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Abstract 

The following research examines language patterns used in Tweets such as combination of 

words, sentences and sentiment of words. The purpose of the research is identifying two 

groups of social media users on the basis of the language used by them. For this purpose, 

textual data is used to classify groups of users – “Heavy/Addicted Users” and “Normal 

Users”. Further, we explored how big data brings value in the field of research – addiction 

and how health care services can benefit from it.   

The CRIPS-DM methodology for data mining was employed to ensure systematic process of 

the steps involved. Two approaches were taken in the paper – automatic and manual 

analysis. For the automatic analysis – regression model was applied on already scraped 

Twitter data and bag-of-words representation to investigate language patterns. For the 

manual analysis – example of tweets were used, a method involved identification of specific 

language such as use of interjections, exclamation marks, tweets in capital letters. 

Therefore, the aim is to find language patterns which are used by “Addicted/Heavy” users 

and “Normal” users. 

Findings show that it is possible to identify language patterns from textual data in order to 

classify Twitter users in two groups. However, in order to do that, we would need a context 

and additional information about the tweets from users. Some of the words they used might 

mean different things depending on in what context the person uses this word.  

Additionally, we applied machine learning model to predict social media addiction based on 

the Tweets. When comparing the two approaches – machine learning performed well in 

terms of accuracy; however, when analysing language, it was evident that the manual 

analysis resulted in better identification of language patterns. This process was applied to 

only three users, for future work we suggest this is applied to more users.  
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Introduction  

“Is Trump a Twitter addict?”, “Everybody Hates Trump’s Twitter Addiction, and It Could 

Become a Campaign Issue”, “The president of the United States cannot seem to stop 

tweeting. Despite stern advice from his advisors and opprobrium from the world, not a day 

goes by that POTUS doesn’t escalate some tension in 140 280 characters. <…> , is it an 

addiction?” <…> “The answer is surprisingly complex.” – These are just a few public 

media quotes of recent years raising the possible Twitter addiction problem of the president 

of the United States - Donald Trump (Gabe Zichermann, 2017)(Kilgore, 2019) 

Due to the recent global crisis of Covid-19, the criticism regarding the tweets of 

the president became even rougher. Therefore, a political satire song “The Liar Tweets 

Tonight” by Roy Zimmerman and The ReZisters (which is a parody and satirical version of 

the folk classic Wimoweh, sometimes known as "The Lion Sleeps Tonight"  (NationalMemo, 

2020) became a new hit on the internet and social media channels:  

  

<…>  
In the White House, the mighty White House  

The liar tweets tonight  
In the west wing, the self-obsessed wing  

The liar tweets tonight  
<…>  

He says, „Hush you doctors, hush reporters  
Hush you science nerds  

Look, my ratings are through the roof  
When I just say happy words!“  

<…>  
„Everyone can get a test!“  

„It’s just the flu!!!“  
„It’s a hoax, like all the rest!“  

„A left-wing coup!!!!!!“  
<…>  

  
„We’ve got lots of PPE“  
„The cupboard’s bare!!“  

„It’s Obama’s fault, you see!!!“  
„The buck stops there“  

<…>  
  

In the country, the quiet country  
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No nurses sleep tonight  
But in the White House, the full-of-shite-house  

The liar tweets tonight  
<…>  

(Zimmerman, 2020)  

  

These examples above, represent perhaps the most famous tweeter worldwide, who might 

be one of the victims that is suffering from the social media (Twitter) addiction. However, 

this example might be only the tip of the iceberg. Addiction to social media (or internet, 

computer games, etc.) is a new phenomenon, that psychologists and 

scientists started discovering only recently. However, a lot of uncertainties exist in knowing 

how many people are suffering from this problem and what kind of effect it has on the 

society or what kind of consequences it will cause in the future. To what extent it might 

affect people’s health, their family life, or job and relationships? What kind of consequences 

it might have for children’s mental health? – These and similar questions come to our mind 

when we think about addiction to social media. - Like any other addiction, it might have 

some negative (or maybe also positive?) consequences. Therefore, recently we see a trend 

that a lot of scientists started investigating this rather a new and actual problem.   

 Having this in mind, we decided to look at this phenomenon from a different angle:  

by applying big data approach and using machine learning tools and techniques, we decided 

to analyze the language people use in their text messages – tweets - on social media 

platform Twitter.  

 Therefore, the main interest of this Master Thesis is the text analysis of some tweets. We 

will look at some textual data – the tweets - and will identify and classify social media users 

into two groups:    

1. “Heavy users”, which are the intensive users, therefore, we assume that some of them 

could be potentially detected as “the addicts’”.  

2.  “Normal users” – the users of Twitter do not tweet very frequently and we call this 

group “Non-Addicted Users”.  

As it was mentioned above, this research will focus on language analysis:    
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 We are planning to obtain and use some textual data (text corpus) from Twitter.   

 By using the textual data mentioned above, we will look at the language patterns 

used in the text of the tweets, such as f. ex., words, combination of words, phrases, 

sentences, etc.  

The purpose of the paper is to identify the 2 groups of social media users by the language 

they are using.   

  

Research Question  

 Therefore, the Research Question of this Master Thesis is the following:  

 Could any language patterns be identified from textual data (text corpus) to classify the 2 

groups of Twitter users: “Heavy”/ “Addicted Users” and “Normal Users”?  

 To answer our Research Question, the following sub-questions will be investigated: 

 What are “Heavy/Addicted” and “Normal” users based on the frequency 

of their tweets?– To answer this question we will just do a frequency calculation based 

on the number of tweets and the most frequent users will be ‘the addicts’, while the 

other group will be ‘normal’.   

 What are the key terms, words, sentences etc., that are used a lot 

by “Addicted” and “Normal” users?  - For this purpose, we will apply machine learning 

techniques.  

 Is there any kind of difference in those language patterns? If so, what kind of 

difference is in those language patterns used by the 2 groups?   

To understand this, we will use a big data approach, which will be introduced below, 

then the CRISP-DM model will be applied as explained further.  

 

From Big Data to Machine Learning – The Data Mining Process 

“Without big data analytics, companies are blind and deaf, wandering out onto the web like 

deer on a freeway.” – Geoffrey Moore (Editorial Team, 2017).   
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The citation quoted from the digital marketing book “Crossing the Chasm” written by 

Geoffrey Moore (Media, 2017) asks one very fundamental and important question – what is 

big data and what businesses today can do with it better than before? Researchers predict 

that by 2020, every second 1.7 megabytes is generated by every person today. (Editorial 

Team, 2017). On the other hand, according to research, this results in a massive amount of 

information being processed by a large number of companies today. (Editorial Team, 2017) 

When we consider topics as such, the value of big data remains a question which needs to 

be explored. In our paper, this is applied in the last part of the thesis; therefore here it is 

briefly introduced. 

Researchers point out the connection between big data, highlighting that today big data has 

brought to increase of productivity growth in companies. (Provost & Fawcett, p. 8, 2013) In 

his study, the economist Prasanna Tamble explored the extent to which big data 

technologies bring value and help companies (Provost & Fawcett, p. 8, 2013). According to 

what he found, utilizing big data technologies relates in many situations and contexts to 

additional productivity growth to firms (Provost & Fawcett, p. 8, 2013). Provost & Fawcett 

note that one way to look at big data is that big data could increase the productivity growth 

(Provost & Fawcett, p. 8, 2013), which we believe is applicable for social media platforms as 

Twitter. For example, utilizing machine learning algorithms might be one way for this – 

through applying the approaches we take in this paper as follows. As the authors state, the 

data and the capability of making this data and turning it into useful knowledge, should be 

considered as “a key strategic asset” (Provost & Fawcett, p. 9, 2013). 

However, before applying machine learning algorithms presented in the next chapters of the 

paper, we will firstly answer vital questions of - what do we mean by big data and how are 

the concepts of machine learning and data mining related?  

Taking into consideration the definition proposed by Provost & Fawcett (2013), big data 

refers to datasets which are very large for the traditional data processing systems to be 

processed, and as a result of this require new processing technologies. (Provost & Fawcett, 

p. 8, 2013) Big data technologies, according to Provost & Fawcett, (2013) can be used for 

“implementing data mining techniques” (Provost & Fawcett, p. 8, 2013) or data processing 
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activities aimed at supporting data mining techniques and additional and more data science 

activities, (Provost & Fawcett, p. 8, 2013) depending on the purpose of research. 

The following section will introduce the main challenges when working with big data. These 

are part of the definitions of big data concepts. 

Big data challenges 

According to Gartner, big data addresses three main challenges – volume (enormous 

amounts of data), variety (heterogeneous content), and velocity (fast data streams) 

(Kaufmann, p. 2, 2019) In comparison to this author, other researchers such as Schroeck et 

al. add a fourth V, which is characterized by the uncertainties in data, therefore according to 

literature, big data is defined by “high velocity, large volume, wide variety, and uncertain 

veracity”(in Kaufmann, p. 2, 2019). To extent this concept, later on a new fifth V is added 

and identified by Demchenko et al., in which research they state that, big data is 

characterized by the value it can bring to the end activity, the expected process or as they 

refer in their research “predictive analysis/hypothesis.” (in Kaufmann, p. 2, 2019). These all 

five aspects form the so-called 5V model of big data and present five main challenges which 

are explained below. 

 

The 5V of Big Data Characteristics 

 

 

 

 

 

 

 

(Retrieved from: Shaqiri, p. 7, 2017) 
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Volume 

Volume, according to authors, is referred to as the enormous amount of data that is being 

generated every second and day (Marr, 2015). For instance, as authors give an example, 

Twitter messages and tweets are posted every second or minute, generating not terabytes, 

but zettabytes of data (Marr, 2015). On the other hand, authors continue explaining that on 

Facebook users send billions of messages per day, click the button of “like” around 4.5 billion 

times, and more than 300 million pictures are uploaded each day (Marr, 2015).Further, 

based on the findings by researchers, this amount of data makes datasets too big and large 

when storing and using traditional database technology (Marr, 2015). 

Velocity 

Velocity I, according to authors, is referred to as the speed at which 1) “new data is 

generated” (Marr, 2015), 2) and “which data moves around.” (Marr, 2015) Authors give 

three examples presented as follows: 1) the social media messages which in only a minute 

become viral (Marr, 2015) 2), the speed with which credit card transactions are being 

checked for suspicious activities (Marr, 2015) and the trading systems which goal is to 

analyze social media networks to detect signals which trigger decisions whether to buy or 

sell shares (Marr, 2015). Authors note that big data technologies today have more capacities 

in what they can do including analyzing data at the same time it is being generated (Marr, 

2015). 

Variety 

Researchers refer the concept of variety to as “the different types of data we can now use”. 

(Marr, 2015) Further, the author gives the following example - today 80 percent of the 

world’s data is unstructured which creates challenges when putting it into tables or 

relational databases (Marr, 2015). Based on this, Marr (2015) point out that big data 

technology today allows for harnessing distinct types of data among which, as authors state, 

could be messages, photos, social media conversations or videos, (Marr, 2015), thus “bring 

them in more structural and traditional data” (Marr, 2015). 

Veracity 

Authors state that veracity refers to “the truthfulness of the data” (Marr, 2015). Further, the 

author explain that, big data today allow us to work with Twitter posts, therefore quality and 
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accuracy appears to be “less controllable”. (Marr, 2015) Additionally, according to Marr 

(2015), in many cases, the volumes compensate for “the lack of quality or accuracy” (Marr, 

2015) when dealing with big data (Marr, 2015). 

After we have introduced definitions and challenges when dealing with big data, we will 

briefly introduce the field of data science in the next paragraphs. 

Data science involves many fields - from business understanding to programming and 

statistical methods such as regression models. 

Regression models follow the principle of machine learning methods which closely relate to 

the term of artificial intelligence briefly presented as follows in the description below. 

From Artificial Intelligence (AI) to Machine Learning 

According to the literature, the term artificial intelligence was firstly introduced in 1955 by 

John McCarthy – a math professor at Dartmouth (Brynjolfsson &McAfee, p. 4, 2017) Authors 

claim that differently than other new technologies, AI has generated many expectations that 

do not match in reality what is happening in the world today (Brynjolfsson &McAfee, p. 4, 

2017). Brynjolfsson & McAffe give an example in that, various companies make business 

plans which are created regarding machine learning; however, these plans often lack 

connection to the capabilities which machine learning can offer. (Brynjolfsson &McAfee, p. 

4, 2017) Ever since then, as the authors state, “the field has given rise to more than its share 

of fantastic claims and promises” (Brynjolfsson &McAfee, p. 4, 2017). 

According to Brynjolfsson & McAfee (2017), machine learning represents a fundamentally 

different approach when software is being created: an example is given to the machine, and 

in many cases this example is not being explicitly programmed for specific outcome. 

(Brynjolfsson &McAfee, p. 6, 2017) Authors explain that for the last fifty years, the 

development in the field of information technology and the way it is applied, have been 

focused on, as they refer, on “coding” (Brynjolfsson &McAfee, p. 6, 2017) specific 

knowledge. This, then they refers to as embedding it to machines. (Brynjolfsson &McAfee, p. 

6, 2017)On the other hand, Brynjolfsson & McAfee (2017) highlight that this approach has its 

downside – often the knowledge which we have, is tacit, meaning that it creates certain 

challenges if we want to explain the information we know initially. (Brynjolfsson &McAfee, p. 
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6, 2017) Besides, researchers have pointed out the downside of information technology in 

that it often it lacks the creativity and the intuition which comes natural to every human 

being. (Brynjolfsson & McAfee, p. 58, 2012) On the other hand, authors state that machines 

can be very “fragile” (Brynjolfsson & McAfee, p. 58, 2012) on an environments filled with 

uncertainty, therefore they often might be lost when they are given a task which is outside 

the rules which the researcher gave on first place. (Brynjolfsson & McAfee, p. 58, 2012) 

Despite this, authors highlight that today machine learning has developed highly to the 

extent that it is overcoming some of these limits. (Brynjolfsson &McAfee, p. 7, 2017) 

Artificial Intelligence and Machine Learning can come in different forms, according to 

studies, in recent years it has been mostly successful in one category: supervised learning 

systems – the researchers give some examples of the correct answer to the specific problem 

which is to be solved (Brynjolfsson &McAfee, p. 7, 2017). The process then in almost every 

case, as authors state, involve “mapping from a set of inputs, X, to a set of outputs, Y” 

(Brynjolfsson &McAfee, p. 7, 2017). These will be applied further in our paper in the next 

steps. 

Having introduced this, in this paper, we will follow the basic principles and methods when 

dealing with big data analytics to deploy machine learning models.  

We will follow one of the fundamental principles proposed by the authors which involve 

basic principle, namely the process of extracting useful knowledge on the basis of collected 

data. (Provost & Fawcett, p. 14, 2013) The purpose, as stated is to solve a particular business 

problem – the problem of addiction in the age of social media development and big data 

technologies, in a systematic and proper way through following steps of predefined stages. 

(Provost & Fawcett, p. 14, 2013) 

By introducing big data, artificial intelligence, machine learning, we need to explore one 

which encompasses the concept of data science – data mining and the techniques used to 

extract knowledge from data as this is the most central one for conducting our research.  

Data Mining 

Provost & Fawcett(2013), state that “data mining is a craft”(Provost & Fawcett, p. 26, 2013). 

Further, according to authors, data mining involves two vital principles behind it: firstly, the 
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significant amount of technology and science, and secondly, art, noting on the proper 

application of these two factors. (Provost & Fawcett, p. 26, 2013) When following the 

principles of data science, authors state that, it is important to have in mind that data mining 

is a “process”(Provost & Fawcett, p. 26, 2013) where a researcher needs to have “fairy well-

understood stages”(Provost & Fawcett, p. 26, 2013). In their book, authors note keywords 

among which are: extracting knowledge from data, systematically following a process, well-

defined stages, solving business problems and large volumes of data (Provost & Fawcett, p. 

16, 2013).  

These are relevant for our research and will be applied further. 

Social Media Mining 

A research, according to authors, that combines social media and big data is considered as 

an entirely new field of study referred to as “social media mining” (McCourt, 2018), which 

we found relevant to apply in our paper. Authors explain that the term is quite similar to 

“data mining”, however, when limited in scope with data from Twitter, or other social media 

platforms such as Facebook, Instagram, social media mining refers to a process where the 

researcher represents, analyze and extract patterns from social media data. (McCourt, 2018) 

That is, authors explain, this process happens when the researcher collects data about social 

media users. (McCourt, 2018) Then, as they explain, this is used to analyze this data to draw 

certain conclusions based on it (McCourt, 2018). As we explore further in the paper, we used 

already scraped data for the aim of uncovering “hidden patterns” (Pickell, 2019) about the 

language which users used in their tweets.  

Methodology - employing the CRISP-DM model 

A methodology, when applied to data science research, as researchers’ state, is finding the 

optimal way of how a project will be organized. (Logallo, 2019) For this reason, the CRISP-

DM model was applied to ensure a systematic and structured approach to planning our data 

mining project. CRISP-DM represent, as stated by authors, a methodology for data mining 

based on cross-industry process which is considered and regarded as well-proven method. 

(Smart Vision Europe, n.d.) Therefore this method is relevant for our paper to apply.  

According to authors, the process contains six major steps. (Smart Vision Europe, n.d.) These 

are presented in the figure below. Therefore, it is important to note that when following the 
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diagram, iteration is a rule which needs to be followed, as authors highlight. (Provost & 

Fawcett, p. 27, 2013) 

The steps involved in this process summarized: 

1. Business Understanding  

2. Data Understanding  

3. Data Preparation  

4. Modeling  

1. Evaluation  

2. Deployment  

The CRISP data mining process 

 

(Cross Industry Standard Process for Data Mining; Retrieved from:(Vorhies, 2016) 

 

Each one of them will be explored in this paper and the steps will be followed as a 

framework for our research.  

Business Understanding 

In the first step of our data mining process, authors highlight that it is important to 

understand what the problem will be solved (Provost & Fawcett, p. 27, 2013). According to 



16 
 

authors, a researcher needs to answer the questions of what exactly the end goal will be 

(Provost & Fawcett, p. 28, 2013) and how this would happen. (Provost & Fawcett, p. 28, 

2013)As Provost & Fawcett (2013) describe, this process requires multiple iterations, thus, it 

should be not considered as a simple linear process (Provost & Fawcett, p. 28, 2013).  

From the beginning we were interested in using social media data and finding language 

patterns, such as words and phrases which people on social media’s Twitter tend to use. 

However, we needed a context in which we build our models. Big data is a central topic in 

this paper, but so does the topics of addiction and social media addiction. This phenomenon 

or condition has various negative effects on individuals, which we describe below, and which 

closely relate to why it is a topic that needs to be investigated and paid further attention to. 

The biggest causes of addiction and social media addiction include psychological, societal, 

economic, and physical consequences for the social media addict as described further. 

The following part will focus on explaining the main terms and theoretical concepts related 

to the terms: addiction, addicted. Building on the already existing knowledge regarding the 

topic, these would be explored with the relevance and in accordance to the research 

question. 

Addiction 

The term “addiction” has various definitions and can be understood in many different views. 

However, the most common ones which the below cited authors point out are described 

below: 

 Repeated usage of substance or activity which gives them pleasure or brings them 

value but at the same time brings harm to the user. (Horvath, A. Tom; Misra, Kaushik; 

Epner, Amy K.; Cooper, n.d.) 

 Inability to prevent oneself from interacting, consuming, thinking about the 

substance or the activity regardless of the harm it brings them. (Felman, 2018) 

To sum up, the key points that define addition for the above-mentioned authors include: 

repeated usage, inability to stop despite the consequences of substantial harm. 

