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ABSTRACT 

Data has turned to be an essential aspect of every individual, group, industry, financial 

system, business enterprise, commercial enterprise and society. In this era, where social 

networks yields inconceivable volumes of data for different purposes on daily bases, an 

improved approach to analysis of data is required to extract information that best matches 

user interest. One of the ways of achieving this is through data mining. Data mining could 

help any consumer or producer of information to make knowledge driven decisions. Data 

mining helps with the analysis of texts from different perceptions into valuable information 

that can be fine tuned into useful organisational solutions and help forecast the future trends. 

There has been some work that has been done previously in the area of social media data 

analysis. Most of these works place more emphasis on the development of computational 

methods. Literature has argued that, while computational methods are good with regards to 

statistical and algorithmic analytics, they are limited in that they cannot capture in-depth 

meanings and semantics from data. Content from social media requires human interpretation 

and intervention for proper analysis. Therefore, the aim of this study was to develop a 

Conceptual Framework that offers a generic approach to addressing the limitations of 

computational methods to social media data analysis. In addition, the proposed Framework 

provides a guide on other aspects such as data gathering and text-pre-processing. The 

application of the proposed Framework was then demonstrated through classification of data. 

Even though only one application scenario was demonstrated through classification, the 

framework gives other options for applications such as regression, association and clustering. 

The proposed Conceptual Framework was evaluated in two stages using an example case of 

the political landscape of Botswana data collected from Facebook and Twitter platforms. 

Firstly, a user study was carried through the Inductive Content Analysis (ICA) process using 

the collected data by the use of focus groups. Additionally, a questionnaire was rolled out to 

evaluate the usability of ICA as perceived by the participants. This was mainly performed to 

help mitigate the limitations of computational methods of failure to capture in-depth 

meanings from data. Secondly, an experimental study was conducted where data which was 

pre-processed through ICA was classified through the use of data modelling, and an 

evaluation of data mining algorithms was made with metrics which measured their 

performance and accuracy. The evaluation of the ICA process was made based on 

“Usability” component of the ISO 9126 model. The aspects which were evaluated on 

Usability are: Learnability, Ease of use, Perceived usefulness, Satisfaction and Flexibility. 

Each evaluation metric had five questions. The total for the positive responses of strongly 



xiv 

agree and agree for the five questions of each metrics are as follows:   Learnability scored 

between 91.7 % and 100%. Ease of use scored between 95.8% and 100% with the exception 

of one question which asked if the overall process took a lot of time. The majority mostly 

disagreed with 87.5 %, Perceived ease of Use scored between 91.7% and 100%, Flexibility 

scored between 95.8% and 100% and Satisfaction scored between 95.8% and 100%. The 

scores for accuracy of the model performance in classifying the data correctly for Instance 

Bases learning with parameter K (IBK) classifier for K-Nearest Neighbour and Sequential 

Minimal Optimization (SMO) classifier for Support Vector Machine were both 94.6%, Naive 

Bayes (NB) classifier for Naive Bayes multinomial with 82.8% and J48 classifier for 

Decision tree C4.5 was with 78%. The results from the experimental study show that data 

mining algorithms had higher accuracy in classifying data when supplied with data from the 

ICA process. That is, through the application of the ICA process, data mining algorithms 

were able to overcome the difficulty of failure to capture in-depth meanings and semantics 

within data. Overall, the results of this study, including the Proposed Conceptual Framework 

are useful to scholars and practitioners who wish to do some researches on social media data 

mining and analysis. The Framework serves as a guide to the mining and analysis of social 

media data in a systematic manner.  



CHAPTER 1 

INTRODUCTION

1.1 AN OVERVIEW OF SOCIAL MEDIA 

Social media, as defined by Batrinca and Treleaven [1], is a web based and mobile applications 

that allow the creation, access and sharing of content that is freely and readily available. On the 

other hand, Gundecha and Liu [2] define social media as a conglomerate of diverse types of 

shared media, (e.g. YouTube, Twitter, Facebook and LinkedIn). Networking sites such as 

Facebook, Twitter, LinkedIn and YouTube are the most popularly used sites on the Internet for 

all age groups [3]. Other social media platforms, which are commonly used, are WhatsApp and 

Skype. Since December 2011, Facebook alone has registered over 845 million active users. At 

present, Twitter and Facebook accumulated over 1.2 billion users [2],[4].  

Social media permits the formation, interactions and exchange of content [2],[5],[6],[7]. The 

users of social media platforms normally are the ones who share, organise groups and provide 

useful information [3]. Users deliberate with each other on their everyday encounters on 

different social media sites. Nowadays, a majority of people rely on social media to exchange 

information, communicate, express and vent  their feelings, express their sentiments, even ask 

for social support, and get comfort from others online [3],[8]. Many researchers share the same 

view that, the acceptance of social media continues to grow fast [2],[4], consequently leading

to development of blogs, wikis, social news, micro blogs, location based social networks, 

social bookmarking applications, product and business review sites, media sharing (of text, 

photo, audio and video), etc. [2],[3],[5],[9].  

Other than only chatting, social media platforms allow other activities such as online shopping, 

gaming, business marketing, promotions and advertisement, entertainment, politics, news 

exchange and analysis, health discussion and awareness forums [9]. Social networks give a 

premise for keeping up with others through socialising, sharing and finding content and 

knowledge produced by others [3]. Because social online networks attract millions of people, 

who share their decisions online, majority of the time, what people say online on these social 

media platforms influence the decision making of companies, service providers, politics, 

1 
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government, etc. [9]. For example, if an employee of a certain reputable company shares 

negative messages or information online on these social platforms and people respond showing 

their dissatisfaction, the company can be influenced to take some serious measures against that 

particular employee. In most cases, in order to protect the brand, they would dismiss the said 

person. 

Medicin [10] has identified five major features which constitute social media as: openness and 

collaboration (between both users and user groups); social networking and social interactions; 

participation and the use of different providers (e.g. blog spaces, search engines, etc.). In 

addition to Medicin ’s features, Jensen [11] states other things which also generate social 

media data. These are: places, networks of web pages, things, data on interrelated people, 

events extracted from text documents and complex relational databases [11]. 

According to Toivo [5] social media has brought ultimate change to how people communicate, 

with the self-made content, and the quick pace and supple manner in which they share this 

content. People share and distribute content in social media in various ways. Some examples of 

these ways are given in Table 1.1 adapted from Toivo [5] and Gundecha and Liu [12]. 

Table 1.1: Examples of the Social Media Networks, adapted:  [5], [12]. 

Social networks Facebook, Google+, MySpace, LinkedIn,IRC 

Media products community YouTube, Flickr, Slideshare 

Blog services Wordpress, Blogger, Twitter, Posterous 

Information creation community Wikipedia, Wikispaces 

Link sharing services e.g. Digg, Diigo

Virtual community e.g. Habbo Hotel, Second life

Apart from usage by individuals, businesses, institutions, organisations, etc., are now tapping 

on social media platforms to harness social media data for making the rightful decisions. Social 

network analysis has become popular mainly because of its use in various activities such as 

business advertising and marketing, search engines and administrative dynamics. However, 

collecting and accumulating huge amounts of data can be overwhelming and challenging to 

make sense of it [13]. In order to overcome this challenge, they resort to applying data mining 
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to the data, to extract patterns and useful ideas from it. Data mining may aid in the analysis of 

data through segmentation and classification [14]. As for companies, businesses, organisations, 

or consumers and producers of information, the success comes only if insights could be quickly 

discovered from the data and used to come up with better plans, decisions and actions [13].  

According to Bhadani and Jothimani [15], making sense out of the vast data can help 

organisations to make informed decisions and to be at a competitive edge. Data is considered 

to be a gold mine of insights. Data mining uncovers hidden patterns in data that could be useful 

in predicting future behaviours. The insights discovered through data mining are transformed 

into decisions that turn into actions that are used in day to day business operations that need to 

be carried out quickly and at a large scale [13]. For example, to be at a competitive edge, with 

proper mining and analysis, insights found from data could help to unravel hidden profits, 

maximise customer loyalty, and minimise client churn. If data is left unprocessed to uncover 

the insights, organisations, governments and businesses would not make any informed 

decisions, and in most cases, their day-to day operations may suffer. As for businesses and 

organisations, they could even run at loss, lose clientele or even cease operating. As for the 

governments, the departments will perform poorly and quality of service provided to citizen 

will be of a low standard hence poor service delivery.  

1.2 CHARACTERISTICS OF SOCIAL MEDIA DATA 

On a daily basis, researchers are challenged with massive and limitless amounts of data and 

encounters serious limitations to establish methods of content analysis [16], [17], [18], [19].  

Data which is accessible on social networking sites is noisy, distributed and dynamic [9].  Data 

is generally formless and presented in a diversity of ways (e.g. blog posts or tweets, web 

pages). Moreover, content published online is continually becoming more intricate as it is 

interrelated and connected through hashtags or hyperlinks [20]. Data from Social media is 

uncontrolled and distributed [2]. Because of that, it becomes overwhelming for researchers to 

understand how it flows. Social media data is most of the times formless and unstructured [21]. 

Uncovering hidden patterns and meanings from unstructured data from numerous data sources 

can be challenging. This is because, different social media sites serve different purposes and 

meet different needs of users, for example, people use LinkedIn mostly to professionally 

network in terms of jobs, projects and specialities whilst people use Facebook to mostly 

socialise in an uncontrolled, relaxed manner. The use of the social media sites may not 

necessarily be the same. These sites are constantly advancing and are also dynamic. For 
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instance, Facebook has invented numerous concepts e.g., numerous user privacy policy 

changes, user’s timeline, live feeds chats and videos, and creations of in-groups and 

customised individual and business pages for marketing, etc. There are quite a number of 

motivating questions and lessons associated with human behaviour that can be explored and 

learnt from social media data [2]. Huge volumes of self-made content are generated over social 

networks daily. This inclination is possible to go on with more growth and production of 

content in the future [1], [2], [3], [8]. According to Bigus [21], there are some challenges which 

drive the growth of social media. These challenges revolve around: hearing a user’s voice, 

improving users’s experiences, and identifying the source of information best suited for users 

to use. As pointed out by Bigus [21], these challenges creates plenty of  opportunities for data 

miners to come up with  new methods and inventions to analyse social media data as some of 

the solution(s) to these challenges  lay  hidden in the data.  

Researchers encounter varieties of information online at an increasing velocity, volume, 

veracity and with different value which constitutes the so called V’s of Big Data [22]. Even 

though there are many aspects to Big Data, this study gives more emphasis to the veracity 

aspect. When processing online data, veracity of data should be looked at, especially when 

dealing with social media data.  According to Sivarajah et al. [23], veracity was first invented 

as one of the characteristics of data by the International Business Machines Corporation (IBM) 

to denote untrustworthiness intrinsic in numerous sources of data (structured as well as 

unstructured data). Marr [24], shares the same viewpoint that veracity denotes the 

trustworthiness and disorderliness of the data. Saporito [25 ] and Sivarajah et al.,[23] argue that 

veracity is all about complete understanding of data, not just its quality, since there are always 

chances of finding inconsistencies in the data.  In their definition, Akerkar [26] and Zicari [27] 

point out that veracity primarily is addressing inaccuracy, biasness, untruths, doubts, 

disorderliness and erroneous evidence in the data. The veracity feature measures how accurate 

data is and its worth for analysis purposes [28]. Sivarajah et al. [29], point out that, on social 

media networks, people’s opinions differ, in most cases they are even unclear mainly because 

they are subjective to varying human interaction and interpretations. In addition, Sivarajah et 

al. point out that most of the times, people tend to post untrue fabricated stories on various 

platforms online, hence it is necessary to pay attention in  filtering  the data well when 

presenting quality data. This sentiment is also shared by Marr [24], that Big Data is 

characterised by various forms data and as such, this makes its quality and accuracy difficult to 
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control, especially data gathered from online platforms such as Twitter which is characterised 

by noise, spelling mistakes, abbreviations, hash tags, informal, unreliable and in-accurate 

content. Thus, according to Gandomi and Haider [30], there is need to address the 

ambiguousness and inaccurateness of data in another façade of Big Data, which is tackled with 

the help of tools and analytics for managing and mining untrustworthy data. Therefore, when 

users start using data, they genuinely get involved and get more volitional to invest in 

numerous attempts to clean data [25]. 

1.3 MOTIVATION OF THE STUDY 

Of late, data mining community has shown a swift increase in interest to social network 

analysis. The basic motive is the need to make good use of knowledge from plentiful quantities 

of data gathered, relating to social behaviour of online users [31]. Large samples of data from 

social media sites have been analysed and are continually being analysed in order to get refined 

results, essential to assess the impact of certain cases on the communal discourse in a broader 

manner. Several studies have been carried out on analysis on social media data from different 

fields such as machine learning, natural language processing and data mining, on various 

discourses such as politics [32],[33],[34]; healthcare [35]; marketing [36],[37], athletics and 

sports [38],[39],[40].  These studies covered a variety of experiments which include:  event 

detection [41],[42],[43],[44],[45], popularity prediction [42],[44], topic discovery [8],[46], 

[47]; information propagation and diffusion [48],[49],[50], and text classification 

[51],[52],[53],[54],[55], to name a few. These studies, in most cases have put more emphasis 

on statistical models and algorithms which in essence are purely computational methods. 

However, pure computational and algorithmic methods of analysis in their own capacity 

remain limited in understanding the hidden in-depth meanings or subtleties of human language. 

In reporting the limitations and future works of their study, Stieglitz and Dang-Xuan [34] 

verified this, that although computerized language measures allowed them to test the 

hypotheses on a large data set, these could not capture irony, sarcasm or culture specific 

content from data. These sentiments are also shared by other researchers (e.g., [8], 

[56],[57],[58]). Most of the works which have been done lack the aspect of text analysis which 

involves human beings. However, human beings can intervene and interpret data better as 

compared to computerised methods because they can get in-depth meanings from the data. 

Furthermore, they can better understand data and identify errors, untrustworthy, messiness and 

untidiness of data. Content from the social media requires human interpretation and 
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intervention [8].  At times, carrying out text mining can be so helpful in identifying relevant 

text documents from large data records and repositories in order to carry out an in-depth 

content analysis [16].  

1.4 STATEMENT OF THE PROBLEM 

The problem this study addresses is that of the difficulty in managing, processing and 

analysing content from social media sites. Social media possess the characteristics of Big Data 

such as volume, veracity, velocity, variability and value. These characteristics make its 

analysis more challenging than conventional data. This affects both the producers and 

consumers of information (e.g. researchers, organisation, governments, businesses and 

individuals. There has been some work that has been done previously in the area of social 

media data analysis. Most of these works place more emphasis on the development of 

computational methods. Literature has argued that, while computational methods are good with 

regards to statistical and algorithmic analytics, they are limited in that they cannot capture in-

depth meanings and semantics from data. Content from social media requires human 

interpretation and intervention for proper analysis. The challenge posed by computational 

methods can be attributed to the other V’s: veracity (accurateness of data), variability (lack of 

consistency or fixed pattern) and the value (worth or usefulness of data). It is therefore very 

difficult and challenging to mine and analyse social media data using only computational 

methods. This study therefore proposed a Conceptual Framework as a possible solution 

towards the limitations experienced with computational methods. 

1.5 MAIN OBJECTIVE  

The main objective of this study was to develop a Conceptual Framework for mining and 

analysis of social media data that offers a generic way to addressing the limitations of 

computational methods to social media data analysis of capturing in-depth meanings 

(semantics) in data. 

1.5.1 Research Objectives 

The following are the specific objectives geared towards the development of the Conceptual 

Framework  

1. To identify existing concepts (i.e., theories and methods) in  data analysis, which are

capable of capturing in-depth meanings (semantics) in data.
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2. To identify possible processes of incorporating the concepts identified in (1) with

computational methods to address their limitations.

3. To construct the Conceptual Framework from the identified concepts and processes.

4. To evaluate the conceptual Framework through an application case of the political

landscape of Botswana.

4.1 To manually classify social media data from Facebook and Twitter on the political

landscape of Botswana. 

4.2 To evaluate the performance of computational methods (i.e., Support Vector 

Machine, Naive Bayes, Decision Tree- c4.5 and K- Nearest Neighbour and) on the 

manually classified data. 

1.5.2 Research Questions 

Similarly, the following research questions helped achieve the main objective: 

1. What processes and methods of data analysis in general could be amalgamated to form

a Conceptual Framework?

2. What tools exists which allow online data scrapping and what are their capabilities and

short-comings?

3. What steps or processes should be taken when carrying out Inductive Content Analysis

approach?

4. What are the strengths and the limitations of the manual analysis approaches of

analysing social media data?

5. What are the strengths and the limitations of the data mining algorithms?

6. What metrics are applicable to the training and testing of the data models for

classification?

7. How feasible is the proposed Conceptual Framework in the mining and analysis of

social media data?

1.6 JUSTIFICATION AND SIGNIFICANCE OF THE STUDY 

The significance of this study comes with the novelty of the proposed Conceptual Framework. 

Its importance does not only come with the “guidance” it provides on how social media data 

could be mined and analysed, but also with its generic way of mining and analysis of social 

media data: it is multi-faceted and allows blending of various approaches and processes. The 

framework is not only limited to data analysis, it also gives a guide on data collection and text-
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processing. Also, it can be applied to various cases e.g., classification, clustering, regression, 

association of rules, etc.  Also the Framework can be applied to other cases of various content 

analyses, not only social media data. 

The overall results of this study, including the Proposed Conceptual Framework could be very 

useful to the scholars and practitioners who wish to do research on social media data mining 

and analysis. These scholars and practitioners could use the Framework as a guide to the 

mining and analysis of social media data in a systematic manner. 

