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Abstract 

 Social media and social networks underpin a revolution in communication 

between people, with the particular feature that much of that communication is open to 

all. This provides a massive pool of data that can be exploited by researchers for a wide 

variety of different applications. Data from Twitter is of particular interest in this sense, 

given its large global usage levels, and the availability of APIs and other tools that enable 

easy access to the publicly available stream of tweets. Owing to the wide public 

penetration of Twitter, many businesses make use of it to share their latest news, 

effectively using Twitter as a gateway to connect to end-users, consumers and/or 

investors. 

In this thesis, we focus on the potential for extracting information from Twitter that is 

relevant to the financial and competitiveness status of a business. We consider a collection 

of well-regarded Twitter accounts that are known for communicating recent business 

news, and we investigate the automated analysis of the stream of tweets from these 

sources, with a view to learning business-relevant information about specific companies.  

A key aspect of our approach is the idea of extracting specific areas of business 

performance: we explore three such areas: productivity, competitiveness, and industrial 

risk. We propose a two-step model which first classifies a tweet into one of these areas, 

and then assigns a sentiment value (on a positive/negative scale). The resulting sentiment 

values across specific aspects represent novel business indicators that could add 

significant value to the toolset used by business analysts. Our experiments are based on a 

new manually pre-classified data set (available from a URL provided).  

Additionally, we propose n-grams made from non-contiguous words as a novel feature to 

enhance performance in this context. Experiments involving a range of feature selection 

methods show that these new features provide valuable benefits in comparison with 

standard n-gram features. 

We also interduce the concept of an extra layer added to the primary classifier, with the 

role of filtering out noisy tweets before they enter the system. We use a One-Class SVM 

for this purpose.  

Broadly, we show that the methods developed in this thesis achieve promising results in 

both topic and sentiment classification in the business performance context, suggesting 

that twitter can indeed be a useful source of signals related to different aspects of business 
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performance. We also find that our system can provide valuable insight into unseen test 

data. However, more research is needed to be able to extract robust signals for industrial 

risk, and there seems to be a considerable promise for further development.
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2 Introduction 

2.1  Research context  

Recently, social networks have become the focus of much attention, because of what sites 

such as Twitter and Facebook offer to billions around the world and the massive volume 

of data that is generated daily by individual users. Twitter comes in at the forefront of 

social media with nearly 150 million active users and 340 million tweets daily providing 

new opportunities to researchers, practitioners, and start-ups.  

 

For many years, official channels in the area of financial news primarily publish financial 

information slowly. Press releases were typically issued by companies that also provided 

filing requested by regulators (e.g., 10K or 10Q), whereas newspapers provided coverage 

of these along with wide-ranging news events. As information streamed on a roughly 

daily basis, the news cycle moved relatively slowly. With the advent of the information 

age, all this changed, allowing for swift movement of information. News organizations 

are almost instantaneously pushing content to financial analysts while electronic wire 

services present further channels for news, albeit controlled for rapid information access. 

 

Global news providers now regularly share their news headlines on social media services 

such as Twitter to take advantage of its global reach, and the potential for rapid 

dissemination. Twitter has become the leader of news discovery platforms because of its 

overwhelming popularity, its content that comes in an easily digestible form (because 

most tweets are shared publicly), and because of its proven news focus [ 26].  Given a 

large number of news providers that regularly use Twitter, it can be seen as a melting pot, 

which probably carries all of the news generated around the world from. Among all this 

news, business and finance news represents a large portion.  

  

The constant stream of such news carries lots of information which relates to the current 

(and future) performance of companies. Analysing this information is facing many 

challenges. First, the number of non-news-related tweets exceeds the traffic of traditional 

news significantly, causing inevitable technological challenges. However, since 

companies’ news that matters to financial analysts occupies only a small fraction of these 

messages, this adds more difficulties in finding the relevant tweets [110]. Although tweets 
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should not necessarily be trusted alone, even if they are relevant, the overall message 

formed by collective news streams is of potential importance because of its aggregated 

weight.  

 

To this end, sentiment analysis is needed to help financial analysts, investors, and even 

the companies to have an overall picture of the performance of those companies and their 

competitors. Such sentiment analysis can, for example, contribute to predicting stock 

prices of those companies (as Smailovic et al. [90] carried out in their studies), but we 

propose that it can also shed light on aspects of a company’s performance such as 

productivity, industrial risk, and competitiveness. The aggregated sentiments (positive, 

negative, or neutral) of each aspect of performance, obtained from a stream of relevant 

Twitter headlines, could potentially be used as indicators of the present and future 

situation of these companies.  

 

The nature of headline tweets, which are short with a limited number of words, lead to 

many challenges for sentiment analysis. One of these challenges is choosing the right 

features for both identifying which aspect of company performance a tweet relates to, as 

well as the overall sentiment classification, both of which need to be done with a 

reasonable level of classification accuracy. Examples of research in the sentiment analysis 

of tweets include Agarwal et al. [75] and Kouloumpis al.[76], who both analysed the 

feasibility of a variety of features. A feature-based model is introduced by Agarwal et 

al.[76],who did a comprehensive set of experiments to assess the usefulness of a wide 

range of features such as part-of-speech (POS) and lexicon features. The conclusions of 

that were that POS, along with the polarity of words, is the most informative combination. 

Meanwhile, Kouloumpis et al. [76] emphasized semantic and stylistic features, including 

abbreviations, emoticons, and intensifiers. Their results showed that the most effective 

performance emerged from the combination of word polarity features alongside n-grams. 

On the other hand, in the same study, POS features were shown to have a negative impact 

on accuracy.  

 

In combination with this complexity in finding appropriate features, it is worth noting 

that the current research literature on twitter text analysis does not consider news-related 
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tweets. These are more formal than the majority of tweets and normally lack features such 

as semantic and stylistic markers. Meaning, taking the words alone as the features is not 

enough. A natural approach towards creating more features to assist in twitter news 

headline classification is to use features based on combinations of words. Using N-grams 

as features in text classification is based on the hypothesis that sequences of words have 

the power to distinguish key concepts relevant to the meaning of a text, and these can be 

expected to be repeated more than once in the training sample. However, many 

researchers report only insignificant improvement when they extend the standard ‘Bag of 

Words’ (BOW) representation with 2-gram features (bigrams) [111,112].  

 

  Bekkerman[104] offers a hypothesis that only highly discriminative bigrams can add 

value to the classification results. But these discriminative bigrams occupy just a small 

fraction of all bigrams that can be extracted, and the improvement using this small fraction 

of bigrams will not make a big difference. 

  

In contrast, the idea of using non-contiguous groups of individual words alone as features 

for text classification may seem to be less effective than using contiguous words (N-

grams), since there is a potential loss of meaning. For example, the phrase ‘high profit’ 

carries a strong meaning. However, the two words ‘high’ and ‘profit’ cannot reliably carry 

the same signal as separate words, since they may appear, for example, within a phrase 

such as ‘a high risk of poor profit’. Consequently, little research has considered non-

contiguous groups of words. Nevertheless, we considered that there might be value in 

exploring non-contiguous N-grams, and we explore this idea in this thesis, given that the 

corpora of interest are of a more specialized and particular nature. The idea behind this 

type of feature can be summed up in the hypothesis that words within a small piece of 

text may be related to each other even if they are not contiguous. For example, “Facebook 

and Alibaba are reporting mind-blowing increases in mobile usage”: in this tweet the 

word stems ‘report’, and ‘increase’ are clearly related to each other despite not being 

contiguous, and we can tokenize this combination.  

 

In another direction, the main objective of this research is to understand how to build a 

system that is able to extract useful business signals from Twitter news sources. This is 
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done by constructing a strong categorizing system that attempts to classify any given 

news-related tweet according to the aspect of business it relates to, and then identify the 

sentiment in relation to this aspect  

.  

 One of the main challenges facing such a system is capturing and isolating the relevant 

twitter headlines from among the background of non-relevant tweets. This is very difficult 

since the streams of the tweets that can be downloaded from twitter using the API carry 

large proportions of unstructured and noisy tweets that confound attempts to build robust 

classifiers.  At the same time, while classifiers can be constructed on the basis of cleaned 

and curated datasets, the resulting classifiers will become highly unreliable when applied 

to the noisy real-world Twitter stream.  Most of the relevant research literature focuses 

on producing high classifier accuracy on well-known training/test sets while ignoring 

their performance on new data.  Sriram [106] highlighted the effect of noise on the 

performance of any classification method when applying SVM as classifier in a system 

for tweet classification. However, few researchers have tried to apply any filtering 

techniques for filtering out irrelevant tweets before the classification process. For 

example, Shimada [105] suggested on-site likelihood identification to decide whether a 

tweet is relevant. The filtering process contained two rules: deletion rules and non-

deletion rules. Despite the high accuracy of this method, the main drawback of it is that 

the accuracy is sometimes not reflect the reality. In more detail, the output of filtering 

process will be the input of classification process. Therefore, the errors of the on-site 

likelihood identification will be passed to the classifier which will result in unrealistic 

accuracy.  

 

2.2 Research Problem and Motivation  

The main motivation of this thesis is to investigate whether useful financial and business 

performance information about companies can be gained from the analysis of twitter (and, 

by extension, other publicly visible microblogging platforms).  The research undertaken 

was realized in the implementation of a business/finance ‘sensor’ system that provides 

estimates of a company’s business performance on the basis of the public twitter stream. 

Given a selected company. the input to the classification process is a collection of tweets 

that mention that company, obtained from twitter using their stream API. To develop and 

test the ideas behind this system we have collected news-related tweets for selected 
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companies that range between companies facing financial difficulties according to their 

Altman Z-score and healthy companies.  

 

Twitter offers the ability to retrieve a limited number of streaming tweets, up to 200 at a 

time, using a Twitter streaming API. This API was used, with appropriate filters set 

(involving English language tweets only and from a given collection of news-based 

Twitter accounts), to collect several thousand tweets over a continuous period. These 

were stored in a MongoDB database in JSON format. Then we created new corpora that 

consist of news-related tweets that manually classified into two dimensions, the business 

topic and the sentiment. This classification was done by the author, using background 

knowledge and experience from the financial and business fields.  

 

We thereby constructed a novel classification system that was able to classify relevant 

tweets according to business topic and sentiment. In combination with the exploration of 

non-contiguous n-grams, we explore the use of four different supervised classifiers; Naïve 

Bayes, Support Vector Machine, Decision Tree, and K-Nearest Neighbor. The validation 

tests concluded that the Naïve Bayes and, Support Vector Machine classifiers achieved 

the best overall performance for both classification tasks. The potential deployment of 

such a system was also tested, by using it to monitor the performance of selected company 

over a period, and regularly recording the outputs of our classification system, and then 

comparing the result of our novel monitoring method with the Altman Z-score of the 

given company in the same period. Altman Z score is one of the most straightforward 

fundamental approaches to determine the likelihood of company’ fail. To approximate 

the Altman Z score, the module uses available fundamental data of given equity. and 

calculated by evaluating five fundamental price points. 

As we mentioned at the beginning of this chapter, the lack of features that can be easily 

extracted from news headline tweets  led us to search for new features that can add more 

information to the existing features. We introduced the non-contiguous n-grams feature 

as such an additional feature.  We compared the performance of classifiers using this new 

feature with its performance when using standard bigrams (in both cases, in addition to 

standard unigrams). To use non-contiguous grams and bigrams effectively, we 

implemented three feature selection methods: Mutual Information, Chi-square, and 
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likelihood ratio. These methods give a score to each feature depending on the frequencies 

of its component within the given class.  

The result is a novel approach for Twitter business headlines classification based on the 

combination of two classifiers. First classifier aims to classify the given tweets to initial 

class and  the role of the second classifier is filtering out irrelevant ‘noise’ tweets. these 

tweets carrying no features related to our business performances classes that would 

otherwise be wrongly classified to one of these classes. 

We compared the one-layer classification system with two-layer classification system 

regarding filtering irrelevant tweets using noisy tweets dataset. This dataset is divided 

into different sizes for a more analytic view.  In the first part of our experiments, we 

compare the performance of four different trained classifiers on new irrelevant input 

tweets. The result shows that the four classifiers performed differently with overall low 

accuracy. The second part of our experiments is to add trained One Class Support vector 

machine classifier to work as a filter on the classification line. To find out the best 

combination, we tested OCSVM performance with all four classifiers. The result shows 

that OCSVM classifier succeeded in rising the accuracy with varying degrees for each 

class. 

 

 

2.3  Contributions 

 In summary, the main contributions of this thesis are. 

• A new corpus consisting of a collection of headline news tweets, each classified 

into one of three business topics; productivity, competitiveness, and industrial 

risk. These tweets are also labelled with their sentiment classes, which are 

positive, negative, and neutral. 

• A novel approach for producing business performance indicators that is based on 

the combination of two classifiers. The first classifier is for topic classification 

and the second one for sentiment classification. This combined classifier can 

classify any given news headline tweet to its topic and sentiment and use the 

aggregated sentiment for each topic to calculate a positive to negative ratio. 

• The use of non-contiguous n-grams as features, which is demonstrated to be 

effective for business performance topic classification.   
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• A novel filtering approach that able to filter out noisy tweets that wrongly 

classified by four trained classifiers using One-Class SVM. The filtering process 

is done for each class separately for more effective filtering. For testing this 

approach, a collection of noisy tweets is used.          

 

2.4 Thesis Organization 

 This thesis is organized as follows:  

Chapter 2 gives an overview of social networking in general in business and Twitter 

analysis and highlighting the recent uses of twitter sentiment analysis. In this chapter, a 

comprehensive review of text classification in general and twitter sentiment analysis, in 

particular, was conducted. The chapter ends with a review of works done in the area of 

using twitter sentiment analysis in financial and business prediction, and the methods 

used for measuring the performance of classification.   

Chapter 3 present the use of machine learning classifiers for categorizing news related 

tweets into their topics and sentiment, and comparing the performance of  three different 

classifiers. In this chapter, the output of the classification, which consists of headline 

tweets classified to their business topic and their sentiment values, are used to produce 

indicators for measuring companies' performance. 

Chapter 4 proposes non-contiguous features as additional feature. Feature selection is 

used to identify the most informative non-contiguous features, and three feature selection 

methods are compared; mutual information, chi-square, and likelihood ratio The proposed 

new features’ performance was compared with that of using bigrams as the additional 

features, and using the  same feature selection techniques.  

Chapter 5 introduces the implementation of One-Class SVM as an extra layer to the 

primary classifier for filtering out noisy tweets. To test the proposed system, a dataset 

consisting of irrelevant tweets was used for each class. In this chapter, four different 

classification methods were used to find out the best combination.   

Chapter 6, the final contributory chapter, concludes the thesis by underlining the major 

contributions and suggesting some directions for future research.  



Chapter 2: Literature Review 
 

8 
 

3 Literature review 

 

3.1  introduction 

This chapter serves three main purposes. First, it provides a general overview of social 

networks and a background to the techniques used in social network analysis. Second, it 

investigates the use of Twitter analysis by businesses. Finally, various Twitter and related 

data analysis techniques are reviewed and discussed.  

Social networks can be broadly divided into those that focus on the content (content-

centric) and those that focus on user profiles (user-centric). Twitter, according to this 

means of categorization, falls into both categories. The present analysis of Twitter content 

by companies focuses on the benefits of such analysis. It has been found [44] that most 

of the tweets posted by users are positive, negative or neutral with respect to situations, 

circumstances, products or brands. These tweets are usually mined and analysed to 

determine the orientation (in terms of positive or negative opinion) of the users, who may 

be customers, stakeholders or the general public. This process is called sentiment 

analysis. The importance and problems identified with this process in Twitter are 

examined in the present chapter. The use of supervised learning techniques (mainly 

classification) on Twitter are also examined. Several algorithms are discussed, and their 

uses in business are highlighted. Section 2 presents an overview of definitions and a brief 

history of social networks. In Section 2.1 Twitter analysis in business is briefly discussed. 

This chapter summarise the benefits of social networks in business and discuss of Twitter 

and data analysis techniques in Section 2.3. Sentiment analysis is important in data 

analysis; therefore, its applications and challenges    are discussed with respect to Twitter. 

Classifications in Twitter, a supervised learning technique, with respect to its applications 

in business, are outlined. Various machine learning classifiers are also briefly examined. 

This chapter also gives a review of the research done in financial tweets sentiment 

analysis. Finally This chapter concludes with a report on precision, recall and the F-

measure as evaluation measures relevant to this thesis in section 9 

3.2 Social Network Background 

Recently, social networks have become the focus of much attention because of what sites 

such as Twitter and Facebook offer to billions around the world, and the massive volume 

of data that is generated daily by individual users. We can track back the evolution of 

social media to the late 1970s. The most known social media at that time were Bulletin 
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Board Systems (BBS), which includes two popular platforms; vBulletin and PhP BB. 

These BBS had multiple features. The most important features are; downloading and 

uploading data and software, exchanging messages between users by email, and reading 

news. 

Forums were the successor of BBS. They added a big push to the revolution of social 

networks. [1] Forums come with features that allowed users to share their thoughts by 

holding conversations on topics, or threads. Also, forums overcame BBS by their wide 

availability because of the use of inexpensive dial-up modems and new web browsers. 

Since then, social networks have experienced rapid development based on the 

foundations of BBS and forums. Many features are created in social networks such as 

group chatting, adding friends or followers, and much more. In 1997 Six Degree was 

introduced as the first form of modern social media followed by Friendster in 2002 which 

was launched for US users. Finally, Twitter and Facebook started to extend their control 

of the world of social media in 2004 and 2006 respectively.  

Nowadays, social media becomes one of the valuable sources of information because of 

the increased number of users around the world. The availability of this information is of 

considerable significance when analyzed for purposes of scientific use. 

3.3 Defining Social Networks  

To get a full picture of social networks, it will be useful to give a comprehensive 

definition to them in a formal way. Social networks can be defined as “a group of 

Internet-based applications that build on the ideological and technological foundations 

of web 2.0 and allow the creation and exchange of user-generated content" [2]. With 

their web-based service, social networks allow users to create and personalize their 

profiles within a confined system [3]. Another definition of the social network came from 

Safko[4] who view them as a collection of technologies and their tools that are open to 

users to connect and build relationships with each other in a more efficient way. From 

Hogan[5] point of view, social networks can be identified as a set of nodes. These nodes 

are linked to each other by relations and can be divided into web pages, individuals, or 

groups of individuals. Hogan stated that networks could be classified to: 

• A whole network can be denoted to a limited population and used to define any 

relationship between users within a given population. In the whole network, 

subjective assessment of the view and behaviors of individuals is done by 

collecting useful active data. 
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•   A personal network is related to the characteristics of users where the size, shape 

and quality and many more characteristics are compared. 

• The partial network provides the optimal solution for the collected data. 

Social networks, from a different point of view, can be deemed as a large-group 

intervention. Twitter represents the large-group intervention with its features that are 

thoroughly related to the characteristics of this classification. Large-group intervention is 

"a structured process for engaging large numbers of people to enhance the amount of 

relevant information brought to bear on a problem, to build commitment to problem 

definitions and solutions, to fuse planning and implementation, and to shorten the amount 

of time needed to conceive and execute major policies, programs, services or projects" 

[5]. 

Despite the rapid growth in the applications of  large-group intervention, many scientists 

maintain the idea that the theory backing them has not been effectively expressed. 

3.3.1  Types of Social Network 

In general, social networks can be associated with two types of platforms; Content-centric 

and User-centric. 

1- Content-centric 

We can deem these types as informational platforms because of the volume of 

information produced. In these platforms, users can write posts on different topics, 

and other users have the capability to comment and share these posts. The 

comments on the core post usually add extra information. Twitter, WordPress, 

and Tumblr are typical examples of a content-centric platform. Twitter is a 

microblog that provides an interactive environment for its users to communicate 

with each other. In this microblog, users can post messages in real-time. These 

messages called tweets are within a 280 characters limit. The content of Tweets 

comes in different forms such as text, pictures, and videos.  Through these tweets, 

users are able to share activities, breaking news, or events and also express their 

views [6]. YouTube and Flicker are other examples of the content-centric type of 

social networks specialized in images and videos that are posted by users. These 

social networks have features that allow users to talk about the content of other 

users. A final example of content-centric is an audio, social network such as 
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SoundCloud. In this type, audio materials posted by users are available to listen 

and leave comments besides receiving more related suggestions.  

2- User-centric 

The focus on these platforms is the individuality of the users, where they can 

create their profile according to their personal interests. Users also control their 

statues by continuing updating as well as sharing videos, pictures, and links. 

Facebook, nowadays, occupies the first ranking in this type of social network. It 

has been said 57% of the internet adults’ users in America have Facebook 

accounts and 64% of this number view their timeline regularly every day [7]. 

These kinds of platforms developed rapidly to represent users by portraying their 

character and appearance in a virtual world as avatars [8]. One of the uses of user-

centric platforms is recruiting new employees. Recruiting agencies use them to 

check the target candidate’ profiles and conduct interviews through platforms 

such as LinkedIn. This method of recruitment overcomes the traditional method 

because of its low cost and time saving [9].   

 

 

3.3.2 Twitter 

Because of the importance of Twitter that comes from its combination of a user-centric 

and content-centric platform and the availability of its data, it became our choice in this 

research as the focus of the input for social media analysis. Furthermore, tweets are short, 

280 characters (historically 140 characters), which make them easy to fetch, store, and 

process alongside the continuing stream of data in real-time.  Petrovic et al. [11] spotted 

that news spreads through Twitter faster than any other news system.  In this research, 

tweets and news articles were analysed over 77 days. They came with the conclusion that 

local and small events propagate in more detail on twitter than in other news sources. 

 

3.3.3  Twitter Analysis in Business 

Nowadays, a vast number of organizations use social networks platforms such as Twitter 

to boost their flourishing by participating in online dialogues. Lovejoy and Saxton[12] 

examined the Twitter exploitation practices of the top 100 non-profit organisations that 

operate in the US. The study summarised that micro-blogging updates have three key 

functions which are: information, community, and action. They also found that these 
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organisations get closer to their stakeholders using dialogic and community-building 

practices on Twitter more than on other traditional websites and platforms.  

Waters et al. [13] studied the way non-profit organisations communicate through Twitter. 

They found that these organizations communicate using four models of public relations: 

public information, press agentry, and both one-way and two-way communication. The 

study revealed that these organizations use one-way communication more likely than 

two-way communication.  

 Due to the broad public penetration of Twitter, many companies benefit from this to 

share the latest news, and Twitter is effectively used as a gateway to end-users, consumers 

and/or investors. In a study carried out by Barnes and Andonian [14], it was detected that 

on the 2011 listing, 200 out of 500 fortune companies had an active business account that 

was regularly updated. These accounts are used for many business purposes. Rybalko & 

Seltzer [15] investigated the uses of popular social networks such as Twitter by the 500 

wealthiest companies in terms of the online relationship with their stockholders. They 

found that the uses of networks as a communication channel with the stockholders can 

boost the dialogue between them. These companies present the updated information about 

them and provide the stockholders and with continuous online customer care. Wigley & 

Lewis [16] screened the effects of the compunctions between the companies and these 

stakeholders through Twitter. It has been shown that highly engaged companies receive 

positive tweets from their stockholders. 

On the other hand, companies with less engagement and lack of communication can get 

more negative tweets. Jansen et al. [17] analysed more than 150,000 tweets covering 

branding comments, opinions, and sentiments in attempt to study the use of micro-

blogging as ‘electronic word-of-mouth’ by companies. It has been observed that Web 

communications and social networking services can increasingly influence customer 

brand insights and the decisions of purchasing. Furthermore, companies can use micro-

blogging to discover their branding strategy. 

 

3.4  The Benefits of Social Networks to Business 

The stream of the vast amount of data in social media has captured the attention of 

companies interested in using this as an opportunity to enhance their business. They 

process and mine this available data to help them in decision-making and have more 
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knowledge to support business-relevant action in the short and long terms. We discuss 

some of the uses of social media data in business below.    

3.4.1  Analytical resources 

To meet the customers’ needs efficiently and effectively, companies use social media 

analysis to influence their business plans and strategy. [17]. By listening to the feedback 

of customers in social networks, companies can have a clear insight into how the 

customers value their products and whether these products meet their expectations. 