According to brain imaging studies, addiction also affects changes in the areas of the brain 

that are closely related to human natural reactions, as stated by the American Psychiatric 
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Association, such as “judgment, decision making, learning, memory, and behavior 

control.”(American Psychiatric Association, 2017) As addiction is the key term and topic in 

our research, a central part is exploring the negative consequences. 

 

The next paragraphs will apply some of the research done by a previously Master Thesis 

Project written by Jakobsen & Holmgren (2019), therefore we find it relevant to summarize 

the findings in our paper and add up to them with additional literature. Therefore, other 

studies and articles will be also included to explore further the concept beyond addiction 

and social media addiction. 

Both substances and activities are part of addiction 

In their findings by Jakobsen & Holmgren (2019), they note that psychologists refer the term 

addiction as a “substance addiction” which includes the substance(s) one may consume into 

the body. (Jakobsen & Holmgren, p. 23, 2019) Among these, as authors’ state, could be 

nicotine, drugs, misuse of prescription medications, and others. (Jakobsen & Holmgren, p. 

23, 2019) Additionally, Jakobsen & Holmgren (2019) differentiate between “activity 

addiction” from substance addiction in that it would include different risky decision-making 

and behaviors – gambling, spending an enormous amount of time surfing on the internet, 

shopping activities. (Jakobsen & Holmgren, p. 23, 2019) However, authors point out and 

highlight the fact that even though activities such as food are essential for every human 

being, these can still become addictions. (Jakobsen & Holmgren, p. 23, 2019) 

Risks of substantial harm caused by addiction 

The most common definition, provided by Jakobsen & Holmgren in their Master thesis 

(2019), of addiction is that addiction can lead to substantial harm. (Jakobsen & Holmgren, p. 

23, 2019) In their paper they note that while the first point above focused only on the 

individual, this involves both the individual person and the people around him/her. 

(Jakobsen & Holmgren, p. 23, 2019) Jakobsen & Holmgren highlight that it is vital to make 

distinctions between bad behavior and addiction.(Jakobsen & Holmgren, p. 23, 2019) 

Therefore also to explore and answer vital concerns such as the extent which there are 

negative consequences of the behavior which the person is showing in their everyday life 

which, as stated in the paper, is one way to make difference between “negative behavior 
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and actual addictions”. (Jakobsen & Holmgren, p. 23, 2019) For instance, their paper give an 

example explaining that, there is a significant difference in whether a person decides to 

spend 20 minutes or 200 minutes on social media, in which the second case might lead to a 

“loss of social life”. (Jakobsen & Holmgren, p. 23, 2019) On the other hand, their findings 

concluded that if that person chooses to buy 20 beers, instead of 2 per night, this can have 

huge negative consequences leading to financial burdens. (Jakobsen & Holmgren, p. 23, 

2019) 

Addiction characterizes as the repeated involvement of activity or substance 

When considering keywords such as addiction, substance, activity addiction and everything 

related that follows, one should be aware of the harmful effects which an activity such as 

addiction can cause as researchers state. (Jakobsen & Holmgren, p. 24, 2019) Jakobsen & 

Holmgren note that every activity would lead to positive or negative consequences. 

(Jakobsen & Holmgren, p. 24, 2019) As they state in their paper, every substance can 

influence a person’s behavior and direct him/her to do or say something which might have 

negative consequences. (Jakobsen & Holmgren, p. 24, 2019) 

On the other hand, they point out that, in another context, using social media too frequently 

might cause a person to forget about a very crucial event for him/her which might result in 

job issues and problems which will be faced later on as a consequence. (Jakobsen & 

Holmgren, p. 24, 2019) They further explain that, today, even when we think about the 

involvement of too many gambling activities, this might result in financial losses. (Jakobsen & 

Holmgren (p. 24, 2019). The concern, they point out is to take into account the question of, 

in which cases are we going to perceive these people as addicts or is it just a  temporarily 

expressed bad behavior? (Jakobsen & Holmgren, p. 24, 2019) 

In their paper, Jakobsen & Holmgren (2019) highlight the fact that, very important 

characteristic of addiction is that the person would continue doing the same activities, taking 

substances, etc. despite the negative effects or the substantial harm it has on the person – 

that is, damaging of the interpersonal relationships – could be friends or family, denial of 

health issues or decrease of the financial resources, all of which affect different areas of 

people’s lives. (Jakobsen & Holmgren, p. 24, 2019) Eventually, according to their findings, as 

a result addiction starts feeling like playing the central role in one’s life which consumes all 
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of his/her time, takes over the person’s energy during every second of a day. (Jakobsen & 

Holmgren, p. 24, 2019) Therefore, the keyword to take into account, on the basis of their 

findings, is “the loss of control.”(Jakobsen & Holmgren, p. 24, 2019) Further, another key 

takeaway in their findings is that addiction is not occurring as a result of enjoyable bad 

behavior, but because of one’s inability to stop such behavior or limit it. (Jakobsen & 

Holmgren, p. 24, 2019) 

Feelings of value or pleasure - a cause of addiction 

Having introduced the above paragraphs, authors ask one important and vital question in 

the field of social media addiction. Namely, why would someone keep doing something 

which is obvious that it causes harm? (Jakobsen & Holmgren, p. 24, 2019) They note that 

every human being finds value in different situations depending on personal needs. 

Jakobsen & Holmgren (2019) explain that, one might find that certain activity decreases 

anxiousness, other increase of confidence, or avoidance of boredom. (Jakobsen & Holmgren, 

p. 24, 2019) However, comparing this to the research conducted by Bhanji & Delgado (2014), 

they explain that when a human does an activity that will bring value in the future, the 

reward system is activated, therefore it is stated that rewards highly influence and shape 

one’s behavior. (Bhanji & Delgado, 2014) 

Further, in their research, they continue explaining that when different actions come into 

play, the concept of a rewarding experience help human’s to select the actions which will 

most probably lead to the best rewards, thus motivating people to keep doing those actions. 

(Bhanji & Delgado, 2014) For instance, the opportunity to get a delicious meal which one 

might have seen from social media, might influence his/her behavior and lead to certain 

actions – travel to the shop or the specific restaurant. Nonetheless, Jakobsen & Holmgren 

(2019) claim that this does not mean that the person is surely addicted. They highlight the 

fact that a significant differentiation is that to be considered an addicted, one has to have 

prior experience which led to positive outcomes, thus this would make them of higher 

chance of being “addicted”. (Jakobsen & Holmgren, p. 24, 2019) Additionally, their findings 

show that what could happen during time is that number of addictions could lose their initial 

value, yet it is observed that the addiction still recurs. (Jakobsen & Holmgren, p. 24, 2019) 
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As we have introduced the paper and the findings by Jakobsen & Holmgren (2019), we will 

focus on adding more literature in addition to what has been already written. Closely related 

to these descriptions, are the definitions of “internet addiction”, “social media addiction”. 

These will be explored more below.  

Internet Addiction 

Researchers refer it to the term “Internet Addiction Disorder" or more specifically 

“Compulsive Internet Use (CIU)”, “Problematic Internet Use (PIU)” or “iDisorder” (Gregory, 

2019). Authors explain that the official year when the term Internet Addiction officially was 

theorized and perceived as a disorder was in 1995 by Dr.Ivan Goldberg(Gregory, 2019) in the 

“Diagnostic and Statistical Manual of Mental Disorders (DSM-IV) (Gregory, 2019). Since then, 

the term has been growing and paid higher attention from the number of researchers, many 

mental health counselors, and doctors, thus, as authors state, being perceived as debilitation 

disorder. (Gregory, 2019) Weinstein & Lejoyeux (2010) claim that Internet Addiction is 

characterized by “excessive use of the Internet” (Weinstein A; Lejoyeux M., 2010) and during 

years Hartney characterizes it as: 

A behavioral addiction, in which case the person becomes so much dependent on his/hers 

usage of the Internet, or it also may involve other online devices, that it becomes an adaptive 

way to cope with life’s stresses. (Hartney, n.d.) 

In recent years it has been and becomes extensively recognized and acknowledged, more 

attention has been given to it. Authors note that internet addiction can manifest in several 

ways, encompassing different “areas the Internet usage.” (American Addiction Centers 

Resource, n.d.) and according to the American Addiction Centers Resource, n.d. , they are 

the following: 

Information Overload 

Excessive use or more time spent than the average on online surfing leads to negative 

consequences –according to authors, it leads to decreased productivity at work while at the 

same time the individual interact less with the individual’s family members than before. 

(American Addiction Centers Resource, n.d.) 
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Compulsions 

Spending too much time on online activities, such as gaming activities, gambling, trading of 

stocks, as stated by authors, can lead to overspending or resulting in different problems 

which he/she might face at work. (American Addiction Centers Resource, n.d.) 

Cyber-relationship addiction 

According to the American Addiction Centers Resource, the use of social networking sites, 

which users use to create new relationships instead of spending this time with their family or 

close friends might affect negatively their real-life relationships. (American Addiction Centers 

Resource, n.d.) 

Among the symptoms and negative effects which individuals experience are – physical and 

psychological/emotional and are summarized by the American Addiction Centers Resource, 

n.d. Some of them are presented below:  

 

 

(Retrieved from:American Addiction Centers Resource, n.d.) 

 

Social Media Addiction 

After we have presented the concept of “Internet Addiction”, in the next part, we firstly will 

give the necessary definitions of social media addiction and explore the concepts. The first 

question which one should take into consideration is to understand what the terms social 

media addiction means and how it is linked to the above descriptions. Researchers refer it 

as: 
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Social media addiction is often used to refer to a person who spends and use too much of 

his/hers time on social media platforms including Facebook or Twitter, or others forms of 

social media. As a consequence, it has an impact on person’s everyday life. (Team The 

Wisdom Post &Sophia, n.d.) 

These findings show in line with the findings by Brown (2017), that the problem of addiction 

does not arise as a result of people’s usage of social media. (Brown, 2017) That is, as 

authors’ highlight, the issue of addiction comes into play in the situation when a person 

becomes so much addicted to social media platforms that he/she spends too much time on 

such platforms which as a consequence has a serious impact on their lives. (Brown, 2017) 

On an interview the former Vice President of User Growth at Facebook conducted by Dr. 

Francesco Gadaleta, (Gadaleta, 2019), explains the effects social media platforms – how they 

“leverage human’s build-up neurological system” (Gadaleta, 2019), with the same effect 

which happens when a person is addicted to drugs. Therefore turning human’s into addicts. 

(Gadaleta, 2019) As he refers: 

While casinos and social media are both causes of addition in many, there are areas in which 

they work differently. (Gadaleta, 2019) In casinos people play with money and the casino 

makes a direct profit from that. (Gadaleta, 2019) When it comes to social media, often social 

media is free, and it makes a profit from the time we spend in there and the amount of ads 

they can show us. (Gadaleta, 2019) The more we are online the more ads we can see. 

(Gadaleta, 2019) We would not consciously stay online and look at ads so the mechanics 

they use to keep us online is our need and addiction to likes, subscriptions, interactions with 

other users. (Gadaleta, 2019) All the likes we get give us a boost of dopamine in our brain 

and once we taste it, it can spiral down into addiction for it. (Gadaleta, 2019) 

An example of the rewarding nature of an action, or put in its context – social media 

platforms/ technology in general, the negative effects of social media addiction and how 

social media is seen as a mechanism through which individuals use as a way to socially 

isolate (Cash, Rae, Steel, & Winkler, 2012), is expressed in the following sentences, stated by 

the 21-year old male stating that: 

http://facebook.com/


23 
 

Technology has brought a lot of joy into his life and no other activity can provide moments 

of relaxation for him. However, he goes on to describe that whenever he feels depressed, he 

tends to resort to the usage of technology to retreat and isolate as a method of coping. 

(Cash, Rae, Steel, & Winkler, 2012) 

These findings show that social media addiction can be used as a way for the individual to 

retreat (Cash, Rae, Steel, & Winkler, 2012) and socially isolate, as stated above. 

Reinforcement/Reward 

However, what makes it so rewarding when it comes to the Internet and users being 

addicted to social media? Authors explain that “the Internet functions on a variable ratio 

reinforcement schedule (VRRS), as does gambling.”(Cash et al., 2012) Therefore, Cash et al. 

(2012) continue explaining that whatever the application – could be general surfing, 

message boards, social media sites such as Twitter, texting, etc., these kinds of activities are 

designed to support reward structures that are often unpredictable. (Cash et al., 2012) 

Authors then argue that this reward system takes a more intensive role when it is associated 

with content that stimulates or enhances a particular mood in the person or, in our case, the 

user. (Cash et al., 2012) 

Deriving from these foundations, according to the AddictionCenter, social media addiction is 

characterized as behavior addiction. (AddictionCenter, n.d.) That is, as they state, the person 

tends to use social media, which on the other hand affects other vital areas of their lives. 

(AddictionCenter, n.d.) Relating to the above descriptions and exploring on them, authors 

state that these might include:  

 mood modification – change of emotional states such as salience – the person being 

overwhelmed behaviorally, cognitively, and emotionally with social media; 

(AddictionCenter, n.d.) 

 tolerance – increase use of social media throughout time; (AddictionCenter, n.d.) 

 withdrawal – the person experiences undesirable physical and emotional symptoms 

in a situation when the access to the social media is suddenly restricted or 

completely stopped; (AddictionCenter, n.d.) 

 conflict – this would happen when interpersonal problems arise as a result of the 

person using social media; (AddictionCenter, n.d.) 
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 relapse – addicted individual quickly return to their previous habits of checking social 

media after there has been a huge period not doing that. (AddictionCenter, n.d.) 

In this line of thought, authors state that social media could turn into a mechanism through 

which individuals could feel a relief of stress, loneliness, or depression. (AddictionCenter, 

n.d.) That is, as it is explained by the literature, for such a group of people, social media can 

provide continuous rewards which they might not receive in their real life, thus as a 

consequence engaging more and more into these activities. (AddictionCenter, n.d.) That is, 

they continue explaining that, the person has strong desire to post a particular picture which 

on the other hand leads to receiving positive social feedback. (AddictionCenter, n.d.) Then, 

authors highlight that what happens next is the stimulation of the brain to release dopamine 

– the dopamine rewards this behavior and makes it for the brain to maintain this behavior 

repeatedly all over again. (AddictionCenter, n.d.) 

As a consequence, Addiction Center states that this can have multiple results – the individual 

experiencing interpersonal problems, including “ignoring their real-life relationships”. 

(AddictionCenter, n.d.) Additionally, authors note that among this is included physical health 

– through enhancing the person’s undesirable moods. (AddictionCenter, n.d.) Thus, authors 

continue elaborating on these concepts stating that, engaging in this social media behavior 

leads to even more desire to log in again and again in for instance, Twitter – the person 

might find social media as a way to relieve their negative mood states. (AddictionCenter, 

n.d.) In the end, authors note that the individual might develop an increase of psychological 

dependency on social media – through creating, as authors highlight: “cyclical pattern of 

relieving undesirable moods with social media use.” (AddictionCenter, n.d.) 

Social media and its effects on mental health 

Authors note that while the information perceived on social media platforms is continuously 

seen through the user’s scrolling down to the content, he/she might see a person who is so 

much successful in his work place, has an excellent relationship, very gorgeous home that 

can elicit positive emotional reaction. (AddictionCenter, n.d.) Further, according to 

researchers, others might interpret it differently – they might feel jealous because they don’t 

have this beautiful home, or depressed because they compare their lives with others. 

(AddictionCenter, n.d.) That is, authors explain further, the life of these people and the 
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other’s person’s life is very different, therefore they see their own life as not that “perfect” 

as the ones they see on the social media platforms. (AddictionCenter, n.d.) 

A specific characteristic of social media and how it negatively affects social media addicted 

users, is written and stated by authors that, it “facilitates an environment” (AddictionCenter, 

n.d.), in which users tend to compare the offline versions of themselves, to the already 

edited online version of other people, therefore this can be devastating and quite impacting 

the mental well-being and perception of one self. (AddictionCenter, n.d.) Using social media, 

from this line of thought, as authors note, can have a serious negative impact on users – it 

can cause not only unhappiness and overall dissatisfaction with their lives, but also an 

increase risks of evolving further mental health issues among which are included anxiety or 

even depression. (AddictionCenter, n.d.) Further, authors explain that continually making 

comparisons between oneself to other users can result in high feelings of self-consciousness 

or the individual feeling the need for perfectionism. (AddictionCenter, n.d.) As a result of 

this, authors note that this also often can lead to users experiencing and developing social 

anxiety disorders and many other mental symptoms throughout time. (AddictionCenter, 

n.d.) 

Fear of missing out (FOMO) 

Among the negative effects which social media addiction can bring is the so-called fear of 

missing out (FOMO) – specific characteristic, according to Edmonds (2008), of it is the user 

experiencing extreme “fear of not being involved.”(Edmonds, 2008) That is, authors state 

that the feeling created when a person sees a photo of friends who are having enjoyable 

time in his/hers absence, is an example of the characteristics of fear of missing out (FOMO). 

(Edmonds, 2008) 

Therefore, researchers points and define FOMO as a “pervasive apprehension” (Edmonds, 

2008) in which the person sees that the other users are leading more rewarding experiences, 

while at the same time this person is not part of. (Edmonds, 2008) Furthermore, FOMO is 

characterized, as authors point out, the internal desire of the individual to continually stay 

connected with the activities and life the other users are having. (Edmonds, 2008) Therefore, 

Edmonds (2008) continue explaining that FOMO is highly related to users using social media 
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too frequently and associated with individuals experiencing lower mood and changes in their 

life satisfaction – by eliciting feelings of anxiety and loneliness.  (Edmonds, 2008) 

Further, when we explore frequency of tweets, it is important to understand what the 

existing literature is and if there are additional studies done previously. With that being said, 

a study performed by California State University, investigated the frequency of the users 

visiting social media sites. (AddictionCenter, n.d.) The findings showed that users who visited 

social media site, to a minimum number of 58 times for each week, experienced 3 times 

more feelings of being socially isolated and depressed. (AddictionCenter, n.d.) Then they 

compared users who visited social media less than 9 times for a week and the results for this 

group was the opposite. (AddictionCenter, n.d.) These findings show two main factors – the 

number of times they posted a message on social media platforms matter: the more time 

users spent by checking, logging in, tweeting, updating their profile status (in our case 

expressed by the number of tweets a user posted on Twitter), the more “isolated” and 

“depressed” they would feel. (AddictionCenter, n.d.) Therefore, authors note that the use of 

social media addiction is highly associated with negative emotions such as sadness, fear, 

anger, which triggers emotional states among which are “anxiety, loneliness, and 

depression”. (AddictionCenter, n.d.) 

Based on these findings, we can sum up until now and draw conclusions that the more 

tweets a user posts on social media – the most he/she feels high intensity of loneliness or 

anxiety. Additionally, authors state that social media can become more addictive depending 

on the time spent as explained further below. (Grgurević, 2017) In our case, the time spent 

on tweeting a post on Tweeter social media platform. 

