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Abbreviations and terms 
 
F2P = Free-to-play 
P2P = Pay-to-play 
P2W = Pay-to-win 
IAP = In-app purchases 
DLC = Downloadable content 
AAA =  Classification term used to describe a video game development company that has access to 
big budgets and has a high staff turnover. 
 
Reddit and Subreddit: https://www.Reddit.com is a social media platform, made up of more than a 
million individual communities, called Subreddits. Every Subreddits is focused on a specific type of 
content e.g. /r/LeagueOfLegends is a Subreddit for discussing the game, “League of Legends”, 
whereas /r/Politics, is a Subreddit for discussing politics. 
 
Lootbox:  Lootboxes represent randomly generated content, initially presented to the player as 
concealed, and can typically be unlocked at with either an indirect or direct microtransaction. 
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Abstract 
The continuous growth of the video game industry has led to many business model innovations in the 
recent decade. Development companies are increasingly designing business models centered around 
the use of microtransactions, in which a number of these have experienced severe controversies and 
major backlash from their playerbases, as a reaction to this. At the same time, some of the most 
popular and profitable video game developers, similarly utilize microtransactions. 
 
This raises the question, whether a balance may be struck, in the utilization of microtransactions; thus 
the aim of this thesis is to answer the question: 
 
“Which, if any, variation(s) of microtransaction usage are accepted by consumers, and which are 
not?”. 
 
The research was carried out by carefully selecting 24 cases, consisting of video games that include 
microtransactions to varying degrees, mapping the current variations of microtransactions through a 
conceptual model, extracting over 12 million textual data points from the social media platform, 
Reddit, and using Word2Vec and a sentiment analysis tool to uncover both the interaction- and 
conversation patterns amongst consumers.  
 
The approach produced a number of meaningful findings concerning the consumer acceptance of 
microtransaction usage; 
 
First, it was found that the utilization of microtransactions in unison with an initial sales price of a 
given game, indicated lower acceptance from the consumers. 
 
Second, it was found that the inclusion of microtransactions for items that enhance the competitive 
capabilities of players, similarly indicate a lower acceptance from the consumers. 
 
Finally, it was found that the inclusion of microtransactions for items that are merely cosmetic in 
nature, indicate a higher level of acceptance from the consumers. 
 
These findings were reflected in games which are developed for PC and/or video game consoles 
specifically. As the level of discourse related to microtransactions was found to be low in mobile 
games, the above-mentioned findings cannot be assumed to apply to mobile games. 
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1. INTRODUCTION 
The focal point of this thesis lies on evaluating the consumer acceptance of microtransactions in the 
video game industry via a social data analytics methodology. For the purpose of contextualizing the 
research area, a brief account of the current state of the video game industry, and a description of the 
main factors that have led to the industry’s success, is offered below.  

1.1 The video game industry at large 
The video game industry has come a long way, since the commercialization of the first video games in 
the 1970’s. Over a 25-year period, the industry has grown annually by between 9% and 15% 
(Zackariasson and Wilson 2010) and is today the world’s favorite form of entertainment, generating 
more revenue in 2017, than the TV-, movie- and music industries (Reuters, 2018). In fact, recent years 
have shown a doubling of the video game industry’s market value, being valued at $52.8 billion in 
2012, surpassing $100 billion in 2017, and with an estimation of reaching 138.4 billion by 2021 
(PwC, Statista; 2017). No other sector has experienced the same rapid growth as video game industry 
(Ahmad et al., 2017). 
 
The increased market value presumably relates to an increase in the number of people who play video 
games. In 2019, there were more than 2 billion gamers, globally, with this number estimated to 
increase steadily in the near future (NewZoo, 2019). This is also reflected in the varied demographics 
of gamers, whereas today, the average gamer is thirty-four years old (ESA, 2018), and females are 
found to make up 56% of the mobile game market (Morris, 2015), and make up 45% of the video 
game market, as a whole, in the US (ESA, 2018).  
These numbers illustrate that video games, as a form of media entertainment, have come a long way 
since their early public perceptions of being fringe pastime activities, thought of as typically being 
indulged in by children and adolescents, to establishing itself as a core component of popular- and 
mainstream culture (Muriel and Crawford, 2018). In turn, the economic value of video games has 
shifted, from a niche industry to a blockbuster business (Marchand and Hennig-Thurau, 2013). 
 
The reasons for the growth in popularity of video games, and expanse of the industry, can arguably be 
attributed to, among other, three key factors, namely; 
 
1) The expansion and propagation of video game culture. 
2) Product- innovation and reinvention. 
3) A strong increase in the ubiquity and accessibility of video games.  
 
As for the first factor, there are numerous examples of the video game format, being utilized to offer 
capabilities to tackle social issues, training of employees through “gamification” (Liu, Li & 
Santhanam), and educate children (Marchand and Hennig-Thurau, 2013; ESA, 2018), arguably 
playing an integral role in the perpetuation of the video game format. 
In addition, the rise of the phenomenon of  “E-Sports” (“Electronic Sports”), referring to “gaming” on 
a professional level, stands as a prime example of this. Gaming has evolved from being an exclusively 
hobbyist activity, to being an actual profession and potential career path, and in some cases, a highly 
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profitable one. Professional gamers may thereby make their living through winning prize pools in 
tournaments or from corporate sponsorships (McTee, 2014).  
In the past several years, E-Sports has seen meteoric growth in dozens of markets, attracting tens of 
millions of viewers each year, in the United States, alone (Hollist, 2016). Whereas, just a decade ago, 
E-Sports were largely an eccentric pastime primarily enjoyed in South Korea, alone (ibid). 
Additionally, E-Sports have emerged as an increasingly popular alternative to other spectator sports, 
particularly amongst younger viewers (McTee, 2014). In connection to this, video game streaming has 
likewise seen a surge in popularity. Websites such as Twitch.tv  and YouTube Live , function as 1 2

digital multi-sided platforms, where E-Sport professionals, dedicated amateurs and even A-list 
celebrities broadcast themselves playing various video games, to the world. The streaming mediums 
combine broadcast video with open IRC  chat channels, allowing spectators to interact with each 3

other, as well as the given streamer. Streams may range in size and nature, from intimate communities 
with fty viewers, to massive broadcasts with tens of thousands of viewers (Hamilton et al, 2014). 
The rise of the phenomenon of video game streaming has expanded the ways in which video games 
can be consumed, and through their rich and complex platform ecosystems (Deng et al, 2015) they 
arguably enrich and perpetuate the culture surrounding video games, and play an integral role in the 
entrance of video games in mainstream popular culture.  
 
The second factor, may be attributed to a strong trend of continuous product innovation (Tschang, 
2007) which has characterized the evolution of video games, since their inception. Video games have 
evolved drastically in form and design, since the early pixelated monotonous gameplay of e.g. 
“Pong”, to the near photo-realistic open-world landscapes found in the video game blockbuster, “Read 
Dead Redemption II”. 
As video games can be thought of as both artistic, cultural, aesthetic and expressive objects, as well as 
functional and technological objects (Bogost, 2008 via Arsenault, 2009), innovation in video games, 
may therefore arguably occur along each of these dimensions. In terms of game design, there are vast 
examples of video game innovation, occuring in increments (Christensen, 2016), where games may be 
strongly referencing or modeled specifically after prior game releases, either as a “clone” or as an 
“enhanced” version (Arsenault, 2009). Alternatively, innovation may occur more radically 
(Christensen, 2016), with the introduction of revolutionary game mechanics, as is seen with the yet 
nascent group of developers creating games which utilize eg. Augmented- and Virtual Reality 
technology. 
Similarly, the video game market is thought to be “cyclical” (Ward, as quoted in White, 2013), 
meaning that the performance of video games (software) is heavily dependant on the consoles that 
they are played on (hardware). These game consoles have likewise undergone a great deal of 
innovation in the past 40+ years, a phenomenon which may partly be explained through Moore’s Law 
(Saxena, 2013), and have allowed for advancements in terms of the functional and technological 
capacities and aspects of video games. 
 
In contrast to the development of- and demand for novel and innovative video games, recent years 
have experienced a strong trend of games being designed around nostalgia (e.g. Wong, 2017 ; 
Gordon, 2018 ; Cuff & Terry; 2017). As the early video game consumer segments have increased in 

1 https://www.twitch.tv/ 
2 https://www.youtube.com/live_dashboard_splash 
3 Internet relay chat 
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age, a demand has arisen for re-contextualizing and re-visiting an idealized past (Cuff & Terry; 2017). 
AAA  development companies, such as Nintendo, have especially banked on this market demand, 4

commodifying nostalgic games in the present by drawing from memories and cultural significance of 
the company’s past (Ibid).  
 
Lastly, the seemingly most apparent factor in the increase in gamers, is the advent of the smartphone, 
and by virtue, the advent of “mobile gaming”. 
Over 2.5 billion people, globally, are estimated to own a smartphone (Holst, 2018). The argument can 
be made, that smartphones can increasingly be defined as being, at least in part, a form of gaming 
console (Downs, 2018). Following this notion, the barriers to access of games, has largely been 
broken down, as people are no longer required to invest in pricey gaming consoles or PC’s, in order to 
partake in a gaming experience. The price for consoles has increased to hundreds of dollars for a 
system and then $50 to $100 for the requisite games. In contrast to this, the App store offered games 
that could be downloaded onto mobile devices for a modest fee or for no charge at all (Hart, 2017). 
 
Although it is arguable that mobile games have historically been thought of as being designed for 
momentary entertainment and that playing them does not require any special skills, and is largely 
viewed as ancillary to the “mainstream” video game industry (Gibson, 2006), mobile gaming has in 
the recent decade seen a huge surge in popularity, with titles such as, Angry Birds, Clash of Clans and 
Pokémon GO having brought in millions in revenue and tapped into previously unserviced customer 
segments (Nieborg, 2016). Additionally, mobile gaming is gaining increased attention from AAA 
video development games companies, such as ActivisionBlizzard (Hearthstone, Diablo), Epic Games 
(Fortnite) and Tencent (Player Unknown Battleground), which  already have, or plan to, “port” 
existing games to the mobile format, or even developed original mobile games, drawing on popular 
franchises. Despite the early doubtfulness of its potential, the effects of mobile gaming have turned 
out to have a massively “destabilizing effect on the economics of the industry” (O’Donnell, 2017, p.3, 
via Kerr 2016). 
 
The popularization of mobile games may be attributed to the introduction of mobile application 
marketplaces, most famously Apple’s “App Store” and “Google Play” (formerly Android 
Marketplace). This is not to say that these were the first electronic marketplaces (EMP’s) for digital 
distribution of video games, as these were pre-dated by Valve’s Steam (O’Donnell, 2017), but they 
took the accessibility and ubiquity of video games to a new, unprecedented level (Dunn, 2013). 
The success of these multi-sided platforms, are in part due to their attractiveness to developers. While 
previous years saw the dominance of major corporations like Nintendo, Sony, and Microsoft, along 
with high-profile, top-tier AAA developers, the introduction of the App Store opened the door to 
smaller independent developers (Hart, 2017). AAA companies followed suit, and there now exists a 
wide array of video game EMP’s. 
 
Not only has the video game industry risen to rival Hollywood in sales and television in consumer 
time, but it is transforming at a much quicker pace (Anderson, 2009). As these above mentioned three 
factors may account for the increase in popularity of video games, in making sense of the valuation of 
the video game industry, one must look at the innovation and evolution of business models in the 
industry (Osathanunkul, 2015). 

4 AAA, pronounced (triple-A) is an informal classification term used to describe a video game developer that has access to 
big budgets and has a high staff turnover (Ahmad, 2016). 
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Prior to the establishment of EMP’s, mentioned above, the video game industry had since the decline 
of the game arcades, and throughout the 2000’s been characterized by a model in which players 
purchased gaming-systems and games at relatively high prices, but largely did not have to invest 
beyond the initial purchase (Hart, 2017). With the introduction of these EMP’s, offering a wide range 
of games, a kind of “race to the bottom” for pricing was initiated. This can arguably be explained 
through the occurring phenomenon when goods enter EMP’s as price transparency is increased, prices 
may potentially decrease (Soh et. al, 2006), although this is not a unanimous truth, the “law of one 
price” as a consequence of e-commerce, is debated, the video game industry was arguably affected by 
this. 
In addition, there was also strong competition from smaller development companies, with enhanced 
recommender systems, for consumers who seek the “right game” (Marchand, Thuru; 2013) activating 
“the long tail” of the video game market (Anderson, 2006). 
For these smaller games, a 60$ price point could often not be justified, as is why perpetual revenue 
could be generated through “freemium” and “free-to-play” business models (Laudon, Traver; 2018), 
thereby offering the given game at a very low price point or even for free, but with additional costs to 
unlock additional game content. The term microtransactions was introduced, to describe these often 
recurrent and relatively small transactions, which could unlock a fully fledged game experience, in 
increments.  
As smaller games and mobile games popularized the use of microtransactions, AAA game 
development companies quickly followed suit, and as a consequence, the entire industry shifted to an 
economic model that utilizes microtransactions to a significant degree, rendering the pricing of video 
games to grow increasingly sophisticated, opaque and deceptively serpentine, often containing 2, 3 or 
even 4 virtual currency systems within a single game (Hart, 2017), thereby convoluting the true 
long-term cost of the activities until players are already psychologically- and financially committed 
(King and Delfabro,  2018).  
 
Today, the video game industry typically relies on three main monetization strategies: revenue may be 
generated through initial sales, in-game advertising or microtransactions. In some cases, these can 
appear combined with subscription-based revenue. Each of these models can be exploited 
individually; however, in many cases, companies choose to combine at least two of the three models 
to boost income prospects. Today, free-to-play (F2P) games (which utilize microtransactions heavily 
for monetization, but also in-game advertising), make up 82% of the revenue generated across digital 
video games (Gough, Christina; 2017). 

1.2 Problem formulation and research question 
It is undeniable that the potentials of a revenue model centered around microtransactions can 
potentially be highly lucrative to game developers, as it allows the monetization of a single game to 
extend, in theory, ad infinitum.  
 
At the same time, the inclusion of microtransactions may come at a high cost; recent years have 
shown a rise in dissatisfaction with microtransactions, with many gamers opposing its usage, as it is in 
many cases viewed as being a deceitfully opaque means of profit maximization at the expense of 
enjoyment of the given game, for the players. There are numerous examples of microtransaction usage 
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causing a major backlash amongst the player base, more noteworthy examples are the multi-massive 
online game Star Wars Battlefront II , and the space-horror action game Dead Space 3 . 5 6

 
It has likewise caught the attention of several legal entities around the world, ruling the use of 
microtransactions in exchange for lootboxes, specifically, as all together unethical and ultimately, 
unlawful. E.g. the Belgian Gambling Commission has ruled that where lootboxes were purchased with 
fiat money, were in violation of national gambling legislation, and should be removed from all video 
games in Belgium (Gerken, 2018). Similarly, the Netherlands have classified lootboxes that are 
redeemable for fiat money to be a form of gambling (Yin-Poole, 2018), and are currently under 
investigation by the US federal trade investigation (Kent, 2018), and are likewise investigated by 
jurisdictions in e.g. Japan, China, Singapore, Germany, South Korea and Australia (Schwiddessen and 
Karius, 2017) 
 
This notion draws a curious, and somewhat paradoxical picture of the current state of 
microtransactions; on one hand, microtransactions are continuously included in hugely successful 
games, such as “Fortnite” and “League of Legends”, whereas microtransactions are similarly scolded 
by the consumer base, in others. This raises the question, whether a general rule-of-thumb, in terms of 
customer acceptance, for the inclusion and utilization of microtransactions in video games, can be 
found, as is why our research question is as follows; 
 

“Which, if any, variation(s) of microtransaction usage are accepted by consumers, and which are 
not?” 

1.3 Methodological considerations, assumptions and hypothesis 
Microtransaction monetization systems do not exist in a vacuum, but function as a subcomponent to 
an overarching business model. It is therefore essential to view microtransactions in the broader 
context of other existing forms of additional monetization, for the given game (Švelch, 2017). 
“microtransaction usage”, in the context of this thesis, refers specifically to this relation, namely the 
given variation of microtransactions vis-a-vis their respective business- and revenue model. 
 
The nature of microtransactions is increasingly diverse and characterized by many variations. 
Therefore, mapping the variations of microtransactions, and their relation to an overall business- and 
revenue model, is instrumental in attempting to answer the posed research question, as the acceptance 
according to variations is only made possible, through such a mapping. 
Therefore 24 cases of microtransaction usage in video games have been selected for the research of 
this thesis, with a listing of the given business model, revenue model and variations of 
microtransactions that are present, for each individual game (Appendix 1). 
 
Social data analytics has been chosen as the methodological approach, as it allows us to assess a wide 
range of cases, in an attempt to identify trends and patterns on a macro-level. The data was gathered 
from the social media site Reddit, and taking base in the public discourse for each given case on the 

5 https://www.cnet.com/news/after-battlefront-ii-ea-admits-to-image-problem/ 
6 
https://www.eurogamer.net/articles/2013-01-22-dead-space-3-includes-micro-transactions-for-buying-
better-weapons 
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respective “Subreddit” , the acceptance has been evaluated via a data analytics and natural language 7

processing methodology. 
There are three critical assumptions that have been made as the foundation for this research; 
 
Firstly, that indication of unacceptance is first evaluated against how large a part of the discourse is 
centered around microtransactions, and second, what the sentiment value of said discourse is. eg. in 
the case of a Subreddit in which discourse related to microtransactions is high, and the sentiment of 
this discourse is generally negative, it is assumed that there is an unacceptance, by the player base, 
towards microtransactions in the given game. Similarly, if the discourse related to microtransactions is 
high in a Subreddit, and the sentiment of this discourse is generally positive, it is assumed that there is 
an acceptance, by the player base, towards microtransactions in the given game. Cases where 
discourse towards microtransactions is sparse,  are generally not evaluated, as it is too uncertain to 
comment on this in a singular way. 
Secondly, it is assumed that users of the Reddit community are a direct reflection of a given game’s 
playerbase. I.e. it is generally assumed, that players who discuss a given game, also play it. 
Lastly, an assumption that is fundamental to the research, is that the user discussions that occur on a 
video game’s/case’s respective Subreddit, may be treated as discussion that relates directly to the 
given game. More specifically, the measured- discourse and sentiment for the given Subreddit, may be 
treated as relating to the specific game in question. 
In relation to the latter two assumptions, there will naturally be exceptions, in that not all users of a 
Subreddit will also be players and it is likely that some amount of the discussions may also be 
centered on topics that lie outside of the game, or in relation to other games. But, as the research of 
this thesis is centered on taking a macro approach, a certain margin of error is inevitable. 
 
Qua the polarised nature of current microtransaction consumer acceptance, illustrated in the problem 
formulation, the research for this thesis is based upon the underlying hypothesis that some sort of 
pattern will reveal itself, in an assessment of the user comments in regards to the cases. Therefore the 
central hypothesis is: 
 
“Through an assessment of user discourse and sentiment in regards to microtransactions, a pattern 
that illustrates the assumed polarity of consumer acceptance, will reveal itself.” 

1.4 Importance and relevance 
It has been argued that there is nothing particularly new about the use of microtransactions in video 
games, as it is essentially the same monetization mechanism that was used in arcade machines in the 
golden age of video game arcades of the 1970’s (Hart, 2017).  
What is although inarguable, is the increased complexity and variance of microtransaction 
monetization strategies, which have come to dominate the video game industry in recent years i.e. As 
microtransactions, in essence, are not new, the form and usage of it is, and above mentioned cases 
have illustrated that it is a revenue model that is suffering from a certain amount of growing pains. 
Although academic research on games has grown, marketing scholars still devote far less attention to 

7 https://www.Reddit.com is a social media platform, made up of more than a million individual communities, 
called Subreddits. Every Subreddits is focused on a specific type of content e.g. /r/LeagueOfLegends is a 
Subreddit for discussing the game, “League of Legends”, whereas /r/Politics, is a Subreddit for discussing 
politics. 
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this field than to other entertainment industries, such as movies, television, or music (Marchand, 
Thurau; 2016), and considering current research in digital games, most of the literature focuses on 
traditional computer and console games, whereas studies embracing virtual currency, game design, 
and competition among F2P game providers are very limited (Civelek et al, 2018) . There is also a 
scarcity of multidisciplinary literature on microtransactions in the video game industry. The existing 
literature seldom discuss more than the general principles of monetization (Davidovici, 2013). And 
little attention has been paid to how players talk about their stances toward mainstream video games 
with microtransactions, on a scholarly level (Švelch, 2017). 
 
