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Abstract 

 

Data is created at an enormous pace from numerous sources targeting healthcare, business 

organizations, political and sociological scenarios, to name but a few. The full utilization of the 

wealth embedded into such data is at the heart of Data Science, which aims to identify, extract, 

and assess actionable information from data. In particular, investigating and enhancing data 

analysis of business organizations is likely to have a direct and tangible impact on the decision-

making process, which would subsequently allow more informed decisions. Thus, a deep 

understanding of how big organizations can make use of their social media data to generate 

planned and operational decisions has been reviewed. 

This research focuses on defining a novel data analytics approach, based on a model that 

combines sentiment analysis, emotion classification, and urgency detection to assess real-time 

data extracted from social media and other suitable data created within an organizational setting. 

This research clearly demonstrates how this approach enhances the current state-of-the-art 

methods and provides better insights into the workflow of business organizations. Furthermore, it 

also facilitates the discovery of actionable information from real time data that to enable an 

effective decision-making process, whilst enhancing informed decisions and identify insights 

during the process to address a non-technical audience. 
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Thesis Structure 

 

 

1.    Background and literature / Technology review  

  

2.    Automated approach to business organizations analytics 

 a.    Adverse Effects of social media  

   b.    Response to Adverse Effects   

  

3.    Algorithms – This chapter focuses on the methods by which a decision is made, the ability 

to correctly identify and present to a user the most desirable outcome.  

a.    Evaluation of the most appropriate theoretical approaches to identify and manage 

actionable information.  

b.    Implementation and validation of the algorithms designed to extract and assess 

decision models.  

c.    Integration of novel approaches with existent techniques to enhance the state-of-the-

art technology in the sector.  

  

4.    Design and creation of prototype 

       a.    Data-driven identification and evaluation of performance and usability  

       b.    Real-world validation carried out on actual Business Organizations  

       c.   Identification of Potential Product to be Marketed Professional 

 

5.       Conclusions and recommendations – The final chapter will combine the research with 

its outcomes, to ensure that the main objectives of the research are clearly met. Furthermore, it 

will provide recommendations for those interested in investigating the business decision making 

process, via an automated (machine learning) approach. 
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Introduction 

Business intelligence (BI) is the ability of a company to make meaningful use of data it collects 

in the course of its day-to-day business operations (Kimble & Milolidakis, 2015). This research 

will focus on the exploration, analysis, and evaluation of new data science approaches to enable 

a deep understanding of how big organizations make use of their data in order to generate 

planned and operational decisions. This project will investigate methods applied to business 

organizations to measure the experience of the employees’ workflow. There are numerous tools 

and parameters essential for evaluating the data, which fall into several categories such as data 

availability, data history, data usability, and data credibility. In addition, the current systems used 

by business companies for data collection must take into consideration data confidentiality and 

data quality. As social media began to develop and thus reach different countries around the 

world, more and more entities became more involved in including social media as part of their 

online communities, marketing campaigns, and discussion boards. One of the main types of 

institutes that have a crucial interest in these technologies are the higher education institutes 

who aspire for their students to become more dynamic learners in the most innovative ways 

possible (Hughes,2009). Throughout this work, social media will be examined to see how its 

community members interact using it. The aim is to explore the developing themes of 

discussions amongst online communities using a social media data sets available from Twitter 

or other social media platforms. It is important to monitor what topics and words are trending in 

high volume on the online communities and what requests, comments and suggestions are 

being reshared. Opinion mining and sentiment analysis will be studied and implemented as 

there is a need to attain the opinion or sentiment of the online community speakers as well as a 

need to track and monitor how they feel about specific topics related to the general businesses 

and their work. Many data analytics techniques will be compared on business organization data 

taking into consideration employees’ feedback regarding their work environment, their provided 

facilities and resources, their current employee status, and any problems they are facing during 

work. This will help to identify common patterns in the data, which can be utilized to make 

decisions for the next financial year on how to improve the workflow.  

In this work, the most appropriate data analytics methods for providing the most appropriate 

actionable information about business organizations have been reviewed and discussed. 

Numerous tools and parameters essential for evaluating the data have been taken into 

consideration. This work provided a novel data analytics approach through a learning model which 

can accommodate three current methods of sentiment analysis, emotion classification, and 
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urgency detection together into one. Data from business organizations which usually contains 

personal information was not disclosed. Using this novel approach, recommendations could be 

proposed on what requires to be addressed in the organizations in order for them to provide better 

services and benefits to their employees and clients. Finally, this new approach can be integrated 

with ERP systems to enhance their systems, so that the stakeholders can know the sentiments 

of their customers, and this could enhance the organizations’ workflows from a financial as well 

as a human resource point of view. 

In this novel work, a learning model was created which can adapt sentiment analysis, emotion 

classification, and urgency detection classifiers at the same time. This learning model was called 

Sentiment Urgency Emotion Detection (SUED) and was implemented as a union of the three 

classifiers (Soussan & Trovati, 2020 A). This custom model was created with the support of 

Monkey Learn API (Monkey Learn,2013) based on multiple classifiers and throughout this work, 

many enhancements of this model were shown. 
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Rationale 

This work will focus on the investigation, assessment and overview of Data Analytics approaches 

specifically addressing the workflows within business organizations. Many companies use social 

media in different ways that benefit their business, such as advertising their products and 

services, as well as strengthening relationships with their customers. This work will identify and 

analyse relevant discussion topics and themes shared amongst business entities’ online 

communities. This is motivated by the fact that large amount of unstructured data can be found 

on companies’ social media platforms such as marketing promotions, customer feedback, 

enquiries, and suggestions. Subsequently, via different techniques and methods in text mining, 

social network analysis and sentiment analysis, suitable information structures can be identified 

for further analysis. This would include trend analysis of any relevant topics and themes, which 

frequently occur on the businesses’ online communities leading to the discovery of actionable 

knowledge, which may be utilized to facilitate suitable decision-making procedures, whilst 

assessing and predicting their likely outcomes and impact on the different companies. 
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Research Objectives 

The research objectives to be investigated are summarized below. 

1. To discover the most appropriate data analytics methods for providing the most 

appropriate actionable information about business organizations. The data analysis 

process must provide significant outcomes which could influence employees’ work 

experience. To achieve this, social platforms, specialized websites, and academic 

literature will be used to generate unstructured qualitative data. 

2. To improve current data analytics methodologies performed on previous business 

organization data sets. There are current data analytics methods which consider several 

parameters and have proved to be affective in decision making. One objective from this 

research is to refine these parameters and enhance the current state-of-the-art methods 

to provide better insights into the workflow of such organizations. The results of the 

updated data analytics methods will be compared to the current available ones in 

literature to investigate the accuracy and correctness of the results. 

3. To examine data confidentiality for business organizations. Data from these 

organizations usually contain personal information that should not be disclosed. The 

data analytics tools investigated should be able to find patterns between the data sets 

without allowing this data to be breached by any unauthorized personal. Thus, any 

suggested data analytics tools should follow appropriate rules and regulations that 

ensure recommendations on improving employees’ workflow is reached without 

jeopardizing the security of the data.  

4. To develop novel methodologies to investigate and assess the employees’ experience at 

their corresponding workplaces. Evaluating and processing data will provide results 

which might be recommendations on what requires to be addressed in the organizations 

in order for them to provide better services and benefits to their employees. 

Furthermore, managements of these organizations may potentially utilize the outcomes 

of this research to address issues, which are likely to negatively affect the employees. 

5. To assess how the new enterprise resource planning systems (ERP) can help in 

accelerating data analytics for business organizations. Most businesses are shifting 

towards ERP systems because they can facilitate the management of their resources in 

the most optimal way. The data reports that these systems provide can be integrated 

with data analytics methods to enhance the organization of the workflow of the 

companies from a financial as well as a human resource point of view.  
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1.    Background and literature / Technology review  

 
In this section, background and literature review related to social media and its importance has 
been discussed. Moreover, different data mining classes and techniques have been revised 

 

1.1 Social Media 

 

Microblogging websites have become completely recognized and essential over the last few 

years. They are considered a main source of communication amongst users surfing the Internet 

online. Opinions about life, politics, and work are being shared every day on these websites. Thus, 

these websites are regarded to be a great source of data, which can be of great benefit (Pak and 

Paroubek, 2010). Examples of huge microblogging websites are Facebook, LinkedIn, and Twitter.  

Social media is categorized as a group of online platforms, websites, or applications that permit 

users to interact, interconnect, cooperate, and discuss points of views and information (Doyle, 

2010) (Holotescu & Grosseck, 2015) (Zeng et al., 2012). These websites have witnessed a 

significant amount of development over the past few years. Moreover, social media websites have 

developed to result as a source of information since people can post real time posts concerning 

their opinions on topics and present issues or display negative comments or complaints (Agarwal 

et al., 2011).  

Throughout this section, relevant work related to social media and its effect with a specific focus 

on Twitter. 

 

1.1 Social Media and Its importance 

 

There may be some discrepancies between the understanding of Web 2.0 and Social Media, as 

some may consider them to be the same.  In fact, there is a difference between them as Web 2.0 

is considered to be an infrastructure that allows collaboration and a shared exchange of beliefs 

(O’Reilly, 2007) that permits the formation, circulation, and swap of content, which is the social 

phenomenon by itself. This social phenomenon then became the social media (Berthon et al., 

2012).  
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The concept of social media is so complex that it was defined in various literatures in many ways. 

It is considered as the clearest, appealing, and collaborative shift in education (Malita, 2011). It 

was described as applications built on Web 2.0 foundations, allowing the generation of user 

content, and exchanging it (Campbell, 2010). Therefore, it helps convert internet users from just 

being readers to being participators, by permitting them to produce content and communicate 

online to form private and business relationships (Holotescu & Grosseck, 2015). It is also 

regarded as “a give-to-get environment” because online communication is based on content swap 

(Uzelac, 2011). Social media can also be regarded as a two- platform where users can share and 

discuss information (Johnston, 2011). In addition, other literature describes it as a source of novel 

and evolving online data that is formed, introduced, distributed, and used by users who have the 

purpose of teaching each other about merchandises, trademarks, facilities, qualities, and 

problems (Blackshaw & Nazzaro, 2006).  

Essentially, the platforms of social media were created to connect individuals together and not 

companies, since it was not intended to be a marketing platform (Piskorski, 2011) (Bottles & 

Sherlock, 2011). However, in recent years, social media started to be used for social media 

marketing and this changed. The importance of social media can be highlighted through its effect 

on companies, institutes, or firms and how their users utilize it. It enables their users to connect 

and to expand their marketing opportunities through a growth of communication. The 

democratization of information has permitted companies to communicate with customers and for 

customers to communicate with each other making this model a “two-way” communication model 

(Markos-Kujbus & Gati, 2013). In addition, institutes can listen and reply to their customers, 

motivating them to help each other and cooperate to improve their services and products (Stokes, 

2015). Amongst the institutes that have adapted the use of social media, many higher education 

institutes are implementing this information system (Campbell, 2010). Universities and colleges 

worldwide are shifting from old fashioned learning techniques to learning 2.0 including techniques 

that adopt different types of social media technology (Grosseck & Holotescu, 2011). The social 

media tools need to be inserted into the academic work social atmospheres correspondingly with 

the education requirements, proficiency, and capabilities of students (Schaffert & Ebner, 2010) 

(Wheeler, 2010). It would be beneficial to understand the precise qualities of the spectators of 

these platforms and the tools that they use to reach appropriate values of academic atmospheres 

(Holotescu & Grosseck, 2015). 
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1.1.2 Student Engagement through Social Media 

 

Technologies used for communication have developed quite well over the last couple of years. 

These technologies have influenced the introduction of social media into academic processes 

(Tarantino, 2013). Social networks have shifted from their initial purpose to be part of the 

education learning (Conole & Alevizou, 2010) (Badge et al., 2012). Students that use these 

technologies for academic purposes have showed to have more probability of being involved in 

intellectual activities with other students (Laird et al., 2005). This involvement shows that backing 

up engagement with technology helps academic engagement develop leading to strong bond 

between students, instructors, and course material (Mehdinezhad, 2011).  

Further literature stated social interactions online affect the learning outcomes of university 

students (Yu et al., 2010).  The time of different activities spent on Facebook can be positively or 

negatively anticipating, or both for student engagement (Junco, 2012). In addition, students create 

a virtual community for learning where their global learning enhances and their network of peers 

expands (Laird et al., 2005) (Yu et al., 2010). Also, these peer networks helped students who get 

intimidated from participating in discussions in class to participate more (Junco et al., 2011). 

Social media users who are students as well feel they are emotionally linked to their peers more 

as they feel the need to talk to people if they need assistance or if they are in a dilemma (Tomai 

et al., 2010). Users who use the social network frequently contributed more to campus societies 

than less frequent users assuring a good relationship between social media and higher education 

student engagement (Junco, 2011) (Junco et al., 2011). Moreover, frequent social media users 

have stated that their interaction with their friends have become on a daily basis, and they felt 

more connected with them (Hurtado, 2007). The social media tools help in nurturing the 

relationship between instructors and students which establishes a great knowledge acquiring 

atmosphere (Mazer et al., 2007).  

In addition, some studies showed that students at college who use online voting polls were more 

expected to response to math course questions (King & Robinson, 2009). Studies also showed 

that students who learned genetics theories through informative games were more involved in 

their study than control groups (Annetta et al., 2009). Another study also found an important 

association between student engagement and technologies used for learning (Chen et al., 2010). 
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This social environment was able to help students to develop their experimental education 

background, to enhance their ability to multitask, and to make them reliant on social media 

allowing them to adapt technology into a teamwork principle (Bennett et al., 2008). Some authors 

claimed that it is the tutors’ duty to come up with methods to include social media in their teaching 

rooms (Fewkes & McCabe, 2012). Including it in these rooms can associate the diversity by 

creating for students a neutral zone to communicate with each other (Junco et al., 2011) 

(Mehdinezhad, 2011). Tutors can also increase their students’ ingenuity skills through social 

media by pushing them to discover course material using new techniques (Frye et al., 2010) 

(Lamb & Johnson, 2010). As a result, students will have access to tools such as “podcasts, online 

blogs, and YouTube” where they can establish genuine innovative products (Frye et al., 2010) 

(Lamb & Johnson, 2010).  

 

1.1.3 Employee Engagement through Social Media 

 

Social Media has unfolded new potentials for organizations to involve their stakeholders by 

permitting them to transfer data and obtain instantaneous feedback from diverse stakeholders. A 

lot of researchers have done research on Twitter’s effect, in particular on organizations (Lovejoy 

et al., 2012). A study performed in 2009 on five hundred Fortune companies to see whether their 

Twitter account can be classified as active, pending their accounts were updated in the last thirty 

days. The results of the study showed that out of the five hundred companies, only 35% of them 

had accounts classified as active and only 24% of them replied to their accounts’ followers with 

new updated Tweets being posted on their accounts (Barnes, 2010).  Another study investigated 

the prime concerns in the use of Twitter between institutions and their classical single users. The 

study showed that the Twitter account for an organization was used for a mixture of client 

testaments, dissatisfaction, replies to any enquiries or complaints, and questions and answers 

(Jansen et al., 2009).  It was also seen that firms were unlikely to post any type of “me now” tweets 

on their Twitter accounts but were more probable to post informative posts that encourage 

followers to be involved with online conversation. Therefore, this study showed that Twitter can 

be considered a good means for client relationship administration even if the firms were not using 

Twitter for this reason (Jansen et al., 2009).   
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Organizations often use Twitter to broadcast messages through announcements. Another 

research was also done on five hundred Fortune companies but only took 93 active companies 

as a sample for comprehending the interaction characteristics of Twitter and the public groups 

targeted (Rybalko & Seltzer, 2010). The research result from examining their tweets showed that 

the percentage of replies to posts from users was 60.2%, the percentage of sharing important 

data about the company was 58.1%, and the percentage of making enquiries was 30.1%. The 

results also showed that the tweets targeted for all followers in general was 74.5% and was 

greater than the tweets for specific users, which was 0.9% (Rybalko & Seltzer, 2010). 

Twitter showed progress use by news institutions to obtain updates in case of crisis and natural 

disasters (Veil et al., 2012). These institutions have used Twitter messaging to spread updates to 

stakeholders (Jansen et al., 2009). There are many companies that implement Twitter for their 

marketing campaigns and make sure that their followers are always updated on any company 

merchandises and occasions (Evans, 2012). Another research was performed to recognize how 

firms communicate with their employees over Twitter. 5245 business accounts from these firms 

were taken into consideration for the study during which 1000 tweets were examined and 

classified according to five classes. The classes were happiness with some reference, specific 

engagement, alerts about products, broadcasts, and engagement. The broadcasts class was 

divided into two classes itself, which are deals and events. The deal class showed that it was of 

95% positive predictive value and 93% sensitivity, while the events class showed that it was of 

96% positive predictive value and 97% sensitivity (Popescu & Jain, 2011). 

Another piece of work was done on categorization of tweets. 684 users were taken into 

consideration where 5704 tweets were extracted from them to be examined to extract 8 personal 

and corporate characteristics and extract 7 characteristics from the content of Tweets. The use 

of these characteristics was to train models to divide tweets into five classes, which are newscast, 

views, deals, occasions, and private messages. The results of these experiments show that 

setting characteristics can give remarkably improved accuracy of 32.1% than the characteristics 

of the “bag of word” (Sriram et al., 2010). 

Another study was completed on non-profit firms from the list of “Non-profit Times 100” to see if 

they can benefit from the tools provided by Twitter. 73 non-profit firms were considered where 

4655 tweets were analysed to check for “hashtags,” “retweets”, and “following” that these firms 

use to contact their stakeholders. The result of this study shows the bigger portion of these firms 

use Twitter as broadcast communication tool, which opposes the business world having the firms 
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that were categorized as dialogic to be 61% (Lovejoy et al., 2012). Some companies use Twitter 

to apply monological stakeholder data policy where they do not take into thought whether the 

stakeholders approve with the actions or posts put on Twitter (Morsing & Schultz, 2006) (Meisling, 

2014). The examination performed on tweets of companies showed that collaborative variables 

were not utilized in any means and the replies from the followers were not high. The Twitter 

accounts of some of these companies were tuned to send tweets automatically without the need 

for them to be administered frequently as if they were a one-way interaction to look like issued 

reports (Meisling, 2014). 

