findings that shed new light 

on the research area of informed trading. First, the deal classification method is able to 

dissect director deals into more-informed, less-informed, and uninformed deals. This set-

up allows an investigation into how the market reacts to director deals of different levels 

of information. In addition, the matching algorithm allows for the detection of the actual 

intraday market trades related to director deals. This enables an investigation of market 

reaction on an intradaily basis because the exact timestamp of insider transactions can be 

identified. Moreover, comparing director trades with equivalent non-director trades 

reveals more evidence emerging from different intraday market reactions between 

informed and uninformed trades. Overall, a clearer picture of intraday market reactions 

to director trades is provided in this thesis. 
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The main findings of the first empirical analysis of Chapter 4 reassure the validity of the 

proposed deal classification method and set the background for the subsequent two 

empirical chapters. Discretionary sales, that are found to be associated with significant 

long-lived negative information, are the most informative of director deals. Discretionary 

purchases, evidencing directors’ ability to time the under-pricing of their firm’s stock, are 

informative over the short-term only. Non-discretionary sales are found to be associated 

with short-term overpricing and with long-term (but less negative) information compared 

to discretionary sales. Non-discretionary purchases are found to be unrelated to any 

information. The proposed deal classification method is, therefore, successful in sorting 

director deals by their informational level. Such subsets of deals with different levels of 

information are very useful in studying how the market reacts when deals’ related trades 

occur, especially on an intradaily scale and on a trade-by-trade basis. In addition to the 

implied private information level of a director deal, the reaction of the market also 

depends on other characteristics of director trades. This thesis examines three main 

microstructural characteristics of director trades that affect the market’s ability in 

covering and reacting to the implied informational level. The first characteristic is 

whether or not the deal is executed as an intradaily stealth strategy. The second 

characteristic is whether the deal is executed in the upstairs or the downstairs market. The 

third characteristic is whether or not the related trade(s) is (are) subject to the pre-trade 

transparency requirement. 

 

Stealth trading has been studied in general contexts in the past. More recently, stealth 

trading of insiders is studied in daily frequency. Klein, Maug and Schneider (2017) is the 

most recent study focusing on insiders’ use of daily stealth-trading strategies. This thesis 

is the first to consider intradaily stealth-trading strategies by directors. The proposed 

matching algorithm allows the determination of whether a reported director deal is 

executed by multiple orders resulting in a number of smaller active trades. Chapter 4 

investigates whether directors actively split their deals into smaller orders, and whether 

this choice reveals additional information about future stock prices. The results show that 

discretionary sales that are not involved in stealth-trading strategies are more informed 

relative to those that are involved in stealth-trading strategies. In contrast, discretionary 

purchases that are involved in stealth-trading strategies are more informed than those that 

are not involved in such strategies.  The evidence from the data is that discretionary sales 

are informative over the long term, while discretionary purchases are informative over 

the short term. Therefore, an explanation to why the market reacts differently to 
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discretionary purchases and sales that involve stealth trading is possibly due to the 

difference in the longevity of the implied private information. Another possible 

explanation lies in the shareholding of directors. Discretionary sales usually involve 

directors with higher holding percentages, while discretionary purchases involve directors 

with lower holding percentages. Directors who hold a concentrated portfolio that contains 

a large investment in the stocks of their own firms but do not seek to increase 

entrenchment are more likely to sell shares when they possess negative information. This 

explains directors’ behaviour of rushing to sell shares but not rushing to buy shares. In 

addition, the analysis in Chapter 4 finds that non-split-order discretionary sales are 

associated with shorter-lived information, as CARs start to be significantly negative from 

day 7 after the trading day, while split-order discretionary sales are associated with 

longer-lived information where CARs start to be significantly negative from day 120 after 

the trading day. Therefore, the choice of a stealth-trading strategy is dependent on the 

longevity of the implied information. This is consistent with the trading ban period of one 

and two months before earning announcements. If they have more time to react on longer-

lived information, they opt to split their deals or to employ a stealth-trading strategy. In 

addition, the analysis on the announcement events confirms that outsiders can actually 

take advantage of the knowledge of whether UK directors exploit stealth-trading 

strategies in their dealings and would be able to earn long-term abnormal returns that are 

significantly higher than standard transaction costs. 