As microtransactions are a heated topic of discussion in video-game related media, the research that 
has been done, is either, largely anecdotal, or very limited in scope. 
As the use of microtransactions as a pricing strategy is increasingly ubiquitous, and although most 
prevalent in, but not exclusive to, the video game industry, it is highly relevant and important to 
uncover the dichotomous and paradoxical reactions that it has spurred. The research of this thesis may 
therefore have relevance to video game developers, as it may inform pricing and monetization 
strategies, as well as offer value to scholars of digital management and e-business. 

1.5 Motivation 
The research for this thesis builds on and is motivated by mainly two research projects, previously 
conducted by the authors of this thesis. Both of the projects were, similar to this thesis, done by use of 
social data analytics.  
The first project was an investigation of the reasons for the drastic reduction of the playerbase for the 
game Pokémon GO, within a few months of the launch of the game. Here it was found, through 
opinion mining, that dissatisfaction with the monetization of the game, which was heavily reliant on 
microtransactions, were an integral reason for the players abandoning the game.  
The second project, related to the launch of the AAA game “Star Wars Battlefront II”, where players 
were enraged with animosity towards, again, the monetization of the game. Here it was found through 
a sentiment analysis of Facebook comments, that there was a correlation between the negative 
sentiment expressed through these and the decline of the stock price of the development company 
behind the game, Electronic Arts. 
 
The findings from this research instilled a curiosity to investigate the phenomenon of 
microtransactions further, and this acts as the foundational motivation to conduct a larger, 
comparative case study, that illustrates a more nuanced picture of the acceptance of microtransactions, 
from a consumer perspective. 

1.6 Case introduction and selection 
The research of this thesis, is based on a comparative case study of 24 individual video game 
franchises, analyzing textual data, in the form of posts, comments and comment replies, made on the 
franchise’s respective Subreddit(s). 
The cases have been chosen based on a number of select conditional criteria;  
 

● Due to the nature of our research, it was necessary for there to be some sort of 
microtransactions monetization system in place, for the given game being studied. 

14 



 

● Games have been chosen based on popularity, meaning that games that have topped the charts 
in terms of sales, size of player base, have been selected, as these similarly create the most 
conversations, which is necessary, given the chosen methodological approach. 

● Variation in terms of types of microtransactions are preferred, as the aim is to offer a more 
nuanced picture of the acceptance of microtransactions, and a broad selection of cases was 
therefore prioritized.  

● Variation in terms of platform has similarly been prioritized, meaning that the selection of 
cases both contain video games that are mobile specific, PC- and console specific as well as a 
few hybrid cases. 

 
Appendix 1 offers an overview of each individual case, together with their respective publishing & 
developer company, the total amount of data points for each case, business- model and revenue model 
(see conceptual framework for a detailed description of these), and lastly its variations of 
microtransactions.  

1.7 De-limitations 
The aim of this thesis is to uncover and introduce a more nuanced picture of consumer acceptance of 
microtransactions in the video game industry. We are thereby focusing exclusively on the acceptance 
of microtransactions from a consumer standpoint, and the aim is thus not to make a cost-benefit 
analysis for the video game development companies i.e. Although certain types of microtransaction 
usage are found to be unpopular with the consumer base, it lies beyond the scope of this thesis to 
evaluate whether the likelihood of increased revenue outweighs this dissatisfaction, expressed by the 
player base, for the given company. 
Similarly, the legal, ethical and psychological implications concerning the use of microtransactions, 
although being a topical subject, is not the focal point of this thesis. 
 
Additionally, the methodological approach undertaken for this thesis, namely big social data analytics, 
is concerned with investigating high-level trends and behaviour patterns, and there is therefore a risk 
of having blinds spots that are rooted in a more contextual level, that will go amiss through such an 
analysis.  
Instead of a deep contextual analysis, the cases are evaluated on a macro-level and specifically in 
terms of the use of microtransactions and the overall business- and revenue model, to the extent 
possible.  
While we refrain from examining the cases on the deep contextual level, it is acknowledged that 
acceptance, is not only a question of the business aspects, but also a multitude of other factors such as 
gameplay, design, UX, graphics etc. The experience of playing a game such as World of Warcraft on 
a personal computer is likewise very different to playing Call of Duty on a games console, which is 
vastly different to playing Candy Crush Saga on a mobile phone (Muriel & Crawford, 2018). These 
nuances are also missed, in the chosen methodological approach. 
It should therefore also be noted, that we are only capturing the discourse of those that are vocal, and 
have no means of validating whether users have actually purchased goods via microtransactions or 
how much they have spent. 
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Lastly, the research is based on social data from Reddit alone, and although we argue that this is the 
most preferred social media platform to use for the purpose of this research (see methodology 
section), we acknowledge that this does not capture the sentiments across all of the consumer base, as 
discussions regarding microtransactions are also heavily prevalent on platforms such as Facebook and 
Twitter, along with more niche internet forums, although it could have resulted in an even more 
nuanced picture of acceptance of microtransactions.  
The Facebook Cambridge Analytics case has rendered the playing field for social data miners 
increasingly cumbersome, and it was therefore not possible for us to capture data from Facebook 
(Perez, 2017). 

1.8 Thesis structure 
In order to provide an overview of the structure of the thesis, an outline consisting of a brief 
description of each chapter, is offered below. 
 
Related Work: This section opens with a description of the undertaken procedure for information 
gathering. Subsequently, the section is divided into three sections, offering an overview of 1) 
academic research on the topic of microtransactions, 2) academic research with a similar research 
question, to that of this thesis, and 3) academic research which utilizes the same methodological 
approach, to that of this thesis. 
 
Conceptual Framework: This chapter is divided into three sections, which marks the conceptual 
framework of the thesis, and is similarly informed by the description of the procedure for information 
gathering. The first section, “Monetization in the video game industry”, is intended to help readers 
understand the embedded knowledge of the research question more thoroughly, and offers a 
description of the different types of business models and revenue models in the video game industry, 
together with an in-depth description of the definition, form and nature of microtransactions. 
The second and third section, on big social data analytics and natural language processing, 
respectively, is intended to help readers understand the data analytics methods and techniques used 
more thoroughly. It offers a brief description of the theory and concept of social data, as well as a 
description of the terminology of natural language processing, to the extent that these concepts are 
used for the methodology of this research. 
 
Methodology: This section offers an overview of the methodological approach undertaken for this 
research, and explains each step of the process, from acquisition to analysis. 
 
Findings & Analysis: This section provides a range of figures that illustrate relevant aspects of the 
datasets, essential to answering the research question. The section is semi-structured according to the 
social data model, detailed in the conceptual framework, concluded with a synthesization of the 
findings and a more elaborate analysis of the most significant findings. 
 
Discussion & Conclusion: A discussion of the findings is offered, and answers to the research 
question are provided. The research is concluded with remarks to the research of this thesis, as well as 
suggestions for future research.  
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2. RELATED WORK 
In the following sections, the main areas of research are outlined, to the extent that these relate to this 
thesis. As the nature of this thesis is inherently interdisciplinary, various research domains are laid 
out, as to validate our contributions. We concentrate ourselves within the areas of microtransactions, 
machine learning, natural language processing, and lastly big social data. 
 
In the process of collecting relevant literature and performing research, the suggested approach 
introduced by Levy & Ellis has been followed (Levy & Ellis, 2006). By following this approach, it is 
argued, that it is possible to most effectively gather a collection of related literature, with a proof of 
quality.  
 
This approach, details how the researcher should take in the 50 most recognized publications, within 
the research field (ibid). Although, since the introduction of this approach in 2006, Google Scholar 
has increasingly gained traction within academia, as a reliable aggregator for academic research. 
Google Scholar has the unique advantage, in its ability to compare the amount of citations, that each 
academic article has received. The starting point for this research, has thus been to utilize Google 
Scholar, as a tool to get an overview of the most cited works within our areas of research, and 
furthermore use Google Scholar as a way of assuring the quality of the academic work, in which our 
own research is built upon. 
 
During the quality assurance of each individual retrieved publication, it is important to be cautious 
towards the method in which the publication was found (ibid.). In our search for literature, we began 
by doing a keyword-search based on our existing knowledge within the domain, though Levy and 
Ellis argue, that this is not a complete comprehensive approach, as various pitfalls such  as “keyword 
evolution” and “buzzword” (ibid) exist. Thus, to further strengthen the quality of our collected 
literature, a forward search and a backward search (also known as chained search) have been 
conducted on select literature. Forward search refers to when the researcher identifies publications, 
that cite some work or article, after it had been published, and thus this method has its focus on those 
publications that have come after an article’s publication. Backward search, on the other hand, is the 
opposite, as when the researcher identifies and examines works cited, and references, in an article. 
Both methods have been applied in this thesis, as to confirm, that only highly relevant literature is 
used throughout this paper.  

2.1 Academic articles on the topic of microtransactions 
Academic articles on the topic of microtransactions can be divided into a number of broad themes, 
and the topic is approached from a wide range of academic disciplines, including judiciary law, 
psychology and sociology. In the preliminary stages of the research, all identified articles related to 
microtransactions were gathered (by use of the method presented by Levy & Ellis, 2006) and 
organized in a literature review matrix/concept matrix. The majority of the identified themes are 
largely irrelevant to the scope of this thesis, but still remain important in contextualizing the status quo 
of the research on microtransactions. Interestingly, a large part of the gathered literature, on the topic 
of microtransactions, were bachelor’s and master’s theses. Although the findings of these were largely 
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disregarded, it is an interesting point that this topic is researched by a nascent group of potential 
scholars. 
 
The overarching themes include;  
First, the underlying psychological mechanisms of the usage of microtransactions, which have been 
examined thoroughly  (e.g. Soroush et al, 2015; Davidovici, 2013; Dreier et al, 2015; Evers et al, 
2015) together with the motivation for spending money via microtransactions (e.g. Hamari et al, 
2016). Variations of microtransactions have also been studied, e.g. DLC’s (Lizardi, 2012) and Virtual 
currency (Guo et al, 2018 ). 
Together with this, the ethics of microtransactions have also been examined at length, with a specific 
focus on the deceptive design of lootboxes (e.g. King & Delfabbro, 2018; McCaffrey, 2019; Neely, 
2018; Nielsen et al, 2018, Schwiddeson and Kairus, 2017; Zendle and Cairns, 2018), drawing 
comparisons to gambling (Drummond 2017, Johnson, 2018). The business- and strategic perspectives 
of microtransactions have similarly been examined (e.g. Ahmad, 2014; Brockmann, 2015; Fowelin, 
2013; Osathanunkul, 2015; Davidovici, 2014; Nieborg, 2016) as well as ways in which these may be 
optimized (e.g. Civelek, 2018). 

2.2 Academic articles on similar research questions 
As above section illustrates, the concept and implications of microtransaction usage has been 
examined by several scholars, examining various aspects of the concept and approaching it from 
multiple academic disciplines. 
In spite of this, besides media coverage of the reception of microtransactions, there has been paid 
extremely limited attention to the particular focus of this thesis, namely how players talk about their 
stances toward mainstream video games with microtransactions, on a scholarly level (Švelch, 2017). 
There are although a few noteworthy studies, described below, that share similarities with the research 
aim of this thesis. 
 
At present time, Švelch’s study of discourses of microtransactions’ acceptance and rejection in 
mainstream video games, is the closest semblance to the aim of this thesis (Švelch, 2017).  
Taking base in five mainstream video game titles; Mass Effect 3, Dead Space 3, Dragon Age: 
Inquisition, Mortal Kombat X and Metal Gear Solid V: Phantom Pain. The study examines acceptance 
and rejection via a general- and contextual qualitative discourse analysis of 1) paratexts about 
microtransactions (PlayStation Network Store descriptions, developer interviews, and official 
websites) and 2) player discussions in the context of press articles about microtransactions for the 
selected five games. 
Švelch found that the most widespread and general reaction to microtransactions in mainstream video 
games fits in the discourse of unacceptability. In general, unacceptability of microtransactions was 
found to be high in combination with a hybrid business model, in which the game comes at an initial 
price point, and was regarded as “oppressive and threatening to the gameplay balance”(ibid, p. 114) , 
whereas more accepted in relation to free-to-play games or for fewer, high-quality DLC’s. In addition 
to this, a very interesting finding was that there were advocates which found microtransactions usage 
in exchange for cosmetic- or vanity items, which offer no actual in-game advantage and only modify 
appearance, largely more acceptable than for virtual goods that have an impact on the players in-game 
competitive edge.  
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Whilst microtransactions are generally framed as being optional in the paratexts to the given games, 
the discourse showed that they are tied to the concept of “grinding”, meaning repeated trivial in-game 
actions usually to harvest in-game resources, currency, or experience points.  
Optionality, in this regard, was seen as a manipulative rhetoric whose only goal is to motivate players 
to eventually pay to advance in the game and exploit the lure of instant gratification and impulse 
purchasing, ironically, resulting in a shortening of the lifespan of a game. Microtransactions were 
ultimately found to be a central problem in the current video game industry (ibid). 
 
On the topic of reception of microtransactions, Alha et. al  investigated the reception towards the 
free-to-play revenue model from the perspective of 14 game professionals (Alha et al., 2017). The 
study depicts the rise of the revenue model, and thereby also the controversy and concern related to 
the revenue model. In the study, it was found that the interviewees were largely positive about the 
prospects of free-to-play games, which stands as largely contrasting to the picture painted in the 
media. It was argued that the polarized discussion was controlled by a small, but loud minority. The 
arguments for F2P games, were that it offered more freedom to the players, and allowed them to try 
the game prior investing in it. It was although found that this could potentially be threatened by 
aggressive monetization and greedy companies designing games only to maximize profits.  
In short, although the prospects of the use of microtransactions could have positive implications for 
players, worries were also raised in relation to the future advancements of microtransactions in video 
game. It was acknowledges that it is important to balance the monetization strategy correctly, as it 
may lead to dissatisfaction. Although this may not be of interest of “greedy” companies (ibid).  
 
Ravoniarison and Benito examined player’s attitudes, feelings and behaviours towards in-app 
purchases (Ravoniarison & Benito, 2019) . This was done via a qualitative study of 1) YouTube 
videos posted by players and related comments 2) Reviews posted on app stores (EMC’s). It was 
found that, pricing of microtransactions plays a significant role and that IAPs should be consistent 
with a genuinely quality game: massive complaints about technical bugs exacerbate potential negative 
attitudes towards IAPs. They conclude the study with a recommendation to publishers to foster a 
better price range and player-centric pricing segmentation that should be able to avoid short-term 
revenue strategy through unreasonably expensive IAPs and build a better long-term monetization 
strategy (ibid . 

2.3 Academic articles on similar data analytics 
As this thesis uses Reddit as its main source for data, literature with relevance to this platform would 
have been preferred, though an examination and usage of this platform from other scholars, is 
extremely sparse with credible sources. Thus, the following related articles will mainly take its base in 
either Twitter or Facebook, as these platforms do, in terms of acquirable data, look similar to Reddit, 
in the sense that they are all social media platforms and consist of a high amount of textual data 
available for social data mining. 
 
Looking at how to derive meaningful facts from large amounts of text data, is very similar in nature, 
as to what is trying to be achieved in this thesis. Bollen et al., made an investigation on, whether or 
not the collective mood states extracted from Twitter, had any connection to the Dow Jones Industrial 
Average (DIJA) over time (Bollen et al., 2010). By the use of two different sentiment tracking tools, 
namely OpinionFinder and Google-Profile of Mood States (GPOMS), Bollen et al., analyzed the 
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content of Twitter from different users (9,853,498 tweets posted by approximately 2.7M users), and 
tried to classify their mood as either calm, alert, sure, vital, kind or happy. The results of the study 
indicated that the mood of the public, can in fact be related in relevance to predicting changes for the 
DIJA (ibid).  
 
Kavanaugh et al., did a pilot study in December 2010, with American government officials, where big 
social data from various social media platforms such as Facebook and Twitter, was used as a means of 
discovering and visualizing important topics, based on the user base’s engagement, through the word 
clouds and cluster models. Kavanaugh et al., succeeded in providing government officials with 
visualized, understandable and actionable data insights, strictly based on the engagement on the social 
media (Kavanaugh et al., 2012). 
 
Furthermore, Larsen et al., conducted an examination of the relationship of Facebook activity and the 
viewing numbers on an episode basis, in the, at the time, highly popular talk show, “Skavlan” (Larsen 
et al., 2016). The study made the conclusion, that a relationship between Facebook activity and the 
related viewing figures of Skavlan, was non-existent. It was pointed out that this lack of relationship 
could have been affected by the assumption that elderly viewers might not be as active on social 
networks, and thus a definite answer could not be extracted from the data (ibid). 
 
Predicting real-world outcomes, taking base in social data, is exemplified by Azur and Huberman, in 
their publication: “Predicting the Future with Social Media” (Asur & Huberman, 2010). In this paper, 
they demonstrate that utilizing social media data, they were able to predict box-office revenues, better 
than any market-based predictors. Taking base in topic clustering, tweets within these identified topics 
were analyzed, resulting in highly realistic results. Furthermore, they showcased the application of 
sentiment analysis as a tool to further strengthen their ability to predict revenues (ibid).  
 
Choudhury et al., examines the potential of social media data, in the context of detecting depression 
for individual users (Choudhury et al., 2013). Over the timespan of a year, postings from users 
identified with depression were collected. Based on these postings, behavioral attributes in relation to 
social engagement, sentiment, emotions, language and linguistic, ego network and mentions of 
antidepressant medications were measured. A classifier, able to estimate the risk of depression was 
subsequently built. The findings of the paper revealed, that data from social media contains useful 
signals for detecting depression in individuals (ibid). 
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3 CONCEPTUAL FRAMEWORK 

3.1 Monetization in the Video Game Industry 
Scholars widely disagree on, and are inconsistent in, their classifications of the concepts of F2P, 
freemium and microtransactions, as there are examples of each being referred to as a business model, 
revenue model, pricing strategy or simply “model” or “strategy”, across the literature. There is an 
argument to be made that these aren’t mutually exclusive, and that microtransactions may be 
classified as all of the above, but there is limited attention to establishing or discussing this aspect. 
Similarly, there is also a great deal of confusion surrounding the distinction between the F2P- and 
Freemium model. F2P is often simply used interchangeably with freemium, with no distinction made 
between the two (e.g. Alha et al, 2014 ; Georgieva et al, 2015 ; Tomic, 2017 ; Nielsen & Grabarczyk 
2018 ; Seidl et al 2018). Osathanunkul defines F2P as a hypernym, in which a freemium strategy is a 
hyponym (Osathanunkul, 2015).  
 
In opposition to these definitions, we have for the purpose of this thesis chosen to side with the 
definition proposed by Davidovici (Davidovici, 2013) and Civelek et al (Civelek et al, 2018), namely 
that 1) Freemium and F2P may be characterized as business models and 2) that there is a slight, but 
important, difference between the two; namely that “Freemium refers to online games with free 
available access up to a certain level, above which the player must pay a fixed price in order to 
unlock the full game.” (Davidovici, 2013, p. 23) F2P, on the other hand, refers to an instance, in which 
the entire game is offered for free, with the option to purchase virtual items or services via 
microtransactions (ibid). In addition, it is stated that, given the nature of freemium games, they 
include no microtransactions (Davidovici, 2015; Civelek et al; 2018), in that a freemium game, is in 
essence, a P2P model, with a free “demo” period. Following this notion, the concept of free-to-play 
and microtransactions are inherently interlinked. 
 
This proposed distinction is echoed by Jan Wedekind, business performance director at King, the 
largest video game development company of mobile games, commenting; "Freemium is a model in 
which you offer a free version of your product - in this case a game - that has some core features, but 
some very important features missing. And then you ask players to pay for these features to get the full 
version.” On F2P games, he states that “That’s not the case ... If you play Candy Crush you are 
playing the exactly same game whether or not you are paying. You can get the same 440 levels on 
Candy Crush whether you are paying or not.” (Quote from Henderson, 2013). 
Freemium and F2P although have the common trait, that the initial product offering is per definition, 
free. 
In addition, we chose to use the classification of microtransactions, as being a revenue model, 
typically used in unison with a F2P business model, as proposed by Osathanunkul (Osathanunkul, 
2015) although his classification of F2P and Freemium conflicts with the above mentioned. 
 