 

1.1.4 Twitter as a Communications Medium  

 

One of the most popular and most used social media websites these days is Twitter, which was 

developed by Obvious Corporation in 2006 (Grosseck & Holotescu, 2008). It was defined as an 

online social network that allows millions of individuals to stay in touch with their family, friends, 

and colleagues from different countries around the world by using their mobile phones and 

computers (Huberman et al., 2008). It is considered as a platform that permits users to 

communicate with each other by creating connections between them (Sultana et al., 2016). 

Twitter can be used in many ways. It holds a huge amount of text posts and is developing each 

day to include more and more posts. Twitter users vary from random users to statesmen, 

company agents, famous stars, and presidents, which means Twitter posts from different social 

and interest groups can be collected. They can be users from different countries speaking 

different languages (Pak & Paroubek, 2010). Twitter’s use is encouraged by Twitter users 

themselves with no restrictions where interaction and associations are created. Online content is 

produced and spread at a remarkable speed and can reach large scales (Ricoy & Feliz, 2016). 

Users are able to talk to each other, ask themselves enquiries, ask for help, guidance, and 

authenticate open-ended clarifications or thoughts by debating with others (Grosseck & 

Holotescu, 2008).   

From 500 million accounts recorded in Twitter in July 2012, 140 million users were active (Tran., 

2012). The number of registered users on Twitter who are active has reached 5.5 billion users 

with 135,000 users joining the Twitter network each day (Sultana et al., 2016). The users of Twitter 

can follow other users or can be followed, and they can follow users without them being followed 
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back in return. With contrast to other social media websites like “MySpace” or “Facebook”, there 

is no reciprocation needed for following users or being followed by users (Kwak et al., 2010). All 

the messages that a user posts on his/her twitter account are called tweets, and once a user 

follows another user, this means he/she will receive all his/her messages (Kwak et al., 2010). This 

following social connection can be also known as subscribing to a user’s `tweet stream (Tran., 

2012). The number of tweets that was being posted reached around 58 million tweets a day 

(Sultana et al., 2016). Tweets are constrained to 140 characters of length per post which means 

that users have to express any message as brief as possible (Java et al., 2007) (Kwak et al., 

2010) (Sultana et al., 2016) (Tran., 2012). Replying to tweets has developed to a clear set of rules 

with symbols. To retweet means to share a message that another user has posted. When a user 

sends a tweet, his/her message is like a broadcast message to all the people who follow that 

specific user whereas a retweet is considered as a reply to one specific user (Sultana et al., 2016). 

The symbol for retweeting is “RT”. The tweet has the “@” symbol where a user can send a direct 

message to another user by using it followed by an identifier address or username (Kwak et al., 

2010) (Tran., 2012). The hashtag is symbolized by the “#” sign that precedes a word and this 

designates a categorized subject. If users want to send messages to reach more people than just 

their Twitter followers, the retweet procedure will help them reach that target (Kwak et al., 2010).  

By combining individual publishing and communication, Twitter was able to create a new a new 

kind of instantaneous publishing (Grosseck & Holotescu, 2008). Academics utilize data from 

Twitter to back up the surveying procedures. Tweets from different whereabouts were observed 

to evaluate viewing rates for TV programs. It is a tremendous tool to make news spread. It has 

topological features and cable of sharing data (Kwak et al., 2010).  

Some studies were done on Twitter data to study connections between Twitter users, the 

followers for a user with respect to the number of tweets, tweet material, reciprocity, and its 

content. These studies show that Twitter can be thought of as a data circulating medium more 

than the social network because of its small reciprocity supposing that connecting to other users 

by following them is like subscribing to view their tweets (Tran., 2012). Another study was 

performed to explore the difference in content between Edinburgh Twitter Corpus as a social 

media and New York Times as old-fashioned news media between November 2009 and February 

2010 using theme, theme category, and theme type (Zhao et al., 2011). Topic discovery was done 

by Latent Dirichlet Allocation in the New York Times and was done by Twitter- Latent Dirichlet 

Allocation using background words, themes available in Twitter, and user themes. Theme 

categories in New York Times were assessed based on the article’s group labels while in Twitter, 
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the theme categories are assessed based on the resemblance between the themes of both 

through Jensen–Shannon divergence (Zhao et al., 2011) (Tran., 2012). The results of the 

experiments done on themes such as long-established, entity driven, and event-driven show that 

both kinds of media reach the same variety of theme categories with contrasting allocations of 

theme categories and theme types. Results also show that Twitter emphasizes more on private 

life, star life, products, and modern society that old-fashioned media do not include. Results also 

show that Twitter users prefer retweeting about themes and events happening in the world more 

than tweeting about the topics and events themselves. All these results from this work encourage 

exploring the Twitter users’ behaviours more (Zhao et al., 2011) (Tran., 2012). 

 

1.1.5 Twitter Use in Education Institutes 

 

Previous research has been done on business organisations such as educational institutes to 

measure their use for Twitter platform. Moreover, many researchers have worked on studying 

Twitter’s effect on student engagement. Twitter was used for many learning significant activities 

(Chickering & Ehrmann, 1996) (Pascarella & Terenzini, 2005) (Hurtado, 2007) (Heiberger & 

Harper, 2008) (Kuh, 2009). For instance, students from a first-year seminar used Twitter to carry 

on the conversations that they began in class as they only had meetings once a week. Students 

often have a problem dealing with stress. Students who are shy to enquire what they do not 

understand in class are usually first year students and/or quiet students (Junco et al., 2011). 

Twitter’s online interaction has less psychological obstacles, which helps these students feel more 

relaxed and secure (Kruger et al., 2005). Twitter was also used for class reminders. Students who 

were registered to the same courses used Twitter feeds to remind each other about coursework 

deadlines and dates for exams (Junco et al., 2011). Thus, tweeting about learning inside and 

outside class is part of classroom community (Grosseck & Holotescu, 2008). Tweet reminders 

were also scheduled from the beginning of a semester to remind students to join events on 

campus, talk sessions, volunteer prospects, and concerts (Junco et al., 2011). Twitter has also 

helped offer academic and individual assistance for students. Tutor centres offered tutoring 

sessions for academic improvement occasionally or based on requests by students. Some 

students who also felt tension and anxiety about tests were also provided assistance. The location 

and time for these sessions were posted on Twitter (Junco et al., 2011). Twitter also supports in 

discovering cooperative writing: It encourages writing as an entertaining task to do, improves 
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editing skills and advances learning skills (Grosseck & Holotescu, 2008). Students were able to 

connect with their teachers and with each other with the help of Twitter. Furthermore, 

communication between students and faculty members have shown to be a National Survey of 

Student Engagement aspect related to the success of students. (Kuh 2001). The planned 

formation of cohort based educational communities is vital in guaranteeing student determination 

(Keup, 2005). Students can enquire about course material and discuss interpretations during 

engagement in classwork. In addition, it can offer chances to debate different kinds of 

asynchronous virtual dialog such as taking into concern opinions, purpose, spectators, organizing 

thoughts, replying, sending comments, sorting meetups, and unanticipated discovery (Grosseck 

& Holotescu, 2008). Moreover, Twitter was helpful in formulating assistance education projects. 

The students were asked to take part of an educational volunteer assistance opportunity as a 

section of their course thus, they organised intervals for volunteering between each other using 

Twitter feeds. Students also arranged study groups for their difficult courses using Twitter feeds 

(Junco et al., 2011). Therefore, Twitter can support in project management since group members 

are able to pick up Tweets related to the project using their mobile phones. When students 

perform research and reach real-world illustrations of what they are learning in class, they can 

post phone-tweets that help in partnerships between schools of different countries (Grosseck & 

Holotescu, 2008). An experiment was done on two group of students to monitor their GPA for one 

semester as a function of whether they use Twitter or not. The experimental results show that the 

group that used Twitter displayed a higher GPA with an important escalation in engagement than 

the group that did not use Twitter (Junco et al., 2011). Twitter was considered an evaluating tool 

for opinion, investigating consensus, and searching for novel concepts. It can be utilized in an 

academic environment to include communication between students about certain themes. It is 

also a platform for awareness and understanding of thoughts, and the exercise of visualizing 

learning which can benefit students’ knowledge (Grosseck & Holotescu, 2008). Moreover, some 

research showed that when instructors encouraged students, the students were able to show their 

prospects of achievement with eagerness for an education community and increased 

collaboration (Ricoy & Feliz, 2016). When workshops are being held in conferences, Twitter can 

help the conference members, whether attending or not attending, share opinions about specific 

topics and events with others. Through Twitter they can organize events, provide feedbacks, and 

promptly emphasize on any resources that might be needed (Grosseck & Holotescu, 2008). In 

other research, Twitter helped students expand their critical decision-making capabilities through 

the growth in the number of advice and comments to other students’ proclamations. It also 

improves examining data and selection skills and improves their teamwork and communication 
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skills with other students through tweeting and replying back through retweets (Ricoy & Feliz, 

2016). Another work as well was done to explore the developing themes of discussions amongst 

University of Derby’s online communities through Twitter (Soussan & Trovati, 2019). That 

research showed that most of the posts by students or the university occurred just before the start 

of a new academic year. That work suggested that there be more activity on university account(s) 

during other months of the year to encourage students to be more involved with their university 

such as event discussions, suggestion posts, promoting courses, and organizing meetings 

(Soussan & Trovati, 2019). 

 

1.2 Data Mining 

 

Based on what has been reviewed in previous subsections of section 1.1, the importance of 

Twitter as a mean of online communication has been highlighted. It was clear that there is a 

significance of its use in organizations and in student engagement in institutes. In this section, 

different techniques of data mining will be discussed so that one or more mining techniques may 

be implemented in the methodology according to the type of datasets that are going to be 

implemented.   

 

The up-to-date technology of PCs, webs, and devices has resulted in data gathering as a 

somewhat simple job. Therefore, data is being extracted and saved at a remarkable speed.  Still, 

the extracted data requires to be transformed into information, and facts need to be put into good 

use. Usually, analysts have taken the job of finding information and learning facts from logged 

data, but due to the data’s rise in capacity in manufacturing and commercial firms, there was a 

need for computer techniques for this assignment (Braha, 2013).  These kinds of techniques have 

been referred to as data mining techniques and the whole procedure of performing computer 

approach is defined as “knowledge discovery”. The data mining perspective does not enforce any 

constraint on the nature of the basic computer data examination techniques. This is the 

perspective that is detained by the biggest portion of vendors of data mining merchandises.  
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Still, some individuals, mainly those who are part of the artificial intelligence society, have come 

up with a more precise explanation for data mining. Based on their viewpoint, the basic computer 

data examination techniques must be founded using one or more components of artificial 

intelligence such as pattern recognition, neural networks, and machine learning to be eligible to 

be called a data mining technique (Braha, 2013). Data Mining is defined as the method of 

determining fascinating patterns and information from big quantities of data.  The source of these 

quantities of data can include data files, folders, records, data stocks, information sources, and 

data flowing into the system doing the analysis actively (Han et al., 2011). It has been predicted 

that every twenty months, the quantity of data kept in the world’s databanks doubles in size. 

Although it was hard to explain this number quantitatively, the rate of development can be linked 

qualitatively (Witten et al., 2011). It is also known as taking out unseen analytical information from 

big archives using great innovative equipment with a prodigious future to support firms’ emphasis 

on the most significant information in their data storage archives.  Data mining methods expect 

upcoming trends and manners, permitting industries to perform dedicated, knowledge-driven 

choices (Patel & Donga, 2015). The prospective evaluation obtained by these methods expands 

outside the evaluation of events in the past to be also delivered by reflective techniques used in 

decision support structures. These techniques can give some responses to commercial questions 

that have usually taken a lot of time to be resolved. In addition, they search data for secret patterns 

to try to reach analytical information that experts may have not noticed since it might have not 

been within their expectations (Patel & Donga, 2015).  

 

Data mining was also defined as an applied topic and includes the knowledge in a practical non-

theoretical way. This involves searching data for essential patterns as a device for assisting to 

clarify that data and create assumptions from it. The data that is being interpreted can be in the 

shape of instances of clients who have switched their loyalty to a certain product or brand (Witten 

et al., 2005). The data in the output will take the shape of assumptions about whether the client 

will switch loyalty to products or brands or what conditions accompanied the client when the loyalty 

switch was made (Witten et al., 2005). When discovering these patterns, the output can also be 

a definitive explanation of the assembly that can be utilized to categorise unknown instances. It 

reveals a clear illustration of the knowledge that is learned through the procurement of knowledge 

and having the capability to put it into good use (Witten et al., 2011). 
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1.2.1 Data Mining Classes 

 

Data mining has been categorized into six classes of tasks below (Fayyad et al., 1996) (Patel & 

Donga, 2015). A brief background will be given on each class. 

1.2.1.1 Anomaly Detection 

 

Anomaly detection is defined as the method of searching data for patterns that do not adapt 

predictable behaviour. Those unusual patterns are usually denoted to as anomalies, deviations, 

conflicting observations, exclusions, abnormalities, wonders, particularities, or foreign matters in 

different application domains (Chandola et al., 2009). This method recognises questionable and 

infrequent events. The standard technique for this method is to evaluate a detailed explanation of 

regular data. Each novel instance is collected and compared with a normal model and an 

abnormality total value is evaluated. The abnormality total value defines the abnormalities of the 

novel instance in comparison to the regular instance of the data. If the potential conflicting 

observation surpasses a predefined level, the instance is looked at as an outlier and treated as 

such (Markou & Singh, 2003) (Chandola et al., 2009). The most frequent terms that are used for 

that method are anomalies and outliers. This method discovers major usage in a big selection of 

operations such as credit card fraud discovery, maintenance or improvement of health, malicious 

activities detection for IT security, error discovery in protection security systems, and army 

observation for enemy actions (Chandola et al., 2009). The significance of this method is that 

outliers in data convert to important critical practical information in a broad scale of application 

areas. An example of anomaly detection is irregular data traffic in a system of networks, which 

might indicate that an unauthorized sender on a computer is sending out important data to an 

unapproved receiver (Kumar, 2005). Inconsistencies in credit card payment data may point out 

that a fraudulent acquisition of one’s credit card information took place (Aleskerov et al., 1997). 

Another example is vehicles that are designed to fly in outer space, which can have sensors with 

abnormal readings that can indicate that there is an error in one of the components of these 

vehicles (Fujimaki et al., 2005). This method can be categorised into three categories which are 

unsupervised anomaly detection, supervised anomaly detection, and semi-supervised anomaly 
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detection. The unsupervised anomaly detection seeks to figure out which portions of a group or 

document is mostly abnormal towards the remaining group. An example is if a group of stories 

had one imaginary story, this imaginary story would be looked as abnormal, since its story 

language is abnormal with respect to the rest of the group of stories. There is no previous 

awareness in this example of what is “normal”, however, since the stories were switched to 

fictional, the imaginary story was the outlier since it has a small occurrence (Guthrie et al., 2007). 

The supervised anomaly detection managed in a monitored environment takes into consideration 

both normal and outlier class in the instances of a dataset being trained. This is performed through 

building an analytical model where any data instance that is hidden is compared to the model for 

both classes. This technique takes two issues into consideration which are the outlier instances 

which are a lot less than normal instances and finding precise and descriptive labs which is a bit 

challenging specially for the outlier class (Chandola et al., 2009). The semi-supervised anomaly 

takes into consideration only the normal class in the instances of the dataset being trained. It is 

more relevant than the supervised one due to the absence of outlier class (Chandola et al., 2009). 

An example of this is error discovery in space vehicles where the outlier situation would indicate 

an accident (Fujimaki et al., 2005). 

 

1.2.1.2 Association Rules 

 

Association rules was introduced in 1993 (Agrawal et al.,1993). It is a data mining tool whose 

purpose is to find attention-grabbing associations, recurrent patterns, relations, or casual 

arrangements among sets of objects in business data storage archives or other data sources that 

might contain them. These rules are broadly used in several regions such as communication 

systems, institution and risk handling and supply control (Kotsiantis & Kanellopoulos, 2006). 

Frequent patterns are patterns that take place recurrently in data sets. There are three kinds of 

these recurrent patterns. A frequent item set classically denotes a group of items that frequently 

act together in a business dataset. An example of this is items from supermarkets that are usually 

bought together by many clients such as milk and bread. A frequent subsequence refers to the 

frequent consecutive order that clients tend to purchase items. An example on this recurring 

consecutive pattern is when clients buy a notebook followed by digital camera and finally a 

memory card. A recurring substructure represents various structures that could join item sets and 

subsequences such as mesh, diagrams, and trees. Therefore, mining these recurring patterns 

leads to the detection of attention-grabbing associations and connections in data (Han et al. 
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2011). The association rules technique involves finding the rules that fulfil the lowest maintenance 

established in advance and assurance from a particular data storage system. The association 

rules can be divided into two parts. The first one is to discover recurrent or big item sets with 

existences that go beyond a level assigned in advance in the database. The second part is to 

produce rules from these big item sets with the restrictions of slight confidence (Kotsiantis & 

Kanellopoulos, 2006).  

 

1.2.1.3 Clustering 

 

Clustering is the procedure of dividing the data into categories or clusters so that items within a 

category have high resemblance with respect to each other, but they are very different to items in 

another category (Peterson, J.D., 2002). It was also referred to as the process of separating a 

group of data entities into subgroups. Every subgroup is regarded as a cluster if the entities in the 

cluster are alike and at the same time are different from entities in other clusters (Han et al. 2011). 

Clustering may be utilized to acquire information from a dataset or utilized as a data mining 

method that precedes classification. When clustering is being used, two concerns are taken into 

consideration, which are scalability and accuracy (Peterson, J.D., 2002).  In some applications, 

clustering is also referred to data segmentation since it splits big data sets into clusters pending 

there is resemblance between the data sets in every cluster (Han et al. 2011). In addition, 

clustering was known to be the action combining data items that are alike into clusters. These 

groups or clusters must reveal some tool in the area from which data instances are extracted. 