The more time we spend on social media, the more addictive we become 

According to Dr. Shannon M. Rauch at Benedictine University in Arizona, when a user 

receives a reward such as a comment or a “like” by other users, it serves as a 

“reinforcement” (Grgurević, 2017) of an activity which could very easy and in fast time turn 

into a habit, which later on might be quite impossible for changing. (Grgurević, 2017) As 

shown in the above findings, it can result in the neglect of some aspects of their personal 

life, changes in mood, mental issues, and cause of loneliness and social isolation.  
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It is of significant importance to highlight that, in our paper, the addiction specifically 

depends on the number of times a user posted a tweet on Twitter and as authors state, the 

more this happens, the more the pleasure center is trigged and the more dopamine in the 

brain is produced. (Grgurević, 2017) Thereby, researchers argue that social media can 

become as much addictive as gambling or other activities. (Guardian News & Media Limited, 

2019) 

Social media addiction can have further negative impact on the quality of sleep 

According to studies, the time spent on social media and the frequency, have been tied and 

related to sleep problems. (Tuck, n.d.) That is, the results of the study showed that the more 

users spend their time on social media by posting a tweet, the more likely he/she is to 

experience poor sleep. (Tuck, n.d.) Another related research to our topic of research aimed 

to observe the quality of how much sleep is affected by comparing it to social media 

patterns by analyzing 1,788 Americans from age 19 to 32. (Tuck, n.d.) The results concluded 

that the average amount of time which the focus group spent on social media platforms was 

“over 1 hour a day.”(Tuck, n.d.) Also, two main conclusions from the study were drawn – 

from all of the participants, over half of them experienced from middle to high interruption 

of sleep; (Tuck, n.d.), and secondly, based on the study, researchers found a strong linear 

relationship between two factors – the increased use of social media and the increased sleep 

interruption. (Tuck, n.d.) 

When they looked at the frequency of participants’ use of social media, more specifically, 

the number of times users logged in per day or week including social media activities 

enforcing the reward system in human’s brain (tweets, “likes”), the evidence showed that 

the more time a user tweeted a post, the more the sleep interruption factor occurred and 

increased. (Tuck, n.d.) 

These findings show the connection between social media use and how this affect health 

issues such as sleep quality. 

The longer time individuals spend in social media, the more feelings of wasted time is 

created 

Earlier in the paper it was mentioned that increased social media use is linked to negative 

emotions and relates to health issues such as depression. Researchers found that when 
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exploring the relationship between social media use and quality of the content, users often 

use social media to show something they are happy about, including photos of expressing 

happiness through smiling faces. (Tuck, n.d.) Authors then explain that this then elicits 

different emotional reactions in individuals.(Tuck, n.d.) They give an example of Twitter 

users posting many photos that closely relate to people showing happiness. (Tuck, n.d.) As 

we examined the negative effects which these have on users – according to above described 

findings, this creates the negative effect of Fear of Missing Out (FMO). However, authors 

highlight that social media content creates all these negative consequences partly because 

of the content. (Tuck, n.d.) They give an example with a new event, new happy picture, 

“likes” which makes the information not very informative and not useful for the individuals. 

(Tuck, n.d.) As a result, this leads to the individual feeling that he/she is wasting time on 

social media platforms because nothing, in the end, is achieved. (Tuck, n.d.) 

Social media addiction creates feelings of stress 

According to researchers, similar to the effects of if an individual watches TV, social media 

has identical consequences – waking up the human brain. (Tuck, n.d.) Authors explain that, 

accordingly to the content which is shown, users can quickly switch to start thinking about 

unimportant or perhaps important aspects of their life. (Tuck, n.d.) As authors state, even 

though it is perceived as an enjoyable activity, it might create further stress. (Tuck, n.d.) 

Furthermore, they explain, the user is more focused on the information which is presented 

to him/her, which can lead to information overload, making the brain think and wakening it, 

instead of focusing on relax mode. (Tuck, n.d.) Authors give explanation by noting that this 

happens because of the hormone which is responsible for regulating sleep – melatonin, 

which operates conversely to the stress hormone (cortisol) (Tuck, n.d.) That is, as they state, 

the cortisol at night decreases allowing the melatonin to increase. (Tuck, n.d.) When users 

log in to social media at night time and the more they stay on it, the harder it becomes for 

them to fall asleep, therefore, affecting the quality of their sleep and creating feelings of 

stress as a negative effect as noted by authors.(Tuck, n.d.) 

Costs of attention and network effect 

Authors state that even though pricing is not causing an addiction, it can influence positively 

in making the person develop and reinforce addiction. (Berthon, Pitt, & Campbell, p. 456, 

2019) Further, Berthon et al. (2019) note that given the fact that the costs for users when it 
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comes to the digital experience and use of social media platforms such as Twitter, often is 

equal to zero, it makes the use of technology easier and smoother than it has been. 

(Berthon, Pitt, & Campbell, p. 456, 2019) That is, as they explain, content which 

encompasses information such as news or variety of videos nowadays is entirely free and 

many social media platforms. (Berthon, Pitt, & Campbell, p. 456, 2019) According Berthon et 

al. (2019), social media can be among the most addictive meanwhile the least productive 

platforms – it is entirely free and very easy for a new user to find value and starting to use it. 

(Berthon, Pitt, & Campbell, p. 456, 2019) 

However, here is also where the notion behind network effects lies – as authors explain, the 

more users log in into the social media platform, the more its value increases, and the more 

users are likely to use it. (L. Johnson, n.d.) Therefore, based on the literature, the more a 

user exposes herself/himself to social media – Twitter in our case, the greater it would be 

the chance, as stated by researchers, the person to “get hooked”. (in Berthon et al., p. 456, 

2019) and the more the user will tweet on the Twitter social media platform. 

Also, except for the consequences above, authors note that, when considering costs when it 

comes to digital experiences, the one which is most important is the cost of attention. (in 

Berthon et al., p. 456, 2019) This can be shown further in the following quote: “If you’re not 

paying for it, you become the product” (in Berthon et al., p. 456, 2019). According to Berthon 

et al. (2019), when we think about the goal of companies, the users, and their business 

models – many companies aim to keep their users on the platform for as much time as it 

could be possible. (Berthon, Pitt, & Campbell, p. 456, 2019) Then, authors explain, in this 

way they gain more user information about their lives, therefore using it later on to sell it to 

third-party advertisers. (Berthon, Pitt, & Campbell, p. 456, 2019) So, as Berthon et al. (2019) 

claim, what happens is that the user in the end pays not only with the above described 

psychological consequences but also with their attention and time. (in Berthon et al., p. 456, 

2019). 

An example of this is presented in the following quote by the Facebook’s founding president 

Sean Parker, who claimed that part of the enormous success of the social media platform is 

in the answer to a single question, which he states as: “How do we consume as much of your 

time and conscious attention as possible?” (Bahr, 2019) and the psychologist Dr. Jerry 
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Bubrick, describing how the addiction occurs and most importantly, that addiction can 

consume all the time of the users: 

He emphasizes that it can be an addiction and that it is difficult to think about whether 

sometimes it is an addiction or not because there is not a psychological gain other than the 

dopamine rush when a human feels good about something. (Bahr, 2019) However, he 

emphasizes that in today’s generation of children who are familiar only with smartphones, it 

is a little scary that there is no internal desire to shutting it down or keeping it to a minimum. 

- That is, it seems like it is there all the time. (Bahr, 2019) 

Summary of the negative impacts of social media addiction 

To sum up - Summary of the negative effects of social media addiction - are summarized by 

Berthon, Pitt& Campbell (2019) below: 

 

Summary of the Negative Effects of Addiction to Digital Experiences 

 

 

 

 

 

 

 

 

 

(Retrieved from: Berthon, Pitt, & Campbell, 2019) 
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Signs of Social Media Addiction 

Several methods could be used to identify social media addicts and various important signs 

to recognize it. (Team The Wisdom Post &Sophia, n.d.) They are summarized by and in 

accordance to the source: Team TheWisdomPost& Sophia, and are presented below. 

1. Starting the day by checking your social media platform 

Authors state that if the person feels the need to check their social media Facebook or 

Twitter account or update their status, he/she might be considered as an addict. (Team The 

Wisdom Post &Sophia, n.d.) According to authors, almost every person who is addicted to 

social media will start their day by scrolling down through seeing if and what they have 

missed out something during the time they have been offline, on the social media platform. 

(Team The Wisdom Post &Sophia, n.d.) They explain that, this will be followed by a feeling of 

being outdated or lose of time.  (Team The Wisdom Post &Sophia, n.d.) 

2. Procrastinating and scrolling through meaningful information  

Researchers describe that one factor which makes a person less productive and 

accomplishes fewer goals in life is procrastination, which social media has a huge impact on 

it and therefore is a motivator for a person’s procrastinating. (Team The Wisdom Post 

&Sophia, n.d.) That is, according to them, a user can spend hours only through scrolling 

down the social media platform, reading different news and updates which lack any 

meaning. (Team The Wisdom Post &Sophia, n.d.) For instance, these might include user 

scrolling through videos of funny dogs or others although this kind of activity does not bring 

or add any value to his/her life. (Team The Wisdom Post &Sophia, n.d.) 

3. Update your profile status daily 

According to authors, a behavior pattern when considering an addict is documenting almost 

every activity such as what the person had for lunch, or which locations they have visited on 

social media. (Team The Wisdom Post &Sophia, n.d.) They state that this will be expressed 

through frequently posting about these topics and status updates too often than an average 

person. (Team The Wisdom Post &Sophia, n.d.) 

4. Checking notifications every second 
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According to authors, checking notifications is not something that is considered as not 

normal in a person’s everyday life. (Team The Wisdom Post &Sophia, n.d.) However, authors 

note that if the user shows a high need to do that more often even if the phone does not 

ring or buzz, or checks it all the time, then a pattern of social media addiction can be 

identified.(Team The Wisdom Post &Sophia, n.d.) 

5. Social media - the only medium to contact your friends 

Researchers claim that social media platforms can be used as a means to avoid physical 

contact and they can be chosen instead of physically meeting with the person. (Team The 

Wisdom Post &Sophia, n.d.) That is, they further explain that social media addicts will 

choose to communicate over social media and this will be the only way as a personal choice 

to contact other people. (Team The Wisdom Post &Sophia, n.d.) 

6. You check the “likes” and “shares” all the time  

Based on the literature, the reward which a user gets when they receive “likes” from other 

users on a picture they recently posted brings high value to social media addict. (Team The 

Wisdom Post &Sophia, n.d.)  That is, as authors explain, they are often considered as a form 

or sign of acceptance. (Team The Wisdom Post &Sophia, n.d.) 

7. Social media – a vital part of your life 

Lastly, authors claim that if social media platform has become a vital and inseparable part of 

the life of an individual and he/she cannot live without checking it, then the user can be 

defined as an “addicted”. (Team The Wisdom Post &Sophia, n.d.) Further, authors state that 

a sign of addiction is also considered if the individual loses interest in other activities that 

he/she used to execute such as exercising and instead waste their time on Twitter or 

Facebook.  (Team The Wisdom Post &Sophia, n.d.) 

However, as stated by the paper of Jakobsen & Holmgren (2019), to detect a user being 

addicted or not, it is required personal contact with a psychiatrist or other professionals to 

make the right judgment of diagnosis. (Jakobsen & Holmgren, p. 9, 2019) 

To sum up, social media addiction has various negative effects on human health as described 

with the above examples and conducted studies, therefore it is important to understand it 
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and find a solution which will help health care services to reduce the number of people who 

might be suffering from addiction. 

Case Description  

The next paragraphs in the paper will present an introduction and information about Twitter 

as follows. 

What is Twitter?   

Twitter platform was launched in 2006 (@TwitterIR, 2019); Twitter: About | LinkedIn,” 

2020)as a social networking site that allows people to post their thoughts in short texts, 

called “tweets”. They can be written in up to 280 characters long (Developer, n.d.-

a)Also, they can include links to different websites, blogs, videos, pictures and images, and 

other resources or material, available online, etc.  (Mollett, Moran, & Dunleavy, 2011) 

In other words, Twitter provides microblogging service and it is one of the biggest and most 

popular social media platforms around the world: according to Twitter, their service is 

available in more than 40 languages (@TwitterIR, 2019). 

Twitter service can be accessed via twitter.com, different mobile devices via Twitter-owned 

and operated mobile applications (e.g. Twitter for iPhone and Twitter for Android), and SMS  

(@TwitterIR, 2019;Annual Report, 2019) 

As Twitter represents themselves on the company’s website, “Twitter is what’s happening in 

the world and what people are talking about right now” (Twitter.com, n.d.). Therefore, 

according to the company information, on Twitter people can find and talk about different 

kinds of topics: “From breaking news and entertainment to sports, politics, and everyday 

interests” (Annual Report, 2019), and, according to Twitter, their users can “see every side of 

the story”  (Annual Report, 2019). Furthermore, everyone can “join the open 

conversation” (Twitter.com, n.d.) or “watch live-streaming events” (Twitter.com, n.d.).   

Background: Some Historical Facts about Twitter   

According to Twitter‘s history, Twitter started as an SMS text-based service  (Developer, n.d.-

a)this limited the original Tweet length to 140 characters, which was partly driven by the 160 

character limit of SMS, with 20 characters reserved for commands and 

usernames  (Developer, n.d.-a). Gradually, Twitter was developing, and the maximum 
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length of a tweet grew up to 280 characters for non-Asian languages in November 

2017 (Developer, n.d.;Rosen, 2017). – It means that the messages on Twitter are still short 

and brief but allowing a tweeter to write a little bit broader expression (Developer, n.d.-a), 

which is a double-length compare to the primary option in the early days of Twitter.   

 

Since the dataset used in this paper is from June 2009, we find it important to provide a 

little bit of a context about Twitter around those years:  

As reported by some sources, the tipping point for Twitter’s popularity was the 2007 South 

by Southwest (SXSW) festival: “During the event, Twitter usage increased from 20,000 

tweets per day to 60,000” (Myers, 2011). The company experienced rapid initial growth: “It 

had 400,000 tweets posted per quarter in 2007. This grew to 100 million tweets posted per 

quarter in 2008. In February 2010, Twitter users were sending 50 million tweets per 

day” (Beaumont, 2010).  
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According to the article on Compete Pulse (Kazeniac, 2009), “Twitter moved up to the third-

highest-ranking social networking site in January 2009 from its previous rank of twenty-

second”: (Retrieved from: Compete Pulse, (Kazeniac, 2009) 

 

What are Tweets?  

 A Tweet is a short text that can be written in up to 280 characters and posted on the 

Twitter platform (Help.twitter.com, n.d.)In addition to text, a tweet may contain photos, 

GIFs, videos, and links (Help.twitter.com, n.d.). 
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As described in ictea.com's article, tweets are publicly visible by default, but senders can 

restrict message delivery to just their followers (Ictea, n.d.). In addition to that, Twitter users 

can tweet via the Twitter website, compatible external applications (such as for 

smartphones), or by Short Message Service (SMS) available in certain countries (Ictea, n.d.). 

Twitter users may subscribe to the tweets of other users, which is called “following”. (Web 

Technologies and Applications, 2016)The subscribers are known as “followers” or 

“tweeps” (Web Technologies and Applications, 2016). In addition to that, tweets can be 

shared by other users to their feed, and this practice is called a “retweet” (Web Technologies 

and Applications, 2016).  

About Twitter Company  

Twitter, Inc. (NYSE: TWTR) is a public company founded in April 2006 with its headquarters 

in San Francisco (USA) (“Twitter: About | LinkedIn,” 2020). According to the data from 2019, 

the company had 4,600+ employees and 35+ offices worldwide (@TwitterIR, 2019). 

Twitter URL is the following: https://twitter.com/   

Financial Numbers and User Growth Statistics   

According to recently (February 2020) announced financial results of Twitter, for its fourth 

quarter and fiscal year 2019, the company reported total revenue of $1.01 Billion, Year-

Over-Year Growth in Monetizable Daily Active Usage (mDAU) of 21% - 152M Monetizable 

Daily Active Users - in Q4, 2019  (EDGAR, 2020) 

 

In the below page is a timeline retrieved from Statista – Statistics portal for market data 

demonstrating the amount of monetizable daily active Twitter users worldwide as of fourth 

quarter of 2019: 
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 (Retrieved from:Statista, 2020) 

  

 

Twitter’s Future Vision  

 After making the public announcement about the earnings for 2019-year, Twitter’s CFO Ned 

Segal expressed the company’s ambitions and expectations for the future development of 

Twitter:   

“We continue to see tremendous opportunity to get the whole world to use Twitter and 

provide a more personalized experience across both organic and promoted content, 

delivering increasing value for both consumers and advertisers.” (EDGAR, 2020) 

In their Investor Fact Sheet 2019, Twitter states that they continued to make progress on 

health (@TwitterIR, 2019). Twitter states, that in Q3 (2019) they gave people more control 

over their conversations on Twitter with the launch of author-moderated replies in the US, 
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Canada, and Japan, and they improved our ability to proactively identify and remove abusive 

content, with more than 50% of the Tweets removed for abusive content in Q3 taken down 

without a bystander or first-person report (@TwitterIR, 2019). 

 

In their  Annual Report 2019, Twitter state that in 2018, they took some important steps “to 

increase the collective health, openness, and civility of the public conversation on Twitter, 

helping people see high-quality information, strengthening our sign-up and account 

verification processes, and preventing the abuse of Twitter data” (Annual Report, p. 7, 2019) 

Furthermore, according to the report (Annual Report, p. 7, 2019), the specific actions that 

they took in 2018, included the following:   

1) strengthening account security.   

2) updating their rules to address specific types of hateful conduct more clearly.  

3) taking new behavior-based signals into account when presenting and organizing Tweets.  

4)  making it easier to see when a Tweet was removed for breaking Twitter rules.  

5) expanding their team through increased hiring and acquisition.   

 

As reported by Twitter, in 2018, they continued to improve their machine learning 

efforts, making it harder for malicious accounts to manipulate their service through multiple 

accounts and evading suspension, resulting in the suspension of millions of spammy and 

suspicious accounts (Annual Report, p. 7, 2019). 

In addition to that, they also put a lot of effort to make it easier to follow and discuss events 

as they are unfolding with expanded coverage of sports, entertainment, news, elections, and 

other topics and events (Annual Report, p. 7, 2019).  

Some Twitter Terms and Symbols  

Term  Description  

“Tweet”  It is a short text that can be written in up to 280 characters and posted 

on Twitter. In addition to text, a tweet may contain photos, GIFs, 

videos, and links. (Help.twitter.com, n.d.) 
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(For more information read the section “What are Tweets?”.)  

“Following”  It is an option on Twitter to follow what other users are tweeting. By 

following another person on Twitter, a user will see the tweets of that 

person in his or her feed. (Help.twitter.com, n.d.) 

“Unfollowing”  It is a possibility to stop following another user, which means, 

stop seeing his or her tweets when they no longer wish to see the 

tweets from another user’s account. (Help.twitter.com, n.d.) 

“Blocking”  Block is a feature that helps you control how you interact with other 

accounts on Twitter. This feature helps users in restricting specific 

accounts from contacting them, seeing their Tweets, and following 

them. (Help.twitter.com, n.d.) 

“Muting”  Mute is a feature that allows you to remove an account's Tweets from 

your timeline without unfollowing or blocking that 

account. (Help.twitter.com, n.d.) 

“Retweeting or 

RT”  

It is a possibility to re-post a tweet: Twitter's Retweet feature helps 

you and others quickly share that Tweet with all of your followers. You 

can Retweet your Tweets or Tweets from someone else.   

Sometimes people type "RT" at the beginning of a Tweet to indicate 

that they are re-posting someone else's content. This isn't an official 

Twitter command or feature but signifies that they are quoting 

another person's Tweet. (Help.twitter.com; retweet, n.d.) 

You have the option to add your comments, photos, or a GIF before 

Retweeting someone's Tweet to your followers.  (“Glossary,” n.d.) 

“Replying”  A reply is a response to another person’s Tweet. You can reply by 

clicking or tapping the reply icon from a Tweet. (Help.twitter.com, 

n.d.) 

“@”  The @ sign is used to call out usernames in Tweets: "Hello @twitter!" 

People will use your @username to mention you in Tweets, send you a 

message or link to your profile.  (“Glossary,” n.d.) 

This symbol is used in tweets when a user wants to mention another 

user. It is also the first part of every Twitter username – for 
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example: @newsreporter2. (Help.twitter.com, n.d.) 