During the development stage, companies also carry out social media analysis to create 

public consciousness of their newly revealed products and services and revise the 

acceptable rate of these products and services. The involvement of the customers in 

products and services by listening to their concerns and suggestions makes them feel that 

they are an essential part of the company’s development. For example, companies can 

find out which products or services gain the largest sector of their sales, and what are the 

key types of customers who underpin these sales, by monitoring the profiles of customers 

or group of customers. This facilitates the way companies take to reach their key 

customers and pay more attention to their key products 

3.4.2 Crisis management and reputation protection 

Crisis management practice has seen tremendous development with the growing role 

played by social networking sites[18]. Wright and Hinson [19] suggested that “blogging 

and other aspects of social media have the potential to bring about dramatic changes to 

many aspects of public relations.” The reputation of companies is affected during a crisis 

unless further steps been taken. In a study done by Wigley and Lewes[16], companies 

profoundly engaged through two-way communication with their stockholders and 

customers. In a time of crisis, companies need to enlighten their customers about many 

issues around the crisis, such as the main causes and current actions being taken to 

overcome the crisis as well as clarifying further action to any occurrence in future. In the 

past, these procedures were done through traditional media such as radio, TV, and printed 

news. Nowadays, social networks are playing a central role in the fast and economical 

communications between companies and their stockholders and customers. In 2010, one 

of the British Petroleum (BP) offshore platforms exploded causing a massive oil leakage 

in the Gulf of Mexico. This leakage affected a large area including the coast of Alabama, 

Florida, Mississippi, and Louisiana. BP, at the time, did not have an active Twitter 

account. It adopted conventional social media to deliver its explanation, which failed to 
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meet the demand. Because of that, the image of BP was deeply affected, and the 

companies faced a loss in perception of its reliability [1].  

3.4.3  A new approach to marketing 

Recently, social networks have started to earn huge profits by embracing marketing 

campaigns on their websites that offer free communication services. These profits are 

facilitated by the rapid increase in people using social media. Twitter messages have the 

advantage of reaching millions of users faster than any other traditional media [20]. This 

property, in particular, has attracted the attention of a growing number of companies to 

launch their marketing campaigns for their new products and services. Other factors that 

lead to the success of social network marketing are their reasonably low cost and direct 

and fast results. For example, Blend Tec launched a low-cost marketing campaign 

through YouTube. This campaign has succeeded quickly and effectively in raising sales 

to record levels in a short period [21]. 

3.5 Twitter and Data Analysis Techniques 

In recent estimates, there are more than 316 million users on Twitter. These active users 

post about 500 million tweets every day in 35 different languages around the world [22]. 

This results in a considerable amount of data that can be converted to useful information 

by gathering and analyzing it. We discussed in this section a selection of techniques for 

Twitter data analysis explored by different researchers.   

3.5.1  Sentiment Analysis 

Sentiment analysis has been defined as the field of identifying emotions, opinions, and 

attitudes that are mentioned in text formats. These can be sentences, short messages, or 

documents from blogs, news, and reviews [22,23,24]. The importance of sentiment 

analysis comes from the fact that it is oriented to the voice of the customers and users, 

which can be positive, negative, or neutral. It has been applied in many contexts, such as 

best travel destination prediction [25], analyzing the public opinion during political 

debate and its effects on the elections [26], and online reviews and product sales[27]. The 

massive volume of sentiment data poses many opportunities and challenges for data pre-

processing and related classification extraction. Contemporary solutions such as machine 

learning have been proposed for the sentiment analysis of online textual data [28]. 

Existing machine learning approaches have given promising results [29]. 
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3.5.2  Sentiment analysis approaches 

As we mentioned before, sentiment analysis aims at assigning public opinions to positive, 

negative, or neutral classes. In other words, it is targeting the extraction of subjectivity 

and polarity of the opinions of users that comes in textual format. Next, we discuss the 

two main broad technical approaches for sentiment analysis; the Lexicon-based approach 

and machine learning approach.    

3.5.2.1 Lexicon-based approach 

This technique depends on the calculation of the orientation of the document through the 

strength and polarity of the words, phrases, and text that form it [30]. It uses the 

assumption that every word has an inherent polarity regardless of its use in context. The 

classifier in this approach is based on predefined instances that can be text and sentences 

[22]. From the collection of instances, the dictionary is created. This dictionary can be 

made either manually or automatically and consists of strong positive or negative 

emphasis [31]. The most used dictionary in Lexicon-based methods depends on 

adjectives, adverbs, nouns, and verbs as the main parts of speech. There are three steps to 

get the overall polarity of a given document based on created dictionaries. 1-building 

Word/polarity-value pairs: 2-replacing the document’s words with the corresponding 

polarity values. 3- combining the values. Generally, the determination of a document’s 

orientation is done according to the assembled effects of the words’ sentiment values, 

also depending on the rank of these words in the dictionary. Generally, the orientation of 

a document is determined by the aggregated effects of the values of the words as ranked 

in their dictionaries. The values of these words can be constructed on weighted values by 

modifying them through intensifiers.  

WordNet and General Enquirer are examples of opinion lexicons in general use in the 

research context [126],[127] The main drawback of the lexicon-based method is that, in 

social media posts, the language used is not formal, and users use words that can have 

varied polarity based heavily on the context. For example, this tweet “I bought iPad 

today, just lovvee it :-)”. It obviously shows a positive opinion on iPad using the word 

“lovvee” and the emoticon “:-)”. This tweet will be considered as no/neutral opinion on 

iPad by the lexicon-based method because of the absence of any general opinion word 

in the tweet. This causes the low recall problem for the lexicon-based method, which 

completely rely on the presence of opinion words for determining the sentiment 

orientation [103]. This method also suffers from the ignorance of the important lexical 
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features as well as the process of creating new set of lexical features is time consuming 

and labor intensive [143.] 

3.5.2.2 Machine learning approach 

Machine learning, broadly speaking, is a suite of methods for automated discovery of 

predictive, expressive, and/or otherwise significant patterns in a dataset. Machine 

learning (ML) is a kind of artificial intelligence (AI) that give software applications the 

ability to predict outcomes in more accurate way without explicit programming [32]. 

Techniques in machine learning can be categorized into two main types: supervised and 

unsupervised. In supervised algorithms, a labeled dataset is used, in contrast, 

unsupervised algorithms use unlabeled data [33]. Supervised machine learning 

approaches that are applied to sentiment classification include as statistical learning 

algorithms, logic-based algorithms, perceptron algorithms, instanced-based algorithms, 

and others. These approaches depend on pre-labeled training data and to train the used 

machine learning classifiers, text features, as well as emoticon features, are used. The 

general pattern of the sentiment classification using Machine Learning can be 

summarized in four steps: 1) Collecting the dataset for studied domain.  2) Pre-processing 

this dataset to get it ready for the classification process. 3)classify this data set manually 

to sentiment categories (positive, negative). 4) Transforming the textual dataset into 

vector form. 5) Dividing the dataset into training and testing portions. 6) finally, train the 

ML Classifier with training data and predict the polarity of testing data [144]. 

  

3.6 Challenges of sentiment analysis  

Sentiment and topic classification confront many challenges in terms of achieving good 

accuracy. We summarise some of these challenges below.    

• Context: the true polarity of opinion that is expressed in a text is very dependent on the 

context. The need for domain knowledge and context consideration should be addressed 

carefully when applying classification systems to boost the accuracy of the system.  In 

some situations, or domains, the opinion polarity of a word can be considered as positive. 

on the other hand, the same word can carry a negative opinion in a different situation or 

domain [34]. For example, the word “stubborn” can have double meaning depending on 

the context. In the sentences, "The Prime Minister is stubborn, he will not give into the 

pressure of smugglers" it gives a positive meaning, whereas in "What a stubborn Prime 

Minister, he will not listen to wise counsel" gives a negative meaning.  
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• Presence of ambiguous terms: ambiguous terms such as slang expressions, emojis, 

short forms, misspelled words, abbreviations, and many more, add more challenges to 

sentiment analysis tools when appearing in updates shared on Twitter. These informal 

terms can cause a significant decline in the accuracy of NLP tools used for sentiment 

analysis. For example, ‘part of speech’ tagging tools are normally trained on grammar in 

the lexically correct form. These tools fail to adequately classify ambiguous terms that 

are frequently expressed on Twitter. Furthermore, many statistical techniques in this area 

rely on using word counts; this causes discrepancies because of misspelled words and 

abbreviations [35].  

• Diversity in user expression and validity of opinion lexicons:  

The accuracy of the lexicon is the most critical factor in the effectiveness of dictionary-

based methods. This dependence on the accuracy of the lexicon adds to the ambiguity 

issue since some words only have a positive or negative polarity as a result of the context 

in which they are written. Also, Twitter users tend to use uncommon words to express 

their emotions [22]. For instance, some of the negative adjectives are used to express 

positive emotions on social media; for example, "the movie is insanely nice." This tweet 

can be at first sight deemed to be a positive expression; however, describing the movie 

using the negative word "insanely" contributes to the problem of the ambiguity when 

applying knowledge-based methods. 

• The use of slang and sarcastic words:  

The popularity of Twitter comes from the fact that people have the ability to freely 

express their opinion in an informal way. By this means, slang and sarcasm, which give 

words conflicting meanings, are frequently used. This can also profoundly affect the 

reliability of generic sentiment analysis systems [36]. In most supervised algorithms used 

for sentiment analysis, a training set is used to teach the classifier how to identify relevant 

and irrelevant tweets. This training set should include uses of slang and sarcasm, or the 

overall accuracy of such a system will clearly be compromised.  

 

3.7 Text classification in general 

Text classification can be defined as the task of categorising a given document to a 

predefined category. In the context of this thesis, it is the process of assigning micro-texts 

to given categories based on their content. In more detail, it refers to the mission of 
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appointing a Boolean value to each pair of document and category. More formally, text 

classification is the task of assigning one category 𝑐𝑗  to a document 𝑑𝑖 where 𝑐𝑗 is one 

category of the set {𝑐1, 𝑐2, … . , 𝑐𝑛} and 𝑑𝑖  is a document of the entire set of documents 𝐷 

[41]. According to González-Ibánez [38], documents can be labelled according to their 

characteristics into one or more categories. In “single-label” classification, every 

document has a single label. However, the challenge could be “multi-label” classification, 

in which case each document could have one or more class labels. Furthermore, a single-

label classification task can be categorised as either a binary or a multi-class problem. In 

a binary problem, there is typically a single class documents are labelled Y if they belong 

to that class and N otherwise.   

Nowadays, a tremendous amount of data is available online, and it is growing at an 

exponential rate. To manage this data, automatic text classification has always been one 

of the most prominent applications and research fields since the emergence of digital 

documents [39]. Based on machine learning techniques, text classification is 

implemented by automatically running a classifier that learns the features of the classes 

from a  pre-classified (pre-labelled) training dataset [40]. Text classification is the key 

component in text retrieval, information extraction, and summarization. 

Characteristically, the input data for classification has a heterogeneous nature. It is 

collected from many online sources such as social networks, online newsgroups, movie 

reviews, and advertisements. Recently, research in Twitter data classification, driven by 

circumstances we mentioned before, has experienced significant leaps. One of the notable 

applications using such data is the prediction of moves of the stock market. For example, 

in a study carried out by [41],  Artificial Neural Network classifier is used on Twitter data 

to predict the fluctuations of the stock market by understanding users’ moods based on 

the contents of tweets. In another study [42], Twitter data is analyzed to predict the output 

of stock market indicators such as NASDAQ, Dow Jones and S&P 500. The study found 

that emotional tweets have a profound effect on these indicators.    

 

To progress further in that direction, research needs to consider achievements in 

sentiment analysis and topic classification in related fields to date. In an early and 

influential study in this area, Pang et al [43] conducted a sentiment analysis study on a 

database of movie reviews. They were able to show that the machine learning techniques 

outperform simple counting methods. More recent work in the area of sentiment analysis 
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has focused more on social media as a big platform of information flow. For example, 

Zhang et al. [44] assigned twitter messages to positive and negative classes using a 

supervised classifier. Because of the high-dimensionality of the n-gram feature space, 

Agarwal and Mittal [45] extracted uni-gram and bigram features from the movie review 

texts and then selected salient features by using information gain and minimum 

redundancy metrics. In particular, they suggested part-of-speech specific prior polarity 

features. As an example of hybrid methods, Zhang et al. [46] have combined SVM and 

Lexicon-based classifiers in an attempt to improve the recall of the method. Barbosa and 

Feng [47] illustrate the use of a variety of different features, including various part-of-

speech tags, in a sentiment analysis study using SVM. Wang et al. [48] classified the 

sentiment of hashtags using a graph-based method.  

 In topic classification, many approaches have been introduced. Chua et al. [49] applied 

a community-based method to categorize the topic of noun phrases in tweets. This method 

was used to identify the boundaries of each context. In Nishida et al. [50], the main idea 

was to improve the quality of tweet classification by updating the background frequencies 

of words in this way, for example, when a word suddenly becomes bursty in the timeline, 

appearing in many tweets, their model ensures that its background frequency is updated 

so that it does not become over-important in classification. Jain [51] introduced a method 

for predicting the popularity of movies using Twitter sentiment analysis. He applied 

PT/NT ratio to forecast the success of the movies. He defined the PT-NT ratio as total 

positive tweets/total negative tweets. None of the methods discussed so far (and none that 

we have found) associates both a sentiment value and a topic to the textual units being 

classified. However, Huang et al. [52] moved in this direction by proposing a model to 

perform classification for both sentiment and topic simultaneously, based on the 

assumption that there is a correlation between classes across those two tasks.  

 Some research went to the direction of identifying the sentiment expressed toward an 

aspect in a sentence instead of a whole sentence or document. The simple approach is 

based on that the weighted sum of opinion scores of all words in the sentence define a 

sentiment score of a given aspect where the distance from the aspect define the weight 

[131],[132]. This method got more improvement by the identification of  the aspect-

opinion relations using tree kernel approach[134] . Joint sentiment/topic model (JST) is 

another model introduced by Lin et al [133] to identify the topic and sentiment 

simultaneously for movie review dataset. All these models are based on an assumption 

that each word is generated from the distribution of joint topic and sentiment which means 
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that these models do not differentiate the opinion word and topic word distributions. In 

addition to the general opinion words, topic models that based on considering aspect-

specific opinion words were also suggested. Zhao et al [135] proposed a model called 

MaxEnt-LDA hybrid model. This model can discover both aspects and specific opinion 

words of this aspect on a restaurant review dataset. 

 

3.8 Machine learning classifiers 

In this section, we discuss the most commonly used classifiers for text classification 

3.8.1  Naïve Bayes 

Naïve Bayes works on the assumption that (in this context) the probability of a word’s 

occurrence in a tweet is independent of the other words in the tweet. This assumption of 

independence is the ‘naïve’ part – since it is rarely true. However, the assumption greatly 

simplifies the associated mathematics and seems not to prevent Naïve Bayes from 

generally performing very well in practice [53].  

The ‘mathematics’ alluded to above is simply the adoption of Bayes’ rule. Where c is the 

class (e.g., productivity, competitiveness, or industry risk), and d is the data (i.e. the word 

frequency vector formed from a specific tweet), Bayes’ rule tells us that: 

                (2.1) 

To classify a previously unseen instant d, we find the class c that maximizes p(c | d). We 

can ignore p(d), since this is the same for each class, and we obtain p(d | c) and p(c) directly 

from the training data. The ‘naïve’ assumption enters at this point, making it much simpler 

to calculate p(d | c), by decomposing this term into individual terms for each element of 

the word frequency vector. See [54] for more explanation and detail on the use of Naïve 

Bayes in general, especially for text-related applications. 

 

3.8.2 Support Vector Machines 

The Support Vector Machine (SVM) classifier was introduced by Vapnik [55] to solve 

the problem of classifying an item to one classis. This classifier is based on the 

mechanism of finding the best separation between hyperplanes that are already defined 

by trained data. This mechanism called structural risk minimization. The hyperplanes that 
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separate a positive instance from other negative instances in SVM are calculated in 

hyperspace. The result of this calculation should be the optimal hyperplanes that 

introduce the maximum margin, where 𝑤. 𝑥 + 𝑏 = 0 is the final frontier of the 

classification. Besides that, support vectors are training examples on 𝑤. 𝑥 + 𝑏 = 1  and 

𝑤. 𝑥 + 𝑏 = −1. However, the wholly separated positive and negative examples not 

always the case and the errors are taken into consideration when determining separated 

hyperplanes. Maximizing the margin in training data problem can be translated to the 

problem of quadratic programming deal with the purpose function by minimizing it under 

the condition restriction of formula 2.2 by introducing Lagrange multiplier 𝛼𝑖 . 

                              

                                    − ∑ 𝛼𝑖  
𝜄
𝑖=1 +

1

2
 ∑ =  𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗x 

𝜄
𝑖,𝑗=1 . x𝑗  (2.2) 

    

                                                     ∑ = 𝛼𝑖
𝜄
𝑖=1 𝑦𝑖 = 0         (2.3) 

 

Where 𝑦𝑖 is a variable for the label of the example Χ𝑖. Based on that 𝑦𝑖 = +1 if the 

example Χ𝑖 is positive and 𝑦𝑖 = −1 if the example Χ𝑖 is negative. By quadratic 

programming, we can also identify 𝑤 and 𝑏  using support vectors Χ𝑎, negative support 

vectors Χ𝑏and solved 𝛼𝑖 as follows: 

 

                                         𝑤 = ∑ = 𝛼𝑖 𝑦𝑖xi
𝜄
𝑖                                (2.4) 

 

                                                                                          

𝑏 =  
1

2
(𝑤xa + 𝑤xb)                                 (2.5) 

               

 

Moreover, by replacing the inner product x𝑖 , xj by kernel function Κ(xi, xj), SVM also can 

solve the problem of nonlinear.  
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Most of the classifiers face the problem of overfitting. This problem occurs when the 

model is complicated which ends up in more classification errors for new data. The 

complexity of SVM model can be defined mathematically by VC dimension. To find the 

optimum solution that results in minimizing the sum of the classification error and train 

the data without overfitting, a calculation can be done based on the concept called 

structural risk minimization.  The idea of this concept is based on finding a hypothesis ℎ 

that attains the lowest generalised true error. This true error can be summarised as the 

probability of ℎ to make an error on unseen test example that is randomly selected. To 

connect the true error with the error on training set, an upper bound can be used, and by 

controlling VC-Dimension efficiently, SVM fined the hypothesis ℎ that minimize this 

bound on the true error.   

 

3.8.3 Decision Trees 

Decision Tree classifier categories any given data using the structure of the tree. The leaf 

represents the given classes that we want to assign our documents to one of them. The 

branches that lead to these leaves represent the integrated features that distinguish and 

finally the root nodes of the tree represent the start point of the classification process 

where a query used to run the given document through the tree structure until reaching a 

leaf which represents the final goal of the classification process.  when DT is used to 

sentiment classification of texts, the leaf represents sentiment classes (positive, negative) 

of training texts and branches represent terms occurring in the texts. One of the 

advantages of DT is that it works efficiently on noisy data, however, due to the 

constructor of the algorithm with restricted classes, when applying to a high volume of 

noisy data, the given noisy document will not have filtered out and end in a specific leave 

in which the features have the weakest representation [56]. One of the latest researches 

in the area of sentiment classification is conducted by Rustam, Furqan, et al[149] in this 

research, they studied the sentiment of tweets  that generated by the twitter users 

regarding Covid-19. They used five machine learning classifiers which are RF, XGBoost, 

SVC, ETC, and DT with feature extraction techniques such as bag-of-words (BoW), term 

frequency-inverse document frequency (TF-IDF, and GloVe . the results of this research 

show that DT classifier came the second after ETC classifier in terms of the accuracy 

when using  a concatenation of TF-IDF and BoW as feature extraction method. 
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3.8.4 K-Nearest Neighbor   

The KNN classifier is based on the idea that two instances can be assigned to the same 

class if they are close to each other in the vector space. In more detail, to classify a given 

document, this algorithm sorts the training documents by finding the 𝑘 nearest neighbors 

to the given this document. The categories of the k nearest neighbors are then used to 

determine the category of the given document (the documents in the framework of this 

research are a set of tweets that need to be classified into their sentiments or topics).  

When the score of each neighbor document is close to the score of the test document, 

then this similarity used as the weight of the categories of these neighbor documents. 

After adding the per-neighbor weights of the given category together in which several 𝑘 

nearest neighbors share, the likelihood score of candidate categories is produced by using 

the weighted sum.  

Let us assume we have a document 𝑑0 with an unknown category. To classify this 

document, KNN classifier ranks its neighbours among the given training documents and 

to predict the class of it by using the class label of 𝑘  most similarity neighbors. To 

measure the similarity, there are many distance metrics to calculate the distance. the 

examples of these matrices are: Makowski Distance, Manhattan Distance, Euclidean 

Distance. The following is a brief explanation of the mechanism of these matrices: 

Euclidean distance 

We can call Euclidean distance the measurement most in line with our daily intuition It 

signifies the linear distance between two points in Euclidean space. The formula for 

calculating Euclidean distance is: 

𝑑(𝑥, 𝑦) =  √∑(𝑥𝑖 − 𝑦𝑖)2

𝑖

              (2.6) 

 

Manhattan Distance 

This term came from the shape of the distances between the streets of Manhattan, where 

all the blocks take square shapes, and to reach any destination, the appropriate angle must 

be taken, as the distances between them cannot be cut straight. The formula for 

calculating Manhattan distance is: 

𝑑(𝑥, 𝑦) =  ∑|𝑥𝑖 − 𝑦𝑖|

𝑖

             (2.7) 
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Minkowski Distance   

This method is used to find the distance between two real-valued vectors. It is an 

umbrella that includes Euclidean and Manhattan distance scales under it and adds a 

parameter, called “𝑝“, that lets different distance measures to be calculated. The 

Minkowski distance is defined as in equation 2.8: 

𝑑(𝑥, 𝑦) =  (∑|𝑑𝑖|𝑝

𝑖

)

1
𝑝⁄

              ( 2.8) 

 

To fine out the best distance metrics, grid search can be used where the distance metric 

is one of the hyperparameters of the KNN classifier [121] 

Using the similarity of each neighbor to 𝑑0 , the classes of these neighbors are weighted 

as shown in equation 2.9: 

𝑠𝑐𝑜𝑟𝑒(𝑑0, 𝐶𝑖) =  ∑ 𝑆𝑖𝑚(𝑑0

𝑑𝑗∈ 𝐾𝑁𝑁(𝑑0)

, 𝑑𝑗)𝜎(𝑑𝑗 , 𝐶𝑖)         (2.9) 

Where 𝐾𝑁𝑁(𝑑) denotes the set of 𝑘 nearest neighbors of document 𝑑0 and 𝜎(𝑑𝑗 , 𝐶𝑖) 

represent document 𝑑𝑗 classification. Based on these equations, the decision rule in KNN 

classification can be stated  in equation 2.10, 2.11: 

𝐶 =  arg max𝐶𝑖 (𝑠𝑐𝑜𝑟𝑒(𝑑_0, 𝐶_𝑖 ))              (2.10) 

 

= arg max𝐶𝑖(∑ 𝑆𝑖𝑚(𝑑0𝑑𝑗∈ 𝐾𝑁𝑁(𝑑0) , 𝑑𝑗)𝜎(𝑑𝑗 , 𝐶𝑖))               (2.11) 

 

 

KNN is an easily implemented method, but it is well known for its effectiveness for text 

classification, however, it has three serious drawbacks: first, its fragility on noisy samples 

affect its performance, second, it is a large computing sources consumer because of the 

complexity of calculating similarity between documents, and finally, because it is ‘lazy’ 

learning method, its performance is affected when dealing with large data sets [ 57]. KNN 

classifier are used in many literatures to tackle the problem of sentiment classification 

problem, for example, Kaur et al [145] used KNN classifier to classify twitter data to 
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positive, negative and neutral classes. Beside the use of KNN, they used N-gram 

algorithm for feature extraction. They compared their method with the use of SVM 

classifier and result showed that KNN classifier get better result than SVM. 

 

   

3.9 Text classification process for twitter data  

 Text classification consists of a set of sub-processes that depend on each other. These 

processes are:  

3.9.1 data collecting 

This is the first step in any classification process where the corpus of collected data is 

built. The source text may come in any of a variety of formats (such as CSV .html, .pdf, 

.doc, web content, etc.), and must, of course, be transformed into a consistent format. The 

resulting dataset is used to train and test the classifiers. Many corpora have been built for 

text classification research purposes and are available for researchers, such as the Reuters 

dataset [58]. This dataset was assembled and categorised in 1997 by David Lewis.  