This tool makes some instances to tolerate more likeness to one another than they will do to the 

rest of the instances (Fung, 2001). It is the clustering algorithm aim to perform the dividing into 

clusters, so that the users will not need to perform this. Clustering is beneficial in helping in 

detecting formerly unidentified clusters in the data. A lot of applications have used clustering, such 

as security, business intelligence, searching the net, pattern detection in pictures, and biology 

applications (Han et al. 2011). In business intelligence, clients with features alike are divided into 

groups in an organized way. This enables the growth of business plans for improved customer 

relationship administration. If a consulting firm has a lot of projects, it can improve its project 

managing through dividing the projects into groups according to the resemblance between them. 

This will help in performing project review and analysis more effectively (Han et al. 2011). 

Clustering when used as a data mining technique can be an individual tool in order to attain a 
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vision on the spreading of data, to detect the features of each group, and to emphasize on specific 

clusters for additional study. On the other hand, it can act as a pre-processing stage preceding 

other algorithms (Han et al. 2011). 

 

1.2.1.4 Classification 

 

Classification is a data mining technique involving data examination, which takes out models that 

define essential data classes. These models are referred to as classifiers and try to find distinct 

randomly ordered class labels. Applications for classification techniques include pattern detection, 

statistics, and computational learning (Han et al., 2011). Its purpose is to construct a model to 

estimate upcoming customer actions through categorising database archives into some classes 

according to specific standards (Ngai et al., 2009). Classification implements a group of examples 

previously classified to come up with a model that can categorize the group of records at large 

(Bharati & Ramageri, 2010). Applications initially for this technique took into consideration data 

sets with small capacity. However, through research, the techniques improved to include better 

broad classification and prediction methods that can manage big volumes of disk data. Other 

applications of classification are scam discovery, optimization calculation, health diagnosis, 

industry, and market targeting (Han et al. 2011). Applications of scam discovery mainly 

appropriately fit to this kind of analysis. This method regularly implements classification methods 

such as neural networks and decision trees. The data classification procedure is divided into two 

stages. The first stage is the learning step where a classification model is created. The second 

stage is the classification stage, where the data class labels are evaluated using the model 

(Bharati & Ramageri, 2010) (Han et al. 2011).  Test data are used to evaluate the precision of the 

classification principles. If the precision is tolerable, the principles can be practical to the novel 

data tuples. For discovering frauds, broad records of both fake and true actions are included, and 

these actions are reached on a record-by-record foundation. The previously classified examples 

are utilized by the classifier training method to find the group of factors needed for correct 

discrimination. The method then implements these factors into a model, which is defined as a 

classifier (Bharati & Ramageri, 2010).  
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1.2.1.5 Regression 

 

While classification has been seen as trying to find distinct randomly ordered class labels, 

functions with constant values have been modelled by the regression technique. Instead of finding 

distinct class labels, it is used to find absent and unattainable numerical data values (Han et al., 

2011). It is a type of statistical approximation method that can be implemented to trace a link from 

every data object to a real value providing estimation value (Ngai et al., 2009). Regression is also 

defined as the aim to comprehend as much as possible with the obtainable data and how the 

provisional circulation of some response differs through subsets of populations found by the 

predictor or predictors’ potential values (Maimon & Rokach, 2005). It is a statistical method for 

exploring the relations amongst variables. The person investigating, attempts to discover the 

variable interdependencies amongst each other. An example of this is the consequence of the 

rising of prices on demand or the variations in money resources’ outcome on the price increases. 

To be able to further analyse these issues, the person investigating collects data on the attention-

grabbing fundamental variables and implements regression to evaluate the variables’ quantifiable 

effect on the variable they are impacting. The individual inspecting can naturally evaluate the 

statistical implication of the estimated associations, which is the degree of assurance of the 

closeness between true and estimated relationship (Sykes, 1993). In regression, there is no 

prerequisite for a model to exist by which the data were required to be produced. There is also no 

requirement to discuss cause and effect. Moreover, there is no requirement to carry out statistical 

examinations or build confidence periods. The supplements of regression are building-up of a 

model, which are combined with casual and statistical interpretation (Maimon & Rokach, 2005). 

Regression analysis is a numerical technique that is frequently used for numeric predictions even 

though other techniques are also available. Regression also involves the recognition of 

distribution according to the data existing (Han et al., 2011). Regression method can be 

implemented for prediction. To model the association between independent and dependent 

variables, regression analysis can be implemented. While trying to solve data mining problems, 

the elements previously known are the independent variables, while the ones to be found are the 

response ones. When faced with real world problems, not all of them are prediction (Bharati & 

Ramageri, 2010). Some of the applications that use regression are modelling of fundamental 

relations and constructing curves with restrictions that fit data points in the greatest way possible. 

Other applications include trying methodical hypotheses about associations amongst variables 

and prediction, which contains forecasting (Ngai et al., 2009). Problems like size of sales, values 
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of stock, and degrees of merchandise failure are all extremely hard to predict since they rely on 

complicated relations of numerous predictor variables. Thus, there is a need for further 

complicated methods to estimate upcoming values such as neural networks, logistic regression, 

and decision trees. The classification and regression trees known as “CART” can be used to try 

to find constant response variables (Bharati & Ramageri, 2010). In the area of economic statistics 

known as “econometrics”, regression methods have been vital. In addition, they have become 

significant to lawyers and legitimate policy producers (Sykes, 1993). 

 

 

1.2.1.6 Summarization 

 

Summarization is an important data mining technique that includes methods for discovering a 

compressed portrayal of a dataset. Simple techniques of summarization such as mean tabulate 

and standard deviation tabulate can be practical for investigation of data, data view, and automatic 

report creation. It can also be regarded as reducing a small group of transactions into a smaller 

group of patterns while keeping the largest potential information. A small summary for a group of 

transactions is itself. There is no compression, and the loss of information is nothing (Chandola 

& Kumar, 2007). Summarization is also known to be data simplification and data generalisation. 

It is known to be a group of task applicable data that is shortened and abstracted to give a reduced 

group that has an overall summary of the data and frequently with accumulating information. An 

application on this technique is when customer analysis is requested for some long-distance calls. 

These calls can be briefed into overall calls, overall minutes, and entire spending. The sales 

managers are submitted with the summary (Yongjian, 1997). Diverse abstraction stages can be 

reached during summarization, and it can be seen from different perspectives. An example of this 

is the time spent on calls by customers which can be calculated in terms of weeks, months, or 

years and is referred to as calling period. Likewise, calls can be summarized into calls within the 

same state, country, or continent, which can further be summarized into local and international 

calls. Diverse mixtures of summarization levels and scopes show numerous types of patterns and 

consistencies (Yongjian, 1997). 
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1.2.2 Data Mining for Business Intelligence  

 

When firms gather data, there is no real value to them unless they benefit from this data. When 

firms and companies gather raw data, this data is of low value to its users. Only when the users 

process the data and convert it into information leading to decisions does the data becomes of 

greater value (Watson & Wixom, 2007). Therefore, organizations give data collection a lot of 

attention to access it afterwards. Business Intelligence is defined as business users and software 

that access data from data warehouses in order to implement predictive analytics, questioning, 

OLAP, and business firm reporting (Watson & Wixom, 2007). Decision makers in firms presently 

consider data mining tools as one of their favourite tools since it can show important hidden 

business intelligence from corporate data that was previously collected. Scientific and medical 

studies have implemented the concept of knowledge detection and information extraction 

previously, however the new idea here is the creation of a distinctive opportunity of corporate data 

mining due to the convergence of many elements (Braha, 2013). There are some examples of 

applications from the business world where data mining has been used. If a company wants to 

know which potential clients will reply, classification methods can be used to detect the clients 

whose demographic or additional data are similar to that of the best current clients of that 

company. In addition, prediction methods can be used to estimate how many single prospects 

will pay (Shmueli et al., 2011). Classification techniques can be used to detect medical 

compensation applications, which have a higher chance of fraud than others and thus more 

attention is given to these applications (Shmueli et al., 2011). Business Intelligence is also being 

used for business procedures such as call centre jobs and activities like campaign administration, 

to develop organizational efficiency in ways that show analytics clearly to users (Watson & Wixom, 

2007). Industries have noticed that the data which they have been gathering during the last fifteen 

to twenty years can give them competitive power. Users are able to check logged data from 

different viewpoints and find important business intelligence because of client-server models, 

technology of data storeroom referred to as warehouse, and obtainable massive desktop 

computing influence (Braha, 2013). Classification methods also help detect loan applicants that 

have a higher probability to default. From lots of subscription services, some data mining 

techniques can be used to recognise which clients have the likelihood of unsubscribing from the 

services so that price reductions and special offers can be given selectively to these specific 

clients (Shmueli et al., 2011). Moreover, some techniques are being utilized to make market 

subdivisions to introduce new merchandises and facilities and to find clients who have needs that 
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match present merchandises and facilities. In the finance, healthcare, and assurance businesses, 

some techniques are used to discover false behaviour by tracing expenditure and claims patterns 

(Braha, 2013). In general, business intelligence has become more universal as it is being used 

on a larger scale as it gives users the information, they need to be more efficient. The obtainability 

of instantaneous data and, easy to comprehend, control panels are significant providers to 

information democracy (Watson & Wixom, 2007). Online systems on the web grant access to 

information from any location that has a connection to the internet. Event notifications are used 

to send messages like alerts to the sales team that an item is no longer available in stock and 

that a substitute item may be suggested to the client requesting that item (Watson & Wixom, 

2007). 

 

1.2.3 Web Mining 

 

The initiation of the World Wide Web has provided computer users with a large flow of information 

(Berners-Lee et al., 1994). Any topic that can come to one’s mind can be researched, and a vast 

amount of information resources can be accessed by internet users, who range from single users 

that can write online about their private inventory collection, to big companies who can perform 

business transactions online (Maimon & Rokach, 2005). Since the information resources 

reachable online have been growing, there has been an increased need for users to apply 

computerized methods to reach the anticipated data sources, and to search and examine their 

recurring characteristics’ usage. These features contributed to the requirement of generating 

server and client-side machines that can collect and analyse data and able to communicate with 

other machines. These machines are often referred to as intelligent systems that can efficiently 

mine for information. Therefore, web mining can be stated as the detection and study of valuable 

data from the world wide web (Cooley et al., 1997). Thus, this developing area’s objective is to 

find and take-out significant information that is unseen in data available on the web such as online 

hypertext documents. It attracts methods from areas like data recovery, communications between 

computers and human regular languages, statistics, and computational learning (Maimon & 

Rokach, 2005). It is divided to web content mining, web usage mining, and web structure mining. 

Web content mining is the withdrawal, mining, and assimilation of valuable data, facts, and 

information from the content of the web pages. It defines the detection of beneficial data from web 

reports. The content of the web pages that are mined may be words, pictures, metadata, sound, 
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video, and hyperlinks. It also differentiates between private home pages and alternative websites. 

It has research that includes online resource detection, report classification and grouping, and 

data withdrawal from some websites (Upadhyay & Dhingra, 2013). Web usage mining is the 

computational detection of user access recurring characteristics from online web servers. Firms 

gather big loads of data in their everyday functions, which are created by web servers 

spontaneously and put together in server usage logs. User data showed to have other sources 

such as logs that contain data about the URL of the preceding pages that lead to the link and 

survey data collected. Examining these types of data can support firms to find the value of clients 

for a very long time, the marketing schemes for merchandises, and the efficiency of advertising 

promotions (Cooley et al., 1997). It also helps in the examination of user communications with a 

web server (Maimon & Rokach, 2005). Moreover, web usage mining may also give data on 

reorganising a website to generate a more effectual structural existence and focuses on a more 

successful administration of interacting groups that work together and form a structural 

infrastructure. For marketing commercials on the world wide web, investigating recurring 

characteristics of users’ access, supports in aiming advertisements to precise sets of users 

(Cooley et al., 1997). Web structure mining is investigating the web and focusing on the structure 

of the hyperlinks. This research has been motivated on the investigation of social networks and 

citation examination (Kautz et al., 1997) (Kosala & Blockeel, 2000). Certain kinds of pages like 

hubs and authorities can be detected through analysing social media pages according to inward 

and outward links. The structure of hyperlinks is used by this kind of mining to implement social 

network analysis to draw the fundamental links structure of the web. Other research employs the 

network analysis for a group of artificial intelligence researchers to sketch a network between 

them (Kautz et al., 1997). They take into consideration public web pages that use name entity 

data that are near each other (Kosala & Blockeel, 2000). 

 

1.2.4 Text Mining 

 

Text mining is the procedure of finding exciting and non-trivial patterns or facts from unstructured 

text files. It is also referred to as data mining of text (Hearst, 1997) and text database knowledge 

detection (Tan, 1999). It is the discovery of inspiring information in text documents where there is 

a task to find precise knowledge or characteristics that might be of great interest to some users 

(Zhong et al., 2012). It is seen that text mining is a more complicated assignment than regular 
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data mining techniques since it handles text data that can be fundamentally unorganised and 

fuzzy. It is regarded as involving many academic disciplines such as text analysis, data 

withdrawal, data recovery, computational learning, classification, cluster analysis, visualisation, 

organizing data in databases and data mining. (Tan, 1999). Information retrieval is the area of 

investigating text files for information. These text files or documents can be text and multimedia 

that can be posted on the web online. There is a variance between information retrieval and 

database structures. First the data that is being explored is unorganised and second the requests 

are designed mostly by keywords that do not have complicated structures (Han et al., 2011). Text 

mining is made up of two stages. The first stage is text refining that converts text files in any free 

form into a preferred intermediate form. The second stage is knowledge distillation where it takes 

the intermediate form into consideration to try to realize patterns or information. This intermediate 

form can be semi-structured like a theoretical diagram representation or structured like a relational 

data illustration.  It can also be document based such that every entity signifies a text file or 

concept based such that every entity signifies an object or perception of interests in a precise 

area of interest. To mine the document based on the intermediate form, patterns and associations 

will be gathered throughout the documents (Tan, 1999). A topic or theme in a group of text files 

can be shown as a probability spreading over the vocabulary and is often referred to as topic 

model. A text file can contain one or more themes and is thus referred to as a combination of 

multiple topic models. By incorporating data retrieval models and data mining methods, main 

topics and themes can be discovered from several documents (Han et al., 2011). 

 

1.2.5 Sentiment Analysis and Opinion Mining 

 

Sentiment analysis can be recognized as a classification problem where the assignment is to 

categorize messages into two classes subject on whether they carry positive or negative feelings 

(Bifet & Frank, 2010). It is also defined as a natural language processing and data extracting tool 

whose object is to obtain the author’s feelings conveyed in positive or negative remarks, inquiries, 

and requests through analysing a big number of documents that contain text. Its purpose is to find 

the attitude of a speaker or an author concerning a specific topic or the complete tonality of a text 

file (Mukherjee & Bhattacharyya, 2013). The feelings can also be false positive if they are 

incorrectly classified negative, and they can be false negative if they are incorrectly classified 

positive (Elgamal, M). The last years have witnessed a rise in internet usage and discussion of 
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public opinions at a constantly growing rate which was one of the reasons for creating sentiment 

analysis that is used nowadays. The web is a massive source of organised and unorganised data 

thus, the investigation of this data, in order to find hidden public opinion and sentiment, can be a 

challenging assignment (Mukherjee & Bhattacharyya, 2013). There are many applications that 

implement sentiment analysis in their work such as websites specialised in review, technologies, 

commercial and government intelligence, and applications for diverse domains. Examples of 

these are movie and product evaluations, identifying antagonistic mail with inappropriate 

language, spam discovery, context sensitive information detection, finding clients attitude and 

fashions, and discovering opinions for politicians or people’s ideas and thinking concerning certain 

rules (Pang et al., 2002). There are challenges for this method. The first challenge is implicit 

sentiment and sarcasm where there exists an implicit sentiment even in the absence of any word 

that has a sentiment. Another challenge is domain dependency were going from one domain to 

the other alters words polarity. Another challenge is thwarted expectations where the context is 

intentionally included by writers in order to disprove it in the end. Another challenge is pragmatics 

where the entire sentiment might be altered by discovering the pragmatics of user opinion. 

Another challenge is world knowledge that has to be integrated when discovering sentiments. 

Another challenge is subjectivity detection where text with and without opinions need to be 

distinguished. Thus, subjectivity detection has to be implemented to remove objective facts. 

Another challenge is entity identification where many entities are included but only one directs the 

opinion to it. The last challenge is negation handling where it can be shown in many ways with 

and without the use of negative words (Mukherjee & Bhattacharyya, 2013). 

A thorough review of the literature shows that there are a few key messages to take note of. For 

instance, social media and Twitter in specific should be recognized as tools that companies, 

universities and organizations should benefit from in terms of awareness and understanding. The 

thoughts of stakeholders of companies can be extracted through the study of social media and 

Twitter, and how employees and customers can use these mediums to express themselves. 

Another important message to take away from the literature is that Twitter Data Analysis through 

“Text Mining”, “Web Mining”, and “Sentiment Analysis” can be used to help understand the 

customers and employees’ thoughts and thus address them accordingly.  

The previous work from the previous literature above has shown that sentiment analysis and 

feelings detection has faced certain challenges during categorization. Thus, there was a need to 

come up with a novel approach that will tackle some of these challenges and apply many 

classifiers simultaneously which will be discussed in the upcoming sections. 
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1.2.6 N-grams 

 

N-grams are constant chucks of n items from an order of a text (Bharadwaj & Shao, 2019). 

Unigrams are words where n = 1. Bigrams are sets of adjacent words such that n = 2. Trigrams 

and quadgrams are three and four constant words (Bharadwaj & Shao, 2019), correspondingly. 