1.7 CONTRIBUTIONS 

Contributions are stated in two ways: to the body of knowledge of Computer Science and 

publications arising from conducting this research. 

1.7.1 Contributions to the body of Knowledge of Computer Science 

This study contributes a Conceptual Framework for mining and analysis of social media data, 

this extends on other researcher’s works and several attempts which have been carried out in 

developing tools for the mining and analysis of the social media data. The Conceptual 

Framework presents a comprehensive workflow to aid researchers to process and analyse data 

in a systematic manner. The Framework does not limit the user or researcher on how they can 

analyse the data. It affords the user many choices of how to gather data, pre-process and 

analyse data. 

The Conceptual Framework helps with handling the limitations of failure to capture in-depth 

meanings from data by computational methods through application of the various qualitative 

analysis approaches to the data, such as Inductive Content Analysis (ICA), Ground Theory, 

Narrative Analysis, Discourse Analysis, etc. Framework gives choices on the steps and process 

of going about in analysing data, it has to be noted that it is a guide. If the process and steps are 

not carried out or applied properly, they can impact on the results. 

Several studies have evaluated ICA for different purposes/contexts. This study evaluated ICA 

for usability guided by the ISO model 9126. The information on the evaluation can add to the 

already existing literature and extend knowledge on ICA evaluation and can be helpful to the 

researchers who wish to carry it out.  
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1.7.2 Parts of the Thesis that have been Peer-Reviewed and Published  

This section presents the relation of the thesis and the other publications by the author. This is 

done to show which elements of the thesis have been peer-reviewed: 

1. Some parts of the Introduction in Chapter 1, related works in Chapter 3, the proposed

Conceptual Framework in Chapter 4 and the evaluation of the Framework in Chapter 5

resulted in a research article published as: Sethunya R Joseph, Keletso Letsholo and

Hlomani Hlomani A Conceptual Framework for the Mining and Analysis of Social

Media Data, International Journal of Database Theory and Application, 10(10) 2017,

pp.11-34,

The discussions and results on this paper basically summaries the major components of this 

thesis. It gives the introduction to social media network analytics and Big Data. It discusses the 

limitations of the manual and computational analysis of the social media data. It also presents 

the proposed Conceptual Framework with its components. Finally, it presents the evaluation of 

the Conceptual Framework. 

2. Some parts of the literature review presented in Chapter 3 was published in:

a) Sethunya R Joseph, Keletso Letsholo and Hlomani Hlomani, Social Media Data Mining: An

Analysis & Overview of Social Media Networks and Political Landscape, International 

Journal of Database Theory and Application, 9(7), 2016.  

Our study used datasets, which were gathered on Facebook and Twitter on the political 

landscape of Botswana hence the need for such review. The review is an overview and the 

review of the analysis of social media on political landscape of Botswana and the global arena. 

b) Sethunya R Joseph, Hlomani Hlomani, Keletso Letsholo, Data Mining Algorithms: An

Overview, International Journal of Computers and Technology, 15(6), 2016.  

This analysis acts as a springboard to the discussion of the computational approaches which 

forms part of the proposed Conceptual Framework and some of the key topics in Chapters 4 

and 5 of this thesis. 
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1.8 RESEARCH METHODOLGY 

In order to give direction to this study, the methodology or research process, “onion” 

Saunders et al. [124] was adopted. The onion illustrates the range of choices, paradigms, 

strategies and steps followed by researchers during the research process (See Figure 1.1). The 

research process onion provides a summary of the important issues that need to be taken into 

consideration and reviewed before undertaking any research. The different layers of the onion 

serve as a basis from which to consider the following: the philosophical orientation of the 

researcher; the research approach adopted; appropriate research design and strategies; the 

research timelines that are under review and the data collection techniques employed by the 

researcher.  

Figure 1.1: Saunders’s research process onion, Source: [124] 

1.8.1 Research Philosophy or Paradigm 

This is the first outer layer of Saunders’s onion. Here, a researcher has a choice of selecting 

the paradigm to follow looking at their study’s objectives. The examples of the 

paradigms include Positivism, Realism and Interpretivist. This study followed a 

combination of both 
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Interpretive and Positivist philosophies. Interpretive paradigm involves understanding the 

world from an individual’s point of view. The researcher attempts to observe the ongoing 

process to better understand a certain phenomenon. Interpretive studies usually 

involve human subjects. In this study, human subjects were used in focus groups to interpret 

and get meanings from the data that was used during the Inductive Content Analysis 

process as one of the approaches which were used in the evaluation and demonstration 

of the Proposed Conceptual Framework, hence this qualifies it to be interpretive in 

nature. The Positivist paradigm is characterised by understanding reality by objective testing 

and a single outcome of the truth. Conducting experiments and gathering quantifiable data are 

typical methods used in positivist paradigm and results are usually quantitatively analysed. In 

this study, during the evaluation of ICA, quantifiable data was processed and analysed. Also, 

during evaluation of the performance and accuracy of the models, the evaluation metrics 

quantifiably analysed the data. 

1.8.2 Research Approach

This study has been shaped using Inductive research design. Saunders et al. [124] hints 

that the inductive approach provides the opportunity to have more clarification of 

what is happening (being exploratory in nature). The first objective of this study was to 

identify existing concepts (i.e., theories and methods) in data analysis, which are capable of 

capturing in-depth meanings (semantics) in data. The second objective was to identify 

possible processes of incorporating the concepts identified in (1) with computational 

methods to address their limitations. In addressing these afore-mentioned objectives, the 

different approaches in social media data mining and analysis were investigated, and ways 

in which these approaches can be improved were also explored. These were explored through 

the use of secondary data sources.  

The formulation of the Framework was based on existing literature (through 

secondary sources). The research drew from the short-comings and challenges that were 

observed on current literature. It also involved the use of secondary sources of data 

for gathering information (e.g. books, journal articles, online resources, newspapers) for 

reviewing the literature on various areas which formed the basis of this study. In 

addition, in the demonstration and evaluation of the Framework through classification 

case, focus groups were used to explore and uncover meanings from data which was 

collected from online on social media platforms on the political landscape of Botswana 

through performing ICA. The output of the ICA was supplied to the data model 

algorithms to classify the data. This addressed the fourth objective of the study. 
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1.8.3 Research Design or Strategy 

This is a plan of study that provides an overall view of how the researcher collects data for 

their study. The strategies may involve the use of experiments, surveys, case studies etc. 

In this study, apart from gathering information from secondary data sources to fulfil the 

first three objectives of the study, a user study was performed to evaluate the ICA process 

through a survey questionnaire. Experimentations were also carried out through data 

modelling algorithms to classify the data. This addressed the fourth objective of the study of 

evaluation of the Conceptual Framework.  

1.8.4 Data Collection Methods 

The researcher gathered data online from Facebook and Twitter through the use of digital 

tools (a java program built using Twitter API and Netlytic program). This data formed the 

data sets which were used in the ICA process and the data modelling experiments. A 

30 based questionnaire was used to collect data for evaluation of ICA process from the 

focus group members. 

1.8.5 Data Analysis 

The analysis of data has been done through a triangulation of both the qualitative and 

quantitative approaches. The analysis of data that was done through the ICA process by the 

focus groups was qualitative. The ICA then was evaluated using a questionnaire which was 

analysed through the use of Statistical Package for Social Sciences (SPSS), where frequency 

tables were generated and summarised. The output of the ICA process which was in the form 

of categories were supplied to the data models for further processing through quantitative 

measures or metrics which evaluated the performance and accuracy. This involved 

quantitative analysis. 



1.9 THESIS STRUCTURE 

The rest of the thesis is organised as follows: 

Chapter Two gives background information to some key concepts which have been covered in 

the thesis. The goal is to provide a context needed for the understanding of the concepts and 

context as used in the study. 

Chapter Three discusses the literature review on the data analysis, examples of the qualitative 

and quantitative approaches used in data analysis, it discusses a comparison between 

qualitative and quantitative analysis. Data mining algorithms are also discussed. Related works 

on the mining and analysing the social media data are discussed with the gap analysis 

identified in them and a motivation for the proposed conceptual framework is also discussed. 

Most of the discussions made here, give an origin or set base for the premise of the Conceptual 

Framework proposed. 

Chapter Four discusses the methodology that was applied in carrying out this study and also 

presents the premise of the proposed Conceptual Framework. The chapter entails research 

purpose, research design and research approach on the methodology part. The chapter also 

presents and defines the constituent components of the proposed Conceptual Framework as 

well as their role and relationships. 

Chapter Five The chapter discusses the evaluation of the Conceptual Framework through a 

classification case by applying ICA and carrying out experiments on classification through data 

models. 

Chapter Six concludes the thesis by highlighting the contributions per objective, the 

conclusions, limitations and future works. 
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CHAPTER 2 

 BACKGROUND INFORMATION 

2.1 INTRODUCTION 

This chapter gives background information of some aspects of this study. The chapter includes 

a discussion on: Big Data, data mining and knowledge discovery, Data representation in 

Knowledge Discovery in Databases (KDD) and data mining algorithms which have been used 

in this study.  

2.2 DATA MINING AND KNOWLEDGE DISCOVERY 

Data mining has been defined in different ways by numerous researchers. According to Ozer 

[59] and Garcia et al. [60], data mining is the uncovering of patterns or knowledge from vast 

quantities of data. Zaki and Meira [61] defined data mining as a way of finding out stimulating 

insights, unique patterns, and comprehensible descriptive and predictive models from huge 

amounts of data. Tan et al. [62] and Gundecha and Liu[2] defined data mining as a process of 

finding valuable knowledgeable bits of information from huge amounts of data. Kamruzzaman 

et al. [63] has pointed out that, most people regard data mining as an alternative word for 

Knowledge Discovery in Databases (KDD). They argued that data mining should just be taken 

as one of the necessary steps in the process of KDD (See KDD diagram in Figure 2.1). Han et 

al. [64] has shared the same sentiments that, data mining as knowledge discovery from data 

which describes the usual process of getting out helpful and important information from raw 

data. 

Fayyad et al. [65] has defined KDD as a way of representing low-level data into other forms 

that might be more abstract, compact, or useful. KDD is a field which integrates various 

disciplines such as databases, machine learning, artificial intelligence and statistics [66]. Data 

mining is just a step in the KDD as shown in Figure 2.1. The stages that generally define KDD 

process are: Selection, Pre-processing, Transformation, Data mining and 

Interpretation/Evaluation [65]. Brief insights about some of these stages are given in the 

sections 2.21 – 2.23.  
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=√∑ (xₑ − yₑ) 2
𝑛

𝑒=1
 

Where X = (x1, x2, …, xn) and Y = (y1, y2,…, yn) are n-dimensional feature vectors in R
n
. After

a distance measure is carefully chosen, instances are grouped using it. Clusters are generally 

denoted by compacted and abstract notations. “Cluster centroids” are one common example of 

this abstract notation. Lastly, clusters are assessed. There is still a large debate on the subject of 

cluster evaluation because of the non-existence of cluster labels in unsupervised learning. 

Other proximity measures which can be used when measuring the similarity or dissimilarity 

between objects include Minkowski distance and Mahalanobis distance, simple matching 

coefficient, Jaccard, cosine similarity and Pearson’s correlation [2].  Examples of some of the 

unsupervised clustering coefficient algorithms include K-means, Density based and Apriori. 

2.2.3.3 Handling Random Variables 

Basic probability theory normally is used to deal with random variables, and distributions [90]. 

A random variable is a random number (value) determined by chance, or more formally, drawn 

according to a probability distribution [71]. The probability distribution can be estimated from 

the observed data (e.g., throwing dice). The probability distribution can be synthetic. Random 

variables can be discrete or continuous variables. The typical random variables in machine 

learning problems are associated with the input data, output data and the noise [84], [85]. 

Random variables help predict target variables where true (presumably deterministic) function 

is not given but rather, only observations are provided [78], for example, one can observe the 

number of times a dice lands on 4, can estimate the probability, given the input that the dice 

will land on 4, but one does not know where the dice will land and can only make a guess to 

the most likely value of the dice, given the input. The random variables only take on discrete 

values, e.g., throwing a dice: possible value:  vi ϵ {1, 2, 3, 4, 5, 6}. The probable chances sum

up to 1 [90].  

Discrete distributions are particularly important in classification. There are categorized as: 

Classic discrete distributions I, II, and III. On the Classic distribution I, there is Bernoulli 

distribution. In Bernoulli distribution, a Bernoulli random variable takes on only two values, 

i.e., 0 and 1.

𝑝(1) = 𝑝   and    𝑝(0) = 1 − 𝑝  or in compact notation: 

𝑝(𝑥) = {𝑝𝑥(1 − 𝑝)1−𝑥  (2.14) 



If x = 0 or x = 1 or 0, otherwise. 

The performance of a fixed number of trials with fixed probability of success (p) on each trial 

is known as Bernoulli trial. 

As for classic discrete distribution II, like Bernoulli distribution: binary input variables is 0 or 1 

and probability 𝑝(1) = 𝑝 and 𝑝(0) = 1 − 𝑝 . e.g., what is the probability of k successes,𝑝(𝑘), 

in a series of n independent trials? (n >= k) 

𝑝(𝑘) is a binomial random variable: 

𝑝(𝑘) = (𝑛
𝑘

)𝑝𝑘(1 − 𝑝)𝑛−𝑘 (2.15) 

Where (𝑛
𝑘

) =
𝑛!

𝑘!(𝑛−𝑘)!

Bernoulli distribution is a subset of the binomial distribution (i.e., n =1). For classic discrete 

distribution III there is multinomial distribution. Here, a generalization of the binomial 

distribution to multiple output is made (i.e., multiple classes can be categorized instead of just 

one class. 𝑛 independent trials can result in one or 𝑟 types of outcomes, where each outcome 𝑐𝑟 

has a probability 𝑝(𝑐𝑟) = 𝑝𝑟 (𝑝𝑟 = 1)

What is the probability 𝑝(𝑛1, 𝑛2, … 𝑛𝑟), i.e., the probability that in 𝑛 trials, the frequency of 

the 𝑟 classes is(𝑛1, 𝑛2, … 𝑛𝑟)?, this is a multinomial random variables:  

𝑝(𝑛1, 𝑛2, … 𝑛𝑟)= ( 𝑛
𝑛1𝑛2…𝑛𝑟

)𝑝1𝑛1𝑝2𝑛2 … 𝑝𝑟𝑛𝑟 

Where    ( 𝑛
𝑛1𝑛2…𝑛𝑟

)=
𝑛!

𝑛1!𝑛2!..𝑛𝑟!

2.3 BIG DATA 

Social media data is part of the Big Data. This section therefore gives a brief description of 

what Big Data is in relation to the social media data as well at the properties of Big Data which 

translates to social media data. Large or Big data refers to huge, composite data sets 

continually growing with several, separate sources [91]. This is data     

whose scale, range, and intricacy require new structure, strategies, algorithms and analytics to 

manipulate it and draw out value and concealed knowledge from it [92]. The concept of Big 

Data has been around for quite a long time. Majority corporations recognise that in the event 

that they seize all of the information that streams into their organizations, they can analyse it 

and get considerable value from it [93]. Nevertheless, long back in the 1950s, long before the 
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Veracity: According to Marr [95] veracity refers to the disorderliness or trustworthiness of the 

data. With data assuming many varieties of forms, it is difficult to control the accuracy and 

quality of data gathered online. For examples posts from social media sites such Facebook, 

Twitter, etc., are full of mistakes, abbreviations, typos and informal speech. Even Williamson 

[96] shares the same sentiments that veracity refers to the trustworthiness of the data.

Value: Marr [95] points out that the online applications yield unprecedented amounts of data 

in terms of Volume, Velocity, Variety and Veracity. However, the latest technologies give us 

some chances to analyse all kinds of data to uncover hidden meanings from data and add value 

to it or even get value from it [95]. Williamson [96] argues that at the end of the each analysis, 

one should be able to gain insights and get value out of the data which they have analysed. 

2.4 CHAPTER SUMMARY 

This chapter gave a background summary of some concepts which are the springboard of this 

study. These include an overview of the Data mining and Knowledge Discovery; Data 

representation in Knowledge Discovery in Databases; Data processing; Data Mining and 

Algorithm analysis. Data mining and algorithm analysis covered concepts of the Supervised 

and Unsupervised learning algorithms with their examples. Some of the Supervised learning 

algorithms explained in this chapter have been used in the experimentations which were carried 

out in this study.  How random variables are handled during classification was also explained. 

The chapter ends with a discussion on Big Data and the properties of Big Data being the five 

V’s: Value, Veracity, Variety, Volume and Velocity. These are explained as social media data, 

being a constituent of Big Data, inherits the properties of Big Data and this study dealt with 

analysis of social media data. 
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CHAPTER 3 

LITERATURE REVIEW 

3.1 INTRODUCTION 

This chapter discusses data analysis, with respect to the type (qualitative and quantitative) of 

data used for analysis, the type of analysis: qualitative and quantitative analysis, their strengths 

and limitations, their examples and comparison between them. The chapter also discusses data 

mining and algorithm analysis with regards to social media analytics. Related works on 

Frameworks for social media data analysis have been discussed mainly to establish the gaps 

which exist in the previous works and to give the premise for the Conceptual Framework of 

this study. The afore-mentioned topics which are discussed in this chapter give the base and 

premise of the proposed Conceptual Framework to be presented in Chapter 4 because some of 

them have been adopted to construct the Conceptual Framework. 