In this section, we discussed the process of creating new Twitter datasets. Then, we 

briefly describe the existing datasets. 

  

 

 Extracting a new dataset from Twitter 

One of the features of Twitter is that it provides an easy way to access and collect data 

for researchers and developers via the two Twitter APIs: REST and Streaming. The REST 

API provides short-lived connections under a limited rate of tweets. This API allows users 

to request and download a certain number of tweets;200 tweets a time. Due to Twitter 

policy, the tweets that can be accessed are not older than a week.   

On the other hand, the Streaming API gives the ability to request and download tweets in 

real-time. That means that the latest tweets containing specific terms or written by specific 

users can be crawled. The most used format of returned tweets is JSON. That is because, 

with this format, the tweets can be easily parsed by tools available in with the majority of 

programming languages. The tweets formatted in JSON are carrying information 
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including publication date, author’s username, location, hashtags, retweets, followers, 

and many more.  For scientific use, many researchers use APIs to fetch tweets preferring 

the Streaming API. To crawl specific tweets, researchers use keywords, emoticons, 

entities or hashtags as tracking criteria [58].   

Although the Twitter API offers the ability to crawl and download a large number of 

tweets, the use of those data for scientific purposes is facing many challenges. One of 

these challenges is the change in terms of service introduced in March 2011 by Twitter. 

According to this change, the redistribution of collected tweets is not allowed, and 

researchers can only share tweet IDs, and this also applies to annotated tweets datasets. 

On the other hand, some research needs historical twitter data that goes back to more than 

a year. To get such datasets, there are three ways. The first one is to collect tweets using 

the streaming API over a period of time. The drawback of this method is that it is 

obviously very time consuming and cannot fulfil the needs of some research that requires 

a massive amount of data while the research project itself may be of short duration. The 

second way is to purchase this historical data from specialised websites such as Gnip. 

The cost of this depends on the number of tweets and the length of the period; shorter 

periods are more affordable. The price may be infeasible for some research projects. The 

third way is to use existing datasets. These datasets may consist of a collection of tweets 

with their sentiments, which are positive, negative, and neutral [59]. Another dataset 

contains an additional label, such as mixed, irrelevant, or other [60]. In a study done by 

Thelwall et al. [61], annotating tweets with a sentiment strength dataset is used. Thelwall 

et al. [62] created a dataset that associated sentiment labels with different aspects/entities. 

Nowadays, there are a plenty of tweet’s datasets that are used for scientific purposes. For 

example, Max Plank Institute's Twitter Dataset used by Cha, Meeyoung, et al[146] to 

understand why certain trends or news are adopted. Another popular dataset is 

Sentiment140. This dataset was used in lots of researches. For example, Councill et 

al[147] used Sentiment 140 for negation detection model. 

3.9.2 Pre-processing 

Implementing text classification approaches usually requires a pre-processing step. This 

is because, in the real-world, online text such as HTML, tags, tweets, and advertisements, 

contain a huge amount of uninformative and noisy parts including many words that carry 

no meaning. The pre-processing text consists of cleaning and preparing the text to be 

ready for the text classification. At this stage, tokenizing, stop-words removal, lowercase 
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conversion, and stems are done. The necessity of these steps came from that they can 

reduce the dimensionality of feature space and improve the efficiency of the whole 

classification system  

3.9.2.1 Tokenizing  

Tokenization is breaking the given text into small chunks. This chunk called tokens and 

could be words, sequence of the words or sentences. 

 

3.9.2.2 Stop-word removal 

Stop-words are the words that usually don’t add any meaning related to the text. These 

words should be removed because they contribute to the problem of the high 

dimensionality of term space.  The most common words that are deemed as stop-words 

are prepositions, articles, and pronouns. These words occupy a large fraction of the 

document. Typically, in English, 20% to 30% of all tokens of one document belongs to 

the ten words that have the highest frequency.  

3.9.2.3 Stemming  

Stemming is also one of the crucial steps in text pre-processing. During the stemming 

process, every word in the text is rehabilitated to its original root. In more detail, 

stemming algorithms are applied to cut all morphological and inflectional ending of 

words in the corpora. The most well-known technique used for stemming is the Porter 

algorithm, which was first implemented in 1980 [129]. The purpose of this algorithm is 

to decide which affixes should be stripped and in which order.  

    

3.9.3 Document Representation 

Despite its simplicity, the ‘Bag of Words’ (ΒOW) representation is one of well-known 

methods in the text processing domain. This popularity comes from the fact that only the 

words (and not the order of words) that make up the document are considered as the main 

feature set used for the classification process. Moreover, applying the BOW approach is 

simple and straightforward, which has contributed to it being the fundamental and most 

conventional approach [64,65]. This approach was introduced by Salton et al. [66] and is 

also widely known as the vector-space model. Each document vector is presented as =

(𝑤1, 𝑤2, . . . . . . . 𝑤𝑛) where 𝑤𝑖 refers to the 𝑖𝑡ℎ   normalized number of occurrences of the 

word in document d. Based on the BOW approach, each dimension in the vector d 
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symbolizes only one term in the document collection term space. The main drawback of 

this approach is that the words make up the sentences will lose their ordering information. 

To resolve this problem, string kernels with n-gram sequences are used to overcome the 

loss of the ordering information. In this approach, each consecutive pair of word is 

deemed as a single feature in the vector of the solution [68]. This method is not efficient 

for large datasets because of the issues of time complexity and, to implement it, some 

approximation algorithms are used instead of full structured representation. A language 

model is used in another study for text classification [130]. In this model, based on 

probabilistic models and finite automata, a document is represented by generating new 

sentences from itself. Language models are considered as sophisticated approaches for 

text classification [69]. The ideal uses of these models are for resolving problems such as 

speech recognition, query generation from texts.  

3.9.4 Term Weighting Approach 

As stated in Section 2.9.2, the BOW form is the conventional approach to the text 

classification problems in which documents are represented by the widely-used vector 

space model. A term weighting approach modifies the vector by using background 

information and document information about term frequency. 

The most common weighting approach is the tf-idf metric. It is a direct and 

straightforward measure that takes the term frequency (tf) and the term’s presence in the 

entire dataset (df) into account. As shown in Equation 2.12, the Boolean weighting is 

different. This approach does not consider the occurrence frequency and checks only the 

occurrence of the term, so it is more straightforward than tf-idf. Also this approach wes 

outperformed by tf-idf in related studies [69, 70 ]. Another alternative metric, Okapi 

BM25 is a non-binary model used mainly for query-document similarity measure, related 

search algorithms and relevance feedback [70]. 

                                  𝑡𝑓-𝑖𝑑𝑓  = 𝑡𝑓𝑡,𝑑 ∗ 𝑙𝑜𝑔
𝑁

𝑑𝑓𝑡
          (2.12) 

We use the standard form of 𝑡𝑓-𝑖𝑑𝑓[3] to calculate the weight of a term 𝑡 in document 𝑑, 

where 𝑡𝑓 is the frequency of term 𝑡 in document 𝑑 (each document vector is normalized 

to unit length to account for documents of different lengths), 𝑁 is the total number of 

documents and 𝑑𝑓 is the number of documents in the dataset that include  term 𝑡. 
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3.9.5 Feature Selection or Feature Transformation 

Eliminating irrelevant words is an essential step because even after filtering out stop 

words and other meaningless characters, the number of words that are represented in 

BOW approaches is still substantial. Form this point, the importance of feature selection 

comes to the forefront in reducing the feature dimensionality. By applying feature 

selection methods, many advantages can be achieved, such as reducing the size of the 

dataset, simplifying the search space, boosting accuracy and saving computational 

resources. The main target of reducing the dimensionality is to gain a higher accuracy of 

classification and minimize overfitting. The most common methods used for feature 

selection for text classification are based on evaluation functions for a single word 

feature. Many measures are used to score the best individual features, for instance, Term 

Frequency (TF), Document Frequency (DF), Information Gain (IG), Mutual Information 

(MI), Chi-square statistic (CHI), Odds Ratio (OR), and Term Strength (TS). These 

methods use the features’ independently determined scores to rank them [71]. In a study 

done by Jindal et al[72], the chi-squared measure was applied for selecting the most useful 

features, which is a conventional statistical method for feature selection, whereas 

Kiritchenko et al. [74] used a Pointwise Mutual Information (PMI) measure to select 

terms that expose sentiment. 

 Feature selection is not a straightforward process, and a comprehensive analysis must be 

done to perceive the most informative features for each domain. Towards this direction, 

Agarwal et al. [75] and Kouloumpis et al. [76] analysed the feasibility of different features 

for tweets classification. A feature-based model is introduced by Agarwal et al. [76]. In 

this model, a comprehensive set of experiments was done to assess the usefulness of a 

wide range of features such as POS and lexicon features. The results of this study came 

up with the conclusion that POS with the polarity of words is the most informative 

combination. In another study, Kouloumpis et al. [76] emphasized semantic and stylistic 

features, including abbreviations, emoticons, and intensifiers. The results showed that the 

highest achievement gained by the combinations of features that detect the polarity of the 

terms alongside n-grams. On the other hand, in the same study, POS is proved to have a 

negative impact on the Twitter Sentiment Analysis. 

 Most typical feature selection approaches go through several stages, including isolating 

words and other features, applying feature selection models, and reducing the 

dimensionality of the features. All of these stages aimed at detecting the most 

advantageous features. These approaches face one constraint: the need for additional 
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steps to deal with sarcasm detection or negation handling. Furthermore, the best 

combination of features cannot be achieved when the list of features is very large. To 

overcome this limitation, researchers have begun to explore algorithms that are able to 

obtain learning representations, making it easier to extract useful information for building 

the classifier [77]. To this end, researchers have recently begun discovering deep-learning 

methods depended on word embeddings that give more capability to understand the 

sentences and semantic structure [ 78,79]. 

 

3.9.6 Twitter features  

In this section, we present the most common features that have been used for Twitter-

based sentiment analysis. 

3.9.6.1  Semantic Features 

Semantic features can be identified by focussing on sentiment words, opinion words, 

negation, and concepts. Sentiment words are words that carry positive or negative 

sentiments, whereas opinion words are words or phrases that reveal opinions. The words 

with a concept are those characterized as revealing a specific concept or term. Opinion 

and sentiment lexicons are used as a source to extract opinion and sentiment words and 

phrase features, either manually or semi-automatically. Towards this direction, much 

research has been conducted to develop lexicons for a variety of domains such as Multi-

perspective Question Answering (MPQA) Opinion Corpus [80], and SentiWordNet [81]. 

These lexicons are used either to train supervised machine learning methods or to produce 

scores that are used for unsupervised methods. Other research focuses on the semantic 

concepts that are hidden in tweets, in an attempt to examine the usefulness of these 

features for classification. For example, Saif et al. [82] tried to improve the performance 

of Twitter sentiment analysis by utilising the entities that are relevant to the terms carried 

by tweets and their sentiment.   They introduced a new method of semantic sentiment 

representation of words  called SentiCircle, and this method has the ability to allocate 

context-specific sentiment orientation to words. In Saif et al study, SentiCircles is used 

for both entity-level and tweet-level. This approach outperformed other lexicon labelling 

methods for both tweet-level and entity-level sentiment detection. 

In addition, negation features are also one of the most critical types of features. These 

features have a deep impact on Twitter sentiment analysis and cause a change in the 

polarity of text. Some researchers examined the use of a feature that implies negation. 
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For example, Esuli et al [81] collected 29 negations from Internet sources and recorded 

the frequency of collected negations in each tweet. They found out that Negation features 

and tweet specific features such as emoticon contribute to almost all subtasks in their 

research for sentiment analysis towards sentence level. 

3.9.6.2 Syntactic Features 

 Syntactic features are a typical kind of features that is used for tweet classification 

alongside semantic features. Examples of these features are unigrams, bigrams, n-grams, 

dependency trees, and terms’ frequencies. To investigate the impact of using simple terms 

(unigrams) in sentiment analysis, several studies used a binary weighting score assigned 

to the terms, whereas in other studies, the consideration the frequencies of the terms are 

used as an advanced weighting method. Part-of-Speech (POS) tags (e.g., nouns, verbs, 

and adjectives) are another example of syntactic features that can carry information for 

opinions. Despite the considerable number of research works in using POS, in some 

studies, the results show that no significant improvement is achieved when using PoS 

tags [75,86]. 

On the other hand, in some other studies, the improvements were evident but small 

[84,87,74]. Dependency trees are other syntactic features, based on the fact that there are 

direct links between words and other linguistic units. The mechanism on which 

dependency trees operate is based on working within a sentence to produce syntactic 

relations of the terms. In dependency trees, the verb is the most crucial unit and is the 

centre of the sentence, and the rest of the linguistic units are already connected to it by 

various syntactical relations.  The importance of this feature comes from the fact that it 

may associate opinion words with the specific opinion target. 

3.9.6.3 Stylistic Features 

One advantage of Twitter is the possibility of exploiting the non-standard writing style. 

Regarding this possibility, stylistic features have emerged, including emoticons, slang 

terms, abbreviations, intensifiers, and punctuation marks. At the forefront of these 

features, the presence of emoticons comes to occupy a large area of research that has 

examined the utility of embedding this type of feature. One of the sources of emoticons 

is Wikipedia, where an emoticon list exists [74]. The use of intensifiers is another sort of 

stylistic feature. They are used for the purpose of putting more emphasis on the 

expressions carried by the tweets, including emphatic lengthening, repeated characters, 

and emphatic uppercase. Moreover, the use of punctuation marks (e.g., exclamation 

marks, etc.) is a very frequently used feature on Twitter. 
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3.9.6.4  Twitter-Specific Features 

Twitter-Specific Features can be summarised as: retweets, mentions, hashtags, replies, 

usernames, followers, and URLs. The research on these features takes the direction of 

analysing the impact of using those features on Twitter sentiment analysis by looking at 

their presence/absence or their frequency in a tweet [87].  

For example, a tweet (e.g., @ycfireems: List of #MD center of cooling: bit.ly/prBr6u) 

has a short URL, links to a page, a hashtag (e.g., “#MD”), indicates a topic, and “@” sign 

which means that it is replying to somebody. These features provide extra signals for 

determining whether a tweet is for specific event or not. If a tweet contains an “@” sign, 

it is likely to relate to personal communication. From this example we can conclude that 

Twitter-Specific Features have a deep impact on Twitter sentiment analysis. 

 

3.10  Financial tweet sentiment analysis  

With the rapid increase in the use of sentiment analysis of social media, the desire to 

exploit this research trend in financial forecasting has become great, and more efforts 

have been devoted in this direction. One of the most well-known research works in this 

direction is by Bollen [89]. The main question of this research was: ‘is there any 

correlation between the Dow Jones Industrial Average (DJIA) values and the aggregated 

moods extracted from Twitter feeds over time?’. In this research, two mood tracking tools 

were analysed. The first one was OpinionFinder [89] to measure positive and negative 

mood, and the second one was Google-Profile of Mood States (GPOMS ) to measure 

mood in terms of Sure, Vital, Kind, Calm, Alert, and Happy. To cross-validate the mood-

time series results, they compared with the same system’s performance in detecting the 

response of the public to Thanksgiving Day and the presidential election in 2008. To 

investigate the hypothesis that public mood can be used to predict the changes in closing 

values of DJIA,  a Fuzzy Neural Network and The Granger causality analysis were used. 

The authors concluded that the accuracy of the system could be improved by including 

specific dimensions of the public mood. 

Smailovic et al. [90] studied the possibility of using the sentiment carried by tweets that 

concern a particular company and its products in predicting stock price changes of this 

company. To address this problem, they developed an active learning approach for 

sentiment analysis to deal with tweets of the stock market domain. A Support Vector 

Machine (SVM) classifier was used in this paper to categorize Twitter posts into three 



Chapter 2: Literature Review 
 

33 
 

sentiment categories of positive, negative, and neutral.  To train this classifier in the right 

way, they used the incremental active learning approach, which gives the algorithm the 

ability to choose new training data from a dataset. They collected 152,570 tweets talk 

about relevant stock information related to eight companies (Apple, Microsoft, Amazon, 

Netflix, Google ,Baidu, Cisco,  and RIM) in  a period of  nine-month time. At the same 

time.  

they collected stock closing prices of these companies from the Yahoo! Finance website. 

The result of this study proved that there is a wide possibility of using stock-related tweets 

sentiments as indicators of stock price change a few days in advance. 

To this end, determining the best querying techniques for the SVM classifier active 

learning has attracted many researchers to conduct a series of experiments in the field of 

sentiment analysis of financial tweet streams. The results of these experiments that 

specified in analysing companies stock market sentiments showed that there is a 

relationship between positive sentiment probability and the changes in stock closing 

prices [91],[92]. 

Atzeni et al. [91] examined the correlation between the rises and falls in stock prices of a 

company and the opinion of the public regarding that company as expressed in tweets. In 

this study, two textual representations, N-gram, and Word2vec were applied for public 

sentiment analysis. The results of this research concluded that the positive tweets and 

news about a company would encourage people to invest in this company and as a result, 

the stock price will rise. Furthermore, this study shows that there is a strong relationship 

between the public sentiments in tweets and the changes in stock prices. Despite the 

proved link between market dynamics and sentiments, the accuracy of the machine 

learning-based sentiment analysis approaches applied was still under 70%.  

In another direction, Pagolu et al. [92] studied the ability to predict real-valued sentiment 

Scores for the financial domain. They compare five different classifiers that trained on 

two datasets. 

The first dataset consists of tweets focusing on stock market events, and the second one 

consists of financial news headlines. the main features used to test this approach are 

lexical features, semantic features, and combination of both. The experimental results 

show that the accuracy of this approach is exceeded 72%. 
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Text-analysis oriented work in the area of qualitative financial indicators for companies 

is, so far, few and far between. An example, however, are Hajek and Olej [93], who use 

sentiments in annual reports as an indicator of the future financial performance. However, 

even though the language used in online news, social media websites about finance may 

significantly influence future business earnings [94], little work so far has used social 

media in automated business analysis. Hoteit [95] used financial data from three stock 

markets, NASDAQ, Nysa, and Amex, in conjunction with investors’ tweets for the same 

companies. He concluded that there is no correlation between the investor's sentiment and 

financial distress. The main limitation of this study is that the collection of tweets 

comprised only tweets that carried the symbols of the companies and did not consider the 

tweets that mention the full name of the companies and focused on only the investor's 

sentiments.  

Furthermore, Naan et al. [96] investigated whether the online sources predict the aspects 

of the Standard & Poor’s 500 stock market and to what extent. Using online data from 

social media platforms like Twitter, several forums, and Yahoo Finance news, the authors 

gathered 2,971,381 messages related to the stock market index from June 2011 to 

November of the same year. As this public data were not assigned to a particular stock, 

Naan et al. [96] used “cashtags” which are stock ticker symbols that are prefixed with a 

dollar sign, to enable their categorizations. The next step was to analyze the classified 

data in order to find their sentiments by applying the Naïve Bayes technique. This  

sentiment analysis is a machine learning approach that needs relevant training data to map 

the dataset with the corresponding sentiments. For this reason, the authors manually 

assigned either a positive or a negative label to a few hundred messages and then used 

them for training their system. After classifying all messages according to their sentiment, 

the authors were then calculated the total amount of positive and negative messages for 

each month as well as the total amount of positive and negative posts per day. To find the 

sentiment predictor, they divided the daily related comments by the monthly sentiment. 

A positive result was identified as a positive movement, while a negative one as a 

downward movement. Using this simple trading model the authors found the stock 

movement per day. The evaluation of the model showed that taking the sentiment analysis 

into consideration can increase the investment of the stocks around 0.50% per trade.  

In a recent study, Debakker [97] focused on the impact that social media platforms can 

have on the quarterly revenue of Fortune 500 companies. The author used both brands 

hosted pages and fan-created pages to gather posts and comments from Facebook while 
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tweets and replies from Twitter during the years 2014 and 2016. The collected data were 

then filtered to remove features like special characters, numbers, hashtags as they do not 

contain any sentimental value. Moreover, all words were converted to lower case. After 

which, a sentiment analysis package named the Sentiment was used in order to find the 

sentiment of the preprocessed online data. For investigating the correlation between the 

online sources and the Fortune 500 quarterly revenues, the author used the Granger 

causality analysis. As the activity for most of the companies was higher on Twitter, 

Debakker [97] found that there is a stronger relationship between the metrics of this social 

media platform and the quarterly revenue. However, the author noted that the insufficient 

amount of gathered data on Facebook could be a possible reason for the low correlation 

between the metrics of the aforementioned social platform and the Fortune 500 revenues. 

The author suggested that future research is needed for the investigation of this popular 

platform. 

 

3.11 Performance evaluation 

The most used metrics for measuring and evaluating the performance of text classification 

are accuracy, recall, precision, and F-measure. These metrics have different ways to 

validate accuracy and can be used for describing the success of Twitter classification 

methods in different aspects.  In data mining, accuracy can be defined as the sum of the 

true positive and true negative divided by the total number of predictions as shown in 

Equation 2.13. 

  

                                       accuracy =   
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
          (2.13) 

 

Whereas recall represents the ratio of true positives to all documents that correctly 

predicted, that is, true positives divided by the sum of false negatives and true positives 

[98], as shown in Equation 2.14. 

                                                        recall=
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
          (2.14)      
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Precision, in general, is the ratio of true positives to all positive documents that correctly 

predicted, that is, true positives divided by the sum of true positives and false positives 

as shown in Equation 2.15. 

precision =   
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
                               (2.15) 

To maximise both precision and recall, Hong et al. [100] focused, in their study, on the 

interestingness of tweets. They defined precision as the ratio of interesting tweets for one 

user to all tweets that available for the same user, whereas recall is the ratio of interesting 

tweets for one user to all interesting tweets for all users. The results of this study showed 

that when the followers increase, recall increases, and precision decreases. Using this 

form of measurement, Pak and Paroubek [101] conducted a study of sentiment analysis 

to determine the sentiment of a collection of tweets. In this study, they choose to use 

accuracy and decision as an alternative to precision and recall. Furthermore, they deemed 

precision as accuracy and defined decision as: 

Decision =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑡𝑤𝑒𝑒𝑡𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑡𝑤𝑒𝑒𝑡𝑠
                   (2.16) 

 

In the present study, for market trend prediction, if the decisions are coherent with the 

categorisation, the classification of a tweet into positive, negative, or neutral is correct. 

The F-measure is another commonly used metric that is an important measure for 

sentiment classification quality. This statistical tool is the consistent mean of precision 

and recall [102] as shown in the following equation: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
(2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙) 

(2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙)
                                  (2.17) 

 

Additionally, sensitivity and specificity are other measures to verify the clustering 

algorithm. Sensitivity is known as true positive rate while specificity is known as true 

negative rate [114] that defined as: 

Decision =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑡𝑤𝑒𝑒𝑡𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑡𝑤𝑒𝑒𝑡𝑠
             (2.18) 
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3.12 Conclusion  

A lot  of researches  has been done on social media analysis in the area of finance. We 

can categorise the applications in two directions. The first direction is to find the 

relationship between the movement of stock prices and the public mood carried by social 

media messages. In this direction, the main research question is; is the public mood 

affects the price move of companies’ stock. The second directing is about predicting 

future stock price by analysing the sentiments social media messages. The main drawback 

of both directions is they only focus on one aspect which is the stock price and is little or 

no work reported that focusses on business aspects such as productivity, competitiveness. 

Analysing these aspects is not only to predict the future performance of companies but 

also give financial analysts and investors a clear picture of the companies in present time 

or future. 

 A large variety of features have been used in the literature, including Semantic Features, 

Syntactic Features, Stylistic Features, Twitter-Specific Features. Each of these features 

has its unique properties that have a direct effect in enriching the classification, and 

however, when it comes to news headlines tweets where the language in which these 

headlines are written is more formal, the Syntactic Features are the most useful features. 

To represent Syntactic Features, BOW is used as it is simple and straightforward, which 

has contributed to it being the fundamental and most conventional approach. 
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4 Using Twitter News Headlines in Business Intelligence 

 

4.1 Overview 

Recently, social networks have become the focus of much attention because of what sites 

such as Twitter and Facebook offer to billions around the world and the massive volume 

of data generated daily by individual users. Twitter comes in at the forefront of social 

media outweighing any other means of communication between people. With more than 

million active users exchange about 500 million messages per day, new opportunities 

have become available to researchers, practitioners, and start-ups [107].  