In other previous work, unigrams have been defined as that they breakdown the sequence of 

characterless into individual one that highpoints how many times a specific word appears (Sharma 

et al., 2020). Moreover, a bigram contains of a series of two words; and a trigram is made up of 

a series of three words (Sharma et al., 2020). In other previous work as well, unigrams have been 

defined as single word tokens while bigrams have been described as “sequences of two-word 

tokens” (Figueroa & Flores, 2016). For example, the sentence “Your destination is 3 miles away” 

is tokenized into “your”, “destination”, “is”, “3”, “miles”, and “away”, where each term is a unigram 

(Bharadwaj & Shao, 2019). The bigrams are two-term strings: “your destination”, “destination is”, 

“is 3”, “3 miles”, and “miles away”. Trigrams are three-term strings: “your destination is”, 

“destination is 3”, “is 3 miles”, and “3 miles away”. And quadgrams are four-term strings: “your 

destination is 3”, “destination is 3 miles”, and “is 3 miles away” (Bharadwaj & Shao, 2019). 

 

1.2.7 Performance Metrics 

 

Previous work has showed that there are many metrics used for the measuring of the performance 

of data mining techniques. These metrics include true positive rate (TPR), true negative rate 

(TNR), precision, recall, and accuracy. TPR is the ratio of true positive over positive while TNR is 

the ratio of true negative over the sum of true negative and false positive (Mahmoud et al., 2018). 

Precision is calculated as the ratio of true positive over the sum of true positive and false positive 

(Mahmoud et al., 2018). It is the ratio between the numbers of correct sentiments predicted to the 

total number of matches predicted (Kim et al., 2014). Recall is calculated as the ratio of true 

positive over the sum of true positive and false negative (Mahmoud et al., 2018). It is the 

proportion of positive sentiments which are correctly acknowledged (Kim et al., 2014). The 

accuracy is calculated as the ratio of the sum of true positive and true negative over the sum of 

true positive, true negative, false positive, and false negative (Mahmoud et al., 2018). It is known 

as the percentage of test tweets that were matched with the correct category (Kim et al., 2014). 
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1.3 Key Findings 

 

Following the literature review that was completed in previous sections, some key findings can be 

summarized to support the methodology in upcoming sections. Previous work has showed that 

different society members have become engaged through Twitter and other social media 

platforms in their everyday work. 

Social media platforms and Twitter in specific should be acknowledged as tools that firms, 

colleges and corporations should profit from in terms of knowledge and understanding.  The 

opinions of stakeholders of enterprises can be obtained through the examination of social media 

and Twitter, and employees and clients can use these channels to express themselves.  

Another key finding is that Twitter Data Analysis through “Text Mining”, “Web Mining”, and 

“Sentiment Analysis” can be utilized to help recognize the clients and workers’ ideas and thus 

focus on them appropriately. In addition, another key finding noticed was that some data mining 

techniques that were used in previous literature showed some challenges which needed to be 

tackled through a novel approach method. 

 

 

2.    Automated approach to business organizations analytics 

 

This chapter will discuss the adverse effects of social media focusing on how social media data 

from different social media platforms can be misused and will review some approaches to limit 

this data from being misused. 

 

2.1 Adverse Effects of social media 

 

Social media provides communication among individuals that creates a widespread volume of 

data (Al-garadi et al., 2016). Users create different types of content such us audio-visual, pictures, 

text, and geospatial data which is considered free (Schreck & Keim, 2012). Data can be utilized 

by diverse institutes for different grounds. Firms use it to enhance business methods, legislators 
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utilize it to detect trends in community opinion, and public health officials need it to screen 

infectious disease pandemics (Schreck & Keim, 2012). Lately, online social networks have 

established substantial consideration as a probable tool to monitor a pandemic since they can 

offer a nearly real-time observation system at a less expensive rate than the old-style surveillance 

systems (Al-garadi et al., 2016).  Social media networks such as “YouTube” and “Twitter” deliver 

direct reach to an extraordinary sum of content and can increase gossips and doubtful 

information. Considering users' preferences and attitudes, algorithms facilitate content 

development and thus information diffusion (Cinelli et al., 2020). 

 

2.1.1 Social Media Data Misuse 

 

Social Media data is now shared by millions of users who spread information and provide online 

point of views. Users of social media platforms can disregard or unfollow points of views that do 

not fit their own contrasting local network (Prier, 2017). Corporations use social media platforms 

to distribute data about the goods and services proposed by them (Kumar & Mittal, 2012). In 

current years, a rising issue appeared related to how social media networks are being utilized for 

propaganda and false campaigns (Gruzd et al., 2020) (Soussan & Trovati, 2022). 

These platforms host customer discussions, prospects, and points of views. Using current online 

platforms through robot accounts and remote users may introduce misinformation into social 

media, generate a fad, and promptly propagate the message in a quicker and less expensive way 

than any other channel in the past (Prier, 2017). Beneficial choices can be achieved and 

collaborations between customers and shareholders can be reached when corporations use 

those platforms (Naik, 2015). Discussions on cooperation social media profiles effect the choices 

the cooperation can make. With ethical conduct and company social obligation, organizations can 

longstanding receive substantial longstanding profits, yet occasionally the corporations may 

become engaged with the unconventional methods leading to quicker, short-term benefits (Kumar 

& Nanda, 2019) (Soussan & Trovati, 2022).  

By fabricating data on social media, organizations can fraudulently invite clients to their goods, 

improve sales and revenues, invite additional workers, and decrease enrollment expenses. On 

their clients’ engagement in social media, organizations can generate various analytics to be used 

in profit making business approaches (Kumar & Nanda, 2019). The technology ethical side lead 
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to a modern research area called Technoethics. Technoethics means technological morals. In the 

technological intelligence framework, AI and robotics areas are confronting vital ethical judgment 

which has made technoethics grow to be more valuable (Fan et al., 2018). Posted data on social 

media can lack authenticity and profile pages may contain accessible personal information 

(Kumar & Nanda, 2019). In addition, there are other risks that may arise from social media. 

Intruders, trollers, and psychopaths contact victims through social media (Kim et al., 2010). Child 

safety concerns are raised because some users may harass kids and young individuals online 

(O’Keeffe & Clarke-Pearson, 2011). Due to failed political revolutions, some regimes have 

intensified management of social media platforms (Shirky, 2011). Moreover, these platforms, can 

encourage terrorist actions and distribute rumors in tragedy circumstances (Alexander, 2014). 

Those examples of data misuse have resulted to intensified supervision of civilians and online 

networks. Other problems exist when users try to embrace dangerous information other users 

have posted or when they adopt harmful conduct other users have done or when they adopt 

abuse of personal data with illegal intention (Leist, 2013). An example about this is online forums 

where users post about their experience. There is a possible risk if wrong, useless, or even 

dangerous information is posted on those discussion forums (Leist, 2013) (Soussan & Trovati, 

2022). 

There are several moral concerns in social media that ought to be considered despite its practical 

and valuable ability in the social and progressive evolution in human interaction (Kumar & Nanda, 

2019). One concern is data anonymous. Organizations receive fake customer product feedbacks 

which are false and could harm the reputation of organizations. Some social media networks allow 

users to remain unknown during which their identity is switched to a number or an icon, so users 

will not realize who they are speaking to (Turculeţ, 2014) (Soussan & Trovati, 2022). 

 

2.1.2 Infodemiology & Data Reliability 

 

Infodemiology (information epidemiology) is defined as the group of methods, which examine the 

health data on the internet for the basis of public health studies and policies (Al-garadi et al., 

2016).  It is also defined as a “new emerging research discipline and methodology” encompassing 

“the study of the determinants and distribution of health information and misinformation—which 

may be useful in guiding health professionals and patients to quality health information on the 
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Internet” (Eysenbach, 2020). It is considered as a method to “identify areas where there is a 

knowledge translation gap between best evidence (what some experts know) and practice (what 

most people do or believe)” (Eysenbach, 2002) (Soussan & Trovati, 2021 A). 

The word infodemic has been created to highlight the threats of misinformation incidents during 

the managing of virus epidemics, because it could accelerate the epidemic progression by 

influencing and disintegrating social response (Cinelli et al., 2020).  Social networks have the 

possibility to remove the time lag in out-of-date surveillance by allowing the mining of loads of 

real-time text data, which contain geographical location and data about a person’s personal 

welfare (Al-garadi et al., 2016). The pervasiveness of social media enhances information that 

users share and speeds up its diffusion between them. The data diffusion method is a successive 

result by which users affect one another over a time duration (Woo & Chen, 2016).  Another issue 

that affects data reliability is fake accounts on social media often referred to as bots. These bots 

act like real humans and can mislead users. When a fair dataset is collected, there may be 

advantage in removing not wanted content incorporated by automatic bot accounts (Ferrara et 

al.,2016). Bots can damage community through possibly jeopardizing democracy, producing 

anxiety throughout crises, and influencing the stock marketplace. They can also make individuals’ 

audience bigger, destroy the name of any business for profitable or diplomatic reasons, and 

penetrate group of unsuspecting people and influence them to change their views of reality, which 

can have an erratic outcome (Ferrara et al.,2016).  The actions of bots and their effect can 

incorporate the modification of analytics of social network, which may be implemented for different 

reasons like TV scores, specialist results, and methodical influence size (Ferrara et al.,2016). 

Some previous work showed that botnet can be used to uncover confidential data like phone 

numbers and addresses. This kind of weakness can be used to affect trust in social media and 

can be used in cybercrime (Ferrara et al.,2016).  Some bots interfere with real individuals’ identity. 

They create usernames which are very close to the original usernames and copy the photos and 

links. In addition, some bots emulate the actions of real users, through imitating the patterns of 

the users when publishing content and communicating with the users’ acquaintances (Ferrara et 

al.,2016). Another example from previous work on the issue with data reliability is the data related 

to COVID-19 pandemic (Pennycook et al.,2020). It showed that users do not think about the 

precision of content before sharing it. It also showed that users who lack information about science 

are more prone to consider and distribute falsehoods (Pennycook et al.,2020) (Soussan & Trovati, 

2021 A). 
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Diffusion is defined as the procedure such that the interest (e.g., info, innovation, or disease) 

moves from one to another (Cliff & Haggett 2005). Because of homogeneous patterns in the 

outbreak of epidemics and social infection procedures, most research assumes similar theoretical 

ideologies for epidemics in discussing the info diffusion (Woo & Chen, 2016). The mainstream 

theory that clarifies the epidemic describes the disease diffusion as the outspread of memes of 

infection (Blackmore 2000). Thus, most epidemic models are primarily based on the contagion 

through the communication between people (Woo & Chen, 2016). With the development of email, 

internet, and social network platforms, online information diffusion has turned out to be a main 

topic for diffusion research and as such, epidemic models have been applicable to modelling of 

information diffusion on the net (Woo & Chen, 2016).  Previous work (Gruhl et al. 2004) described 

the features of diffusing themes in the blog and suggested a technique for approximating the 

transmission probability for independent cascade model (ICM). The cascade generation model 

under the SIS framework with static transmission probability was proposed by (Leskovec et al. 

,2007). Another work was done by (Kubo et al. (2007) displayed the similarity between the disease 

propagation model, the SIR model, and web forums data posts. This work was extended including 

the new media effects concentrating on how new media effects can be shown in the SIR model 

(Woo & Chen, 2012). Another previous work (Sun et al. 2009) completed the observed inspection 

of information diffusion using Facebook. They implemented the regression model to classify 

affecting features on big chain diffusion. Important pieces of information spreading in Flickr social 

platform were studied by (Cha et al., 2009). The work showed how popular pictures broadcasted 

gradually throughout the network. Another work done (Tang et al., 2014) produced information 

dissemination using hashtag in Sina Weibo, micro-blogging such as Twitter by implementing the 

susceptible-infected (SI) model. Another model called emotion-based SIS model was proposed 

by (Wang et al., 2015) displayed that it outruns the SIS model in showing information diffusion 

with Twitter data (Soussan & Trovati, 2021 A).  

Moreover, another dynamic susceptible-infected-recovered (SIR) model was introduced by (Liu 

& Zhang, 2014) such that users can remove links and connect again with their second-order 

friends. Another dynamic model was also introduced by (Jalali et al., 2016) to measure the 

essential procedures of request diffusion including invitation, which is the contagion element, 

interest, consciousness, forgetting, input and reminding. Another work was done on a model 

known as sentiment urgency emotion detection (SUED) from previous work. This model was 

applied on tweets from two different periods of time, one before the start of the COVID-19 

pandemic and the other after it started to show the effect of COVID-19 pandemic on the 
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conversions of the sentiments, emotions, and urgencies of the tweets (Soussan & Trovati, 2020 

C). The work showed that the sentiments of users around the monitored brand have shifted more 

towards negativity over time with COVID-19 pandemic being one of the reasons for this (Soussan 

& Trovati, 2020 C). 

2.1.3 The information Cake Model 

 

The information Cake Model (Eysenbach, 2020) gave the initial wide roadmap on how to fight an 

infodemic during the COVID-19 pandemic as shown in Figure 1.  The present infodemic is a crisis 

to extract the absolute amount of information, that is happening on four levels: (1) science, (2) 

policy and practice, (3) news media, and (4) social media (Eysenbach, 2020). These levels are 

shown in Figure 1 as layers during which the bigger the size of the layer, the higher the amount 

information generated by this level. Science level contains the least amount of information which 

is why it is the smallest level in size, and this shows difficult and specific information construction 

cycles (Eysenbach, 2020). One issue noted was not the presence of misinformation at the science 

level, but the task of converting this information into actions that can be recommended and 

delivering conclusions for many spectators and shareholders in other layers which is showed by 

the “Knowledge Translation (KT)” arrows in Figure 1.  
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Figure 1. The Information “Cake” Model (Eysenbach, 2020) 

Hence, infodemic management has been summarized in four pillars.  

i. The first pillar is referred to as: “Facilitate Accurate Knowledge Translation”. When 

knowledge is being translated from one audience to another, the information might 

become misinformation due to many reasons such as policies, commercial benefits, 

specific reporting, and misinterpretations. Therefore, there is a need to support 

knowledge translation in an accurate way by minimizing the influencing factors 

(Eysenbach, 2020).  

ii. The second pillar for infodemic management is “Knowledge Refinement, Filtering, and 

Fact-Checking”. These methods are required on every level, to speed up internal quality 

development procedures.  These methods are occasionally noticeable but sometimes 

unseen by the user. A decent example on this is when academics peer review and 

publish work to filter, enhance, and expand information from previous scholars’ work. 

Within every level, refinement of the information can be initiated on different stages 

showing that having information at diverse knowledge creation stages is as significant as 

facilitating them and speeding them up (Eysenbach, 2020).  
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iii. The third pillar for infodemic management is defined as “Build eHealth Literacy” where 

there is an attempt to improve the ability of all participants to build eHealth literacy and to 

pick and evaluate health and science knowledge that are found from different levels of 

the information cake model from Figure 1.  eHealth literacy is referred to as the 

capability to seek, discover, comprehend, and assess health information from e-sources 

and use the facts gained to deal with or solve a health problem (Eysenbach, 2020) 

(Norman & Skinner, 2006). With the flow of data and its easy access through the 

internet, information has been able to be extracted from any level and assembling 

eHealth literacy as a vital skill in a world network. It is the user’s responsibility to refine 

reliable health info in this information era. There might be cases when users go through 

“unreviewed preprints” issued in preprint servers. Still, understanding and examining the 

information found needs important eHealth literacy. 

iv.  The final pillar of this model is constant observation and examination the data patterns 

going back and forth over the internet which is referred to as “infodemiology and 

infoveillance “(Eysenbach, 2009). The task here is to locate occurrences of fabrication, 

gossip, untruthfulness, and to oppose them with truths or other involvements. 

Infoveillance needs producing specifications on data source on the web, such as the 

quality of the data, and it also needs producing specifications related to information 

requests such as inquiries posted on social network platforms. Infoveillance is shown in 

Figure 1 through patterns of information that are being communicated between different 

communities of the different levels of the model (Eysenbach, 2020).  

The model helps to conclude that the execution of infodemic management in an imperfect and 

unskilful way can result in unintentional outcomes such as the suspending and repression of 

science due to political and business benefits. A good example of an unintentional outcome 

is the Twitter advertising rule that permits only specific newscast media and administrations 

to increase messages but does not permit this to science institutes or science editors 

(Eysenbach, 2020) (Soussan & Trovati, 2021 A).  
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2.1.4 SIR Model for web forums 

 

To understand better how information is extracted from social media for epidemic models, the 

SIR model from previous work for web forums will be discussed at which the system design of 

this model will be based on data assembly, topic mining, time-series patterns, and model fitting 

(Woo & Chen, 2016).  

 

 

Figure 2. System Design for the SIR Model for web forums (Woo & Chen, 2016) 

 

A unified and innovative system design has been showed in Figure 2 (Woo & Chen, 2016). Using 

the web forum, data is collected using the “forum spider and parser”. The process executes when 

this spidorbot browses every HTML site in the forum. This spider is able go through the page to 

extract the data since the forum is made up of internet pages connected with one another using 

hyperlinks (Woo & Chen, 2016). The web crawler is made up of the page crawler which provides 

the URLs of the sites that have the forum’s contents. The spidorbot tracks the links leading to the 

next page since they are connected to the current page and adjusts the cursor to the next page. 
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This process is repeated until the final page has been reached. The crawler is also made up of 

the content crawler of the threads of the content as well as the responds on the content (Woo & 

Chen, 2016). Thread contents and their responds are linked to the web through a thread, and the 

threads list can be observed on every front page. Unique patterns in text are found by the parser 

that utilizes the regular expressions. A Distinctive tag is utilized by HTML files to show specific 

info. Messages in HTML files, user ID, and thread ID are all main data fields that are retrieved 

using the parser (Woo & Chen, 2016) (Soussan & Trovati, 2021 A). 