“#”  A hashtag—written with a # symbol—is used to index keywords or 

topics on Twitter. This function was created on Twitter, and allows 

people to easily follow topics they are interested in. (help.twitter.com; 

hashtags, n.d.) 

This symbol is used to categorize tweets. (help.twitter.com; hashtags, 

n.d.)People use the hashtag symbol (#) before a relevant keyword or 

phrase in their Tweet to categorize those Tweets and help them show 

more easily in Twitter search. (help.twitter.com; hashtags, n.d.) 

Hashtags can be included anywhere in a Tweet. (help.twitter.com; 

hashtags, n.d.) 

Hashtagged words that become very popular are often trending 

topics. (help.twitter.com; hashtags, n.d.) 

Clicking or tapping on a hashtagged word in any message shows you 

other Tweets that include that hashtag. (help.twitter.com; hashtags, 

n.d.) 

“Mentions”  A mention is a Tweet that contains another person’s username 

anywhere in the body of the Tweet. (Help.twitter.com, n.d.) 

“Direct 

Message or 

DM”  

It is an option to send and receive private messages from other Twitter 

users. (Help.twitter.com, n.d.) 

“Shortened 

URLs”  

“Twitter automatically shortens URLs posted to Twitter. <...> When 

you paste a URL into the tweet field in Twitter, it is altered by the t.co 

service to 23 characters, no matter the length of the original URL. Even 

if the URL is fewer than 23 characters, it will still count as 23 

characters.” (Gunelius, 2020) 

For URL shortening service Twitter created t.co.: It is only available for 

links posted to Twitter and not available for general use. All links 

posted to Twitter use a t.co wrapper. Twitter hopes that the service 

will be able to protect users from malicious sites and will use it to track 

clicks on links within tweets. (Ictea, n.d.) 
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Data Understanding 

According to Provost & Fawcett (p. 28, 2013), in the data understanding stage, it is vital to 

understand what are the strengths and limitations when it comes to the data as in many 

cases it could be a rare to find, as they write in their book, “the exact match of the problem”. 

(Provost & Fawcett, p. 28, 2013) Further, authors explain when we consider the data 

understanding phase, it is important to estimate what are the potential costs and benefits 

when considering data sources. (Provost & Fawcett, p. 28, 2013) That is, Provost & Fawcett 

(2013) note that while some of these sources might be virtually accessible being free, other 

sources might need more effort to be obtained and might require the researcher to 

purchase it. (Provost & Fawcett, p. 28, 2013) 

The dataset used for our research is a part of the secondary data, accessed via the previous 

Master Thesis project done by Jakobsen & Holmgren, 2019. 

Scrapped data was chosen for our project due to the same reasons the previous researches 

had:  

1) limited knowledge and experience in scraping the tweets. 

2) Twitter API’s restrictions on API calls for non-professional users.  

3) the prices were too high for less restricted access to the data. 

Therefore, the secondary data was a better option to conduct this research.  

In this stage, the following preprocessing of the data was used, by applying the programming 

language Python. It will be further described below with each step reasoning the decisions 

taken. 

As our approach in the paper was to use already scraped data, the costs and preparation of 

the data required less time than if we had to collect data manually from Twitter API. There 

are different ways a researcher can access Twitter data, according to the Twitter premium 

source: Developer (n.d.), one of which is using Twitter premium API:  

1. Access of historical data – access of Twitter data for the past 30 days via Search 

Tweets API or depending on the interest of research until the date of interest, the full 

history of the Twitter data. (Developer, n.d.) 
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2. Account Activity API – provides real-time delivery of the account’s activities. 

(Developer, n.d.)It includes tweets, replies, retweets, likes, follows, and others, to up 

to 250 accounts. (Developer, n.d.) 

3. Developer portal – includes a self-service developer portal that gives “more 

transparent access to your data usage”. (Developer, n.d.) It allows easier levels of 

access and premium functionality shown below. (Developer, n.d.) 

 

 

(Retrieved from: Developer, n.d.) 

 

However, due to, as stated above, prices being too high and limited knowledge in scraping 

the tweets, a different approach was taken – a secondary data was used provided by 

Stanford University described below: 

Data Collection 

According to Stanford University, the data scraped includes 476 million Twitter posts from 

20 million users covering 7 months from June 1, 2009 to December 31, 2009 (Stanford 

University, n.d.) 

The whole dataset consists actually of 7 smaller datasets, that are covering a period of 7 

months: from June 1 2009 to December 31 2009 (Stanford University, n.d.). 

Based on the information provided by the above-mentioned source (Stanford University, 

n.d.), it is estimated that “this dataset of 7 months is about 20-30% of all public tweets 
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published on Twitter during this particular time frame” mentioned above. (Stanford 

University, n.d.) 

 Each of the public tweets from the dataset contains the following information: 

‘T’ - Time of the tweet was posted (date, precise hour, minute, and second). 

‘U’ – User: the link to the user’s, who posted a message, Twitter account. 

‘W’ – Message (the contentof the text message) the user published on Twitter.    

 

Challenges and problems when working with big data which cannot fit in computer 

memory 

Before proceeding with our data collection and data description sections, we firstly will 

introduce the challenges that we had while we were trying to work with the initial data, and 

reasoning of our choice of proceeding further in the paper. Therefore, this will be also 

addressed in the Limitations section later. 

One of the pitfalls of working with large datasets is noted by authors stating that when a 

researcher works with a large volume of data, it creates new challenges among which could 

be an overloaded memory. (Cielen, Meysman, & Ali, 2016) The overall challenges and 

problems when processing big data that cannot fit in memory are summarized by Cielen et 

al. (2016) and presented below: (Retrieved from: Cielen, Meysman, & Ali, 2016) 
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In relation to this, we have experienced the problems mentioned above too while trying to 

work with the 7 months dataset on Python. The example (the screenshot from our coding on 

Python) is provided below. 

 

 

 

 

 

 

After our computer’s screen went black a couple of times when trying to run the codes on 

the bigger dataset, we decided to change our initial idea to work with the 7 months dataset 

and proceed with our research using a smaller dataset. – This is one of the limitations of our 

project since we were planning to use the bigger dataset at the beginning of our research. 

Limited amount of RAM 

When thinking about the capacity of a computer, authors explain, it is known for ages until 

now that a computer possesses a very limited amount of RAM – resulting in complexities in 

the Operating System (OS). (Cielen et al., 2016) That is, Cielen et al. (2016) further state that, 

while many algorithms exist, which are designed specifically for handling large data sets – a 

variety of them load the entire dataset into the memory of the computer at once, hence 

leading to issues and out-of-memory errors. (Cielen et al., 2016) 

Working with this amount of big data collected by Stanford University provided us big 

challenges and led to the above stated out-of-memory errors which created further 

difficulties and considerations of how to proceed with our data. That is, processing such 

amount of data would have required more powerful and bigger Random Access Memory 

(RAM) capabilities as when we created the corpus for Non-addicted users, the operating 

system (OS) could not handle this data and resulted in very slow speed for processing and 

adding more users. Therefore, the error showed above is an example of one of the errors we 
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received when attempting to process more data. This will be described in the sections – 

creating Addicted and Non-Addicted corpuses in Python. 

Choosing a different approach to work with the data 

Due to this, we chose to limit our research and instead of using all the amount of the tweets 

provided by Stanford University, to gather and select enough tweets to run our models from 

the big dataset. Therefore, instead of taking all seven months, only 1 month dataset - June 

2009 - was selected to proceed with, due to the above-described problems which we faced 

in the initial steps of working with the data. A sample of the dataset is presented below: 

Dataset for June 2009 opened in EmEditor 

 

 

To open the data and see the content of it, we needed software that would be able handle 

large files. Since we were not able to open it on Python using our computers due to the 

reasons described above, we used the text editor for Windows – EmEditor. EmEditor, as 

described in their official website, supports powerful macros, Unicode, and very large files, 

thus it is a fast and easy-to-use text editor (Emurasoft, n.d.),therefore we found it as a good 

solution for our problem.  



46 
 

Data Description 

The dataset consisted of a total number of 18572084 instances, with as described above 

values – the time of the tweets posted, links to the users’ accounts and their message 

content. To get more accurate information about the dataset, we ran the code df.describe in 

Python and received the following statistics of the dataset which will be described further 

below: 

 

The data frame statistics include information about: 

Value_counts() – shows the number of times which each unique value occurs 

(geeksforgeeks, n.d.) 

Unique() – shows the number of unique values which are in the data frame (geeksforgeeks, 

n.d.) 

Top() – the top frequency user on the list 

Freq() – statistics about the top frequency use 

Further, these are applied and explained in the graph below: 

 Time User Message 

count 18572084 - Number of 

rows for column Time 

18572084 - Number of 

rows for column User 

(tweets+retweets+UR

Ls+User) 

18572084 - Number of 

rows for column 

Message (tweets 

+retweets) 

unique 1493992 - Number of 

the times users posted 

the tweets (excluding 

when they tweeted at 

the same time) 

3156737 - Number of 

users (excluding the 

users who repeat 

several times) 

17076732 - Number of 

messages without the 

retweets 

top The top (most The top user from the The top message for 
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frequent) time the user 

tweeted 

frequent list this user 

freq 116 - Indicates how 

much Time overall he 

spent on posting on 

Twitter  

4874 - The number of 

times he posted in 

June 

32451 - The number of 

tweets/messages  

 

Therefore, this resulted in the following data description: 

Dataset statistics  

Number of users 3156737 

Number of tweets 17076732 

Number of URLs 18572084 

Number of re-tweets 1495352 

 

After we have presented and described the data which we are going to build our models 

further in the paper based on the information above, the next step is to proceed with 

introducing basic Python functions and how they work to build the ground for the final 

results and statistics. 

Data Preparation 

The Data Preparation covers all activities needed to construct the final dataset from the 

initial raw data. As authors refer to, tasks involve – attribute selection, meaning what 

attributes we want to include in our analysis, transformation and cleaning of our data for the 

forthcoming modelling tools used further. (Aggarwal, 2018) Thus, authors note that, in this 

step, a data scientist could spend a large amount of their time in the early process when the 

variables are defined and which are used in the process later. (Provost & Fawcett, p. 30, 

2013) Therefore, authors note that a vital part in the process is activities, such as human 

creativity, common sense, business knowledge are applied in this stage. (Provost & Fawcett, 

p. 30, 2013) 

After the data understanding stage, we faced several challenges when trying to work with 

the data, as it was described above. In addition to that, the data scraped from the data 

source was with an enormous size – totaling of 70,5 gigabytes (Jakobsen & Holmgren, p. 43, 
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2019), which resulted in Random Access Memory (RAM) problems described above. 

Therefore, a different approach was needed in our case and therefore, a line by line 

approach was chosen.  

To proceed further, the first step was to create an empty list in Python. A list is referred to as 

a “data structure in Python” (Tagliaferri, 2016) which is referred as an “ordered sequence of 

elements” (Tagliaferri, 2016). Therefore, authors refer to an item as every element or value 

contained inside of this list. (Tagliaferri, 2016) 

The values, as authors explain, of the lists are indicated by the content of the square 

brackets (Tagliaferri, 2016). Following this, we created three empty lists – date_list, user_list, 

and message_list, with empty values, as it is presented below: 

Before opening the data files and reading them in Python, we looked at two important steps: 

firstly, creating a dataframe in Python, secondly, creating a list with empty values. For this 

purpose, the open-source data analysis package Pandas was used. Authors’ note that the 

advantage of it lays in that it takes, for example, a CSV file or SQL databases, then it creates 

Python objects containing columns and rows referred as data frame. (Bronshtein, 2017) This 

then is very alike to, for instance, a table in Excel or SPSS or other statistical softwares. 

(Bronshtein, 2017) 

As a result, the list contained three columns – time, user, and message with empty values as 

shown in the Python code presented above.  

Reading a file line by line 

Further, proceeding with our research, it was chosen to read the files line by line. For this 

purpose, the “readline()” function in Python was used.  

“readline()” function “reads a line of the file and return it in the form of the string” 

(nikhilaggarwal3, n.d.). Therefore, it is efficient to use when a researcher aims to read a large 
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file, which we had in our case, “because instead of fetching all the data in one go, it fetches 

it line by line”(nikhilaggarwal3, n.d.).  

The “readline()” function is represented and coded in the first line, as shown in the script on 

Python below: 

 

The initial approach for running this code was to apply and use it for all datasets of the seven 

months, however, due to the large size of the dataset, we decided to take a different 

approach and focus on only one month – June 2009 which allowed us to conduct a more 

focused research project. Authors state that, in these cases, it is vital for the researchers to 

take into account the advantages and disadvantages when it comes to the data points which 

are used to build the model of choice. (Dhanani, 2017) Further, if the researcher chooses to 

use all the available data points, it needs to be considered whether this will increase or 

decrease the performance of the model. (Dhanani, 2017) This will be further explored with 

the results of our models in the Modeling section.   

To run our script, we used UTF-8 encoding introduced briefly below: 
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Unicode and code points 

As it is described in the data science literature, Unicode is “an international standard where 

a mapping of individual characters and a unique number is maintained”(Gupta, 2019). As the 

author points out (Gupta, 2019), in our days the internet has made it easier for people to 

come closer together, but unfortunately, not everyone in the world speaks only English 

language. From there, according to the author, and as a result of this appeared the need to 

expand this space (Gupta, 2019). The author gives an example: if someone developed an 

application and suddenly the developer realizes that people in another country that do not 

understand English, want to use that application too and the developer can see a high 

potential there (Gupta, 2019). – This is where the problem arises. Therefore, according to 

the author, it would be nice to “just have a change in language but having the same 

functionality” (Banerjee, n.d.) 

Addressing the concerns, mentioned above, Unicode managed to fix the issues: 

“it assigned every character, including different languages, a unique number called Code 

Point” (Banerjee, n.d.).  

Therefore, according to the author, Unicode is an international standard that encodes every 

known character to a unique number (Gupta, 2019). Then, by using bites of information, we 

can move the unique numbers around the internet (Gupta, 2019).  

UTF-8 is one of Unicode encodings. Among other encodings, it is considered as one of the 

most popular forms of encoding and by default for Python 3 (Gupta, 2019).   

It uses 1,2,3 or 4 bytes to encode every code point (Gupta, 2019). The author also explains, 

that all English characters just need 1 byte, therefore, it is rather effective (Gupta, 2019). 

Purpose of the script 

The purpose of the script is to create a dataframe with three columns – time, user and 

message, for the tweets which users posted in “June 2009”. This required creating an empty 

list to which further elements are added from the “June 2009” dataset. To do this, a loop 

was chosen to be used. 
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Using loops in Python 

According to the data science literature, loops in the programming language are used to 

“repeat a specific block of code”(Parewa Labs Pvt. Ltd, n.d.). Additionally, the while loop 

which we used in our paper, can be applied to make multiple iterations over a specific blocks 

of code, as stated by authors, “as long as the test expression (condition) is true.” (Parewa 

Labs Pvt. Ltd, n.d.) 

In our case we applied it in the following way showed on the right: 

 

 

Retrieved from: (Parewa Labs Pvt. Ltd, n.d.) 

 

That is, as illustrated – If the line starts with capital T, then add the value of the line to the 

list date_list (with empty values) which we created in the beginning. This process then it 

repeated all over again for user_list and message_list. Applying the above description of the 

case – the code will be repeated multiple times until the condition (if the line starts with 

capital T, then add the value to the list date_list) is met.  
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Creating a dictionary in Python 

Researchers define dictionary as “an unordered collection of data values” (Bansal, n.d.), 

which is then used to “Store data values like a map.” (Bansal, n.d.) 

The code below was implemented to create a dictionary in Python: 

 

The results were – 3 columns with the following attributes – date of the tweets posted, the 

profile name of the users, and the text of the tweets. Therefore, the dataframe contained 

18572084 items overall as presented in the codebelow: 

 

To import the data as a CSV file, we wrote the following code in Python: 

 

Manual analysis 

Once we have opened the file line by line, created a dataframe, and imported the file in CSV 

format, the next step was to prepare it for creating 2 corpuses of addicted and non-addicted 

users by checking manually and going through the top high-frequency users.  

‘Heavy/Addicted’ Users 

The initial approach to obtain a group of heavy/addicted users was to randomly select the 

top frequently users from the list with the highest score of tweets posted in June 2009. 

However, when we looked at the users who were on the top and who appeared as the most 

frequency based on the code below, it was evident that most of them were bots and 

companies.  

In the example below, the original usernames are encrypted due to protection of Twitter 

users’ privacy: we replaced the real names of the users to “User Name”: 
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User Frequency 

This made the performance of the results worse, as, as explained by Jakobsen & Holmgren 

(2019), bots very often repeat same words all over again, whilst leaving words which were 

not in equal amount with the human users. (Jakobsen & Holmgren, p. 56, 2019) Therefore, 

different criteria needed to be taken into consideration which is presented below on the left 

figure: 

Retrieved from: (Jakobsen & Holmgren, p. 56, 2019) 
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In the paper written by Jakobsen& Holmgren (2019), they excluded the users who were 

famous people as shown above. However, we decided to take on a different approach. As 

information about the user being famous or not, was not really obvious to us - we were not 

able to know every famous person, f. ex. in USA, since we do not live there - we excluded 

user profiles which were bots and organizations but we did not exclude the famous people. 

Another reason for it is that famous people can be addicted too, as they often have other 

addictions, f. ex., addiction to drugs, etc. In addition to that, it was presented an example in 

the introduction of this paper, that even president of United States – Donald Trump - might 

be addicted to Twitter. 

The table below is adjusted to our research based on the approach which we took. 

 

 

The process continued until we reacheda final number of 7870 tweets. Reaching more users 

would have required more Random-Access Memory (RAM) on our computers. Therefore, 

our subject of research is the messages/ texts from these users. To ease the process of 

selecting users and make the decision to include them into the Addicted_corpus, we made 

an additional table, indicating the user account, the number of tweets posted, and a short 

description of how these users represent themselves in Twitter.  

A sample of it is shown above. 
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‘Normal’ users 

The initial approach was to select the users from the bottom of the user frequency list, 

however, if we took this approach that would mean that the number of tweets posted would 

be only 1: 

 

 

 

 

 

 

 

 

 

As this we considered as not enough tweets per user, a better approach was to select the 

users who had a frequency equals to 22 in the list – which we categorize as the average 

active users according to the results of the code. 

The following output was shown in Python:           

 

To have enough tweets for both corpuses, we managed to take tweets from the 10 top 

frequent users and 320of “normal” users. – So, there would be approximately the same 

amount of tweets in both corpuses – “Addicted” and “Non-Addicted”. 

Taking the same number of users for both corpuses would have resulted in unbalanced data.  
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As there were many bots and companies, we firstly manually checked the last 500 users. 

Additionally, from all these users, we did not gather enough to create the non-addicted 

corpus. For this reason, further 500 users resulting in 1000 users overall were added to the 

initial list, for which we firstly checked the link and then following the same approach as the 

addicted corpus. The difference was that for this corpus we needed to take 10 times more 

additional users to achieve the same number of tweets for both corpuses.  

In addition to that, there were many suspended accounts, also accounts which were not in 

English or many of their tweets were in different language than English. As a result of that, 

many of them were filtered out, therefore leaving the ones which would fit into our analysis. 

Creating 2 corpuses for the addicted/non-addicted users in Python 

Once we have created criteria for the “normal” and “heavy/addicted” users, the next step 

was to create 2 corpuses with addicted and non-addicted users. Before moving further, we 

consider it important to define concepts such as what corpus means for our research. 