3.2 DATA ANALYSIS 

Bohm [97] describes data analysis as a process of splitting data into bits and pieces, and then 

splicing them together [97], while Dey [98] describes it as  a way of analysing data into clear-

cut components, to show its typical features and structure. Dey [98] points out that, analysis is 

important so as to avoid relying completely on impressions and intuitions about the data. Data 

analysis, from the qualitative or quantitative research perspectives, includes inspection of the 

data with regards to the potential resolutions to the questions or problems initially set at the 

beginning of the research process [98], [99]. The definite chore of analysis actually depends on 

the data-gathering methods applied on the research process. Generally this is to make 

descriptive accounts founded information gathered by various data- collection techniques [99].  

Sections 3.2.1 to 3.2.4 discuss the comparison between qualitative and quantitative data; 

qualitative and quantitative data analysis with their strengths and limitations. Examples of the 

approaches used in each analysis are also stated. The section on data analysis is concluded with 

a comparison of the qualitative and quantitative researches. 
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3.2.1 Comparison between Quantitative and Qualitative data 

According to Berg [99], information collected with the aid of researcher(s) can probably be 

used to answer the questions or resolve the issues which have been pointed out. How one 

decides on how to collect this information is basically a researcher's preference and largely lies 

upon on boundaries set by the stakeholders or the nature of the issues and setting [99], [100]. 

Thus, as in any general methodological approach, the researcher is guided by the research 

questions. Some problems will direct the researcher towards carrying out interviews with 

relevant parties.  Nevertheless, other studies may best addressed with archival data. Certainly, a 

few researchers may decide to triangulate their research in order to enhance their findings and 

probably enrich the eventual evaluation and understandings [99]. 

Data collected via surveys and questionnaires are analysed better through the use of statistical 

computational methods. However, Dey [98] argues that arithmetical measures often involve 

assumptions about the likelihood of attaining answers that can only be satisfactory when using 

random samples, naturally through the survey method. In situations where researchers have 

fulfilled these assumptions, they should freely adopt appropriate procedures to go about 

processing their data. However, in situations where researchers are unsatisfied with these 

assumptions, they may apply statistics to inspect the quantitative features of the data, for 

instance, to be more accurate and precise in distinguishing or creating classification schemes 

[98]. Some simple statistical procedures tend to be useful in processing even the most peculiar 

and unstructured data [101]. The kind of data collected is quantitative in nature. It has a lot of 

numeric data.  

Qualitative data mainly looks at meanings uncovered from data.  Data collected through 

interviews, focus groups, observations is mostly qualitative in nature. It is discrete hence it is 

best analysed using thematic and content analysis methods [102], whereas the way numbers are 

analysed, is through statistics and mathematics [98], [99].   

Qualitative data is rich and diverse, as it includes almost any type of data: text, sounds, 

pictures, videos, etc. [102]. Textual content is never the only, neither is constantly the most 

effective approach of communicating qualitative information. In a digital era, artwork and 

layout have turned out to be powerful media tools [98]. The afore-mentioned kinds of data do 

bring meaningful information in a form different or aside from numbers. Nevertheless, it has to 

be emphasised that numbers too occasionally can give most effective meanings. For instance, 
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numbers on football sweaters, car registration numbers, plot numbers, etc. Treating these 

numbers as numerical data to be subject to mathematical manipulations (e.g., addition, 

subtraction, etc.) would be so silly and absurd. However, sometimes it is difficult to 

differentiate between the use of a number as a descriptor of quality or its use as an extent of 

quantity. A typical example is when numbers are used to represent names for manipulation 

purpose, for instance when coding the response categories in an interview for analysis purposes 

numbers are used, especially when dealing with cases where one uses Likert scales. 

In differentiating quantitative data from qualitative data, in terms of numbers and meanings, 

researchers need to be careful not to treat numbers as numbers, where they have been used to 

convey meaning [98]. It might be wrong to anticipate that quantitative data should take priority 

over qualitative data honestly because it includes numbers. Let us take an example of checking 

body weight, one may use the scales and check how much they weigh. This is a quantitative 

measure, however, it does not show how the weight is distributed, or how a particular point in 

the scale translates into overall appearance. One might choose to rely on how they look, 

whether they look ‘fat’ or ‘thin’ or maybe ‘just right’. These are qualitative judgements, but in 

a social context these may be the judgements that count. 

Qualitative data is sometimes considered to be richer and more valid than quantitative data 

[103]. However, it is sometimes said to be too subjective since judgements are not made in 

terms of conventional standards. Therefore it is necessary for researchers to be careful in 

consideration of the reliability and validity of the methods they choose. Often qualitative data 

has been intently linked with research approaches that emphasise unstructured methods of 

attaining data [104]. 

Numbers and meanings can be said to be mutually dependent. A number can determine 

meaning and vice versa [98]. However, this kind of relationship alters as one ascends the 

measurement hierarchy. If the meanings are more fixed and stable, it can be easy to apply the 

mathematical manipulations, however, if the concepts are ambiguous and elastic, it is highly 

likely impossible to quantify the data in a meaningful manner.  

The T’ai-chi T’u diagram shown in Figure 3.1 can be used to represent this relationship. The 

Figure shows a dynamic balance of two opposing forces: qualitative represented by meaning 

and quantitative represented by number [105]. The diagram reveals the mutual dependence of 

both kinds of data. Each component complements each other, although at lower levels of 
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measurement questions of meaning are uppermost, while at higher levels of measurement, 

questions of number loom largest.  

Figure 3.1:  Qualitative and Quantitative data in dynamic balance, Source: [98]. 

3.2.2 Qualitative Analysis 

Qualitative research is gives a larger, more close-up idea of the subject in order to have a better 

understanding of something. It is often considered appropriate for attainment of in-depth 

meanings and understanding of causal reasons and motivations [106]. It uncovers hidden 

meanings and perceptions regarding a certain phenomenon. Qualitative research may be a prior 

step to the quantitative analysis for creating ideas [107]. It often creates ideas and hypotheses 

which can later be used in quantitative research. The features of Qualitative analysis, the 

strengths as well as limitation are briefly discussed in Table 3.1. 



Table 3.1: The strengths, limitations and features of Qualitative Analysis 

In summary, what is communicated in Table 3.1 is that, researchers immense themselves in 

data so as to interpret it, in order to uncover or discover hidden meanings which explain certain 

phenomena. In analysing qualitative data, researchers seek to uncover hidden patterns and links 

in the data. In Qualitative analysis, the data collection and analysis are lengthy and the analyses 
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are done on the natural surroundings or context. The relevance of this subject discussion to this 

study is that, this process of data analysis had been adopted and applied as one of the 

components in the construction of the Proposed Conceptual Framework. It had been part of 

those approaches, processes and theories which formed the base and premise of the Proposed 

Conceptual Framework. 

3.2.2.1 Examples of Qualitative Approaches 

Researchers distinguish varieties of qualitative analysis. According to Braun and Clarke [100] 

and Dey [98] qualitative data analysis varies, there is no one clear definite way of analysis,  but 

rather, various  approaches, linked to the diverse viewpoints and aims of researchers. 

Researchers‘s viewpoints and aims differ, and to accomplish these, may follow different kinds 

of analysis. Some of these approaches used for analysis in Qualitative researches are briefly 

discussed and compared in terms of data collection implications in Table 3.2 



Table 3.2: A comparison of approaches used in Qualitative Analysis, adapted: [122] 

Table 3.2 briefly shows a comparison on various approaches in qualitative analysis. The 

Table 3.2 briefly shows a comparison has been made based on the type of data collections 
employed. The relevance of this subject discussion to this study is that, some of the approaches 
mentioned here, had been adopted and applied as some of the components in the construction of

35



36

the Proposed Conceptual Framework. It had been part of those approaches, processes and 

theories which formed the base and premise of the Proposed Conceptual Framework. 

Additionally, ICA was used in the application case and evaluation of the Framework in 

Chapter 5. Reasons for this selection are also stated in Chapter 5 where it has been applied. 

3.2.3 Quantitative Analysis 

The main aim of quantitative analysis is to measure the data and evaluate it from the angle of 

statistics and other normally accepted metrics [98]. This provides the basis for generalizability 

of the results, from a sample to the entire population of what will be studied. Often, in some 

cases, quantitative analysis is succeeded by the qualitative analysis for reviewing the results 

more carefully [123]. Quantitative analysis is briefly discussed in Table 3.3 with its features, 

strengths and limitations. 



Table 3.3: The strengths, limitations and features of Quantitative Analysis 

Table 3.3 basically points out that Quantitative analysis’s main  objective  is to measure the 

data and evaluate it from the angle of statistics and other mathematically accepted metrics 

which can be used to manipulate arithmetic problems. The researcher ought to carefully 

manipulate data with the aid of comprehensive set of rules, guiding the whole process. The 

results of quantitative analysis should normally be able to be generalised and applied to a larger 

scale or to the entire population of study. These results should permit easy duplication. The 

relevance of this subject discussion to this study is that, this process of data analysis had been 
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adopted and applied as one of the components in the construction of the Proposed Conceptual 

Framework.  

3.2.3.1 Examples of Quantitative Approaches 

There are four main types of quantitative research designs namely: descriptive, correlational, 

quasi-experimental and experimental. The distinction between these approaches often pertains 

to the level the researcher plans for manipulation of the variables in their experimentations. A 

brief description of each design is detailed in the sections that follow. A comparison between 

them is also made in Table 3.4. 

A Descriptive Design tends to define the recent status of a variable. The researcher do not 

immediately starts with hypothesis generation. The hypothesis after formulated after data had 

been gathered. Data gathering is generally through observations. 

A Correlational Design searches for the connection between variables through statistical 

analyses. But, it does not check for cause and effect. Data gathering is also through 

observations. 

 Quasi-Experimental Design tends to look for a cause-effect connection between variables. It 

is sometimes denoted as causal-comparative. Groups used for control are named and exposed 

to the variable. Results are compared against the results of groups that were not exposed to the 

variable. 

Experimental Designs Sometimes is referred to as true experimentation. It makes use of a 

scientific method to find the cause-effect connection among a set of variables in a study. 

During the experimentation, researchers try by all means to control all variables except the one 

being computed (the independent variable). The outcomes of the impartial variable on the 

dependent variable are gathered and analysed for a relationship. 
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Table 3.4: A comparison between Quantitative research approaches, Source: [106] 

The relevance of this subject discussion to this study is that, some of the approaches mentioned 

here, had been adopted and applied as some of the components in the construction of the 

Proposed Conceptual Framework. It had been part of those approaches, processes and theories 

which formed the base and premise of the Proposed Conceptual Framework. 

3.2.4 Comparison between Qualitative and Quantitative research 

The section on Data analysis is concluded by making a contrast between the Qualitative and 

Quantitative research in general. This is summed up in Table 3.5 



Table 3.5: A general comparison between Qualitative and Quantitative research, Source: [127] 

3.3 DATA MINING AND ALGORITHM ANALYSIS 

Several data mining techniques are being used to mine social media data, amongst these are the 

supervised and unsupervised learning algorithms. Some of these techniques are descriptive 

while some are predictive. For predictive techniques, some variables are used to predict the 

unknown or future values of other variables whilst for the descriptive techniques, human-

interpretable patterns that describe data are established. All the supervised learning algorithms 

are predictive whilst the unsupervised learning algorithms are descriptive in nature [14]. 

Examples of some of the commonly used data mining algorithms for social media data are 

discussed with their strengths and limitations in Table 3.6.  
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3.3.1 Summary of Table 3.6 

In summary of the supervised machine algorithms, Linear Regression algorithms’ benefits are 

that, they are simple, fast and require little data and are widely used. However, their limitations 

are that they work with linear model assumptions. They are also suitable for numeric data only. 

As for decision tress, they are easy to understand, fast. However, there is a risk of over-fitting 

when working with them. As for the K-nearest neighbour, it is simple and allows use of the 

entire training set, however, it may have to experiments with K values to optimize. It works 

well with small numbers of inputs and with no missing data. It may need to normalize the data. 

Support Vector Machine is powerful, handles high dimensional data and is used for linear and 

non-linear models. However, they use only numeric or dummy coded categorical data and 

decision boundary can be difficult to interpret.  Naive Bayes is fast and often considered as the 

baseline since it uses probability. However, it assumes input to be independent. Input is 

categorical or binary, but numeric for Gaussian. Neural Networks are powerful, robust and 

generally more accurate. However, they are more complex and difficult to evaluate results. 

For the un-supervised Machine Learning algorithms, Distance based learning clustering 

algorithms are easy to use and to implement, number of groups must be selected ahead of time. 

However, they do not handle concave shapes well. Density based clustering algorithms can 

find clusters with concave shapes. However, a spatial index is required to run efficiently. 

Association algorithms, set rules defining pattern where condition A implies condition B and 

are simple. However, they can be memory and processor intensive. Ensemble algorithms uses 

several algorithms are required for more accuracy. However, Interpretation of the results from 

multiple models can be challenging.  

3.3.1.1 Justification for using Supervised Learning Algorithms 

Based on the afore-mentioned information, the supervised learning algorithms were chosen to 

be used in the evaluation demonstration of the Framework through a Classification case 

application.  These algorithms are: Naïve Bayes, Support Vector Machines, Decision Tree and 

K- Nearest Neighbour. The reason being that, they are able to work with categorical data as in 

this study, categories of data were deduced from the online data and were used for 

classification by the models. As pointed out by Hoyt et al.[128], these models work well with 

target variables which are categorical and mostly used for classification.  
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3.4 FRAMEWORKS FOR SOCIAL MEDIA ANALYSIS (CONTENT 

ANALYSIS) 

Of late, the data mining community has shown much more interest in analysis of social 

networks. The simple enthusiasm is the demand to draw knowledge from ample amounts of 

data gathered, relating to social behaviour of online users [31]. This interest has led to the 

development of several computational methods to help mine and analyse social media data 

content. This section gives a brief summary of some of those works which have been 

developed as Frameworks for the mining and analysis of social media data. The summary is 

followed by a table making a comparison of these Frameworks. 

i) Agichtein et al. ’s classification Framework [147]:

This framework works by uniting evidence from diverse sources of information that can be 

adjusted for a given social media type, and quality definition by manipulating features of social 

media that are instinctively interrelated with quality. The classifier is trained to correctly 

choose and assess the features for each particular kind of item, task, and quality definition. The 

framework uses several classification algorithms for experimentation (e.g., SVM and log-linear 

classifiers). 

ii) Stieglitz and Dang-Xuan’s Social Media Analytics Framework [58]:

Stieglitz and Dang-Xuan came up with a methodological framework for social media analytics 

in political context. Precisely, the framework summarises most important politically applicable 

issues from the angle of political establishments and equivalent methodologies from distinct 

scientific disciplines. The framework was used to investigate whether Twitter messages have 

an impact on re-tweet behaviour with regards to re-tweet quantity as well as re-tweet speed as a 

vital feature for encouraging information diffusion in social networks. Computerised measures 

of sentiment analysis and regression analysis have been applied in the experimentations.  

iii) Supervised Learning In Quest (SLIQ) [148]:

SLIQ has been developed for use in data mining applications which makes use of very large 

training datasets.  SLIQ elegantly manages disk-resident data that is excessively huge to fit in 

memory. It is a decision tree classifier which has the capability of handling numeric and 

categorical attributes. It makes use of a unique technique for pre-sorting in the tree-growth 

phase, joined with a breadth-fist tree growing strategy to allow classification of disk-resident 

datasets. In addition, SLIQ also uses a new tree-pruning algorithm that is reasonable in terms 
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of cost, and results in solid and precise trees. The blend of these techniques allows SLIQ to 

gauge for huge data sets and classify data sets regardless of the number of classes, attributes, 

and records. 

iv) Scalable Parallelizable Induction of Decision Tree (SPRINT)[149]:

SPRINT is a data mining algorithm designed to remove the memory restrictions, speed and 

scalability issues. SPRINT was developed in order to overcome the short comings of a scalable 

algorithm called SLIQ which had been proposed by Mehta et al. In SLIQ, the in-memory data 

structure size grows directly proportional to the input records number, hence, limiting the 

amount of data that can be classified. Therefore, in SPRINT, the algorithm has been made to be 

parallelized easily, permitting numerous processors to work together to create a single reliable 

model. 

v) DisCo: Distributed Co-clustering Framework [150]:

 This framework introduced applied methods for distributed data pre-processing, and co-

clustering by using Hadoop, an open source Map-Reduce implementation. DisCo scales 

perfectly well when dealing with large datasets. In addition, it processes and analyse very large 

datasets efficiently (up to quite a hundreds of gigabytes) by extracting and storing data in an 

appropriate representation.  

vi) Luo’ et al.’ s Simple Multiplicative Algorithm (SMA) [151]:

 SMA has been developed to address numerous, challenging and problematic data mining 

tasks, by parallelizing a successions of the data mining algorithms. The series of algorithms 

which have been parallelized are: Support Vector Machines, the nonnegative least square 

problems, and the LASSO (the ℓ1 regularized regression). They have been transferred into 

multiplicative matrix processes that can be set up into numerous constituents cores or nodes. In 

these algorithms used, the processes involved only multiplication of a long vector that kept on 

changing with an unvarying huge matrix. That is how parallelization has been deployed, which 

required just less memory copy processing amongst computational nodes. 

vii)Wu et al.’s Big Data Processing Framework [152]:

This is a data-driven framework that encompasses demand-driven accumulation of information 

sources, mining and analysis, user interest modelling, security and privacy conditions in 

relation to big data analysis. It serves as a guide to that.  The Framework comprises of the three 

tiers from back to front. Tier I considers data accessing and computing, Tier II takes care of 
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data privacy and domain knowledge  and Tier III is about Big Data mining algorithms. Wu et 

al, argue that, in normal data mining systems, the processing and operations require intensive 

computing units for data analysis and comparisons.  

viii) HACE Theorem [152]:

The HACE theorem suggests that Big Data starts with large-volume, which comes from 

heterogeneous and autonomous sources with distributed and decentralized control, and seeks 

to explore complex and evolving relationships among data. The name HACE comes from that 

explained notion.  According to Wu et al. [152], one of the key features of the Big Data is the 

massive volume of data characterised by heterogeneous and various dimensionalities. This is 

so, because each information gatherer chooses their own schemata or protocols for data 

recording, and varying applications also results in dissimilar data representations. Wu et al., 

point out that, being independent, each data source has the ability to produce and gather 

information without getting help from any centralized control.  In addition, as the volume of 

Big Data increases, the complexity and the relationships underneath the data also increases and 

gets complicated. Wu et al., argues that, these joint features indicate that Big Data needs a “big 

mind” to combine data for maximum values. 
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Table 3.7: A comparison of the existing Frameworks for Content Analysis 

3.4.1 Summary of the gaps analysis of the discussed frameworks 

Based on the criteria used to evaluate and compare these Frameworks in Table 3.7, the gap 

analysis which comes out of this evaluation show that, these frameworks have put more 

emphasis on statistical models and algorithms only. They are implemented through algorithms. 