Exemplifying these classifications; the music-streaming service Spotify uses a freemium business 
model, meaning that the core service is free, whereas the full product comes at a premium price. 
Revenue is thereby derived from the non-paying users, by playing advertisements, in between songs, 
to the user whereas paying users are required to pay a monthly subscription fee, in order to unlock the 
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premium ad-free experience. In this sense, Spotify utilizes advertising and subscription-based revenue 
models, in unison with an overall freemium business model. 

3.1.1 Business models in the Video Game Industry 
The term ‘business model’ originated in the 1970s and has been examined extensively in management 
literature (Brockmann et. al, 2015). This has similarly resulted in a vast amount of differing 
definitions (Osathanunkul, 2015). Although the definitions are numerous (ibid), there is a significant 
mutual approach between them, in that they all define a business model as a “ holistic perspective on 
how firms do business to create value as a main goal” (Osathanunkul, 2015, p. 37). 

3.1.1.1 Pay-to-Play (P2P) 
Video game development companies have a history of predominantly having relied on a pay-to-play 
model, until digital distribution gave rise to “free” models and microtransactions. That is not to say 
that pay-to-play models are not still prevalent in the industry, but as previously stated, in the recent 
decade, development companies are increasingly moving away from this, more traditional model. 
 
The model can be said to follow a sequence of development, monetization, acquisition and retention 
(Davidovici, 2014). Meaning that the game is first developed, revenue is earned through purchase of 
the game, acquisition is made when the player first interacts with the game, and retention occurs with 
sustained gameplay. In short, the customer purchases a game, and no subsequent monetization occurs 
hereafter (ibid). In that sense, the development company is reliant on the retention mechanism being 
adequately strong, so that consumers will purchase expansion packs, sequels or other titles from the 
company, in the future. 

3.1.1.2 Freemium 
During the dot-com boom, many investors regarded market share as a significant metric for business 
success (Parker et al, 2017). Here, monetization came as a second priority, once network effects were 
established, as seen with social media giants such as Facebook and Twitter.  
The easiest way to gain market share, at least temporarily, is by attracting customers through low 
pricing - in some cases, as low as zero (ibid). This gave rise to the freemium model (a portmanteau of 
free and premium), a term coined by venture capitalist Fred Wilson (Anderson, 2009) which is a 
cross-subsidy online marketing strategy where users are offered a basic service for free, but must pay 
for the premium or add-on service. While freemium may be associated 
with most products and services, it is typically associated with digital services or software (Civelek et 
al, 2018). 
The logic behind the model, is that revenue is generated from a small percentage of users who will 
access premium features (additional functions, exclusive features, or virtual goods) while the 
remainder of consumers will use the product for free (Iglesia & Gayo 2009 ; Laudner, Traver; 2018). 
In that sense, monetary value is exclusively derived from paying consumers, whereas the non-paying 
users contribute value e.g. in the form of a strengthened network (Civelek et al, 2018) and potentially 
viral exposure (Hamari & Järvinen, 2011; Tyni et al., 2011). 
 
On the perpetuation of free models, Anderson wrote “No business is racing to “Free” faster than the 
video game business” (Anderson, 2009, p. 102). This notion seems to ring true, as the free models 
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strategy is particularly dominant in the video game industry, and to a higher degree, in the mobile 
video game industry. 
The mechanisms of the freemium model in the video industry are although far from new. Before the 
digital revolution, when video games were still primarily played through CD-ROM discs, it was 
common for there to be distributed free Demo’s of the game, which would typically only encompass 
the first couple of levels of the game, the basic difference being that the freemium model today, 
allows users to purchase the full product in a matter of a few clicks.  

3.1.1.3 Free-to-Play (F2P) 
Although the differences between The F2P and Freemium models have been established above, F2P 
may arguably be viewed as a form of a larger freemium business model paradigm (Luton, 2013a; 
Seufert 2014 via Alha, 2017), as its origins are spurred from the dispersion of freemium. 
The most unique feature of F2P games is that developers offer the entire game for free to attract more 
customers, and subsequently focus on selling virtual goods, lootboxes and/or virtual currency for fiat 
money i.e. microtransactions (Civelek et al, 2018). Civelek et al argues that F2P games do not offer 
pay-to-unlock options, such as new content (e.g. DLCs), and DLC’s can therefore not be thought of as 
microtransactions. Others argue that purchasable content and DLC’s may be categorized as 
microtransactions goods (e.g. Švelch, 2018). 
Davidovici (Davidovici, 2014) has conducted an extensive review of the history and architectural 
intricacies of the model, also evaluating it against the P2P model. The F2P model can be said to be 
more complex than the P2P model, in the sense that development, acquisition, retention and 
monetization are continuous, non-sequential and non-linear activities.  
 

 
Figure 1 - Metrics for monitoring, model from (Davidovici, 2014) 

 
As the game is free, upfront, it is assumed that there is an increased incentive from consumers to play 
it, as it demands no financial commitment from their side, to begin with. As monetization is naturally 
relative to retention, in that engaged players are more likely to spend money on the game, the aim is 
for the game to have a broad appeal, establishing a long-tail (Anderson, 2009), and growing the user 
base to be as large as possible. This will also perpetuate and cultivate the acquisition, in that positive 
network effects are sought after. 

23 



 

This similarly means that continuous monitoring of player behaviour metrics is an essential activity 
for F2P game developers to maximize monetization. Development efforts are thereby similarly 
continuous, as to dynamically balance and accommodate user needs. 
This also means that F2P games are inherently dynamic, and constantly subject to change in pricing 
models of the virtual goods, together with a continuous offering of new purchasable virtual goods. 
This has shifted the video game developers to increasingly focus on KPI’s such as ARPU (Average 
Revenue Per User), DAU (Daily Active Users), MAU (Monthly Active Users), K-Factor (viral factor) 
and churn- and retention rates (Davidovici, 2014).  
 
F2P naturally allows for players to spend varying amounts of money through microtransactions, in 
contrast to P2P. The now common terminology used to describe and classify purchasing patterns of 
F2P users are  “whales”, “minnows” and “dolphins”. “Whales” refer to the biggest spenders of the 
game, and are the suggested aim is for them to make up ~10% of payers, with Dolphins to make up 
~40% and Minnows ~50% (Lovell, 2011). The phenomenon is detailed in the model below: 
 

 
Figure 2 - Player spending behaviour, model from (Davidovici, 2014) 

 
The black arrows indicate the strategy of converting free players to minnows, minnows to dolphins 
and dolphins to whales, with the unwanted consequence that these may revert back again, illustrated 
via the grey arrows.  

3.1.1.4 Hybrid models 
As AAA developers drew inspiration from the F2P models and use of microtransactions, pioneered by 
mobile game developers, hybrid models began being adopted by industry leaders. These are typically 
based on the common P2P model, selling the base game at a full price but extending the potential 
monetization via various virtual currencies, goods and lootboxes that were available for purchase 
subsequent to the initial purchase. The concept is not entirely new, as the release of DLC’s subsequent 
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to the launch of the game has been common practice, but having sophisticated monetization 
mechanisms coupled with a traditional P2P model, is not. 
 
An examples of the utilization of a hybrid models, which combine core elements of the F2P- and P2P 
model, is found in “Star Wars Battlefront II”. Here the game has a unit price, and allows players the 
option to purchase lootboxes, virtual items and characters, at a fee (see Appendix 1) . 

3.1.2 Revenue Models in the video game industry 
A revenue model, can be said to refer to the formulation of  how a given company earns revenue, 
generates profits, and produces a superior return on invested capital that exceed alternative 
investments (Laudner, Traver; 2018), and is consistently presented as a sub-component to a business 
model (Rayna & Striukova, 2014). In that sense, revenue models can be thought of as an essential 
component within an overarching business model, which also encompasses several other components 
(e.g. a value proposition, sales channels etc.). 
 
Below is a description of the revenue models that are in play, for the selected cases. 

3.1.2.1 Sales 
The sales revenue model describes when revenue is generated through sales, this may either be 
through traditional brick-and-mortar or e-commerce intermediary sales channels or through digital 
distribution. As the entertainment media industry as a whole, experienced a digital transformation, due 
to a digitalization of its commodities and distribution channels, and because of this, a 
disintermediation of their value chains (Laudner & Traver, 2018) new revenue models emerged, to 
support the traditional sales model. This revenue model is commonly associated with a P2P or Hybrid 
business model. 

3.1.2.2 Advertising 
The advertising revenue model is based on generating revenue by exposing the player to 
advertisements, within the game. As advertisers began incorporating the Internet into their marketing 
strategies in the 90’s, many agencies and advertisers turned to in-game marketing as a crucial facet of 
their modern communication objectives (Lewis, Porter; 2010).  
In the first iterations of the advertising revenue model, video games would contain in-game billboards 
of virtual goods that acted as branding tools. The phenomenon was neither wide-spread, or a strong 
source of revenue, but has in the past decade experienced a steady growth in its usage and form, now 
acting more as an external entity, instead of being interwoven in the gaming environment and 
experience. 
The advertising revenue model is today most prevalently seen in mobile games. Their small-scale 
nature typically does not justify a high, up-front price point, and is therefore often seen in combination 
with a freemium strategy, where the game itself is free, with online advertisements interspersed 
throughout the gaming experience. These are typically seen with the option to buy a 
non-advertisement version of the game, at a fee. 

3.1.2.3 Subscription 
Games that rely on a subscription-based revenue model are few, in that they make up 5% of the digital 
games market (Gough, 2018). The revenue model is often seen in combination with a sales model, 
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with a typically high price-point for the base cost of the game, with an additional subscription fee that 
is paid monthly, bi-anually or annually. Video games that rely on a subscription-based model are 
typically large-scale, where maintenance and development efforts of the game are continuous and 
resource-intensive. The perhaps best known subscription-based game is the MMORPG (massively 
multiplayer online role-playing game) World of Warcraft, which to this day, is played by millions of 
people, all over the world, in spite of being more than ten years old (See Appendix 1). 

3.1.2.4 Microtransactions 
Microtransactions are defined by the Oxford Dictionary as “a very small financial transaction 
conducted online”. This definition is generally agreed upon by researchers, although the term is 
almost exclusively used in connection to video games. It has although been argued that, although the 
prefix might indicate that the payment is per definition, small, microtransactions are primarily 
determined by their purpose, and not by their amount (Tomić, 2017). This purpose in change, is 
invariably used for defining the transactions of virtual- goods, services, currency (King & Defabbro, 
2018; Švelch, 2017, Gainsbury et al, 2014) and by some, for DLC’s (Evers et al, 2015; Švelch, 2017). 
Microtransactions are similarly defined as inherently associated with the F2P Business model 
(Civelek, 2018 ; Davidovici, 2014) and that all purchases that are subsequently performed are referred 
to as microtransactions (Tomić, 2017).  
 
Interestingly, “Micropayments” are similarly defined by the Oxford Dictionary as “A very small 
payment made online”, and are therefore seemingly synonymous with Microtransactions, as there are 
always examples of these being used interchangeably (Kokkonen, 2014). But, in common vernacular, 
Micropayments typically refer to all low amount payments, regardless of the payment purpose, 
although typically used in relation to Fintech (Rivest & Adi, 1996). Microtransactions denote 
payments for purchasing applications for mobile phones or payments for purchasing the additional 
content, exclusively for video games (Tomic, 2018), although these are not always “micro” in amount 
(Tassi, 2013) E.g. Microtransactions may range from $2.99 too $99.99 (Švelch, 2017) 
 
The leveraging of microtransactions in the video game industry can arguably be traced back to the 
early days of video game arcades (Peckham, 2013; Wallace, 2014; Duverge, 2016), where players 
would insert coins and play for a fixed duration of time, or until they had failed in completing the 
given level. 
When personal computers and console systems entered the homes of the players and became domestic 
properties, the low-involvement microtransactions revenue model was largely abandoned by the video 
game industry. Due to these technological advancements, the industry was able to develop and market 
high-end gaming systems, consoles and games to consumers, which came at increasingly steep prices. 
But beyond these initial purchases, consumers were largely free of further investing in the individual 
games (Hart, 2017; Tomic, 2018).  
This era in the video game industry is commonly referred to as the console wars (Harris, 2014), as 
companies battled for monopolies by creating strong lock-in effects, with several, once highly 
influential companies, such as Atari and Sega, falling in the wayside. 
 
The third industry revolution occured with the advent of digital EMP’s, such as the iOS App Store, 
Google Play, Steam and in later years, the Playstation network and Microsoft Marketplace. With this 
revolution in digital distribution channels, the industry shifted back to relying heavily on 
microtransactions, although to much more sophisticated degree, than in the era of video game arcades. 
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3.1.2.4.1 Mapping Variations of Microtransactions 

To our knowledge, the only attempt that has been made at developing a formal typology of types of 
microtransactions, or more precisely, variations of virtual goods that may be obtained via 
microtransactions, has been developed is by Davidovici (Davidovici, 2013). She identifies the 
following: 

 
Figure 3 - Variations of microtransactions, visualization from (Davidovici, 2013) 

 
The overview is largely effective in mapping items in F2P games, but not sufficiently comprehensive 
to act as a classification for the research of this thesis, as it 1) does not encompass either lootboxes or 
additional content, such as DLC (This may also be attributed to Davidovici not considering 
purchasing a DLC, to be categorized as a microtransaction). 2) Virtual currency arguably represents a 
separate type of item, that has some essential differences to the remaining items on the list. 
 
Drawing directly from the typology presented by Davidovici, together with a careful examination of 
the microtransaction systems in the our cases, we propose the following conceptual model for 
classification of microtransactions: 
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Figure 4 - Own developed conceptual framework 

 
The model represents an abstracted overview of three highly general, but distinct types of 
microtransaction exchanges in video games, that can be made by the player. The model distinguishes 
between three types of exchanges, namely acquisition of -“Virtual Currency”, “Random Chance 
Purchases” and “Virtual Goods, Services and Content”. The former two typically do not hold value, in 
an essential sense, but are merely valuable to the extent that they are exchangeable for the third type 
“Virtual Goods, Services and Content”.  
 

● The dark blue lines represent acquisition through direct microtransactions, meaning that these 
types of purchase represent exchanges for fiat money. 

● The light blue lines represents acquisition through indirect microtransactions, meaning that 
these may be exchanged for one another, either selectively by the user, or through random 
chance. 

● The orange line represents acquisition through in-game achievements, and is, as such, not 
associated with microtransactions. 
 

The dashed lines indicate that the exchanges may only potentially occur, and that these interlinkings 
will vary, based on the given game. e.g. here is what the model looks like when applied to case #13, 
“Hearthstone”, a virtual card game. 
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Figure 5 - Own developed conceptual framework (with example) 

 
Here, the player is able to purchase card packs with fiat money ($0.8 USD - $1.5 USD, depending on 
purchase amount) , which contain 7 randomly generated cards (functional item), represented by the 
light blue line. These card packs may also be purchased by earning the in-game currency gold. 
Additionally, the player is able to acquire “card backs (cosmetic- or vanity item)” through in-game 
achievements, represented by the yellow line. Extra content like “Adventures” or “Arena mode”, may 
similarly be purchased directly with fiat money, or alternatively with gold. 

3.1.2.4.2.1 Virtual Currency 

In-game currencies or “virtual currency”, may be defined as “a type of unregulated, digital money, 
which is issued and usually controlled by its developers, and used and accepted among the members 
of a specific virtual community” (European Central Bank, 2012). This notion therefore corresponds 
very well with the virtual currencies that are present in video games. The table below illustrates the 
differences between virtual currency, electronic money and crypto currencies. 
 

29 



 

 
Table 1 

(Table from Tomic, 2017 via ECB, 2012) 
 
On the more granular level, there exist three general types of virtual currency, 1) closed virtual 
currency schemes, 2) virtual currency schemes with an unidirectional flow and 3) virtual currencies 
with a bi-directional flow (European Central Bank, 2012). All of these variations are seen in 
freemium, paymium and F2P video games today, typically with either 1), alone, in many cases with a 
combination of 1) and 2) and in rarer instances a combination of all three. 
The first type describes a virtual currency system where there is no link to the real economy. An 
example of this is in-game points that are exclusively obtainable through in-game achievements. The 
second type describes a virtual currency that is purchasable via real money, but cannot be exchanged 
back to real currency, and is thereby uni-directional. The third types describes a virtual currency that 
is similar to type 2, but with the slight difference that it can be exchanged back to real money, and is 
thereby bi-directional. 
 
In some cases, a virtual currency may be both type 1) and 2) in that it is both obtainable through 
in-game achievements as well as purchasable with real money. 
 
Furthermore, F2P games often feature the double currency model where players can earn soft 
currency via completing gameplay tasks and buy hard currency with real money. More often than not, 
the player can convert hard currency to soft currency but not vice versa. In some F2P games, the 
player might be rewarded with small amounts of hard currency from time to time. While soft currency 
is used in the game to buy basic items related to gameplay, hard currency gives access to premium 
content which is often exclusive to paying players only. 

3.1.2.4.3.2  Random Chance Purchases 

This type of microtransaction is most commonly referred to as lootboxes, and in some cases “bags” or 
“packs” (Duverge, 2016). A lootbox refers to an in-game reward system that can be purchased 
repeatedly with real money to obtain a random selection of virtual items (Drummond and Sauer 2018) 
or currency. 
 
The concept of microtransactions and lootboxes are strongly correlated, and are sometimes used 
interchangeably. Lootboxes represent randomly generated content, initially presented to the player as 
concealed, and can typically be unlocked at with either an indirect or direct microtransaction. The 
concept is often associated with gambling, and is the types of microtransaction which has fostered 
most controversy. 
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The first documented use of lootboxes as a monetization strategy, may be dated back to 2006, where 
the Chinese game ZT Online pioneered the model by introducing in-game boxes, one could buy for 
fiat money. In 2010, game-developer company Valve introduced a similar approach in the game, 
Team Fortress 2, which was the first Western game that utilized loot boxes. Soon after they launched 
this new strategy for monetization, other development companies quickly followed suit (Wright, 
2017). 
 
Though being one of the more used monetization strategies used by game developers, the use of 
microtransactions comes with a critical risk. According to a study conducted by Qutee, 22% of users 
disliked the use of microtransactions in games, as they could promote the concept of P2W or F2P, 
meaning that players ready to investment more real life money in a game would gain a competitive 
in-game advantage (Qutee, 2018). 

3.1.2.4.2.3 Virtual- goods, content & services 

Virtual goods comprise the five virtual item types identified by Davidovici, namely “cosmetic or 
vanity items”, “power or performance items”, “booster items”, “functional or comfort items” and 
“user-generated items” (see Figure. 3 for descriptions of each).  
These goods may vary in the degree in which they influence a player’s competitive edge. “Cosmetic 
or vanity items“ can generally be said to not influence a player’s competitive advantage, whereas 
“power or performance items” do. An extreme form of the latter type is typically associated with the 
concept of “pay-to-win” (P2W), a concept that has a very negative connotation amongst the 
community (Kokkonen, 2014).  
DLC’s and expansions are encompassed by the general concept of content, which adds extra in-game 
experiences, gameplay, levels etc. 
Services, on the other hand, may refer to e.g. boosts that influence and enhance the environment in the 
virtual space, such as an increased experience gain or unlocking new content at a quicker pace. 

3.2 Big Social Data Analytics 
This section is intended to offer an overview of the concept of big social data analytics and social set 
analysis, as it informs the methodological approach undertaken for the research of this thesis. 

3.2.1 Defining Big Social Data Analytics 
“Big” data in comparison to “traditional” data may be characterized by its sheer volume, increased 
velocity of data streams, variety of both structured and semi structured and uncertain veracity as the 
data contains both information and noise (Houssain, 2016; Gandomi & Haider, 2015; Goes 2014). 
It has been stated that 2.5 quintillion bytes of data is created every day (Jacobsen, 2013), with these 
vast amounts of data being generated many companies view their data as a primary business asset 
(Redman, 2008), similarly industrial-strength analytics are strengthened across a wide variety of 
activities (Davenport, 2006).  
 
Likewise, with the organizational and societal adoption and use of social media, large volumes of 
unstructured data is continuously generated, which is in turn termed Big Social Data (Hussain & 
Vatrapu, 2014). 
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Social media may be defined as as “fundamentally scalable communications technologies that turn 
internet based communications into an interactive dialogue platform” (Montalvo, 2011 via Vatrapu 
2013, p.1). This definition lies close to Kaplan & Haenlein’s very popular and used definition of the 
concept, which is as follows: “Social Media is a group of Internet-based applications that build on 
the ideological and technological foundations of Web 2.0, and that allow the creation and exchange 
of User Generated Content.” (Kaplan, Haenlein, 2010, p. 61). Thus, Facebook, Twitter as well as 
Reddit, fall under this definition and can be characterized as a type of social media (Kaplan, Haenlein, 
2010; Mukkamala et al., 2013). 
In turn, Social media analytics is a term used to refer to the collection, storage, analysis, and reporting 
of these new social data (Mukkamala et al., 2013). Big Social Data Analytics thereby refers to the 
same when in relation to big social media data. 