Until now, we created a list of addicted and non-addicted users and we refer them as 

corpus. Deriving from the field of Information Retrieval (IR), “a document is one piece of 

text... a collection of documents is called a corpus.” (Provost & Fawcett, p. 253, 2013) 

Applying this to our case – by addicted and non-addicted corpus we mean two corpuses 

consisting of individual words which represent and result in what authors refer – a collection 

of documents or corpuses. (Provost & Fawcett, p. 253, 2013) Each tweet from users 

represents an individual document.  

 

To form the corpus of addicted users, the above code was written, starting from User1 to 

User10 – the URLs were manually added in Python in additional lines. Due to User Privacy, 

the username was deleted and not included in the Appendix.  
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A sample of the resulted corpus is displayed by the head() functionin Python where the 

program displays the first five rows of the data. (geeksforgeeks, n.d.) That could be seen 

from the attributes – time, user, and message, with 7870 instances as shown above.  

The same method was used for the Non-Addicted corpus, however, if we took the same 

number of users as the addicted users that would have resulted in an imbalanced dataset. 

That is, the non-addicted users post 10 times less than the addicted which would mean 10 

times fewer tweets in June. That means we had to reach a number of 320 users for the non-

addicted corpus to make the number of tweets equal for both the addicted and non-

addicted corpus.  

Merging Addicted and Non-addicted corpuses in Python 

As a result, two corpuses of addicted and non-addicted users were created as shown below: 

 

 

To open and read the files for the Addicted and Non-Addicted corpuses, the inputs in line 10 

and 11 were written. Therefore, it can be seen that the Addicted corpus consisted of 7870 
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instances/ elements, whereas the Non-addicted corpus (in the code showed in the df2.shape 

coding) contained 7040 instances/ elements, both with three columns/features. 

Next, the Pandas concat() method was applied according to the definition of the authors, 

that is, to “concatenate pandas objects such as DataFrames”: (Pankaj, n.d.) An object in 

Python, according to the literature, is defined as a collection of data, also called variables, 

and methods, referred as functions. (Parewa Labs Pvt. Ltd., n.d.) 

 

The result is 14910 instances for the Addicted and Non-addicted corpus with three features: 

the time of the tweets posted, the users’ accounts links and their message content.   

 

Modeling 

In the fourth step of the CRISP-DM model – the Modeling stage, based on the book by 

Provost & Fawcett, the researcher applies the data mining techniques to the data. (Provost 

& Fawcett, p. 31, 2013) This would mean applying some of the machine learning techniques 

to our data of Addicted/Non-addicted users. They will be briefly introduced below and then 

applied to our case.  

Supervised/Unsupervised machine learning models 

Before presenting the models, we chose to implement in our paper, we consider it 

important to make a clear distinction between supervised and unsupervised machine 

learning models as this will define our approaches and decisions further.  

In their book, Provost & Fawcett (2013) distinguish between supervised and unsupervised 

machine learning models by asking two, almost the same, but with diverse aim questions. 

Adjusted to our case – whether the users will naturally fall into distinct groups (Provost & 

Fawcett, p. 24, 2013) and whether it would be possible to find groups of users who are more 

likely to fall into the category of “Addicted/Heavy” and “Normal” users ”(Provost & Fawcett, 

p. 24, 2013). One might question how these are relevant to understand how supervised and 
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unsupervised models work. However, they hold a vital principle behind and logic to consider 

before implementing machine learning models in the first place. In our paper, our aim is to 

ensure a smooth process of building our models and clear understanding of what direction 

we want to take.   

Unsupervised Machine Learning 

Returning to the questions above, one could see that the first question does not address 

specific target or purpose to be specified for the grouping, therefore when there is a lack of 

such target, Provost et al. refers the data mining problem as “unsupervised”(Provost & 

Fawcett, p. 24, 2013). In our research we are not using unsupervised machine learning 

models, therefore we briefly introduce how they work without describing in detail. For this 

purpose, we used supervised machine learning models, more specifically - regression model. 

Supervised machine learning 

In supervised learning models there is a specific target defined, that is, the question one 

should ask in the first place, according to authors, is whether the users will naturally fall into 

a category of “Addicts/Heavy users” and “Normal” users (Provost & Fawcett, p. 24, 2013). 

According to authors, in supervised machine learning, there is a target, applied in our case – 

“Addicted/ Heavy users” and “Normal users” which authors refer as a “supervised data 

mining problem.” (Provost & Fawcett, p. 24, 2013) The segmentation, based on the 

literature, “is being done for a specific reason: to take action based on likelihood of churn.” 

(Provost & Fawcett, p. 24, 2013) 

Applied in our case, the segmentation is based on the likelihood of addiction of the users 

and the language patterns which these users use. 

Furthermore, it should be noted that, according to Provost & Fawcett (p.25) a vital part in 

the early stages of the data mining process is decide whether we want to build supervised or 

unsupervised machine learning models and make a clear definition of our target variable. 

(Provost & Fawcett, p. 25, 2013). As we have defined addiction in our first part of the paper, 

our specific target is -Addicted and Non-Addicted users, which will be applied and explored 

below in the “Automatic analysis” part of the paper presented in the next pages. 
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Automatic Analysis 

For our Automatic Analysis we used 2 data mining techniques on Python: Logistic Regression 

and bag-of-words representation were used (using CountVectorizer).  

Therefore, in the following part of the paper we will present and describe the 2 algorithms, 

mentioned above, and explain why these tools were relevant to apply in our research. 

Once we had both ‘Addicted’ and ‘Non-Addicted’ corpus, we built a binary classifier based 

on these two groups. As Müller & Guido (p. 25, 2017) in their book explain, in classification, 

the goal is to predict a class label. According to the authors, a class label is “a choice from a 

predefined list of possibilities” (Müller & Guido, p. 25, 2017). In binary classification that 

would be distinguishing between exactly 2 classes (Müller & Guido, p. 25, 2017), which in 

our case those 2 predefined lists or classes are “Addicted Users” and “Non-Addicted Users”.   

In other words, when doing binary classification, we think of one class as being the positive 

class (Müller & Guido, p. 26, 2017) and the other class being the negative class (Müller & 

Guido, p. 25, 2017). As the authors emphasized, “positive doesn’t represent having benefit 

or value, but rather what the object of the study is” (Müller & Guido, p. 25, 2017). 

When we look at our data set and the purpose of our research, the positive class would be 

the “Addicted Users” and the negative class – “Non-Addicted Users”. 

Logistic Regression 

For the automatic analysis of the textual data we used supervised learning /classification 

algorithm – Logistic regression.  

Logistic regression is one of the techniques that could be used for a predictive analysis 

(Müller & Guido, 2017). Furthermore, Logistic regression is appropriate to apply when the 

dependent variable is dichotomous (binary) (Edugrad, 2019).   

Regression can be applied for numeric value prediction: 

“Logistic regression is used when the dependent variable (target) is categorical and there is 

no restriction on the independent variable i.e. it can be categorical, interval, continuous or 

bool value” (Edugrad, 2019).  
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Based on our research question, we can state that our dependent variable is binary too, 

because the goal of our research is to predict if a user of Twitter is addicted (1) or not (0). 

For this purpose, Logistic Regression is relevant to use in our analysis and therefore it will be 

applied. 

In their book Müller & Guido describe, that logistic regression “makes predictions, ŷ, using 

the following formula:   

ŷ = w[0] * x[0] + w[1] * x[1] + ... + w[p] * x[p] + b > 0   

where w[i] and b are coefficients learned from the training set and x[i] are the input 

features” (Müller & Guido, p. 213, 2017). 

 

Labeling of the Data 

In the dataset “June_2009” we have 2 values for the target variable ‘Addicted’: 0 and 1, 

where 0 means “Non-Addicted” and 1means “Addicted”. According to the authors, the 

values 0 and 1 make sense in the formula for logistic binary classification (Müller & Guido, p. 

213, 2017).  

Therefore, we believe, this model will help us in our research, because as a part of our 

research we are trying to solve the following task: taking a tweet from the dataset 

“June_2009”, we have to assign the label “Addicted” or “Non-Addicted” based on the 

language of each tweet’s text. 

The labeling process in our coding is presented in Screenshot 1 and Screenshot 2 below: 
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Screenshot 1 

Screenshot 2: 

 

The benefit of using Logistic Regression for this research is, that it helps us to indicate the 

strength (or weight) of the impact of multiple keywords in a tweet on the addiction level of a 

user. 

The next method we used it – text as a bag of words briefly presented below and applied to 

our case. 

Bag of words representation 

According to Provost & Fawcett (p. 263, 2013), the bag of words representation is one of the 

simplest and has been much recommended. That is, the biggest advantage, Provost & 

Fawcett (2013) explain, is that it can perform well on a number of tasks, and very often it is 

chosen on first place when considering a new text mining problem. (Provost & Fawcett, p. 

263, 2013) Therefore, for this reason we chose it as an approach to implement machine 

learning models on our data. 

When a researcher uses this representation, the structure of the input text such as 

paragraphs, formatting, and sentences is completely discarded, as stated by Müller & Guido, 

(2017). This leads to, what Müller & Guido refer to as “mental image of representing text as 

a “bag” (Müller & Guido, p. 328, 2017). The following three main steps are followed in this 

approach, accordingly to the book by Müller & Guido (p. 328, 2017):  
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1) Tokenization – as authors explain, this is where each document is split into the words 

that consist of it. (Müller & Guido, p. 328, 2017) By document we mean each 

sentence (or tweet in our case) is split to its words referred also as tokens (Müller & 

Guido, p. 328, 2017). 

2) Vocabulary building – this step involves collecting all the words which appear in the 

documents. (Müller & Guido, p. 328, 2017).  

3) Encoding – the last third step consists of counting how many times from the 

vocabulary each word appears. (Müller & Guido, p. 328, 2017)   

The figure below illustrates how the process of bag-of-words representation with the string 

“This is how you get ants.” works as explained in the book by Müller & Guido) (p. 328, 2017). 

That is, they further note that, for each of the words appearing in the vocabulary, a count of 

the number of times a specific word is present in each one of the documents will be counted 

(Müller & Guido, p. 328, 2017). This would mean the numeric representation will have, as 

they argue, “one feature for each unique word in the whole dataset” (Müller & Guido, p. 

328, 2017). 

This is visually represented as shown below: 

 

(Retrieved from:Müller & Guido, p. 328, 2017) 

One of the ways to employ bag-of-words representation in Python, is to use the transformer 

CountVectorizer as suggested by Müller & Guido (2017). This in our paper is applied in the 

next stage - Evaluation (Müller & Guido, p. 329, 2017) According to the data science 

literature, the CountVectorizer is used to implement tokenization and vocabulary building as 
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presented below. (scikit-learn, n.d.) The figure above is an illustration and an example to 

how each Tweet will be processed using the CountVectorizer explored in the next part of the 

paper. 

 

Evaluation 

The fifth stage – Evaluation, Provost & Fawcett explain that, the researcher aims to make an 

assessment of the data mining results. (Provost & Fawcett, p. 31, 2013) and ensure these 

results are valid and reliable which will follow below. 

After we have labeled our data, to avoid the problem of overfitting in machine learning, the 

next step is to perform train and test split - dividing our data into test and training set. 

Authors define overfitting as “the tendency of data mining procedures to tailor models to 

the training data” (Provost & Fawcett, p. 113, 2013), which often is at the cost of 

generalization to new data. (Provost & Fawcett, p. 113, 2013) This means that, as authors 

state, the model will use “pure memorization”(Provost & Fawcett, p. 113, 2013) and result in 

predictions that might look perfect, but it will not be able to predict new data points. For 

instance, overfitting in our case might results in all users classified as “addicted”, or in the 

opposite case – classified as “non-addicted”. Therefore, all new users will be allocated into 

one category – for example, addicted users. 

Authors state that in machine learning classification falls into the category of supervised 

tasks, therefore in this stage we aim to find the performance of the models on unseen data 

(ProgrammerSought, n.d.), also referred to as “testing data” (Pant, 2019). To split the data 

authors note that, this involves two main parts – the training set, the learning algorithm 

which is used to fit the logistic regression model (ProgrammerSought, n.d.) and test set – 

used for providing unbiased evaluation on the final model fit on the training dataset. (Shah, 

2017) 

At this point, we split the train and test data where the training data is used to fit the model 

– that is, as authors refer, the model “sees” and “learns” from the data (Shah, 2017), and 

then the test data is used to evaluate the final model. (Shah, 2017) 
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Retrieved from: (Müller & Guido, p. 330, 2017) 

After we loaded our test and training data into a text representation of lists of strings 

(Müller & Guido, p. 330, 2017), the code above was implemented.  

The random split into test and training sets is performed using the scikit-

learn,train_test_split function. (scikit-learn, n.d.) Therefore, the train test split was written in 

Python as shown in the below screenshot: 



66 
 

Our code above indicates, based on the book by Müller & Guido (2017) that the vocabulary 

of our bag-of-words representation for the training set consists of 28,111 entries, with the 

shape of X_train equals to 11,182x28,111. (Müller & Guido, p. 331, 2017) This means that 

the dataset consists of 11,182 number of tweets, or as Müller & Guido refer to – samples, 

and 28,111 words in the vocabulary.  (Müller & Guido, p. 329, 2017) 

According to the authors, if we want to access the vocabulary, one way to do that is using 

the get_feature_name method which is part of the vectorizer. (Müller & Guido, p. 331, 2017) 

In our paper we used the get_feature_name to access the vocabulary as shown in the 

screenshot below: 
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When we looked at the results, some of the first 10 entries in the vocabulary are numbers, 

e.g. ‘00’, ‘000’, ‘003’, ‘0044’, ‘00448447110059’. According to Müller & Guido book (2017), 

these numbers can also be seen in the Twitter messages, thus being extracted as words 

(Müller & Guido, p. 331, 2017) Therefore, they do not have and lack meaning – for instance, 

how one would interpret the number ‘003’? Also, the long last number does not contain any 

relevant information; it represents more a sequence of numbers, however, without any 

context.  

Müller & Guido (p. 331, 2017) state that refining meaningful from the nonmeaningful 

“words” sometimes can occur as a tricky task. For example, looking at the code above in the 

words contained in the vocabulary, the number of English words are listed which starts with 

the prefix ‘pre’. Accordingly, words such as ‘preorder’, ‘preparations’, ‘prepared’ contain 

both the singular and plural forms of the words, however they are considered as being 

separate and different words. Authors note that what one could notice is that these words 

have similarly and closely related semantic meanings (Müller & Guido, p. 331, 2017). 

Therefore, taking them into account as distinct words that correspond to different features, 

based on the book by Müller & Guido, might not be ideal (Müller & Guido, p. 331, 2017). 

Cross-validation 

Further, we will introduce and explore the concept of Cross-validation and how we applied it 

in our paper. 

Our choice of cross-validation was based also in accordance to the already existing literature 

in which Provost et al. state that cross-validation makes better use when the dataset is 

limited, (Provost & Fawcett, p. 126, 2013) which applies to our case as we filtered out many 

available data points and limited them to numbers with which we would be able to work 

when building our models.  

Returning to our main point of cross-validation, the graph below shows a representation of 

how cross-validation works, and thus will be explained more.  
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(Retrieved from: Provost & Fawcett, p. 128, 2013) 

The first step in cross-validation is splitting an already labeled dataset into k partitions, which 

Provost et al. define as folds (Provost & Fawcett, p. 127, 2013). In our dataset, we labeled 

our data by Addicted User (1) and Non-Addicted User (0). This data then is partitioned into k-

folds as authors state. (Provost & Fawcett, p. 127, 2013) In the graph above it is shown the 

typical number of folds – five, however in our case we used two k-folds, that is: k=2, for the 

Addicted (“Heavy users”), and Non-Addicted Users (“Normal users”) which resulted in 2-fold 

cross-validation. In the figure above, it is shown the label, or in other words the original 

dataset, being split into five folds. (Provost & Fawcett, p. 127, 2013).  

In our case, as our data consisted of “Addicted” and “Non-addicted” users, the cross-

validation followed the procedure of, as stated by authors, randomly shuffling the dataset. 

(Brownlee, 2018) Then, as authors state, “cross-validation then iterates training and testing k 

times”(Provost & Fawcett, p. 127, 2013), applied to our paper, 2 times in a specific way. 

Further, following the book by Provost & Fawcett (2013), each time the process is repeated, 

the cross-validation selects different folds as the test data. Therefore, the k-1 folds from the 
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top are used to form the training data. Further, the algorithm follows what Provost et al. 

refers to in that “in each iteration we have (k–1)/k of the data used for training and 1/k used 

for testing.”(Provost & Fawcett, p. 127, 2013) However, as our dataset contains 2 folds, this 

applied to 2-folds, instead of 5 folds.  

The result is 2 models, as stated by authors, “each iteration produces one model”(Provost & 

Fawcett, p. 128, 2013) and “one estimate of accuracy”(Provost & Fawcett, p. 128, 2013). 

Further, following the literature, each example has been used 2 times (k=2) for training but 

only once for testing. (Provost & Fawcett, p. 128, 2013) At this point, the computing of the 

average deviation is performed, and the results were shown on the above screenshot, 

however they will be explained below. 

Data “Leakage” 

Before continuing with evaluating the logistic regression, there is one more vital concept to 

introduce – the concept of data “leakage”, for which reason cross-validation was 

implemented. Following the definition provided by Provost & Fawcett (2013), a leak occurs 

when a variable which is collected in historical data provides information regarding the 

target variable which will not be available at the time of the decision-making process. 

(Provost & Fawcett, p. 128, 2013) For instance, if we want to make predictions based on 

real-time updated tweets – for example: for December 2020, and we want to decide at that 

particular time with a target variable “user at high risk of developing social media addiction”, 

the total number of tweets would not be known until December 2020. Thus, the value of the 

target variable will be known at this time, but not earlier. This means that the information 

about the target variable “user at high risk of developing social media addiction”, in this 

example scenario, will be available in December 2020, however, if we want to make the 

predictions two months earlier – October 2020, this would result in data “leakage” because, 

as stated above, the information about the target variable will not be available at the 

decision-making process. 

For this reason, and also the one already stated above, the cross-validation approach is 

implemented to avoid the risk of data “leakage”.  
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Evaluating Logistic Regression through using the cross-validation 

The next step was to evaluate the logistic regression performance. Following Müller & Guido 

(2017), we received similar results as shown below: 

 

 

 

 

Retrieved from: (Müller & Guido, p. 332, 2017) 

The results in our model showed a mean cross-validation score of 86%, which differs with 

only 2% of the results presented in the book by Müller & Guido: 

 

According to the authors, when the cross-validation shows 88%, this represents reasonable 

performance “for a balanced binary classification task” (Müller & Guido, p. 332, 2017). 

Therefore, this argument is valid for our results as the difference between the two results is 

relatively low. 

Further, the following code is implemented in Python: 

 

 

 

 



71 
 

 

Before implementing the code above, we will explain the concepts of tuning the parameters 

to find them, what Provost et al. refer to – “the “optimal” model parameters based on 

data”(Provost & Fawcett, p. 81, 2013).  

According to the authors, the next step is tuning the parameters for the purpose of fitting 

the data in the best optimal way. (Provost & Fawcett, p. 81, 2013) This, Provost & Fawcett 

refer as – “parameter learning” or “parameter modeling”(Provost & Fawcett, p. 81, 2013). 

That is, the goal in this step is to “fit” the parameterized model to the Twitter dataset 

(Provost & Fawcett, p. 87, 2013). More specifically, as authors refer: “to find a good set of 

weights on the features”(Provost & Fawcett, p. 87, 2013). 

Authors note that often these weights are roughly interpreted as an important indicator of 

the features after learning from the training set (Provost & Fawcett, p. 87, 2013). Deriving 

from the book, it is vital to note that when the magnitude of the feature’s weight is larger, 

then the more vital this feature is for making classification to the target. (Provost & Fawcett, 

p. 87, 2013) That would mean, as authors state, that if a feature’s weight nearly equals to 

zero, it can be chosen to be not taken into account. (Provost & Fawcett, p. 87, 2013) 

In our case, we want to find some weights which “discriminate the training data 

well”(Provost & Fawcett, p. 87, 2013), and make as much possible accurate prediction of the 

value of the target variable for future unknown cases. 