As per Figure 2, the next step in the design for this model is topic extraction. Topic clustering is 

executed to extract keywords through a probabilistic topic model such as Latent Dirichlet 

allocation (LDA) (Blei et al., 2003). Discovering themes automatically in a large group of 

unorganized text is implemented through a topic modeling method (McCallum, 2002). Different 

themes compose a document where a theme is defined as group of words that often found 

together. A probability distribution over the words constitutes the theme. The model attempts to 

discover the top group of words and to elaborate in the documents the displayed words. In order 

to generate new documents, a distribution over themes is selected which is followed by selecting 

a theme randomly depending on the distribution for every word in the document and a word can 

be extracted from that theme (Woo & Chen, 2016). The procedure has been reversed through 

statistical techniques by deducing the group of themes needed for producing a group of 

documents (Blei et al., 2003). Depending on the possible keywords, messages can be grouped. 

The theme distribution is expected to contain a Dirichlet prior in LDA which helps statistical 

interpretation to be basic and result in more sensible combinations of topics (Steyvers & Griffiths, 

2007). Using a probability distribution, each word is allocated to a provisional theme such that it 

can be allocated to distinct themes in many documents. Theme allocation initiates iteratively 

where a word is allocated to the theme such that the word is the highly predominant and a 

document is allocated to a theme where the words in the document are primarily allocated (Woo 

& Chen, 2016). Theme modelling is completed once the iteration has been converged. Mallet has 

been utilized to run LDA for theme clustering (McCallum, 2002). It helps investigate the words in 

the topic in order to understand the meaning of the topics or themes.  Words with different 

meaning in a theme are broad when the number of themes is low. On the other hand, a topic can 

have specific words that can allocate to many topics once high number of topics has been 

adjusted (Woo & Chen, 2016). To avoid convergence of themes, the number of themes has been 

changed and incremented by ten and checked to see if correct semantic clusters have been 

created. The topic group that contains relevant keywords, debated vigorously, and is made up of 
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large number of posts and authors, has been assigned as the key topic (Woo & Chen, 2016). 

Messages are grouped in multiple classes and topic groups with significant keywords showing 

user needs are chosen. In addition, some keywords have helped find bigrams in order to obtain 

themes that are relevant and having good volume (Soussan & Trovati, 2021 A).  

The next step in this design is the time-series patterns stage. By combining posts that include a 

theme in a time period, the number of diverse authors is extracted. Topics with continuous 

debates, having part of the topic flow mostly decided by authors choices, is called chatter topics. 

The heated debates of everyday events which are related to a topic are referred to as spikey 

topics (Gruhl et al. 2004). High rises in posts are encouraged by the spikey theme. Chatter themes 

and chatter themes with continuous patterns have been dismissed when examining time series 

patterns. Topics lacking epidemic patterns were not thought to be infectious or lead to an infection 

between users. Spikey topics are chosen because these are the themes that attract attention 

(Gruhl et al., 2004). 

The next step in this design is the Model fitting. An optimization algorithm called genetic algorithm 

(GA) was implemented to test data on the model. It is implemented for parameter approximation. 

Running this algorithm requires developing broad variety of methods. A linear-ranking algorithm 

determines a fitness function that shows how well the current population matches the objective 

function (Baker,1987). The selection of the population is impacted by the fitness function. The 

selection method which captures chromosomes from the population must be fixed in order to 

create the population in every generation. Moreover, roulette wheel selection was utilized 

(Golberg, 1989). To create the offspring, pairs are reassembled at a given probability through the 

crossover process. In addition, Single-point has been applied, and real value mutation has been 

implemented as well (Mühlenbein & Schlierkamp-Voosen, 1993). 

 

 

The model was tested with two web forums. The first one from marketing exchange containing 

10-year-old data of shareholders’ opinions on different themes related to Walmart. The other 

forum is a political forum constituting of authors points of views on universal political subjects. In 

the Walmart forum, both chatter and spikey topics can be observed as shown in Figure 3 (Woo & 

Chen, 2016).  Topic clustering was conducted using Mallet to derive themes. To minimize the 

convergence of keywords amongst clusters, the number of clusters is fixed. Fifty clusters have 
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been created during which the non-peak chatter topics were removed. Main spikey topics that 

have vital volumes were added as well.  The major topics in Walmart dataset are shown in Table 

1 (Woo & Chen, 2016). The time series of picked themes are shown in Figure 4 (Woo & Chen, 

2016). In addition, the Walmart web forum results for the parameter approximation is summarized 

ins Table 2 (Woo & Chen, 2016). 

 

 

 

Figure 3. Spikey topic vs. chatter topic (Woo & Chen, 2016) 

 

 

Table 1. The Walmart forum main keywords and themes (Woo & Chen, 2016) 
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Figure 4. Walmart selected themes’ time series (Woo & Chen, 2016) 

 

 

Table 2. Walmart forum parameter approximation results (Woo & Chen, 2016). 

The sales subject has a smaller number of potential original authors, a higher rate of infection, 

and a lesser rate of recovery than the stock price subject, suggesting that the stock price is a less 

spiky theme than sales. In customer-related issues, the low-price issue and in employee-related 

topics, the healthcare topics are less spiky than others. By solving differential equations with the 

ideal parameter tuned, the numbers of sensitive, infectives, and recovered at successive times 

are extracted (Woo & Chen, 2016) (Soussan & Trovati, 2021 A). 

From the work of (Woo & Chen, 2016), it was noticeable that users respond to the posts of one 

another, confirming their communication through posts. The disease diffusion model was adopted 

which describes “the disease outbreak through the contact between people” (Woo & Chen, 2016).  

The diffusion model’s purpose is to comprehend the ways of the “spread of new diseases, ideas 
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and products”, to estimate success or failure of diffusion in the early phases, and to come up with 

a plan to grow or decrease the probabilities of diffusion (Woo & Chen, 2016).  By analysing the 

early stage of the diffusion procedure, the outbreak of topics can be predicted using the general 

concept of the mathematical epidemic model (Woo & Chen, 2016). Overall, in modelling web 

forums topic diffusion, the SIR model’s performance was well (Woo & Chen, 2016). From other 

previous work as well (Eysenbach, 2020), it can be concluded that unintentional implications, 

such as the suspending and repression of science for the benefit of political and commercial 

interests, may occur if poorly implemented infodemic management with lack of coordination has 

been performed (Eysenbach, 2020) (Soussan & Trovati, 2021 A). 

 

 

2.1.5 Facebook Data Misuse 

 

Facebook is a social media platform that allows users to socialize, interact, and post pictures and 

videos. It has shown some issues which cannot be disregarded. With regards to privacy of 

personal information, devices that have its application installed and permissions approved, allow 

the application to assemble data and log on to services, as per the data policy, such as time zone, 

Wi-Fi Signals, mobile operator, ISP, GPS, language, Bluetooth (Thompson, 2015). In such a case, 

the data being collected by Facebook cannot be controlled by users. In addition, some immoral 

Facebook posts that might include sentiments containing racism, or religious hate have led to 

Facebook to fulfill governments’ requirements to prevent or limit massive amount of user contents 

in some countries (Isaac, 2016).  

In terms of information leakage, details about eighty-six million people who use Facebook were 

distributed by a researcher to a political organization specialized in consulting called “Cambridge 

Analytica” which dealt with the campaign of Trump (Cadwalladr et al.,2018). Another issue that 

Facebook faced was identity theft. Identity theft occurred when a user builds a fake account to 

copy someone’s identity or when a user hacks someone's password and impersonates the owner 

of the account (Kumar & Nanda, 2019). Furthermore, an additional issue regarding Facebook 

data is fake news as Facebook has more shared fake news reports than famous mainstream 

news reports (Silverman & Singer-Vine, 2016) (Soussan & Trovati, 2022). 
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2.1.6 Twitter Data Misuse 

 

Twitter social media platform has also foreseen some unethical behaviors during which its data 

has been misused. Fake accounts on Twitter can produce junk email, false web rating, and false 

information. Fake accounts may also be used to disclose prohibited download links and to stalk 

other users through those accounts (Kumar & Nanda, 2019). Some corporations used Twitter to 

exhibit their undesirable goods into people’s timelines through paid tweets. Other issues related 

to Twitter data was the tweets’ absence of context which occurred when Twitter users misread 

the messages because of the absence of all the vital information related to a concept which may 

be confusing (Oh et al., 2013). Moreover, another ethical dilemma with Twitter is ghost tweets of 

which people hire ghostwriters to use their Twitter accounts and tweet as if it were them. The 

problem here is that the tweets content truth or falsification cannot be known by users (Kumar & 

Nanda, 2019). In addition, another issue was selling Twitter data for commercial benefits 

(Soussan & Trovati, 2022). 

 

2.1.7 Instagram Data Misuse 

 

Another social media platform that had some social media misuse was Instagram. Like Facebook, 

Instagram also allows posting and sharing pictures and videos. In the terms and conditions, it is 

compulsory for users before joining the network to accept that their private pictures on the platform 

can be acquired by main advertising organizations or third-party purchasers without their approval 

(Kumar & Nanda, 2019). There is an official and legitimate approval needed from Instagram users 

for Instagram to reach private data, nonetheless, users sometimes tend to agree on the 

permission forms before reviewing them (Bechmann and Vahlstrup, 2015). Thus, this might 

jeopardize the users’ private data being sold. Moreover, another issue regarding Instagram data 

misuse is influencer digital advertising. Businesses expect that customers will be more persuaded 

to seek the goods or services that the corporation proposes when these businesses display 

influencers on Instagram to the marketplace they are aiming for (Glucksman, 2017) (Soussan & 

Trovati, 2022). 
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2.1.8 LinkedIn Data Misuse 

 

LinkedIn is a professional social media platform where users create profiles having their 

employment and private data which is shared with other users. LinkedIn also had some unethical 

problems. The platform has a job board that company owners can post job offers on related to 

their company. However, some companies have advertised vacancies that do not exist because 

they want to collect information such as archive of CVs and create traffic on their LinkedIn 

webpage (Kumar & Nanda, 2019). In addition, businesses must pay money to LinkedIn for 

vacancies posted and for accessing the CVs (Kumar & Nanda, 2019). The accuracy and the 

reliability of LinkedIn data cannot be verified. Previous work has showed that 50% of CVs used 

to evaluate job candidates by HR specialists can include factual faults (Parez, 2013).  

When studying the conditions for doing employment through LinkedIn platform, absence of legal 

guidance was observed which is another issue related to the platform. Incorrect procurement may 

occur if HR specialists are not trained on how to retrieve online data since they might be hiring 

new employees based on false acquired information (Kumar & Nanda, 2019). Another issue with 

LinkedIn platform is the absence of privacy. Companies are collecting data about potential 

candidates before a job is offered. Their employers use this data through LinkedIn to perform 

screening checks prior to recruitment (Saylin & Horrocks, 2013) (Soussan & Trovati, 2022).  

 

2.2 Response to Adverse Effects   

 

In this section, social bot detection and some approaches to limit social media data from being 

misused have been reviewed  

2.2.1 Social Bot Detection  

 

One of the ways to maintain data integrity in social media is detect the fake accounts or bots that 

might spread it. One way to detect bots is through graph based social bot detection.  A competitor 
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might manage various bots known as sybils to mimic various personalities and initiate an 

intrusion. This is shown in Facebook Immune System (Ferrara et al.,2016). Analysing the 

composition of a social graph can help in identifying sybils. SybilRank shows that since sybil 

accounts need a lot of connections to look authentic, they connect mostly to other sybil accounts, 

with few connections to real accounts (Cao et al., 2012) (Soussan & Trovati, 2021 A). It also 

implies that an account communicating with an authentic account is believed to be authentic 

(Ferrara et al.,2016). Another way to detect bots is crowdsourcing through a “Social Turing Test” 

platform (Wang et al., 2013). Specialists were employed to spot bots in Renren data and 

Facebook data from their profile data. The decision is based on profile being detected by many 

people simultaneously with the majority’s judgement taken (Wang et al., 2013). Another way to 

detect bots is based on features. By integrating machine learning methods with patterns on 

related to monitored behaviour, users can filter out behaviours that can be regarded as bots. “Bot 

or Not” for example uses extremely analytical features based on a detection algorithm with 95% 

accuracy (Ferrara et al.,2016). In addition, user actions and scheduling data are various aspects 

of individual behaviour which can be detected by the Renren Sybil detector (Ferrara et al.,2016) 

(Soussan & Trovati, 2021 A). 

2.2.2 Approaches to limit Social Media Data Misuse 

 

A survey from previous work showed that the social media job screening performed by 

corporations in the United States for job candidates has risen to 70% in 2018 after it was around 

11% in 2006 (Gruzd et al., 2020). The companies tend to authenticate applicants’ skills, evaluate 

if they introduce themselves in a professional way, and guarantee that these applicants do not 

have any posts that can be categorized as bullying or insulting content (Gruzd et al., 2020). Thus, 

when employers or hiring managers have the chance to reach such “reliable data”, it can be 

referred to as cybervetting (Berkelaar, 2014). This kind of data can help determine crucial metrics, 

such as academic capability and job efficiency (Kluemper et al., 2012) (Soussan & Trovati, 2022). 

Since not all users are acquainted with the methods relating to their social media data being 

misused or breached, they found this to be a barrier for them when they want to use social media. 

Some previous work proposes that beginner users are aided by a facilitator or well internet 

knowledgeable tutors so that those users can get familiarized with data confidentiality safety 

concerns and other important data (Leist, 2013). Although some social media websites guide their 

new users throughout registration, the conversations and content being shared may not be 
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strongly checked by a moderator. Users with little knowledge prefer to have a moderator who they 

can return to if they have some queries (Leist, 2013) (Soussan & Trovati, 2022).  

Moreover, Policymakers need to read, envision, and cross-examine how the analytics from social 

networks can be integrated ethically, thus worries of individuals and businesses are looked after 

(Kumar & Nanda, 2019). The objective and the extended consequences of the analytics of social 

media is vital to be recognized by the policymakers. Businesses need to build, distribute, and 

regularly employ specific rules concerning its utilization of analytics of social media (Kumar & 

Nanda, 2019) (Soussan & Trovati, 2022).  

 

In businesses, there are certain approaches for trying to reduce exploitation of social media data 

by workers. Social media misuse can take place beyond the physical sites of the businesses, in 

nonworking hours of the employees, and can be done by any device regardless of, if it belongs 

to the company or not (Taylor et al., 2020). Thus, it is vital for companies to deliver proper 

employee training related to the rules, and data security and equality law in specific to try to reduce 

the harm that can be produced by social media platforms data misuse (Soussan & Trovati, 2021 

C) (Taylor et al., 2020). Another approach that businesses can apply is usage policies for social 

media. It includes the guidelines of conduct required from workers which are related to their usage 

of social media in a clear way regardless of if they are at the workplace or not (Taylor et al., 2020). 

Another approach is related to the use of companies’ official social media accounts. There should 

be rules on creating such accounts in addition to updating and supervising them. Access to those 

accounts should be limited to authorized employees only (Taylor et al., 2020). Any references 

used on these accounts should be cited as per copyright law. Moreover, another strategy for 

avoiding social media data misuse is following some guidance. An example is for employees to 

update their accounts from public accounts to private accounts, thus only users on their friend list 

can see their posts’ content taking into consideration that the friend list is reviewed often (Taylor 

et al., 2020). Employers should offer guidance to try to guarantee that workers are considerate 

about their company, their colleagues, and others that might be correlated with the company 

(Soussan & Trovati, 2021 C). 
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3.    Algorithms  

 

This chapter will review some of the algorithms that have been used in text classification and will 

show the implementation and validation of some of them to assess decision models. A new 

learning model will also be discussed. 

 

3.1 Classification 

 

Text classification has been implemented for allocating pre-defined classes to text forms 

(Mitchell,1997). It has been considered in various areas such as data mining, database, machine 

learning and information retrieval (Allahyari et al. 2017).  Classification is defined with a training 

set D = {d1,d2, . . . ,dn } of documents, such that each document di is labeled with a label ℓi from 

the set L = {ℓ1, ℓ2, . . . , ℓk}. The task is then to determine a classification model (classifier) f where 

f: D → L & f(d) = L that can allocate the right class to a new document (Allahyari et al. 2017) 

(Hotho et al. 2005). If the label is clearly assigned to the test instance, the classification is called 

hard. If a probability value has been allocated to the test instance, the classification is called soft 

(Allahyari et al. 2017). Various software systems have been used to implement numerous 

classification algorithms. An arbitrary fraction of the documents that are labeled (test set) have 

been established to assess the classification model’s performance (Allahyari et al. 2017). The test 

set are categorized, the estimated labels are compared with the true labels, and the performance 

is evaluated after the training set has been used to train the classifier (Allahyari et al. 2017). The 

fraction of correctly categorized documents in relation to the overall number of documents is 

defined as accuracy (Hotho et al. 2005). Three metrics are taken into consideration for 

assessment which are “recall”, “precision”, and “F-1 scores”. The correct instances percentage 

among the instances that are positive is defined as recall. The fraction of correct instances the 

identified instances that are positive is defined as precision (Aggarwal & Zhai, 2012). The 

geometric mean of precision and recall is defined as F-1 score (Aggarwal & Zhai, 2012). It is viewed 

in the formula below: 

 

𝐹1  =  2 ×  
precision ×  recall 

precision +  recall
 



55 
 

3.1.1 Naive Bayes Classifier 

 

Previous work has showed good performance on probabilistic classifiers which have become 

popular (Chakrabarti et al., 1997) (Joachims, 1996) (Koller & Sahami,1997) (Larkey & Croft, 1996) 

(Sahami et al.,1998). Assumptions on how words in documents are produced are made by those 

probabilistic methods and based on these assumptions, a probabilistic model can be suggested. 

The parameters of the model are approximated by training examples (Allahyari et al. 2017). 

Classifying new examples and choosing the class that probably has produced the example is 

done through the Bayes rule (McCallum & Nigam, 1998). The Naive Bayes classifier uses a 

probabilistic model to produce a document distribution in each class taking into consideration that 

the different terms distribution is independent from each other. There are two main models 

frequently used for naive Bayes categorizations (McCallum & Nigam, 1998). Depending on the 

allocation of the words in the document, the models, the models seek to find the “posterior 

probability”. 

 

3.1.1.1 Multi-variate Bernoulli Model 

 

In the multi-variate bernoulli model, a vector of binary characteristics represents the document 

indicating the existence or lack of the words in the document. In addition, the frequency of words 

is disregarded (Lewis,1998). 