3.2.2 Theory of Social Data and Conceptual Model 
Social data may be analyzed with two complementary approaches - ”Social Graph Analytics” and 
”Social Text Analytics” (Hussain et al, 2014). Social graph analytics is concerned with the structure of 
the relationships emerging from social media use. It focuses on identifying the actors involved, the 
activities they undertake, and the artifacts they create and interact with. Social text analytics is more 
concerned with the substantive nature of the interactions, it focuses on the topics discussed and how 
they are discussed, and questions such as “what keywords appear?”, “what pronouns are used?”, “how 
far are negative or positive sentiments expressed?”. 
 
Social media platforms such as Facebook, Twitter and Reddit, at the highest level of abstraction, 
involve individuals interacting with technologies and other individuals. These interactions are termed 
socio-technical interactions (Mukkamala et. al, 2013). 
There are two types of socio-technical interactions: 1) interacting with the technology per se (for 
example, using the Reddit app on the user’s smartphone and 2) interacting with social others using the 
technology (for example, liking a picture of a friend in the Facebook app of the user’s smartphone) 
(Mukkamala et. al, 2013).  
These kinds of socio-technical interactions or “micro-interactions” are defined as social data, which 
in large volumes constitute the concept of big social data (ibid), which is the analytical focus of this 
thesis . 
 

 
Figure 6 - Social Data Model, model from Mukkamala et al., 2013 

32 



 

  
 
Social graph focuses on the first aspect of social-technical interactions, which are concerned with 
identifying the actors involved and the actions they take, such as posting, liking, sharing, tagging, and 
so on. Social text is concerned with the second aspect of socio-technical interactions, related to the 
linguistic aspects of these interactions. Here, comments, posts and keywords are analyzed in order to 
e.g. determine the emotions or sentiments of certain posts and comments or to create topic modelling 
for discovering trends (Mukkamala et al., 2013). 

3.3 Natural Language Processing and Machine Learning 
This section focuses on describing concepts related to natural language processing (NLP) and machine 
learning (ML), to the extent that these apply to the research of thesis. The two fields share many 
common points, and often overlap, as they are both inherently related to the overarching field of 
artificial intelligence (AI). Therefore, the various concepts and techniques described in this section, 
can be said to fall within either NLP, ML or in most cases, both. 

3.3.1 Machine learning 
In 1959 Arthur Samuel coined the phrase “Machine Learning”, defining it as the ability to learn 
without being explicitly programmed (Samuel, 1959).  
In its most basic form, ML encompasses the use of various algorithms to parse and learn from data, 
and based on this, draw conclusions or make predictions. ML has taken its base in pattern recognition 
and the theory revolving around that computers and machines can, without being programmed, learn 
to perform and do specific tasks (Russell & Norvig, 2014; Provost & Fawcett, 2013). ML is a 
sub-component to artificial intelligence and as such has interested researchers within many fields of 
expertise, as they look to examine if machines and computers would be able to learn from data. ML, 
given its iterative aspect, is hugely relevant as models developed are exposed to an ever-growing 
amount of new data, and thus they need to be able to adapt and figure out solutions on their own. 
Typically, these models learn from all their preceding calculations and computations and thus are able 
to establish repeatable and reliable results and decisions (Provost & Fawcett, 2013).  
 
In recent years, the discourse around ML has entered mainstream culture. With more than 137 million 
paying subscribers a month , Netflix uses ML daily to recommend its users new movies. It does so, by 8

using recommender algorithms, which is a field within ML. Likewise, companies and smaller 
businesses have learned the power of harvesting customers’ opinions and extract valuable information 
from it, such as the overall sentiment towards a product, or some specific keyword extraction, which 
can be used for product development. Furthermore, ML can be used as a means of fraud detection 
(Chan, Stolfo, 1998), thus serving as an important weapon in the modern world’s fight against the 
ever-increasing spam on the internet. 
 
There are various types of machine learning methods, though the most commonly used are supervised 
and unsupervised machine learning. 

8 https://edition.cnn.com/2018/10/16/tech/netflix-third-quarter-earnings/index.html 

33 



 

3.3.1.1 Unsupervised 
Unsupervised learning, unlike supervised learning, is commonly used in relation to data, where no 
historical labels exist. In contrast to supervised machine learning, the application doesn’t know the 
correct answer of the input, as it has no pre-labelled data to hold it against (Provost & Fawcett, 2013). 
As such, the algorithm attempt, without human guidance, to make sense of the input data. The typical 
goal for unsupervised learning is for the algorithm to find hidden patterns or structures within the 
input. Inside the world of marketing, unsupervised learning is especially relevant, as it can crunch 
huge amounts of customer data, e.g. finding similar segments of customers, based on their previous 
purchasing patterns. 

3.3.1.2 Supervised 
Supervised machine learning is based on algorithms being trained, using labeled data, and where any 
desired outcome is known in advance. As an example, a device could have some data points labeled in 
advance with either “P” (passed) or “F” (failed). Then, the algorithm would receive a set of these 
inputs, alongside with the related correct outcomes, so that when testing itself on the given inputs, can 
compare the outcomes produced, with the correct answers, and thus try to correct any inconsistencies 
or errors found. Supervised machine learning excels in using patterns as a mean of predicting 
outcomes and values of any given input of unlabeled data (Provost & Fawcett, 2013). Supervised 
learning is frequently used in areas that focus on using historical data as a means of predicting 
something in the future. As an example, it can be applied by companies as a tool of predicting 
possible customer churn, given them the possibility to act accordingly to prevent such churn. 

3.3.2 Natural Language Processing 
Text is often referred to as “unstructured data”, which means that it does not have common 
characteristics that makes it easily readable for machines. Deciphering text is a trivial task for humans, 
but linguistic structures pose several challenges when processed by machines. Scholars in NLP are 
continuously working on closing this gap, and advancements within the field of NLP are steadily 
progressing. Examples of the increase in quality of NLP tools include; Google Translate, Apple’s 
Virtual Assistant, Siri, and Amazon’s Alexa. These technologies were largely ineffective, or 
impossible to realize just a decade ago, but advances in processing power and industrial-strength 
analytics have enabled their development. 
 
Text, even when written in complete accordance with grammatical rules, may contain homonyms 
(each of two or more words spelled the same but not necessarily pronounced the same and have 
different meanings and origins) and/or synonyms (a word or phrase that means exactly or nearly the 
same as another word or phrase in the same language), which makes it hard to understand the true 
meaning of the text (Provost & Fawcett, 2013).  
 
The central factor that makes it challenging for computers and machines to make sense of written text, 
is the widespread ambiguity, which is intrinsic to all languages. As an example, take the following 
sentence: 

“At last, a computer that understands you like your mother.“ 
 
This sentence can be understood and interpreted in multiple ways. 
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1. The computer understands you as well as your mother understands you. 
2. The computer understands that you like your mother. 
3. The computer understands you as well as it understands your mother. 

As clearly illustrated in the example, the sentence can be interpreted in numerous different ways, yet 
humans seem to almost immediately choose the first example as the intended meaning of this concrete 
example (Lee, 2001). Humans can make such choices in an instant, based on a huge amount of 
background knowledge and having been presented with the various interpretations in different 
scenarios throughout their lives. The great challenge is to make a computer able to arrive at the same 
conclusions, a task which NLP is strongly focused on.  
Furthermore, the context in which the text is present, also plays a factor, as some terms and 
abbreviations have a specific meaning in one domain and a completely different meaning in another. 
For instance, one can not expect that terms and abbreviations in the world of doctors would have the 
same corresponding meaning in the world of soccer players.  
Lastly, natural language is often by nature “dirty”, in the sense that those who write it might misspell 
words, add random punctuation or run words together (Provost & Fawcett, 2013).  
 
All these irregularities in text have an impact on the complexity of getting a computer to understand 
the true meaning of the data. NLP is how computers and machines try to overcome these linguistic 
obstacles and make sense of it using various techniques. 

3.3.2.1 POS-tagging 
Until now, much of the knowledge we have surrounding natural language relies on POS-tagging 
(Part-Of-Speech), and can be considered a grammatical tagging process, in which a word in a 
document can be tied to a specific part-of-speech. This is done based on a context and on its 
definition. A classic example of this process, though rather simple, is when kids in school are taught 
basic grammar rules by identifying nouns, verbs, and adjectives in different sentences. 
 
Much POS-tagging has been done by human hands, though in recent times, it has been more and more 
adopted to take a more computational linguistic approach, where algorithms are used to associate 
hidden parts-of-speech and discrete terms with descriptive tags. When distinguishing between the 
various algorithms to do this sorting, it mainly comes down to two different approaches; a stochastic 
and a rule-based approach. The first one of the two, the stochastic, looks on the probability of a tag 
occurring, taking base in the information it has been given. This algorithm needs a training corpus in 
order for it to function (Samuelsson & Voutilainen, 1997). On the other hand, the rule-based needs no 
training corpus, as it strictly looks at the text given, and tags it based on any grammatical rules it has 
been taught, and thus uses no historical corpus to draw its conclusions (Brill, 1992). Being rule-based 
usually involves human work, in order to build a set of rules which could be applied, and though it 
provides a high accuracy when doing the tagging, it is often criticized for its high development cost, 
and the human time required in order to develop, maintain and set new rules. 

3.3.2.2 N-gram 
In short, N-gram is the concept of investigating a pair, triple, set of four (and so on) of words that 
would appear next to each other,  resulting in the ability to calculate a probability for the next word, 
likely to occur in the sequence (Brown et al., 1992).  
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As an example, in the English language, it is grammatically correct to say “the green apple”, however 
due to complex context and grammar rules, it is incorrect to say “apple green the”. Having analyzed 
huge amounts of corpora (collections of documents), it would be more likely that the combination of 
the words “apple”, “green” and “the” would be found in the sequences of “the green” and “green 
apple”. These combinations of words are known as N-grams, where N stands for the number of words 
in consideration, and as the example above illustrates, they are useful when trying to unriddle what the 
next possible words in a sentence could be (Cavnar & Trenkle, 2001). As such, it is more likely that 
when looking at the pair of “the green” there is a higher probability of the next word to be “apple”, as 
the pair of “green apple” has a high frequency in the corpora. 

3.3.2.3 Bag of words 
The bag-of-words approach is one of the most dominant approaches when doing text analytics, and 
most historical research in text classification has used this approach. The bag-of-words approach is, as 
the name implies, a way of assessing every given document as a random collection of words, without 
looking at grammar, structure of the sentence,  punctuation or order of words (Scott & Matwin, 1999). 
This approach looks at all words in a given document as a potentially significant keyword to said 
document. Furthermore, the representation of this method is easily done and the usage of it, is 
typically inexpensive. Bag-of-words is often hailed for its tendency to work well for many problem 
statements. 

3.3.2.4 Term frequency, Inverse Document Frequency & TF-IDF 
Term frequency (TF) is a simplified way of showing the most important terms, and does so by 
counting their frequency within a document. The general idea, is that the importance of a term 
increases exponentially in accordance with how many times it is mentioned. Usually, this count of 
terms is done in a so-called “raw count”, but many applications take into account that some texts can 
be considerably longer than others, and thus the number of words in long texts will outscore those in 
short texts, thus not necessarily a good indicator of important terms (Jones & Kay, 1973). Many 
applications deal with this by the use of normalization, where each term is divided by the number of 
words in the document, as to give a comparable base. The basic term frequency can be calculated as a 
number, given the following equation: 
 

F  (T ) T =  (T otal number of  terms in the document)
(Number of  times T  appears in a document)  

 
Whereas the term frequency approach measures the occurrence of a term within a single document, it 
might be beneficial to apply a weight to a term, based on how common that term is in comparison to 
the entire corpus that is being analyzed. Inverse Document Frequency (IDF) looks at the relevance for 
that specific term within the entire corpus. 
 
Applications that use this approach, usually take into consideration two contradicting thoughts. 
Firstly, a term should not be too infrequent. Take the case of a rare term, that only occurs in one 
document in the corpus - is this to be considered an important term? For the sake of clustering terms, 
it does not make sense to look at a term, that only occurs once, and for such reasons, most applications 
add a minimum amount of times that a term should occur, in order for it to be considered to be of 
importance (Robertson, 2004). Likewise, a term (that is not a stopword) that occurs many times across 
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all documents cannot be used for classification, as it doesn’t uniquely identify anything, given its 
common presence in all documents. Similarly, if it occurs in high frequency across the entire corpus, 
it won’t be able to fit in a cluster, as the entire corpus would, in theory, cluster together. Thus, most 
applications use a maximum limit on terms, in order to eliminate overly common terms.  
 
Furthermore, some systems look at the distribution of the term over all documents and try to come to 
the conclusion, that the fewer the documents a term occurs in, the more important that term is to those 
documents, and thus IDF may be considered as a boost a term gets for its rarity (Provost & Fawcett, 
2013). Like with TF, the IDF can be calculated as a number, given the following equation: 
 

DF  (T ) 1 log (  )I =  +  T otal number of  documents
Number of  documents containing T  

 
Combining the above-mentioned calculations gives a weight, that is a statistical measure commonly 
used to assess the importance of a term for a document in a corpus. The importance of said term 
increases proportionally to the combined number of times a term is present within a document but is 
compared to the frequency of said term in the corpus (Provost & Fawcett, 2013). Variations of this 
weighting calculation are often being applied by search engines, as a focal point in deciding how 
relevant a specific document (or webpage) is to the given query from the user.  
 
One of the more used representations for this value is calculated from the following equation, that is 
the product from the Term Frequency and the Inverse Document Frequency: 
 

F IDF  (T , D) T F (T , D) IDF (T )T  =   *   

3.3.2.5 Stop-words, stemming and lemmatization 
Many NLP systems exclude extremely common words, as for many text applications, they do not add 
any value. These excluded words are so-called “stopwords” (Manning et al., 2009). Depending on the 
domain and what the system tries to achieve, stopwords such as “a”, “an” and “the” are commonly 
removed, though prepositions and adjectives might in some cases, also be removed. The typical 
approach to removing these, is to look at the most frequent words, and then manually remove those 
words, that do not add any meaning for a specific context. As this manual removal can be rather 
time-consuming, there are lists with more common stopwords, and many ML tools incorporate these 
automatically. 
 
To further add to this, it is important to note, that removal of stopwords should always be done with 
caution, as these words might have huge importance in some instances. As an example, the movie 
named “The Road” with Viggo Mortensen and Kodi Smit-McPhee as father and son surviving in a 
post-apocalyptic world, is unrelated to the famous novel “On The Road” by John Kerouac, though 
with some careless stopword removal, they might both simply be seen as “Road”, potentially causing 
issues (Provost & Fawcett, 2013). 
 
In the common English language, words might have similar meanings and thus words can be closely 
related such as “democratic”, “democracy” and “democratization”. Presumably, it would make sense 
that the query for one of these words would return texts with any of the related words, as they are 
closely related. Stemming and lemmatization are techniques that aim at trying to help achieve such a 
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process, as they try to convert a word into its base form (Manning et al., 2009). Take the following 
example: 
 

am, are, is => be 
car, cars, car’s, cars’ => car 

 
Though stemming and lemmatization are often used in the same context, they differ in what they do. 
The use of stemming often refers to the principle of chopping off the ends of words, as with the 
example of car above. This process usually includes the removal of derivational affixes. One of the 
most common algorithms for stemming, that has shown to be empirically effective, is Porter’s 
algorithm (Porter, 1980). Lemmatization on the other hand often refers to a morphological analysis of 
the word, and then the use of vocabulary, as it tries to remove inflectional endings and to return the 
word to its canonical form (dictionary form). As an example to illustrate this difference, given the 
word “saw”, the use of stemming might just return “s”, as it tries to chop off the ends, whereas, with 
the use of lemmatization, it would try to return either “saw” or “see”, depending on whether the word 
was tagged as either a noun or a verb by a POS-tagger (Manning et al., 2009). 

3.3.2.6 Topic Clustering/Modeling 
The use of topic clustering within NLP is the process to identify, discover and extract topics from 
texts. It is an unsupervised machine learning technique and it provides an easy way to analyze large 
volumes of unlabeled text data. In this context, a “topic” is a cluster of words, that are occurring 
frequently together. Topic models are able to relate words that have the same meaning, and 
furthermore, distinguish between words that might have multiple meanings (Steyvers & Griffiths, 
2007). 
 
A very simplified approach to topic clustering is to do TF, explained above, then remove stopwords, 
and lastly assign each of the most frequent terms to a topic. The use of clusters have many 
applications in real-world scenarios, such as grouping similar customer segments together, in order to 
market each segment differently and thus maximize revenue. 

3.3.2.7 Classification algorithms 
In the world of ML, classification of various things, e.g. texts, is a common task. Classification 
algorithms are a supervised machine learning approach, in which a system learns from a set of training 
data, and then uses this learning to classify new unknown sets of data (Provost & Fawcett, 2013). An 
example of this could be to run a sentiment analysis on newly fetched tweets, where the system tries 
to classify them as either positive, neutral or negative, based on the model build from a training set 
consisting of manually pre-labeled tweets. 
 
In order to classify the above-mentioned tweets, a system typically runs a pre-chosen classification 
algorithm. There are various different algorithms to use for classification, each having their strength in 
different scenarios. As the amount of these different classification algorithms is huge, the authors of 
this thesis have chosen only to touch upon two algorithms, as they have been used in previous works 
of the authors. 
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3.3.2.7.1 Naive Bayes 

The Naive Bayes classification algorithm is commonly used within the area of text classification, as it 
often manages to outdo even more advanced algorithms, in regards to a high accuracy. The main 
principle of Naive Bayes is to treat all parameters as independent from each other and thus does not 
take into consideration any relation between said parameters - this is why it is considered to be 
“naive” (Rish, 2001). As these parameters are considered not to be related, it can learn each parameter 
independently, which is advantageous if the data set has a huge amount of variables. For this reason, 
as previously mentioned, Naive Bayes is very common in the world of text classification, as data 
within this domain, often is very rich on variables. Naive Bayes is often applauded for its applicability 
as it is able to, even with sparse amount of data, gain a rather high accuracy (ibid). 

3.3.2.7.2 KNN 

The KNN (short for K-Nearest Neighbor) algorithm, is a classification algorithm, which as the name 
implies, looks at the nearest neighbors in a data set, and compares it to a given input. Then, based on 
its neighbors, makes a probabilistic guess of, what type of input it has been given (Beyer et al., 1999). 
The K in KNN is the number of neighbors that has to be compared to the input, and thus the chosen 
amount has an impact on the accuracy of the algorithm. Once a number of neighbors have been 
chosen, the algorithm will compare the distance to all the chosen neighbors - the less distance to the 
neighbors, the higher the confidence level of the algorithm will be. This algorithm is commonly seen 
in webshops around the world, as these shops typically show other products, that are similar to what 
have already been bought - in other words, products that are the closest neighbors to their other 
products. 

3.3.2.8 Word2Vec 
As previously discussed, ML algorithms and models struggle in understanding text, thus often needs 
the text to be fed in some numerical form. In order to achieve this result, various techniques exists, 
such as One Hot Encoding (converts data into an integer representation), though the problem for these 
techniques seems to be, that they often lose the context of the text they are given, which might not be 
desirable in the domain of NLP. As a way of working with text, while still giving the context in which 
words occur meaning, Tomas Mikolov et al. from Google, developed Word2Vec, which uses neural 
networks to learn word embeddings (Mikolov et. al, 2013). The result from this algorithm, is thus 
vectors in which words with similar meaning end up with a similar numerical representation. The 
algorithm uses a large amount of text input, and as a result to that, is able to create high-dimensional 
(50 to 300 dimensions) representations of words, that captures relationships between words and does 
so, unaided by external annotations (ibid.). This representation has the advantage, that it seems to 
capture various and many linguistic regularities. As an example, this algorithm is able to associate 
“Rome” as the result of the vector operation vec(“Paris”) – vec(“France”) + vec(‘Italy’) (ibid). 
 