 

Chapter 4 finds that some UK director deals are more informative than others. However, 

the implied private information is not incorporated immediately into the stock price, even 

on a daily basis or for the most informed deals. The abnormal price trends and, in some 

cases, last for 170 days or more. One explanation is the longevity of the information in 

addition to its uncertainty. Another explanation is a slowness by the market in 

incorporating implied private information of director dealings. This second conjecture 

motivates the empirical analyses of Chapters 5 and 6 that investigate the market reaction 

on an intradaily basis.  

 

Chapter 5 investigates market reaction within the event dates and within a two-hour 

period around director dealing and announcement events by examining the informational 

asymmetry levels as captured by eleven adverse selection measures that are commonly 

used in the literature. By comparing these daily adverse selection measures (i.e., KL, 

AFPI, TRVR,  CIR, RS, ES, GH1988, GKN1991, LSB1995, HS1997, and MRR 1997) on 
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event and announcement days of director trading against averages of five comparable 

trading days, this thesis examines whether asymmetric information levels are different 

around director dealings and deal announcements than around similar comparable trades. 

In general, the analysis in Chapter 5 finds that information asymmetry and adverse 

selection costs are higher on days with director upstairs informed trades, especially if 

these trades are discretionary purchases. The findings suggest that upstairs trades are 

associated with higher adverse selection costs. In addition, evidence is presented that the 

market is more efficient in discovering the private information implied by discretionary 

purchases than that implied by discretionary sales. There are two important implications. 

First, this implies that the market is more efficient in reflecting good news than bad news. 

Second, this suggests that the short-lived information of discretionary purchases is more 

easily detected than the long-lived information of discretionary sales. This explanation is 

supported by Chapter 4’s finding that discretionary purchases are signals of short-term 

mispricing while discretionary sales are signals of long-term negative information, which 

is more likely to be uncertain. Overall, the results indicate that the market is more efficient 

in capturing the less uncertain short-term information (or aspect of private information) 

than the uncertain long-term aspect of implied private information.  

 

With the daily measures of adverse selection used, the analysis in Chapter 5 only finds 

mild evidence that the pre-trade transparency requirement of ordinary trades increases the 

visibility of these trades to the market and that these trades increase adverse selection 

costs. However, the daily time frame within which these measures are constructed might 

be too long for capturing asymmetric information that might accompany director trades. 

For this reason, the analysis also estimates the same measures using one-hour transaction 

data to examine whether or not in such a shorter time frame the measures are more 

successful in detecting the presence of asymmetric information. The results show that the 

one-hour versions of KL, TRVR, CIR, AFPI, LSB1995, and MRR1997 are more effective 

than their one-day counterparts, but the one-hour versions of RS, ES, and HS1997 are not. 

One-hour KL, CIR, AFPI, GH1988, and MRR1997 provide additional evidence that 

upstairs (informed) trades increase adverse selection costs. These findings shed more light 

in explaining why Van Ness, Van Ness and Warr (2001) and Collin-Dufresne and Fos 

(2015) find that their one-day measures are not effective in capturing informational 

asymmetry. There are two reasons. First, their data, especially that of Collin-Dufresne 

and Fos (2015), might not include upstairs trades, therefore the divergence of their results 

is not as strong as in this thesis. Second, their uses of one-day time frame might 
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underestimate the measures as these measures can be diluted over a period as long as a 

whole day. Using shorter time frame helps some measures in isolating the increased 

adverse selection costs resulting from particular informed trades. While the analysis in 

this chapter chooses to use a one-hour time frame for a closer analysis of these measures, 

it cannot entirely eliminate other contaminating or confounding non-director informed 

trades within these one-hour timeframes. Although, such contaminating or confounding 

non-director trades are less likely to occur within one-hour timeframes than within one-

day timeframes, this nonetheless remains a limitation of the analysis in Chapter 5. Having 

said that, the results provide additional insights on the usefulness of these popular 

asymmetric information measures, with emphasis on the potential bias resulting from 

using too many transaction data in constructing the measures. 

 

The analysis also finds more evidence, from some measures (i.e., TRVR and AFPI), that 

the increase in adverse selection costs around director trades are more significant when 

director trades are more informed and are ordinary trades that are subject to the pre-trade 

transparency requirement. However, there is evidence that the adverse selection costs of 

negotiated trades, which are not subject to the pre-trade transparency requirement, are 

also higher in some cases when the measures are higher on days of both negotiated and 

ordinary trades. Overall, although the findings are still weak as there is no clear distinction 

between trades with and without pre-trade transparency, they suggest that pre-trade 

transparency trades might be associated with higher adverse selection costs. Chapter 6 

provides more convincing evidence that the pre-trade transparency requirement of 

upstairs trades is beneficial to the downstairs market. The analysis in Chapter 6 

investigates private information revelation by examining market reaction to director 

trades on a trade-by-trade basis. 