 

 In this chapter, our focus is on business news. Global news providers now regularly share 

their news headlines on social media services such as Twitter to take advantage of its 

global reach, and the potential for rapid dissemination. Given a large number of news 

providers that regularly use Twitter, it can be seen as a melting pot, which probably 

carries, most of the news generated around the world. Among all this news, business and 

finance news represents a large portion.  

  

The constant stream of such news carries lots of information which relates to the current 

(and future) performance of companies. Much recent research effort has been conducted 

in the field of twitter data applications, ranging from crisis managing to marketing 

[19,20], but very little work has yet emerged in this context in the area of business analysis 

(except for broad measures of sentiment).  

 

 In this chapter, the primary research question being investigated is this: can useful 

business performance signals be extracted from social media? An implicit aspect of our 

research question is the fact that we are interested in relatively fine-grained indicators, 

such as separate signals about productivity, competitiveness, and risk, rather than broad 

indicators such as the volume of discussion or overall sentiment.  

  

In this chapter, we begin to explore this question by examining whether useful business 

signals can be extracted from Twitter news sources. After filtering tweets to leave those 

that mention a specific company/business of interest, our broad approach is then to focus 

on three aspects of performance (which we later call business topics) that are often used 
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by business analysts: productivity, competitiveness, and industrial risk. Towards this end, 

we first procured a real-world dataset of tweets from appropriate sources and used expert 

business knowledge to manually annotate each of these tweets by assigning a business 

topic and a sentiment value. We then used this data set (freely available at 

http://is.gd/TBdatasets) to develop a two-step process for automated extraction of novel 

business signals. In the initial step, the challenge is to automatically identify whether or 

not a specific tweet is relevant to one of these business topics. In the second step, once 

the tweet has been classified as relating to a specific one of those topics, we automatically 

rate it on a sentiment scale  

 The remainder of this chapter is organized as follows. Section 3.2 describes the creation 

of our annotated business performance dataset and provides details of feature processing. 

Section 3.3 then describes our two-step process of training classifiers for business-topic 

classification and then sentiment classification and provides estimates of performance via 

cross-validation results of the two-step process on our training set. This section ends with 

a brief study on a further dataset collected after the initial study. Finally, in section 4, we 

discuss the conclusions and limitations of the current study and make suggestions for 

future research.  

 

 

3.2    Classified Twitter datasets for business performance analysis 

 Twitter offers the ability to retrieve a limited number of streaming tweets, up to 200 at a 

time, using a Twitter streaming API. This API was used, with appropriate filters set. 

These filters were as follows. 

1- All tweets are written in English language  

2-  all tweets Must contain the name of the following companies: Airbuse, Alaska, 

Tesla, DirectTV, Coupon, Lululemon, Nissan, Vodafone, Quiksilver, Shutterfly, 

Zynga, Toyota, Citigroup, amapar. 

3- The collection start date was from 21st November 2015 to 1st September 2016 

 

Using above parameters, we collected several thousand tweets over a continuous period. 

These were stored in a MongoDB database in JSON format [108]. Following some 

preliminary analysis, it was determined that a further filtering step was helpful to facilitate 

training (and deployment of the resulting classifiers). Bonafide business news sources 

tend to place the company name first in the tweet. When broadcasting news, that is mainly 
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about that company. By filtering the dataset only to contain tweets where the company 

name was the first word (after the prior removal of stop-words, as part of the cleaning 

process described next), we were able to eliminate a substantial amount of noise; tweets 

containing Uber, for example, but not as the first word, were disproportionately more 

likely to not be about the company Uber. In the first pre-processing stage, each tweet was 

cleaned to reduce noise and facilitate further processing. This stage involved five steps 

as follows: 1. Conversion to lower case; 2. Elimination of all URLs, by replacement with 

the word ’URL’; 3. removal of all punctuation and additional whitespace; 4. removal of 

all stop words (they are commonly used words in any language that may not carrying any 

useful information in text analysis. For eg: In English language, that, an, then, etc are stop 

words. NLTK package come with a comprehensive list of stop words in English.) [118]; 

5. Eliminate all Twitter ’mentions’ (e.g. ’@dwcorne’) these were all replaced with the 

generic ’at user’. 

 Finally, the ’cleaned’ collection of tweets was manually scrutinized and classified into 

two stages. First, a tweet was classified as belonging to one of the topics: productivity, 

competitiveness, industrial risk. A tweet was classified into one of these topics if it was 

deemed to be (1) referring to the business performance or prospects of a specific company 

(any single, specific company there was no pre-determined filter for company names), 

and (2) have particular relevance to this specific aspect (i.e. one of productivity, 

competitiveness, or industrial risk) of the company’s performance and prospects. Many 

tweets from the database were deemed to be noise of one sort or another, e.g. the tweet 

was not about a specific company and/or could not be clearly regarded as relevant to one 

of the three topics of interest.  

  

The broad guidelines used for deciding whether a tweet was primarily concerned with 

productivity, competitiveness, or industrial risk were as follows: 

• Productivity:  concerns with companies’ sales, revenues, losses, stock prices, etc. 

                Example: Tesla, EV Sales Continue to Grow in China 

• Competitiveness:  concerns with companies’ products, improvements, growth, 

etc. Example: Tesla puts Google's CFO in their driver's seat. This is getting             

interesting.  

• Industrial risk    concerns with companies’ manufacturing, employment, etc   

       Example: Tesla's $5 billion Gigafactory to be second largest plant in world after   

Boeing 
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At the end of this process. the result was a Twitter business performance profile dataset 

(BPPD), whose vital statistics are given in Table 3.1 

  

tweets labeled productivity 228 

Tweets labeled competitiveness 247 

tweets labeled industrial risk 577 

Total number of classified 

tweets 

892 

 Available at http://is.gd/TBdatasets 

Table 4-1 The details of the twitter business performance profile dataset 

Each tweet in the database, independently of the above process, was also expertly rated as 

being positive, negative, or neutral in the context of business performance or prospects. 

Again, that process led to a filtered collection of tweets, omitting any that were not 

specifically about a company and were not clearly classifiable to positive, negative or 

neutral in respect of business performance. The result of this process was another dataset 

that we call a Twitter business performance sentiment (BPS) dataset, whose vital statistics 

are in Table 3.2.  

tweets labeled positive 629 

tweets labeled negative 323 

Tweets labeled neutral 301 

Total number of classified 

tweets 

1253 

 Available at http://is.gd/TBdatasets 

Table 4-2: The details of the twitter business performance profile dataset 
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4.3 Experiments and results 

4.3.1  Preparation 

 

In cases where the volume of datasets is not large, such as the data in this research, it is 

difficult to divide this data into separate training set and testing set. Therefore, it is possible 

to apply n-fold cross validation method. This method is well known in Machine learning 

researches to deliver a more consequential result by using all the data in hand as both 

training and testing data. We applied 20-fold cross validation throughout our chapters for 

all measures which is recalls, precision and overall accuracy. Twenty equal sized parts 

were randomly formed from the dataset. In each fold, the classifier trained on 19 partitions, 

and tested on the remaining one. This process will be repeated 20 times in each time   one 

fold is held out for testing.  Appling this method ensures that all datasets is used for both 

training and testing and insuring that overlapping problem is not exist. The results of these 

20 classification tasks were then pooled for calculating the average results for the dataset. 

This technique lowers the variability of the classification [119],[120]. 

 In Table 3.5 we indicate the Precision, Recall and F-measure for each of the three business 

performance classes. For completeness, we note next the definitions of these three metrics. 

Recall, in context, for a given class c, is the proportion of the tweets, among those which 

actually have class c, which was predicted to have class c. In terms of true positives (TP) 

and false negatives (FN), recall can be written as: 

                                           Recall                          (3.1) 

Meanwhile, Precision is the proportion of the tweets, among those that were predicted to 

be class c, which actually is in class c.  It can be calculated in terms of true positives (TP) 

and false positives (FP) as follows: 

                                           Precision            (3.2) 

Finally, the F-measure is the harmonic mean of precision and recall, often used to 

characterize two-class classifier performance. For two quantities a and b, the harmonic 

mean is simply: 

                                                                               (3.3) 

FNTP

TP

+
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FPTP

TP

+
=
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The F-measure is also often referred to as the F1-score. 

We compared the performance of Naïve Bays classifier for both tasks (business 

performance topic classification and sentiment classification) with the performance of 

three machine learning classifiers, which are: support vector machines (SVM), decision 

trees (DT), and K-nearest neighbor (KNN). Please refer to section 2.7 for a description of 

these classifiers in the context of text data. 

4.3.2 Tuning Hyperparameters of  the classifiers  

Well-known supervised machine learning algorithms consist of hyperparameters that 

must be determined before running them. There are three Options for setting these 

hyperparameters. First one is to use the default values from the software package. Second 

one is to manually adjust these hyperparameters which is time consuming. Finally, to 

configuring them for best predictive performance by a tuning procedure 

In this research, the Grid Search technique was implemented for tuning SVC, DT, and 

KNN classifiers to discover the best hyperparameters. The implementation of Grid Search 

is straightforward [121]. A set of dictionaries of classifier hyperparameters and their 

values are feed to it first and then run a thorough search over all possible combination of 

given values. After that the classifier is trained   for each set of values. Then Grid Search 

algorithm will do a comparison on the score of each model it trains and keeps the best 

one. In this work we use GridSearchCV. This algorithm   performs a cross validation 

search on a list of dictionaries of hyper-parameters for a given model. The parameters 

grids that were tested are available in table 3.3. 

 

Model Parameters Grid 

SVM kernel: rbf, gamma: [1e-3, 1e-4]  ,C: [1, 10, 100, 1000] 

kernel: linear,   C: [1, 10, 100, 1000] 

DT criterion: [gini, entropy] 

 max_depth: range(4,200) 

KNN n_neighbors: range(2, 10), 

 weights: [uniform, distance] 

metric: [euclidean, Manhattan, minkowski] 

Table 4-3: Classifiers and their corresponding parameters to tune.  

https://ieeexplore.ieee.org/abstract/document/8527470/
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4.4  Results and discussion  

Table 3.4 and 3.6 and figures 3.1 and 3.2 summarizes the test-set performance of Naïve 

Bayes compared to SVM, DT, and KNN classifiers on the business performance topic and 

sentiment task. 

 To get the best performance of these classifiers we conducted grid search for their hyper-

parameter’s optimization. This algorithm, as we explained in Section 3.3.2, works by 

training a given model on the training data for each unique combination of parameters and 

then returning the parameters of the model that have the best performance. In order to 

avoid randomness, 3-fold cross validation is done for the process of the grid search. In 

more details, as we examine each classifier in 20-fold cross validation, in every fold we 

actually train 3 different models for each unique combination of parameters using training 

portion. The best combination of parameters then will used to run the classifier and 

calculate the accuracy of this fold using the testing portion. At the end we will have 20- 

fold crass validation with the best combination of parameters for each fold. This method 

is called nested cross-validation. This method is based in two loops. The outer loop is for 

validating the model and the inner loop is for validating the best combination of 

hyperparameters of the model in each fold in the outer loop. In other words, for each 

iteration of the outer loop, only one model (the best one) will be selected, and this model 

will be assessed on the test set for this outer fold. After finishing the outer loop, you will 

have K estimates, and by averaging the accuracy of all estimates, the quality of the models 

can be assessed. By applying this method we avoid the   risk of optimistically biasing our 

model evaluations that caused by the leak when using the same test set to both select the 

values of the parameter and evaluate the model [142]. 

First classifier we implemented was SVM for both topic and sentiment classification tasks. 

The list of   parameters for this classifier is shown in Table 3.3. first, we run the classifier 

on our dataset using default setting of its parameters then we applied the grid search. The 

results show that by using grid search, the mean of the 20-fold accuracy increased by 0.5%. 

the best combination of this classifier’s parameters for both tasks is: 

𝑘𝑒𝑟𝑛𝑒𝑙: 𝑟𝑏𝑓, 𝐶: 100, 𝑔𝑎𝑚𝑚𝑎: 0.001 

The second classifier in our work is decision three classifier, we compared the 

performance of this classifier with default parameters setting and with the tuning 

parameters using grid search. In this search, we used a range of max_depth parameter’s 

values instead of predefined values to ensure that we get the best value of this parameter.   
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The disadvantage of this method is that it is time consuming. The results show that for our 

datasets, there is no improvement when using grid search.  The best combinations of 

parameters differed between the 20-fold with no apparent superiority of one combination 

in both tasks as it can be seen in following table as an example: 

1 criterion': 'gini', max_depth': 118 

2 criterion': 'gini max_depth': 158 

3 criterion': 'entropy 'max_depth': 141 

4 criterion': 'gini max_depth': 207 

5 criterion': 'gini max_depth': 124 

6 criterion': 'entropy max_depth': 120 

7 criterion': 'entropy max_depth': 149 

8 criterion': 'gini max_depth': 130 

9 criterion': 'gini max_depth': 250 

10 criterion': 'entropy max_depth': 109 

Table 4-4 example of the best combination of DT parameters  

Finally, We implemented KNN classifiers in both methods in which the classifier runs 

with its default setting of the parameters and with its optimal parameters that chosen by 

grid search. In this experiment, we noticed that for every run of the classifier with 20-fold 

validation, the best k-value for each of the twenty-fold varied with the distance chosen for 

the weight’s parameter. This is due to the random division of these folds as the grid search 

selects the optimal parameters for each fold independently. The result shows that the 

accuracy raised from 0.80 to 0.83 for topic classification task and from 0.74 to 0.78 for 

sentiment classification task using grid search and the optimal parameter set for both tasks 

are: 

𝑛_neighbors: 2, 𝑤𝑒𝑖𝑔ℎ𝑡𝑠: 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒     𝑚𝑒𝑡𝑟𝑖𝑐: 𝑚𝑖𝑛𝑘𝑜𝑤𝑠𝑘𝑖   

4.4.1  Statistical Significance Testing 

 Benavoli et al. [123] endorses the use of Bayesian analysis to test statistical significance 

rather than using the frequentist null hypothesis significance testing (NHST), which 

wrongly based on the assumption that both p-value contain sufficient information about 

the likelihood of the null hypothesis and that the practical significance comes from 

statistical significance. 
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Bayesian analysis answers the most important question of interest in more natural way: 

“is method A better than method B?”. Benavoli et al. adopt the  Kruschke et al [124] point 

of view that it is feasible for variations in performance µ, to be close enough to the null 

value as to be equivalent for practical determinations. this zone of practical equivalence 

(rope) is an interval [-r,r] mathematically centered on zero. For classifiers, the interval [-

0.01,0.01] likely to be suitable [123]. 

  Bayesian Sign test is a non-parametric pairwise Bayesian sign test based on the Dirichlet 

process [125]. This test compares two algorithms (A vs B) by computing the distribution 

with the difference of the results obtained by these classifiers.  The position of most of the 

distributions in one of the three regions: left (dominance of method B), rope (statistical 

equivalence) and right (dominance of method A) determines which of the two classifiers 

is better.   

 After the process of optimizing SVM, DT, and KNN we compared their performance on 

our datasets with Naïve Bayes classifier. The results show that, as it can be seen in table 

3.2 and figure 3.1, Naïve Bayes gain the highest Overall, 20-fold accuracy for this task 

with a percentage of 0.91 followed by SVM, which achieved 0.90. Regarding DT and 

KNN, they performed with less accuracy at 0.89 and 0.83, respectively. 

 We performed   Bayesian Sign test for NB 20-fold accuracies and the other three methods 

to find out which method is performing better.   The posterior plots report the samples 

from the simplex (triangle), the posteriors, and three regions. The lower left region 

represents the case where the probability that NB is better than the other classifier, the 

opposite region represents the other classifier, and the top region represent that it is more 

likely that neither classifier is better. In conclusion, the greater the number and 

concentration of points in one of the three areas of the triangle that represent one of the 

classifiers, the better this classifier is statistically. (Superior to other two methods). As it 

can be seen, in figure 3.3 NB and SVM classifiers are equally performing and no 

superiority for one method where the points distribute evenly over three regions. we can 

see also that the majority of the points located in the region of NB classifier proving that 

this classifier is superior to other two classifiers.  

  Table 3.6 indicates the performance of NB classifier for sentiment aspect compared to 

DT, SVM, KNN. The SVM classifier achieved the most significant 20-fold average 

accuracy of 0.90, followed by NB with 0.89 accuracies, whereas KNN occupied the 

weakest. We performed Bayesian Sign test to compare NB to each of the three other 
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techniques respectively The results were as follows: NB and SVM classifiers are equally 

performing and no superiority for one method where the points distribute equally over 

three regions as it shown in figure 3.4. We can see in this figures, the majority of the points 

located in the region of NB classifier stating that this classifier is superior to other two 

classifiers., this suggests that both SVM and NB is statistically superior to KNN and DT 

in this context.   

 Productivity competitiveness Industrial risk 20-fold ave 

acc 

20F-

P 

20F-

R 

20F-

F 

20F-

P 

20F-

R 

20F-F 20F-

P 

20F-

R 

20F-

F 

 

NB 0.94 0.98 0.96 0.86 0.85 0.85 0.86 0.80 0.83 0.91 

SVM 0.95 0.96 0.96 0.83 0.82 0.82 0.82 0.80 0.80 0.90 

DT 0.95 0.96 0.95 0.82 0.75 0.78 0.77 0.81 0.79 0.89 

KNN 0.79 0.98 0.87 0.89 0.60 0.71 0.95 0.60 0.88 0.83 

Table 4-5: comparison of four machine learning methods (NB, SVM, DT, and KNN) 

for the business performance profile classification task on our BPPDD dataset. 

Precision, recall, and f1 scores are shown for each class, along with overall mean 

accuracy  

 

Figure 4-1: comparison of four machine learning methods (NB, SVM, DT, and KNN) 

for the business performance profile classification task in terms of precision, recall, f1 

score, and overall mean accuracy 
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 POSITIVE NEGATIVE NEUTRAL 20-fold  

acc 

20F-
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20F-

R 

20F-
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20F-

P 

20F-

R 

20F-

F 

20F-P 20F-

R 

20F-

F 

 

NB 0.85 0.91 0.88 0.84 0.86 0.85 0.97 0.88 0.85 0.89 

SVM 0.89 0.90 0.90 0.88 0.85 0.86 0.92 0.94 0.93 0.90 

DT 0.87 0.87 0.86 0.82 0.80 0.81 0.91 0.91 0.91 0.87 

KNN 0.91 0.70 0.78 0.92 0.63 0.74 0.67 0.96 0.78 0.78 

Table 4-6: comparison of four machine learning methods (NB, SVM, DT, and KNN) 

for the business performance sentiment classification task, on our BPPDD dataset. 

Precision, recall, and f1 scores are shown for each class, along with overall mean 

accuracy  

 

Figure 4-2: comparison  of NB, SVM, DT, and KNN) for the business performance 

sentiment classification task in terms of precision, recall, f1 score, and overall mean 

accuracy 
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Figure 4-3: Posterior for NB vs. SVM, DT and KNN for Bayesian sign-rank test for 

topic classification 

 

Figure 4-4: Posterior for NB vs. SVM, DT and KNN for Bayesian sign-rank test for 

topic classification 
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These results suggest that our broad approach provides a reasonably accurate and robust 

way to automatically assign both business performance topic, and associated sentiment to 

a tweet. Since results of this type are achievable with relatively straightforward feature 

engineering and a simple machine learning method, we have (1) arguably shown clear 

feasibility for this approach, and (2) can suggest that additional work could lead to new 

tools for sharp, speedy, accurate and insightful Social-Media based business analysis tools.  

Towards that direction, it is interesting to consider what we found to be the most 

informative features. These are presented in Table 3.7, arranged in terms of a simple 

measure of informativeness, which is detailed in the second column. For example, the 

existence of the term ‘revenue’ in a tweet had the second highest informativeness score 

(33.3), which was the ratio of its frequency in tweets of one class divided by its frequency 

in tweets of another class (in this case, productivity vs industrial risk). 

 

 

 

term Informativeness 

revenue 33.3  (pro:in) 

quarter 26 (pro: in) 

sales 23.4  (pro:co) 

profit 19.2 (pro:in) 

posts 16.3 (pro:in) 

iphone 12.9 (co:in) 

profits 12.0  (pro:in) 

earnings 10.4 (pro:co) 

Facebook 10.3 (pro:in) 

Table 4-7: The most informative features which were sorted by the ratio of its frequency 

in tweets of one class divided by its frequency in tweets of another class 
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To some extent, the information in Table 3.7 is populated by specifics relating to our 

training set. However, it brings two issues to the forefront. First, the specific terms that 

turn out to be informative are not surprising in context, and this suggests that careful 

feature engineering (focusing on likely terms, their synonyms, combinations, and so on) 

could be particularly valuable in this area. Second, it is clear that the most successfully 

and least successfully classified categories (productivity, industrial risk) are also those that 

respectively had the most and fewest informative features available. 

          

4.5  Using our approach to monitor business prospects: a real-world 

dry-run 

To explore the use of our model in a real-world environment, we collected tweets from 

trusted business news sources, from 21st November 2015 to 1st September 2016. Our 

collection parameters automatically filter tweets to this prominently mentioning one of the 

following ten companies: Airbuse, Alaska, Tesla, DirectTV, Coupon, Lululemon, Nissan, 

Vodafone, Quiksilver, Shutterfly, Zynga, Toyota, Citigroup, amapar. Some of these 

companies, according to the 24/7 Wall St, suffered many problems such as: 

-Losses and decreasing sale 

-Loss of their popularity associated with a withering market share 

-Rising prices have limited the ability of those companies to recoup with the high 

production costs. 

 

 This (unclassified) collection is also available at the URL resource indicated previously 

in Table 3.1. For present purposes, we call this the ‘validation set.’ 

We trained two Naïve Bayes classifiers, as previously described (one for business topic 

classification, and one for sentiment). Each was trained on the entire previously described 

dataset and then used to classify each tweet in the validation set.  

Table 3.8 illustrates the activity of using this approach to monitor the business 

performance and prospects of Blackberry during this period. We choose this company as 

a case study because it has deteriorated in last five years and been predicted to disappear 

according to the 24/7 Wall St. to examine our approach; we compared its output with 

Altman Z- score for Blackberry during the same period. Altman Z-score is one of the most 

straightforward fundamental approach to determine the likelihood of a company failing. 
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To approximate the Altman Z-score, the model uses available fundamental data of given 

equity and calculated by evaluating five fundamental price points [136] . It has been 

summarized that Companies with Z-scores greater than 2.99 are classified as in “safe” 

zone, which means they are not suffering financially. Those with Z-scores between 1.8 

and 2.99 are classified as  in the “grey zone” and those with Z-scores less than 1.8 are 

classified in the “distress” zone(0)  

 

  NOV FEB MAY AUG 

Productivity 4.3 1.5 1.5 1.3 

Competitiveness 5.6 4.6 5.6 3.1 

Industrial risk 2 1 1 1 

Z SCORE 2.011 1.92 1.28 0.53 

Table 4-8:  comparison between our positive to negative ratios obtained from our 

approach and Altman Z-scores for Blackberry during showed period 

 

 

 

Figure 4-5:  comparison between our positive to negative ratios obtained from our 

approach  and Altman Z-scores for Blackberry during showed period. 

Each entry in table 3.8 indicates the ratio of total to negative tweets relating to Blackberry 

compared with the Z-score for the four-period indicated. Total Positive to negative ratio 

is calculated for each indicator using the following equation: 

0

1

2

3

4

5

6

NOV FEB MAY AUG

Productivity Competitiveness Industrial risk Z SCORE



Chapter 3: Using Twitter News Headlines in Business Intelligence 
 

53 
 

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑠𝑢𝑚 + 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠𝑢𝑚

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠𝑢𝑚
        (3.4) 

Where 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑠𝑢𝑚 denote the count of tweets that classified as positive and belong to 

one of our three business topic class and 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠𝑢𝑚 denote the count of tweets that 

classified as negative and belonged to the same topic class. 

From the table and associated graph, Blackberry perceived productivity was declining 

sharply over the monitored period, whereas industrial risk maintained a moderate positive 

level. Competitiveness started high but experienced a steady fall, remaining positive but 

subdued towards the end of monitored period. Comparing with Z-score that gradually 

declined over this period, it can be seen that our indicators toke the same trend with 

different degrees. These observations are a fair reflection of how Blackberry’s fortunes 

and prospects were perceived in the business world over the monitored period. And we 

can conclude that Blackberry was in gray zone in November which is reflected by our 

productivity indicator. Despite a good level of competitiveness shown by our indicator, Z-

score declined gradually even with moderate level of industrial risk to end in August with 

low Z-score putting this company in high level of destressing.    