 

 

3.1.1.2 Multinomial Model 

 

The document is regarded as a bag of words during which the frequencies of words (terms) in a 

document is obtained. In previous work many different alterations have been introduced for the 

multinomial model.  

Comparing both the Bernoulli Model and the Multinomial Model has highlighted some points. The 

Bernoulli model can perform better than the Multinomial Model if the vocabulary’s size is little. On 
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the other hand, the Multinomial Model always performs better than the Bernoulli Model if the 

vocabulary’s size is big.  For both models, if the vocabulary’s size is chosen optimally, the 

Multinomial Model will nearly always outperform Bernoulli Model (McCallum & Nigam, 1998). The 

documents are created by a combination model with parameter θ. The following structure has 

been outlined. The combination model consists of elements cj ∈ C = {c1, c2, . . . ,ck } (Allahyari et 

al. 2017). By choosing an element corresponding to priors P(cj |θ), every document di = {w1, w2, . 

. . ,wni } is created. Afterwards, the element is utilized to produce the document according to its 

own framework, P(di |cj ; θ). The sum of likelihoods across the combination elements will help to 

calculate the document’s likelihood as follows (Allahyari et al. 2017) (McCallum & Nigam, 1998): 

𝑃(𝑑𝑖|𝜃) = ∑ 𝑃(𝑐𝑗|𝜃)𝑃(𝑑𝑖|𝑐𝑗;𝜃)

𝑘

𝑗=1

 

Between the combination elements and between the classes L = {ℓ1, ℓ2, . . . , ℓk}, there is a one-

to-one communication. Thus, both the jth combination element and the jth class are both designated 

by cj (Allahyari et al. 2017). The variables of the probabilistic classification model, ̂ θ, are estimated 

by group of labelled training instances, D = {d1,d2, . . . ,d |D| }. The test documents classification is 

performed by means of the variables’ estimate and by evaluating each class cj ‘s posterior 

probabilities. The class having the highest probability is selected as follows (Allahyari et al. 2017) 

(McCallum & Nigam, 1998): 

𝑃(𝑐𝑗 | 𝑑𝑖; ˆθ) =  
𝑃(𝑐𝑗|ˆθ)𝑃(𝑑𝑖|𝑐𝑗;ˆθ𝑗)

𝑃(𝑑𝑖|ˆθ)
 

 

3.1.2 Nearest Neighbour Classifier 

 

A classifier that is based on closeness and relies on measures based on distance is defined as 

the nearest neighbour classifier (Allahyari et al. 2017). Based on resemblance methods, the 

documents are more probable to be close to each other or similar if they are part of the same 

class (Allahyari et al. 2017). Different similarity methods have been considered. One method is to 

calculate the number of similar words in two files. To take into consideration files having various 

lengths, this needs to be regulated (Hotho et al. 2005). The class descriptions of the documents 

that are alike in the training set has helped in the classification of the test document. The method 
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is referred to as the “k-nearest neighbour” since the “k-nearest neighbour” taken into consideration 

and the class label is regarded as the highly frequent class from the k neighbours (Allahyari et al. 

2017). Previous work on nearest neighbour classification showed that the error rate is not ever 

more than double the rate of optimal error (Hastie et al. 2001). Other work showed that k-nearest 

neighbour techniques have performed well (Joachims,1998). A weakness that was noted from 

previous work was the classification computational time needed to establish the document 

similarity with regards to the training set’s other documents (Hotho et al. 2005). 

 

3.1.3 Decision Tree classifiers 

 

Decision trees are defined as classifiers that are made of a set of guidelines which are employed 

in a consecutive way and ultimately generate a decision (Hotho et al. 2005). They are also known 

as training instances hierarchical trees such that data is split hierarchically with an attribute value 

restriction (Allahyari et al. 2017). The training data set is repetitively divided into minor portions 

by the decision tree based on test groups distinct at every branch or node (Friedl & Brodley,1997). 

There is a training instance attribute test on every tree node. In addition, an attribute value is 

linked by a branch falling from the node (Allahyari et al. 2017). The recursive method starts by 

attribute testing at the root node and then based on the attribute value on specific instance, the 

method descends the tree branch (Mitchell,1997). Terms in text define the decision tree 

conditions when the data is text data. The existence and non-existence of a specific term in a text 

document affects how a node may be portioned to its children. Decision trees have been applied 

in accordance with boosting methods (Allahyari et al. 2017). Previous work has studied how 

boosting methods may enhance the decision tree classification accuracy (Schapire & 

Singer,2000). The benefit of decision trees is that the result tree is not difficult to understand even 

if user implementing it is not acquainted the model features. The model tree structure presents 

the user with a combined point of view of the classification reasoning and thus is regarded as 

valuable knowledge (Inzalkar & Sharma, 2015). One of the issues of decision trees approaches 

is “over fitting”. Over fitting occurs when there is a substitute tree that can classify the training 

data worse, but classifies better the documents to be classified later (Niharika et al. 2012). 
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3.1.4 Support Vector Machines 

 

An example of a conducted learning categorization algorithm widely applied in text categorization 

is called Support Vector Machines (SVM) (Allahyari et al. 2017). According to certain document 

features’ linear combinations value, a categorisation decision can be made. Thus, these 

classifiers are referred to as “Linear Classifiers”. The linear predictor is shown as follows: 

𝑦 = �⃗�. �⃗� + 𝑏 

The frequency vector of the word document is �⃗�. b is the scalar while �⃗� coefficients vector 

(Allahyari et al. 2017). Between different classes, good linear separators are searched for 

(Vapnik,2000). A positive and negative class are split by a single support vector machine (Hotho 

et al. 2005). A hyperplane is sought, having a distance known as margin “ξ” from the positive 

instances and negative instances. Documents called support vectors indicate the real location of 

the hyperplane when the distance between them is “ξ”. A benefit of SVM technique is that the 

learning process does not depend on the feature space dimensions (Allahyari et al. 2017). Since 

SVM picks support vectors necessary for the categorization, feature collection is hardly required 

(Hotho et al. 2005). Because text data has little unrelated features and because of its scarce great 

dimensional form, it was a perfect option for SVM categorization (Joachims,1998). In addition, the 

categorisation accuracy has minimum impact on text data while a kernel function has been used. 

While overfitting might occur, slightly better precision and recall is observed when kernels with 

feature space of great dimensions are applied (Hotho et al. 2005). 

 

3.1.5 Name Networks 

 

Name Network Algorithm is made up of node discovery and tie discovery. In node discovery, the 

algorithm eliminates “stop-words” and then normalises all remaining words by removing all 

“special symbols” from the start and the end of these words. For the rest of the words, the 

algorithm depends on a dictionary of names and a group of linguistic guidelines derived manually 

(Soussan & Trovati, 2019). The algorithm depends on “context words” that frequently show 

personal names to discover names that might be found in the dictionary. It also eliminates word 

sequences of more than three capital words in order to eliminate words that are part of institutes 
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(Soussan & Trovati, 2019). Finally, after all relations have been generated with their total 

confidence levels, the algorithm goes through all the posts once again to change those names 

found in the body of the posts that have been related to an email at least. If in any case the name 

has more than one email, the algorithm will use the email with the maximum level of confidence 

(Soussan & Trovati, 2019). 

 

3.2 Implementation and Validation of the Algorithms to Assess Decision Models.  

 

To collect data sets, certain software components had to be defined, installed, and implemented 

for them to be connected and work together to result in these data sets. To access the tweets 

posted and create the datasets, a Twitter API (Twitter API Overview) was implemented. This API 

gives the right to use public status, retweets and tags produced from public Twitter accounts. To 

get access to this information on Twitter, the Open Authentication (OAuth) standard was used. 

An open-source library with valuable functions for Twitter mining, called “Tweepy” 

(Tweepy/tweepy, 2016), was also installed. Finally, the Consumer Key, Secret and Access 

Tokens were added to the script to get proper authorisation from Twitter to have the right to use 

Twitter API. Using Twitter, the API requests authentication was implemented with OAuth. The 

application then produced a Consumer key (API Key) and a Consumer Secret (API Secret). The 

application used both to create an exclusive Twitter link to be granted authentication. Afterwards, 

the unique Access Token and a unique Access Token Secret were produced and once granted, 

the API calls can then be issued. Finally, the “Tweepy” library, the Consumer key (API Key), 

Consumer Secret (API Secret), the Access Token, and the unique Access Token Secret were all 

inputted to the script and thus the datasets were able to be extracted. The output that comes from 

using Tweepy can be used as datasets in different text mining techniques. 

In this work, many datasets have been used for training and validation. One of datasets selected 

contains tweets that were extracted from the official Twitter account for a University of Derby 

online community. This dataset helped find developing themes of discussions by University of 

Derby students specifically. Another dataset used was a training dataset which contained tweets 

collected from different Business Twitter accounts to train the SUED model. Furthermore, two 

datasets were used for validation of the SUED model and its enhancements. They were extracted 

from a supermarket chain Twitter account. The first dataset was before the start of the COVID-19 

pandemic up until 17 February 2020. The second dataset was after the start of the COVID-19 
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pandemic up until 12 June 2020. Finally, a dataset was extracted from SAP Twitter Account to 

monitor users’ sentiments towards their products. 

The below are two examples of tweets from the datasets that were used: 

 - “@Morrisons And just tried the frozen gluten free doughnuts, warmed in the oven they  

    are amazing!” 

 - “Really impressed by @Morrisons valentines meal deal! #lush #morrisons” 

 

Internet Community Text Analyzer (ICTA) on Netlytic (Gruzd,2016) was used to analyse twitter 

data (Soussan & Trovati, 2019). ICTA uses the Name Network approach and Name Alias 

Resolution Algorithm. It was validated on data related to University of Derby as a business entity. 

This organization’s Twitter account was selected to see if a positive perception from the public 

can be utilized to provide recommendations on how it can enhance its resources (Soussan & 

Trovati, 2019). The University of Derby’s Twitter account was inspected to see how its community 

members communicate using it. This was done to explore the developing themes of discussions 

amongst University of Derby’s online communities using a University of Derby’s Twitter dataset 

(Soussan & Trovati, 2019). 

The experimental environment used for this work was a Windows 10 Pro laptop with a processor 

of AMD E-300 APU with Radeon™ HD Graphics 1.3 GHz. The installed memory (RAM) is 6.00 

GB. The System type is 64-bit Operating System, x64-based processor (Soussan & Trovati, 

2019). The data size for a data set can reach up to 3240 of the most recent tweets since this is 

the maximum number allowed using this method and Twitter API. This data set was selected 

because it represents an official Twitter account for a University of Derby online community 

(Soussan & Trovati, 2019). 

Text pre-processing has been applied in order to make sure that the format of data has a constant 

format that should be followed. A cloud-based text and social networks analyzer (Gruzd,2016) 

was used to execute text analysis and network analysis for the data set after pre-processing was 

performed (Soussan & Trovati, 2019). 

 Key Extractor is a tool for text analysis, which helps to detect prevalent themes or topics in a 

dataset by calculating the word frequency in it (Gruzd,2016). In addition, this tool calculates the 

number of unique words found by eliminating all common words from a “list of stop-words” in 

eighteen languages. It then calculates the total number of messages where every word exits. 
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Upon picking a word or topic that was one of the top words or topics, Keyword Extractor allows 

the researcher to see that word highlighted in context of all the tweets that had it with the date 

and time it was posted (Soussan & Trovati, 2019).  

Another tool utilized was Manual Catagories for text analysis, which helps generate categories of 

words and phrases to symbolise wider notions like positive versus negative words (Gruzd,2016). 

The categories can be generated manually by a user, or automatically by Netlytic if this tool is 

being used for the first time for a designated dataset. It automatically detects and calculates which 

tweets in a dataset belong to which category. (Soussan & Trovati, 2019). 

The results were shown as a “Treemap visualization”. Network Analysis used is a communication 

network constructed from detecting and extracting individual names in the tweets. It also allows 

detecting ties in name networks through linking a tweet sender to all the names existing in the 

sender’s tweets. It calculates the number of nodes and the number of ties. It also calculates the 

number of names detected, which is equal to the number of single personal names that Netlytic 

detected in this dataset. The results were shown below (Soussan & Trovati, 2019). 

 

 

Figure 5. Number of posts for DerbyUni between February 2014 and December 2015 (Soussan & Trovati, 

2019) 
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Figure 6. Treemap of the DerbyUni tweets categories (Soussan & Trovati, 2019) 

 

 

Figure 7. Name network of DerbyUni (Soussan & Trovati, 2019) 
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Figure 5 shows that the highest number of posts were in the month of August. This can be justified 

since this month is right before the start of the academic year, which starts in September, and 

most university posts about open days will be close to that month (Soussan & Trovati, 2019). 

Figure 6 shows sentiment analysis that was carried out based on the most common concepts. 

Figure 7 included 5 clusters that represent the name network for DerbyUni where each cluster 

contains tweets connected to each other and most of the tweets include a common name 

(Soussan & Trovati, 2019).  

In this work, sentiment analysis has been performed where tweets were categorized as positive 

and negative. Some challenges were faced such as tweets not being able to be classified. Other 

challenges faced were incorrectly classified tweets due to domain dependency. There was also 

a challenge with subjectivity detection (Soussan & Trovati, 2019). 

In this work, Figure 5 shows that the highest number of posts between the start of 2014 and end 

of 2015 was in August, before September when the academic year is about to begin and open 

day posts occur during that period. Thus, the page needs be active in other months of the year 

which can support students and staff. Figure 6 shows sentiment analysis that was performed to 

detect the most common categories extracted from the DerbyUni Twitter Account. This helped to 

see the sentiments of students and staff throughout that period. Figure 7 included 5 clusters that 

represent the name network for DerbyUni Twitter Account where each cluster contains tweets 

connected to each other. This will help discover the common name between the tweets which is 

helpful since tagging accounts can help broadcast any message to a larger group of students. 

 

3.3 SUED Model (Integration of Novel Approaches with Existent Techniques) 

 

The last years have witnessed many previous works on sentiment analysis classifier.  The internet 

has a lot of data that can show hidden public opinion and sentiment which can be challenging 

(Mukherjee & Bhattacharyya, 2013). The sentiments that it can show can be positive or negative. 

This classifier has been used on my applications mentioned in literature review earlier such as 

movie and product evaluations, identifying antagonistic mail with inappropriate language, spam 

discovery, and context sensitive information detection (Pang et al., 2002).  

The emotion classification classifier has also been used in previous work. Extracting emotions in 

text is very hard for two reasons. First, feelings can be implied and activated by precise actions 
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or circumstances. Second, gathering different emotions based on keywords can be very difficult 

to detect (Janssens et al., 2013) (Wang et al., 2012). Still, Twitter is a good platform to extract 

data for text categorization. Automatic text classification is hard for a computer due to the huge 

number of words. The categorization of tweets is even more difficult due to the restriction on the 

number of words in a tweet (Janssens et al., 2013). Some previous work was done on classifying 

blog text taking into consideration the mood described by its writer. It considered diverse textual 

structures like frequency number of words, “emotional polarity of posts”, post size, PMI, 

highlighted words and special symbols like emoticons and punctuation marks (Mishne, 2005).  

The Urgency detection classifier has also been used in previous work for classifying urgency in 

text which might not be easy. Previous work shows a social network-based solution that can 

observe multiple social networks to detect keywords, urgency ratings, the request owner’s 

identity, date, and time (Chavez et al., 2013). It also governs which posts or chats are crucial, and 

sorts and grades pending vital matters time (Chavez et al., 2013). 

The methods used in this novel approach were based on three classifiers which were sentiment 

analysis, urgency detection, and emotion classification. These three classifiers were combined 

into one model such that the model and its further enhancements were based on different 

algorithms such as Support Vector Machines algorithm and Naive Bayes algorithm. The models 

had some parameters which needed to be tuned such as n-gram and max features so that the 

performance of the models can be measured and assessed in terms of accuracy, F1 score, and 

categories confidence numbers. 

In this novel work, a learning model was established which can accommodate sentiment analysis, 

emotion classification, and urgency detection classifiers simultaneously. This learning model was 

called Sentiment Urgency Emotion Detection (SUED) and was deployed as a combination of the 

three classifiers (Soussan & Trovati, 2020 A). This custom model was created with the support of 

Monkey Learn API (Monkey Learn,2013) based on multiple classifiers. The Monkey Learn API 

supports client library for python programming language. Monkey Learn API allows to access the 

Monkey Learn Python Library which can be used for classification through the Classify API.  

Following the literature review that was done on different classification algorithms, the proposed 

model and its enhancements were implemented based on Support Vector Machines Algorithm 

and Naïve Bayes algorithms. SVM has been used because SVM has demonstrated very high 

accuracy for pattern recognition and text categorization (Goudjil et al., 2018). Previous work has 
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showed that SVM performs well for text categorization due to high dimensional input space, few 

irrelevant features, document vectors being sparse, and most text categorization problems are 

linearly separable (Joachims, 1998). SVM is able of efficiently process feature vectors of some 

10,000 dimensions, such that these are sparse. Previous work showed that SVM provide a fast 

and effective means for learning text classifiers (Leopold & Kindermann, 2002). Documents of a 

particular topic could be detected with high accuracy (Joachims, 1998). Naive Bayes algorithm 

has been used as well because it has been extensively used for text classification due to its 

simplicity and efficiency (Tang et al, 2016). It has been regarded as a model-based classification 

technique that presents competitive categorization performance for text classification (Tang et al, 

2016). Previous work showed that Naive Bayes technique is very well-known procedure for text 

categorization because of its efficient grating assumptions, fast and easy implantation (Abbas et 

al, 2019). Previous work also showed that Multinomial Naive Bayes is always an ideal technique 

for any sort of text categorization (spam discovery, topic classification, sentiment analysis) as it 

considers the frequency of the word into thought, and provides back better accuracy than just 

inspection for word occurrence (Abbas et al, 2019) 

The model is based on Support Vector Machines Algorithm. This algorithm is a controlled learning 

method (Pham et al., 2019) (Wang, 2005). It gives input-output mapping functions from a group 

of labeled training data (Wang, 2005) and is based on the statistical learning method (Pham et 

al., 2019).  