 

Chapter 6 examines the effect of the pre-trade transparency requirement on stock prices 

and non-price trade characteristics by analysing how the market reacts around director 

trades on a trade-by-trade basis. The chapter compares the trade-by-trade market reaction 

around director trades to that of a control group of non-director trades. This provides a 

straightforward study that is not restricted by a theoretical structural model on which 

microstructure measures are based, and would also provide additional insight on how the 

market evolves around private information arrival that might or might not be 

accompanied by pre-trade transparency. This also constitutes the first study on the trade-

by-trade effects of UK director dealings around their trading time. The study uses a more 
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refined construction of trade-by-trade index returns to compute trade-by-trade abnormal 

returns, which should provide more accurate results as this considers changes in the index 

returns after every trade. This is in contrast to the previous studies of Inci, Lu and Seyhun 

(2010) and Dardas (2012) in which minute-by-minute index returns are used, which is a 

frequency that is too slow in reflecting changes in index returns when dealing with trades. 

 

In support of the weak findings of Chapter 5 that the pre-trade transparency requirement 

of upstairs trades benefits the whole market, Chapter 6 provides clearer and more 

convincing evidence that this requirement is successful, at least partially, in transferring 

private information, in terms of the trade-by-trade price and non-price impacts, of UK 

director trades from the upstairs market to the downstairs market. Although negotiated 

deals are seen to be more informative relative to ordinary deals within the long-term 

windows of the daily analysis, the analysis in Chapter 6 presents evidence that, on a trade-

by-trade basis, the market reacts more significantly to ordinary deals than to negotiated 

deals. There are significant and consistent changes in both price and order imbalances 

before and after director ordinary trades. This is evidence that the pre-trade transparency 

requirement of ordinary trades evolves both volume and price following the direction of 

the implied information. Trades with positive implied information increase prices while 

trades with negative information decrease prices. It is important to note that non-

discretionary sales are perceived as positive information due to the fact that only a portion 

of shares are sold. This information is short-term and quite easy to be uncovered 

compared to their negative long-term information. Thus, this shows the market perception 

of positive short-term signal governs the market reaction around these trades regardless 

of their negative long-term signal which is not obvious compared to the positive short-

term signal. This supports the maintenance of market efficiency. However, there are only 

a minor and sudden changes in order imbalance and prices far before director negotiated 

trades but not after these trades. This is evidence that the lack of pre-trade transparency 

for negotiated trades creates opportunities for front running. Without pre-trade 

transparency requirement, the findings show that while front-running activities are large 

enough to suddenly change the order imbalance and price, they do not result in consistent 

price reaction, especially after these trades occur. Front-runners, therefore, are able to 

benefit from this market lag. Recall that negotiated director trades do carry larger implied 

private information revealed by higher daily abnormal returns following the trades. The 

findings show that there are front-running activities before both ordinary and negotiated 

director trades, but consistent price impact is only seen before and after ordinary director 



Chapter 7 Summary, limitations and future research 

328 
 

trades. This is strong evidence that the lack of pre-trade transparency reduces the ability 

of the market to incorporate the implied private information and allows front-runners to 

take advantage over uninformed and liquidity traders. In general, this is evidence against 

market efficiency. Exchange regulators, who aim at maintaining fairness among traders, 

might consider this finding as grounds for recommending a modification to trading 

transparency regulation that requires all director trades to go through the most transparent 

channel of trading, i.e., impose a pre-trade transparency requirement. The suggestion is 

that directors, or any other supposedly informed traders, must execute their upstairs deals 

with assigned market makers so that their trades always have pre-trade transparency. This 

would help the market in disseminating and transferring effects related to these trades 

quickly to the downstairs market, which in turn enhances the overall market efficiency. 