Some are serial while others work in parallel.  Most of these algorithms are leaning towards 

only classification of data, except for only two which addresses co-clustering and linear 

regression. Since most of them have put much emphasis on algorithms, content analysis is not 

carried out, if it is, then it is not documented.  

Furthermore, when it comes to text pre-processing, which according to the criteria is either 

through human intervention and interpretation or through computational tools, it is clear that 

almost all of them except one do not actually involve the human intervention and interpretation 

in pre-processing of the text. It is not clear whether they pre-process the data using the 

computational tools either. On the issue of post processing of text, almost all the stated 

Frameworks do not carry it out. It has to be noted however that as other researchers have 

pointed out (e.g., [8, 34, and 58]), computational methods have a limitation with understanding 



the in-depth meanings and semantics in data, which requires human intervention and 

interpretation. This gap has also been pointed out by Stieglitz and Dang-Xuan [34] in their 

limitation and future works of their framework that, even-though the computerized language 

measures allowed them to test the hypotheses on a large data set, the computerized language 

measures cannot capture irony, sarcasm, or culture-specific contexts. In their future researches, 

they suggest that they need to supports and enhance their results by performing qualitative 

analyses. This clearly shows how qualitative analysis is necessary when dealing with social 

media data.  

3.4.2 Motivation for the proposed Conceptual Framework based on gap analysis 

The gap identified in the above frameworks of non-inclusion of human interpretation and 

intervention in pre-processing the data to capture in-depth meanings and semantics in data 

motivates the purpose for proposing this study‘s Conceptual Framework. The Conceptual 

Framework brings in the idea of content analysis which involves human interpretation and 

intervention in analysing the data in order to fine tune it for further analysis through 

computational methods. As pointed by Papadimitriou and Sun [150], many researchers 

commence with believe that the input data is always in a fitting and appropriate form for use 

and yet it is not. The Conceptual Framework does not put much emphasis only on the statistical 

and model algorithms for analysis of data, it allows both the content analysis (manual human 

intervention as well as the computational methods), this has also been highlighted by Chen et 

al. [8]  and Stieglitz Dang-Xuan [34] that most research put emphasis on statistical models and 

algorithms, the same sentiments also has been pointed out by Stieglitz et al. [58] that most 

researches collects large data sets during a specific  time frame on specific subjects and analyse 

it quantitatively. The application tasks of the proposed Conceptual Framework also are not 

only limited to one case, unlike in the discussed Frameworks, the Conceptual Framework is not 

only limited to classification of data only. Other tasks such clustering, regression, mining with 

association rules, etc., could be carried out.  

The proposed Conceptual Framework also is not limited to data analysis only, it also gives a 

guide to the data gathering as well as data pre-processing tasks. This tries to address the gap as 

an observation  made by Stieglitz et al. [58] that some Framework focus on data analysis only 

and yet social media analytics consists of several steps, of which data analysis is only one of. 

Before the data can be analysed, it has to be discovered, collected and be prepared.  As pointed 
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out by Stieglitz et al. [58], the field of social media analytics aims to combine, extend, and 

adapt approaches for the analysis of social media data. This has gained considerable attention 

and subsequent acceptance in academic research. However, as pointed out by Stieglitz at al. 

[58], there is still lack of comprehensive discussions of social media analytics, and of general 

models. Even though existing frameworks are useful to decide what to research, and to locate 

individual projects within a larger context, they do not offer guidance on how to carry out the 

research, and which challenges might arise. 

3.5 CHAPTER SUMMARY 

This chapter discussed literature review on data analysis: the qualitative and quantitative 

analysis as well as approaches for each. A contrast was also made between qualitative and 

quantitative data. Data mining algorithms have also been discussed with regards to their 

strengths and limitations. These afore-mentioned concepts formed the basis and premise of the 

proposed Conceptual Framework. Some of the processes and concepts have been adopted to be 

used in the construction of the proposed Conceptual Framework. The related works have been 

discussed, with the existing frameworks that have been developed for social media content 

analysis. A gap analysis had been identified and discussed from these frameworks and it 

motivated the statement of the problem of this study. The limitations observed from these 

frameworks were that, they put much emphasis only on the statistical and model algorithms for 

analysis of data, and also, most of them only focused on data analysis aspect only. In order to 

address these limitations this study proposed a Conceptual Framework that offers a generic 

way to addressing the limitations of computational methods to social media data analysis of 

capturing in-depth meanings (semantics) in data. 
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CHAPTER 4 

THE PROPOSED CONCEPTUAL FRAMEWORK 

4.1 INTRODUCTION 

This chapter presents the proposed Conceptual Framework and its components. The proposed 

Conceptual Framework is only discussed in relation to its components. Its application is 

discussed in Chapter 5. 

4.2 THE BASE AND PREMISE OF THE FRAMEWORK 

The main objective of this study was to develop a Conceptual Framework for mining and 

analysis of social media data that offers a generic way to addressing the limitations of 

computational methods to social media data analysis of capturing in-depth meanings 

(semantics) in data, which had been articulated in the statement of the problem. In designing 

the Conceptual Framework, this study was guided by the principles of Business Process 

Modelling (BPM) [153]. In business process management and systems engineering, BPM is 

the activity of representing processes of an enterprise, so that the current process may be 

analysed, improved, and automated. BPM has various techniques which are the simplest and 

most primary representation of the processes. The processes represented can be anything (e.g., 

a manufacturing process, an administrative or service process, a project plan, etc). In this 

study’s context, there were data management and analysis process. This is a general tool that 

can be adapted for variety of purposes [153]. It guided the design, mapping and modelling of 

the proposed Conceptual Framework. In modelling and conceptualisation of the Framework, 

extensive review of the literature was made with regards to the previous works in relations to 

Frameworks, models and approaches which have been made in the domain of social media data 

analysis or content analysis. A summary of each of those works have been made in section 3.4 

of Chapter 3. Furthermore, an articulation of  the limitations/gaps of the other Frameworks, 

models, etc., proposed by other researchers have been made in Chapter 3,  in sections 3.4 and 

section 3.4.1) and Table 3.7. A discussion on how this study (proposed Framework)   will 

narrow those gaps was made in section 3.4.2. In addition to the afore mentioned, conclusions 

have been made under some of the   processes of data analysis after literature review 
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discussion of each, conclusion makes it clear and indicate if the process will be adopted in 

development of the proposed conceptual Framework. All these aforementioned formed the 

base and premise of the proposed Conceptual Framework. Hence, the components which are 

used in the formulation of the Framework draws from the literature review discussions. 

4.3 OVERVIEW OF THE PROPOSED CONCEPTUAL FRAMEWORK 

This conceptual framework is generic to the task of mining and analysis of social media data. 

This section gives explanations and descriptions of the components of the Framework only. 

The application of the Framework is demonstrated in Chapter 5 through one application case of 

data classification. However, as shown in the Framework, it can be applied not only to 

classification, it can be applied into cases such as clustering, regression, association of rules, 

etc. 

The collapsed view of the proposed Conceptual Framework shown in Figure 4.1 shows three 

iterative phases. The Framework phases start with data collection, followed by the text pre-

processing and the data analysis phases. In between these phases, data is passed to the storage 

after collection and to knowledge repository after analysis. The large solid arrows show the 

connections between the phases denoting process flow whilst the dotted arrows show the data 

flow. A more detailed view of the actual steps and processes occurring in each phase are 

illustrated in Figure 4.2. 
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Figure 4.1: A collapsed view of the proposed Conceptual Framework for data mining and analysis of the social 

media data. 

https://en.wikipedia.org/wiki/Process_modeling
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Figure 4.2: A detailed view of the proposed Conceptual Framework for data mining and analysis of social media data.
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A more detailed view of the proposed conceptual Framework shown in Figure 4.2 shows all 

the three phases in depth: data collection, text -pre -processing and the data analysis with the 

steps and processes involved in each phase. It shows the data storage and knowledge discovery 

repository components. All these components and phases, which make up the entire 

Framework are explained and discussed more on sections which follow. 

4.4 THE COMPONENTS AND PHASES OF THE PROPOSED 

CONCEPTUAL FRAMEWORK 

The following sections discuss the phases and components of the proposed Conceptual 

framework. The three phases: Data collection, Text pre-processing and Data analysis phases 

are discussed respectively, together with the processes or steps taken in each phase. Other 

components of the Framework: data storage and knowledge discovery repository are also 

discussed.  

4.4.1 Data Collection phase 

The first phase of the proposed Conceptual Framework involves gathering data from different 

social media sites. Data collection is mainly a methodical approach to accumulating and 

assessing data from a diversity of sources to attain a comprehensive and precise picture of a 

phenomenon. Data collection allows an individual, a group, society, association, etc., to be 

able to give solutions to problems, answers important questions, assess results and come up 

with forecasts about future probabilities and trends [154]. Precise data collection is vital to 

preserving the integrity of research, generation of well-versed business decisions and 

safeguarding quality.  

4.4.1.1 Data Collection methods 

In the proposed Conceptual Framework, social media data can be gathered through the use of 

the digital methods. Furthermore, traditional methods could be incorporated in situations 

where a researcher does not understand certain things or aspects of a phenomenon in the 

information they already gathered through digital methods. In this case, a researcher has the 

option of visiting the “subjects case” and getting clarification through the use of the in-depth 

interviews as well as focus groups (in case of conducting qualitative research). This argument 

is supported by researchers such Boitnott [155]. Boitnott argues that, the evidence for digital 

data collection is pretty significant because it is cheaper, easier and can reach more people 

and tends to be more reliable. However, there may still be some places where traditional data 

56



collection techniques make sense. Boitnott cite focus groups and in-depth interviews as some 

examples, which can allow one to go beyond quantitative data and into more qualitative 

discussions of trying to explore certain phenomena and getting an understanding and 

meanings from data. This is also supported by Hawe et al. [156], that Focus groups or group 

discussions are suitable in exploring a topic further, getting a wider understanding of why the 

target group behaves or thinks in a certain manner, and help in ascertaining the reason for 

such behaviour. 

These methods are explained in the sections that follow. 

i) Digital methods:  As shown in the Conceptual Framework, data could be gathered

through the use of the digital methods such computerised tools, algorithms and programs.

These tools tend to be fast and can collect vast volumes of data within a short period of

time. There are several of these tools, some are open source, commercial off the shelve,

educational tools and some are user generated customised programs.

ii) Traditional methods: This is where information is gathered from people or sources

through the use of the traditional ways as shown in Figure 4.2. This normally involves

human beings. Some examples of these traditional methods of gathering data include:

surveys, interviews, questionnaires, checklist, observations, and focus groups. These

techniques can also be automated instead of being carried out and applied in a traditional

manual way. They can be electronic and rolled out in an online setting shared through

emails or links. These methods are very slow and take time in collecting data [8],[155].

4.4.2 Text Pre-Processing phase 

The second phase of the Framework is text pre-processing. The data which has been gathered 

online and kept in data storages is actually processed here. It is cross checked if it is in a good 

state of interpretation and better understanding. Data is properly transcribed and transformed 

into written text before analysis can begin [110]. This makes it easy to read and interpret. 

Interpretations and corrections are made for abbreviations, acronyms and short language 

commonly known or referred to as slang. Cleaning of data involves removal of noisy texts, 

corrections of mis-spelled words, and discarding of repeated words. This is done because it is 

said that pre-processing operations affect the quality of the classification [157]. These text-

pre-processing steps are performed during the initial stage of the qualitative analysis process. 

The pre-processing could be done by humans or through computational tools. 
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4.4.3 Data Analysis phase 

The last phase of the Conceptual Framework is data analysis. This is where data is processed 

to make it meaningful and easy for understanding. Normally, information which gets 

processed is used to help in making informed decisions. This phase has Qualitative and 

Quantitative analysis sub-phases. In this Framework, social media data has to be analysed 

qualitatively before it could be analysed quantitatively. This is to overcome the limitation of 

the computational methods in analysing social media content. Qualitative and Quantitative 

analysis have been discussed extensively in the literature review chapter in section 3.2 

Qualitative Analysis: Qualitative research produces rich, complete and usable processed 

data that helps in getting in-depth understanding of a perspective. It affects a repeated 

interaction amid theory and analysis. Qualitative research uses a descriptive and narrative 

style. In analysing qualitative data, researchers try to find to uncover patterns and probable 

fundamental links among variables. Qualitative interpretations are constructed, and numerous 

methods can be applied to analyse data. As shown in the Framework, qualitative analysis 

could be carried out through either one of the following approaches:  grounded theory [109], 

Inductive Content/thematic analysis [122], discourse analysis, narrative analysis, 

ethnography, phenomenology, case study, etc. Qualitative analysis   gives understandings 

into context investigated. Also, it often generates ideas and hypotheses for further use in 

quantitative research [123]. And in the context of this study’s Framework, it prepares data for 

further analysis through computational methods quantitatively. 

The reason for performing the qualitative analysis in the context of this study is that, social 

media data content is usually unstructured and ambiguous hence it requires human 

intervention and interpretation [8],[34]. There is high possibility of making incorrect 

assumptions if automated algorithms are involved in the analysis of large scale social media 

data without   involving a qualitative intervention in the data [8],[34]. 

 Content analysis usually starts amid the early phases of information gathering. This early 

immersion in the analysis stage assist researchers move forward and backward between idea 

advancement (concept development) and information gathering. It may coordinate their 

ensuing information gathering to sources that are extra valuable for tackling the research 

questions and objectives [116]. 
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Quantitative Analysis: is useful in assessment because it offers quantifiable and easy to 

comprehend results [158]. As shown in the Framework, it can be performed through various 

approaches such Descriptive design, Correlational design, Quasi-experimental and 

Experimental designs [125]. Experimental design includes moderate and advanced analytical 

methods. There are a variety of analytical procedures that one can perform with the social 

media data such as statistical and data modelling (application of machine learning and data 

mining algorithms). The modelling sub-phase focuses on the application of data mining 

algorithms in order to establish patterns in the data. These can be characterised as Descriptive 

and Predictive modelling.  

For Descriptive modelling, orientation to data interpretations is made, with focus on 

understanding the fundamental data relations, such as identifying correlations, trends, groups, 

clusters and anomaly detection [66]. On the other hand, the Predictive modelling is grounded 

on inductive learning, where a model is built by generalising a set of training records. The 

purpose of this modelling is to forecast the value of a specific attribute (i.e., target variable) 

based on the values of other attributes. The basic assumption of the inductive approach is that 

the trained model should be capable enough to forecast the values of the future unseen 

attributes accurately [66].  

The algorithms used to build these models could either be supervised or un-supervised 

learning algorithms [159]. Naturally, a data mining problem can be solved through various 

techniques and methods, there is no defined one standard procedure on how a problem could 

be solved (for example, clustering, association rule mining and prediction). Prediction can be 

divided into classification and regression. For each technique, several algorithms can be 

applied (e.g., for classification, several algorithms can be used to classify the data like Naive 

Bayes, Decision trees etc.)  

Some techniques have certain requirement(s) on the form of data. Hence, a considerable 

attention is often needed to be paid to the data so that those requirements are met [66]. When 

implementing the algorithms as shown in the Conceptual Framework. This is normally called 

text post processing. Examples of some of the tasks which are  carried out in post processing 

in other to prepare the data for modelling  includes word parsing and tokenization, attribute 

selection, feature extraction, lemmatization and stemming.  These are carried out before data 
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could be supplied to the models for further analysis. This helps improves accuracy and 

performance of the models. 

Evaluation of the models before proceeding to the final deployment is very important and 

necessary [66]. The models are tested after training, based on the evaluation measures which 

would have been proposed to be used at that particular instance. The models have to be 

reviewed and evaluated to ensure that they achieve the intended purpose accurately and that 

their performances are optimal. The data models are deployed into usage if there are 

considered to be operating well. They are deployed to perform various tasks of analysis such 

classification, regression, clustering, etc. 

Finally the processed and analysed data that comes as a result of the data analysis phase is 

passed to the knowledge repository for storage and use for future projects. The afore-stated 

phases (Data collection, Text-pre-processing and Data analysis) of this proposed Conceptual 

Framework are iterative. 

4.4.4 Data Storage and knowledge Repository 

The proposed Conceptual Framework has data storage and knowledge discovery repositories 

components. Data storage is where data is kept and saved immediately after it has been 

collected. On the other hand, the knowledge repository acts as storage of information which 

had been processed and analysed for further/future use. As described by Techopedia [160], 

data storage is a broad term referring to the process of storing data in electromagnetic or other 

forms for use. There are various kinds of data storages and these play diverse roles in a 

computing environment. Data could be stored in hard storages (external devices) or soft 

storages such as cloud computing [160]. Well, the data storage and repository in the proposed 

Conceptual Framework could be any of kind, which the researchers will be comfortable with 

using and also be able to afford. The format of data stored will also depend on the kind of 

storage facilities infrastructure and its requirements on how it should be. 