Word2Vec consists of, amongst others, the CBOW- and Skip-Gram model. CBOW is an abbreviation, 
and stands for Continuous Bag of Words model, and it can be thought of as learning word embeddings 
by training a model to predict a word given its context. Skip-Gram Model, on the other hand, is the 
opposite, in which it learns word embeddings by training a model to predict context given a word 
(ibid). 
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3.3.2.9 Sentiment/Emotion analysis 
Sentiment analysis, also known as opinion mining, is within NLP a method of extracting a sentiment 
from a given text. This sentiment is often classified as either positive, neutral or negative, as this 
reveals the sentiment polarity of the different actors (Pang, Lee, 2008). Applications of sentiment 
analysis are commonly experienced in regards to social studies (Pak & Paroubek 2010), but also its 
use within the world of marketing has seen a surge. The extraction of information and 
question-answering systems have the possibility to flag statements and queries regarding sentiment 
and polarized opinions, rather than facts (Cardie et al., 2003). Sentiment analysis thus has the 
following definition:  
 
“Sentiment analysis seeks to identify the viewpoint(s) underlying a text span” (Pang, Lee, 2004, p.1) 

 
There are various ways, in which a sentiment analysis can be conducted, though many applications 
have the focus on the selection of indicative lexical features, such as the word “good”. Thus it is able 
to classify a text based on the occurrences of such words. Put differently, a vast amount of sentiment 
analyzers use the bag-of-words approach and draw a conclusion of the sentiment based on the 
presence of these lexical features (Pang, Lee, 2004). At first, this seems like a logical approach, 
though it does encounter troubles. Take the following example: “The protagonist tries to protect her 
good name”. Though it contains the word “good”, this sentence says nothing about the opinion of the 
author, and could just as well have been embedded in a negative review of a movie. Examples like 
this have paved the way for the introduction to ML algorithms, that learns how to extract the correct 
sentiment, based on a large corpus of text. Alexander Pak and Patrick Paroubek have conducted 
research, that shows how they used Twitter as a Corpus for Sentiment Analysis and Opinion Mining 
(Pak, Paroubek, 2010). Their proposed techniques proved to be either as efcient or better performing 
than previously proposed methods.  
 
Whereas a sentiment analysis usually tries to uncover the sentiment as either positive, neutral or 
negative, an emotion analysis can further be applied, in order to get a broader perspective on the views 
and opinions of the authors. A typical emotion analysis is based on six basic emotions namely, Anger, 
Disgust, Fear, Joy, Sadness, and Surprise, all characterized and explained by Paul Ekman (Ekman, 
1992). Though these six emotions are by Ekman defined as a human’s basic emotions, these emotions 
can be further broken down into different subsets. As an example, “joy” can be divided into 
“happiness”, “delightfulness”, and “wonder”. When doing either the sentiment or emotion analysis, 
they both face the same big challenge of the ambiguity of the natural language, and as such might 
have difficulties in e.g. detecting ironic or sarcastic phrases (Pang, Lee, 2008). 
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4. METHODOLOGY 

4.1 Research- Approach and Strategy 
The research approach of this thesis is inherently deductive, in contrast to inductive, in that it is 
centered around a main hypothesis, which is tested. Likewise, the aim is to specifically evaluate 
discourse related to the concept of microtransactions, and although a wide-range of topics are 
similarly discussed in the given datasets, the primary focus is on this topic, specifically. Had the study 
been inductive, the research aim had been broader, as to investigate general central themes that are 
discussed, and thereby void of a testable hypothesis.  
 
The research strategy is based on a case study approach, a case study being defined as “a strategy for 
doing research which involves an empirical investigation of particular contemporary phenomenon 
within its real life context using multiple sources of evidence.” (Robson, 2002, p.178 via Saunders et 
al 2009), in that each of the data sets, subject to analysis, can be said to be a case in itself, with the 
multiple sources of evidence, being the various actors which express themselves on the given 
Subreddit.  
For each of the selected cases, we have systematically analyzed and documented the variations of 
microtransactions, revenue models and business models, by taking base in the framework presented in 
the conceptual framework (figure 4), and actively playing the games, and evaluating our findings 
against user-created “wikipedias” and descriptions of the microtransaction system. This process has 
been inherently iterative, in that the conceptual model was continuously modified, in relation to the 
discoveries made for each individual case. This process was done in connection to the data scraping 
process, as to accurately capture the state of microtransactions at the same time, for all the cases. 
 

4.2 Research Design 
The research methodology for this thesis, is structured around a social data model (Mukkamala et. al, 
2013), discussed in our conceptual framework. 
The Social Data model has been used loosely as a structural framing of the analysis section, with the 
rationale that extracting information about each of the relevant aspects of the social data model, 
hereby triangulating the data, we will gain a rich understanding of the socio-technical interactions that 
are present in the datasets.  
 

4.3 Time Horizon 
The research may be categorized as a cross-sectional study, in contrast to longitudinal study (Saunders 
et al 2009). The cross-sectional study represents a “snapshot in time” of the current state of a 
phenomenon, instead of a longitudinal analysis of the evolution of a phenomenon over time. As the 
collected data represents expressions by actors, over time, it would have been possible to have chosen 
a longitudinal approach instead, focusing on detecting certain events that occured at certain time 
periods. However, it was found that a consolidation and aggregation of the data was necessary in 
order to accurately visualize such a wide range of cases. 
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4.4 Data Source 
Although the social data used for this research, could also have been fetched from Facebook or 
Twitter, among other social media sites, Reddit is arguably the ideal source, for the purpose of this 
research, for a number of reasons;  
 

- Reddit, at the time of writing this thesis, is the sixth most visited website in the US alone , 9

even surpassing Twitter, which is positioned a rank below it. This means that it qualifies as a 
mainstream social media site, which thereby encompasses a range of demographics.  

- The data, at first glance, seems to be less “dirty” in comparison to Facebook, as Reddit does 
not allow for users to reply with GIF’s and emojis. 

- A manual run-through of the comments, gives the impression of more lengthy, and 
grammatically correct responses, which in theory, would yield better results with the 
application of machine learning. 

- As mentioned in the introduction, the Cambridge Analytical scandal has made it challenging 
for social data miners to access data from Facebook, especially.  

4.5 Data Analysis Process 
Taking base in Cioffi-Revilla (Cioffi-Revilla, 2013), our data mining process, from a methodological 
perspective, is a series of activities, done in a specific sequence, and thus cannot be done in a random 
order. A typical data mining process commences with the construction of research questions, followed 
by the collecting of data, then the processing of said data, and finally the communication of any 
meaningful results. This process is often seen as an iterative process in the sense, that the discovery 
and communication of results potentially lead to new ideas and research questions, thus meaning the 
entire process must be repeated, to fully answer all new found research questions. A simple 
representation of this process can be seen in Figure 7. 
 

 
Figure 7 - Cioffi-Revilla Data Process 

 
While Figure 7  illustrates the overall conceptual data mining process, that has been characteristic of 
the research for this thesis, the Data Process Diagram in figure 8 below, quickly summarizes the 
overall concrete steps, that have been taken in this thesis, and thus will be further explained in the 
following sections. 

9 https://www.alexa.com/topsites/countries/US 
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Figure 8 - Own Data Process Diagram 

 

4.5.1 Data Gathering, Pre-Processing, Transformation and Combination 
As mentioned previously, the data used in this thesis has been acquired from the website Reddit. As 
discussed earlier, a total of 24 cases were selected before-hand, and thus the Subreddit for each of 
these cases have subsequently been scraped for users comments. The user comments have been 
scraped using a custom developed script (See Appendix 2), written in the Python language. The 
Python script uses PRAW, an acronym for "Python Reddit API Wrapper", and is a python package 
that allows for simple access to Reddit's API . The script takes a text file, as an input, with each 10

Subreddit to scrape on a new line, and then scrapes the given Subreddits in corresponding order. For 
each Subreddit the post with its corresponding ID, and the comments within the given post, are 
scraped. Furthermore, the username of the post/comment author, the timestamp for which the 
post/comment was published, and lastly the total amount of upvotes and downvotes are saved as an 
aggregated score. For the comments, it is also stored whether the comment is a stand-alone comment, 
or if the comment is made in a response to another comment. As such, the data scraped resembles a 
tree-structure, consisting of the following: Post -> Comment -> CommentReply. This process results 
in a comma-separated values file, for each Subreddit with the above mentioned information stored. In 
total, 12,626,297 data points were scraped from Reddit.. 
 

 
Figure 9 - Cleaning process in RapidMiner 

10 https://readthedocs.org/projects/praw/ 
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The data was subsequently cleansed in RapidMiner, which is “a data science software platform 
developed by the company of the same name that provides an integrated environment for data 
preparation, machine learning, deep learning, text mining, and predictive analytics” . Each data set 11

was run through the process illustrated in Figure 9. This process prepared the data by replacing 
alternatively spelled words and abbreviations of important terms in our extracted comments. As an 
example, all the words “mtx”, which is an abbreviation for microtransaction, was thus replaced with 
the actual microtransaction word instead, as this would increase the accuracy and understanding of 
different algorithms, which would be used.  
 
Reddit users have the possibility of removing or deleting one of their comments within a post, or it 
can be removed/deleted by an administrator from Reddit. Though a comment might be deleted, it does 
not disappear from the data. Instead, the comment simply consists of the text [removed] or [deleted]. 
Thus comments with only this specific text were removed, and a copy was made of this version of the 
collective data sets. Furthermore, duplicate comments, empty comments, links to websites, or 
comments with less than 15 characters were all removed, as they would not add any value to our 
analysis, and one could fear they would have a negative impact on the various models and algorithms 
used in the analysis. 
 
To summarize, our pre-processing steps for each Subreddit the processes from RapidMiner are 
visualized in Figure 10: 
 

 
Figure 10 - Cleaning of data in RapidMiner 

 

11 https://rapidminer.com/ 
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4.5.2 Data analysis 
After our data preparation and cleaning was done, Word2Vec was applied on each cleaned data set. 
As previously explained, Word2Vec computes the cosine similarity between the projection weight 
vector of the given word and the vectors for each word in the model. For us to use and apply 
Word2Vec on our data, a custom Python script was coded (See Appendix 3). The script takes a 
Subreddit file as input, and reads this data. Next, it cycles through each comment in the input file, and 
then Natural Language Toolkit (NLTK) is used in order to tokenize each comment. Once the entire 
input file has been tokenized, it creates two Word2Vec models, using the Gensim library. The Gensim 
library “is a free Python library designed to automatically extract semantic topics from documents, as 
efficiently (computer-wise) and painlessly (human-wise) as possible “ and is commonly used to 
process raw, unstructured digital texts (“plain text”).  
 
The first Word2Vec model is based on the Continuous Bag of Words (CBOW) model, whereas the 
second is based on the Skip Gram model. Both models were used in order to discover and mine as 
many relevant words related to microtransactions, and thus the discourse and sentiment surrounding it. 
The script then feeds each model with the comments from the different Subreddits, and through the 
means of unsupervised learning, returns a list of words and terms that are most similar to 
microtransactions. Each item in the produced list would contain a word, and a cosine measure of the 
similarity between the found word and the input given. The list of words and their respective 
similarity was then saved for each of the processed Subreddits.  
 
For each of the lists with the results from the Word2Vec algorithm, words with the most relevance to 
our literature and area of investigation were consolidated into a single list. In essence, this list of 
words would represent all synonyms, terms and abbreviations in regards to microtransactions that 
would fall within the domain of this paper, and thus would function as the backbone for looking into 
the discourse of microtransactions across all collected Subreddits. For the classification of the words, 
that were extracted from the Word2Vec algorithm, we formulated four distinct groups that a word 
would be associated with, namely: 
 

1) Context-specific terms 
2) Adjectives and negatively charged words 
3) Neutral/insignificant words (though relevant) 
4) Synonyms for context-specific terms 

 
A context-specific term (or word) would be a term revealed in our conceptual framework, and thus 
have high relevance to our research. Words such as “freemium” or “DLC” would fall under this 
category, as they have previously been discussed and are very relatable to microtransactions. For our 
second category, an example of a word found by Word2Vec would be “predatory”. Though it says 
something about the user’s feelings towards a given subject, it would be uncertain to conclude, that it 
is directly related to microtransactions, unless it is found to be in context of a term from category 1. 
The third group would contain words that are either neutral, or insignificant to our area of research. 
Though words such as “revenue” and “cash” might be logical for users to discuss internally on a 
Subreddit, it does not relate directly to the use of microtransactions, and as such, would not benefit the 
research done in this thesis. The fourth, and last category, is of high relevance, and highly important to 
answering the posed research question. In order to be able to paint the entire picture of the 
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microtransaction discourse, it is important to capture all terms related to it. As such, the Word2Vec 
algorithm illuminates words and terms, that are very context based to microtransaction, but only in the 
context of a specific Subreddit. As an example, without having domain expert knowledge within a 
specific Subreddit, it would be challenging to uncover a term such as “Eververse”, which is an 
in-game currency from the game Destiny, though the Word2Vec algorithm does find this connection. 
As a result, we were able to classify a term as a synonym to a context-specific term from our first 
defined category, based on the results returned from Word2Vec.  
 
To ensure the high relevance of all words and terms related to microtransaction on our consolidated 
list, we only used a term, based on the premises, that it either fell within category one or category 
four. Subsequently, all posts, comments and commentreplies that would contain one or more terms 
from our consolidated list were then extracted for each SubReddit. In other words, the discourse 
regarding microtransactions was extracted from each data set, based on the consolidated list. 
 
Next, in order to determine the overall sentiment from a Subreddit and its sentiment towards 
microtransactions, our lists containing the discourse of said microtransactions would then be further 
examined through a sentiment analysis. In order to conduct such analysis, a custom Python script was 
written (See Appendix 4). This script takes a file of the extracted comments related to 
microtransactions, and then uses NLTK and the Python library TextBlob . TextBlob makes it easy 12

“for diving into common natural language processing (NLP) tasks such as part-of-speech tagging, 
noun phrase extraction, sentiment analysis, and more”. TextBlob comes with a pre-trained model on 
social media data, that yielded an accuracy of 84% on said social media data. Thus, for each comment 
in our discourse data sets, a percentage of how positive, negative or neutral said comment was, would 
be saved in our data set. 
 
Lastly, a synthesis based on the previous discussed data, showcasing the amount of discourse for each 
Subreddit, in regards to microtransactions, and the overall sentiment for the given SubReddit, was 
developed, as to detect any possible clusters, that could contribute to the answering of the given 
research question.  

 

4.6 Dataset Limitations 
As previously mentioned, a custom coded Python script had been coded, in order to scrape all our data 
points. Though Reddit offers access to an open API, it does, unfortunately, have limitations. As such, 
listings on the site, whether it is posts, comments or commentreplies, have limits of 1,000 items before 
Reddit stops caching them, thus preventing one from getting access to all text values from various 
Subreddits. In order to circumvent these limitations, our Python script uses methods from the PRAW 
library, that allows for the extraction of 1000 posts per Reddit category (Hot, New, Top, Rising, 
Controversial) for each Subreddit, and all comments (including any infinite amount of replies to said 
comments). Therefore, each data set is limited to a maximum of 5,000 posts, though all comments and 
replies are kept, which still results in an average far above 100,000 data points per set.  
As previously mentioned, Reddit uses “upvotes” and “downvotes” as a way of allowing users to either 
like or dislike a post or a comment, though they do not show the total amount of each action, but 
rather an aggregated score. Showing an aggregated score makes it hard to determine, how much 

12 https://textblob.readthedocs.io/en/dev/ 
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activity an artefact causes. As an example, a post has a score of 12 - does this mean, that 12 people 
have upvoted said post? In theory, the score of 12, could just as possible be 10.012 upvotes, and 
10.000 downvotes, and as such makes our dataset limited in the sense, that we cannot get a complete 
understanding of the amount of engagement from the users.  
 
Additionally, for all datasets, the length of a given text value is extremely variable. As such, some 
extracted text can consist of few words, while others might be entire paragraphs. It could thus be 
argued, that texts consisting of only a smaller amount of words, would not be a sufficient base for a 
thorough sentiment analysis, though as our “Related Works” section shows, much research has been 
done on cases similar to ours. As an example, detecting sentiments in tweets (limited to only 140 
characters per tweet) from Twitter, have been widely used within the academic world, and research 
articles. As such, many papers make the argument, that tweets, because of the requirement to be of 
limited length, is often a more compressed and direct expressing of a person’s thoughts, and thus 
would yield enough valuable information regarding that person’s intent and their overall sentiment, as 
opposed to a more lengthy and in depth review (Pak & Paroubek, 2010; Go, Bhayani & Huang, 2009). 
 
Furthermore, as Reddit is an open platform for anyone to use and access for free, without any 
restrictions, any data extracted from here will consequently contain dirty data, though in varying 
degree. Though the main used language on Reddit is English, some text values might be written in 
other languages. To add to this, the English standards used throughout Reddit might be either British 
English, American-English, or a combination of both, resulting in words being spelled differently, 
though having the same meaning. Likewise, the occurrences of mistyped words might be of high 
frequency, as people having discussions on Reddit, might not be native English-speakers. 
 
Lastly, it should be mentioned, that each of the 24 cases has been released at different points in time, 
and thus the time a Subreddit has had to accumulate text input from users varies a lot, which in return 
could have a potential impact on the total amount of data points gathered from each Subrredit. As an 
example, some cases date back to 2004, whereas others are as new as 2018 (See Appendix 1). 
Though, the way in which the data has been scraped, taking base in the five different Reddit 
categories (Hot, New, Top, Rising, Controversial), only the “Top” category would look at the very 
first posts of a given Subreddit, and thus our method, to some extent, normalizes the time period, in 
which our data has been gathered. 

4.7 Alternative Methods 
As mentioned above, Word2Vec was utilized in order to produce a list, representing words that would 
indicate discourse of microtransaction. As an alternative to this approach, topic clustering could have 
been utilized. We argue for the use of Word2Vec as a better approach than topic clustering, as the aim 
on this thesis is to untangle the acceptance of microtransactions, thus meaning a specific topic had 
already been pre-chosen for our investigation. As such, topic clustering might had been more 
beneficial to our study, in a scenario where finding topics related to microtransactions would be more 
focal in answering the research question. Though, in our thesis, we wanted to have a more narrow 
view of the microtransactions topic, and thus Word2Vec had the highest relevance for our specific 
case. 
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As an alternative method to using a pre-trained model for our sentiment analysis, manual labelling of 
Reddit comments could have been done, as to secure a more context related model for our 
classifications. However, we argue that the manual labelling of such data could, in theory, take weeks 
of manual work. In our thesis, we have a total amount of 24 cases. Each of these cases are unique in 
their own, as they concentrate themselves within their own game’s universe, and as such, all post, 
comments and commentreplies use terminology specific to their case only. Thus, labelling a small 
percentage of the combined data set, would not contribute to a better model. The alternative to this 
would be to manual label a small percentage of each data sets, but having well over 20 data sets, and a 
combined amount of data points well over 12 millions, the cost of doing so from a time perspective, 
would not stand equal to the amount of work, which could else have been conducted. Furthermore, 
with the existence of a pre-trained model on social data with an accuracy of 84%, it further solidifies, 
that manual pre-labelling, was not of the essence for this thesis.  
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5. FINDINGS & ANALYSIS 
This section is comprised of three individual sections; first, an interaction analysis, followed by a 
conversation analysis and concluded with a figure that synthesizes the most relevant findings, to the 
research aim. 
Each section is divided into subsections which continuously shift between presenting findings through 
data visualizations, and an analysis of these. 
 
The interaction analysis takes base in the initially acquired datasets, as to showcase the behaviour of 
the users, as a whole. This contributes to illuminating aspects of the datasets, which in-directly inform 
the posed research question, through contextualization. Here, general patterns of behaviour are 
illustrated, giving answers to “who is doing what, where, how and with whom” (Vatrapu et al).  
 
The section on conversation analysis is based on the discourse, specifically related to the concept of 
microtransactions. These findings directly inform the posed research question, as the conversation 
related to microtransactions are carefully examined, across the datasets. 
 
The synthesis section, synthesizes the most relevant findings into a single plot, based on the most 
relevant findings from both of the above sections, with the ultimate aim of illustrating acceptance of 
variations of microtransactions, by showcasing and comparing the discourse and the expressed 
sentiment towards microtransactions, across the datasets. 

5.1 Interaction Analysis 
The Interaction Analysis starts with the analysis on the actor mobility across the data, and then zooms 
in on the various artefacts, as discussed in our social data conceptual model. 
 