 

The findings of the analysis in Chapter 6 also reinforces the main findings of the analysis 

in Chapter 4. First, the trade-by-trade price reaction around director trades confirms the 

information signals these trades carry, as appropriately grouped based on their disclosed 

information. The trade-by-trade price reaction findings provide supporting evidence for 

the deal classification method proposed in this thesis. This deal classification method 

successfully shows the difference in the trade-by-trade market reaction to discretionary 

sales and that of non-discretionary sales. This is evidence that the market clearly perceives 

opposite information signals from these deals. The market perceives discretionary sales 

as carriers of negative signals but perceives non-discretionary sales as carriers of positive 

signals. Discretionary sales and non-discretionary sales have opposite intradaily price 

impacts that seem to be blurred in Inci, Lu and Seyhun (2010) who may have included 

non-discretionary sales in their sample of insider sales. The market reaction to 

discretionary purchases is positive, while there is no such reaction to non-discretionary 

purchases. This finding shows a clear distinction between discretionary purchases and 

non-discretionary purchases. Overall, these results reinforce the contribution of the 

proposed classification method devised in this thesis. The overall results of the analyses 

presented in this thesis confirm that the proposed classification method is valid, not only 

based on daily market reactions but also on trade-by-trade price and non-price market 

reactions. Discretionary purchases and discretionary sales are both informative in their 

direction on both a daily and on a trade-by-trade basis. On a daily basis, discretionary 

sales tend to associate with long-lived information, and discretionary purchases tend to 

associate with short-lived information. Non-discretionary purchases are non-informative 

on both daily and a trade-by-trade basis. Non-discretionary sales possess the most 
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interesting feature. While on daily basis they associate with long-lived negative 

information as discretionary sales, they are perceived by the market immediately as 

buying signals on a trade-by-trade basis. The fact that directors only sell a portion of their 

share rewards and proceeds after option exercise might explain why the market considers 

these non-discretionary sales as immediate buying signals. In addition, this distinct 

behaviour by the market is clear evidence that the implied private information of non-

discretionary sales is taken into account and reflected in trade-by-trade price and non-

price changes. However, this implied short-term private signal of director’s retention of 

shares contrasts with the implied negative private signal over the long-term.  

 

Furthermore, the trade-by-trade analysis offers a closer look at how prices react around 

director trades. The analysis in Chapter 6 reports evidence that directors actually receive 

better prices when trading downstairs than trading upstairs. The results show that their 

upstairs trades trigger trading activities that result in price movement in their trade 

direction before their trades are reported, especially if they are ordinary trades. Therefore, 

the trade prices that directors receive might not be the best prices for them. While it is 

unclear whether the use of intraday stealth-trading strategy leads to the choice of the 

downstairs market venue or vice versa, it is clear that when directors trade downstairs, 

their trades are treated similar to other comparable non-director trades. The downstairs 

market or the stealth-trading strategy, therefore, is a good camouflage for directors to hide 

their deals when executing them on the order book. 

 

Overall, the evidence from the analyses in this thesis supports its proposed deal 

classification method into discretionary purchases, discretionary sales, non-discretionary 

purchases and non-discretionary sales. The thesis provides evidence that intradaily 

stealth-trading strategies are applied differently in practice by directors. Directors rush to 

sell shares when they have negative information, but do not rush to buy shares when they 

have positive information. The longevity of information implied with discretionary sales 

and the accompanied higher current shareholding level of those who sell their firm’s 

shares play important roles in explaining director behaviour. In addition, this thesis finds 

that upstairs trades, especially those without the pre-trade transparency requirement, 

result in higher level of asymmetric information. The results are stronger for shorter 

examined timeframes, as there is evidence that the use of one-hour, rather than one-day, 

adverse selection measures improves their ability to capture asymmetric information. 

Most importantly, this thesis reports strong evidence that the lack of the pre-trade 
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transparency requirement of certain upstairs trades makes them less visible to general 

market participants. However, this creates opportunities for some participants to front-

run the market without affecting the price by much. This provides a background for 

recommendations to exchange regulators that they should require all traders, especially 

those that are potentially informed as directors, to execute their deals with pre-trade 

transparency. This strict requirement would benefit the market in disseminating and 

transferring both non-price and price effects quickly to the downstairs market and 

consequently increase market efficiency. 

 

7.2 Limitations and future research 

This thesis has provided more insights on the daily and intradaily price and non-price 

impact of UK director trades, as well as the market reaction around these trades. The 

matching algorithm developed in this thesis is an improvement on the standard ones in 

the literature. It offers a higher matching rate relative to its counterparts in the previous 

literature. This would be a better aid for future studies that require the identification of 

related intraday trades. It also opens up opportunities for information-based intraday and 

trade-by-trade event studies. For example, future studies can extend the intraday windows 

to examine the different information effects (in terms of market reaction speed) on 

different groups of stocks, such as small versus large firms or firms from different sectors. 