 

4.6 Conclusions  

Microblogging websites are playing an ever-growing role in connecting people around the 

world and providing a huge platform of data that can be attractive for opinion mining and 

sentiment analysis.  

In this chapter, we have presented a method for producing novel business indicators that 

can be used for providing assessments of a company’s performance and future prospects, 

obtained purely via ‘listening’ to twitter headlines Our approach is based on independently 

applying both topic and sentiment classification, using four supervised classifiers trained 

on our dataset. these classifiers are SVM, KNN, DT, and NB. Furthermore, we used a 

straightforward bag-of-words model to build word-frequency vectors based on the set of 

words in our dataset. 

The results show reasonable levels of accuracy in both topic and sentiment classification 

with superiority of SVM and NB over the other two classifiers. This result approved by 

using Bayesian Sign test. 

The primary limitation of the work reported here is the relative simplicity of the feature 

engineering approach used. However, this is also a source of future promise.  
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Finally, we used our proposed method to monitor the business performance and prospects 

of a given companies during a period of time and compared the performance of this 

method with the Altman Z- score. The comparison shows that our method give a good 

level of monitoring reliability  
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5 Using Non- contiguous word features to improve Twitter 

News Headlines classification 

 

5.1 Overview 

Based on the fact that there is a shortage of Twitter news headlines features, we found out 

that there is a need for searching for more features that support our classification method 

One of the features that not covered by researchers, Is Non-Contiguous N-Grams. In this 

chapter we explain how to include these features in our twitter news headlines 

classification approach.   

In Section 4.2, we discuss the concept of non-contiguous N-gram features and contrast 

them with the commonly used N-gram features in text classification research. This leads 

to a consideration of a large number of features that are involved if we use non-contiguous 

N-grams, and consequently leads to a feature selection problem. In Section 4.3 we 

describe some metrics that are commonly used for feature selection in text classification. 

In Section 4.4 we describe the implementation of our three feature selection methods on 

bigrams and non-contiguous grams using NB classifier for topic and sentiment 

classification followed by a discussion of the result of using selected NC-grams and 

bigrams features in topic and sentiment classification. This chapter ends with a conclusion 

that summarizes the outputs of the chapter. 

5.2 Standard and Non-Contiguous N-Grams 

An ‘N-gram’ is a sequence of N contiguous words and is a well-known type of feature 

used in text classification research and sentiment analysis. Using N-grams as a feature in 

text classification is based on the hypothesis that sequences of words have the power to 

distinguish key concepts relevant to the meaning of a text, and these can be expected to 

be repeated more than once in the training sample. However, some researchers report only 

insignificant improvement when using extended BOW representation with 2-gram 

(bigrams) [111, 112,116,117] 

In contrast, the idea of using non-contiguous groups of individual words alone as features 

for text classification may seem to be less effective than using contiguous words (N-

grams), since there is a potential loss of meaning. For example, the phrase ‘high profit’ 
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carries a strong meaning. However, the two words ‘high’ and ‘profit’ cannot reliably carry 

the same signal as separate words, since they may appear, for example, within a phrase 

such as ‘a high risk of poor profit’. Consequently, little research has considered non-

contiguous groups of words. We considered that there might be value in exploring non-

contiguous N-grams, and we explore this idea in this chapter. The idea behind this type 

of feature can be summed up in the hypothesis that words within a small piece of text 

may be related to each other even if they are not contiguous. For example, “Facebook and 

Alibaba are reporting mind-blowing increases in mobile usage”: in this tweet the word 

stems ‘report’, and ‘increase’ are clearly related to each other despite not being 

contiguous, and we can tokenize this combination. 

Facebook and Alibaba are reporting mind-

blowing increases in mobile usage 

[’ Facebook Alibaba’ ,’ Facebook reporting’,’ 

Facebook mind-blowing’,’ Facebook 

increases’,’ Facebook mobile’,’ Facebook 

usage’,’Alibaba reporting’,’ Alibaba mind-

blowing ’,’ Alibaba increases’,’ Alibaba 

mobile’,’ Alibaba usage’,’ reporting mind-

blowing’,’ reporting increases’,’ reporting 

mobile’,’ reporting usage’,’ mind-blowing 

increases’,’ mind-blowing mobile’,’ mind-

blowing usage’,’ increases mobile’,’ 

increases usage’,’ mobile usage’] 

Table 5-1: example of non-contiguous grams extracted from tweet. The example shows 

the possible combinations that can be made from one tweet 

The use of non-contiguous N-gram (NCNG) features leads to a far larger number of 

potential features than the use of standard N-grams. For example, a tweet with k distinct 

words precisely contains k -1 standard bigram features. However, it contains k(k-1)/2 non-

contiguous bigram features. With so many features, we can expect that a large proportion 

may provide more noise than discriminatory value and may reduce classification 

accuracy. 

Furthermore, the large size of the feature set often leads to an increase in the time required 

to complete the classification process and the depletion of available computing resources. 

To get the most out of used features, the feature selection methods must be used to reduce 

the dimensionality of feature space and increase the accuracy of the classification process. 
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Many feature selection methods have been used for this proposes. For our work, we 

proposed new approach of features selection based on giving a rank for every Bigrams 

and NC-grams using three method that measure the probability of the occurrence of these 

features within each class dataset according to their frequency of their component. These 

ranks will be used for wrapping feature selection to choose the optimal feature set that 

achieve the best accuracy. 

5.3   Features ranking methods 

Collocations are frequent in texts and convey lexical discrimination. Therefore, two or 

more words that co-occur in text corpora (much) more often than expected by chance 

(most) feasibly comprise a collocation.  To test this hypothesis of dependence, several 

metrics have been implemented by the corpus linguistics community. such as CH-Square, 

Likelihood ratio, and Pointwise Mutual information. These metrics give a rank to these 

combined words in different ways. In our work, we deemed our classified dataset not one 

corpus and instead we divided it to three corpora according to our classes. The ranking 

methods will rank NC-grams separately for each class and produce a list of ranked 

features and get it ready for wrapping feature selection.   

In this section, we review the mechanism by which three feature ranking methods work 

to give ranks NC-grams. In addition to that we used small dataset belong to productivity 

class only to show how these methods give scores to NC-grams, as it is shown in table 

4.2. This dataset was obtained from our primary dataset that illustrated in chapter3 and it 

is a part of productivity class tweets. 
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The number of tweets 98 

Total number of unigrams 734 

Number of unique words 393 

total number of NC-grams 2672 

number of unique NC-grams 2378 

                                         

                                      Table 5-2: a sample of productivity class dataset 

5.3.1 Pointwise Mutual information  

Pointwise Mutual information PMI is one of the measures of information interfere 

between two variables that occur randomly. For example, if we have two random 

variables 𝑋 and 𝑌 and their marginal probabilities are 𝑝(𝑥) and 𝑝(𝑦) whereas their 

probabilities of happening together are 𝑝(𝑥, 𝑦)then we can define PMI as: 

         𝑃𝑀𝐼(𝑥, 𝑦) = 𝑙𝑜𝑔
𝑝(𝑥, 𝑦)

𝑝(𝑥)𝑝(𝑦)
 

           

In our case, the PMI is the ratio the given probability of the occurrences of the non-

contiguous in single class data divided by expected number of the occurrences when 

considering that each word in the non-contiguous gram occurs independently.                             

From the result that show the top ranked feature using PMI and Illustrated in Table 4.3, 

the Non-contiguous grams ‘sale quarter occurred two times in the productivity class, and 

the first element frequency is 25, and the second is 16.  We can calculate PMI for ‘sale 

quarter’ as follows: 

𝑝(𝑥) =
𝐹𝑖𝑟𝑠𝑡 𝑤𝑜𝑟𝑑 𝑓𝑟𝑒𝑞

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠
=

25

734
 

𝑝(𝑦) =
𝑠𝑒𝑐𝑜𝑛𝑑 𝑤𝑜𝑟𝑑 𝑓𝑟𝑒𝑞

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑛𝑖𝑔𝑟𝑎𝑚𝑠
=

16

734
 

𝑝(𝑥, 𝑦) =
𝑁𝐶 −  𝑔𝑟𝑎𝑚𝑠 𝐹𝑟𝑒𝑞

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑁𝐶 − 𝐺𝑅𝐴𝑀𝑆
=

2

2672
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𝑃𝑀𝐼(𝑥, 𝑦) = log
𝑝(𝑥, 𝑦)

𝑝(𝑥)𝑝(𝑦)
 

= log
0.00074

0.0340 × 0.0217
≈ 0.13 

 

 the PMI score is 0.13. This means that w1 in location n associated with w2 in location n-

1 by 0.13 more than expected by chance. Also, we can conclude that the non-contiguous 

grams that occur one time in the productivity class gained highest scores.  

 

NC- grams First freq Second freq NC- grams Freq PMI 

Sales quarter 25 16 2 0.13 

Percent percent 16 16 2 0.44 

Estimates sales 9 25 2 0.57 

Percent quarter 16 14 3 0.57 

Sales shares 25 12 3 0.69 

Sales percent 25 16 4 0.69 

Quarter profit 13 14 2 0.78 

Beats sales 7 25 2 0.82 

Quarter shares 14 12 2 0.86 

Sales stock 25 6 2 0.97 

Sales rise 25 11 2 1.28 

Table 5-3 the top PMI scores of non-contiguous grams with its frequencies for 

productivity class tweets  sample 

 

 

 

 

 

 



Chapter 4 Using Non- contiguous word features to improve Twitter News 

Headlines classification 

60 
 

5.3.2  Pearson’s Chi-square 

This test aims to compare the expected frequencies 𝐸𝑖𝑗 with the observed frequencies  𝑂𝑖𝑗.  

The null hypothesis of independence can be rejected if the difference between observed 

and expected frequencies is large.  Pearson’s Chi-square can be defined as: 

𝑋2 = ∑
(𝑂𝑖𝑗 − 𝐸𝑖𝑗)

2

𝐸𝑖𝑗
𝑖,𝑗

               (4.3) 

 

where 𝑖 goes over rows of the table, j goes over columns, 𝑂𝑖𝑗 is the observed value for 

cell (𝑖, 𝑗) and 𝐸𝑖𝑗 is the expected value [137]. 

In the case of Non-contiguous grams. Suppose that we have two words w1 and w2 and 

we want to know how often they occur together in a single class tweets as a non-

contiguous grams (w1,w2) then the Pearson’s Chi-square is based on a confusion matrix 

that computes (+W1,+W2), (+W1,-W2), (-W1,+W2), (-W1,-W2). Table 4.4 show the 

distribution of (sales quarter) in productivity class tweets shown in table 4.2. in table 4.4, 

the cell (1,1) represent the number of NC-grams when the first word is sales and the 

second word is quarter and cell (1,2) represent the NC- grams when the the first word is 

sale but the second word is not quarter and cell (2,1) represent the NC-grams when the 

fist word is not sales and the second is quarter. Finally, the cell (2,2) represents the total 

number of NC-grams in the productivity tweets. 

 The expected frequencies 𝐸𝑖𝑗 are computed from the marginal probabilities. In our 

example, 𝐸𝑖𝑗 for cell (1, 1) (sales quarter) would be the marginal probability of sales 

occurring as the first part of a NC-grams times the marginal probability of quarter 

occurring as the second part of a bigram (multiplied by the number of NC-grams  in the 

productivity tweets):  

2 + 23

𝑁
×

2 + 12

𝑁
× 𝑁 ≈ 0.13 

That is, if sales and quarter occurred completely independently of each other we would 

expect 0.13 occurrences of sales quarter on average for a text of the size of our 

productivity tweets sample. 

Now we can compute the Pearson’s Chi-square as follows: 
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𝑥2 =
𝑁(𝑂11𝑂22 − 𝑂12𝑂21)2

(𝑂11 + 𝑂12)(𝑂11 + 𝑂21)(𝑂12 + 𝑂22)(𝑂21 + 𝑂22
 

 This formula gives the following 𝑥2 value for Table 4.4: 

2672(2 × 2635 − 23 × 12)2

(2 + 23)(2 + 12)(23 + 2635)(12 + 26350)
≈ 26.94 

 

 

 quarter -quarter 

sales 2 23 

-sales 12 2672 

                                               Table 5-4: Pearson’s Chi-square matrix 

 

 

NC-Grams W1 

freq 

W2 freq NC-grams 

freq 

Chi-Square 

Sales quarter 25 14 2 26.9478088502 

Percent percent 16 16 2 38.1471079687 

Estimates sales 9 25 2 43.9691608483 

Percent quarter 16 14 2 44.115638001 

Quarter profit 14 13 2 55.1316345515 

Beats sales 7 25 2 57.6024732469 

Quarter shares 14 12 2 60.0289479456 

Sales stock 25 6 2 67.8315030239 

Profit sales 13 25 3 68.8182344913 

Rise shares 11 12 2 77.3834139722 

Quarter estimates 14 9 2 81.2558851508 

Table 5-5: example of CH-SQ scoring of non-contiguous grams with its frequencies for 

productivity class dataset example 
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5.3.3 Likelihood ratio 

This method compares two hypotheses related to 𝑤1and 𝑤2, where 𝑤1 represents the first 

word, and 𝑤2 represents the second word. The these hypothesises are : 

Hypothesis 1: 𝑝(𝑤2|𝑤1) = 𝑝 = 𝑝(𝑤2|¬𝑤1)                  (4.4) 

Hypothesis 2: 𝑝(𝑤2|𝑤1) = 𝑝1 ≠ 𝑝2 = 𝑝(𝑤2|¬𝑤1)         (4.5) 

 Hypothesis 1 is a formulation of independence that the occurrence of 𝑤2 is independent 

of the occurrence of  𝑤1  and  Hypothesis 2 is a formulation of dependence which indicate 

the association between these two words. We use the standard maximum likelihood 

estimates for 𝑝, 𝑝1 and 𝑝2 [137]. Assuming a binominal distribution: 

 𝑏(𝑘; 𝑛, 𝑥) = (𝑛
𝑘

)𝑥𝑘(1 − 𝑘)(𝑛−𝑘)          ( 4.6)   

We can calculate the log-likelihood ratio as follows: 

  logλ =log
𝐿(𝐻1)

𝐿(𝐻2)
= log

𝑏(𝑐12,𝑐1,𝑝)𝑏(𝑐2−𝑐12,𝑁−𝑐1,𝑝)

𝑏(𝑐12,𝑐1,𝑝1)𝑏(𝑐1−𝑐12,𝑁−𝐶1,𝑃2)
                     (4.7)       

= log 𝐿(𝑐12, 𝑐1, 𝑝1) + log 𝐿(𝑐2 − 𝑐12, 𝑁, 𝑐1, 𝑝) − log 𝐿(𝑐12, 𝑐1, 𝑝1) − log  𝐿(𝑐2 − 𝑐12, 𝑁

− 𝑐1, 𝑝2)                                             

Where 𝐿(𝑘, 𝑛, 𝑥) = 𝑥𝑘 (1 − 𝑥)𝑛−𝑘                        (4.8) 

Where 𝐻1  and   𝐻2   are the Hypothesises and 𝑐1  denote the frequency of 𝑤1 and 𝑐2denote 

the frequency of 𝑤2 and 𝑐12 is for the frequency of the non-contiguous gram 𝑤1, 𝑤2 The 

total number of the words in the single class tweets is represented by 𝑁. We use this 

feature ranking method to select the significant number of non-contiguous grams that 

have a higher value of likelihood ratio as it can be seen in table 4.6. 
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NC-Grams W1 freq W2 freq NC- grams 

freq 

Likelihood ratios 

Sales percent 25 16 5 15364.68 

Sales quarter 25 14 4 15352.5 

Sales rise 25 11 2 15349.52 

Sales shares 25 12 1 15347.06 

Sales estimates 25 9 1 15334.33 

Sales jump 25 6 1 15317.37 

Sales holiday 25 4 2 15308.08 

Table 5-6: likelihood ratio scores of non-contiguous grams with its frequencies 

5.4 Classification experiments using for bigrams and non-contiguous 

grams 

In this Section, we implemented wrapping feature selection using three feature ranking 

methods on bigrams and non-contiguous grams using NB classifier on our dataset 

illustrated in table 3.1 and 3.2. This dataset consists of a set of tweets that classified 

manually into three classes of business performance and three classes of their sentiments 

as shown in Chapter 3. Our experiments consist of three parts.  The first part is to apply 

the feature ranking   method on each class features separately and give score for each 

feature within its class. The second part is to run the classifier first on the whole dataset 

and then reduce the features using range of scores thresholds from lowest value to the 

highest and run the classifier in each threshold until the end of all features. These 

processes are essential for finding the score thresholds that can gain the best recall for 

both topics and sentiments along with lowest feature number as a wrapper technique. The 

third part is to use the optimal number of both features bigrams and non-contiguous grams 

to see if there is difference between these two types of features in improving the 

classification accuracy. 

                            

5.4.1 Overview  

. In most real-world cases, the classification problem faces some level of class imbalance. 

This problem can be summed up in getting a higher recall in one class. Two factors cause 

this imbalance. The first one is when training set classes are not portioned equally. The 

second one is when the features of one class are stronger (regarding word frequency) than 

other classes in training set. Adding NC-grams and bigrams to the features without using 
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feature selection may contribute to the overfitting problems that can lead to decrease the 

accuracy or keep it the same. 

To use the suggested feature selection method efficiently for imbalanced classes, we need 

to search for the optimal feature selection method thresholds for each class separately as 

a wrapper technique. This search ends up in reaching the right number of features that 

lead to highest accuracy for the classification process. For that, we choose recall 

measures. We use this measure because it is usually costlier to miss a positive instance 

than to label a negative instance falsely. Section 4.2 and 4.3 show a series of experiments 

to find the number of bigram and NC-gram features that productivity, competitiveness, 

and industrial class need. For this search we used the three-feature ranking methods that 

we reviewed in previous section. This experiment aims to find out the best method that 

leads to improving the performance of the classifier for both topic and sentiment 
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Figure 5-1: classification flow chart of using NC-grams features selected by our 

approach 

5.4.2 Searching for the optimal number of NC-grams and bigram 

features for topic classification 

 This process contains three stages. The first stage is as we have a dataset that classified 

manually to three classes, we separated these three labeled tweets to three independent 

corpus and tokenise all tweets in these corpuses to NC-grams. The second stage is to 

use our ranking methods to give a rank to each NC-grams within its corpus. Now we 

have three lists of ranked NC-grams each list represents one class. These lists arranged 

from lowest significant NC-grams to the highest significant NC-grams. We use this 

range to justify the thresholds that we use later. Third stage is to prepare our dataset 

shown in table 3.1 and 3.2  as we explain in Chapter 3 and tokenise all words in the 

classified tweets to unigrams and NC-grams. Before representing these tweets as tokens 

to the classifier, we used the ranked lists to compare with each tweet NC grams tokens 

and keep only that in the list. Finally, we reduce the number of NC-grams in each list 

using different thresholds These lists arranged from lowest significant NC-grams to the 

highest significant NC-grams and we run the classifier at that threshold until the end of 

the lists. 
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Below figures and tables show the classifier performance at different FS thresholds for 

both bigrams and NC-grams. For each threshold we run the classifier in 20-fold cross 

validation for all measures and took the average of the recall, precision and f- measure. 

In tables 4.7, 4.8, 4.9, 4.10, 4.11, and 4.12, we examined the classifier using bigrams, and 

NC-grams added to unigrams at several levels of FS method scores for topic 

classification. 

5.4.2.1 LR ranking method 

 In table 4.7 and figure 4.2 that illustrate the LR method, we searched for the optimal 

number of NC-grams features by using different LR scores thresholds starting from a 

score of 60000 to 350000. We observed that there is slight decrease in classifier accuracy 

from 0.95 at the start of the search where we used all NC grams that have frequency of 

more than 1 to 0.92.  the competitiveness class recall started with 0.95 and went up to 

reach 0.98 at the threshold of 120000 and began to decrease ending with 0.86. in industrial 

risk class, the recall began with 0.94 and then increase to 0.96 at the threshold of 100000 

after that it decreased gradually to 0.88. finally. The productivity class recall took a 

different trend. The recall of this class remain for a while at 0.94  and then decreased  to 

0.90 at 200000 threshold and then went up to end with 0.96 at the threshold of 350000. 

we can point out that whereas competitiveness and industrial risk classes should have 

features added at 120000 and 100000 respectively., the productivity class needs to be 

added features that have LR scores more than 350000. 
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likelihood 

ratio score 

thrsholds 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20 FOLD 

ACC 

AVE 20-f R N features 20-f R N features 20-f R N features 

60000 0.95 2215 0.94 2436 0.94 8490 0.95 

80000 0.97 1674 0.95 2436 0.94 8490 0.95 

100000 0.97 1379 0.96 1560 0.94 8479 0.95 

120000 0.98 1046 0.96 1150 0.94 8118 0.94 

140000 0.94 635 0.95 824 0.94 7709 0.94 

160000 0.90 157 0.93 595 0.93 7147 0.94 

180000 0.88 10 0.92 281 0.92 6586 0.92 

200000 0.84 0 0.90 8 0.90 6143 0.91 

250000 0.84 0 0.89 0 0.93 4695 0.91 

300000 0.85 0 0.89 0 0.95 3130 0.92 

350000 0.86 0 0.88 0 0.96 1564 0.92 

Table 5-7: The result of using likelihood ratio for selecting the optimal number of NC-

gram features added to unigrams for topic classification using NB classifier 

 

Figure 5-2: recalls of the three topic classes and average 20 fold accuracy using a range 

of LR scores with NC-grams as features 

In the following table 4.8 and figure 4.3 we searched for the optimum bigram features in 

the range from 8000 to 45000 score. In this search the competitiveness and industrial risk 

recalls dropped gradually with the decrease of the likelihood ratio thresholds and the 

productivity class recalls remain at the same level of 0.97. We can see that the accuracy of the 

classification started with 0.93. This improvement because we include all bigrams that have 

0.7

0.75

0.8

0.85

0.9

0.95

1

0 50000 100000 150000 200000 250000 300000 350000 400000

COMPETITINESS INDUSTRIAL RISK

PRODUCTIVITY 20-FOLD ACC AVE



Chapter 4 Using Non- contiguous word features to improve Twitter News 

Headlines classification 

68 
 

frequency more that one time. Also, we can conclude that we cannot improve the accuracy more 

than 0.93 by choosing certain number of bigrams using likelihood ratio. 

LR 

thresholds 

 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20-FOLD 

ACC AVE 

20-f R N features 20-f R N features 20-f R N 

features 

8000 0.89 396 0.86 257 0.97 1082 0.93 

10000 0.88 300 0.86 220 0.96 1082 0.93 

15000 0.89 210 0.86 137 0.97 1082 0.93 

20000 0.88 126 0.85 76 0.97 984 0.92 

25000 0.87 67 0.85 6 0.97 853 0.92 

30000 0.85 0 0.85 0 0.97 740 0.93 

35000 0.84 0 0.83 0 0.97 642 0.93 

40000 0.84 0 0.83 0 0.97 508 0.93 

45000 0.84 0 0.81 0 0.97 349 0.93 

Table 5-8: The result of using likelihood ratio for selecting the optimal number of 

bigram features added to unigrams using NB classifier 

 

Figure 5-3: recalls of the three topic classes and average 20 fold accuracy using a range 

of LR scores with bigrams features added to unigrams 

5.4.2.2 PMI ranking method 

For Mutual Information method, we started our search for NC-grams for right threshold 

scores for our three classes with a score of 6.0 which presents the smallest score, moving 

to more significant scores to end at a score of 0.5. During this search, we observed that 

the competitiveness class recall reached its highest value 0.97 at 0.8 score, whereas 

industrial risk class started with the highest value 0.94 at 6.0 and gradually decreased to 
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end with 0.87. This decrease is the biggest among others. However, the productivity class 

makes another trend by increasing alongside with the decline of the number of features, 

starting with 0.95 at 6.0 and ending with 0.98 at 0.5. These trends are illustrated in table 

4.9 and figure 4.4. from above result; we can conclude that: competitiveness need NC-

grams that have PMI scores less than 0.8 and industrial risk classes need NC-grams that 

have PMI scores less than 6.0, whereas productivity class needs just NC- gram features 

that have PMI scores less than 0.5. 