4.5 CHAPTER SUMMARY 

This chapter discussed the methodology that was applied in carrying out this study. It 

described the research purpose, research design and research approach that were applied in 

carrying out this study. The chapter also discussed the overview of the proposed Conceptual 

Framework and its components. The proposed Conceptual Framework has been illustrated on 

two views: the collapsed view and a more detailed view. The collapsed view showed the 
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phases and components of the Framework without the steps and process whilst a more 

detailed view showed the phases and the components together with the processes and steps 

involved in each phase. The components of the Conceptual Framework include data 

collection phase where data is gathered from various online sources. In this stage, it is 

indicated that data could be gathered trough traditional methods or computational methods. 

The second stage of the Framework is text pre-processing. In this stage data is cleaned and 

made ready for analysis. The third stage is of data analysis which had two sub-phases of the 

qualitative and the quantitative approaches. The Conceptual Framework has data storage and 

repository components which stores data before and after analysis. The next chapter discusses 

the evaluation of the proposed Conceptual Framework. 
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CHAPTER 5 

EVALUATION OF THE PROPOSED CONCEPTUAL 

FRAMEWORK 

5.1 INTRODUCTION 

The proposed Conceptual Framework gives generic ways to the mining and analysis of data. 

It could be applied to various cases. However, in this study, the application of the Framework 

has been demonstrated on the Classification case as one of the many examples which could 

be applied in the analysis of data. Other examples of analysis which could be performed in 

the data are shown in the Framework, (i.e. Clustering, Association and Regression). 

The proposed Conceptual Framework has been evaluated in twofold: 1) by classifying data 

by applying the Inductive Content Analysis to clean, pre-process and uncover patterns and 

themes to classify data into categories. 2) by automatically classifying data through data 

mining algorithms: Naïve Bayes, K-Nearest Neighbour, Support Vector Machine and C4.5 

Decision Tree, using the categories which have been developed in ICA.  

After completion of the ICA process, it was evaluated for usability as per the ISO 9126 

model.  The evaluation of ICA was conducted through a user study, using real data and 

human participants in the form of focus groups who carried out the ICA. The data models 

were evaluated too, through the use of metrics to measure their accuracy and performance.  

 This evaluation also involved gathering data online and cleaning the data (pre-processing). 

These are the first two stages depicted in the Framework. These are other cases in which the 

proposed Conceptual Framework could be applied to, one can apply it to the task they are 

interested in, e.g. if they only want to collect data, or only want to perform text-processing or 

want to performed data collection, text pre-processing as well as analysis, they can choose to 

do so. This proposed Framework gives them that flexibility. For demonstration of this 

Framework, data was collected from the social media sites: Facebook and Tweeter, it was 

pre-processed both manually and automatically and it was finally analysed through ICA and 

data modelling. This is indicated through the highlighted components of the Conceptual 

Framework in Figure 5.1. The ICA process has been applied to help mitigate the shortfalls of 

the computational methods of failure to interpret and get-in-depth meanings from social 
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media data, which normally results in poor classification. As mentioned in the introduction 

chapter and on the purpose of the study, the computational approaches have limitations of 

failure to understand semantics and in-depths meanings from data. The evaluation of the 

Framework is explained in the next sections of this chapter which follows 
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Figure 5.1: The Evaluation of  the proposed Conceptual Framework: The highlighted steps were carried out as a demonstration of the application of the Framework
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5.2 DATA COLLECTION 

The data sets which were used for the evaluation of the Framework were gathered from 

Facebook and Twitter on the political landscape of Botswana (The data could have been on 

any topic, it is used here as a test case). Data from Facebook was gathered through the help of 

a social media-monitoring tool called Netlytic [161] and a user ID generating tool site called 

lookup-id.com [162]. The Netlytic tool allowed us to gather information from Facebook’s 

open public groups and pages of Botswana political parties: Botswana Democratic Party 

(BDP), Botswana Movement for Democracy (BMD), Umbrella for Democratic Change 

(UDC), Botswana National Front (BNF), Botswana Congress Party (BCP) and the University 

of Botswana- Umbrella for Democratic Change (UB-UDC). 

Facebook had a constraint of not permitting us to get data or posts from individual profiles of 

users even though individual users shared more content online in their timelines. It only 

allowed us to get posts from open public groups. Consequently, this constraint was overcome 

by implementing a Java program utilizing the Twitter API's to get information from 

individual profiles in Twitter. With regards to Twitter, searches were made with hashtags and 

individual names of prominent political parties’ leaders.  

5.3 DATA PREPARATION 

Data was prepared and made ready for analysis in two ways: text pre-processing and post 

processing. These are discussed in the sections that follow: 

5.3.1 Text Pre-Processing 

Text pre-processing was performed by the focus groups on the data by cross checking if the 

data sets which had been collected online were in a better state to understand and interpret. 

Data was cleaned and interpretations were made where necessary. Translations and 

amendments were made for truncations, acronyms, short dialect (slang) and noisy messages 

were deleted, spelling mistakes were rectified, and repeating words were removed. This was 

done in light of the fact that it is said that pre-processing operations affect the quality of the 

analysis of data. This pre-processing was performed before carrying out the Inductive 

Content Analysis process. This was done with regards to what Patton [110] pointed out that 

content analysis can be applied to numerous kinds of data as the data is being  converted into 

written text amid analysis process. 
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i) Text  Post Processing

After the focus groups finished with pre-processing the data and carrying out the qualitative 

analysis, the data was post processed to make it ready and suitable for classification through 

data mining algorithms. This involved performing the following tasks to the data:  word 

parsing and tokenization, feature extraction, attribute selection lemmatization and stemming 

(See Appendix F). In order to see how noisy or un-noisy data affected the classification 

through data modelling, two experimental tests were performed. The first experiment was 

carried out with data which was only partially pre-processed through the manual process. 

The second experiments were done using data which was fully pre-processed and post 

processed, both manually and automatically. This was done to compare if there will be any 

differences in the performance of the models in terms of accuracy. The first classification 

could be deemed as having the noisy data as the pre-processing was not fully completed 

when data was classified through models, and the second test could be deemed to have used 

un-noisy data as the pre-processing task was fully completed. The results of these 

experiments are captured in the histograms in Figure 5.2 and 5.3. However, it has to be noted 

that the manual analysis was mandatory for all the experimentation because, if the data is 

totally un-structured in a noisy format with wrong spellings mistakes, the data models will 

totally fail to even load the dataset(s).  

Figure 5.2:  Model performance in terms of accuracy of data with partial preparation (pre-processing only) 
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Figure 5.3:  Model performance in terms of accuracy of data with complete preparation (pre & post processing) 

Comparison of the two histograms shown in Figure 5.2 and 5.3, show that, data models 

performed better when the dataset were fully pre-processed and post processed (both 

manually and automatically). The readings are slightly higher than those of partial pre-

processing. Even though the first experiments where data was partially pre-processed through 

manual way only, is lower than the second experiments, it can be observed that, still the 

incorrect classifications are less than 40%, which is reasonable. This is because manual pre-

processing played a major role to the attainment of that, hence manual pre-processing could 

not be ignored as it is mandatory. 

5.4 INDUCTIVE CONTENT ANALYSIS 

The process of Inductive Content Analysis (ICA) was carried out by the researcher and four 

focus groups. These were twenty four second year Computer Science and Information 

Systems students and two post graduates Computer Science students. Participation in the 

study was on a voluntary basis, and the participants signed a consent form to indicate their 

agreement to participate (see Appendix B). Justification for this sample size is that, samples 

sizes used for qualitative studies are usually much smaller than those used in quantitative 

studies [102], [163].  Crouch and McKenzie [119] state that, the reason for using a small 

sample size is because qualitative research is aimed at getting in-depth meanings and not 

constructing generalised hypothesis statements. Qualitative analysis is dependent on 

Saturation. Finding most or all of the insights will result in the accomplishment of 
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saturation.  Saturation happens when addition of more participants to the study no longer 

result in additional perspectives or facts.  Glaser and Strauss [109] endorse the idea of 

saturation for attaining the right sample size in qualitative studies.  Other guidelines have also 

been suggested:  Morse [115] suggests about 30-50 participants for ethnography;   Morse also 

has suggested 30-50 for grounded theory, at the same time, Creswell [113] suggests only 20-

30 participants.  And for phenomenological studies, Creswell recommends 5-25 participants 

while Morse suggests at least six.  According to Mason [102], there are no exact rules when 

determining a suitable sample size in qualitative research.  Qualitative sample size may best 

be determined based on the time allocated to the study, availability of resources and 

objectives of a study [114]. Twenty four participants were therefore deemed appropriate for 

this study. 

Before the focus groups could actually start, the researcher trained them on what ICA is and 

how it is carried out. They were also provided with guidelines to follow. These guidelines 

also contained the manual coding guide for classification (see Appendix C for these 

guidelines). These guidelines were informed by various qualitative analysis research ideas 

especially on the Inductive Content Analysis subject [110], [116], [157], [164]. This was 

done in support of the argument that, in order to produce valid and reliable inferences there 

has to be some established clear rules and procedures for processing data in qualitative 

content analysis [103]. Content analysis can be flexible or more standardized depending on 

the goals of the study. However, it can begin with data preparations, text- proceeding, text 

analysis up through to reporting of findings in a study [118].  

After cleaning the data, the focus groups carried out the following steps of Inductive Content 

Analysis: 

Step 1: Defining the Unit of Analysis 

In this Inductive Content Analysis process, the unit of analysis was defined as single words 

and some short expressions. Each sentence/post or tweet was viewed as a code fragment. 

Each code portion was comprised of a few words. This was done because in content analysis, 

researchers need to define the unit of analysis. The unit of analysis is the simple piece of text 

to be analysed during content analysis. Messages have to be broken down into units prior to 

coding data, and much consideration has to be made as variances in the unit definition can 

impact coding decisions and the comparability of results with other related studies [165]. 
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Hence, as pointed out by Weber [165], defining the coding unit is one of the most 

fundamental and important decisions.   

In Content analysis, separate themes are generally used as the unit for analysis. An 

illustration of a theme could be conveyed through a single word, a phrase, a sentence, a 

paragraph, or a whole document [166]. When using a theme as the coding unit, a researcher is 

mainly trying to find out some expressions of a concept. Thus, they might assign a code to a 

text chunk of any size, as long as that chunk represents a single theme or issue of relevance to 

context of study under investigation [166].  This was taken into consideration when carrying 

out this step of ICA in this study. From the data which was collected from Facebook and 

Twitter on political landscape of Botswana, a lot of these posts were a huge chunk of 

paragraphs. The themes or unit of analysis were therefore made of a single word, in some 

cases small phrases were used to code the themes (not sentences though, just a few words, see 

Appendix A). 

Step 2: Developing Categories and a Coding Scheme 

When it came to categories development of this study, the focus groups applied inductive 

reasoning; they carefully examined the data through constant comparison and immersed 

themselves within the data so as to deduce themes and categories. Literature emphasises that 

coding schemes could be designed either inductively or deductively [118]. During this 

process, the focus groups members allowed themes to emerge directly from the data. They 

also used the summative content analysis approach (see appendix A). This in agreement with 

what Zhang and Wildermuth [118] have highlighted that categories and a coding scheme can 

be derived from three sources: the data, previous related studies, and theories. In this study, 

the categories came from data which was being analysed.  

This study involved the use of focus groups, so multiple coders were involved hence on 

ensuring consistency of coding, they were trained and given some guidelines on how to code 

and categorise the data. Content analysis permits assign a theme to more than one category 

concurrently [103]. Training was done because it is said that when more coders are involved, 

consistency of coding ought to be ensured. A coding manual had to be designed, which 

typically contains descriptions or rules for coding the data, and examples have to be given 

also [167]. Often some manuals have an extra field for captivating of notes as coding 

proceeds. The coding manual usually used in this study contained descriptions and 
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instructions on how to carry out the ICA process (see Appendix C). Also, to facilitate the 

whole process additional documents were provided to help with the analysis process. 

Step 3: Testing Your Coding Scheme on a Sample of Text 

It was ensured that clarity and consistency of the category definitions were taken into 

consideration following the coding guidelines provided in the manual by coding one of the 

data set(s) by passing on to another sub set of the focus groups participants for further 

verification. Then during the focus groups meetings, each member of each focus group 

discussed and agreed on the coding of the categories they selected. Then, afterwards all the 

focus groups participants agreed collectively on the final categories which should be selected. 

All this occurred because as pointed by Zhang [118], a better way of checking clarity and 

uniformity of the category definitions is to code a sample of the data.  

After coding a sample, the coding consistency has to be examined, usually by careful 

assessment between the coders thorough what is called of inter-coder agreement. The coding 

rules should be reviewed if the level of consistency happens to be low. Also, as Schilling 

[117] postulates, any arising problems and doubts with regards to definitions of categories, 

coding rules, or categorization of specific cases,   need to be conversed and resolutions 

should be made collectively by the research team working on the study. All afore- mentioned 

steps are to be repeated until sufficient coding consistency is achieved [167]. This was kept in 

mind throughout the entire ICA process until its completion for this study. 

Step 4: Category development 

Schilling [117] suggests that, when adequate consistency has been attained, the coding rules 

can be used to code the whole dataset(s). While coding, one has to keep on checking the 

coding closely, to avoid “drifting into an idiosyncratic” and ignoring what the codes mean.  

Hence, all the data for this study was carefully examined and the irrelevant ones were 

discarded. Relevant data was all coded in the relevant categories. The relevant data was the 

one containing content on the political landscape of Botswana (as this was the subject matter 

of the test case).   

The data sets which were selected for qualitative analysis contained 2037 code segments. 

However, 1483 segments were discarded because there were irrelevant and not containing 

any information related to politics. Only 654 segments which contained information on the 

political landscape of Botswana were used for the manual analysis categorization. This 
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clearly corroborated what Thomas [157] has pointed out in his qualitative analysis steps, that 

amongst the generally presumed rules that inspire qualitative coding, a substantial quantity of 

text might not be allocated to any category, because the text may be not related to the study 

objectives. Refer to Appendix A, to see how each focus group categorised the data. 

The focus groups then collaborated as one forum to further collapse the categories into 

important ones. In this exercise, twenty eight important categories were identified to have 

emerged from the data collectively from all the four focus groups. These categories are: 

Economic scandals, Corruptive governance, Incompetent governance, Judiciary agitation, 

Un-transparent governance, Unfair rigged elections, Abuse of power, Poor workers welfare 

(conditions), Lack of proper benchmarking (judiciary, political & economic),Partisanship, 

Cronyism, Disenchantment of rightful cadres, Poor education delivery, Poor education 

mandates, Poor education system, Un-consultative governance, Workers oppression, 

Unbeneficial economic programmes, Political propagandas, Political dynasties and elites, 

Draconian labour laws, Forceful and immoral enact of labour laws, Workers exploitation, 

Violation of rights and freedom, Disrespect to rule of law, Extra judiciary killings wastages 

of tax money, and mis-use of public funds (see Figure 5.4 showing each of the four focus 

group’s categorization).  

During the process of analysis, there was an overlap of some themes (i.e. some themes were 

belonging or featuring in more than one category). Thus, one segment could belong to several 

categories (this is commonly referred to as multi label classification). It was noted also that 

some categories overlapped. This is what Thomas [157] described as “links” in his qualitative 

analysis steps, that one of the commonly assumed rule of qualitative analysis is that one 

section of the text assigned to multiple categories. 

Even though several themes emerged from the data which led to creation of a number of 

categories during the Inductive Content Analysis phase (see Figure 5.4 and also refer to the 

Appendix A which show the themes and categories), only eight prominent categories were 

finally selected. This was consistent with the Qualitative Inductive Analysis rule that a good 

exercise should end up with a range of three (3) to eight (8) final prominent categories [157], 

[168]. The general rule is that an inductive coding that ends up with major categories 

exceeding eight may seem as incomplete. If this happens, the researcher (coder) needs to 
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combine some categories which have a link or have to carefully decide which themes and 

categories are most important and so relevant.  

The final eight prominent categories, which emerged from this study are: Economic and 

political scandals, Corruptive governance, In-competent governance, Judiciary agitation, Un-

transparent and Un-consultative governance, Partisanship and cronyism, Poor education 

system and Oppressive governance (See the centre of Figure 5.4 also Step 6).  Most of the 

data published online came from opposition political parties. This is because the majority of 

members of these parties are youth who are apt with technology. This then should not be 

construed to portray the overall political landscape of Botswana as such generalizations 

cannot be made from our datasets to represent the entire population of Botswana. However, 

the datasets served the purpose of achieving the goal of this research as stated in the study’s 

objectives. The political landscape datasets were only used for the purpose of classification as 

an example of social media data being part of Big Data, not merely for understanding and 

analysing the political landscape of Botswana.  

Step 5: Assessing the Coding Consistency 

To ensure that the coding was consistent for this study, after every exercise before the break, 

the coders stopped and made a quick check and some brief discussions to ensure that they do 

not drift. It is always advisable for researchers to recheck the consistency of the coding at the 

end of coding the whole dataset. Zhang [118] cautions about the danger of assuming that, the 

whole coding of the entire corpus was consistent just because one sample was coded in a 

consistent and reliable matter. Because of fatigue, human coders are probable to making 

some more mistakes as the coding continues. The ICA process of our study was carried out 

by human coders hence a precaution was taken to avoid being trapped in this situation.  It is 

cautioned that, from the initial consistency inspection, there could have been new more 

additional codes which had been added, and also the coders’ interpretations of the categories 

and coding rules may change slightly over time, which may cause more irregularities 

[116],[167]. Hence, each time after coding new categories, the code books were updated to 

ensure that there was consistency throughout the entire ICA process. 