However, the matching algorithm cannot provide matches for all deals. This is the first 

limitation of this thesis as the matching algorithm only captures trades that are most likely 

to be executed by directors. These trades might or might not actually relate to director 

deals. Such limitation is a result of anonymous trading on the LSE. An overcome of this 

limitation could provide more reliable research findings. Future research can explore this 

aspect by looking for proprietary exclusive data sets that allow for direct identification of 

market participants, or that are disclosed voluntarily by directors/insiders. While it is 

difficult in general to obtain such a dataset, one suggestion is to track only director or 

insider upstairs trades possibly through data that contains market marker/broker 

identification that allows for indirect identification of directors or insiders. 

 

Although this thesis points out that the application of intradaily stealth-trading strategies 

is relevant to directors and is dependent on the longevity of the implied private 

information and the current shareholding status of directors, it also reveals that there 

seems to be a relationship between the choice of intradaily stealth-trading strategy and 

the choice of trading in the upstairs or the downstairs market. This thesis documents that 
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most of non-split director trades also appear to be upstairs trades. Logically, an informed 

trader who opts for an intraday stealth trading should actively trade in the downstairs 

market so that her trades are completely anonymous and that she has control over the 

strategies.  However, a trader, especially one who is liquidity motivated and opts for not 

using a stealth-trading strategy but needs to execute a large order, should use the upstairs 

market to lower the probability of adverse price impact on the trade (Easley and O’hara, 

1987; Seppi, 1990; Madhavan and Cheng, 1997; Smith, Turnbull and White, 2001; 

Bessembinder and Venkataraman, 2004; Carollo et al, 2012). These two explanations are 

reasonable if most detected upstairs director trades are liquidity motivated. However, the 

data shows that this is not the case. Detected non-split upstairs trades are informative, 

especially if they are also discretionary trades. Therefore, the choice of intradaily stealth 

trading can also indicate whether upstairs trading is a more beneficial choice than 

downstairs trading, and this thesis does not directly differentiate the two choices.  

 

This thesis proposes a new deal classification method based on disclosed qualitative data 

and provides a comparison between this method and a modified version of Cohen, Malloy 

and Pomorski (2012). Due to lack of data availability, the thesis cannot replicate exactly 

Cohen, Malloy and Pomorski's (2012) method that uses three years of historical data in 

identifying routine versus opportunistic deals. Only one year of data before or after a 

director deal is used in the modified CMP method of this thesis. Due to this limitation, 

the comparison in section 4.3 is considered as a comparison in principle with Cohen, 

Malloy and Pomorski's (2012) method, but deviates in implementation. However, it can 

be argued that the modification adopted in this thesis gives their method an advantage 

since it uses data during the year that precedes or the year that follows a director deal in 

classifying the deal as routine or opportunistic. Yet, even with this advantage of using 

forward data, which should bias the CMP’s proper identification of deals upwards, the 

comparative analysis shows evidence in favour of the classification method proposed in 

this thesis over the modified CMP even with this possible upward bias. Accordingly, and 

although an exact implementation of the original CMP method is desirable but can only 

be left for future research due to current data limitations, the likelihood is that such an 

exact implementation would result in an even clearer picture that the method proposed in 

this thesis is more favourable. 

 

In addition to using a one-day time frame for estimating adverse selection measures as 

other recent studies in the area, this thesis also uses a fixed time frame of one hour before 
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and one hour after the trade event to examine the asymmetric information levels captured 

by these measures. The thesis reports evidence that the use of shorter timeframes 

increases the effectiveness of certain measures in capturing asymmetric information 

levels that correspond to the implied private information of each director trade. The 

choice of a fixed one-hour time frame is justified in this thesis as it allows the retention 

of enough transactions for the estimation process. Further, the sample in this thesis are 

firms in the constituent list of the FTSE100, so there is no large difference in terms of 

trading activities and market microstructure characteristics of these stocks. This suggests 

another direction for future research that might want to focus on how market activities 

and informational asymmetry are different between firms, especially large and small 

firms. An analysis that uses different timeframes for different firm sizes might address 

such an issue. 
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