 

 

 

 

 

PMI score 

threshods 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20 FOLD 

ACC 

AVE 
20-f R N features 20-f 

R 

N features 20-f R N features 

4 0.94 2482 0.94 2501 0.94 7581 0.94 

3.5 0.94 2314 0.94 2359 0.94 7030 0.94 

3.0 0.93 2105 0.94 2135 0.94 6381 0.94 

2.5 0.92 1885 0.93 1925 0.94 5480 0.94 

2.0 0.93 1583 0.93 1610 0.95 4062 0.94 

1.5 0.93 1378 0.92 1285 0.96 2661 0.94 

1.0 0.94 770 0.92 714 0.97 1624 0.93 

0.8 0.97 578 0.92 542 0.98 1282 0.92 

0.5 0.90 198 0.87 242 0.98 844 0.90 

 

Table 5-9: The result of using PMI for selecting the optimal number of non-contiguous 

grams features added to unigrams features  for industrial risk class using NB classifier 
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Figure 5-4: recalls of the three topic classes and average 20-fold accuracy using a range 

of MI scores with NC-grams features added to unigrams 

 

The second part of our experiment is to use PMI for selecting bigram features. In this part, 

the same procedures have been conducted using the same range of PMI scores thresholds 

As is illustrated in table 4.10 and figure 4.5, there are slight decrease in path 

competitiveness and industrial classes whereas the productivity class kept the same level 

and to gain the best accuracy we can include the most of competitiveness and industrial 

risk bigrams with smallest number of productivity bigrams according to their PMI scores. 

PMI score 

thresholds 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20-FOLD ACC  

20-f R N features 20-f R N features 20-f R N features 

6.0 0.88 361 0.87 283 0.98 952 0.93 

5.0 0.88 355 0.87 279 0.98 916 0.93 

4.0 0.89 355 0.86 277 0.98 872 0.93 

3.5 0.88 343 0.84 256 0.98 772 0.93 

3.0 0.87 316 0.85 250 0.98 772 0.93 

2.5 0.87 256 0.84 205 0.98 583 0.93 

2.0 0.86 232 0.84 189 0.98 577 0.93 

Table 5-10: The result of using PMI for selecting the optimal number of bigrams 

features added to unigrams for industrial risk class using NB classifier 
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Figure 5-5: recalls of the three topic classes and average 20-fold accuracy using a range 

of PMI scores with bigrams features added to unigrams 

 

5.4.2.3  CHI-SQ ranking method 

The last experiments are for examining CHI-SQ method on choosing bigrams and NC 

grams features, which can improve the performance of our classifier. Unlike other 

methods, in CH-SQ experiment, more frequent features get less score. We explained this 

concept in Section 4.3.2. we tested CHI-SQ method using a range of scores beginning 

from 3000 to 200 for NC-grams. As can be seen in tables 4.11 and following figure 4.6, 

industrial risk class achieved the lowest percentages decreasing 6% from 0.95 at threshold 

of 3000 to 0.89 at threshold of 200. The competitiveness class started with the percentage 

of 0.93 and slightly increased to reaches 0.96 at the threshold of 600 and then decreased 

to 0.90 at 200 thresholds. the productivity class starting with 0.98 percentage at 3000   and 

remain the same level. from the above result, we can conclude that: competitiveness need 

NC grams that scored less than 600 and industrial risk classes need NC-grams that have 

CHI-SQ scores less than 3000, whereas productivity class needs just NC- gram features 

that have CHI-SQ scores more than 200. 
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CHI-SQ 

score 

thresholds 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20-

FOLD 

ACC  

20-f R N features 20-f R N features 20-f R N features 

4000 0.93 2427 0.95 2427 0.98 7058 0.94 

3000 0.93 2308 0.95 2314 0.98 6680 0.94 

2000 0.94 2159 0.95 2114 0.98 6012 0.94 

1000 0.95 1787 0.95 1656 0.98 4427 0.94 

800 0.95 1620 0.95 1494 0.98 3916 0.94 

700 0.96 1545 0.94 1382 0.98 3610 0.94 

600 0.96 1359 0.94 1269 0.98 3271 0.94 

500 0.95 1257 0.93 1123 0.98 2630 0.94 

400 0.94 1123 0.93 951 0.98 2233 0.93 

300 0.93 642 0.91 570 0.98 1689 0.93 

200 0.90 416 0.89 339 0.98 1077 0.91 

Table 5-11: The result of using CHI-SQ for selecting the optimal number of non-

contiguous grams features added to unigrams using NB classifier 

 

 

Figure 5-6: recalls of the three topic classes and average 20-fold accuracy using a range 

of CH-SQ scores with NC-grams features added to unigrams 

 

 In comparison with Bigrams, as is shown in table 4.12 and figure 4.7, despite a minor 

move, less than 2% percentage, there are no significant changes in the recalls at all scores 

points. That means there are no specific score thresholds that can be chosen to maximize 

the classification accuracy for CHI-SQ method using bigrams.    
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CHI-SQ 

score 

thresholds 

COMPETITIVENESS INDUSTRIAL RISK PRODUCTIVITY 20- FOLD ACC 

20-f R N features 20-f R N features 20-f R N features 

3000 0.90 351 0.87 285 0.97 1018 0.93 

2000 0.89 339 0.87 272 0.97 989 0.93 

1000 0.89 313 0.87 253 0.97 923 0.93 

800 0.89 298 0.87 244 0.97 901 0.93 

700 0.88 294 0.87 232 0.97 886 0.93 

600 0.88 286 0.87 229 0.97 857 0.93 

500 0.87 276 0.87 219 0.97 835 0.93 

400 0.88 265 0.87 211 0.97 794 0.93 

300 0.88 254 0.86 201 0.97 725 0.93 

200 0.88 224 0.86 195 0.97 652 0.92 

100 0.87 176 0.84 156 0.97 482 0.91 

80 0.86 159 0.84 143 0.97 422 0.91 

Table 5-12: The result of using CHI-SQ for selecting the optimal number of bigrams 

features added to unigrams using NB classifier 

 

 

Figure 5-7: recalls of the three topic classes and average 20-fold accuracy using a range 

of CH-SQ scores with bigrams features added to unigrams 
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5.4.3  Results of using selected NC-grams and bigrams features in 

topic classification 

In this section, we illustrate the experiments of using the optimal numbers of NC-grams 

and bigrams features chosen for each class individually, as shown in previous section. 

The following table 4.12 shows the classifier performance using NC-grams and bigrams 

features that are selected using PMI, LR, and CHI-SQ. The first row shows the 

performance of NB classifier using only unigram features. In following rows, we 

compared the performance of our classifier using LR, PMI, and CHI-SQ feature selection 

methods for bigrams added to unigrams and for NC-grams added to unigrams. The 

thresholds of all methods’ scores were obtained from the last experiments that achieve 

maximum average 20-fold recall for each class. To avoid losing the significance of the 

modelling and gain the testing capability we conducted 20-fold cross-validation for all 

measures.  

From the results stated in table 4.13, it can be seen that UG+NCgrams features selected 

by wrapping search using LR, PMI, and CHI-SQ methods managed to raise   the accuracy 

of the classification from 0.91 when using only unigrams a to 0.98 and also overcome the 

same methods using UG+bigrams by improving of 4%.. although the accuracy of all 

methods used for choosing NC-grams are the same, the number of NC-grams features are 

varied between the three methods. As it shown in table the first raw represent the numbers 

of NC-grams for each class that have the frequency of more than one. 
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Ranking 

method 

Type of 

features 

competitiveness Industrial risk productivity 20- fold acc 

20-

fold 

P 

20-

fold

R 

20-

fold

F 

20-

fold

P 

20-

fold

R 

20-

fold

F 

20-

fold 

P 

20-

fold

R 

20-

fold

F 

 Unigeams 0.84 0.82 0.83 0.85 0.79 0.82 0.94 0.97 0.96 0.91 

LR UG+bigrams 0.87 0.90 0.88 0.90 0.86 0.88 0.97 0.98 0.97 0.94 

UG+NCgram

s 

0.94 0.97 0.96 0.96 0.95 0.95 0.99 0.99 0.99 0.98 

IM UG+bigrams 0.90 0.88 0.89 0.91 0.87 0.89 0.96 0.98 0.97 0.94 

UG+NCgram

s 

0.95 0.96 0.95 0.97 0.97 0.97 1.0 0.99 0.99 0.98 

CHI-SQ UG+bigrams 0.88 0.89 0.88 0.90 0.87 0.88 0.97 0.98 0.97 0.94 

UG+NCgram

s 

0.97 0.94 0.96 0.96 0.98 0.97 0.99 0.99 0.99 0.98 

Table 5-13:comparison of results of topic classification using non-contiguous grams and 

bigrams features using three ranking methods 

  

Classes  competitiveness Industrial risk productivity 

All NC-grams 3009 2961 8687 

PMI 487 1583 720 

CHI-SQ 1269 2241 1077 

LR 1499 1763 11564 

Table 5-14: : the numbers of NC-grams selected using PMI,CHI-SQ, and LR 

5.4.4 Searching for the optimal number of NC-grams and bigram 

features for sentiment classification 

The below figures and tables show the classifier performance at different thresholds for 

both bigrams and NC-grams. We examined the classifier using bigrams, and NC-grams 

added to unigrams at several levels of method scores for sentiment classification. 

5.4.4.1 PMI ranking method 

Table 4.15 and figure4.8 show the use of Mutual Information method on NC-grams. We 

started our search for NC-grams for right threshold scores for our three classes (‘negative, 

positive and neutral.’) with a threshold of 5.0 moving to more significant scores to end at 
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a score of the threshold of 1.0. During this search, we observed that all classes recall 

recorded the highest percentages at start of the wrapping search and kept at the same level 

until reached the threshold of 2.0 started to decline. The high accuracy at the beginning 

of the search is achieved because of adding NC-grams that have frequency more than 1 

in each class datasets  

From the above result, we can conclude that: using PMI ranking method for wrapping 

search in sentiment classification is not lead to increase the accuracy more the accuracy 

that are gained by adding frequented NC-grams. 

PMI score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20-FOLD 

ACC AVE 
20-f R N features 20-f R N features 20-f R N features 

5.0 0.96 2744 0.95 1389 0.99 2717 0.97 

4.5 0.96 2594 0.95 1321 0.98 2597 0.96 

4.0 0.96 2438 0.95 1230 0.98 2477 0.96 

3.5 0.96 2223 0.95 1153 0.98 2291 0.96 

3.0 0.96 1978 0.94 1020 0.98 2084 0.96 

2.5 0.96 1592 0.93 837 0.98 1871 0.96 

2 0.95 1229 0.93 595 0.98 1573 0.95 

1.5 0.94 800 0.91 400 0.97 1361 0.94 

1.0 0.93 463 0.88 210 0.97 765 0.93 

Table 5-15: The result of using PMI for selecting the optimal number of non-contiguous 

grams features added to unigrams for sentiment classification using NB classifier 
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Figure 5-8: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of MI scores with NC-grams features added to unigram. 

The second part of our experiment is to use Mutual Information for selecting NC-gram 

features. In this part, the same procedures have been conducted. As illustrated in the table 

4.15 and figure 4.8, despite a minor drop in the negative class recall, there no significant 

change in both negative and neutral classes.  

 

 

MI score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20-FOLD 

ACC AVE 

20-f R N features 20-f R N features 20-f 

R 

N features 

6.0 0.94 341 0.91 211 0.91 285 0.92 

5.5 0.94 320 0.91 196 0.91 264 0.92 

5.0 0.94 294 0.90 178 0.91 241 0.92 

4.5 0.94 257 0.90 151 0.91 208 0.92 

4.0 0.94 203 0.89 125 0.91 174 0.92 

3.5 0.94 147 0.89 95 0.91 139 0.90 

3.0 0.91 102 0.87 58 0.90 88 0.90 

Table 5-16: The result of using PMIfor selecting the optimal number of bigrams 

features added to unigrams for sentiment classification using NB classifier 

 

Figure 5-8: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of PMI scores with bigrams features added to unigrams 
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5.4.4.2 CHI-SQ ranking method 

The second experiments are for examining CHI-SQ method on choosing bigrams and NC 

grams features for sentiment classification which can improve the performance of our 

classifier. Unlike other methods, in CH-SQ experiment, more frequent features get less 

score we explained this concept in the section of ranking methods in this chapter. we 

tested CHI-SQ method using a range of scores thresholds starting from 4000 to 200 for 

NC-grams and bigrams. As can be seen in tables 4.16 and following figure 4.9, positive 

class achieved the lowest percentages decreasing 2% from 0.96 with a score of 4000 to 

0.94 at scores of 200. Followed by the negative class, which dropped. The neural class 

also despite achieving the highest recall, slightly decreased from 0.98 to 0.94. 

from the above result, we can conclude that: all classes need NC-grams that have CHI-

SQ scores less than 4000. 

 

 

 

 

 

CH-SQ 

score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20 FOLD 

ACC AVE 

20-f R N features 20-f R N features 20-f R N features 

4000 0.97 2434 0.96 1304 0.98 2411 0.97 

3000 0.97 2303 0.96 1255 0.98 2277 0.97 

2000 0.97 2098 0.96 1188 0.98 2125 0.97 

1000 0.97 1637 0.96 979 0.98 1771 0.97 

800 0.96 1436 0.95 896 0.97 1608 0.97 

700 0.96 1320 0.95 831 0.97 1527 0.96 

600 0.96 1183 0.95 759 0.96 1331 0.96 

500 0.96 1050 0.94 675 0.95 1237 0.95 

400 0.95 907 0.94 585 0.94 1084 0.94 

Table 5-17: The result of using CHI-SQ for selecting the optimal number of non-

contiguous grams features added to unigrams for sentiment classification using NB 

classifier 
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Figure 5-9: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of CH-SQ scores with NC-grams features added to unigrams 

In comparison with Bigrams, as shown in table 4.17 and figure 4.9, despite a minor move, 

less than 2% percentage, there are no significant changes in the recalls at all scores points. 

That means there are no specific score thresholds that can be chosen to maximize the 

classification accuracy for CHI-SQ method using bigrams. 

 

CH-SQ 

score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20-

FOLD 

ACC 

AVE 

20-f R N features 20-f R N features 20-f 

R 

N features 

4000 0.94 404 0.91 236 0.92 361 0.92 

3000 0.94 396 0.91 236 0.92 343 0.92 

2000 0.94 384 0.91 230 0.92 331 0.92 

1000 0.94 361 0.91 217 0.92 302 0.92 

800 0.94 350 0.90 213 0.91 288 0.92 

600 0.94 339 0.90 210 0.91 281 0.92 

400 0.94 319 0.90 194 0.91 259 0.92 

200 0.91 263 0.89 165 0.90 219 0.91 

100 0.92 187 0.88 126 0.89 174 0.90 

Table 5-18: The result of using CHI-SQ for selecting the optimal number of bigrams 

features added to unigrams for sentiment classification using NB classifier 
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Figure 5-10: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of CH-SQ scores with bigrams features added to unigrams 

5.4.4.3 LR ranking method 

In table 4.18 and figure 4.10 that illustrate the LR method, we searched for the optimum 

number of NC-gram features starting from a score of10000 to 120000. We observed that 

the classifier accuracy remained at the same level at all scores while the recalls of all 

classes have no changes with the change of LR scores.  The high accuracy at the beginning 

of the search is achieved because of adding NC-grams that have frequency more than 1 

in each class datasets  

From the above result, we can conclude that: using LR ranking method for wrapping 

search in sentiment classification is not lead to increase the accuracy more the accuracy 

that are gained by adding frequented NC-gram 
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LR score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20-

FOLD 

ACC 

AVE 

20-f R N features 20-f R N features 20-f R N features 

10000 0.96 2846 0.95 1473 0.98 2936 0.97 

20000 0.96 2846 0.95 1281 0.98 2936 0.97 

30000 0.95 2748 0.95 978 0.98 2585 0.97 

40000 0.95 2742 0.95 713 0.98 2585 0.96 

50000 0.95 2696 0.94 463 0.98 2554 0.96 

60000 0.96 2323 0.94 212 0.98 2406 0.96 

70000 0.95 1956 0.94 0 0.98 2041 0.96 

80000 0.96 1674 0.94 0 0.98 1929 0.96 

90000 0.96 1321 0.95 0 0.98 1679 0.96 

100000 0.96 1101 0.95 0 0.98 1547 0.94 

120000 0.96 678 0.94 0 0.98 1098 0.95 

Table 5-19: The result of using likelihood ratio for selecting the optimal number of NC-

gram features added to unigrams for sentiment classification using NB classifier 

 

Figure 5-11: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of LR scores with NC-grams features added to unigrams 

In the following table 4.19 and figure 4.13, we searched for the optimum bigram features 

in the range from 7000 to 15000 scores. In this search, all recalls remain almost around 

the same values which means that using this feature will not contribute to the performance 

of the classifier  
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LR score 

thresholds 

POSITIVE NEGATIVE NEUTRAL 20-

FOLD 

ACC 

AVE 
20-f R N features 20-f R N features 20-f R N features 

7000 0.94 398 0.91 182 0.92 361 0.92 

8000 0.94 387 0.91 152 0.92 343 0.92 

9000 0.94 363 0.91 135 0.92 324 0.92 

10000 0.94 323 0.90 103 0.92 294 0.92 

12000 0.94 279 0.89 49 0.91 260 0.92 

15000 0.92 210 0.87 0 0.91 196 0.91 

Table 5-20: The result of using likelihood ratio for selecting the optimal number of 

bigram features added to unigrams using NB classifier 

 

 

Figure 5-12: recalls of the three sentiment classes and average 20-fold accuracy using a 

range of LR scores with bigrams features added to unigrams 

 

5.4.5  Results of using selected NC-grams and bigrams features in 

sentiment classification 

      Table 4.20 shows the classifier performance at several features selection approaches 

for optimizing bigrams and NC-grams for sentiment classification of our business dataset.  

The first row shows the performance of NB classifier using only unigram features 

tokenized using NLTK tokenizer within BOW method.  
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To avoid losing the significance of the modeling and gain the testing capability we 

conducted 20-fold cross-validating for all experiments. We compared the performance of 

our classifier using LR, PMI, and CHI-SQ feature ranking methods for bigrams added to 

unigrams and for NC-grams added to unigrams. The thresholds of all methods scores 

were selected from last experiments that achieve maximum recall for each class  

To have a clear picture, we first examined our sentiment classifier using just unigram 

features. The result of this experiment, as shown in the first row of Table 4.21 compared 

with other results indicates that this method is overcame by both suggested approaches 

with about 3% and 8% 

From the results that stated in table 4.21, and we can conclude that the UG+NC-grams 

features selected by LR, PMI, and CHI-SQ methods gained the best performance overall 

methods with average 20-fold accuracy of 0.97 overcoming the same methods using 

bigrams with an accuracy of 0.92. although the accuracies of the three methods recorded 

the same percentages, the number of NC-grams features varied where PMI recorded the 

smallest number of features as shown in table 4.22.  

Ranking  

method 

Type of 

features 

positive negative neutral Ave 

20 

fold   
P R F P R F P R F 

 Unigram 0.86 0.92 0.89 0.85 0.86 0.85 0.97 0.88 0.92 0.89 

LR UG+Bigrams 0.91 0.94 0.92 0.88 0.91 0.90 0.98 0.92 0.95 0.92 

UG+NCgrams 0.96 0.99 0.97 0.98 0.95 0.96 0.99 0.98 0.99 0.97 

PMI UG+Bigrams 0.91 0.94 0.92 0.89 0.91 0.89 0.98 0.92 0.95 0.92 

UG+NCgrams 0.96 0.97 0.96 0.96 0.94 0.95 0.97 0.99 0.98 0.97 

CHI-SQ UG+Bigrams 0.91 0.94 0.93 0.88 0.90 0.89 0.97 0.92 0.94 0.92 

UG+NCgrams 0.96 0.98 0.97 0.96 0.96 0.96 0.99 0.97 0.98 0.97 

Table 5-21:   comparison of results of sentiment classification using non-contiguous 

grams and bigrams features using three ranking  methods. 

 

 Positive  Negative  Neutral  

All NC-grams 3009 2961 8687 

PMI 733 1389 961 

CHI-SQ 790 1432 1527 

LR 876 1437 1098 

 Table 5-22: the numbers of NC-grams selected using PMI,CHI-SQ, and LR 
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5.5 Conclusion  

In this chapter, we summarize the results of using non-contiguous grams as additional 

features besides unigram features. We compared the performance of NB classifier applied 

to our suggested features with its performance when using Bigrams added to unigrams. 

To use non-contiguous grams and bigrams effectively, we implemented three feature 

ranking  methods: Mutual Information, Chi-square, and likelihood ration for wrapping 

feature selection These methods were applied for each class features individually to 

overcome the problem of imbalance, and optimal number of classes features were used 

for the final classification       

The results of implementing the proposed features and its selection methods have been 

presented in this chapter and can be briefed as: 

1- The comparison between the performance results of topic classifier using 

optimised NC-grams and bigrams to unigrams using LR, IM, and CHI-SQ showed 

that using these ranking methods for selecting the optimum NC-grams more 

significantly improved the classifier performance than when using bigrams with 

the same selection method and recorded the highest accuracy among other 

selection methods. although the accuracy of all methods used for choosing NC-

grams are the same ,the number of NC-grams features are varied between the three 

methods with clear preference to IM method. 

2- It was noticed that productivity class has the highest recalls, which cause the 

imbalance problem; therefore, to improve the performance of the classifier, fewer 

features should be added to this class. 

3- It is evident that the improvement was obtained from the sentiment classifier when 

adding both NC-grams and bigrams to unigrams that have frequency more than 

one within the class features with a clear superiority to NC-grams. However, using 

LR, PMI, and CHI-SQ as a ranking method for wrapping feature selection 

succeeded in reducing the number of NC-grams with clear preference to PMI 

method. as explained above. 

4- It was noticed that when we compare the performance of our methods used for 

both topic and sentiment classifications, we will find out that these methods are 

more affective for topic classification where the classes are imbalanced in terms 

of recall of the classes.  
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6 Using One-Class SVM for filtering out noisy tweets in 

Twitter News Headlines classification 

 

6.1 overview 

  Capturing and isolating these headlines to create valuable new insights is not an easy 

task. The reason behind that is that the streams of the tweets that can be downloaded from 

twitter using the API carry large proportions of unstructured and noisy tweets that 

confound attempts to build robust classifiers. At the same time, while classifiers can be 

constructed on the basis of cleaned and curated datasets, the resulting classifiers will 

become highly unreliable when applied to the noisy real-world Twitter stream.    

Despite a substantial amount of research that has aimed to improve the classification of 

tweets into categories or sentiment values, very little work has been done to address the 

above issue. A learned classifier will tend to fail on real-world data since the features that 

it relies on (having learned from clean data) will often occur weakly or not at all in live 

data. That is because the classifier is constrained to classify every tweet into one of the 

given classes even though it does not contain any relevant features, for example: 

BlackBerry "@LeVodkaSA: Nokia or blackberry? #LeVodkaQnA". 

This tweet is meaningless and has no relevant features. The classifier will assign it to one 

of the given classes. The noisy tweet term can be defined as any tweet that cannot be 

classified by our classifiers because it is not relevant to the classes or does not have 

enough vocabulary to get tokenised. 

From this point comes the importance of filtering out such noisy tweets, 

In this chapter, we address this issue by adding another classification layer to the process 

of classifying live tweets. 

Specifically, we propose the use of a two-step classification process; in the first step, a 

traditional classifier (in our case Naïve Bayes) is used to learn a classifier that labels 

tweets with the categories of interest; this classifier has been trained on a cleaned and 

curated dataset. Following this first step, any tweet from the validation set (or in a live 

case) now has a class label that has been assigned by the classifier in step 1. In the second 

step, each tweet is presented to a One-Class SVM classifier (OCSVM) [1] which has 

learned to recognize or reject tweets from a single class; given N classes of interest, we 
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have separately learned N OCSVMs with the appropriate subset of the training set the 

tweet will be passed to the appropriate OCSVM (according to the label it received in step 

(1), and either accepted or rejected as noise.    