Step 6: Drawing Conclusions from the Coded Data 

At this point, the focus groups discussed and made some conclusions with regards to the final 

themes and categories collectively in an open discussion. This has been echoed by Zhang and 
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Wildermuth [118] that researchers have to make extrapolations and report their 

interpretations of meanings derived from the data.  The focus group re-looked at the twenty 

eight categories carefully to identify relationships and similar patterns amongst them. This is 

what Bradley [169] advices on activities such as discovering the properties and features of the 

categories, finding associations between categories, discovering patterns, and testing 

categories alongside the full range of data should be done in order to finalise the selection of 

the final prominent categories. This view is also shared by Zhang and Wildermuth [118] that 

in this step, a researcher has to make sense of the themes or categories identified, and their 

properties.  According to Zhang and Wildermuth [118], this is a vital step in the analysis 

process, and its accomplishment is dependent on one’s reasoning capabilities.  

 In this study, Inductive Content Analysis only covered up to presenting the selected eight 

categories (see the centre part of Figure 5.4). The ICA was performed in this study in order to 

come up with themes or categories which were used for further classification of data through 

the use of data mining algorithms. Anything beyond this step was outside the scope and 

objectives of this study. Figure 5.4 shows categories as per each of the four focus groups. The 

centre part of Figure 5.4 shows the final collapsed eight categories which were finalised by 

the whole focus groups collectively and used for further classification using the data models. 

5.4.1 Justification for using ICA over other Qualitative Approaches 

ICA was selected to be used to qualitatively analyse the data because, firstly there were no  

pre-defined themes to start with, so ICA plays a very vital role in determining the themes 

because  researchers immerse themselves with the data, interpret it  to uncover hidden in-

depth meanings which could explain certain phenomena. Again, since the application case of 

the Framework was classification, ICA was the most suited approach to use because the aim 

was to create some categories which could be supplied to the models. Also, the classification 

models (NB, SVM and K-NN, C4.5) are mostly used for classification because they are 

supervised learning and work with the target variables which are categorical (nominal). In 

addition, the datasets also had variable instances that had to be made categorical hence the 

use of ICA.  
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Focus Group 1 Categories 

-Cruel and Abusive Government.
-Corruption.
-Incompetent Government.
-Partisanship.
-Judiciary Agitation.
-Economic And Political Scandals.
-Poor Education System

Focus Group 2 Categories 

-Cronyism.
-In-Competent Government.
-Poor Education System.
-Scandals.
-Judiciary Agitation.
-Un-Transparent Government,
-Conflicts between The Government And
Unions

8 Final categories 
-Corruptive-Governance.
-Oppressive-governance.
-Judiciary-Agitation.
-In-competent-Governance.
-Partisanship & Cronyism.
-Economic & Political -Scandals.
-Poor Education system.
-Un-transparent & Un consultative Governance.

Focus Group 3 Categories 
-Excessive partisan diplomatic appointments.
-Corruption.
-Poor foreign policies and security policies.
-Incompetent Government.
-Disrespect to rule of law and abuse of power.
-Scandals.
-Un-transparent government.
-Poor Education System.
-Partisanship.
-lack of diplomatic benchmarking.
-Poor meaningless economic development programmes.
-Violation of labour laws.
-In-Competent Government.
-Judiciary Agitation.
-Violation of freedom of media.

Focus Group 4 Categories 
-Corruption.
-Lack of mutual working relationship
-Incompetent Government.
-Abuse of power.
-Judiciary Agitation.
-Poor workers welfare.
-Partisanship.
-Oppressive government.
-Un-transparent government.
-Unfair appointments to key diplomatic appointments.
-Violation of workers’ rights.
-Political and economic scandals.
-Poor Education System.
-Harassment of journalists (the media).
-Poor foreign policies and security policies

Figure 5.4: Categories per each focus group and the final eight selected categories 
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5.4.2 The Usability Evaluation of the Inductive Content Analysis 

Upon completion of the Inductive Content Analysis (ICA), an evaluation of ICA was made. 

The ICA process was evaluated based on “Usability”, one of the components of the ISO 9126 

model [170],[171],[172]. The ISO 9126 model is commonly used to evaluate software and 

systems. The purpose of this evaluation was for validity and reliability purposes to check if 

the focus groups were not biased and carried the ICA steps accordingly. For this study, a 30 

question based usability evaluation questionnaire was formulated. The questions which have 

been asked in the aforementioned questionnaire have been adapted from eight usability 

testing questionnaires from various researchers which are widely and commonly used for 

usability testing of websites and software systems. The usability testing questionnaires which 

formed our sources are: Questionnaire for User Interface (QUIS) by  Chin et al. [173], 

Perceived Usefulness and Ease of Use (PUEU)  by Davis [174], Nielsen’ Attributes of 

Usability (NAU) by Nielsen [175], Nielsen’ heuristic evaluation (NHE) by Nielsen [176], 

USE Questionnaire: Usefulness, Satisfaction and Ease of use (USE) by Lund [177], After 

Scenario Questionnaire (ASQ) by Lewis [178], Practical Heuristics for Usability Evaluation 

(PHUE) by Perlman [179] and Purdue Usability Testing questionnaire (PUTQ) by Lin et al 

[180].  

Questions that addressed learnability, perceived ease of use, perceived usefulness, flexibility 

and satisfaction were targeted. These are some of the aspects that build up to the “usability” 

characteristic/component as per the ISO 9126 model. The questionnaire also captured the 

demographic details of the participants. The questionnaire was rolled out to the participants 

who took part in carrying out the ICA for this study. From the twenty six participants who 

took part in carrying out the ICA, those who later on were able to take part in evaluating the 

ICA were twenty four. The following sections show the results and the discussion of the 

evaluation of the ICA process. 

The results in Table 5.1 show that the participants who took part in evaluating the ICA were 

twenty two year two students and two post graduates students. There were fourteen (14) male 

and eight (8) females who answered the questionnaire. These results show that there were 

more males than the females participants. There was no one who was aged below twenty 

(20). From the total number of those participants who answered the questionnaire, three (3) 

females were doing Computer Science (CS) whilst five (5) were doing  Information Systems 

(IS) and twelve (12) males were doing CS and four (4) were doing IS. 
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 The majority of the participants were proficient on both Setswana and English languages. 

Only three (3) participants indicated that they were not proficient with Setswana. These 

demographics give an impression that when conducting the ICA, it is possible to apply or 

carry it out across any discipline, like in this case it has been carried out or applied by 

participants with Computer Science and Information Systems backgrounds. Furthermore, it 

shows that one had to be proficient in English in-order to carry out the ICA. The instructions 

of ICA are laid out in English and even data sets have to be properly transcribed to a standard 

language which could be easily understood by everyone which was English. 

 Table 5.1: Demographic details of the Users who participated in conducting the ICA process 

Age Program of Study Year of Study Language Proficiency 

 (English & Setswana) 

Gender 20-25 =<31 Totals CS IS Totals Year 

2 

Post-

Grad 

Totals English 

Only 

Both 

Languages 

Totals 

Females 8 0 8 3 5 8 8 0 8 0 8 8 

Males 14 2 16 12 4 16 14 2 16 3 13 16 

Totals 22 2 24 15 9 24 22 2 24 3 21 24 



 Table 5.2: The descriptive statistics analysis of the answers provided by participants on learnability of ICA 

Learnability Questions 

I easily remember 

the ICA process 

ICA process steps 

are clear and 

understandable 

It was easy to learn 

ICA steps and apply 

them 

I performed the ICA 

process quickly 

The supplement 

reference materials 

for ICA were clear 

and helpful 

Values Frequency Percent Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Strongly 

disagree 
1 4.2 0 0.0 0 0.0 0 0.0 0 0.0 

Disagree 0 0.0 0 0.0 0 0.0 1 4.2 0 0.0 

Neutral 1 4.2 2 8.3 1 4.2 0 0.0 0 0.0 

Agree 10 41.7 12 50.0 12 50.0 17 70.8 5 20.8 

Strongly 

agree 
12 50.0 10 41.7 11 45.8 6 25.0 19 79.2 

Totals 24 100.0 24 100.0 24 100.0 24 100.0 24 100.0 

The results from Table 5.2 show the participants’ perception on the learnability of ICA. The 

majority of the participants pointed out that it was easy to remember the ICA process. It can 

be realised that, from Table 5.2, 50% of the participants strongly agreed and 41.7% agreed to 

this statement. The number of those who strongly agreed and those who agreed adds up to 

91.7% which clearly indicates that the ICA steps were easy to remember. When asked if the 

ICA steps were clear and understandable 50% of the participants agreed to this and 41.7% 

strongly agreed, this put together out-performed other values of neutral, disagree and strongly 

disagree. It shows that the participants understood the ICA steps clearly. 

 According to the participants, it was easy to learn and apply the ICA steps, this is shown by 

the results recorded on the agree value of 50 % and strongly agree value of 45.8%. Majority 

of the participants agreed that they performed the ICA process quickly, the value of this is 

70%.  The participants strongly agreed by 25 % hence the two values when added show that 

the ICA process is quick to perform. The last aspect mentioned in learnability is about the 

supplementary materials provided for ICA being clear and helpful.  The participants strongly 

agreed with a value of 79.2% that the materials were helpful to them. 20 % of the participants 
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agreed that the supplementary materials were helpful. This show that 99.2% of the 

participants reckoned that the supplementary materials which were provided were clear and 

helpful. Overall, one can conclude that the ICA process was easy to learn.  

  Table 5.3: The descriptive statistics analysis of the answers provided by participants on Ease of Use  

Ease of Use Questions 

The overall process 

of ICA took a lot 

time to be 

completed 

The ICA process 

was not demanding 

and required less 

effort 

After training I took 

less time to perform 

the   ICA  process 

It required the 

fewest steps 

possible to 

accomplish what I 

wanted to do 

I did not notice any 

inconsistencies as I 

carried out the steps 

of ICA 

Values Frequency Percent Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Strongly 

disagree 
2 8.3 0 0.0 0 0.0 0 0.0 0 0.0 

Disagree 9 37.5 0 0.0 0 0.0 10 41.7 0 0.0 

Neutral 10 41.7 1 4.2 0 0.0 9 37.5 0 0.0 

Agree 1 4.2 13 54.2 18 75.0 1 4.2 10 41.7 

Strongly 

agree 
2 8.3 10 41.7 6 25.0 4 16.7 14 58.3 

Totals 24 100.0 24 100.0 24 100.0 24 100.0 24 100.0 

The perceived ease of use of the ICA by the participants is shown in Table 5.3. When asked if 

the ICA took a lot of time to carry out, the majority of participants were neutral with 41.7%, 

whilst 37.5% disagreed that it took a lot of time to complete it. 8.3% of the participants also 

strongly disagreed. The total aforementioned values when added together outnumber the 

values of those who agreed of 4.2% and those who strongly agreed with 8.3% that the ICA 

took a lot of time to complete.  

The participants had indicated that the ICA process was not demanding and did not require a 

lot of time by agreeing with a value of 54.2% and strongly agreeing with a value of 41.7 %. 

Those who were neutral were only 4.2%. There were no participants who neither disagreed 

nor strongly disagreed with this statement. This shows that the ICA as perceived by the 

participants, does not require much effort and is not demanding. The participants had shown 
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that after training, when carrying out the ICA process they took less time, 75 % of the 

participants agreed to this statement whilst 25% strongly agreed. There was no one who 

disagreed with this statement. 

When asked if the ICA process required fewest steps possible to complete it, majority of the 

participants disagreed with this with 41.7%. It was followed by 37.5% of the participants who 

were neutral implying that they felt the steps were just moderate (neither few nor many). The 

participants who agreed to this statement stood at 4.2% whilst 16.7% strongly agreed to this 

statement. What could be drawn from this statement according to the participants is that the 

ICA process does not require fewest steps to be completed. Majority of the participants 

indicated that they did not notice any inconsistencies when carrying out the ICA steps with 

58.3 % of the participants strongly agreeing and 41.7% agreeing. There were no objections to 

this statement. Overall, the results show that it easy to use ICA process to analyse data. The 

results are positive on almost all the questions which have been asked on the perceived ease 

of use aspect. 



Table 5.4: The descriptive statistics analysis of the answers provided by participants on Perceived Usefulness 

Perceived Usefulness Questions 

I found using the 

ICA process useful 

in my task of 

analysing the social 

media data 

Using the ICA 

process made it 

easier to help 

analyse online 

social media data 

Using the ICA 

process in analysing 

the social media 

content enabled me 

to accomplish tasks 

more quickly 

ICA helped me  be 

more productive in 

analysing the social 

media 

ICA met the task of 

analysing the social 

media data 

Values Frequency Percent Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Strongly 

disagree 
0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 

Disagree 0 0.0 0 0.0 1 4.2 1 4.2 0 0.0 

Neutral 0 0.0 0 0.0 0 0.0 1 4.2 0 0.0 

Agree 7 29.2 11 45.8 12 50.0 6 25.0 8 33.3 

Strongly 

agree 
17 70.8 13 54.2 11 45.8 16 66.7 16 66.7 

Totals 24 100.0 24 100.0 24 100.0 24 100.0 24 100.0 

Table 5.4 shows how participants perceive the usefulness of the ICA process in analysing 

social media data. The participants were asked if they found the ICA process useful in the 

task of analysing the social media data. In response of this, 70.8 % of then strongly agreed 

and 29. 2% agreed. There were no objections to this question. There were asked further if 

using the ICA process made it easier and helped them analyse the social media data.  54.2 % 

participants strongly agreed and 45.8% agreed to that question. 

The participants indicated that using the ICA process in analysing social media content 

enabled them to accomplish tasks more quickly by agreeing with a 50% and strongly 

agreeing with 45.8 %, leading to 95.8 % in total. Only 4.2% disagreed. 66.7 % of the 

participants strongly agreed that ICA helped them to be more productive in analysing social 

media and 25% agreed to this. This in total out-numbered the 4.2 % of those who were 
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neutral and 4.2 % of those who disagreed. The final statement on the perceived usefulness 

was stating that the participants using ICA met their tasks of analysing the social media data. 

66.7 % of the participants strongly agreed to this statement while 33.3% agreed. Overall, the 

participants perceived the ICA useful in analysing the social media data. 

 Table 5.5: The descriptive statistics analysis of the answers provided by participants on Flexibility of ICA 

Users’ perception on flexibility of the ICA has been shown in Table 5.5. The majority of the 

participants with a value of 83.3% indicated that they strongly agree that performing the ICA 

steps was not rigid. 12.5 % agreed to this and only 4.2 % were neutral. There were no 

objections to this statement. With regards to the statement which stated that the participants 

performed the ICA process according to their discretion, the participants strongly agreed with 

70.8% and agreed with 29.2%. There were no objections to this statement.  

The participants strongly agreed with 66.7 % that the ICA steps were dependent on the 

context of the text while 33.3% agreed to this statement. Similarly, there were no objections 

to this statement.  On the statement which stated that the ICA steps were not flexible enough 

to be carried out simultaneously, majority of the participants with a 79.2% were neutral, 4.2 

% disagreed whilst 16.7% strongly agreed with the statement. The majority of the 

participants with 66.7% strongly agreed and 33.3 % agreed that that ICA steps followed one 
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Flexibility Questions 

Performing the ICA 

steps was not rigid 

Users performed the 

ICA process 

according to their 

discretion 

The ICA steps and 

tasks are dependent 

on the context of the 

text 

The ICA steps were 

not flexible enough 

to be carried out 

simultaneously 

The ICA steps 

followed one after 

another in a 

chronological order 

making it easy and 

clear to carry out 

Values Frequency Percent Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Strongly 

disagree 
0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 

Disagree 0 0.0 0 0.0 0 0.0 1 4.2 0 0.0 

Neutral 1 4.2 0 0.0 0 0.0 19 79.2 0 0.0 

Agree 3 12.5 7 29.2 8 33.3 0 0 8 33.3 

Strongly 

agree 
20 83.3 17 70.8 16 66.7 4 16.7 16 66.7 

Totals 24 100.0 24 100.0 24 100.0 24 100.0 24 100.0 
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after another in a chronological order making it easy and clear to carry out. Still, there were 

no objections to this statement. Overall, one can conclude that there is room for flexibility 

when carrying out the ICA process in analysing the social media data. 

Table 5.6 shows the overall satisfaction of the participants with the ICA process. Most of the 

participants indicated that they were pleased with the overall steps they carried out to 

complete the ICA process. They strongly agreed with a value of 58.3 % and those who agreed 

were 41.7%. There were no objections to this statement. When asked if they could 

recommend ICA to other researchers, the majority of the participants with 79.2 % strongly 

agreed and only 20.8% agreed. There were no objections.  