After we have explored the above concept, we ran the following code in Python, using the 

regularization parameter for Logistic Regression – C, which we tuned via cross-validation:  

(Müller & Guido, p. 332, 2017) 
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By using C=1 we obtain a cross-validation score which in our case can be seen is 86%. (Müller 

& Guido, p. 332, 2017) Before assessing the generalization of the performance on the test 

set, we will explain what we refer to the concept of generalization.  

Generalization 

A generalization in data mining occurs, as explained by authors, when the model memorizes 

the training data so “perfectly” that does not perform any generalization at all (Provost & 

Fawcett, p. 112, 2013). That is, applied to our case, when we see a new user who is potential 

of being an addict, we would want to apply the model (Provost & Fawcett, p. 112, 2013). 

This new person logically will not be part of the historical dataset, “so the lookup will fail 

since there will be no exact match”(Provost & Fawcett, p. 112, 2013). That is, following the 

book by Provost & Fawcett (2013) the model then will make a prediction “0” likelihood of 

the person being addicted. More precisely, as the authors state: “the model will “fit” 

perfectly to the training data”(Provost & Fawcett, p. 112, 2013) or “overfit” (Provost & 

Fawcett, p. 112, 2013). As the authors refer, we want our model to not only be limited to 

applying it to the exact training set, but rather on the general population (Provost & Fawcett, 

p. 112, 2013). Therefore, this process we refer it to generalization – the model does perform 

no generalization due to pure memorization.  

Returning to our code, at this step we can “assess the generalization performance” (Müller & 

Guido, p. 332, 2017) of the regularization parameter C setting on the test set which is shown 

in line 105, in the screenshot equivalent to 87%.  
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Using CountVectorizer to improve the extraction of words 

Next, we want to see whether and how we can improve the extraction of words. The 

CountVectorizer uses regular expression to extract tokens.  

This would mean, as authors state, that the CountVectorizer will find all number of 

sequences of characters which contain at least two letters or number. (Müller & Guido, p. 

333, 2017) That is, as authors explain, it will split up words such as “doesn’t”, but match 

other ones, for instance, “h8ter” resulting in a single word (Müller & Guido, p. 333, 2017) 

Further, according to Müller & Guido, the CountVectorizer will then convert all the words in 

the vocabulary to a lowercase characters. That is, as authors note, words such as “later”, 

“latEr” and “Later” will be corresponding to the same token or in other words, the same 

feature (Müller & Guido, p. 333, 2017). Provost & Fawcett (p. 225, 2013) refer to this as case 

normalization which every term is converted to lowercase.  

However, as presented above, this did not work quite well as we got as a result many 

uninformative features, such as numbers. For this reason, authors suggest using tokens 

which will appear in at least two documents (Müller & Guido, p. 333, 2017), or at least six or 

seven documents. (Müller & Guido, p. 333, 2017) That is, for example, a token might not be 

very useful when it appears only in cases in a single document and it will probably not 

appear in the test set.  

The min_df parameter is used to set the minimum quantity or number of documents in 

which a token will appear. In our case, as shown below, min_df equal to 5: 

 

 

 

Setting the appearances of tokens to a minimum of five, the number of features, as shown, 

is brought down to 3,642, which is much less than the original – 136,977. 



74 
 

An example of some of the tokens is presented in the screenshot below after the above 

steps have been performed: 

 

It could be seen that: many fewer numbers appear, and the misspellings of words have been 

disappeared (Müller & Guido, p. 334, 2017) By running the grid search again, we could see 

how well our model performs, is shown below: 

 

 

 

As shown, the best cross-validation score slightly reduced with 1% compared to before, with 

resulting in the score: 85%. This means that the model was not improved, however, as 

authors state, by having less features to deal with further, this would make the processing 

faster and removing useless features might lead to the model being more interpretable. 

(Müller & Guido, p. 334, 2017). 

Next, we will remove the stopwords which will be explored below: 

Removing the Stopwords 

In every text some words do not contain much value for the research because they are not 

informative. For example, some words are too frequent to be informative (Müller & Guido, 

2017)In our case, the text of the tweets was not an exception. Therefore, we had to find a 

way how to get rid of those uninformative words, called stopwords (Müller & Guido, 2017).  

For this purpose, we used a code provided by Müller & Guido (p. 334-335, 2017): 
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Retrieved from: (Müller & Guido, p. 335, 2017) 

 

The authors in their textbook explain, that it is a built-in list of English stopwords in the 

feature_extraction.text module fromscikitlearn(Müller & Guido, 2017). 

After running the code on our dataset, we received the following output: 

 

Müller & Guido (p. 335, 2017) clarify, that “removing the stopwords in the list can only 

decrease the number of features by the length of the list—here, 318—but it might lead to an 

improvement in performance”.  

Therefore, to improve in performance, our next step was applying a code, that is specifying 

the English stopwords(Müller & Guido, 2017)by using the built-in list, which also, according 

to the authors, helps to augment it and pass our own:  

 

 

 

 

After running the code, we received the following output: 
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According to the output results of the code that was applied above, we have 236 (3,642-

3,406) features fewer in the dataset, which means, according to the explanation of the code 

by Müller & Guido, that “most, but not all, of the stopwords, appeared” (p. 335, 2017).   

After solving the issue with the stopwords, we did the grid search once again: 

In the output we got a result of 0.86, compared to 0.85 before, which means that the grid 

search performance slightly increased by 1 %.  

According to Müller & Guido (p. 335, 2017), “fixed lists are most helpful for small datasets, 

which might not contain enough information for the model to determine which words are 

stopwords from the data itself”. – In our case it was beneficial to exclude 236 features to 

increase the performance by 1 %. 

Rescaling Twitter Data with tf–idf Method 

After doing the grid search and removing the features that were not important, we applied 

one more approach, provided by Müller & Guido (p. 336, 2017): trying to rescale features by 

how informative we expect them to be. For this purpose, we used the term frequency-

inverse document frequency (tf-idf) method. (Müller & Guido, p.336, 2017) 

According to the authors, the intuition of this method is to give high weight to any term that 

appears often in a particular document, but not in many documents in the corpus (Müller 

&Guido, p.336, 2017). In addition to that, they explain further: “if a word appears often in a 
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particular document, but not in very many documents, it is likely to be very descriptive of 

the content of that document” (Müller & Guido, p.336, 2017). 

For this purpose, we used tf-idf method implemented as TfidfVectorizer(Müller & Guido, 

p.336, 2017). According to the authors, TfidfVectorizer takes in the text data and does both 

the bag-of-words feature extraction and the tf–idf transformation(Müller & Guido, p.336, 

2017). 

To achieve this goal, we applied the following code, suggested by Müller & Guido in their 

textbook (p. 337, 2017): 

 

 

The output result demonstrates that the grid search performance slightly decreased (by 1 %) 

by using feature extraction and tf–idf method.  

Despite the slight decrease in performance, we still wanted to check which words tf-idf 

found the most important.  

In their book, the authors emphasize, that “the tf–idf scaling is meant to find words that 

distinguish documents, but it is a purely unsupervised technique” (Müller & Guido, p.337, 

2017) 

Therefore, as Müller & Guido (p. 337, 2017) point out, the “important” part in using this 

method does not always relate to the labels we are interested, which in our case are 

“Addicted” and “Non-Addicted”.   
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Following the steps of this method, the first step is extracting the TfidfVectorizer from the 

pipeline: 

 

 

According to the description of this code (Müller & Guido, p.338, 2017)features with low tf–

idf are: 

1) those that either are very commonly used across documents. 

2) those that are only used sparingly, and only in very long documents.  

 

In our result, we can see some tendency that the features with the highest tf-idf express: 

1) some cursing: “fucking”, “fuck”, “bitch”. 

2) emotion: “freaking”, “omg” (an expression that means “Oh my God”) 

3) feeling: “repent” 

4) neutral words: “girls”, “guy”, “head” 

5) some kind of abbreviations: “gt”, “na”, “mi” 
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6) a number “218” 

7) etc. 

We were also trying to find the words that Müller & Guido (p. 338, 2017) describe as those 

that have “low inverse document frequency”, which means – those words “that appear 

frequently and are therefore deemed less important”.  

The inverse document frequency values that we found by running the code on the training 

set, are stored in the idf_ attribute and they are presented below: 

 

 

 

As we can see in the result presented above, there are mostly English stopwords, f. ex. 

“and”, “the”, “to”, “at”, “be”, “are”, “in”, “will” etc. 

Some other words are more related to Twitter itself: “twitter”, “twitpic”, “rt” (=”re-tweet”). 

There is another category of words that are related to a specific hot politics topic, such as 

Iran election: “iranelection”, “iran”, “tehran”.  

“Jhillstephens” – it is one of the frequent users’ names. 

TLOT - Theological Lexicon of the Old Testament or Top Libertarians on Twitter (The Free 

Dictionary, n.d.) 
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The words “good” and “great” are also in the result of “the least relevant” words, according 

to tf-idf measure, because these words are among the most frequent words in the dataset. 

Exploring Model coefficients 

Lastly, we will explore what our logistic regression model learned from the data (Müller & 

Guido, p.338, 2017). As Müller & Guido(p.338, 2017) explain, since there are too many 

features, it is impossible to look at all the coefficients at the same time. Therefore, we will 

use the approach they suggested: we will look at the largest coefficients and see which 

words these correspond to (Müller & Guido, p.338, 2017). 

For this reason, we will use the last model that we trained, based on the tf–idf features. 

As Müller & Guido describe (p.338, 2017), the bar chart below that we received, 

demonstrates the 40 smallest (red bars) and the 40 largest (blue bars) coefficients of the 

logistic regression model, with the bars showing the size of each coefficient. The following 

code and results are presented below: 

 

Screenshot:The largest and the smallest coefficients of the logistic regression model 

trained on tf-idf features 

According to this model, the negative coefficients (red bars) on the left side are the words 

that indicate “Addiction=Negative”, which means, these words are used by the Non-

Addicted people in the tweets of our dataset. Accordingly, the positive coefficients (the blue 

bars) on the right side of the model are the words, that indicate “Addiction=Positive”, which 
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means, that Addicted to Twitter people tend to use these words in their messages on 

Twitter.   

According to our model, “Addicted” people were using the following words: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Screenshot:The largest coefficients of the logistic regression model trained on tf-idf 

features 

As we can see, some of the words are Politics related: “Iranelection”, “Iran”, “Iranallday”. 

The highest frequency word is “rt”, which is an abbreviation of the word “re-tweet”. In 

addition to that, some more abbreviations tend to be popular on Twitter: “cc”, “grl”. 

Among the most frequent words we also see some patterns such as: “P2”, “12for12k”. These 

patterns are not very informative and need more context or further investigation to 

understand what they stand for. For example, “12for12k” is “the project, which is a social 

media-led initiative to raise both funds and awareness for 12 different charities throughout 
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2009. The economy is biting everyone, and charity organizations are among the heaviest 

sufferers with over 60,000 predicted to fold this year” (Barry, 2009). – However, without the 

context, it would be impossible to understand what it means.  

Then we see some names, like “Neda”, “Laura330”, “Jason_pollock”, “Krystynchong” that 

are among the most frequently used words. 

Again, another example “Followfriday” needs some more context. Because it might mean 

many things. For example, it could be a name of a TV Movie 2016 (“#FollowFriday (TV Movie 

2016) - IMDb,” n.d.) or it could be “the practice on Fridays of recommending 2-3 people on 

Twitter, providing reasons, and ending the tweet with the hashtag #followfriday” (“Urban 

Dictionary: followfriday”, 2009). - Since our dataset is from 2009, perhaps it is the second 

option. 

We see a pattern of having some words like: 

- “repent”, which might have the following meanings: 

intransitive verb 

1: to turn from sin and dedicate oneself to the amendment of one's life 

2a: to feel regret or contrition 

b: to change one's mind 

transitive verb 

1: to cause to feel regret or contrition 

2: to feel sorrow, regret, or contrition for 

 adjective 

Definition of repent: CREEPING, PROSTRATE 

(“Repent | Definition of Repent by Merriam-Webster,” n.d.) 

So, it is a word, providing us information about a certain feeling. But again, we would need 

to know more context to make some conclusions about this word. 

https://www.urbandictionary.com/define.php?term=fridays
https://www.urbandictionary.com/define.php?term=2-3
https://www.urbandictionary.com/define.php?term=hashtag
https://www.merriam-webster.com/dictionary/intransitive
https://www.merriam-webster.com/dictionary/transitive
https://www.merriam-webster.com/dictionary/adjective
https://www.merriam-webster.com/dictionary/creeping
https://www.merriam-webster.com/dictionary/prostrate
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- “Forgiven” is a past participant of a verb “Forgive”, which means: “to cease to feel 

resentment against (an offender)”, etc.(“Forgiven | Definition of Forgiven by Merriam-

Webster,” n.d.).  

The example above again informs us about a certain feeling. However, it can be also the 

name of a movie: (“Forgiven (TV Movie 2007) - IMDb,” n.d.) 

Words like “sugar”, “babe”, “hugs” relate to something sweet, pleasant, or attractive. 

Some of these words, such as f. ex., “listening”, are not very clear, however, they might 

contain different content when combined with phrases such as “listening to pop, rock, rock n 

roll”, etc.  

N-Grams 

Amongst the biggest disadvantages when choosing to use bag-of-words representation is 

that every individual word is threatened as a term, which means that the word order is, as 

Müller & Guido state, “completely discarded”. (Müller & Guido, p. 339, 2017) For this 

reason, the next step according to Provost et al. (2013), is to include what he refers to as a 

“sequence of adjacent words as terms” which is also referred to as “n-grams”. (Provost & 

Fawcett, p. 263, 2013) For instance, the sentence “They’re an amazing Pop punk band from 

Maryland.” will be transformed into a set of the words that constitute it: {They’re, an 

amazing, Pop, punk, band, from, Maryland}, including the tokens: they’re_an, an_amazing, 

amazing_Pop, Pop_punk, punk_band, band_from and from_Maryland. 

According to Müller & Guido, “there is a way of capturing context when using a bag-of-

words representation, by not only considering the counts of single tokens, but also the 

counts of pairs or triples of tokens that appear next to each other.” (Müller & Guido, p. 339, 

2017) They refer pairs of tokens, as the one which we gave an example above, as “bigrams”, 

and “trigrams” defined as triplets of tokens.” (Müller & Guido, p. 339, 2017) For example, 

the sequence of tokens: band_from_Maryland, will provide more meaning and insight than 

when they appear as individual words: “band”, “from” and “Maryland” in the corpus. One of 

the huge advantages when dealing with n-grams is that “they do not require much 

complexity to generate and no linguistic knowledge is needed.” (Provost & Fawcett, p. 264, 

2013) 
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The next step in our code was to use the TfidVectorizer on our data to find the optimal 

setting of the n-gram range trough employing the grid search. (Müller & Guido, p. 341, 2017) 

This is shown below: 

 

As can be seen from the results, the performance of the model remained the same 

compared to the last cross-validation score. By implementing the code, we added bigram 

and trigram features. This leads to our next visualization – the cross-validation accuracy “as a 

function of the ngram_range and C parameter as a heat map”, as stated by authors. (Müller 

& Guido, p. 342, 2017) 

Following the code provided, this resulted in the below script in Python: 

 

 

 

 

 

With the “heat map visualization” presented below: (Müller & Guido, p. 342, 2017) 
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Heat map visualization visualized in Python 

By using the head map visualization, we can see whether the performance of our model 

increases or decreases when using bigrams or adding trigrams. Observing the numbers, it 

could be seen that in terms of accuracy, neither the bigrams nor the trigrams add much 

benefit to our model performance. The performance increases slightly; however, it brings a 

small benefit to the accuracy of the model. 

To improve the model, a visualization of the most important coefficients can be 

implemented. This includes the unigrams, bigrams, and trigrams and the code below is 

written to receive the expected outcome: 

 

 

The visualization is shown below and will be explained further: 
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Logistic regression model coefficients 

 

Comparing this model to our unigram model, we can see the word “hugs” which was not 

present, but it is present in this model. This indicates the user using positive language in 

their tweets. On the other hand, the word “album” represents an example of how the 

context might influence the meaning of the word “album”. (Müller & Guido, p. 343, 

2017)That is, “great album”, “best album” will indicate positive patterns of language, while 

“worst album”, “sad album” will be indicative of negative language patterns. 
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Language patterns 

To recap from the beginning of the paper, we aimed to answer the following Research 

Question: 

Could any language patterns be identified from textual data (text corpus) to classify the 2 

groups of Twitter users: “Heavy”/ “Addicted Users” and “Normal Users”?  

To answer our research question, we will use categories which, as described in the source, 

are from: 1) the Harvard IV-4 dictionary, 2) the Lasswell value dictionary, 2) categories which 

have been recently constructed and added, and 4) “marker” categories. (Harvard IV-4 

dictionary, n.d.) Among them are the categories of Valence and arousal presented below. 

Valence and arousal categories – Positive and Negative 

Before answering our research question, when we use these categories, we will elaborate 

and explore the concepts behind it – key words include emotions – positive/negative, 

valence. However, what do we mean by valence? 

Introduced in 1951 by Lewin, in the field theory valence is referred to as “the forces that 

attract individuals to desirable objects and repeal them from undesirable ones.” (Shuman, 

Sander, & Scherer, 2013) According to researchers, valence is often represented as two 

opposites of sides: positive-negative, pleasure-displeasure. (Shuman et al., 2013) On the 

other hand, to understand valence, the authors remain one vital principle behind the 

concept which is proposed by Charland, L.C., (2005), where he notes that valence, according 

to the literature about emotion experience, is one of the most vital scientific concepts. 

(inShuman, Sander, & Scherer, p. 1, 2013) Therefore, its relevance to categorizing language 

patterns lies in that in our case language can be used to express certain kinds of emotion – 

as we described above – categories such as positive-negative and neutral.  

To visualize this, we will use the paper by Zhao et al., (2018), to show basic theories on 

emotions. We will use not only the categories of valence, but also arousal in our paper. We 

have given a definition of valence; however, arousal highly connects to the concept of 

valence. To show this, the following model of emotion demonstrates emotions from 

categories of valence and arousal: 
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Retrieved from: (Zhao et al., p. 2, 2018) 

According to Barrett et al., (2007), the emotion space, illustrated above, encompasses 

limited various basic emotions and complicated emotions, which combine basic emotions.  

(inZhao et al., p. 2, 2018) Therefore, authors note that among the basic human emotions 

are: anger, sadness, fear, disgust, surprise, and happiness. (Zhao et al., p. 2, 2018) As shown 

in the above figure and based on the literature, the valence level range from unpleasant 

(negative) to pleasant (positive), (Zhao et al., p. 2, 2018) whilst, as it could be seen, the 

arousal scope is from not aroused equal to low arousal, to excited – equal to high arousal, as 

authors explain. (Zhao et al., p. 2, 2018) Accordingly, authors note that emotions such as 

anger and fear can be categorized into a “negative valence” and “high arousal” (Zhao et al., 

p. 2, 2018) while emotions such as satisfaction can fall into a category of “positive valence” 

and “low arousal” (Zhao et al., p. 2, 2018). 