In this chapter, we measure the performance of this approach on an unprocessed real-

world stream of noisy tweets, to explore how well the system can filter the noisy tweets 

in each putative class. First, we examined four trained classifiers on an unrelated 

collection of tweets that are from timeline of users and not news related tweets   in a ‘one-

step’ process. To have clear picture of the performance of these classifiers, we used a 

range of tweets number starting from 250 to 8000. In second step we added OCSVM 

classifier to filter the output of each classifier. An example of these tweets can be seen in 

appendix 1. 

 

6.2 Building a two-step classification system  

In this section, we briefly explore the classifiers we used for categorizing noisy tweets 

and OCSVM classifier as an additional layer   

6.2.1 OCSVM 

The One-Class SVM was first introduced by Scholkopf for evaluating the support of a 

high-dimension distribution [141]. The idea is to map the input vectors into high 

dimensional feature space in response to a kernel. To delineate the class of interest, a 

linear decision boundary is constructed with the maximum margin concept. The decision 

function takes the value of +1 within the limited area that contains most of the data points, 

and -1 elsewhere. 

 In our research, we used Scikit-learn that comes with several different classifiers that 

are built-in. For our model, we applied SVM with two types of kernels: linear and RBF 

We use TfidfVectorizer class to convert a collection of raw tweets to a matrix of TF-IDF 

features. This class tokenizes the tweets and counts the occurrences of token and returns 

them as a sparse matrix and also apply Term Frequency Inverse Word Frequency 

normalization to a sparse matrix of occurrence counts. 
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Figure 6-1 the structure of the two-step classification system using four alternative 

classifiers with OCSVM classifier as an additional layer for filtering noisy tweets  

 

Figure5.1 shows the mechanism of our two-step classification process; in the first step, a 

training dataset that consists of three classes is used to learn NB classifier. This training 

set is converted to feature vectors before feeding the classifier with these vectors. After 

that the classifier is trained and tested.   (More details can be found in Ch3), the tweet 

from the validation set (or in a live case) is preprocessed and converted to feature vectors 

to get ready for classification step. Once the classification is done the given tweet will 

have a class label that has been assigned by the classifier. 

  

In the third step, three OCSVM classifiers are trained with one class training set, as 

illustrated in section. Each classifier is devoted to one of our three classes (productivity, 

competitiveness, and industrial risk). 

 

  In the fourth step, the classified tweet from first step is presented to a One-Class SVM 

classifier according to its class. For example, if the tweet was classified as 

competitiveness it will go through competitiveness OCSVM classifier to examine it. The 
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OCSVM classifier that is trained with just competitiveness features will decide whether 

accept the tweet as belong to competitiveness class or reject it as a noisy tweet.   

 

6.3 Experiments and results 

In this section, we describe a variety of experiments to evaluate our hybrid classification 

system. First, we evaluate simple alternative systems that consist of a single (i.e. non-

hybrid) approach using NB, SVM, KNN, DT classifiers. Thus, second step classifier. In 

section 2 we indicate the performance of these classifiers alone for filtering out noisy 

tweets then indicates in performance when adding OCSVM   on the same task.  Section 

3 shows a validation case study on a new dataset, focusing on a single company. 

6.3.1  Training OCSVM for filtering noisy tweets 

We train one One-Class SVM classifier for each class (productivity, competitiveness, 

industrial risk) with the same dataset that we used for training first step classifiers divided 

into three datasets each dataset represents one class. We split each dataset to 90% for 

training and 10% for testing and use two types of kernels: linear and RBF. The result 

shows that linear kernel gains better accuracy than RBF 

 

OCSVM 

classifiers 

Accuracy  

Competitiveness  0.61 

industrial risk 0.62 

productivity 0.64 

table 6-1: the result of three one-class SVM classifier for each class output using RBF 

kernel 

OCSVM 

classifiers 

Accuracy  

Competitiveness  0.65 

industrial risk 0.58 

productivity 0.66 

table 6-2: the result of three one-class SVM classifier for each class output using linear 

kerne 



Chapter 5: Using One-Class SVM for filtering out noisy tweets in Twitter News 

Headlines classification 

 
 

89 
 

 

6.3.2 Testing the performance on noisy tweets 

To see the efficiency of filtering out unrelated tweets, we conducted four separate 

experiments. In first part of our experiments, we applied NB, SVM, KNN, DT classifiers 

respectively on our noise test set, and then we measured the accuracy for each class in 

different sizes of noisy dataset starting from 250 to 8000. Secondly, we apply OCSVM 

on the output of each classifier to see the efficiency of the second layer on filtering 

wrongly classified tweets. To measure the accuracy of our proposed method we use the 

following equation for the base classifiers: 

                                        

        𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑡𝑎

𝑡𝑎 + 𝑓𝑎
                                    (5.1) 

Where 𝑡𝑎 denoted to the number of tweets that correctly not assigned to the class by the 

base classifier and  𝑓 denoted to the number of tweets wrongly assigned to the class.  

For the accuracy of our system, that is: when we measure the accuracy of productivity 

class if the noisy tweet classified as competitiveness or industrial risk it will be counted 

as 𝑡𝑎  and if the same tweet classified as productivity, it will be counted as 𝑓𝑎. To measure 

the accuracy, we use the following equation: 

𝑠𝑦𝑠𝑡𝑒𝑚  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑡𝑎 + 𝑡𝑏

(𝑡𝑎 + 𝑡𝑏) + 𝑓𝑏
                    (5.2) 

Where 𝑡𝑏 denoted to the number of tweets that correctly not assigned to the class by 

OCSVM classifier and 𝑓𝑏 denoted the number of tweets wrongly assigned to the class. 

That is: to measure productivity class accuracy, if a noisy tweet classified as productivity 

tweet by the base classifier (which is wrong) and classified as -1 (which means it is 

classified as noisy) by OCSVM, it will be counted as 𝑡𝑏. Otherwise, if this tweet classified 

as +1 it will be counted as 𝑓𝑏. 

We applied our suggested methods on an emotional dataset that deemed as noisy tweets 

because it doesn’t curry any business news meaning.  An example of this dataset can be 

seen in appendix 1. 
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6.3.2.1 Result for productivity class  

Table 5.3 presents the performance of NB, SVM, DT, and KNN classifiers alongside the 

same classifiers joined with OCSVM classifier for productivity class separately. The 

classifiers in these experiments are tested for the ability to filter out a noisy collection of 

tweets. For accuracy shown in table 5.3 we use the equations 5.1 and 5.2. As can be seen 

in figure 5.4, the NB classifier started with high accuracy 92% at the smallest volume of 

dataset. After that the accuracy slightly decreased to stay around 88%. 

In comparison to NB, NB+OCSVM gained the highest accuracy around 99% in all 

volumes.  Moving to SVM method that shown in figure 5.5, SVM alone had an accuracy 

of 80%. This accuracy improved about 10% when OCSVM is added as an additional 

layer. From figure 5.6 we can conclude that DT classifier recorded the highest accuracy 

98% on the smallest size of the dataset with minor decrease alongside the increase of the 

size of the dataset. DT+OCSVM completed the missing accuracy and reached 100% 

recording the highest accuracy, among others.  KNN classifier recorded the lowest 

accuracy starting with 70% at 250 tweets and ending with 71%. This low accuracy 

increased using KNN+OCSVM to around 97% as shown in figure 5.7. 

From the results, we observed that: 

• The productivity class occupied the highest accuracy in comparison to the 

other two classes. This is because this class has the most robust features. 

• The most significant improvement was gained by using KNN+OCSVM which 

is about 20%. 

• DT classifier recorded the best performance for productivity class. 
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 Datast  

classifiers 

250 500 1000 2000 3000 4000 5000 6000 7000 8000 

NB 0.92 0,90 0.88 0.87 0.88 0.87 0.87 0.98 0.88 0.88 

NB+OCSVM 1.0 1.0 1.0 0.99 0.98 0.99 0.99 0.98 0.98 0.99 

SVM 0.80 0.81 0.82 0.81 0.79 0.80 0.80 0.80 0.80 0.80 

SVM+OCSVM 0.99 0.99 1.0 0.99 0.99 0.99 0.99 0.99 0.99 0.99 

DT 0.98 0.98 0.98 0.98 0.97 0.97 0.97 0.97 0.97 0.97 

DT+OCSVM 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 

KNN 0.70 0.70 0.72 0.72 0.72 0.71 0.71 0.71 0.71 0.71 

KNN+OCSVM 0.98 0.98 0.99 0.99 0.99 0.98 0.98 0.98 0.98 0.98 

Table 6-3: One-step classifiers and two-step classifiers' performance on noisy tweets for 

productivity class 

 

 

Figure 6-2: Comparison between NB and NB+OCSVM classification system ' 

performance on noisy tweets for productivity class 
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Figure 6-3: Comparison between SVM and SVM+OCSVM classification system  ' 

performance on noisy tweets for productivity  class 

 

Figure 6-4: Comparison between DT and DT+OCSVM classification system ‘ 

performance on noisy tweets for productivity  class 
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Figure 6-5: Comparison between KNN and KNN+OCSVM classification system  ' 

performance on noisy tweets for productivity  class 

 

 

6.3.2.2 Result for competitiveness class  

Table 5.4 presents the performance of NB, SVM, DT, and KNN classifiers alongside the 

same classifiers joined with OCSVM classifier for competitiveness class separately. The 

classifiers in these experiments are tested for the ability to filter out a noisy collection of 

tweets. As can be seen in figure 5.4. NB failed to classify noisy tweets and recorded the 

weakest accuracy about 37% in all dataset divisions. This weakness was repaired by our 

suggested OCSVM layer. This improvement fluctuated around 76%. Moving to SVM we 
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During that the accuracy jumped to 93% two times. Comparing with DT, DT+OCSVM 

succeeded in correcting the errors that DT made in classifying noisy tweets. The 

accuracies of DT+OCSVM also fluctuated as it follows the DT part of the method 

recording 97% at 7000 tweets.   KNN comes third with a low, stable level of accuracy 

50%

60%

70%

80%

90%

100%

110%

0 1000 2000 3000 4000 5000 6000 7000 8000 9000

KNN KNN+OCSVM



Chapter 5: Using One-Class SVM for filtering out noisy tweets in Twitter News 

Headlines classification 

 
 

94 
 

around 45%. Like the other methods, OCSVM restored the balance of the performance 

and boosted it to the level of 84%. From above result we can outline that: 

• Despite the high accuracy in productivity class. NB recorded low accuracy in 

competitiveness class 

• The average level of improvements using NB+OCVM and KNN+OCSVM is  

 the same. 

• With unstable accuracy, DT+OCSVM gained the best performance for 

productivity. 

 Dataset  

classifiers 

250 500 1000 2000 3000 4000 5000 6000 7000 8000 

NB 0.34 0.36 0.37 0.37 0.37 0.37 0.37 0.37 0.37 0.37 

NB+OCSVM 0.76 0.75 0.77 0.77 0.72 0.73 0.72 0.73 0.73 0.72 

SVM 0.76 0.65 0.65 0.65 0.65 0.64 0.64 0.64 0.63 0.64 

SVM+OCSVM 0.90 0.87 0.87 0.87 0.86 0.85 0.85 0.84 0.84 0.84 

DT 0.90 0.89 0.86 0.86 0.87 0.92 0.93 0.86 0.93 0.88 

DT+OCSVM 0.94 0.94 0.92 0.93 0.92 0.96 0.96 0.92 0.97 0.94 

KNN 0.44 0.44 0.45 0.44 0.45 0.45 0.45 0.45 0.45 0.45 

KNN+OCSVM 0.83 0.82 0.84 0.82 0.81 0.80 0.80 0.80 0.80 0.80 

Table 6-4: One-step classifiers and two-step classifiers' performance on noisy tweets for 

competitiveness class 
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Figure 6-6: Comparison between NB and NB+OCSVM classification system ' 

performance on noisy tweets for competitiveness  class 

 

  

Figure 6-7: Comparison between SVM and SVM+OCSVM classification system ' 

performance on noisy tweets for competitiveness class 

 

 

 

Figure 6-8: Comparison between DT and DT+OCSVM classification system ' 

performance on noisy tweets for competitiveness class 
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Figure 6-9: Comparison between KNN and KNN+OCSVM classification system ' 

performance on noisy tweets for competitiveness class 

6.3.2.3 Result for competitiveness class  

Table 5.5 presents the performance of NB, SVM, DT, and KNN classifiers alongside the 

same classifiers joined with OCSVM classifier for industrial risk class separately. These 

experiments are conducted using the same setting used for productivity and 

competitiveness classes. The purpose of the experiments is to test the ability of each 

classifier to filter out the noisy tweets. The performance of our classifiers in one-step 

classification is compared with the performance of the same classifier with our suggested 

additional layer. Starting with NB, the classifier achieved sustainable accuracies 

alongside with different dataset sizes. The average of theses accuracies is 75%, as shown 

in figure 5.16. In two-step classification using OCSVM, the performance jumped to 

around 91% proving the ability of our two-step classification on dealing with noisy data. 

SVM recorded lower accuracies compared with NB. The level of performance stayed at 
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to SVM classification. This method succeeded in elevating the level of the accuracies to 

87% at all sizes of datasets. The worst accuracies in this class are recorded using DT 

which is 9% at dataset size of 5000. The classifier wrongly classifies most noisy tweets 

as industrial risk. Like other classifiers, our two-step method regains the balance of DT 

performance by raising the accuracies to 75% at 1000 tweets, as shown in figure 5.18. 
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45% for all sizes. Moving to KNN+OCSVM, it can be noticed that there is a massive rise 
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in the accuracy from 45% when using KNN alone to around 80% when using two-step 

classification. From the description above we can outline that: 

• NB+OCSVM achieved the best performance in this class. 

• Because of the low accuracies using DT, DT+OCSVM accuracies limited to 70%  

 

 

Table 6-5: One-step classifiers and two-step classifiers' performance on noisy tweets for 

industrial risk class 
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 Dataset  

classifiers 

250 500 1000 2000 3000 4000 5000 6000 7000 8000 

NB 0.74 0.72 0.75 0.75 0.75 0.75 0.75 0.75 0.75 0.75 

NB+OCSVM 0.91 0.90 0.91 0.91 0.91 0.91 0.91 0.91 0.91 0.91 

SVM 0.52 0.53 0.53 0.54 0.55 0.55 0.56 0.56 0.56 0.56 

SVM+OCSVM 0.88 0.86 0.86 0.86 0.87 0.87 0.87 0.87 0.87 0.87 

DT 0.11 0.12 0.16 0.16 0.14 0.10 0.09 0.17 0.09 0.14 

DT+OCSVM 0.72 0.72 0.75 0.74 0.72 0.70 0.70 0.73 0.69 0.70 

KNN 0.44 0.44 0.45 0.44 0.45 0.45 0.45 0.45 0.45 0.45 

KNN+OCSVM 0.82 0.81 0.83 0.82 0.80 0.80 0.81 0.80 0.80 0.80 
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Figure 6-10: Comparison between NB and NB+OCSVM classification system ' 

performance on noisy tweets for Industrial risk class 

 

  

Figure 6-11: Comparison between SVM and SVM+OCSVM classification system ' 

performance on noisy tweets for Industrial risk class 

 

 

Figure 6-12: Comparison between DT and DT+OCSVM classification system ' 

performance on noisy tweets for Industrial risk class 
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Figure 6-13: Comparison between KNN and KNN+OCSVM classification system ' 

performance on noisy tweets for Industrial risk class 

6.4 One-step filtering  

In this section we examine four methods of anomaly detection in terms of the ability of 

filtering out the irrelevant tweets before the classification. These methods are solation 

Forest, Local Outlier Factor, Elliptical Envelope and One-Class SVM. The dataset used 

in this experimentation is the same dataset used to train the base classifier for topic 

classification that illustrated in table 4.6 after removing the labels and joining all tweets 

as one-label dataset. In next sections there are a brief explanation of how these methods 

works in detecting outlier.  

Local outlier factor 
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density around an outlier object considerably is different from the density around its 

neighbours. Because the LOF is an unsupervised method, it is an advantage when the data 
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The Isolation Forest conception was first introduced by Liu et al [140]. For each data 
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generating trees capable of separating any data point from the  rest of the data by 

performing recursive random splits on attribute. A point score is the average length of the 

path from the root of the tree to the node containing one point, which is a short path 

indicating a point that is easy to isolate because the trait values differ greatly from the 

nominal values.  

Elliptic envelope 

Elliptic envelope is one of the anomaly detection methods.  it is based on the 

assumption that normal data came from a known distribution like Gaussian distribution. 

The method aims to identify the ‘shape’ of the data and spot the data that do not match 

the shape as abnormal.  using a robust covariance estimation to the data, the method tries 

to fit an ellipse to the central data [139]. The goal Elliptic envelope is to find the 

observations in which the covariance matrix contains the lowest determining factor. The 

algorithm works by using iteration process. It computes and sort outs distance for the data 

points in each iteration, then, based on sorted distances, it computes new distance and 

new covariance. This iteration process stops when determinant of new covariance is 

equivalent to old covariance or zero. 

6.4.1 Training and testing the outlier detection methods 

 To train solation Forest, Local Outlier Factor, Elliptical Envelope and One-Class SVM 

for filtering noisy tweets before the classification, we used the whole topic datasets shown 

in table 3.1 after removing the labels. We applied 20-fold cross validation in these 

experiments. Twenty equal sized parts were randomly formed from the dataset. In each 

fold, the classifier trained on 19 partitions, and tested on the remaining one. This process 

will be repeated 20 times in each time   one-fold is held out for testing.  Appling this 

method ensures that all datasets is used for both training and testing and that overlapping 

problem is not exist. The results of these 20 classification tasks were then pooled for 

calculating the average results for the dataset. This technique lowers the variability of the 

classification. To get the best of the suggested classifiers, we tuned them using a set of 

parameters for each classifier using grid search. For more information of how this method 

works please refer to Section 3.4. The parameters grids that were tested are available in 

table 5.6. 

 



Chapter 5: Using One-Class SVM for filtering out noisy tweets in Twitter News 

Headlines classification 

 
 

101 
 

model Parameters Grid 

OCSVM kernel: ["linear", "poly", "rbf"], 

gamma: [0.001, 0.005, 0.01, 0.1] 

Local outlier factor n_neighbors: [3, 4, 5, 6, 8, 10, 20] 

contamination range: (0.1, 0.1) 

novelty: [True] 

Isolation forest max_samples: [10, 50, 100, 200, 313], 

n_estimators: [100, 150, 200] 

max_features: [1, 2, 5] 

random_state: [42] 

Elliptic envelope contamination range: (0.1, 0.1) 

random_state: [42] 

Table 6-6: Classifiers and their corresponding parameters to tune. 

The best combinations of the parameters of our classifiers after performing the grid 

searches can be summed as following: 

• OCSVM: kernel: rbf, gamma: 0.001 

• Local outlier factor: n_neighbors: 20, novelty: True, contamination: 0.1 

• Isolation forest: max_features: 5, max_samples: 313, random_state: 42, 

n_estimators: 150, contamination: 0.1 

• Elliptic envelope: random_state: 42, contamination: 0.1 

 

  

The results show that Elliptic envelope method gain the highest accuracy in the training 

stage followed by Isolation Forest and Local outlier factor with the same accuracy. In 

contrast, experiment, One-Class SVM method achieved the lowest accuracy  in the stage 

of  getting the classifiers  ready. The result of all methods after tuning the parameters is 

shown in table 5.7. 

 

algorithms 20-fold  

ave  acc 

Local outlier factor 0.96 

Isolation forest 0.96 

Elliptic envelope 0.98 

One-Class SVM 0.64 

Table 6-7 results of training   LOF,IF,EE,and OCSVM on our dataset 
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After training and preparing the four methods for categorizing any new Tweets, we 

assessed them for noisy tweets filtering. To do so, we put them through a cruel test of 

filtering 8,000 tweets collected from regular timelines and not related to corporate news. 

This dataset is the same dataset used for our two-step classification. Filtering accuracy 

was calculated for each method using the following equation: 

𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑(−1)

(𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑(+1) + 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑(−1)
             (5.3) 

Where 𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑(−1) is all tweets that classified as noisy and 

𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑(+1) is all tweets that classified as not noisy knowing that 

(+1) and (-1) is the output of the classification. The results of all methods used to filter 

noisy tweets are shown in next table. 

algorithms accuracy 

Local outlier factor 0.16 

Isolation forest 0.05 

Elliptic envelope 0.0 

One-Class SVM 0.56 

Table 6-8 filtering accuracy of LOF,IF,EE,and OCSVM 

Despite the high accuracies in the training stage, LOF,IF and EE gained very low 

accuracy in filtering test. The OCSVM, however, with quite low accuracy in training 

stage, gained reasonable accuracy exceeded 50% in filtering test. 

 

6.5 Discussion and conclusion 

We present a novel approach for Twitter business headlines classification based on the 

combination of two classifiers to improve the efficiency of filtering out noise tweets that 

wrongly classified into one of our classes. We compared one-layer classification system 

with two-layer classification system regarding filtering irrelevant tweets using another 

domain dataset that deemed noisy tweets to our business news trained classifiers. This 
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dataset is divided into different sizes for a more analytic view to show the effect of it on 

filtering the irrelevant tweets. The results of using different sizes of tweets show that DT 

is not stable in filtering noisy tweets.  

 

In the first part of our experiments, we compare the performance of four different 

classifiers that trained with the same training set, as it is explained in chapter1 in more 

detail, On new irrelevant input tweets. The result shows that the four classifiers performed 

differently with a failure in one class rather than other two classes. For example, despite 

the high accuracy of productivity and competitive category, DT classifier failed in 

classifying most of the inputs for industrial risk class correctly. To the best of our 

knowledge, the reason behind this weakness is that the binary classification is based on 

assigning input data to one of the given classes without filtering out unrelated data. And 

this problem will happen clearly when the classifier is enforced to classify complete noisy 

data. Many types of research were conducted to tackle this problem using preselecting 

features; however, in extensive real live data, these methods can misclassify noisy data.  

 

Secondly, we add trained OCSVM classifier to work as a filter on the classification 

line. To find out the best combination, we tested OCSVM performance with all four 

classifiers. The result shows that the OCSVM classifier succeeded in regaining the 

classification balance with varying degrees for classes. As it can be seen in table 5.6 and 

figure 5.20, SVM+OCSVM system achieved the best-balanced accuracy of all classes 

followed by DT+OCSVM, NB+OCSVM, and KNN+OCSVM respectively.  

Comparing with one-step filtering, the SVM+OCSVM system  with accuracy more that 

90%, overcame the method of using just OCSVM as filter where the accuracy is around 

50%. That means 50% of all noisy tweets will go through the classifier and wrongly will 

classified to one of our classes. 
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class productivity Competitiveness  Industrial risk 

NB 0.88 0.37 0.75 

NB+OCSVM 0.99 0.74 0.91 

SVM 0.80 0.66 0.55 

SVM+OCSVM 0.99 0.86 0.87 

DT 0.97 0.89 0.13 

DT+OCSVM 1.0 0.94 0.72 

KNN 0.71 0.45 0.75 

KNN+OCSVM 0.98 0.81 0.82 

Table 6-9: One-step classifiers and two-step classifiers' performance on noisy tweets for 

all class 

 

            

     

Figure 6-14: Comparison between all classification systems ' performance on noisy 

tweets for all classes class 
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6.6 Case study   

We used our model as a baseline to classify 4155 tweets related to Blackberry 

companies to our three classes. The first classifier classified 468 tweets as belonging to 

productivity, and the second classifier kept only 100, and the rest were deemed as noisy 

tweets, and among these 100 tweets we countered only 16 tweets wrongly classified. The 

table below illustrates some examples of the output of our model for productivity class, 

where +1 indicates the correct classification and -1 the wrong one. 

 

BlackBerry delivered quarterly results that beat Wall Street expectations 

on Friday.  

+1 

BlackBerry's software and services revenue more than doubled in Q3  +1 

Video: BlackBerry loss less than expected, sales exceed estimates  +1 

Blackberry stocks soar despite revenue loss: BlackBerry stocks have 

soared thanks to a 12% rise in revenue  

+1 

BlackBerry's results beat expectations, shares rise  +1 

BlackBerry Stock Surges as Walmart Sells Out Priv: BlackBerry shares 

surged this week after reports surfaced t.. 

+1 

BlackBerry 8830 Huron Grade B (Sedang) https://t.co/0pE2a6rclA -1 

BlackBerry and Telegram have been of tremendous help to ISIS smh. 