Actor mobility, in this context, refers to the mobility of actors across the various Subreddits i.e. the 
degree to which individual users comment and interact with one another, on multiple Subreddits. To 
contextualize our findings, it is relevant to see whether the various Subreddits act as “silos”, in which 
users express themselves exclusively in relation to a single game, in contrast to multiple games. 
If the first scenario stands true, it arguably gives more credibility to the opinions expressed on the 
given Subreddit, in that it will be different actors expressing their opinions, as actor mobility is low. 
On the other hand, if the case is leaning more towards the second scenario to be true, actor mobility 
being high, it is likely that users may have some bias towards microtransactions, and that their 
sentiments towards microtransactions in one game will feed into their sentiment towards 
microtransactions in another. Similarly, it gives indication of the diversity of users on Reddit. 
 
In order to offer a high-level showcasing of actor mobility, we have chosen to visualize the data with 
an UpSetR plot. The UpSetR plot is ideal for visualizing the relationships in this specific example,  as 
it offers a far more clear overview than e.g a Venn diagram would, which becomes somewhat chaotic 
when multiple set relationships are involved. 
 
The below Upset plot visualizes actor mobility. In order to make the graph as comprehensible as 
possible, the graphs only shows the relationships between the six largest sets, in terms of unique 
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actors. By introducing additional sets, the graph would come to be exceedingly complex and 
indiscernible, and it is arguable that by looking at the six largest sets, it may give an indication of the 
overall actor mobility. It is although still possible that there are instances of high actor mobility 
between sets which is naturally not conveyed in the graph below. 

 
Figure 11 - UpSetR plot, visualisation of actor mobility on 6 largest datasets, in terms of unique 

actors. 
 
At the top of each pillar, the total amount of unique actors for the given Subreddit is showcased. 
Unique actors is determined by calculating the number of unique usernames that appear for each of 
the scraped Subreddits. Unsurprisingly, there is no overlap in terms of Subreddits, that rank higher 
than each of the largest subreddits, in terms of unique actors.  
It is shown that League of Legends has the by far greatest amount of unique actors, with a total of 
200.000 unique actors, followed by Fortnite with just under 140.000 unique actors. Following this, 
there is a relatively high amount of intersectional posters from the various games. The highest 
intersection is seen between the game Overwatch and League of Legends, with 13115 unique actors 
having commented on both Subreddits. 
The graph shows that actor mobility from Dota 2 and the remaining games, is sparse. This could give 
the indication that Dota 2 players are more dedicated and loyal to the game, than in the other cases. 
Interestingly, the first intersection that is seen with Dota 2, is with League of Legends, which perhaps 
makes sense, in that the games both fall under the category of the “MOBA” genre (Appendix 1). 
 
All in all, the actor mobility seems to be relatively low, but still existent. 
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The below chart (Figure 12.) illustrates the prime artefacts, textual artefacts and their diversity. 

 
Figure 12 - Total amount of artefacts 

 
The chart ultimately illustrates that Reddit users can be said to be highly engaged with one another. 
The relationship in terms of size between the various artefacts are perhaps not too surprising, but still 
interesting, in that they are reflective of the nature of the general engagement of Reddit users.  
It is seen that the accumulated amount of posts are dwarfed by comments and comment replies, 
indicating that users are generally far more likely to engage reactively to another post than to actively 
post something themselves. 
 
The relationship in terms of size between accumulated comments and comment replies, is likewise 
illustrative of the engagement, showcasing that a majority of comments are in relation to other 
comments. This similarly means that conversations must be assumed to be highly context-specific. 
In other words, people talk to each other, and as such, one could imagine, that a comment N-levels 
deep could refer to a term used in the original comment. Take the following example:  
 
-> Original comment) - “I really like lootboxes in this game” 

-> Commentreply) - “Yes, I agree, I like them as well” 
-> Commentreply) - “I disagree with both of you. They are frustrating and disruptive” 

 
 
In the example given above, the original comment refers to lootboxes directly as lootboxes, though in 
all subsequent replies to said comment, are referred to as either “them” or “they”, because the users 
reply in a context, and thus very specific in their formulating of a response, ultimately resulting in 
three different ways of addressing the same “object”. As a result of these highly context-specific 
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responses, one could imagine that this understanding between users would potentially get lost with the 
application of NLP techniques, and skew the results. 
 
The above illustration of a conversation between Reddit users, is arguably a unique characteristic to 
Reddit, given that the conversations, as mentioned above, are designed as a tree-like structure, 
allowing users to continuously reply to one another, thereby creating new nested conversations ad 
infinitum. Other social media platforms such as Facebook, enable users to comment reply only once, 
making it arguably unlikely that the nature of the conversation will look the same, as in this instance. 
 

 
Figure 13 - Total engagement spread across all cases 

 
Figure 13 offers a more focused view on where engagement, in terms of posts, comments and 
comment replies, is highest. “League of Legends” tops the chart, with more than double the amount 
than “Destiny”, the second largest case, “League of Legends” having an accumulated amount of posts, 
comments and comment replies surpassing 1.8 million.  
In the top cases, it is shown that these numbers are somewhat congruent with the popularity  
of the given game.  
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A noteworthy finding, is that mobile games generally generate a very low amount of engagement 
from its users, with the exception of “Pokemon GO”, despite having extremely high revenues and 
popularity. 
 
The reasons for this could be multiple; although the mobile games are played by a an extremely high 
amount of people, worldwide, we find it reasonable to assume that this may be indicative of there 
simply not being a whole lot to discuss, in relation to these games; In terms of game design, the 
difference between a game such as the Massively Multi Online Role-Playing game World of Warcraft, 
and a 212 MB game such as Candy Crush Saga, is immense. Besides both being, per definition, video 
games, the comparison arguably stops.  
Although mobile games have surged in terms of popularity, the notion that they aren’t “anciliarry”, at 
least in relation to AAA games, may not hold to be entirely true.  
Pokémon GO may be the outlier in this case, since it, with its revolutionary augmented-reality game 
mechanics, has a richer game design, in comparison to other mobile games. Thus it can be inferred 
that this creates a basis for much conversation, attracting a more engaged user base. 
Another potential reason, although unlikely, given the comparatively substantial low engagement of 
the mobile games, is that Reddit simply isn’t the “channel” in which the players of mobile games 
interact with one another, and that engagement happens via other social media platforms. 
 
What must be taken into consideration when viewing this chart, is the lifetime of the games in 
question. The games have been released at various points in time, which naturally means that there is 
a variance in the time in which they have had to accumulate engagement. It is therefore impressive, 
that a game such as Fortnite, having been released in July 2017, appears number four, on the chart. 
Additionally, The chart represents a snapshot in time, and it must be acknowledged that the exact 
same visualization, for the exact same cases, could look vastly different just a year, or even a month, 
from the snapshot. 
 
As previously mentioned, the score of a given comment, is the average of upvotes and downvotes, and 
differs from the other artefacts by not being a textual value. Score is therefore similarly a useful 
artefact, in analyzing the level of engagement. 
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Figure 14 - Accumulated score and average score per post/comment/comment reply for each case  

 
The left side of Figure 14. shows the accumulated, actual score per case, meaning that it represents the 
actual number of negatively scored and positively scored posts, comments and comment replies. 
The right figure shows the average score per textual value. 
The charts are somewhat consistent with Figure 12, in that the cases that have a high amount of 
textual values similarly have a high average score. It is curious that “Red Dead Redemption” crawls to 
such a high position in terms of average score. 
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5.2 Conversation Analysis 
For the purpose of this research, we are not interested in identifying the wide array of topics that are 
discussed on each of the Subreddits, but instead, the aim is to conduct an in-depth examination of 
microtransactions, as a topic, specifically. 
In order to do this, we have produced a group of word embeddings via the Word2Vec approach, with 
the rationale that this produces a list of words which together constitutes microtransactions as a topic.  
The overview below shows the word embeddings together with their relative distance to the term 
“microtransactions”, for a select number of cases (For a full list see Appendix 1). 
 
Destiny HOTS League of Legends 

 
 
 
Fortnite Pokémon GO Star Wars 

 
 

Figure 15 - CBOW and Skip-Gram for specific cases 
 
We find the word embeddings may be categorized into four previously discussed general groups;  

1) context-specific concepts 
2) negatively-charged words 
3) neutral/insignificant words  
4) synonyms to context-specific words. 

 
First, concepts discussed in the conceptual framework, in relation to monetization in the video game 
industry, appear frequently. The more noteworthy examples include, lootbox, F2P, P2W, cosmetic 
(and non-cosmetic), IAP, DLC, whales and ads/advertisements, among others. 
Second, specific cases include adjectives, that offer indication to a negative sentiment towards 
microtransactions e.g in the case of Destiny, the SKIP-gram algorithm found the word “predatory”, to 
have a relatively high proximity to “microtransaction”. Similarly, P2W must be assumed to be a 
concept with a certain amount of negative connotation, and appears in the cases of “Destiny”, “Heroes 
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of the Storm” and “Star Wars: Battlefront II”. The word “gambling” similarly appears in some cases, 
here it is seen in relation to “Star Wars: Battlefront II”. Although not directly negative, media 
coverage and studies have generally found the concept to be loaded and undesirable, in connection to 
microtransactions in video games. 
The third category is made up of words, which although sensible in their relation 
to“microtransactions”, hold very little significance, when presented at face-value. These include, 
monetization, customers, currency, assets, market, cash, among others. 
The last category is the one of words, that through the utilization of Word2Vec, have been concluded 
to be a synonym to a context-specific word, as mentioned in our first category. 
 
To further expand on the results from the Word2Vec algorithm, a closer look at the total occurrences 
for terms, produced by the algorithm is showcased and examined. 
 
The below chart (Figure 16.) shows the frequency of words across the cases, produced by the CBOW 
and the SKIP-gram algorithm. 
 
 

 
 

Figure 16 - Total amount of words found by SKIP-Gram and CBOW 
 
The chart shows a steep drop-off, and a somewhat high variance in terms of words used. Lootboxes 
and cosmetics top the chart, and at a first glance, all terms found by the Word2Vec algorithm seem, to 
some extent, related to the research of this paper. 
 
For the SKIP-gram algorithm, it is, again, seen that lootbox and cosmetics top the charts, and thus 
gives strong indications, that these terms are by far the most frequent term associated with 
microtransactions, across all collected data. This furthermore brings fuel to that fire, that cases in 
which lootboxes are included, is a heated topic of discussion amongst the users of Reddit. It is also 
interesting to note, that the term “whale” is identified by both algorithms, which contributes to the 
thought, that Reddit users might be self-aware of their spending behaviour on microtransactions 
within a game, and thus are able to have a debate hereof with other users.  
 
The aggregated total of words across all sets, based on both algorithms’ results, is visualized in the 
below word cloud (Figure. 17). Besides emphasizing the words of relevance for our study, it 
furthermore illuminates words from the previously discussed four categories. It is seen, that though 
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not directly connected to our research of microtransactions, that monetization, revenue, and purchases, 
are topics recognized across all cases, and as such could make the argument for other studies to have a 
further dive into these areas, but fall out of the scope for this specific analysis. 

 
Figure 17 - Word cloud showcasing important terms 

 
Based on the selected word list, that comprises the topic of microtransactions, it is possible to measure 
the amount of discourse related to microtransactions for each case (visualized on the left in Figure 18). 
Unsurprisingly, there is a high correlation between the amount of textual artefacts (discovered in 
Figure 12.) and the specific discourse. League of legends tops both charts, although the number of 
artefacts is far superior in League of Legends, compared to any other case. In Figure 12 it is shown, 
that League of Legends more than doubles the amount of textual values produced, compared to the 
closest case, being Destiny. Based on this, one could have assumed, that League of Legends would 
thus have a broader audience discussing microtransactions and thus a larger discourse, though our 
figure, illustrated below, shows differently.  
 
Here it is seen, that League of Legends only marginally edges the case of Fortnite, in their respective 
amount of discourse towards microtransactions.  
Additionally, it is peculiar, that the case of Star Wars Battlefront II, which only had a total of 250.000 
comments for the entire SubReddit, consists of more than 25.000 comments surrounding 
microtransactions. In other words, 10% of all content on this SubReddit resolves around 
microtransactions, which strongly indicates, that this topic was not only heatedly debated, but an 
integral part of the entire discourse within the community. This revelation from our analysis makes 
further sense, seen in the light of all the negative backlash the game received, as discussed in our 
Introduction section. 
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Figure 18 - Total discourse for each case vs. sentiment for each case 

 
Looking at the bottom of the sentiment analysis, illustrated in Figure. 18, it is noteworthy, that four 
out of six cases, which had the lowest amount of negative sentiment, all use F2P as their business 
model. Furthermore, our analysis illuminates the finding, that these cases’ low amount of negative 
sentiment, comes in spite of the fact, that they are, by our analysis, found to have the highest amount 
of discourse. As previously mentioned, League of Legends, in terms of artefacts produced, is the most 
debated case, and thus it is interesting to note, that it is so, while steering away from negative 
sentiment towards its use of microtransactions. On the other hand, our analysis of the sentiment for 
these cases also unriddles, that the four cases with the most negative sentiment, all make use of a 
business model, that requires users to buy their game up front, while still being confronted with 
microtransactions after their initial purchase.  
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5.3 Synthesis 
Having conducted the interaction analysis and conversation analysis, we can now synthesize our 
findings, resulting in the following visualization: 

 
Figure 19 - Quadrant map, with discourse and sentiment mapped 

 
Figure. 18 illustrates the polarity of the cases, in terms of acceptance of microtransactions. Each case 
is positioned relative to the accumulated textual values concerning microtransactions i.e. the discourse 
(X-Axis), together with the negative sentiment in percentage, related to this discourse (Y-Axis). 
 

● Quadrant 1 (top right corner) represents cases in which discourse is high, as well as sentiment 
being relatively positive.  

● Quadrant 2 (top left corner) represents cases in which discourse is low, but where sentiment is 
relatively positive. 

● Quadrant 3 (bottom left corner) represents cases in which the discourse is low, and sentiment 
is relatively negative. 

● Quadrant 4 (bottom right corner) represents cases in which discourse is high and sentiment is 
relatively negative. 
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As cases that are positioned farther to the left of the figure, can be said to have a low amount of 
discourse, these are largely irrelevant to answering the research question, as there is little indication as 
to why this is.  
Despite having a low amount of discourse, there is no direct correlation between this and the total 
amount of textual values e.g. “Dota2”, “Pokémon GO” and “Counter Strike: Global Offensive” are all 
in the top-10 of most overall discussed cases (see Figure. 13), but have a relatively low amount of 
discourse related to microtransactions. It may therefore be inferred, that the size of a given SubReddit, 
does not necessarily lead to a high amount of discourse in relation to microtransactions. This 
phenomenon seems natural, as the variations of microtransaction usage differ, and microtransactions 
may not be as exignant an issue for these cases.  
This does however raise the question, if these games, in fact, have microtransactions that are accepted 
by the player base or not. We find that there cannot be drawn any meaningful conclusions, based on 
this, other than the fact that discourse for these games are lower in terms of microtransactions. 
It may although be said, that cases which are placed farther to the left of the figure, share a similarity 
in having very few included microtransactions e.g. “Diablo” and “StarCraft”, only include DLC’s 
(See Appendix 1), which has been established as a vague form of microtransaction. At the same time, 
these games are all relatively old, and can be described as being static and largely unchanged since 
their release. Similarly, they are released at a time, that predates the introduction of more advanced 
and complex microtransaction systems, in contrast to games which appear farther to the right of the 
figure. 
 
In addition, all of the mobile games are positioned in the left quadrants (Candy Crush Saga and Clash 
of Clans are excluded, as their level of discourse is below 1000 comments), which makes sense in 
relation to the finding made where mobile games were generally found to have a very low amount of 
textual values. It is therefore similarly not possible to comment on the acceptance of microtransactions 
in these, as the data is too sparse. 
In contrast to this, all of the cases positioned to the right are all either PC or hybrid (console wise) 
games. This supports the notion that games that are more rich in their design, sparks more 
conversation, as it was inferred in relation to Figure 13.  
 
Closest to the middle of the figure, “Counter Strike: Global Offensive” is positioned. This case is 
rather unique, in that it up until recently utilized a hybrid business model, in which the game had an 
initial unit price, together with an inclusion of microtransactions. In December 2018, the business 
model was changed to an F2P model, removing the initial unit price of the game. One may therefore 
speculate, whether the current sentiment of Counter Strike was more, or less, negative inclined before 
the implementation of the F2P model, and likewise, if the amount of discourse increased or decreased 
as a results of this switch from hybrid to F2P.  
 
At the boundary of quadrant 4, the most undesirable position for a game to be placed, we find “Star 
Wars: Battlefront II”. This is not an overly surprising finding, in that the game has arguably 
experienced the most severe case of community backlash, in relation to microtransactions usage (see 
Introduction). Although there are few cases positioned in Quadrant 4, “Player’s Unknown 
Battleground”, “Destiny 2” and “Star Wars Battlefront II” share the common trait that they are all 
games which utilize a hybrid model, in which there is an initial unit price of the game coupled with 
microtransactions. This lies in contrast to quadrant 1, where these games (with the exception of 
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“Overwatch) all utilize a pure F2P business model, the game itself being free, but coupled with 
microtransactions (See Appendix 1). 
 
There does although not exist any glaring differences in terms of variations of microtransactions, 
between cases that are positioned in quadrant 1 and quadrant 4 e.g. All of the cases include lootboxes, 
as well as virtual currencies. 
Though, both “Star Wars: Battlefront II” and “Destiny 2” do although contain “power -or 
performance” items, which could indicate that the inclusion of these, as being achievable through 
purchase, could lead to more unacceptance. Additionally, the reason for Overwatch being placed in 
quadrant 1, despite utilizing a hybrid model, may be found in that the game does not include “power- 
or performance” items, but only “cosmetic- and vanity items”.  
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6. DISCUSSION 
The research question of the thesis is as follows; 
“Which, if any, variation(s) of microtransaction usage are accepted by consumers, and which are 
not?” 

 
The findings indicated that microtransaction usage, in connection to a hybrid business model, where 
the game in question has an initial cost, is less accepted by consumers, than in connection to an F2P 
model, where the game in question has no initial cost. This is based upon the premise that variations 
of microtransaction usage, includes type(s) of microtransactions in connection to an overarching 
business- and revenue model. 
This finding cannot be said to be all too surprising. It largely confirms the now well-known and 
well-covered phenomenon, of development companies being bashed for using this particular model, 
as detailed in the introductory sections of this thesis. It is entirely understandable, that closing off 
essential features behind a paywall, for a product that has already been purchased, just doesn’t sit right 
with a lot of consumers. 
At the same time, tiered pricing structures, where consumers pay for a product with a base price, and 
subsequently in increments or to access additional features, is by no means a new invention. The 
examples of products and services having this particular pricing model are numerous, as is why one 
may wonder, why it is so ill-received in the gaming community - why do consumers not accept this 
model? 
Given the long history of video games being sold in one particular way (as detailed in previous 
sections) it is imaginable that consumers feel subjected to a “bait and switch” ploy, and are simply not 
acquainted with this particular pricing structure in the context of AAA video games. As 
microtransactions are a previously well-known phenomenon in connection to mobile games, it is 
imaginable that coupling microtransactions with high-end video games, signifies an attempt at an easy 
“cash-grab” by greedy publicly-traded companies. 
We can only make conjectures of the reason as to why, as in order to offer a substantial answer to this 
question, it requires a more contextual analysis of video games with a hybrid model vis-a-vis an F2P 
Model. This lies outside of the scope of this thesis, but makes for a perfectly relevant research 
question for future research. 
 
In regards to consumer acceptance of specific types of microtransactions, there may be reason to think 
that the inclusion of “power- or performance items” for the games “Destiny 2” and “Star Wars: 
Battlefront II”, play a role in their placement of these cases. This would confirm the findings made by 
Švelch (Švelch, 2017), namely that this type of microtransactions is less accepted by the player base. 
As mentioned, the inclusion of these items can often be associated with the negatively connotated 
concept of P2W, which was similarly found to have a relation to the concept of microtransactions, 
through the word embeddings of these cases, specifically. In figure 15, it is seen that for Star Wars: 
Battlefront II, P2W has a high proximity to microtransactions, both for the SKIP-gram- and CBOW 
model, Whereas in Destiny, P2W also figurates, although with a lower proximity. 
 