The participants indicated that they were satisfied with the ease of completing the tasks in 

ICA process. 50% of them strongly agreed and 50% agreed. With satisfaction of the amount 

of time they took to complete the whole process, 75% strongly agreed that they were satisfied 

and 20.8% agreed that they were satisfied while 4.2% were neutral. The participants indicated 

that they were overall satisfied with the output of the ICA process they carried out.75% 

strongly agreed that they were satisfied while 25.0 agreed 



 Table 5.6: The descriptive statistics analysis of the answers provided by participants on Satisfaction of ICA 

Satisfaction  Questions 

I am satisfied with 

the overall steps I 

carried out to fully 

complete the 

Inductive Content 

Analysis activity I 

participated in 

I would recommend 

ICA to other 

researchers doing 

data analysis in their 

researches 

Overall, I am 

satisfied with ease 

of completing the 

tasks in this 

Inductive Content 

analysis activity 

Overall, I am 

satisfied with the 

amount of time it 

took to complete the 

tasks in this activity 

Overall, I am 

satisfied with the 

output of the ICA I 

carried out 

Values Frequency Percent Frequency Percent Frequency Percent Frequency Percent Frequency Percent 

Strongly 

disagree 
0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 

Disagree 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 

Neutral 0 0.0 0 0.0 0 0.0 1 4.2 0 0.0 

Agree 10 41.7 5 20.8 12 50.0 5 20.8 6 25.0 

Strongly 

agree 
14 58.3 19 79.2 12 50.0 18 75.0 18 75.0 

Totals 24 100.0 24 100.0 24 100.0 24 100.0 24 100.0 

In conclusion of evaluation of the ICA, one could argue that when it comes to usability, ICA 

is easy to carry out, useful and flexible enough to be applied to analyse the social media data. 

It is also easy to learn. ICA is one of the qualitative approaches of analysing data in the 

Framework. Therefore, since ICA is one of the components of the Framework, it could be 

said that, by extension the proposed Conceptual Framework is easy to learn and use. It is also 

flexible in allowing the analysis of social media data. It is useful to those who wish to analyse 

social media data. 

5.5 DATA MODELLING AND EVALUATION METRICS 

After completing the ICA process, the second evaluation was carried out. The concluded and 

confirmed eight categories from the ICA were used to perform text classification through 

data modelling. Four data mining algorithms for classification were implemented through 
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WEKA: Naive Bayes multinomial (NB), Support Vector Machine (SVM), K-Nearest 

Neighbour (K-NN) and C4.5 Decision Tree. The eight categories were provided to a 

classifier of each algorithm and the models of each were created, trained and tested with the 

data set(s) which had been gathered online.  

The reason for using these four algorithms was for demonstration purposes and for 

comparisons between the algorithms, to see how they will perform in terms of accurately 

classifying the data, given the same data set. Another justification is that, since the 

demonstration or application case of the proposed Conceptual Framework is of classification 

of data, it was best to use these classification models (NB, SVM and K-NN, C4.5). As 

pointed out by Hoyt et al. [128]  these models are mostly used for classification because they 

are supervised learning and work with the target variables which are categorical (nominal), as 

opposed to selecting other algorithms (e.g. regression models) which are needed when the 

response is numeric or continuous [128],[181]. The demonstration of the application of this 

study’s Framework is classification and also the dataset has variable instances that are 

categorical. 

The performance of the data mining algorithms was evaluated primarily from two 

perspectives: for predictive performance and for prediction accuracy. The metrics that 

constitutes predictive performance are the Root mean squared error, Mean absolute error, and 

Kappa, whilst the precision, recall, F1-Measures, confusion matrix, TP and FP rates evaluate 

the classifiers’ prediction accuracy as detailed below [182], [183].  

a) Kappa statistics

The Kappa statistics of the models which have been used in this study are shown in Table 

5.7.  Kappa is a controlled value of agreement for chance agreement [184]. Kappa metric 

takes the observed accuracy and compares it with an expected accuracy. Kappa is basically, a 

measure of how nearly the cases grouped by the machine learning classifier coordinated the 

data labelled as ground truth, controlling for the exactness of a random classifier as measured 

by the expected [185]. The kappa statistics is computed as shown in equation (5.1). 

𝐾 =
𝑝(𝑥)−𝑝(𝑖)

𝑝(𝑖)
  (5.1) 



Where 𝑝(𝑥) = percentage   agreement and   𝑝(𝑖) = chance agreement.  If K = 1, agreement is 

perfect between the classifier and ground truth. If K = 0, indicates there is a chance of 

agreement. 

 Table 5.7: Kappa statistics performance of the classifiers: NB; IBK; J48 and SMO attained during classification 

of data 

The kappa readings of the classifiers range between 0.9355 and 0.7359. These values are 

greater than 0 and less than 1, but closer to 1. This means the classified results are substantial 

to almost perfect agreement to the ground truth. The values are closer to 1 which is a perfect 

agreement. It has to be noted that, there is no standardized interpretation of the kappa 

statistics [185]. This argument is supported by Landis and Koch [186] who considers 0 - 0.2 

as slight, 0.21 - 4.0 as fair, 0.41 - 0.60 as moderate, 0.61-0.80 as substantial, and 0.81-1 as 

almost perfect. Righat [185]’s argument is also verified by Fleiss et al. [187]’s interpretation 

who considers kappa greater than 0.75 as excellent, 0.40-0.75 as fair, and less than 0.40 as 

poor. As hinted by Righat [185]’s careful observation shows that both these aforementioned 

scales are somewhat arbitrary. 

b) Error rates

In any experimentation, for the execution to be exact, one needs to put into thought the 

mistakes or errors, which influence the whole procedure and measure their error rate. In our 

case, error rates have been calculated using Root Squared Mean Error and Mean Absolute 

Error the measure. Refer to Table 5.8 for the results.  

i. Mean Absolute Error

The Mean Absolute Error (MAE) is a measure that indicates the proximity of predictions to 

the ultimate outcomes. MAE shows the magnitude of error(s) to expect from the forecast on 

average. MAE is given by equation (5.2) 
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Classifier Kappa  Statistics Results 

NB-

multinomial 

0.7926 

IBK 0.9354 

J48 0.7359 

SMO 0.9355 



MAE = 
1

𝑘
 ∑ |𝑛𝑗 − 𝑥𝑗|𝑘

𝑗=1 =
1

𝑘
 ∑ |𝑐𝑖|

𝑘
𝑗=1         (5.2) 

Basically, Mean Absolute Error is computed through an average of the absolute errors shown 

in equation (5.3) 

𝐶𝑖  |𝑛𝑗 − 𝑥𝑗| (5.3) 

Where 𝑛𝑗  = prediction     and      𝑥𝑗= true value 

ii. Root Mean Squared Error

Root Mean Squared Error (RMSE) is the square root of the mean of the squares of the values. 

Before errors could be averaged, they are squared first. [184]. The RMSE Cj of an individual 

program j is evaluated by the equation (5.4): 

𝐶𝑗 = √
1

𝑘
∑  𝑘

𝑖=1 (
𝑃(𝑗𝑖)−𝑚𝑖

𝑚𝑖
)

2

(5.4)       

 Where 𝑃(𝑗𝑖)  = the value predicted by the individual program, j = fitness case and   𝑚𝑖 = the 

target value for fitness case i. 

Table 5.8:  Error rates of the classifier: NB, IBK, J48 and SMO attained during classification of data. 

Classifier Mean Absolute 

Error 

Root Mean  

Squared Error 

NB-

multinomial 

0.0434 0.1874 

IBK 0.0221 0.0843 

J48 0.0737 0.1919 

SMO 0.1881 0. 2922

The results on Table 5.8 show both the MAE and RMSE measures of the classifiers. For 

MAE, value ranges between 0.02 and 0.18. SMO has the highest MAE whilst IBK has the 

lowest MAE as compared to all the classifiers used. The Table further shows the RMSE of 

the classifiers. IBK has the least value of 0.08, and SMO has the highest value of 0.29.  

A comparison could be made between the RMSE and MAE to establish if the forecast 

contains huge but infrequent errors. If the difference between RMSE and MAE is huge, it 

implies more inconsistent error size [188]. When comparing our results of MAE and RMSE 
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for each classifier, the difference is small, this implies less inconsistent error size. As pointed 

out by Nau [189], Chai and Draxler [190] there is no complete criteria for good or bad values 

of RMSE or MAE. The RSME and MAE can be applied at the same time to analyse the 

deviation in the errors in a set of forecasts. MAE will always be smaller or equal to RMSE. 

The larger the variance between them, the greater the difference in the individual errors in the 

sample. All the errors are of a similar extent if the MAE=RSME [191]. 

c) Receiver Operating Characteristic

Receiver Operating Characteristic (ROC) curves are the best way to compare diagnostic tests. 

Thus, the area under the ROC curve usually has a range of 0.5 to 1. The interpretation of this 

is: 0.5 means a worthless test whilst 1 is a perfect test. So the area under the ROC curve 

should be more than 0.5 and less than or equal to 1 for it to be the perfect test [192]. The true 

positive rate (Sensitivity) and the positive rate (100-Specificity) are plotted against each other 

for different cut-off points in a ROC curve. On the ROC curve, each point denotes a 

sensitivity/specificity pair matching to a specific decision threshold. A test with a complete 

discrimination (no overlap in the two distributions) has a ROC curve that comes about 

through the upper left corner (100% sensitivity, 100% specificity) [193]. 

Table 5.9: Average ROC calculations of the classifier: NB, IBK, J48 and SMO attained during classification of 

data. 

Classifier Average ROC 

NB-multinomial 0.975 

IBK 0.999 

J48 0.967 

SMO 0.992 

As shown in Table 5.9, IBK had the largest value of 0.999 and J48 had the least value of 

0.967. The readings ranges from 0.96- 0.99, this means that the classifiers’ ROC readings are 

more than 0.5 and closer to 1 which is a perfect test. This falls within the limits that a perfect 

test should be greater than 0.5 and closer to 1 [192]. 



d) Recall (True Positive rate or Sensitivity)

Recall is the measure which shows a classification model’s ability of selecting instances of a 

particular class from the dataset. It is the extent of actual positive which are predicted positive 

[79]. The True Positive (TP) rate is the extent of instances that were classified correctly as k 

in the relevant class k, TP is the same as Recall. To find it in a confusion matrix, the diagonal 

elements are divided by the sum over the relevant row (See Figure 5.5). Given the confusion 

matric C and a set of labels {Lj}, the standard definition of recall is calculated as shown in 

equation (5.5). 

Recall= 
𝑇𝑃

𝑇𝑃+𝐹𝑁 
=

𝑐𝑓

∑ 𝑐𝑖𝑗
𝑓+1
𝑗=1

⁄ =
𝑐𝑖𝑖

𝐴𝑇𝑜𝑡𝑎𝑙𝑖
⁄ (5.5)       

Where: f is the size of the sample, Cii is the predicted class for a multi class case and 

𝐴𝑇𝑜𝑡𝑎𝑙𝑖    is the actual total for the class. Please refer to Table 5.10 for Recall and Table 5.11 

for the TP rate values of the classifiers which have been used in this study. 

Table 5.10: Recall values of the classifier: NB, IBK, J48 and SMO attained during classification of data. 

Classifier Recall 

NB-

multinomial 

0.828 

IBK 0.946 

J48 0.780 

SMO 0.946 

SMO and IBK classifiers had the highest recall values of 0.946 and J48 had the least value of 

0.780.  All the classifiers scored a value greater than 0.5. The readings imply that a 

reasonable proportion of instances were classified in the categories which they truly belong 

to. 

e) The False Positive Rate

The False Positive (FP) rate is the extent of instances that had been incorrectly classified as 

class k, whilst belonging to another different class not k.  To find it in a confusion matrix (See 

Figure 5.5), the diagonal elements are subtracted from the sum of the column of a class x, 

then divided by the sum of the rows of other classes. 
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Table 5.11: TP rate and FP rate of the classifier: NB, IBK, J48 and SMO attained during classification of data. 

The TP rate of all the classifiers are greater than 0.5. They range from 0.7 to 0.95.This means 

that proportion of the instances which were classified according to the classes among all the 

examples which truly have the said classes is good. It means most instances were correctly 

classified to their relevant classes. For the FP rate, the readings are small, it means that the 

proportion in which the instances were wrongly classified to different classes other than the 

actual classes is less. The results show that there were only few cases of incorrectly classified 

instances. It can be argued that the classifiers are more accurate. 

f) Precision (Confidence)

The Precision is the extent of the instances that actually have class k amongst all those that 

were categorized as class k (predicted positives which are actually positive). To calculate it in 

a matrix, the diagonal elements are divided by the sum over the relevant column. It checks 

the accuracy of  a  predicted class [79]. Precision is defined by the formula (5.6). 

𝑝𝑖 =
𝑇𝑃

𝑇𝑃+𝐹𝑃 
=

𝑐𝑖𝑖
∑ 𝑐𝑘𝑖

𝑛
𝑘=1

⁄ =
𝑐𝑖𝑖

𝑃𝑇𝑜𝑡𝑎𝑙𝑖
⁄  (5.6) 

Where : Cii is the predicted class for a multi class problem and 𝑃𝑇𝑜𝑡𝑎𝑙𝑖  is the predicted total 

for the class 

Table 5.12: Precision values of the classifier: NB, IBK, J48 and SMO attained during classification of data. 

Classifier Precision 

NB-

multinomial 

0.809 

IBK 0.947 

J48 0.777 

SMO 0.953 

Classifier TP Rate FP Rate 

NB-

multinomial 

0.828 0.034 

IBK 0.946 0.009 

J48 0.780 0.040 

SMO 0.946 0.008 
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The classifiers precision values range from the highest scored by SMO with a value is 0.953, 

and the least being J48 with 0.777. All the classifiers recorded a value greater than 0.5.With a 

reading greater than 0.5, it simply means that the predicted instances are positive [79]. Hence 

our readings are all greater than 0.5 which implies there are positive and have met the 

threshold of 0.5. 

g) F1-Measure (F1- Scores)

Precision and recall scores are usually discussed together and a single measure can be derived 

by combining both measures into a new measure called the F1-measure [79]. The F1- Scores 

is the adjusted consonant mean of recall and precision. It is defined as shown in equation 

(5.7).  

𝐹 = 2 (
𝑃∗𝑅

𝑃+𝑅
) (5.7) 

 Where P is the precision and R is the Recall. A higher F1-measure indicates a better 

classifier. 

Table 5.13: F1-Measures performance of the classifier: NB, IBK, J48 and SMO attained during classification of 

data. 

Classifier F1-measures 

NB-

multinomial 

0.815 

IBK 0.944 

J48 0.768 

SMO 0.946 

The SMO had the highest F1- measure value score of 0.946 and J48 scored 0.768 which was 

the least score. These results are greater than 0 and closer to 1. These are good because when  

F1-score at 1, it is said to have reached its best value and when 0 it is at its worst value. 

h) Classification Accuracy

Classification accuracy when the instances are correctly categorized in their respective 

classes in a model. It is computed by the sum of correctly classified instances divided by the 

total number of samples [79]. The formula for accuracy calculations is shown in (5.8).  

Accuracy = (
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
) (5.8) 



Where FP is incorrect prediction of positive instances (False positives), FN is incorrect 

prediction of negative instances (False negatives), TP is correct prediction of positive 

instances (True positives) and TN is correct prediction of negative instances (True negatives). 

Table 5.14: Classification accuracy of the classifier: NB, IBK, J48 and SMO attained during classification of 

data. 

Classifier Correctly 

classified 

Incorrectly 

Classified 

NB 154 (82.8%) 32 (17.2%) 

IBK 176 (94.6%) 10 (5.4%) 

J48 145 (77.95%) 41 (22.0%) 

SMO 176 (94.6%) 10 (5.4%) 

Table 5.14 displays the accuracy of the models or classifiers. It shows how the models have 

correctly and incorrectly classified the instances. The results generally show that all the 

classifiers are optimal because the incorrectly classified instances are less in number as 

compared to the correctly classified ones. The classification accuracy is normally well 

explained with the use of the confusion matrix.  

i) Confusion Matrix

A confusion matrix is more generally named a contingency table. A confusion matrix has k 

dimensions where k is the number of the classes. Figure 5.4 shows a confusion matrix for a 

data mining model for two possible outcomes a (positives) and b (negatives). The confusion 

matrix shown in Figure 5.4 shows how model predictions are made. The rows resemble the 

actual classes in a dataset and the columns represent the predicted classes. The diagonal 

elements indicate the number of correctly classified instance for each class.  The size of 

matrix can be large.  To find the total number of correctly classified instances in a matrix, 

calculate the sum of the numbers in diagonal (from top left to the bottom right) and all others 

are incorrectly classified. The confusion matrix displays the true positives, the false positives, 

the true negatives and the false negatives. 
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Predicted 

a b 

TP FN a Actual 

FN TP b 

Figure 5.4: A general look of a confusion matrix 

In our study 8 classes were used, and therefore an 8x8 confusion matrix for each classifier as 

shown from Figure 5.5-5.8 respectively. 