If it is a classification function, data inserted is transformed using nonlinear kernel functions to a 

high-dimensional feature space to be made more separable in contrast to the first input space 

(Wang, 2005). If the function is regression, it disregards any training data that is adequately 

adjacent to the model prediction (Wang, 2005). The N-gram range sets the type of features to be 

used to characterize texts (Monkey Learn,2013). The N-gram used for this model is Unigrams or 

words (n-gram size = 1) and Bigrams or terms compounded by two words (n-gram size = 2) 

(Monkey Learn,2013) (Soussan & Trovati, 2020 A). After the model have been created, the 

categories associated with the three classifiers which are sentiment analysis, urgency detection, 

and emotion classification were also created. Some categories were gathered from existing 

classifiers while others were created, and they have been put all together with the existing 

classifiers into the SUED model as shown in Table 3. 

 



66 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. Categories for the SUED model (Soussan & Trovati, 2020 A). 

4.    Design and creation of prototype 

 

This chapter will discuss the design and creation of the prototype of the novel learning model. It 

will include the evaluation of the model’s performance and usability. This chapter will also show 

how the model was validated on real-world data extracted from business organizations and how 

this model was tuned to improve its results. 

 

4.1 Data-driven identification and evaluation of performance and usability  

 

For SUED model to provide decisions and for the categorization of the sentiments, emotions, and 

urgencies to take action, it must be trained to understand information via data annotation. Manual 

annotation is the assignment of reading a specific preselected document and supplying further 

information known as annotations. An annotation can take place at any stage of a linguistic 

 

CATEGORIES 

Anger 

Features 

Complaint 

Positive 

Negative 

Pricing 

Feedback 

Request 

Happiness 

Sadness 

Hate 

Surprise 

Love 

Worry 
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component, such. document, paragraph, sentence, phrase, word, or character (Neves & Seva, 

2021). For each tweet in the training dataset, categorization and labeling of data is carried out 

manually through the process of utilizing metadata tags to emphasize on keywords or expressions 

to teach the model how to accurately identify and comprehend human emotions using words. The 

SUED model underwent training on multiple test tweets from different sources of Twitter accounts 

for the model to learn to link a specific input to the matching output (category) based on the test 

tweets used for training (Monkey Learn,2013) (Soussan & Trovati, 2020 A). 

 The experimental environment used for this work is a Windows 10 Enterprise laptop with a 

processor of Intel® Core ™ i5-8250U CPU @ 1.60GHz 1.80GHz. The installed memory (RAM) is 

8.00 GB. The System type is 64-bit Operating System, x64-based processor (Soussan & Trovati, 

2020 A). 

A training dataset of 501 tweets from different business Twitter accounts was considered as 

training data to feed and train the SUED model. Each tweet must be labelled to the suitable 

category or categories as this is the crucial for training the model (Monkey Learn,2013) (Soussan 

& Trovati, 2020 A). By classifying each of the 501 text samples and retagging text samples that 

might have been labelled incorrectly, the machine learning algorithm is being taught that for each 

input having specific keywords, a specific output category or categories is expected (Monkey 

Learn,2013) (Soussan & Trovati, 2020 A). For each classification, the model shows accuracy and 

F1 Score (precision and recall) as significant metrics to enhance the model.  

In this work, both F1 score and accuracy were considered as significant metrics of measurement 

for performance of the model. This is due to F1 score representing a harmonic mean of recall and 

precision. It is calculated as the ratio of double the product of recall and precision over the sum 

of recall and precision (Kim et al., 2014). Accuracy was also considered as well for this work since 

it helps while training the model to find the proportion of test tweets that were tagged with the 

correct classification (Kim et al., 2014). 

The accuracy is the percentage of test tweets that were matched with the correct category. It is 

calculated as the quotient of the correctly classified tweets by the total number of tweets in test 

data set. F1 score on the other hand merges both precision and recall (Kim et al., 2014) (Monkey 

Learn,2013). Recall is known as the proportion of positive sentiments which are correctly 

acknowledged while precision is the ratio between the numbers of correct sentiments predicted 

to the total number of matches predicted (Kim et al., 2014). Figure 8 showed the outcome of the 
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training the model on the training dataset. Once training the test samples is done, the accuracy 

and F1 Score were able to be raised to 77% and 83% respectively. The training process also 

resulted in a list of keywords shown in Figure 9. The keyword list gives an overview on how the 

training samples are being analyzed, showing the most related keywords (Monkey Learn,2013) 

(Soussan & Trovati, 2020 A). 

 

Figure 8. Accuracy and F1 Score metrics for training the SUED Model (Soussan & Trovati, 2020 A) 

 

 

Figure 9. Overall Keyword List from training the SUED Model (Soussan & Trovati, 2020 A) 
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4.2 Real-world validation carried out on actual Business Organizations  

 

In this section, the SUED Model results on different data sets and their analysis have been 
reviewed. In addition, this section also shows the enhancements done on SUED through ISUED 
and SUED2 Models at which their results are also revised. 

 

4.2.1 Statement of Results and Analysis for the SUED Model 

 

The SUED Model verification and validation was run on data related to a supermarket chain store 

as a business entity. This organization’s Twitter account was nominated to see the categories of 

the feedback from the customers of this chain which can be customer service reviews, product 

reviews, or suggestions to improve their service. Simultaneously, the model can categorize the 

chain’s reply feedbacks that either the customer service provided, or other individuals provided. 

Moreover, it can categorize the texts if they are urgent and require attention or not (Soussan & 

Trovati, 2020 A). 

The dataset used for validation had a data size of 2795 recent tweets where the store chain has 

been mentioned up until 17th of February 2020 (Soussan & Trovati, 2020 A). The data was imported 

into the model as a batch. When dataset was processed through SUED, it showed the category 

or categories for each tweet and its/their respective confidence value(s). The results of processing 

the data set showed 151 different single or combined categories (Soussan & Trovati, 2020 A).  

Figure 10 showed the top 20 categories having the highest number of tweets using the SUED 

Model. Figure 11 showed the top 10 categories percentages out of the total. It is observed that a 

lot of tweets from the dataset were categorized as Feedback. 15.03% of the tweets were 

categorized as positive feedback whereas 7.98% of the tweets were categorized as feedback and 

complaint. This model is helpful as it helps the business’s customer service to know the categories 

of the tweets so that they can follow up on the urgent issues or complaints and take into 

consideration any feedback or request coming from the customers. It also shows the feedback of 

the brand’s customer service to any complaints coming from clients (Soussan & Trovati, 2020 A).  

Some challenges were observed, for example, in Figure 10 and Figure 11, 93 tweets which 

constitute 3.33% of the entire dataset could not be categorized to any of the categories of the 

model. This might be because the model was not able to match any of the keywords in the tweets 
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to the categories of the model. Other challenges faced was tweets that might have not been 

correctly classified due to false positive or false negative in the tweets. Other challenges as well 

were 29 tweets which constitute 1% of the dataset showed irrelevant confidence numbers 

(Soussan & Trovati, 2020 A).  

For each tweet in the dataset, the SUED model calculated the confidence value for every single 

category that matched it. Afterwards, the average confidence values of all the categories for each 

tweet was then calculated. Based on this, the average confidence value of each of the top 10 

categories from Figure 10 can be calculated. It will be the average of the average confidences for 

all the tweets belonging to the same category. This can be observed in Table 4 as the lowest 

average confidence that was reached was 0.657 whereas the highest average confidence 

reached was 0.814. (blank) has been excluded since it does not give a confidence value (Soussan 

& Trovati, 2020 A). 

The thought process behind the experimental analysis was to learn the types of sentiments and 

emotions that the online community were expressing towards the business’s brand which would 

allow the business’ customer service to investigate the crucial matters or complaints and take into 

consideration any feedback or request coming from the customers. It also allows to monitor the 

correspondence of customer service on this feedback. The experimental analysis identifies the 

percentage of tweets in the datasets that were not able to be categorized or classified incorrectly 

due to false positive or false negative and to find the confidence values for the classifications. 

Thus, the rationality regarding Figure 10, Figure 11, and Table 4 was to show where the highest 

number of tweets were categorised into and to find the average confidence of each of the top 

categories which helps to compare the model and its enhancements in terms of performance and 

results.  
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Figure 10. Top 20 Categories having the highest number of tweets (Soussan & Trovati, 2020 A) 

 

 

 

Figure 11. Top 10 Categories percentages (Soussan & Trovati, 2020 A) 
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44.01%

15.03%

7.98%
6.15%

3.33%

2.15% 1.68% 1.50% 1.29% 1.14%

Feedback Feedback:Positive

Feedback:Complaint Features

(blank) Not Urgent:Feedback

Not Urgent Feedback:Not Urgent

Positive:Feedback Feedback:Surprise
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Table 4. Average Confidence of The Top 10 Categories (Soussan & Trovati, 2020 A). 

 

4.2.2 ISUED Model 

 

To enhance the SUED model from previous work (Soussan & Trovati, 2020 A), an improved 

learning model called Improved Sentiment Urgency Emotion Detection (ISUED) was deployed as 

a combination of three classifiers which sentiment analysis, urgency detection, and emotion 

classification. The ISUED model was implemented with Multinomial Naive Bayes algorithm 

(Soussan & Trovati, 2020 B). 

This algorithm has been broadly utilized in text classification and uses a parameter learning 

method called Frequency Estimate (FE), which approximates word probabilities by computing 

suitable frequencies from data (Su et al., 2011). It undertakes that a document is a bag of words 

and takes word frequency and information into consideration (Abbas et al., 2019). The main 

benefit of FE is that it is easy to use, often delivers rational forecast performance, and is effective 

(Su et al., 2011). Thus, Multinomial Naive Bayes is considered as a supervised learning method 

using a probabilistic technique (Isabelle, 2019). The N-gram used for this model is Unigrams or 

words (n-gram size = 1) and Bigrams or terms compounded by two words (n-gram size = 2) 

(Monkey Learn,2013). Like the SUED model, the same categories were created for ISUED model 

which are also associated as shown in Table 3 (Soussan & Trovati, 2020 B).  

 

Categories Average Confidence 

Feedback 0.752 

Feedback: Positive 0.735 

Feedback: Complaint 0.718 

Features 0.685 

Not Urgent: Feedback 0.657 

Positive: Feedback 0.748 

Feedback: Surprise 0.741 

Feedback: Complaint: Sadness 0.780 

Feedback: Positive: Request 0.814 

Feedback: Complaint: Negative 0.796 
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The same experimental environment will be used for this work (Soussan & Trovati, 2020 A), which 

is a Windows 10 Enterprise laptop with a processor of Intel® Core ™ i5-8250U CPU @ 1.60 GHz 

1.80 GHz. The installed memory (RAM) is 8.00 GB. The System type is 64- bit Operating System, 

x64-based processor (Soussan & Trovati, 2020 B). 

A training data set having 735 tweets from different business twitter accounts was fed to the 

ISUED model. Each tweet was labelled to the suitable category or categories as this is the crucial 

for training the model (Monkey Learn,2013). By classifying and retagging the test tweet data, the 

machine learning algorithm gained knowledge such that for each input having precise keywords, 

an explicit output category or categories is expected (Monkey Learn,2013). The metrics used to 

enhance the model are accuracy and F1 Score (precision and recall) similar to previous work 

(Soussan & Trovati, 2020 A). The result of training the model was seen in Figure 12 as the 

accuracy was raised to 73% and the F1 Score was raised to 77%. Training the model also resulted 

in a keyword list shown in Figure 13 that provides an outline on how the training data is being 

evaluated. It is displaying the most correlated keywords (Soussan & Trovati, 2020 B). 

 

Figure 12. Accuracy and F1 Score metrics for training the ISUED Model (Soussan & Trovati, 2020 B) 

 

 

Figure 13. Overall Keyword List from training the ISUED Model (Soussan & Trovati, 2020 B) 
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The ISUED model was run on the same dataset of previous work (Soussan & Trovati, 2020 A) for 

verification to check the results of the learning mechanisms along with the categories’ confidence 

numbers. Processing the dataset shows 219 different single or combined categories have been 

produced. Figure 14 shows the top 20 categories containing the largest group of tweets using the 

ISUED Model. Figure 15 displays the top 10 categories percentages out of the overall. It is shown 

that most of the tweets have been classified as “Feedback” category. Customer Service for this 

institute can benefit from this model since it provides them knowledge about the classifications of 

the tweets, the urgent complaints that might need assistance, the requests coming from 

customers, and the feedback (Soussan & Trovati, 2020 B).  

The model also provided the sentiment of the customer service feedback to any complaints. Some 

difficulties were noted, however some improvements on the previous model have been noted as 

well. In Figure 14 and Figure 15, 17 tweets which constitute 0.61% of the entire dataset could not 

be categorized to any of the categories of the model which might be due to the model not being 

able to match the keywords in the tweets to any of the groups (Soussan & Trovati, 2020 B). Still, this 

is less than the number of tweets that were not able to be categorized in previous work (Soussan 

& Trovati, 2020 A). Other challenges faced were tweets that may have not been properly grouped 

due to false positive or false negative in the tweets. Another problem faced as well was that 23 

tweets which constitute around 1% of the dataset showed irrelevant confidence numbers, 

however this is still less than the number of tweets that showed irrelevant confidence numbers in 

previous work (Soussan & Trovati, 2020 A) (Soussan & Trovati, 2020 B). 
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Figure 14. Top 20 categories containing the largest group of tweets (Soussan & Trovati, 2020 B) 

 

 

Figure 15. Top 10 categories percentages out of the overall (Soussan & Trovati, 2020 B) 
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For every tweet, the ISUED model computed the confidence value for each single category that 

matched it. Furthermore, the average confidence values of all the categories for each tweet was 

then calculated. Based on this, the average confidence value of each of the top 10 categories 

from Figure 14 was able to be reached (Soussan & Trovati, 2020 B). This was defined as the average 

of the average confidences for all the tweets belonging to the same category. Comparing the 

average confidence of the top 10 categories from Table 5 to the average confidence of the top 10 

categories from previous work in Table 4 (Soussan & Trovati, 2020 A), we notice that two of the 

top 3 categories had their average confidence improved (Soussan & Trovati, 2020 B). 

 

  

 

 

 

 

 

 

 

 

 

Table 5. Average Confidence of The Top 10 Categories (Soussan & Trovati, 2020 B). 

 

 

 

Categories Average Confidence 

Feedback 0.760 

Feedback: Positive 0.714 

Feedback: Complaint 0.756 

Features 0.584 

Features: Not Urgent: Love 0.526 

Positive: Feedback 0.700 

Positive: Feedback: Request 0.720 

Feedback: Complaint: Sadness 0.750 

Feedback: Positive: Request 0.778 

Complaint: Feedback 0.688 
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4.2.3 SUED2 Model 

 

To further enhance the SUED model from previous work (Soussan & Trovati, 2020 A), it was 

tuned to create another model called SUED2 and applied on tweets from two different periods of 

time, one before the start of the COVID-19 pandemic and the other after it started to monitor the 

effect of COVID-19 pandemic on the conversion of sentiments and emotions over time (Soussan 

& Trovati, 2020 C).  

Similar to SUED, the model was built using support vector machines algorithm which is regarded 

as a controlled learning method (Pham et al., 2019) (Wang, 2005). In SUED from previous work, 

the N-gram applied for this model is Unigrams or words (n-gram size = 1) and Bigrams or terms 

compounded by two words (n-gram size = 2) (Monkey Learn, 2013) (Soussan & Trovati, 2020 A). 

The Max features for this model is 10,000 which adjusts the maximum number of features to be 

used to characterize texts in the training/classification process and impacts the computation 

resources required to train the model (Monkey Learn, 2013) (Soussan & Trovati, 2020 A) 

(Soussan & Trovati, 2020 C). 

To enhance the model, SUED will be tuned to create another model SUED2 such that the N-gram 

applied for this model is Unigrams, Bigrams and Trigrams or terms compounded by up to three 

words (n-gram size = 3) (Monkey Learn, 2013). In addition, the Max features will be doubled to 

20,000 to improve results (Soussan & Trovati, 2020 C). Like the SUED and ISUED model, the 

same categories were created for SUED2 model which are also associated as shown in Table 3 

(Soussan & Trovati, 2020 C). 

The same experimental environment was used for this work as from previous work (Soussan & 

Trovati, 2020 A). This model was applied on tweets from two different periods T1 and T2 related 

to the same supermarket chain store as a business entity, T1 before the start of the COVID-19 

pandemic (Soussan & Trovati, 2020 A) and T2 other after it. In addition to monitoring the reviews, 

product reviews, or ideas, this model checked the urgency of the tweets. SUED2 was also applied 

on period T2 to monitor enhancement of the results (Soussan & Trovati, 2020 C). 

 

Two data sets were used for this work. The first data set was of data size 2795 recent tweets 

where the store chain brand has been mentioned before the start of the COVID-19 pandemic up 

until 17 February 2020. The second data set was of data size 2,795 recent tweets where the store 
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chain brand has been mentioned after the start of the COVID-19 pandemic up until 12 June 2020 

(Soussan & Trovati, 2020 C). 

Like previous work (Soussan & Trovati, 2020 A) (Soussan & Trovati, 2020 B), the model was fed 

with training data to enhance its performance. The machine learning algorithm learns through 

tagging and retagging of the sample tweets of the training data that there is a specific category or 

categories expected because of an input have specific keywords (Monkey Learn, 2013). Similar 

to previous work, enhancing the model required improving two substantial metrics which accuracy 

and F1 Score (precision and recall) (Soussan & Trovati, 2020 C). 