In contrast to this, games which exclusively include “cosmetic- or vanity” items, indicate having a 
higher level of acceptance.  
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As with the first main finding, this does similarly not strike one as an overly surprising finding. It is a 
defining and essential trait to the core concept of a game, that it is centered around some sort of 
competitive activity and physical- or mental performance or prowess. If a competitive edge or 
winning condition can simply be purchased, by those who are willing to pay, the fundamental element 
of what makes a game enjoyable, is arguably lost. 
At the same time, power- and performance items can arguably not be thought of as binary parameters, 
but rather a spectrum, in which items can be more or less performance enhancing, and to varying 
degrees. The attaining of what may feel, to the individual player, as an “unfair advantage” over other 
players, may be an enjoyable endeavour in and of itself. 
It is therefore imaginable, that a game design that utilizes this in a subtle and covert way, is possible to 
create a game in which this is largely accepted by the players. 
Again, the role of competitive- and performance items within video games is highly context specific, 
and may depend on the particular game in question. 
There are similarly indications, that even games, that does use a hybrid model can still foster positive 
sentiment. The case of Overwatch, which is placed in quadrant 1 of Figure 19., even though it has an 
initial sales price (like all negative cases from quadrant 4), while still including microtransactions in 
the form of cosmetics. This gives indications that microtransactions can in fact be implemented 
successfully in major games, without drawing negative sentiment from its users, as long as the 
implemented microtransactions merely add a cosmetic touch, and do not, as previously discussed, add 
any “P2W” aspects in form of  “power- or performance” items. This indication is similarly aligned 
with the findings of Švelch (Švelch, 2017). 
 
The main findings were solely reflected in games which are developed for PC and/or consoles 
specifically. As the level of discourse related to microtransactions was found to be low in mobile 
games, the findings cannot be assumed to apply to these also. The figures revealed that the Subreddits 
related to mobile games, were relatively sparse in terms of activity, and thereby also in regards to the 
discussions regarding microtransactions. This may indicate that mobile games still have a way to go, 
in order to attain the same community engagement of PC- and console games, as also pointed out in 
the “findings & analysis” section. 
 
There are several points of discussion regarding the validity of the findings of this thesis. In relation to 
construct validity, or the extent to which the research measures actually measure what they are 
intended to assess (Saunders et al 2009), one may question the three assumptions that act as the 
premises for the conducted research. 
First off, it has throughout the analysis, been assumed that discoveries made about a given Subreddit 
relates directly to the respective video game, in other words, individual subreddits have been equated 
to a case. As Figure 11 shows, there is a certain amount of actor mobility between the subreddits, as is 
why the amount of discourse cannot be taken at face value and treated as “silos”. It must be assumed 
that a certain amount of discourse concerning microtransactions within one Subreddit, in actuality, 
relates to other games.  
Similarly, it was found in Figure 12 that there is a high amount of comment replies across the datasets, 
which can be equated to a high level of layered, context-specific conversations. This finding has a 
direct impact on the measurement of discourse related to microtransactions.  
As we have taken an advanced keyword-based approach to determining the level of discourse, in that 
discourse was measured in terms of text values that included one or more of the identified keywords, 
the actual discourse related to microtransactions, must be assumed to be substantially higher in reality. 
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Given this, there is an argument to be made that the tendency occurs across all of the given cases, as 
seen on figure 13, and that the relative discourse of the cases, as seen in figure 19, is not distorted 
because of this. 
It must be assumed that a significant amount of the discourse is captured through such an approach, 
but also that a large amount of textual values, fall through the cracks. 
Additionally, as the vernacular and terminology used in connection to video games is arguably highly 
domain- and context specific, to each individual video game, the quality of the sentiment analysis may 
be questionable. As the classifier in which the model was trained, is based on movie reviews and 
general social data, it is uncertain what the exact quality of these classifications are. If the findings had 
not shown any immediate patterns, it would therefore have been more viable to train a large model on 
a subset of the comments for each selected case, by manually labeling the data, although the quality of 
the results from this can only be speculated. Taking this approach, it would also have enabled the 
determining of the exact accuracy of the sentiment analysis, which unfortunately is not possible, given 
the approach that has been undertaken in this thesis.  
 
Additionally, the analysis does not account for the varying time periods in which the various games 
were released and thereby similarly vary heavily in the amount of time, in which they have been 
discussed on Reddit. This is an essential factor in the quantification of the textual data and level of 
microtransactions discourse, across the cases. Newer games have not had the same amount of time, as 
older releases, to create discourse, and therefore may have an impact on the quadrant model (see 
Figure 19.).  
 
A longitudinal analysis approach has been disregarded, as event detection analyses of each individual 
case lies outside of the scope of this type of research, with such a high amount of cases, and does not 
contribute directly in answering the research question. It is although imaginable, that a methodological 
approach reminiscent to the one undertaken for this research, but focused on event detection, could be 
applied to a narrower, more focused selection of cases, with benefit. In extension to this, as 
established in the conceptual framework, continuous patching, altering and updating video games has 
become common practice amongst the development companies, meaning that microtransaction 
systems are similarly always subject to change. Because of this, it would also be viable to conduct a 
similar study, and including changes made to the microtransaction systems over time, on a narrower 
set of cases. 
 
The conceptual model of microtransactions depicts just how intricate and intertwined microtransaction 
systems can be designed. Together with being inherently dynamic in nature, it can be discussed 
whether such a macro analysis is the most viable approach to answering the research question. As 
video games and their communities are deeply complex social entities, and arguably require for this 
context to be understood, in order to give as precise an assessment of acceptance of microtransactions, 
other methodological approaches could arguably strengthen and offer more nuanced answers. 
Specifically, we find that there is an argument to be made that a qualitative study could be more 
effective in assessing the acceptance of microtransactions in video games. A qualitative, 
interview-based research approach would allow for a more nuanced perspective on acceptance, in 
contrast to the binary and more general approach, that was applied for this research. 
 
It is however highly unlikely that such a study would be able to replicate the breadth of the research of 
this study, capturing the sentiment and discussions of copious amounts of actors and opinions. In 
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order to attain the same reach of a big data analytics approach, it would be extremely time-consuming 
and cumbersome endeavour that would demand for numerous researchers. 
There is a trade-off to be made in choosing the methodological approach, as it is inevitable that in 
taking an approach that focuses on reach and breadth in data, there will be a lack of a certain amount 
of nuance and granularity.  
Despite this argument, this thesis functions as an additional example of the potentials of big social 
data analytics and natural language processing, and the value that may be extracted from big data. It 
should also be noted that the findings of this research are highly similar to those found by Švelch and 
the fact that highly reminiscent findings have been reached through a big data analytics study, as a 
qualitative study, arguably gives credibility to the applied methodological approach. 
 
As for the hypothesis; 
“Through an assessment of user discourse and sentiment in regards to microtransactions, a pattern 
that illustrates the assumed polarity of consumer acceptance, will reveal itself.” 
 
The hypothesis is arguably proven, in that a pattern that illustrates the polarity of consumer 
acceptance is revealed in Figure 19, in terms of the amount of discourse of microtransactions as well 
as the sentiment of this discourse. The scattered positions of the cases, reveal the way in which the 
assumed acceptance differs, and similarly, clusters of cases have shown similarities in their 
microtransactions usage. 
However, it should be emphasized that the analysis of this figure is based on identifying relationships 
on a quadrant basis and their relative proximities, the axes represent spectrums and are therefore 
non-binary. This means, that with the theoretical introduction of a new case, that would surpass the 
boundary cases of the existing selection, the quadrants would skew, and a new pattern would take 
shape. Similarly, the positioning of the existing cases are inherently dynamic, in the sense that future 
developments in discourse and sentiment related to microtransactions, for the given cases, would 
similarly skew the quadrants. This effect would naturally also occur if certain cases were excluded 
from the quadrant. 
In addition, it could also be viable to introduce new measurable parameters, besides discourse and 
sentiment, such as price of microtransactions or the amount of individual microtransactions, to 
evaluate which pattern would take shape based on this.  
 
Although it was assumed via the hypothesis, that a certain pattern representing the polarity would take 
shape, it was unknown if all cases would turn out to be relevant in the evaluation of the acceptance. 
As it turns out, there was a subset of cases which showed to be particularly interesting due to their 
relatively high level of discourse (namely cases which appear in quadrant- 1 and 4 of figure 19), 
meaning that cases which have relatively lower discourse (quadrant- 2 and 3) were largely disregarded 
in the analysis. If the cases with relatively high discourses (more popular games), were excluded from 
the case selection, the focal point of the analysis would shift, and potentially, different indications 
would be produced. This notion highlights the critical importance in the selection of cases and brings 
into question, the extent to which the findings of this thesis can be applied across the video game 
industry. The selection of cases of this thesis is characterized by diversity, rather than specificity, in 
terms of game format, popularity and release date. It is arguable that a more narrow focus, on e.g. 
exclusively mobile games, would have offered “deeper” findings into a particular sub-industry, such 
as the mobile game industry.  
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However, this reflection is enabled by the analysis of the findings, and we therefore find it forgivable 
that a more narrow focus, was not considered from the beginning. Following this approach would 
likewise have resulted in an entirely different focus, but is also an approach that can presumably by 
highly effective for future research.  
Additionally, an increase in the amount of cases analyzed could also have produced richer results, for 
the obvious reasons that more data is gathered. Following this approach, it would have been possible 
to sort the cases of interest, following the analysis process. In this sense, the methodological approach 
of the research is entirely scalable, arguably resulting in a high level of reliability. As mentioned, the 
synthesis offers indication that there may be critical difference in regards to a hybrid and F2P business 
model, as well as the nature of the microtransaction items - a future study could therefore, focus 
exclusively on cases which include these factors, and potentially strengthening the evidence of the 
pattern. 

6.1 Implications of research findings  
The findings of this thesis, may serve as a guideline for new entrants to the video game industry, as it 
offers actionable insights for game developers and publishers, in choosing an optimal business model 
for their game, as to maximize acceptance amongst consumers. We find that game publishers could 
benefit from the findings of this study in order to act proactively in an attempt to avoid taking 
decisions that may cause a community backlash. 
 
The conceptual model of microtransactions, introduced in our conceptual framework, has been used as 
a means to explicate and clarify microtransaction exchanges and their interlinkings, as well as to 
classify the microtransactions usage, in the selected cases. As the research within the area of 
microtransactions is currently sparse, we find that the presented model is a potentially valuable tool 
for classifying the increasingly complex microtransactions ecosystems, that have now become a 
standard in the video game industry.  
As previously stated, not only is academic literature on microtransactions sparse, but also highly 
inconsistent and conflicting, in terms of its classification of concepts. Hopefully, the model offers 
some clarification, in which fellow researchers could benefit. 
However, as the model represents an abstraction of microtransaction usage, it serves its purpose for 
this particular study, in that the analysis undertakes a broad, macro-level approach to answering the 
posed research question. It is thereby recognized that essential nuances of microtransactions are amiss 
in the model, such as their interplay with the generality of video game design. Similarly, the model is 
insufficient in accounting for the ways in which microtransactions are marketed to the players, 
through e.g. limited time offers, dynamic price-balancing, as well as the differing prices of 
microtransactions, which may furthermore inform consumer acceptance of microtransactions. 
Therefore, further research could benefit from a deeper contextual analysis of microtransactions in 
video games. 
The conceptual model is similarly effective, when applied to individual cases, in depicting the level of 
complexity and opaqueness of individual microtransaction systems, and may thereby contribute to the 
ethical discussion concerning the use of microtransactions. 
 
Research on microtransaction usage in video games is arguably challenged by the industry evolving at 
such a rapid pace. As previously mentioned, developers which utilize F2P business models are 
increasingly concerned with in-game monitoring and player behaviour analytics, as to accommodate 
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arising desires and maximize profits, enabling developers to alter microtransactions ad-hoc. As 
previously mentioned, this means that the study of microtransactions in video games, is a study of a 
moving target, whereas the findings of this research, merely represent a snapshot in time, of the 
current field of microtransactions, and on a subset of cases.  
This phenomenon is characteristic of the digitalization, digital distribution and great velocity of the 
Internet, in that game publishers and developers have the power to change and adapt reactively e.g. by 
pushing new content to consumers, or even revoking updates. Thus, the business models and revenue 
models for each individual case in this study may produce vastly different results, upon 
re-examination, at a different point in time. 
 
It is imaginable, that with the increasing accumulation and storage of data on in-game player 
behaviour, together with the now common classifications of spending patterns (whales, minnows, 
dolphins), developers will increasingly utilize this to target players more specifically e.g. by nudging 
and marketing microtransactions based on this, and thereby on an individual level. This could 
potentially raise even more challenges to the study of microtransactions, as constellations of 
microtransactions could in the future, even be specific to each user. 

6.2 Implications of research practice 
As all of the data utilized for the research of this thesis was acquired from Reddit, the quality of the 
extracted data arguably validates the social media platform as an effective source to mine user- 
sentiments and opinions.  
Assessing the viability of using Reddit for text mining purposes, is highly relevant, as the recent 
Facebook Cambridge Analytics controversy has rendered the playing field for social data miners 
increasingly cumbersome. Ideally, the quality of the findings, could inspire fellow researchers to use 
Reddit as an alternative source of social data gathering, in the future. 
Additionally, the Python scripts that were developed for the purpose of this research, further 
contributes to this area as it has enabled the extraction and sentiment analysis of more than 12 million 
data points. 
The data extraction script only requires a list of subreddits as an input, and thereby acts as an 
easy-to-use, yet powerful tool for data mining. In unison with the sentiment analysis script, these 
present simple technical tools for solving advanced NLP tasks, and may be applied to the study of a 
wide range of topics within the spheres of social sciences and online behaviour. 
 
Given the ease of replicability of the methodological approach, Figure. 19 may act as a framework 
that can easily be expanded upon, with the introduction of new cases. This could potentially lead to 
more empirically based meaningful facts, that could further inform best practices for microtransaction 
usage. The model is inherently scalable, and by applying the exact same scripts that were utilized for 
the purpose of this research (see Appendix 2,3,4), the model may easily be expanded upon to create a 
more complete overview. Similarly, the model can be modified, with the introduction of new 
parameters, besides discourse and sentiment. 
We find that the general research approach may have applications outside the realm of 
microtransactions, an can be utilized to study a wide range of topics. 
 
The utilization of Word2Vec as a means of identifying relevant discourse related to our research 
question, has many applications beyond the scope of this thesis. The research of this thesis has 
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illustrated, how a deeply advanced NLP algorithm, makes it possible to examine topics without the 
involvement of domain-specific knowledge experts. As an alternative to conducting interviews for 
each case to reveal important and underlying terms, it is illustrated in this research, that given enough 
textual context in the form of social data mined from Reddit, highly relevant and highly context-based 
terms are revealed e.g. for the specific case of “Destiny 2”, our approach returned an in-game 
currency from the game, and gave it a high similarity with microtransactions, without having any prior 
knowledge of the game itself. In that sense, the Word2Vec algorithm proves to be an effective tool in 
identifying specific terminologies inherent to a given social group, that similarly may have many 
applications in social sciences research, beyond consumer acceptance of microtransactions. 
 

6.3 Future Work 
As discussed in the section above, there exists a wide range of opportunities and areas for future 
research. To summarize; 
 
We find a more narrow and focused approach could be undertaken, in order to identify events for 
individual cases. This could allow for the evaluation of factors such as the pricing of 
microtransactions, and level of influence of competitive performance of microtransactions. In addition 
to this, the tools may naturally be utilized for exploring other subject areas within online consumer 
behaviour.  
 
In this thesis it has been attempted to clarify and illuminate the intricate and complex ways in 
microtransactions are utilized, and as there is a general paucity of research in this area, future work on 
untangling and decoding the use of microtransactions, is highly relevant. 
As the usage of microtransactions is arguably not exclusive to the video game industry (although a 
question of how one chooses to define the term), similar approaches could be undertaken in evaluating 
the use microtransactions in other industries. 
Likewise, the addition of other data sources aside from Reddit, could prove valuable, in order to fully 
cover the spectrum of users’ acceptance towards microtransactions Thus, the addition of sources like 
Instagram, Twitter, Snapchat, or any other social platform could, in theory, further strengthen and add 
validity, to the research conducted in this thesis. 
 
Having worked with over 12.000.000 data points in this study, the methodology undertaken in this 
thesis has arguably proven the scalability of the conducted research approach and the inclusion of 
NLP instead of domain level experts. As NLP as a technology is rapidly evolving, future work might 
find better and even more accurate alternatives to the method of Word2Vec, which was used in this 
study. Likewise, given the deep complexity of Word2Vec, it might be beneficial to leverage the 
Python scripts of this thesis, while tweaking the different parameters used for the Word2Vec 
algorithm, to see if better and more precise results can be achieved. Similarly, there may be 
opportunities for improvement in regards to the sentiment analysis, as various approaches to this may 
also be experimented with e.g. by manually training the classifier, and/or using other classifiers than 
TextBlob. 
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7. CONCLUSION 
The focal point of this thesis lies on identifying the correct balance in the usage of microtransactions. 
In the research conducted, it was indicated that a more moderate approach to the inclusion of 
microtransactions, could lead to a higher level of acceptance amongst players. It was found that the 
inclusion of microtransactions for items that are merely cosmetic in nature, indicate a higher level of 
acceptance from the consumers, while it was also found that the inclusion of microtransactions for 
items that enhance the competitive capabilities of players would, on the other hand, indicate a lower 
acceptance from the consumers. Furthermore, this thesis found indications that utilization of 
microtransactions in unison with an initial sales price of a given game (hybrid model), in contrast to 
an F2P model, indicated lower acceptance from the consumers. 
 
The central hypothesis in this thesis was arguably proven, in that a pattern that illustrates the polarity 
of consumer acceptance was revealed in the synthesis of the findings, in terms of the amount of 
discourse of microtransactions as well as the sentiment of this discourse. The overall findings and the 
synthesis raise a number of additional questions, and in accordance with this, future research 
opportunities have been discussed and presented.  
 
The thesis has similarly, via an own developed framework, contributed to illuminating the increasing 
complexity and opaqueness of microtransaction systems, and will thereby hopefully inspire future 
research on microtransactions, specifically, as the existing paucity of academic research on this topic, 
is unproportional to the business- and revenue model advancements that the video game industry is 
currently experiencing. 
 
Additionally, the thesis offers an example of how NLP, and specifically Word2Vec, can be a highly 
effective tool in uncovering tacit terminologies and vernacular within social communities, that may be 
of benefit to future big social data analytics research. The methodological approach that has been 
utilized represents an entirely scalable model, which may be applied to further research into the field 
of video game communities and microtransactions, as well as a broad range of online consumer 
behaviour. 
 
 
 
 
 
. 
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APPENDIX 1: Cases 
The research of this thesis, is based on a comparative case study of 24 individual video game 
franchises, analyzing textual data, in the form of posts, comments and comment replies, made on the 
franchise’s respective Subreddit(s). 
The cases have been chosen based on a number of select conditional criteria;  
 

● Due to the nature of our research, it was necessary for there to be some sort of 
microtransactions monetization system in place, for the given game being studied. 

● Games have been chosen based on popularity, meaning that games that have topped the charts 
in terms of sales, size of player base, have been selected, as these similarly create the most 
conversations, which is necessary, given the chosen methodological approach. 

● Variation in terms of types of microtransactions are preferred, as the aim is to offer a more 
nuanced picture of the acceptance of microtransactions, and a broad selection of cases was 
therefore prioritized.  

● Variation in terms of platform has similarly been prioritized, meaning that the selection of 
cases both contain video games that are mobile specific, PC- and console specific as well as a 
few hybrid cases. 

 
For each of the below cases, we have systematically analyzed and documented the variations of 
microtransactions, revenue models and business models, by taking base in the framework presented in 
the conceptual framework (figure 4), and actively playing the games, and evaluating our findings 
against user-created “wikipedias” and descriptions of the microtransaction system. This process has 
been inherently iterative, in that the conceptual model was continuously modified, in relation to the 
discoveries made for each individual case. This process was done in connection to the data scraping 
process, as to accurately capture the state of microtransactions at the same time, for all the cases. 
 