Figure 5.5: Confusion matrix of Naïve Bayes classifier performance attained during classification of data 

The matrix shows how the NB classifier has classified the instances. The totals of correctly 

classified instances are in a diagonal line of the matrix from the top left corner to the bottom 

right corner. The total number of all correctly classified instances as per the correct classes is 

154 in the diagonal line. The remaining numbers in the matrix show the instance that had 

been incorrectly classified and their total number is of 32. These numbers tally with the 

results shown in Table 5.14. The numbers in the diagonal line from the top left corner to the 

bottom right corner actually shows the true positives of each class (category) and any other 

numbers which are not in the diagonal are the false negatives. 
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a B c d E f G H ← Classified as 

21 0 0 0 2 1 0 0 a = corruptive-governance 

0 32 1 1 3 1 0 0 b = In-competent- governance 

0 0 33 4 0 0 0 0 c = Judiciary-agitation 

0 1 2 38 0 1 0 0 d = Oppressive-governance 

2 1 0 0 14 0 0 0 e = Partisanship & cronyism 

1 1 0 0 4 8 0 0 f = Economic & political scandals 

0 0 0 0 0 0 8 0 g = Poor education system 

0 1 0 5 0 0 0 0 h = Un-consultative & un-transparent governance 
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a B c d E f g h ← Classified as 

23 0 0 0 1 0 0 0 a = corruptive-governance 

0 36 0 0 1 1 0 0 b = In-competent- governance 

0 0 37 0 0 0 0 0 c = Judiciary-agitation 

0 0 1 41 0 0 0 0 d = Oppressive-governance 

0 0 0 0 17 0 0 0 e = Partisanship & cronyism 

0 1 0 0 4 9 0 0 f = Economic & political scandals 

0 0 0 0 0 0 8 0 g = Poor education system 

0 0 1 5 0 0 0 5 h = Un-consultative & un-transparent governance 

Figure 5.6: Confusion matrix of SMO classifier performance attained during classification of data 

The matrix shows how the SMO classifier has classified the instances. The totals of correctly 

classified instances are in a diagonal line of the matrix from the top left corner to the bottom 

right corner. The total number of all the correctly classified instances as per the correct 

classes in the diagonal line is 176. The remaining numbers in the matrix show instance that 

had been incorrectly classified and their total number is 10.These numbers tally with the 

results shown in Table 5.14. The numbers in the diagonal line from the upper left corner to 

the bottom right actually shows the true positives of each class (category) and any other 

numbers which are not in the diagonal are the false negatives.  
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Figure 5.7: Confusion matrix of IBK classifier performance attained during classification of data 

The matrix shows how the IBK classifier has correctly classified the instances. The totals of 

correctly classified instances are in a diagonal line of the matrix from the top left corner to 

the bottom right corner. The overall total number of all the correctly classified instances as 

per the correct classes in the diagonal line is 176. The remaining numbers in the matrix show 

instance that had been incorrectly classified and their total number is 10. These numbers tally 

with the results shown in Table 5.14. The numbers in the diagonal line from the upper left 

corner to the bottom right actually shows the true positives of each class (category) and any 

other numbers which are not in the diagonal are the false negatives. 

a B c d E f g h ← Classified as 

24 0 0 0 0 0 0 0 a = corruptive-governance 

0 37 0 0 0 1 0 0 b = In-competent- governance 

0 0 37 0 0 0 0 0 c = Judiciary-agitation 

0 0 1 41 0 0 0 0 d = Oppressive-governance 

1 1 0 0 15 0 0 0 e = Partisanship & cronyism 

1 1 0 0 3 9 0 0 f = Economic & political scandals 

0 0 0 0 0 0 8 0 g = Poor education system 

0 0 1 0 0 0 0 5 h = Un-consultative & un-transparent governance 



a B c d E f g h ← Classified as 

22 0 0 1 1 0 0 0 a = corruptive-governance 

0 30 2 2 2 1 1 0 b = In-competent- governance 

3 1 28 4 0 0 0 1 c = Judiciary-agitation 

0 0 4 36 0 0 0 2 d = Oppressive-governance 

1 0 1 0 15 0 0 0 e = Partisanship & cronyism 

3 2 0 1 4 3 1 0 f = Economic & political scandals 

0 1 0 0 0 0 7 0 g = Poor education system 

0 0 1 0 0 1 0 4 h = Un-consultative & un-transparent governance 

Figure 5.8: Confusion matrix of J48 classifier performance attained during classification of data 

The matrix shows how the J48 classifier has classified the instances. The totals of correctly 

classified instances are in a diagonal line of the matrix from the top left corner to the bottom 

right corner. The total number of all the correctly classified instances as per the correct 

classes in the diagonal line is 145. The remaining numbers in the matrix show instance that 

had been incorrectly classified and their total number is 41. These numbers tally with the 

results shown in Table 5.14. The numbers in the diagonal line from the upper left corner to 

the bottom right actually shows the true positives of each class (category) and any other 

numbers which are not in the diagonal are the false negatives.  

In conclusion of the evaluation of data models  through metrics measuring accuracy and 

performance, the results show that all the classifiers met the threshold in terms of correctly 

classifying the instances to the correct class labels or categories scoring the highest 

percentatges. This implies that the ICA output was of high quality because it was used to 

further classify the data through the models. The pre-processing of data together with 

qualitative analysis of ICA which involved human influenced these results. This proved that 

indeed when human intervension and interpretation is applied in data analysis, it helps refine 

data well for easy analysis through computational methods as the experiments on this study 

has shown. The models‘s performance and accuracy met the standard threshold(s). The ICA 

process indeed helped with fine tuning the data and the semantics which made it easier for 

computational analysis This is what has been echoed by other researchers such as Chung and 

Gray [194] that, the manner in which a model’s  performance is measured is very crucial and 
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requires special consideration. One  model could  perform otherwise in different fields 

because of the quality of the data, prescriptive measures, and the influence from decision 

makers. This corroborates with what Zafarani et al. [67] states that in social media data 

analysis, after having a depiction, measures have to be taken care of in the data with regards 

to quality issues. The text- preprocessing steps  need to be performed  data could be analysed 

further. Quality measures comprise  removing noise from data,  detecting outliers, handling 

of missing values and removing  duplicates [67]. 

In conclusion of the two evaluations in the demonstration of the application of the proposed 

Conceptual Framework through Classification, the results, from the user study, show that the 

ICA process is flexible and systematic in terms of allowing the users to analyse social media 

data. The users’ perception with regards to of ease of use and usefulness of the ICA on 

analysing social media data is positive. The results from the experimental study show that 

data mining algorithms performed above the standard threshold of the metrics which 

evaluated the performance and accuracy in classifying data when supplied with data from the 

ICA process. It should be recalled that ICA is one of the qualitative approaches in which 

researchers immense themselves in the data, in order to get the in-depth meanings and 

understanding of people’s perceptions in a certain phenomenon, through which they are able 

to put bits and puzzles of information together to form themes, and identify similar themes 

and collapse them further into categories.   

Based on the results of the optimum performance of the data models in classifying data 

correctly and meeting the standard threshold, it could be concluded that the limitations of 

failure to capture in-depth meanings from data were mitigated through the application of ICA 

hence the attainment of the main objective of this study.  

5.6 THREATS TO VALIDITY 

For the ICA process, the guidelines which were used were informed by various qualitative 

research ideas [110], [116], [157], [164]. This was done based on the support of the argument 

that, in order to produce valid and reliable inferences there has to be established methodical 

and clear measures for handling data [102]. Also, as highlighted by Struwig and Stead [195], 

it is important during text analysis, to have two or more groups of raters’ to categorise the 

data independently, and then compare and agree on the categories to use. This measure was 

applied during the ICA, by engaging four focus groups. This ensured the reliability and 
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validity of the categories selected. Again, this involved an element of triangulation, because 

the focus groups were formed by different participants who independently analysed and made 

interpretation the data, and determined if it was in agreement with the coding [195]. This is 

supported by Schilling [117] that, any arising problems and doubts regarding: defining of 

categories, rules for coding, or categorization require to be considered and be resolved.  

The validity and reliability of the questionnaires was ensured by re-checking the questions 

and passing them to some people to check if there were easy to understand and also if they 

have any mistakes. All mistakes were corrected and they were made easy to understand 

before they could be rolled out to the participants. Questions were asked in a manner which 

eliminated biasness and leading questions to avoid influencing the participants on how and 

what to answer. The questionnaire used the Likert scale questions. Overall this study 

triangulated both the qualitative (use of the traditional approach) and quantitative (use of data 

mining algorithms evaluation metrics in Section 5.5) methods to evaluate the Conceptual 

Framework. 

5.7 CHAPTER SUMMARY 

This chapter discussed an evaluation of the Conceptual Framework. The evaluation involved 

gathering data online, about the political landscape of Botswana from Facebook and Twitter. 

Data was gathered using the computational automated methods (Netlytic tool and a Java 

program). This is stage one of the Conceptual Framework. Data was then pre-processed and 

made ready for analysis and this is stage two, of the Conceptual Framework. The process of 

Inductive Content Analysis (ICA) was carried out to deduce themes and categories from the 

data (data was manually classified into related themes and collapsed into categories). This 

was the qualitative analysis of data that involved the human intervention and interpretation. 

The Inductive Content Analysis was evaluated through a questionnaire guided by “Usability” 

component of the ISO 9126 model. The results of the evaluation of ICA showed that the ICA 

process was flexible and systematic in terms of allowing the users to analyse social media 

data, the users’ perception in terms of ease of use and usefulness of the ICA on analysing 

social media data was positive. After completion of the ICA process, the categories were 

supplied to the classifiers of the models to further classify the data. The results from the 

experimental study show that data mining algorithms produced accurate results in classifying 

the data and the performance was above the threshold data when supplied with data from the 

ICA process.  
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CHAPTER 6 

CONCLUSIONS AND RECOMMENDATIONS 

6.1 INTRODUCTION 

This chapter discusses the overall view of the study, conclusions of the study, limitations and 

recommendations for future works. The challenges which were encountered during the 

execution of the entire study are also stated.  

6.2.OVERALL VIEW OF THE STUDY AS PER RESEARCH 

OBJECTIVES 

This study gave a brief introduction to social media, the characteristics of social media data 

and gaps that exist in social media data analysis. Social media data possess the characteristics 

of Big Data such as volume, veracity, velocity, variability and value. These characteristics 

make its analysis more challenging than conventional data. Computational analysis methods 

usually cannot capture in-depth meanings (semantics) within data. As a solution, this study 

proposed a Conceptual Framework for mining and analysis of social media data by offering a 

generic approach to addressing the limitations of computational methods to social media data 

analysis. The overall view of this study is summed and concluded per objectives.  

Objective 1 

The first objective was to identify existing concepts (i.e., theories and methods) in data 

mining and analysis, which are capable of capturing in-depth meanings (semantics). This was 

achieved by gathering information from various literature sources on the subject of data 

analysis. Information gathered here, addressed concepts of data analysis (qualitative and 

quantitative as well as approaches, their strengths and limitations) discussed in Section 3.2 of 

Chapter 3. 

Objective 2 

The second objective was to identify possible processes of incorporating concepts identified 

in (1) with computational methods to address their limitations, this was achieved by gathering 

information from the literature review on related works which have  carried out content 
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analysis. Information on existing frameworks was also reviewed to find possible processes of 

incorporating the concepts identified in (1).This was done in Chapter 2 and 3. 

Objective 3 

The third objective was to construct a Conceptual Framework from the identified concepts 

and processes. A  Conceptual Framework was constructed in Chapter 4 drawing its origin 

form the processes and components addressed in (1) and (2). The Conceptual Framework was 

designed to have three stages or phases with various components or processes. The first phase 

was Data collection. The proposed Conceptual Framework shows that social media data can 

be gathered through the use of digital methods. It further shows that traditional methods 

could be incorporated in situations where more data is needed with more insights. A 

researcher can have the option of visiting the “subjects case” and getting more clarification 

through the use of the traditional methods (e.g., in-depth, interviews focus groups), in case a 

researcher is carrying out qualitative research.  

The second phase of the Framework was Text-pre-processing. This stage has the manual pre-

text processing component of data cleaning which include noisy data removal, spelling 

checking, abbreviations and acronyms corrections and duplication deletions. Secondly, data 

was prepared and made suitable for analysis. This could be achieved through text pre-

processing (just after data has been gathered) and post processing (performed before data 

could be automatically classified through data models). Post processing involves steps such 

as: word parsing, tokenization, stemming and lemmatization while pre-processing involves 

cleaning the noise from the data, formatting it and correcting mistakes and mis-spelled words. 

The third stage is of data analysis which has the qualitative and quantitative analysis 

processes. Examples of qualitative and quantitative approaches have been stated in chapter 3 

on Tables 3.1-3.5. Data modelling which is part of the Experimental approach in Quantitative 

analysis is also shown as the component of the Framework. The data modelling could be 

descriptive or predictive. The data modelling could have the supervised and unsupervised 

algorithms for classification, regression, etc. 

The other components of the Conceptual Framework which were created were of data storage 

and knowledge repository. These are the components where data is stored after collection and 

even after analysis. This is evidenced by section 4.3 and 4.4 of Chapter 4. The proposed 

Conceptual Framework was designed as shown in Figures 4.1 and 4.2. 
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Objective 4 

The fourth objective was to evaluate the conceptual framework through a political landscape 

case of Botswana. In demonstration and application of the Framework, data gathered from 

Facebook and Twitter was cleaned and made easy to understand through text-pre-processing 

and manual classification. Classification was done through Inductive Content Analysis. Data 

was manually classified through identification of similar patterns and themes. The themes 

were further collapsed into categories (See Appendix A-C).  Inductive Content analysis was 

evaluated with a 30 Usability based questionnaire which was guided by the “Usability” 

component of the ISO 9126 model (See Appendix D). The aspects which were evaluated on 

Usability are: Learnability, Ease of use, Perceived usefulness, Satisfaction and Flexibility. 

Each evaluation metric had five questions. The total for the positive responses of strongly 

agree and agree for the five questions of each metrics are as follows:   Learnability scored 

between 91.7 % and 100%. Ease of use scored between 95.8% and 100% with the exception 

of one question which asked if the overall process took a lot of time and majority mostly 

disagreed with 87.5 %.  Perceived ease of Use scored between 91.7% and 100%, Flexibility 

scored between 95.8% and 100% and Satisfaction scored between 95.8% and 100%.  

The finalised eight categories were used further to evaluate the performance of the 

computational methods (i.e., Naive Bayes, K-Nearest Neighbour, Decision Tree- C4.5 and 

Support Vector Machine,) in classifying the data. The metrics which measured the 

performance and accuracy of the models were applied. The scores for accuracy of the model 

performance in classifying the data correctly were: IBK and SMO classifiers with 94.6%, NB 

classifier with 82.8% and J48 classifier with 78% (As shown in Figure 5.3 in Chapter 5).Most 

of the evidence of this objective was presented in Chapter 5 and Appendix E. 

General Objective 

The main objective of this study was to develop a Conceptual Framework for mining and 

analysis of social media data by offering a generic approach to addressing the limitations of 

computational methods to social media data analysis.  This main objective was carried out 

through performing all the objectives of the study which have been mentioned above. A 

conceptual Framework was proposed and formulated as per objective 3 (Chapter 4). This 

Conceptual Framework was evaluated as per objective four in Chapter 5. In conclusion, the 

main objective has been achieved of developing and evaluating a Conceptual Framework. 
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6.3 CONCLUSION OF THE STUDY 

Based on the results of the metric evaluation of the models, performing content analysis 

through human intervention and interpretation helps to overcome the limitation of the 

computtional methods of undersntnding the in-depth meanings and semantics on data. 

Inductive Content Analysis which had been applied in the application case of the Framework 

helped with preparing data for classification experimentation carried throughout data 

modelling. The evaluation of the ICA as well as the data models yielded  positive outcomes, 

Hence, since these are some components of the Conceptual Framework, it could be extended 

to be the results of the Conceptual Framework. 

As a measure of caution, it should be noted that the accuracy and the performance of the 

Conceptual Framework depends on the type of data and the quality measures which include 

proper pre-processing steps such as noise removal, outliers detections, missing value 

handling and duplicates removal. If these quality measures are not adhered to, the accuracy 

and performance could be affected negatively. If the pre-processing steps are carried out well, 

the Framework will perform well and yield  better results which are acurate as revealed in our 

data modelling classification experiements.  It should also be noted that this study tested or 

evaluated the proposed Conceptual Framework with classification only but it can also be 

applied on other data mining tasks (e.g regression, clustering,etc). Therefore the application 

of this Framework will  depend  on the tasks a researcher will be addressing at that particular 

moment. This is the flexiblity aspect of this Conceptual Framework. It is not rigid and does 

not only provide one option or way of analysing data. It allows one to analyse the social 

media data in a systematic manner.  

6.4 LIMITATIONS AND FUTURE WORKS 

In conducting Inductive Content Analysis (qualitative content analysis), this study went only 

up to categories development. The content analysis did not go up to the last stage of theory 

development because that was outside the scope of this study. This was because this study 

required only the categories, so classification of data was made in order to deduce categories 

so that they got supplied to the algorithms in models implementation. Mostly qualitative 

content analysis also end up with some reports where meanings and interpretation coming out 

of data are discussed, supporting this with some direct quotations from the data. It has to be 

noted that this also was outside the study’s scope. As stated earlier on, the main aim of 

conducting Inductive Content Analysis was to manually classify the data through identifying 
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the patterns and themes and collapsing them into categories which were used to further 

classify data automatically through the implemented models through data mining algorithms. 

Another limitation which is worth noting is that, instead of evaluating the ICA only with 

questionnaires, it could have been triangulated with an interviews of the participants so as to 

get concrete results with certainty and assurance that the participants were being honest and 

not hiding anything. In addition, they could have also been observed unobtrusively to see 

how they were carrying out the ICA, because sometimes the participants alter their behaviour 

in the presence of the researcher to look good in their eyes. 

Recommendations for future works on the proposed Conceptual Framework could be adding 

another phase of data visualizations.  In the future researchers who would like to understand 

about the political landscape of Botswana can complete the Inductive Content Analysis which 

was carried out in this study. They could also build some political landscape theories after 

completion. 

In the future, the Framework could be demonstrated through other applications such as 

clustering, regression, etc. 

6.5 CHALLENGES 

One major challenge experienced was collecting data from individual user profiles from 

Facebook. Facebook does not give permission to collect information from individual user 

profiles. It only gives permission to collect information from public open groups and pages. It 

also does not allow information gathering from private closed groups, regardless of 

membership status. This posed a great challenge because more data is posted individually on 

personal accounts and the study needed more data.  
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b) Classification process through Support Vector Machine using SMO classifier
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c) Classification process through K-Nearest-Neighbour using IBK classifier
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d) Classification process through C4.5 Decision Tree using J48 classifier
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Figure 2: Illustration of removal of Duplicates and inconsistencies in the data set through application of RemoveDuplicates  Function 
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Figure 3: An illustration of dealing with outliers and extreme values through an InterquartileRange function 
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