 

-1 

"BlackBerry 9300 impecable Blackberry 9300 Telcel  

" 

-1 

BlackBerry beats outlook (Business) https://t.co/MvfQgG1LVy -1 

BlackBerry's Handset Business Is Doomed https://t.co/hI4oztTDeW -1 

  Table 6-10 Result of using OCSVM for  filtring noisy tweets in Blackberry tweets 
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7 Conclusion 

 

The final chapter of this thesis provides a summary of the research, along with a 

discussion of the possible future directions. Initially, the chapter explores the thesis 

contributions. It ends by focusing on future work that is related to this research. 

 

7.1 Thesis Summary and Contributions 

In chapter 3, we have presented the beginnings of a method for producing novel business 

indicators that can be used for providing assessments of a company’s performance and 

future prospects, obtained purely via ‘listening’ to tweets from suitable news sources. Our 

approach is based on independently applying both topic and sentiment classification, 

using models trained on appropriate pre-classified datasets. To assess the performance of 

the model, we compared our main classifier, NB, with three other classifiers: SVM, DT, 

and KNN. The results show reasonable levels of accuracy in both topic and sentiment 

classification with the NB and SVM classifiers showing statistical superiority over the 

other tested classifiers. This superiority was confirmed using   Bayesian Sign test for both 

topic and sentiment classification. While ‘reasonable levels of accuracy’ is a vague term, 

however, with accuracy levels rarely below 80%, this nevertheless seems consistent with 

topic classification performance generally reported for difficult tasks, and (considering 

both sentiment and topic results) is credible enough to support the use of this approach as 

part of a business analysis toolset. At the end of this chapter, we used this system to 

monitor the performance of the selected company by summing the sentiments of all 

classified tweets and calculating the positive to the negative ratio for each performance 

aspect from 21st November 2015 to 1st September 2016 using the output of our 

classification system. We compare the result of our novel monitoring method with Z-

score of the given company in the same period. Despite the short duration of the study 

and the small size of the data, the comparison between our monitoring approach and Z-

scores shows that our approach gained promising performance although needing more 

work to become effective. 

 

In chapter 4, we introduced a novel approach of using non-contiguous n-grams as 

additional features besides unigram features. We compared the performance of the NB 
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classifier applied using our suggested features with its performance when using standard 

bigrams combined with unigrams. To use non-contiguous n-grams and bigrams 

effectively, we implemented three feature selection methods: Mutual Information, Chi-

square, and likelihood ratio. These methods were applied for each type of feature 

individually to determine an optimal number of features for each type. To find the 

thresholds of FS method for each class, we use the recall measure.  The search for optimal 

feature is conducted by trying different features selection scores for each class features 

until reaching the highest recalls for all classes. We applied this approach for both 

classification dimensions; topic and sentiment, as explained in chapter 3.  We can 

conclude that, for topic classification, the use of non-contiguous n-grams led to better 

performance than standard bigrams when the feature selection method used was IM. 

Meanwhile, for sentiment classification, we found that the inclusion of non-contiguous 

n-grams led to the best accuracies, largely irrespective of the feature selection method.  

In chapter 5   We present a novel approach for Twitter business headlines classification 

based on the use of a two-layer classification system, where the first layer classifies a 

tweet in terms of the business topic as before, but the second layer filters out noisy tweets 

that were wrongly classified to one of our classes. We compared the one-layer 

classification system with the two-layer classification system using a set of tweets from 

ordinary timelines (non-business-related). We used the One-Class SVM classifier as the 

noise filter because of its ability to detect irrelevant data. The results demonstrate that the 

two-layer approach provides significant improvements, especially when the first layer 

uses SVM. Finally, we compared our approach with one-step filtering approach where 

one noisy detection method used. For that we used four methods ( solation Forest, Local 

Outlier Factor, Elliptical Envelope and One-Class SVM). The results of both approaches 

show that our approach of using two-layer classification system is overcame one-step 

filtering method. 
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7.2 Future work 

Clearly there are many possible directions of future work to expand upon the methods 

and the results presented in this thesis, ranging from further refinement or use of 

alternatives to the machine learning methods and the features, through to exploring the 

sensing of different business attributes, and potentially looking at related applications 

(e.g.  extracting information about government performance, public health, and so on.). 

In this final section we will briefly discuss the three main immediate areas of future work 

of most interest to the author at the time of writing, the third of which is the subject of 

ongoing investigation.   

7.2.1 Including Public Mood 

The work in this thesis has concentrated on the use of tweets from a limited source, 

specifically from twitter accounts that only deliver news-based tweets. One apparent and 

attractive area for further work is to widen this scope by adding information from 

additional sources, for example to estimate the ‘public mood’ about a company. One 

additional source might be the general public twitter timeline, but this is likely to suffer 

from considerable noise, and consequent difficulty in identifying relevant tweets. A more 

promising initial investigation might involve instead continuing to focus on the twitter 

news sources only, but to widen the dataset by including replies to those tweets, which 

might come from arbitrary accounts.  

A prominent research work in this general direction – using the general twitter public 

timeline to sense information about the stock market – was by Bollen et al. [89]. The main 

question of Bollen et al’s research was: ‘is there any correlation between the Dow Jones 

Industrial Average (DJIA) values and the aggregated moods extracted from Twitter feeds 

over time?’ The difference between Bollen et al’s work and our suggested future work is 

our focus on using direct replies to twitter news feeds for specific companies. 

7.2.2 Automated Feature-Set Optimization 

In chapter 4 we described a process of finding the idea configuration for the use of non-

contiguous n-grams for each classification task. In order to develop the methods in this 

thesis in the context of using it for real-world analysis, such as an online service or a tool 

for companies to subscribe to, such processes of choosing feature sets need to be 

automated.  In common with the emerging practice, in the growing number of commercial 

services that use machine learning, the determination of feature sets, as well as the 
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machine learning itself, will ideally be implemented as part of an automated pipeline 

which is regularly re-run, to adapt and re-learn according to recent data.  

In particular, considering the contexts of sentiment analysis and business analysis, it 

would then be valuable to retain the outcomes of the regular automated feature 

optimization and machine learning. This will reveal how the use of language in twitter 

business contexts changes over time, and how different words and phrases become more 

or less significant in terms of their predictive signal value.   

7.2.3 Financial distress prediction 

The author’s original motivation for this research was to support the task of financial 

distress prediction; that is, to detect signs of a company being in financial distress. This 

in itself is a wide research area, which attempts to predict from available signals (from 

social media or otherwise, whether a company is facing (or soon to face) financial 

distress. Current approaches to financial distress prediction use only traditional financial 

indicators such as debt ratios, profitability, and liquidity, ignoring qualitative indicators. 

We have shown that at least a small number of associated aspects, such as 

competitiveness, can be inferred from social media. This opens up the possibility that 

further research, to draw signals from social media of a range of other potentially relevant 

quantitative indicators, may contribute new methods to more accurately forecast financial 

distress. Such indicators could include industry risk, management risk, financial 

flexibility, credibility, competitiveness, productivity, marketing parameters, and much 

more.  It is known that such indicators can be effective in financial distress prediction; 

for example, Martin et al. (2013) tried to use experts to provide ratings for a number of 

qualitative parameters using questionnaires; they then applied fuzzy methods and 

metaheuristics to derive a predictor for financial distress based on these experts’ ratings. 

Despite good accuracy levels achieved through this approach, the main limitation is the 

time-consuming and otherwise expensive need to rely on knowledge acquisition from 

experts. An attractive area of further research is, therefore, to replace expert ratings with 

signals automatically derived from text mining and sentiment analysis, therefore using 

techniques similar to those developed in this thesis to provide qualitative indicators to 

combine with the traditional quantitative indicators currently used in financial distress 

prediction.  
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In the remainder of this section, we describe our first steps to use the methods in this 

thesis as the first step in a new process towards understanding financial distress from 

social media signals. 

7.2.4 Deriving association rules for financial distress  

The mining of Association rule is known to be one of the primary tasks of data mining in 

the discovery of knowledge in the database process. Association rule discovery was first 

introduced by Agrawal et al. [113] in 1993. The research focused on the market basket 

analysis in an attempt to find the hidden relationship between the buying items in the 

database of a retail transactional. The results show that the form of if antecedent, then 

consequent (𝑋 →  𝑌) was proven as the perspective of the information hidden in large 

databases. Detecting these itemsets using pairing rules is very important because it may 

disclose treasured knowledge of specific domain applications such as network intruders, 

detection for air pollution, and machine critical faulty [114], abnormal learning problems 

[115], and many more. Displaying attribute-value conditions that frequently occur 

together is a potential future work for the problem of financial distress prediction because 

it uncovers interesting correlation patterns amongst a broad set of qualitative items. These 

patterns give the  financial analysts additional tools to identify not only the companies 

facing financial difficulties but also provide insight into the causes of these difficulties  

7.2.4.1 First steps towards association rules 

We have made preliminary steps in this direction by using genetic algorithms (GAs) to 

generate association rules for financial distress prediction, using as input the sentiment 

values derived from twitter sensing. Hence, in this preliminary test, the association rules 

serve as a further predictive layer of the overall classifier system.   

In our proposed GA method, an association rule is represented as a simple list of 

parameters and a class value. The parameters are interpreted as interval ranges for the 

sentiment values, which then predict the given class. For example, in this rule 

If ( 1.0 <pro< 3.2 ) and ( 2.1 <co< 3.4 ) and ( 1.2 <ins< 3.7 ) , then class =  inRisk 

The company is classified as at risk if the sentiment value for productivity was between 

1 and 3.2, and the sentiment value for competitiveness was between 2.1 and 3.4, and so 

on. 
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To determine ground truth values for whether or not the company should be classified as 

at risk, we use the Z-score for a three-month period (the same three-month period as the 

tweets from which the sentiment values were derived).    

 To investigate the derivation and use of such rules, we collected tweets from trusted 

business news sources, from 21st November 2015 to 1st September 2016. Our collection 

parameters automatically filtered tweets to obtain ones mentioning one of the following 

ten companies: Airbus, Alaska, Tesla, DirectTV, Coupon, Lululemon, Nissan, Vodafone, 

Quiksilver, Shutterfly, Zynga, Toyota, Citigroup, Amapar. Some of these companies, 

according to the 24/7 Wall St, suffering from financial difficulties. The data set for the 

GA is split into two subsets, which are a training set and a validation set of 70 and 30% 

of all data, respectively which consists of 52 observations. Table 6.1 illustrates a sample 

of the dataset used as input to the GA, showing sentiment values derived from our 

classifier system combined with the class derived from the Z-score. 

Companies  productivity competitiveness Industrial risk Class 

Citigroup 2 3 2.5 inRisk 

Coupon 2.5 2.2 2.1 inRisk 

Lululemon, 2 3.3 1.3 inRisk 

Tesla 4.2 3.5 1.2 Safe 

Airbus 2 4.9 4 Safe 

Table 7-1 a sample of the dataset used as an input for the GA 

As a result of applying the GA with standard settings, we managed to produce ten 

association rules that can be used to predict financial distress on the holdout set with an 

accuracy of 84%: 

 

1.  If ( 1.0 <pro 3.2 ) and ( 2.1 <co< 3.4 ) and ( 1.2 <ins< 3.7 ), then class =  inRisk 

2.  If ( 1.0 <pro< 3.2 ) and ( 2.1 <co< 3.4 ) and ( 1.2 <ins< 3.7 ) , then class =  inRisk 

3.  If ( 1.9 <pro< 3.2 ) and ( 1.9 <co< 4.3 ) and ( 1.8 <ins< 4.5 )  , then class =  safe 

4.  If ( 1.6 <pro< 3.2 ) and ( 2.7 <co< 3.7 ) and ( 1.1 <ins< 3.9 ) , then class =  safe 

5.  If ( 2.5 <pro< 5.1 ) and ( 1.8 <co< 4.4 ) and ( 1.5 <ins< 4.2 ) , then class =  safe 
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6.  If ( 2.5 <pro< 5.1 ) and ( 1.8 <co< 4.4 ) and ( 1.5 <ins< 4.2 ) , then class =  safe 

7.  If ( 1.0 <pro< 3.2 ) and ( 1.8 <co< 4.2 ) and ( 2.2 <ins< 4.4 ) , then class =  safe 

8.  If ( 1.7 <pro< 4.2 ) and ( 2.0 <co< 4.1 ) and ( 2.0 <ins< 3.6 ) , then class =  inRisk 

9.  If ( 2.8 <pro< 5.2 ) and ( 2.3 <co< 3.7 ) and ( 1.0 <ins< 3.9 ) , then class =  safe 

10. If ( 1.5 <pro< 3.7 ) and ( 2.8 <co< 4.9 ) and ( 2.0 <ins< 4.0 ) , then class =  inRisk 

 

Also, we found that the GA approach with association rules outperformed a simple neural 

network approach that attempted to classify the risk class directly from the sentiment 

values. 

With even 3 months of tweets, we can only derive one row of data per company using 

this approach, so the size of the dataset used in this experiment was inevitably quite small. 

This is why these are considered indicative initial tests to be developed, rather than 

something that was explored in the main thesis. Also, this method would only be expected 

to be useful for companies that are relatively large, and consequently mentioned 

frequently in financial news. 

Nevertheless, the results suggest that the sentiment values produced using the methods 

developed in this thesis could support a wide range of potential follow-on applications in 

the broad area of characterising a company’s position based on its social media mentions. 

Also, financial analysts may find valuable insights about company performance dynamics 

from inspection of the association rules themselves.  
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Appendix 1 

 

Example of noisy tweets used in chapter 5: 

 

@tiffanylue i know  i was listenin to bad habit earlier and i started freakin at his part 

=[ 

Layin n bed with a headache  ughhhh...waitin on your call... 

Funeral ceremony...gloomy friday... 

wants to hang out with friends SOON! 

@dannycastillo We want to trade with someone who has Houston tickets, but no one 

will. 

Re-pinging @ghostridah14: why didn't you go to prom? BC my bf didn't like my 

friends 

I should be sleep, but im not! thinking about an old friend who I want. but he's 

married now. damn, &amp; he wants me 2! scandalous! 

Hmmm. http://www.djhero.com/ is down 

@charviray Charlene my love. I miss you 

@kelcouch I'm sorry  at least it's Friday? 

cant fall asleep 

Choked on her retainers 

Ugh! I have to beat this stupid song to get to the next  rude! 

@BrodyJenner if u watch the hills in london u will realise what tourture it is because 

were weeks and weeks late  i just watch itonlinelol 

Got the news 

The storm is here and the electricity is gone 

@annarosekerr agreed 

So sleepy again and it's not even that late. I fail once again. 

@PerezHilton lady gaga tweeted about not being impressed by her video leaking just 

so you know 

How are YOU convinced that I have always wanted you? What signals did I give 

off...damn I think I just lost another friend 

@raaaaaaek oh too bad! I hope it gets better. I've been having sleep issues lately too 
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Wondering why I'm awake at 7am,writing a new song,plotting my evil secret plots 

muahahaha...oh damn it,not secret anymore 

No Topic Maps talks at the Balisage Markup Conference 2009   Program online at 

http://tr.im/mL6Z (via @bobdc) #topicmaps 

I ate Something I don't know what it is... Why do I keep Telling things about food 

so tired and i think i'm definitely going to get an ear infection.  going to bed 

&quot;early&quot; for once. 

On my way home n having 2 deal w underage girls drinking gin on da bus while 

talking bout keggers......damn i feel old 

@IsaacMascote  i'm sorry people are so rude to you, isaac, they should get some 

manners and know better than to be so lewd! 

Damm servers still down  i need to hit 80 before all the koxpers pass me 

Fudge.... Just BS'd that whole paper.... So tired.... Ugh I hate school.....  time to 

sleep!!!!!!!!!!! 

I HATE CANCER. I HATE IT I HATE IT I HATE IT. 

It is so annoying when she starts typing on her computer in the middle of the night! 

@cynthia_123 i cant sleep 

I missed the bl***y bus!!!!!!!! 

feels strong contractions but wants to go out.  http://plurk.com/p/wxidk 

SoCal!  stoked. or maybe not.. tomorrow 

Screw you @davidbrussee! I only have 3 weeks... 

@ether_radio yeah :S i feel all funny cause i haven't slept enough  i woke my mum up 

cause i was singing she's not impressed :S you? 

I need skott right now 

has work this afternoon 

@GABBYiSACTiVE Aw you would not unfollow me would you? Then I would cry 

mmm much better day... so far! it's still quite early. last day of #uds 

@DavidArchie &lt;3 your gonna be the first  twitter ;) cause your amazing lol. come 

to canada  would do anything to see you perform 

just picked up her Blackberry from the middle of the street! Both she and it are 

crushed! 

Why do I have the feeling I should be packing and hitting for SFO around this time of 

the year? I think I'm missing something... 
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@creyes middle school and elem. High schools will remain open for those who need 

credits to graduate. Cali is broken 

Bed!!!!!... its time,..... hope i go to school tomorrow, all though i don't feel very well 

right now 

@onscrn Ahh.  ... Well, I was hoping that I could learn some stuff on the way. ... Why 

not you and I work on separate things but also 

I'm having a problem with my photo here in twitter amf!!!...can't see my face! 

@jakeboyd, oh noooo!  if i blow a tire you're reaaaally going to have to send up some 

batman smoke. 

wnna take a bath!!!! 

Chocolate milk is so much better through a straw. I lack said straw 

why am i so tired? 

@djmicdamn hey yu lil fucker i textd yu 

@Mennard time diff and i've just been wrapped up in day to day stuff so i havent 

been tweeting. talk soon,must sleep...up in 6hrs 

@benballer  no way! damn that sucks B!  are you ok? 

sucks not being able to take days off of work or have the money to take the trip  so 

sad 

bed...sorta. today was good, sara has strep thought Angelina does to; i shared a water 

with her B4 they told me, i will prob get it to 

@ramtops the recession. her hotel are restructuring how the accounts are done. adds a 

bit more pressure in the short term but we'll cope 

@lostluna But I got dibs on Sulu... 

@maternitytees Aww  Onward and upwards now, yay! Still sad to leave I bet. 

@itsgabbith at once haha.  poor aby still gets sore! 

diesel yaris... 70mpg  so sad its not available in the US. That'd be awesome. 

I want to buy this great album but unfortunately i dont hav enuff funds  its 

&quot;long time noisy&quot; 

@Pokinatcha  in all honesty...pain   blech. 

Ok ... the passengers ... no one is alive ... they're all dead ... you just don't know it til 

the end ... then you cry ... 

At home alone with not much to do 

@DavidCookLove ia so much! i haven't really been happy with any of cooks choices 

for singles. 
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@vincew @stefanyngo  i fell asleep on the beach and didn't put on enough sunscreen  

lol 

So i think my son might have the flu cause I def. just cleaned up a stanky puke mess  

Poor pumkpin 

So great to see Oin &amp; Cynthia.  So happy.  Dinner was great, cute little place.  

Too bad Oin got sick afterwards. 

I cant give @jertronic any bday nudges. 

...and all woman who transfer their first impressions (sexual/maternal) onto a less 

'threatening' man -- are themselves as weak as 'Him' 

Brothers Bloom won't be opening this weekend in El Paso.  I'll just buy Brick and 

enjoy that until I can watch Brothers Bloom. 

says I miss plurking.  http://plurk.com/p/wxion 

Bitten to blood by my cat, on my way for a rabies bacterin. Seems 7 shots for 2 

months. Never wash my cats at home again, they hate water 

I miss Voobys! 

@Dancing_Monk Neither are ELP!! 

@havingmysay  dude, that is my favorite sandwich place ever. ummm did you take 

PICTURES? 

is sad that shin ae got married...and it wasn't to alex 

@shondarhimes Sure you will tweet about this when you're back, but news is abuzz 

about TR Knight's leaving &quot;confirmed&quot; today.  Muy triste. 

@RachelLock22 ohh thursday i have exams.. all day  what about wednesday ? 

there was a mix up with my dentist appt this afternoon. so they rescheduled me for 

tomorrow @ 9am. 

@gcrush @nopantsdance i was just thinking about how excited i am for you guys to 

move, but then i realized how sad i am to see you go. 

goooood mooorning people... sun is out.. definitly spring now, we had our first spring 

hail storm, my car has dimples now.. 

@artfuldodga I love those 'it'sakey' USB sticks. We only have the 4GB in Australia 

fresh prince and sleepy sleeps my nightly routine  gotta go to Dmv early tmrw 

dammit! hulu desktop has totally screwed up my ability to talk to a particular port on 

one of our dev servers. so i can't watch and code 

@emmarler i am jealous of your mom talking to @taylorswift13. i want to see you all 

our twittering is making me miss you 
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I can't sleep...I keep thinking about the puppy I played with today 

.. I'm suppposed to be sleep. But i got some much to do. &amp; i got that one part of 

the song stuck in my head &quot;your a jerk (iknow)&quot;  blaahh 

@lepetitagneau what's going on sweetheart? 

How can it be so freaking difficult to get a system-wide spellchecker? Shit, I'd settle 

for an office suite one. Stupid unhelpful Windows 

Last one month due to summer, strawberry is not availble in the Chennai markets! 

@willxxmobb work at 6am. Gotta go to bed soon 

@RobertF3 correct! I ADORE him. I just plucked him up and put him under my arm 

cuz he was cryin.  All better now! Hahaha 

@sweeetnspicy hiii im on my ipod...i cant fall asleep 

dont wanna work 11-830 tomorrow  but i get paid 

feels sad coz i wasnt able to play with the guys!!!  http://plurk.com/p/wxiux 

PrinceCharming 

@ cayogial i wanted to come to BZ this summer :/ not so sure anymore... a teacher's 

life in the summer SUCKS 

First ever dropped call on my mobile. On a call to @Telstra no less! ( being charged 

for data even though I have a data pack  ) 

@mrgenius23 You win ... SIGH Rakeem 

Oh is that time for real? 

Darn these allergies! I don't like this time of year because of this! I never used to have 

this problem either 

Oh no one minute too late! Oh well 

@soviet_star Damn, that sucks 

@cayogial i wanted to come to BZ this summer :/ not so sure anymore... a teacher's 

life in the summer SUCKS 

@mileycyrus THIS WEBSITE GAVE ME A VIRUS! When i opened it more 

windows kept POPPING up 

ahh! big scary bug flying around my room!!!!! 

I wish she knew what she puts me through..She stole my heart, never gave it 

back..and occasionally she likes to be like look what I have! 

is up with a nasty cough i cant be sick i have a huge weekend ahead of me 

@justamedicine  That was stone cold   Crazy....  ? 

i'm so tired 
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shift time  bbye biochem waaaaahhhhhh!! http://plurk.com/p/wxizo 

@melbournegirl I'm sure some1 will cum out and play. I'm workin through til 

midnight. 

@thecreativeone I second that. I wish it rained more where I am 

@neesabear early happy day of birth in case I don't make it! Very tired from therapy 

today n just taking my medicine!  misshu! Love ya! 

damn it were is Eric or anyone else when you need your hair to be played with 

I'm feel deflated. Ugh. No more dog. 

Allergies suck ducks nuts.     &lt;=====8@8=====&gt; 

Well it almost was a good day... Guess I just retry tomorrow 

@IamYeTe Waraku is tasteless and expensive! Portion is so little!!!!!  re: waraku 

@freepbx sounds good. Appreciate the suggestion. Been a week now and we're still 

offline  Time to ask for a refund... 

@poinktoinkdoink He died.  Wait, what about Magic Jack? I just read it. 

@britblackbird  youstinkatrespondingtotexts! 

wonders why her Karma points turned into 0.00.  http://plurk.com/p/wxj54 

Need to pack for CALI CALI! Cannot waittt! Thinking a glass of wine is in order to 

celebrate my weekend vaca. Still work 2morrow, tho. 

Is miserable  i feel like im gona cry  sux! 

@megturney well I ran out of beer so I left. Not sure about the ETA. Waiting waiting 

waiting. Bleh  Gonna be a long nite methinks. 

$#@! My nose stud fell out and I can't find it  Looks like I'll have to head into 

Amsterdam today and get a new one 

claire @breakfastnt love the show, got into the office @ 5am and no radio 

Pats in philly at 2 am. I love it. Mmm cheesesteak.  Miss my boyfriend   but I love 

vacation. 

*sigh* I'm going to bed... I just don't feel right anymore... 

What? I focused on Tom so much I didn't see my beloved Barack! Oh no! I must vote 

for both! Poor president only has 626 votes. 

 