When the user posts a new tweet, which shows positive or negative language, it also reveals 

whether this person falls more into the category of negative or positive valence. On the 

other hand, when the user uses more negative language and expresses an emotion of anger 

(for example, as we described earlier, cursing words), this would mean that this person will 

fall into the category of negative valence and high arousal according to the graph above.  
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Following this, authors define arousal as a “psychological experience of activity, energy, 

tension, mobilization,alertness, or quietness.” (Galentino  et al., 2017) Thus, the authors 

continue explaining that “the dimension of arousal ranges from deactivation (calm) to 

activation (stress or happiness).” (Galentino  et al., 2017) For example, if the person feels 

high levels of negative emotion such as anxiousness or anger, the level of stress activates, 

and this leads to high arousal. On the opposite, if the person feels calm and relaxed, that 

would lead to low arousal. That is, if the person uses a lot of words that express what he/ 

she likes listening to music for instance, as it will be seen in the example tweets of the 

manual analysis below, this would lead to the person feeling calm and relaxed being in the 

low arousal and positive valence deriving from positive emotions.  

Use of negative language 

Amongst the number of valence categories, is the negative category represented in 2,291 

words overall. (Harvard IV-4 dictionary, n.d.) When we created the visualization described 

earlier in the paper, we could see a pattern of negative language used. For example, among 

these categories are words such as: “argue”, “against”, “afraid”. In our visualization, we 

could see the word “avoid” which is categorized in “Negative” valence representing negative 

language used by users. Based on our part about “addiction”, social media addicts are more 

likely to experience negative feelings of anxiety and loneliness compared to “Normal users”.   

Use of positive language 

Words such as “sugar” and “honey” indicate the use of positive language creating feelings of 

happiness, therefore categorized into high arousal and positive language patterns. On the 

other hand, the bi-gram “listening to” indicates a positive experience leading to categories of 

“pleasure” and happiness – positive valence and high arousal.  

Use of interjections 

According to Harvard IV-4 dictionary categories, one of the categories of language patterns is 

users using exclamation marks, casual and slang references and words which are categorized 

“no” and “yes”, for instance, “nope” or “amen”, or “damn” and “farewell”. (Harvard IV-4 

dictionary, n.d.) In our Logistic regression coefficients, we could see the word “yall”, which 

based on the category, might fall into words such as “ya” or “yea”. The use of interjections 
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and more extreme language such as cursing words indicate negative language. For example, 

these include words such as “yay!, “LOL!”, “Aww”. 

Additionally, we could see language patterns such as exclamation marks. For instance, 

sentences such as “Exactly my point!”, “Aww Thanks doll!!”, “Yay! LOL!”, “Thanks!” which 

indicates the use of exclamation marks. 

Therefore, we could identify certain language patterns based on the theories of valence, 

positive and negative, and classify them as “Normal” users and “Heavy/Addicted” users. 

Deriving from our foundations, we could see that the “Heavy/Addicted” users tend to use 

more negative language such as words as “avoid”, emotional expressions, while the 

“Normal” users tend to use more positive language expressed in words “sugar” and others.  

An example of the actual Tweets is shown below: 

 

Manual Analysis of some Tweets 

 

User 1 

Categories Examples of the Language Patterns 

 

1. 

Interjections 

 

20713
5 

2009-06-
11 
22:25:04\r\
n 

http://twitter.com/jhillstephens\r
\n 

Awwwyou are 
sweet too doll RT 
@JoanneMatthew
s #FollowFriday 
@jhillstephens -
sweet, sweet gal! 
☻☺☻\r\n 

 

301633 2009-06-12 
00:33:38\r\n 

http://twitter.com/jhillstephens\r\n Ohhjumping 
about and 
acting randomly 
silly right about 
now. I just love 
to dance. 
Shake it !lol\r\n 
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30574
4 

2009-06-
12 
00:38:10\r
\n 

http://twitter.com/jhillstephe
ns\r\n 

AwwRt 
@In_Excess@Legless
Lush @verwon 
@scarletmandy 
@jhillstephens 
@1sweetwhirl 
@SharonHayes 
@4u2wear2 
#followfriday *The 
beautiful people*\r\n 

 

334367 2009-06-12 
01:08:26\r\n 

http://twitter.com/jhillstephens\r\n Yay! LOL ! 
Sending u 
sugar! RT 
@LeglessLush 
@jhillstephens 
glad you're 
having a great 
time! i have 
been listening 
to music too. :) 
xoxo\r\n 

 

49800
6 

2009-06-
12 
03:56:20\r\
n 

http://twitter.com/jhillstephens\r
\n 

AwwwRt 
@Zavogisky@jhill
s they don't spam 
u, they admire u, 
they say...u r very 
captivating, 
awesome, 
elegant, 
enchanting & 
endearing....\r\n 

 

91847
6 

2009-06-12 
13:48:38\r\
n 

http://twitter.com/jhillstephens\r\
n 

Yay! I just wrote 
that down RT 
@AnnMarieDwye
r @jhills Perfect 
eggs: Fry pan on 
med; crack 
eggs/cover 4 
mins. Fold to flip 
30 seconds. 
Done\r\n 
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201213
0 

2009-06-13 
13:43:23\r\
n 

http://twitter.com/jhillstephens\r\
n 

EwwwwwwHav
e u lost ur 
mind? RT 
@Wiretapper 
@jhillsTry a 
cold glass of 
freshly 
squeezed 
potato juice on 
a boobie 
shaped 
napkin.umm 
umm good!\r\n 

 

202932
4 

2009-06-
13 
14:09:14\r\
n 

http://twitter.com/jhillstephens\r
\n 

Awww thanks 
sweets Rt 
@SmoothBiker 
@beaglelover120
0 @jhills that's a 
good thing=)\r\n 

203049
7 

2009-06-
13 
14:10:34\r\
n 

http://twitter.com/jhillstephens\r
\n 

Aww shucks. 
Good Monring 
RT 
@michaelmagical 
@jhills 
@amy4669 Love 
to watch two of 
my favorite ladies 
interacting.\r\n 

 

204526
8 

2009-06-13 
14:31:47\r\
n 

http://twitter.com/jhillstephens\r\
n 

WoooohoooRt 
@Liberalviewer
1 
@jhillstephens 
"I'm walking on 
sunhsine, oh, 
yeah, and it's 
time to feel 
good!"\r\n 

 

 

2. 

Exclamation 

Marks 

 

22311
9 

2009-06-
11 
22:52:52\r\
n 

http://twitter.com/jhillstephens
\r\n 

Shake it! RT 
@MILFaliciousOnea
nd the big ones too 
lol @jhillstephens 
Am thinking it is time 
to shake a little 
ass\r\n 
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33111
6 

2009-06-
12 
01:04:43\r\
n 

http://twitter.com/jhillstephens\r
\n 

Thanks! Rt 
@ChariceManiacs 
#Followfriday Fun 
2 follow 
@jhillstephens 
@CiaoBella50 
@ShoNuffSheree 
@ashleygreen 
@DonaldHardyCR
S 
@PhilHarrison\r\n 

 

 

334367 2009-06-12 
01:08:26\r\n 

http://twitter.com/jhillstephens\r\n Yay! LOL 
!Sending u 
sugar! RT 
@LeglessLush 
@jhillstephens 
glad you're 
having a great 
time! i have 
been listening 
to music too. :) 
xoxo\r\n 

 

390138 2009-06-12 
02:04:24\r\n 

http://twitter.com/jhillstephens\r\n Exactly my 
point! RT 
@KD_Pitner 
@jhil shoot, a 
good southern 
girl drinks all 
canned drinks 
out of a red 
dixie cup... it's 
just good 
manners!\r\n 

 

229338
0 

2009-06-
13 
19:59:37\r\
n 

http://twitter.com/jhillstephens\r
\n 

Aww Thanks 
doll!! Rt 
@HiveMindMovi
e You are the 
dancing queen of 
the Hive. HIVE 
MIND LOVES 
YOU!!! 
@jhillstephenssh
e needs some 
sugar today\r\n 
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3. Text in 

Capital 

Letters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

981358 2009-06-12 
14:54:28\r\n 

http://twitter.com/jhillstephens\r\n Today is a 
great day. It is 
ALLmine and I 
can do 
whatever I want 
with it. So I am 
going to make it 
FANTASTIC. 
Sending you all 
sugar. 
*wink*\r\n 

 

127387
8 

2009-06-12 
20:29:05\r\
n 

http://twitter.com/jhillstephens\r\
n 

Welcome doll. 
RT 
@openingenerg
y @jhillstephens 
Thank U 4 the 
FF 
recommendatio
n. I am LOVING 
building my 
Twitter 
community.\r\n 

 

135202
6 

2009-06-
12 
22:17:27\r\
n 

http://twitter.com/jhillstephens\r
\n 

@DavidWeedmar
k Hey Let me 
check. You like 
the Dead honey? 
EXCELLENT we 
are gonna be 
friends! *wink* 
*sugar*\r\n 

 

220856
3 

2009-06-
13 
18:07:40\r\
n 

http://twitter.com/jhillstephens\
r\n 

OH GOOD 
:LORD ARE all 
the birds bad 
birds today? RT 
@mark_tillI 
@jhillstephens 
And molest me in 
the parking 
lot....\r\n 
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222551
3 

2009-06-
13 
18:31:01\r\
n 

http://twitter.com/jhillstephens\
r\n 

GOOD GRIEFRt 
@Wiretapper 
@BrokePimpStyl
es @jhillstephens 
I need a hot 
blonde with a nice 
set of napkin 
shaped boobies... 
ACK!<<<< 
dyslexia\r\n 

229338
0 

2009-06-
13 
19:59:37\r\
n 

http://twitter.com/jhillstephens\
r\n 

Aww Thanks doll!! 
Rt 
@HiveMindMovie 
You are the 
dancing queen of 
the Hive. HIVE 
MIND LOVES 
YOU!!! 
@jhillstephens 
she needs some 
sugar today\r\n 

 

2355952 2009-06-13 
21:24:28\r\n 

http://twitter.com/jhillstephens\r\n LOVE IT RT 
@maialideth 
@jhillstephens 
*sigh* we're 
hopeless, yet 
full of hope :-
)\r\n 

 

 

390138 2009-06-12 
02:04:24\r\n 

http://twitter.com/jhillstephens\r\n Exactly my 
point! RT 
@KD_Pitner 
@jhil shoot, a 
good southern 
girl drinks all 
canned drinks 
out of a red 
dixie cup... it's 
just good 
manners!\r\n 

 

4. 

Expressions 

 

1) 

Expressions 

that help to 

express what 

the user 

believes in 

himself/hers

elf 
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2) 

Argumentati

ve language: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2) 

Constantly 

informing 

what the 

user is 

listening to:  

 

 

2312791 2009-06-13 
20:27:02\r\n 

http://twitter.com/jhillstephens\r\n I agree. Dad 
would let em 
spank me No 
sympathy! RT 
@amy4669 
@jhills It's a 
family affair... 
neighbors& 
school 
teachers have 
rights 
also!!!\r\n 

2313575 2009-06-13 
20:29:21\r\n 

http://twitter.com/jhillstephens\r\n Me too! RT 
@Laura330 
@jhills I 
freaking well 
want some of 
the sand/glass 
struck by 
lightning! Oo 
and a cabin, 
pick up and 
hound dog 
too! LOL\r\n 

2315909 2009-06-13 
20:31:52\r\n 

http://twitter.com/jhillstephens\r\n That is what I 
am referring 
to! RT 
@amy4669 
@jhillstephens 
My 
MeMa...97... 
would give u 
the privilege of 
picking ur own 
switch... 
Lmao\r\n 

 

 

 

 

22022
9 

2009-06-
11 
22:48:38\r\
n 

http://twitter.com/jhillstephens
\r\n 

listening to "Boogie 
Shoes - KC and The 
Sunshine Band" ♫ 
http://blip.fm/~82at4\
r\n 
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3) Cursing 

words/Negat

ive language 

 

 

 

 

 

25338
0 

2009-06-
11 
23:39:56\r\
n 

http://twitter.com/jhillstephen
s\r\n 

listening to "Let's 
Stay Together (2003 
Digital Remaster) - 
Al Green" ♫ 
http://blip.fm/~82e4t\r
\n 

26456
4 

2009-06-
11 
23:56:54\r\
n 

http://twitter.com/jhillstephen
s\r\n 

listening to "Baby - 
Robert Bradley's 
Blackwater Surprise" 
♫ 
http://blip.fm/~82ene\
r\n 

 

285582 2009-06-12 
00:15:21\r\n 

http://twitter.com/jhillstephens\r\n listening to 
"Oldies-Jerry 
Lee Lewis - 
Shake, Rattle 
and Roll - 
(50's\r\n 

 

30492
1 

2009-06-
12 
00:37:00\r\
n 

http://twitter.com/jhillstephen
s\r\n 

listening to 
"Headturner - Joss 
Stone" ♫ 
http://blip.fm/~82hn6\
r\n 

 

32846
4 

2009-06-
12 
01:02:16\r\
n 

http://twitter.com/jhillstephens
\r\n 

listening to "I 
Wouldn't Treat a 
Dog - Bobby "Blue" 
Bland" ♫ 
http://blip.fm/~82j8x\
r\n 

 

389186 2009-06-12 
02:03:33\r\n 

http://twitter.com/jhillstephens\r\n Hell no we are 
classy chics. Rt 
@IrishLad585 
@jhillstephens 
beer in red 
dixie cups? I 
thought you 
drank it right 
from the 
bottle?!\r\n 
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4) Using 

“Sweet 

words” 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

415082 2009-06-12 
02:29:38\r\n 

http://twitter.com/jhillstephens\r\n Well. Now. you 
should throw 
them damn 
crocs away and 
get some real 
shoes. Toes or 
not. 
@car4dave\r\n 

 

 

20713
5 

2009-06-
11 
22:25:04\r\
n 

http://twitter.com/jhillstephens\r
\n 

Awww you are 
sweet too doll RT 
@JoanneMatthew
s #FollowFriday 
@jhillstephens -
sweet, sweet gal! 
☻☺☻\r\n 

 

334367 2009-06-12 
01:08:26\r\n 

http://twitter.com/jhillstephens\r\n Yay! LOL ! 
Sending u 
sugar! RT 
@LeglessLush 
@jhillstephens 
glad you're 
having a great 
time! i have 
been listening 
to music too. :) 
xoxo\r\n 

 

 

35065
3 

2009-06-12 
01:23:57\r\
n 

http://twitter.com/jhillstephens\r\
n 

Thanks sweets. 
Rt @sam_h786 
#FollowFriday 
@jhillstephens 
@topgunner 
@dtagurit 
@Loubyloubylou
x @muzik_man 
@Rbellrb 
@weschicklit 
@Tori_Da\r\n 
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391537 2009-06-12 
02:05:48\r\n 

http://twitter.com/jhillstephens\r\n God bless my 
mommassweet 
soul. She was 
right. Rt 
@KD_Pitner 
@jhillstephens 
see, our 
mama's 
brought us up 
right\r\n 

 

419643 2009-06-12 
02:34:35\r\n 

http://twitter.com/jhillstephens\r\n Thanks honey! 
Rt @Owl311 
@arbonneteam 
@jhillstephens 
@starlingpoet 
#follow great 
tweets!\r\n 

 

41991
2 

2009-06-12 
02:35:05\r\
n 

http://twitter.com/jhillstephens\r\
n 

Aww thanks 
sweets. ! RT 
@KimPossible4
0 @jhillstephens 
@BeachMomOf
2 my kinda 
woman ;)\r\n 

 

48355
0 

2009-06-
12 
03:41:58\r\
n 

http://twitter.com/jhillstephens
\r\n 

LOL thanks honey 
RT 
@dreamwevagypsy
RB @muzik_man: 
"this is for my friend 
who is 
fading..@jhillstephen
s" ♫ 
http://blip.fm/~82t7w\
r\n 

 

 

1161378 2009-06-12 
18:15:44\r\n 

http://twitter.com/jhillstephens\r\n You are 
welcome 
sweets. Am 
smiling at ya! 
RT @tagurit15 
@jhillstephens 
Sending you 
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some lovin' 
lady...thanks 
for the 
followers! 
Smile.\r\n 

 

 

124850
0 

2009-06-
12 
19:56:26\r\
n 

http://twitter.com/jhillstephens
\r\n 

LOL *sugar* Rt 
@Laura330Please 
follow 
@HiveMindMovie , 
@FilmLadd , and 
@FLATLANDthefil
m. Thanks , J 
#FollowFriday J 
love. do as J 
says!!!\r\n 

124962
5 

2009-06-
12 
19:57:31\r\
n 

http://twitter.com/jhillstephens
\r\n 

Thanks 
sweetheart! RT 
@KD_Pitner 
@jhillstephens u r 
so sweet my 
beautiful southern 
diva of dance!\r\n 

 

 

149765
2 

2009-06-13 
01:24:54\r\
n 

http://twitter.com/jhillstephens\r\
n 

LOL Funny 
honey. Thanks 
doll. RT 
@theretrometr
o 
#FollowFriday 
@jhillstephens 
(A badass 
Greatful Dead 
chick)!\r\n 

 

 

2021691 2009-06-13 
13:58:19\r\n 

http://twitter.com/jhillstephens\r\n Nope. We 
need to send 
him some 
sweetnerlol 
RT 
@amy4669 
@jhill Bless 
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5) 

Constantly 

informing 

what the 

userloves: 

 

 

his heart... he 
just wasn't 
raised right, 
was he???\r\n 

 

 

202932
3 

2009-06-
13 
14:09:14\r\
n 

http://twitter.com/jhillstephens\r
\n 

Awww thanks 
sweets Rt 
@SmoothBiker 
@beaglelover120
0 @jhills that's a 
good thing=)\r\n 

202932
4 

2009-06-
13 
14:09:14\r\
n 

http://twitter.com/jhillstephens\r
\n 

Awww thanks 
sweets Rt 
@SmoothBiker 
@beaglelover120
0 @jhills that's a 
good thing=)\r\n 

 

 

 

 

36410
3 

2009-06-12 
01:38:05\r\
n 

http://twitter.com/jhillstephens\r\
n 

I love LL and 
SantanalolRt 
@michaels_fee
d @jhillstephens 
LL and 
Santana? While 
u dance, shake 
that bootie of 
yours a little for 
me girl :)\r\n 

 

387097 2009-06-12 
02:01:28\r\n 

http://twitter.com/jhillstephens\r\n Sigh. I just love 
sparkles. Rt 
@KD_Pitner 
@jhills I think I 
am part 
Raccoon 
because if it is 
shiny or 
sparkley,I will 
grab.......!\r\n 
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92329
9 

2009-06-12 
13:54:00\r\
n 

http://twitter.com/jhillstephens\r\
n 

Me also. I love 
boiled peanuts. 
Shhh It is a 
secret tho. Rt 
@AnnMarieDwye
r @jhillstephens 
Also way too 
Southern :)\r\n 

 

204380
2 

2009-06-13 
14:29:03\r\
n 

http://twitter.com/jhillstephens\r\
n 

Lucky! Love 
him. RT 
@tarynvonfab
u @jhills jimmy 
buffett... i lived 
in key west for 
5 years... 
jimmy buffett, 
enjoy a 
hamburger in 
paradise!\r\n 

 

 

2355952 2009-06-13 
21:24:28\r\n 

http://twitter.com/jhillstephens\r\n LOVE IT RT 
@maialideth 
@jhillstephens 
*sigh* we're 
hopeless, yet 
full of hope :-
)\r\n 

 

 

203097
8 

2009-06-13 
14:11:22\r\
n 

http://twitter.com/jhillstephens\r\
n 

I actually do 
not either. I 
hate 
doughnuts n 
sticky buns Rt 
@SmoothBike
r @jhillst Not 
everyone, I 
don't eat 
sweets ever in 
the 
morning.\r\n 
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6) 

Constantly 

informing 

what the 

userhates: 

 

 

 

 

 

 

 

 

 

 

 

204009
9 

2009-06-
13 
14:23:32\r\
n 

http://twitter.com/jhillstephens\r
\n 

They are even in 
the house 
already Rt 
@AnnMarieDwy
er @jhills Right 
there w/ ya' 
hatingsquitos. LA 
has ones big 
enough to 
saddle.\r\n 

 

 

 

User 2: 

Categories Examples of the Language Patterns 

 

1. 