The following cases offer an overview, together with their respective publishing & developer 
company, the total amount of data points for each case, business- model and revenue model (see 
conceptual framework for a detailed description of these), and lastly its variations of 
microtransactions.  
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Case #1: Brawl Stars 
 

Game title Brawl Stars 

Developer SuperCell 

Publisher SuperCell 

Release Date June 15, 2017 

Platform(s) Mobile 

Total Data Points 79,631 

Genre Action 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Gems, coins, event tickets, stars 

Virtual Goods, 
Services & Content 

Cosmetic or vanity items, power- or performance items, booster 
items,  

Random Chance 
Purchases 

Yes 

DLC No 
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Case #2: Candy Crush Saga 
 
 

Game title Candy Crush Saga 

Developer King 

Publisher King 

Release Date April 12, 2012 

Platform(s) Mobile, Desktop (in-browser) 

Genre: Puzzle 

Total Data Points 2,348 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Gold Bars 

Virtual Goods, 
Services & Content 

Cosmetic or vanity items, power- or performance items, booster 
items, 

Random Chance 
Purchases 

No 

DLC No 
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Case #3: Clash of Clans 
 
 

Game title Clash of Clans 

Developer Supercell 

Publisher Supercell 

Release Date August 2, 2012 

Platform(s) Mobile 

Genre: Strategy 

Total Data Points 90,828 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Gems 

Virtual Goods, 
Services & Content 

Cosmetic or vanity items, power- or performance items, booster 
items, 

Random Chance 
Purchases 

No 

DLC No 
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Case #4: Counter Strike: Global Offensive 
 
 

Game title Counter Strike: Global Offensive 

Developer Valve Corporation 

Publisher Valve Corporation 

Release Date August 21, 2012 

Platform(s) Desktop, console 

Genre: First-person-shooter (FPS) 

Total Data Points 633,848 

Business Model F2P (Was hybrid until 2018) 

Revenue Model Microtransactions 

Virtual Currencies Steam money (real money) 

Virtual Goods, 
Services & Content 

Cosmetic & Vanity items, User-generated items, 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #5: Dead Space 3 
 
 

Game title Dead Space 3 

Developer Visceral Games 

Publisher EA 

Release Date February 5, 2013 

Platform(s) PC & Console 

Genre: Survival horror, Third-person shooter 

Total Data Points 26,202 

Business Model  Hybrid 

Revenue Model Sales, Microtransactions 

Virtual Currencies Credits / Ration Seals 

Virtual Goods, 
Services & Content 

Cosmetic & Vanity items, booster items 

Random Chance 
Purchases 

No 

DLC Yes. 
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Case #6: Destiny II 
 
 

Game title Destiny II 

Developer Bungie 

Publisher Activision 

Release Date September 6, 2017 

Platform(s) PC & Console 

Genre: First-person shooter 

Total Data Points 937,232 

Business Model Hybrid 

Revenue Model Sales, Microtransactions 

Virtual Currencies Glimmer, shards, dust, eververse 

Virtual Goods, 
Services & Content 

Cosmetic- or vanity items, Power- or performance items, Booster 
items, User-generated items 

Random Chance 
Purchases 

Yes 

DLC Yes 
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Case #7: Diablo 3 
 
 

Game title Diablo III 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date May 15, 2012 

Platform(s) PC, MacOS & Console 

Genre: Action role-playing 

Total Data Points 460,283 

Business Model Freemium 

Revenue Model Sales 

Virtual Currencies Gold 

Virtual Goods, 
Services & Content 

 

Random Chance 
Purchases 

No 

DLC Yes 
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Case #8: Dota 2 
 
 

Game title Dota 2 

Developer Valve Corporation 

Publisher Valve Corporation 

Release Date July 9, 2013 

Platform(s) Pc & MacOS 

Genre: MOBA 

Total Data Points 755,441 

Business Model F2P 

Revenue Model Subscription, microtransactions 

Virtual Currencies Shards, Steam money 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, User-generated 

Random Chance 
Purchases 

No 

DLC No 
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Case #9: Fallout 76 
 
 

Game title Fallout 76 

Developer Bethesda Game Studios 

Publisher Bethesda Softworks 

Release Date November 14, 2018 

Platform(s) PC & Console 

Genre: Online RPG 

Total Data Points 967,013 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Atoms (hard), bottle caps (soft) 

Virtual Goods, 
Services & Content 

Cosmetic & vanity 

Random Chance 
Purchases 

No 

DLC No 
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Case #10: FIFA Series 
 
 

Game title FIFA Series 

Developer EA 

Publisher EA Sports 

Release Date July 15, 1993 

Platform(s) PC & Consoles 

Genre: Sport 

Total Data Points 177,742 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Coins, FUT coins 

Virtual Goods, 
Services & Content 

Booster items 

Random Chance 
Purchases 

No 

DLC Yes 
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Case #11: Fortnite 
 
 

Game title Fortnite 

Developer Epic Games 

Publisher Epic Games 

Release Date July 21, 2017 

Platform(s) Pc, MacOS, Mobile, Consoles 

Genre: Battle Royal 

Total Data Points 801,123 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies V-buck 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, booster items 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #12: Grand Theft Auto V 
 
 

Game title Grand Theft Auto V 

Developer Rockstar North 

Publisher Rockstar Games 

Release Date September 17, 2013 

Platform(s) PC & Consoles 

Genre: Action-adventure 

Total Data Points 367,003 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Money 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, power- or performance items, booster items 

Random Chance 
Purchases 

No 

DLC Yes 
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Case #13: Hearthstone 
 
 

Game title Hearthstone 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date March 11, 2014 

Platform(s) PC, MacOS, mobile 

Genre: Digital collectible card game 

Total Data Points 678,125 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Gold 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, Functional items 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #14: Heroes of the Storm 
 
 

Game title Heroes of the Storm 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date June 2, 2015 

Platform(s) PC, MacOS 

Genre: MOBA 

Total Data Points 464,762 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Gold, gems, shards 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, power- or performance items, 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #15: League of Legends 
 
 

Game title League of Legends 

Developer Riot Games 

Publisher Riot Games 

Release Date October 27, 2009 

Platform(s) PC, MacOS 

Genre: MOBA 

Total Data Points 1,835,092 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Riot Points, Blue Essence 

Virtual Goods, 
Services & Content 

Cosmetic and vanity 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #16: NBA Live 
 
 

Game title NBA Live 

Developer EA Tiburon 

Publisher EA Sports 

Release Date September 7, 2018 

Platform(s) PC, MacOS, mobile, consoles 

Genre: Sports 

Total Data Points 29,746 

Business Model Hybrid 

Revenue Model Sales, Microtransactions 

Virtual Currencies Coins, NBA Cash, Rep 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, power- or performance items, booster items 

Random Chance 
Purchases 

No 

DLC No 
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Case #17: Overwatch 
 

Game title Overwatch 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date May 24, 2016 

Platform(s) PC, consoles 

Genre: First-person shooter 

Total Data Points 878,104 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Credits 

Virtual Goods, 
Services & Content 

Cosmetic & vanity 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #18: Pokémon GO 
 
 

Game title Pokemon GO 

Developer Niantic, The Pokémon Company 

Publisher Niantic 

Release Date July 6, 2016 

Platform(s) Mobile 

Genre: Augmented reality, location-based game 

Total Data Points 611,718 

Business Model F2P 

Revenue Model Microtransactions 

Virtual Currencies Coins 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, power- or performance items, booster items 

Random Chance 
Purchases 

No 

DLC No 
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Case #19: PlayerUnknown’s Battleground (PUBG) 
 
 

Game title PlayerUnknown’s Battleground (PUBG) 

Developer PUBG Corporation 

Publisher PUBG Corporation 

Release Date March 23, 2017 

Platform(s) PC, mobile, consoles 

Genre: Battle Royale 

Total Data Points 472,153 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Battle points 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, user-generated content 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #20: Red Dead Redemption 2 
 

Game title Red Dead Redemption 2 

Developer Rockstar Studios 

Publisher Rockstar Games 

Release Date October 26, 2018 

Platform(s) Consoles 

Genre: Action-adventures 

Total Data Points 378,012 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Dollars, gold bars 

Virtual Goods, 
Services & Content 

Cosmetic and vanity 

Random Chance 
Purchases 

No 

DLC No 
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Case #21: Smash Bros. Ultimate 
 
 

Game title Smash Bros. Ultimate 

Developer Bandai Namco Studios 

Publisher Nintendo 

Release Date December 7, 2018 

Platform(s) Nintendo Switch 

Genre: Fighting 

Total Data Points 563,291 

Business Model P2P 

Revenue Model Sales 

Virtual Currencies Gold 

Virtual Goods, 
Services & Content 

Cosmetics & vanity 

Random Chance 
Purchases 

No 

DLC Yes 
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Case #22: StarCraft II 
 
 

Game title StarCraft II 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date July 27, 2010 

Platform(s) PC, MacOS 

Genre: Real-time strategy 

Total Data Points 382,928 

Business Model P2P 

Revenue Model Sales 

Virtual Currencies  

Virtual Goods, 
Services & Content 

 

Random Chance 
Purchases 

No 

DLC Yes 
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Case #23: Star Wars: Battlefront 2 
 

Game title Star Wars: Battlefront 2 

Developer EA Dice 

Publisher EA 

Release Date November 17, 2017 

Platform(s) PC, consoles 

Genre: First-person shooter, third-person shooter 

Total Data Points 251,029 

Business Model Hybrid 

Revenue Model Sales, microtransactions 

Virtual Currencies Credits 

Virtual Goods, 
Services & Content 

Cosmetic & vanity, power- or performance items, booster items 

Random Chance 
Purchases 

Yes 

DLC No 
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Case #24: World of Warcraft 
 
 

Game title World of Warcraft (WOW) 

Developer Blizzard Entertainment 

Publisher Blizzard Entertainment 

Release Date November 23, 2004 

Platform(s) PC, MacOS 

Genre: Massively multiplayer online role-playing 

Total Data Points 702,659 

Business Model Hybrid 

Revenue Model Sales, Subscription, Microtransactions 

Virtual Currencies Gold, WoW Tokens 

Virtual Goods, 
Services & Content 

Cosmetic- and Vanity items, Booster items 

Random Chance 
Purchases 

No 

DLC Yes 
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APPENDIX 2: Reddit Scraper Script 
# Imports 

import sys, datetime as dt 
from openpyxl import Workbook, cell 
from openpyxl.utils.cell import get_column_letter 
cell.Cell.TYPE_FORMULA = 's' 
import prawcore 
import praw 
import types 
 

# Maximum number of retries in case of Reddit server error. 

MAX_RETRIES = 6 
 

# Monkey patch praw to increase number of retries and use exponentially 

increasing delays 

def _retry_sleep(retries, max_retries=MAX_RETRIES): 
if retries < max_retries: 

sleep_seconds = 4 ** (max_retries - retries) 
message = 'Sleeping: {:0.2f} seconds prior to' \ 

' retry'.format(sleep_seconds) 
log.debug(message) 

time.sleep(sleep_seconds) 

prawcore.Session._request_with_retries.__defaults__ = (MAX_RETRIES,) 

prawcore.Session._retry_sleep = 

staticmethod(types.FunctionType(_retry_sleep.__code__, 

prawcore.Session._retry_sleep.__globals__, 'patched_retry_sleep', 
(MAX_RETRIES,), None)) 
 

# Xlsx file writer, replacement for csv.DictWriter 

class XLSTable: 
# Accepts xlsx file name, column names, column widths 

def __init__(self, f_name, fields, widths=()): 
self.f_name = f_name 

self.fields = fields 

self.widths = widths 

def __enter__(self): 
# Create write-only workbook to handle large files 

self.wb = Workbook(write_only=True) 
self.new_sheet() 

return self 
def __exit__(self, exc_type, exc_val, exc_tb): 

# Save workbook on normal exit, do not save on Exception 

if not exc_type: 
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self.wb.save(self.f_name) 

def new_sheet(self): 
# Create new worksheet 

self.ws = self.wb.create_sheet() 

# Adjust column widths 

for col, w in enumerate((self.widths), 1): 

self.ws.column_dimensions[get_column_letter(col)].width = w 

# Write column name in the first row 

self.ws.append(self.fields) 

# Count total number of rows 

self.rows = 1 
# Equivalent of csv.DictWriter.writerow 

def writerow(self, row, 
re_illegal=cell.cell.ILLEGAL_CHARACTERS_RE): 

values = [] 

for f in self.fields: 
v = row.get(f) 

if isinstance(v, str): 
# Remove characters which are invalid for MS 

Excel 

v = re_illegal.sub('', v) 
values.append(v) 

# If number of rows exceeds MS Excel limit - start another 

worksheet 

if self.rows >= 1048576: 
self.new_sheet() 

self.ws.append(values) 

self.rows += 1 
 

# Progress bar indicator, prints up to 80 dots as progress value 

increases up to total 

class Progress: 
def __init__(self, total): 

self.total = total 

self.current = 0 
self.printed = 0 

# Each call increases progress value by one and dot is printed if 

necessary 

def print(self): 
self.current += 1 
to_print = round(self.current / self.total * 80) - 

self.printed 

if to_print: 
print('.' * to_print, end='', flush=True) 
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self.printed += to_print 

 

# Iterate over nested comments, yields comment and its level in the 

hierarchy 

def get_comments(comments, level=1): 
for c in comments: 

# First yield current comment 

yield level, c 
# Then yield all replies to this comment with higher level 

yield from get_comments(c.replies, level+1) 
 

def main(): 
import re 
# Regexp to find subreddit name in a line of the input file 

re_name = re.compile(r'/?(?:r/)?(.*?)/?', re.I).fullmatch 
reddit = praw.Reddit() 

with open('subreddits.txt') as f_in: 
for line in map(str.strip, f_in): 

# Skip empty lines 

if not line: 
continue 

# Extract subreddit name 

sub_name = re_name(line)[1] 
try: 

subreddit = reddit.subreddit(sub_name) 

# Set to hold all found submission ids 

posts = set()#{subreddit.sticky().id} 
# Iterate over all possible fuctions that can 

produce a list of submissions and combine them all into one set 

for submissions in (subreddit.new, subreddit.hot, 
subreddit.top, subreddit.controversial, subreddit.gilded, 

subreddit.rising): 

posts.update(x.id for x in 
submissions(limit=None)) 

print() 

print(sub_name, len(posts), 'submissions') 
# Show progress up to the number of submissions 

progress = Progress(len(posts)) 

with XLSTable(f'{sub_name}.xlsx', ('Post ID', 
'Created', 'Author', 'Text', 'Score', 'ActionType'), (8.5546875, 
18.109375, 17.109375, 112.109375, 7.6640625)) as writer: 

# Sort submissions by increasing id which 

is base-36 integer 

for post_id in sorted(posts, key=lambda x: 
int(x, 36)): 
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post = reddit.submission(post_id) 

try: 
# Get submission comments 

comments = post.comments 

except prawcore.exceptions.NotFound: 
# Ignore submissions which are 

404 errors 

continue 

author = post.author 

# For the submission itself output 

its title and text 

s = post.title 

if post.selftext: 
s += '\n' + post.selftext 

writer.writerow({ 

'Post ID': post_id, 
'Created': 

dt.datetime.utcfromtimestamp(post.created_utc), 

'Author': author and 
author.name, 

'Text': s, 
'Score': post.score, 
'ActionType': 'Post' 

}) 

# Replace all "More comments" entries 

with actual comments 

comments.replace_more(limit=None) 
# Iterate over flattened list of 

nested comments 

for level, comment in 
get_comments(comments): 

author = comment.author 

writer.writerow({ 

'Post ID': post_id, 
'Created': 

dt.datetime.utcfromtimestamp(comment.created_utc), 

'Author': author and 
author.name, 

'Text': comment.body, 
'Score': comment.score, 
'ActionType': 'Comment' 

if level == 1 else 'CommentReply' 
}) 

# Finished one submission now 

progress.print() 
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except Exception as e: 
print() 

print(sub_name) 

print('%s (line %d)' % (e, 
sys.exc_info()[2].tb_lineno)) 
 

if __name__ == '__main__': 
main() 
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APPENDIX 3: Word2Vec Script 
# Importing all necessary modules 

from nltk import word_tokenize,sent_tokenize 
import warnings  
warnings.filterwarnings(action = 'ignore')  
import gensim  
from gensim.models import Word2Vec  
 

# Reads file 

file = open("input_file", "r")  
s = file.read() 

 

# Replaces escape character with space  

f = s.replace("\n", " ") 
 

data = []  

 

# Iterate through each sentence in the file 

for i in sent_tokenize(f):  
temp = []  

 

# Tokenize the sentence 

for j in word_tokenize(i):  
temp.append(j.lower())  

 

data.append(temp)  

 

# Create CBOW model  

model = gensim.models.Word2Vec(data, min_count = 1,  
    size = 100, window = 5) 

 

# Create Skip Gram model  

model2 = gensim.models.Word2Vec(data, min_count = 1, size = 100,  
                                             window = 5, sg = 1) 
 

# Print results  

w1 = "microtransaction" 
print("Most similar to {0}".format(w1), 
model.wv.most_similar(positive=w1)) 

print("Most similar to 
{0}".format(w1),model2.wv.most_similar(positive=w1)) 
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APPENDIX 4: Sentiment Analysis Script 
# Imports 

import re 
import nltk 
from nltk import tokenize 
from textblob import TextBlob 
import csv 
import pandas as pd 
import numpy as np 
import time 
import pandas as pd 
from pandas import ExcelWriter 
from pandas import ExcelFile 
import xlsxwriter 
 

global average, counter 
average = 0 
counter = 0 
 

# Comments were referred to as tweets for easier reference to textblob. 

# Utility function to clean comment text by removing links, special 

characters using simple regex statements.  

def clean_tweet(tweet):  
        return ' '.join(re.sub("(@[A-Za-z0-9]+)|([^0-9A-Za-z 
\t])|(\w+:\/\/\S+)", " ", tweet).split()) 
 

# Utility function to get the score of a comment using textblob. 

def get_tweet_score(tweet): 
        analysis = TextBlob(tweet) 

        return analysis.sentiment.polarity 
 

# Utility function to classify sentiment of passed comment using 

textblob's sentiment method  

def get_tweet_sentiment(tweet):  

        # create TextBlob object of passed comment text  
        analysis = TextBlob(tweet) 

 

        global average 
        average += analysis.sentiment.polarity 

 

        global counter 
        counter += 1 
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        # set sentiment  
        if analysis.sentiment.polarity > 0:  
            return 'positive' 
        elif analysis.sentiment.polarity == 0:  
            return 'neutral' 
        else:  
            return 'negative' 
 

# Create out path 

out_path = '/Users/MathiasVildbrad/Desktop/Thesis DATA/' 
fileName = 'data.xlsx'  
path = out_path + fileName 

 

# Read input data from RapidMiner 

df = pd.read_excel(path, sheet_name='RapidMiner Data') 
content = df['Text'] 
 

# Comments were referred to as tweets for easier reference to textblob. 

tweets = [] 

 

for line in content: 
        # Both leading and trailing characters are stripped 
        if line.strip(): 
                parsed_tweet = {} 

                parsed_tweet['text'] = line 
 

                # Clean each comment 
                cleaned_line = clean_tweet(line) 

 

                # Get the sentiment of the comment  
                parsed_tweet['sentiment'] = 
get_tweet_sentiment(cleaned_line) 

 

                # Get the polarity of the comment 
                parsed_tweet['polarity'] = get_tweet_score(cleaned_line) 
 

                # Only add the comment, if it is not a duplicate 
                if parsed_tweet not in tweets:  
                        tweets.append(parsed_tweet) 

 

                if (counter % 1000) == 0: 
                        print(counter) 

 

# Create headers in Excel 

df['Polarity'] = pd.Series([d['polarity'] for d in tweets]) 
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df['Sentiment'] = pd.Series([d['sentiment'] for d in tweets]) 
df.head() 

 

##################################### 

out_path = '/Users/MathiasVildbrad/Desktop/Thesis DATA/Sentiment/' + 
fileName 

 

# Create a Pandas Excel writer using XlsxWriter as the engine. 

writer = pd.ExcelWriter(out_path, engine='xlsxwriter') 
 

# Convert the dataframe to an XlsxWriter Excel object. 

df.to_excel(writer, index=False, sheet_name='Sheet1') 
 

# Close the Pandas Excel writer and output the Excel file. 

writer.save() 

 

# Picking positive, negative and neutral comments  

ptweets = [tweet for tweet in tweets if tweet['sentiment'] == 
'positive'] 
ntweets = [tweet for tweet in tweets if tweet['sentiment'] == 
'negative'] 
neutweets = [tweet for tweet in tweets if tweet['sentiment'] == 
'neutral'] 
 

# Percentage of positive, negative and neutral comments  

print("Positive comments (", len(ptweets), ") percentage: {} 
%".format(100*len(ptweets)/len(tweets))) 
print("Negative comments (", len(ntweets), ") percentage: {} 
%".format(100*len(ntweets)/len(tweets))) 
print("Neutral comments (", len(neutweets), ") percentage: {} 
%".format(100*len(neutweets)/len(tweets))) 
print("---------------------------------------------------------") 
print("Total amount of comments: ",counter) 
print("Average sentiment", average/counter) 
print("Positive/negative ratio: ", len(ptweets)/len(ntweets)) 
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