Two batches for T1 and T2 were imported to SUED each having 2,795 tweets. Processing the 

data sets will provide the category or categories for each tweet and its/their respective confidence 

value(s). A total of 151 and 155 single or combined categories have been produced for T1 and 

T2, respectively, for SUED. 162 single or combined categories have been produced from T2 for 

SUED2 (Soussan & Torbati, 2020 C). Figure 16 shows the Top 20 Categories having the highest 

number of tweets for T2 for SUED. Figure 17 shows the Top 10 Categories percentages for T2 

for SUED. Figure 18 shows the Top 20 Categories having the highest number of tweets for T2 for 

SUED2. Figure 19 shows Top 10 Categories percentages for T2 for SUED2 (Soussan & Trovati, 

2020 C). 

Like previous work, the average confidence is calculated. The average confidence of the top 10 

categories for T2 for SUED is observed in Table 6. The average confidence of the top 10 

categories for T2 for SUED2 is observed in Table 7 (Soussan & Trovati, 2020 C). 
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Figure 16. Top 20 Categories having the highest number of tweets for T2 for SUED. (Soussan & Trovati, 

2020 C) 

 

 

Figure 17. Top 10 Categories percentages for T2 for SUED (Soussan & Trovati, 2020 C) 
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Figure 18. Top 20 Categories having the highest number of tweets for T2 for SUED2 (Soussan & Trovati, 

2020 C) 

 

 

Figure 19. Top 10 Categories percentages for T2 for SUED2 (Soussan & Trovati, 2020 C) 
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Table 6. Average confidence of the top 10 categories for T2 for SUED (Soussan & Trovati, 2020 C). 

 

 

 

Table 7. Average confidence of the top 10 categories for T2 for SUED2 (Soussan & Trovati, 2020 C). 

 

 
Upon analyzing the results, most of the tweets have been classified as “Feedback” category. 

For SUED, the number of tweets which were categorized as “Feedback and Positive” have 

decreased by 15.57% while the number of tweets which were categorized as “Feedback and 

Complaint” have increased by 37.13%. Thus, the sentiments of users around this brand have 

converted over time more towards negativity (Soussan & Trovati, 2020 C). 

One of the main factors for this can be the COVID-19 pandemic. Comparing Tables 6 and Table 

7 shows that upon the increase of the Max features, higher confidence numbers were shown by 
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6 out of 10 of the top 10 categories for T2. As many retail stores have temporarily closed during 

the pandemic, most customers had shifted towards online shopping and making their orders 

through e-commerce (Soussan & Trovati, 2020 C).  

As a result, more orders have been made online, which might have been more than the institute 

can accommodate. With the quarantine and huge number of orders, these orders might not have 

been received on their expected delivery dates, thus customers were not satisfied, and more 

complaints would have been tweeted, with less compliments (Soussan & Trovati, 2020 C). 

Some difficulties were noted. 93 tweets in T1 and 69 tweets in T2 which constitute 3.33% and 

2.47% of their respective entire data sets could not be categorized to any of the categories of 

SUED which might be due to the model not being able to match the keywords in the tweets to any 

of the groups. Other challenges faced were tweets that may have not been properly grouped 

because of false positive or false negative in the tweets. Another problem faced as well was that 

29 tweets in T1 and 34 tweets in T2 which constitute around 1% of their data sets showed 

irrelevant confidence numbers (Soussan & Trovati, 2020 C). 

Overall, many observations can be concluded after SUED model and its enhancements have 

been applied on the same dataset with the same environment. Comparing SUED with ISUED, 

the number of tweets that were not able to be categorized in ISUED was less than the number of 

tweets that were not able to be categorized in SUED. Moreover, the number of tweets with 

irrelevant confidence numbers in ISUED was less than the number of tweets with irrelevant 

confidence numbers in SUED. Finally, it was observed that top 3 categories from ISUED had their 

average confidence improved from SUED. Thus, it can be concluded that ISUED performed better 

than SUED. 

When comparing SUED with SUED2 on the same dataset (T2) with the same environment, it was 

noticeable that the increasing of the max features in SUED2 was helpful since higher confidence 

numbers were shown by 6 out of 10 of the top 10 categories extracted from the dataset. Thus, it 

can be also concluded that SUED2 performed better than SUED. 

4.2.4 SUED for COVID-19 Social Media Data Misuse 

 

COVID-19 has been a trending topic for the online community discussions. This topic’s social 

media data may contain false information that can be misused. In this work, social media data 
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misuse and ways to avoid it shall be reviewed. SUED from previous work shall also be applied on 

a recent Twitter dataset mentioning “COVID-19” topic (Soussan & Trovati, 2020 A). This work will 

help to monitor the sentiments and emotions that can be observed around this topic (Soussan & 

Trovati, 2021 C). 

SUED from previous work (Soussan & Trovati, 2020 A) will be used to analyze previous 

“COVID19” Twitter Data. The model was based on Support Vector Machines Algorithm. The N-

gram used for this model is Unigrams or words (n-gram size = 1) and Bi-grams or terms 

compounded by two words (n-gram size = 2). The categories used in this model are shown in 

Table 3. Similar experimental environment from previous work is used for this work (Soussan & 

Trovati, 2021 C). The data size for a data set is 1122 recent Tweets where “COVID-19” has been 

mentioned up until 15th of June 2021. Figure 8 shows the outcome of the training the model on 

the training dataset. Once training the test samples is done, the accuracy and F1 Score were able 

to be raised to 77% and 83% respectively. The training process also resulted in a list of keywords 

shown in Figure 9. The keyword list gives an overview on how the training samples are being 

analyzed, showing the most related keywords (Soussan & Trovati, 2020 A). 

1122 recent tweets where the “COVID-19” has been mentioned were imported to the model as a 

batch. Processing the dataset shows the category or categories for each tweet and its/their 

respective confidence value(s). The results of processing the data set showed 117 different single 

or combined categories (Soussan & Trovati, 2021 C). Figure 20 shows the top 20 categories 

having the highest number of tweets using the SUED Model. Figure 21 shows the top 10 

categories percentages out of the total. It is observed that a lot of Tweets from the dataset were 

categorized as Feedback. Out of the 117 different categories, approximately 7.69% of the single 

or combined categories contained “positive category” whereas approximately 64.95% of them 

contained “complaint category” (Soussan & Trovati, 2021 C). Some challenges were observed in 

this work, for example, in Figure 20 and Figure 21, 89 tweets which constitute 7.93% of the entire 

dataset could not be categorized to any of the categories of the model. This might be because 

the model was not able to match any of the keywords in the tweets to the categories of the model. 

Other challenges faced were tweets that might have not been correctly classified due to false 

positive or false negative in the tweets (Soussan & Trovati, 2021 C). 

For each tweet in the dataset, the SUED model calculates the confidence value for every single 

category that matches it. Afterwards, the average confidence values of all the categories for each 

tweet is then calculated. Based on this, the average confidence value of each of the top 10 
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categories from Figure 20 can be calculated. It will be the average of the average confidences for 

all the tweets belonging to the same category. This can be observed in Table 9 as the lowest 

average confidence that was reached was 0.460 whereas the highest average confidence 

reached was 0.854. (BLANK) has been excluded since it does not give a confidence value 

(Soussan & Trovati, 2021 C). 

 

Figure 20. Top 20 Categories having the highest number of tweets for SUED on Twitter data mentioning 

“COVID-19” (Soussan & Trovati, 2021 C) 
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Figure 21. Top 10 Categories percentages for SUED on Twitter data mentioning “COVID-19” (Soussan & 

Trovati, 2021 C) 

 

 

Categories AVERAGE CONFIDENCE 

Feedback 0.673 

Features 0.736 

Feedback: Complaint 0.681 

Pricing:Worry:Anger:Complaint:Feedback 0.854 

Feedback:Positive 0.723 

Positive:Feedback 0.460 

Features:Complaint 0.646 

Positive 0.622 

Feedback:Complaint:Worry 0.641 

Features:Pricing 0.674 

  

 

Table 9. Average confidence of the top 10 categories for SUED on Twitter data mentioning “COVID-19” 

(Soussan & Trovati, 2021 C). 
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4.3 Identification of Potential Product to be Marketed Professional 

 

As businesses are having growth of data, there was a need to manage their data in a central 

relational database. Thus, Enterprise Resource Planning (ERP) systems were created and 

running using such databases. ERP systems structure and store data that comes from many 

business transactions. Institutes selling ERP systems often use social media to promote their 

products and services, notify and educate clients about upcoming promotions, and keep in touch 

with their direct market from anywhere. It can also be a good source of information to monitor 

customer sentiments related to such software (Soussan & Trovati, 2021 B).  

 ERP systems assimilate all functional parts of an institute (Chou et al., 2005). These systems 

contain a database which functions as a center to establish and arrange big amounts of data for 

everyday business use (Elragal, 2014). The data that these systems contain can be historic data 

or forecast data. ERP shows only what has previously occurred instead of what is occurring or 

will happen and is perceived as an obstacle in business circumstances for decision making (Babu 

& Sastry, 2014). One of the leaders in the market in software for enterprise application is SAP 

(Wan & Hou, 2012). SAP products can be used for Internet of things (IoT) in the sense that 

companies can get data from devices and then transferring the data to analytics, or ERP. On the 

other hand, an example of unstructured data occurring now is microblogging which constitutes 

part of Big Data (Kanimozhi & Venkatesan, 2015). Applying sentiment analysis on feedback on 

usage of ERP systems can help enhance the functions of these systems (Soussan & Trovati, 

2021 B). 

In this work, SUED (Soussan & Trovati, 2020 A) has been implemented on the Twitter account of 

an enterprise application software (EAS) institution which is SAP. The aim is to be able to 

categorize tweets on sentiments, urgency, and emotions. Thus, the model will see if the tweets 

have a sentiment, will detect if there are emotions in them, and will see if they are urgent. This 

will help detect the satisfaction or the discontent of online communities around SAP product(s) 

(Soussan & Trovati, 2021 B). 

The model was previously trained to have a good accuracy and F1 score for it to be able to 

correctly categorize tweets regarding SAP products, check what sentiments and emotions can be 

detected regarding these products, and check how urgent the tweets are. This work could help 

identify a webservice that can be added to SAP products to check the sentiments and emotions 
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from customers in order to improve the quality of the services offered through their products and 

to take into consideration any bugs or suggestions being noted (Soussan & Trovati, 2021 B). 

Like previous work (Soussan & Trovati, 2020 A), for the SUED model to learn to link specific input 

to matching output (category) and thus improving the accuracy and F1 score, the model was 

trained on multiple test tweets from different sources of Twitter accounts (Soussan & Trovati, 2020 

A) (Monkey Learn,2013). The model was run on the SAP Twitter account to monitor the categories 

that the tweets belong on and their respective confidence number (Soussan & Trovati, 2021 B). 

The task here was to observe the categories of the feedback from the SAP stakeholders which 

can be customer service, reviews, product reviews, or suggestions to improve their products and 

services. At the same time, the model categorized the texts to check if they are urgent and if they 

need consideration or not (Soussan & Trovati, 2021 B). 

A similar experimental environment was used for this work as previous work (Soussan & Trovati, 

2020 A). 

The model was run on a dataset having the SAP Twitter account. 2099 recent Tweets where SAP 

has been mentioned were imported to the model as a batch. Processing the dataset shows the 

category or categories for each tweet and its/their respective confidence value(s) (Soussan & 

Trovati, 2021 B).  

The results of processing the data set showed 44 different single or combined categories. Figure 

22 shows the top 20 categories having the highest number of tweets using the model. Figure 23 

shows the top 10 categories percentage out of the total. The results show that a lot of tweets were 

categorized as Features. This means that most of the posts can be related to promoting the 

product(s) and can discuss current features and upcoming features of the product(s) (Soussan & 

Trovati, 2021 B).  

This model is helpful as it helps to know the sentiments of the clients towards the product(s) and 

the sentiments of the replies from the customer service and how urgent they are. Compared to 

previous work, most tweets in this work were grouped as “Features” whereas in previous work 

most tweets were categorized as “Feedback”. This shows that most tweets related on the SAP 

products on this page are related to features like price and promotions rather than being related 

to customer feedback, reviews, or suggestions (Soussan & Trovati, 2021 B). 
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 Some challenges were noticed. 25 tweets which make up 1% of the dataset were not able to be 

clustered into a category. The reason might be because the model was not able to match any 

keywords in each of the tweets to any of the categories. Other challenges faced was tweets that 

might have not been correctly classified due to false positive or false negative in the tweets 

(Soussan & Trovati, 2021 B).  

Other challenges faced were tweets that were classified to more than a category, but not all the 

categories they were classified to are correct, thus they partially fit the category. This can be 

observed in Table 8 as the lowest average confidence that was reached was 0.690 whereas the 

highest average confidence reached was 0.862 (Soussan & Trovati, 2021 B). 

In this work, Figure 8 and Figure 12 showed the outcome of the training the model on the training 

dataset through measuring the performance in terms of accuracy and F1 Score. The training 

process also resulted in a list of keywords in Figures 9 and Figure13 which gives a summary on 

how the training examples are being evaluated, showing the most associated keywords. Figures 

10, 11, and 14-23 showed the top categories having the highest number of tweets and their 

percentages which will help to detect the most common sentiments, emotions, and urgencies in 

each dataset. 
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Figure 22. Top 20 Categories having the highest number of tweets (Soussan & Trovati, 2021 B) 

 

 

Figure 23. Top 10 Categories percentages (Soussan & Trovati, 2021 B) 
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Table 8. Average confidence of the top 10 categories (Soussan & Trovati, 2021 B). 

4.4 Contributions 

During this work, data analytics techniques that result in the most suitable actionable information 

about business corporations have been discussed and reviewed in order to enhance current data 

analytics procedures performed on previous business organization data sets. This has been 

fulfilled in this work by a novel data analytics approach based on a learning model which can 

accommodate three current methods together into one, which are sentiment analysis, emotion 

classification, and urgency detection. By refining parameters, the results of the enhanced 

approaches were compared to previous ones to investigate the accuracy and correctness of the 

results. Data confidentiality for business corporations has been preserved. This has been fulfilled 

in this work as the novel approach was able to discover patterns between the data sets without 

an unauthorized data breach. Novel methodologies to investigate and assess the employees’ 

experience at their corresponding workplaces were developed. This has been fulfilled in this work 

as the novel approach data analysis can provide recommendations on what needs to be 

addressed in the businesses to offer better services and benefits to their employees. The 

importance of ERP systems, for companies in facilitating the management of their resources in 

the most optimal way, has been discussed. The new approach can be integrated with ERP 

systems to enhance their systems so that the stakeholders can know the sentiments of their 

customers.   
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5.    Conclusions and recommendations  

 

Throughout this work, the most appropriate data analytics methods for providing the most 

appropriate actionable information about business organizations have been reviewed and 

discussed. A deep understanding of of how big organizations can make use of their social media 

data to generate planned and operational decisions has been researched through the study, 

assessment, and appraisal of novel data science approaches.  

Numerous tools and parameters essential for evaluating the data have been taken into 

consideration. Social platforms were used to generate unstructured qualitative data for the work 

done. Current data analytics methods performed on previous business organization data sets 

were discussed and reviewed. This work provided a novel data analytics approach through a 

learning model which can accommodate three current methods together into one.  

The combined approaches were sentiment analysis, emotion classification, and urgency 

detection. This research showed many enhancements of this new approach as objective was to 

refine the parameters and enhance the current state-of-the-art methods to provide better insights 

into the workflow of business organizations. In addition, the results of the enhanced approaches 

were compared to previous ones to investigate the accuracy and correctness of the results. 

Data from business organizations usually contains personal information that should not be 

disclosed. The novel approach from this work was able to find patterns between the data sets 

without allowing this data to be breached by any unauthorized personal. This approach follows 

appropriate rules and regulations that ensure recommendations on improving employees’ 

workflow is reached without jeopardizing the security of the data.  

The results from analysis of the data through this novel approach can provide recommendations 

on what requires to be addressed in the organizations in order for them to provide better services 

and benefits to their employees. Furthermore, managements of these organizations may 

potentially utilize the outcomes of this research to address issues, which are likely to negatively 

affect the employees. Moreover, social media platforms should come up with ways to minimize 

the spread of false information over their platforms in order to minimize the misuse of their data. 

Most businesses are shifting towards ERP systems because they can facilitate the management 

of their resources in the most optimal way. The new approach can be integrated with ERP systems 
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to enhance their systems so that the stakeholders can know the sentiments of their customers.  

The data reports that these systems provide can be integrated to enhance the organization of the 

workflow of the companies from a financial as well as a human resource point of view. 

Some limitations throughout this work have been observed. One limitation was that Twitter API 

does not allow the extraction of more than 3240 of the most recent tweets out of business Twitter 

account in order to create a dataset. Another limitation noticed was throughout the training phase 

of the SUED model. While training the model, each test tweet inputted will be linked to a matching 

category which will help enhance the accuracy and F1 Score. The limitation noticed was that after 

inputting 501 test tweets while training the model, the accuracy was raised to 77% and the F1 

score was raised to 83% after which both were not able to be raised further. There is a plan to 

improve and investigate this in future research. 

Future work will focus on the automatic data annotation instead of manual data annotation since 

it will provide quicker text labeling or categorization. This suggests adding a heuristic technique 

at which the training dataset goes through a sequence of predefined policies or conditions to 

authenticate a specific category. Those conditions will be predefined before training. After this 

technique is completed, the results can be validated and optimized by the users.  

The improvement of SUED and its models will be investigated via fine-tunning further parameters 

such as n-gram range, max features, and tagging strategy with different algorithms during the 

model implementation. This might allow to input more test tweets during training so the accuracy 

and F1 score can be further improved. 

Furthermore, different social media platform datasets for the same business organization will be 

considered. This can help compare sentiments of same businesses on different social media 

platforms to compare costumers’ and employees’ sentiments over these platforms. 

Future work can involve training the model on a larger dataset so that it has a larger accuracy 

and F1 Score. This can help result in more correct classification for tweets and less unclassified 

tweets. This can also help get more relevant keywords to better associate categories to tweets. 

In addition, future work can involve creating a webservice on SAP products that creates a 

customer service log for customer feedback which also can be integrated with sentiment analysis 

in-order monitor SAP customer feedback and enhance their products based on suggestions that 

might come in. 
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