Interjections 

 

 

 

 

 

 

 

 

 

 

1077506
2 

2009-06-
23 
03:22:48\r\
n 

http://twitter.com/tommytrc
\r\n 

RT @MrMilestone: 
@ModelSuppliesOo
oo, you are close to 
14000 followers!! 
Spread the word! 
http://bit.ly/roDP\r\n 

 

1463249
9 

2009-06-27 
04:36:27\r\
n 

http://twitter.com/tommytrc\r\
n 

RT 
@MrMilestone: 
@tommytrcOooo, 
you are close to 
13000 followers!! 
Spread the word! 
http://bit.ly/roDP\r\
n 
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2. 

Exclamation 

Marks 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

10495878 2009-06-22 
21:06:04\r\n 

http://twitter.com/tommytrc\r\n @ProfBrendi D 
A M N ! ! ! ! ! ! 
!\r\n 

 

10766072 2009-06-23 
03:13:07\r\n 

http://twitter.com/tommytrc\r\n @mirzwick 
perfect fathers 
day. Relaxing 
with loads of 
kiddies. THE 
BEST!!!\r\n 

 

1077506
2 

2009-06-
23 
03:22:48\r\
n 

http://twitter.com/tommytrc
\r\n 

RT @MrMilestone: 
@ModelSuppliesOo
oo, you are close to 
14000 followers!! 
Spread the word! 
http://bit.ly/roDP\r\n 

 

 

11110812 2009-06-23 
11:33:35\r\n 

http://twitter.com/tommytrc\r\n RT @mirzwick: 
@cristianvasile 
Found you 
through 
@MrTweet. 
Looking forward 
to your 
tweets!\r\n 

 

1119226
0 

2009-06-23 
13:22:34\r\
n 

http://twitter.com/tommytrc\r\
n 

RT 
@darlingnikki08: 
@tommytrc This 
girl 
@babyjenz84 is 
a trip ;) She 
cracks me up 
talking about 
Perez. <--- 
LOOOOO 
ZEEEEEER!!!\r\
n 
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14902308 2009-06-27 
12:33:38\r\n 

http://twitter.com/tommytrc\r\n @terrymyers 
PANCAKES!!! 
PANCAKES!!! 
Getting 
restless!\r\n 

 

1612835
3 

2009-06-
28 
18:19:12\r\
n 

http://twitter.com/tommytrc\r
\n 

RT @Sweetnote: 
RT:@iamkhayyam 
OMG!!The Best 
Wedding Invite I've 
Ever Seen! 
http://bit.ly/14zxDf\r
\n 

 

 

3. Text in 

Capital 

Letters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

10495878 2009-06-22 
21:06:04\r\n 

http://twitter.com/tommytrc\r\n @ProfBrendiD 
A M N ! ! ! ! ! ! 
!\r\n 

 

 

10766072 2009-06-23 
03:13:07\r\n 

http://twitter.com/tommytrc\r\n @mirzwick 
perfect fathers 
day. Relaxing 
with loads of 
kiddies. THE 
BEST!!!\r\n 

 

110946
66 

2009-06-
23 
11:05:37\r
\n 

http://twitter.com/tommytr
c\r\n 

RT @JiMpiSh: 
@Magnum74: GREAT 
story guy finds his 
stolen/lost iPhone 
using Mobile Me'sFind 
My iPhone feature!! 
http://tinyurl.com/lez2o
b\r\n 

 

1119226
0 

2009-06-23 
13:22:34\r\
n 

http://twitter.com/tommytrc\r\
n 

RT 
@darlingnikki08: 
@tommytrc This 
girl 
@babyjenz84 is 
a trip ;) She 
cracks me up 
talking about 
Perez. <--- 
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LOOOOO 
ZEEEEEER!!!\r\
n 

 

1186506
2 

2009-06-
24 
19:30:47\r\
n 

http://twitter.com/tommytrc\
r\n 

RT @JiMpiSh: RT 
@cocoancream: 
http://twitpic.com/8a
xrv - WTH?? So now 
FB is trying to set 
me up with 
@iegg??? 
LMAOOOO\r\n 

 

1612835
3 

2009-06-
28 
18:19:12\r\
n 

http://twitter.com/tommytrc\r
\n 

RT @Sweetnote: 
RT:@iamkhayyam 
OMG!! The Best 
Wedding Invite I've 
Ever Seen! 
http://bit.ly/14zxDf\r
\n 

 

 

1619687
4 

2009-06-
28 
20:32:56\r\
n 

http://twitter.com/tommytrc\r
\n 

Thriller One-man, 
64 track, acapella. 
AWESOME. 
http://bit.ly/110vIu\r
\n 

 

149023
08 

2009-06-
27 
12:33:38\r
\n 

http://twitter.com/tommytr
c\r\n 

@terrymyersPANCAK
ES!!! PANCAKES!!! 
Getting restless!\r\n 

 

4. 

Expressions 

 

a) Cursing 

words/Negati
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ve language 

 

 

 

 

 

 

b) 

Constantly 

informing 

what he 

Loves: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1186506
2 

2009-06-
24 
19:30:47\r\
n 

http://twitter.com/tommytrc\
r\n 

RT @JiMpiSh: RT 
@cocoancream: 
http://twitpic.com/8a
xrv - WTH?? So now 
FB is trying to set 
me up with 
@iegg??? 
LMAOOOO\r\n 

 

 

1219649
9 

2009-06-
25 
02:09:40\r\
n 

http://twitter.com/tommytrc\
r\n 

RT @darlingnikki08: 
I love this song and 
have no idea why 
"She talks to angels" 
by The Black 
Crowes ♫ 
http://blip.fm/~8tuk3\
r\n 

 

 

1266877
2 

2009-06-25 
12:03:56\r\
n 

http://twitter.com/tommytrc\r\
n 

RT @kalalea: 
"Any sufficiently 
advanced 
technology is 
indistinguishabl
e from magic." _ 
Arthur C. Clarke 
<-- LOVE this 
quote!\r\n 

 

1193672
6 

2009-06-24 
20:45:56\r\
n 

http://twitter.com/tommytrc\r\
n 

RT 
@darlingnikki08: 
RT 
@BuzzEdition♥♥
♥ I love my twitter 
friends ♥♥♥ 
~~We love you 
too!\r\n 
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User 3 

Categories Examples of the Language Patterns 

 

1. 

Exclamation 

words 

 

 

 

 

2. 

Exclamation 

Marks and 

Question 

Marks  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

19908
7 

2009-06-
11 
22:11:33\r\
n 

http://twitter.com/lacouvee\r
\n 

Ahoy pirates! in #yyj 
Buccaneer Days in 
Esquimalt this 
weekend June 12 -
14, fun family 
activities 
http://bit.ly/CSK2m\r\
n 

 

 

105804
4 

2009-06-12 
16:16:39\r\
n 

http://twitter.com/lacouvee\r\
n 

T-Shirts for 
tweeters! RT 
@regalclothing: 
@lacouvee Tweet 
Tweet Boom! 
http://is.gd/O2XA\r\
n 

 

3650323 2009-06-15 
03:27:27\r\n 

http://twitter.com/lacouvee\r\n Agree! RT 
@unmarketing: 
IMHO Followers 
aren't newsletter 
subscribers, 
people are here 
for conversation 
& engagement, 
not dictation\r\n 

 

3669253 2009-06-15 
03:50:06\r\n 

http://twitter.com/lacouvee\r\n @DebraWard I 
am howling with 
laughter at 
reading that 
comment! This 
was a "quiet" 
wknd - "just" 
BBQ, comm 
event, theatre, 
church, mtg 
walk\r\n 
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3672171 2009-06-15 
03:53:41\r\n 

http://twitter.com/lacouvee\r\n Absolutely! RT 
@DebraWard: 
YES! RT 
@AceConcierge: 
If I want 
numbers, I will 
play the 
lottery....be real. 
Be you! Who are 
you??\r\n 

 

3. Text in 

Capital 

Letters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3592872 2009-06-15 
02:31:00\r\n 

http://twitter.com/lacouvee\r\n So very true - 
thank you RT 
@tonymarkx: 
Ask Not What 
Twitter Can Do 
For YOU, But 
What YOU Can 
Do For Your 
Twitter\r\n 

 

441020
8 

2009-06-15 
21:39:43\r\
n 

http://twitter.com/lacouvee\r\
n 

RT 
@ocean_raven: 
RT 
@IranElection09 
footage of young 
girl SHOT 
PLEASE 
SPREAD TO 
WORLD CNN 
BBC: 
http://bit.ly/UAQx
L #iranelection\r\n 

 

4. 

Argumentativ

e Language 
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3672171 2009-06-15 
03:53:41\r\n 

http://twitter.com/lacouvee\r\n Absolutely! 
RT@DebraWard: 
YES! RT 
@AceConcierge: 
If I want 
numbers, I will 
play the 
lottery....be real. 
Be you! Who are 
you??\r\n 

 

 

471635
6 

2009-06-16 
03:42:41\r\
n 

http://twitter.com/lacouvee\r\
n 

Well said! RT 
@DustypupVI:Yo
u know you follow 
outstanding 
people when their 
tweets get your 
heart racing and 
your mind 
following suit!\r\n 

 

577137
1 

2009-06-17 
05:18:01\r\
n 

http://twitter.com/lacouvee\r\
n 

Personally, no! 
Have also met 
people at 
#victoriatweetupR
T @GuyKawasaki: 
Is social 
networking 
making u 
antisocial?: 
http://trkk.us/?awd 
AC\r\n 

 

907309
5 

2009-06-21 
06:27:13\r\
n 

http://twitter.com/lacouvee\r\
n 

@SharonHayeso
h no, wasn't 
implying that was 
what you should 
do ;but for me, is 
not worth time 
&efforrt usually. 
Hope you get 
some rest Sun\r\n 

 

 

5. Concerned 

with Politics 
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and News/ 

Spreading 

Alarm or 

Scary/Shockin

g News 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

441020
8 

2009-06-15 
21:39:43\r\
n 

http://twitter.com/lacouvee\r\
n 

RT 
@ocean_raven: 
RT 
@IranElection09 
footage of young 
girl SHOT 
PLEASE 
SPREAD TO 
WORLD CNN 
BBC: 
http://bit.ly/UAQx
L #iranelection\r\n 

 

 

4600795 2009-06-16 
01:43:33\r\n 

http://twitter.com/lacouvee\r\n RT 
@windowsot: I 
read the 
newspaper to 
see what's 
wrong with the 
world. I read 
your tweets to 
see what's right 
with the 
world.\r\n 

 

4641210 2009-06-16 
02:25:24\r\n 

http://twitter.com/lacouvee\r\n RT 
@ericporcher: 
Change time 
zone to 
GMT+3:30 & 
location to 
Tehran. Confuse 
Iranian gov, 
protect real 
Tehran twitter 
users 
#IranElection\r\n 

 

474963
3 

2009-06-
16 
04:21:16\r\
n 

http://twitter.com/lacouvee\r
\n 

RT @claytonstark: 
ok, they're not 
starving, and there's 
only 3 of them, but 
FEED THESE 
CHILDREN by 
downloading #flock 
http://trim.li/nk/3Bv\r
\n 
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Discussion  

After presenting the manual analysis above and applied the previous steps in the Cross-

industry Standard Process for Data Mining (CRISP-DM), we reached the final stage – 

Deployment. According to Provost et al. (2013), the results from the data mining process are 

“put into real use in order to realize some return on investment”. (Provost & Fawcett, p. 32, 

2013) Applied in our case, this will involve implementing the predictive model described 

above in a business process. (Provost & Fawcett, p. 32, 2013) In our case this will mean 

applying it to public health care services as it this will be explored further after the 

limitations.  

 

Limitations 

The biggest limitation in our research is, as stated earlier in the paper - limited experience of 

scraping the tweets, Twitter API’s restrictions and, prices being too high for less restricted 

access to data. Additionally, this impacted the results which we expected – the words and 

phrases used by those users. An approach towards taking more amounts of users and 

applying the manual approach to them would have resulted in deeper insights. Therefore, 

the manual check provided further limitations as many of the accounts were bots or 

companies, thus these requiring additional users to be taken into consideration and 

reviewed manually. 

 

Implications  

According to the literature, Twitter data is found to be useful in the following public health 

applications among which are monitoring diseases, prediction, emergency situations, public 

reaction, lifestyle and general applications. (Jordan et al., p. 2, 2018) Twitter, as presented in 

the “What is Twitter?” part, is a social media platform which allows sharing and tweeting 

short-text updates which, as shown in the content of the paper and as stated by authors – 

contains public information about social media addiction based on the language which users 

use. (Jordan et al., p. 2, 2018) Authors argue that while platforms including Twitter are 

considered as providing real-time services (tweeting), they can be promising for 

implementation in public health applications. (Jordan et al., p. 2, 2018) 
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The purpose of our research is to use social media data using machine learning algorithms 

and apply it to public health care services. More precisely, further application involves using 

machine learning models, as stated by researchers, to 1) monitor addiction health issues, 2) 

prediction – based on the manual analysis to predict addiction, 3) tracking addiction 

behaviors. (Jordan et al., p. 2, 2018) These are explored more below.  

 

Twitter data to track future addiction behaviors 

One of the applications of big data/ Twitter social media data, is that patterns can be 

analyzed and machine learning algorithms implemented to track future addiction behaviors, 

therefore estimating real-time addiction language patterns on the basis of the manual 

analysis in the paper. Additionally, big data can be used to identify social media addiction 

behaviors.  

 

Detecting and identifying users who are potential for becoming social media addicts 

By using big data analytics, social media platforms such as Twitter can look into patterns that 

are typical for social media addiction users and identify the problem at its early stages. A 

further suggestion is, if the model detects more negative language, based on psychological 

professional assessment, then this person might be identified in the group of 

“heavy/addicted” users. Therefore, following this method can be used for the future to 

detect changes in behaviors based on language before harmful levels of the individual are 

reached. 

 

Future Work 

For future research, we recommend the manual process which we created in this paper to 

be applied to more than three users. Therefore, a classification model can be implemented 

based on different categories and further machine learning models used. We advise this 

paper to be used as a starting point of advanced machine learning models. Building on the 

categories, a classification algorithm would be relevant to be used in order to 1) identify 

users of addicts/non-addicts accordingly to the language patterns which we found in the 

manual analysis 2) use updated Twitter data to more users and analyze their language 3) 

compare the results and see addiction patterns for individual users 4) use the models for 

future research on users potential of being an addict, thus focusing on specific users.  
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Using visualizations to improve future research 

Additionally, instead of using frequency, a measurement in forms of percentages can be 

used to detect addicts from non-addicts. For instance, depending on how many of these 

categories: words, expressions, users tweet, an average percentage can be calculated where 

if the user uses too many of these words, he/she falls into the category of addict.  

However, an interview with these users is needed to ensure proper assessment.  

 

Visualizations could be also quite informative, for instance, using the business intelligence 

and software analytics Tableau (Tableau Software, n.d.) for visualizations might provide 

more insights into the data, especially when the categories are based on language patterns 

as we described in our paper.  

 

Using Twitter API 

For this purpose, access to historical data would have provided more deep insights for future 

predictions, analyzing and looking at language patterns that are more likely also to occur in 

the future. This means that a comparison could be made by using machine learning models 

on data from different time duration depending on which months and years the predictions 

are decided to be made.  

Lastly, the manual analysis could be used as an initial point to create more complex machine 

learning models where these categories will determine the proxy for how the data will be 

analyzed further. Then, prediction models, for instance applying the logistic regression to 

more users would be one of the considerations for future work.  

 

Conclusion 

The purpose of the research is to use machine learning algorithms and data mining to 

identify language patterns from textual data. We investigated whether we could classify two 

groups of users – “Heavy/Addicted” and “Normal” users. To do this, we used logistic 

regression and bag-of-words representation using CountVectorizer in Python. To ensure 

proper and systematic process, the CRISP-DM model was implemented with following the 

steps recommended.  

A first step involved business understanding of the case. A central topic in our research is the 

topic of addiction, which was explained in the first part of the paper. We could see that 
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addiction leads to negative consequences on several levels: psychological, physical, societal 

and economic. Therefore, the key takeaway when we talked about addiction is that 

addiction is characterized by the inability to control it, applied to social media addiction – to 

control the tweets users post. Additionally, when we talk about big data it was necessary to 

explore the value big data brings – improve health care services through implementation of 

machine learning by using social media data. Furthermore, leading to detection of health risk 

behavior, making the process of recovery easier and faster, preventing on early phrases 

people who experience and have issues with addiction problems such as social media 

addiction and make more informed approaches to prevent negative consequences initiated 

through social media platforms.  

Big role in our paper played the data preparation because it was 1) time-consuming to go 

through all 1000 users and manually check them; 2) the next steps were dependent on our 

findings of “Heavy/Addicted” and “Normal” users. Moreover, we chose to focus our research 

and limit it to a time period – tweets in June. Bots and companies were removed. Further, as 

users who post only once we considered as not enough to analyze in our paper, we took 

users who post 22 times for the “Normal” users, which was dependent and decision based 

on the Python programme code. The “Heavy/Addicted” users were divided by taking the top 

frequently ones. The frequency of the users’ tweets formed our corpus of “Heavy/Addicted” 

and “Normal” users to process further with our paper.  

 

In the Modelling stage, we applied logistic regression and labeled our data – 0 meaning 

“Non-Addicted” and 1 meaning “Addicted”. Further, wag-of-words representation was 

chosen to investigate language patterns. For evaluation, we used two techniques – train and 

test data split and cross-validation. Further techniques were used to improve our model. 

Next, the term frequency-inverse document frequency (tf-idf) method was used, stop words 

were removed, resulting in head map visualization and Model coefficients from the Logistic 

regression model.  

The findings showed that in order to classify these groups of users, we needed a context to 

understand what, for instance, the word “12for12k” would mean. Other words include: 

Followfriday, topprog, Iran allday, Znatrainer, Lostnmissing, Laura330, The_tech update, 
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Tinysong, Breakingnews, Neda, Cc, Bitrebels, Autopsy, Wiretapper, Krystynchong, Jhills, 

Sugar, Babe, Iran, Tcot, Wink, Markismusing, Lotay, Michaelgrainger, Jason_pollock, P2, Blip, 

Digg, Listening, Buzzedition, Hugs, Iranelection, Repent, Hivemindmovie, Collective_soul, Grl, 

Jhillstephens, Forgiven, Rt. 

This means that we could identify language patterns from the textual data, however, 

because our results did not prove to be reliable in our case, a classification of the two groups 

is still possible when the words are put into context. For this reason we used bigrams and 

trigrams which did not bring much informative words and phrases, therefore if the exact 

tweets are used, then that would have improved the results.  

One way to put context, except only using bigrams and trigrams – is using a basic theory of 

emotion. However, using such a theory meant that our results would have been too much 

biased because of the above statements. The results showed us that even if we use this 

approach, this meant that we still would not have been able to understand the context; 

therefore the actual tweets are needed.  

To sum up, an identification of “Heavy/Addicted” and “Normal” users is possible; however, 

without the actual tweets it would be impossible to do that because of the lack of context. 

Lastly, a key takeaway is that, when we compare the manual analysis with the machine 

learning approach, the results showed that machine learning is still not performing well at 

analyzing language comparing to humans. 
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Appendix 2: Frequent User Table 
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Appendix 4:Baseline performance using DummyClassifier: 

 


