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Abstract 

Purpose – The purpose of this thesis is to investigate the game reviews and to see how the 
natural language processing can be used to analyze game reviews. Using Steam platform as 
our data source and Latent Dirichlet Allocation as one of the main methods of data analysis in 
this research there will be attempt to figure out what kind of topics will emerge within and how 
interpretations of these can be used to see the correlation between game updates and game 
reviews. All these results will be looked throughout the timeframes of the life of the game, from 
alpha/beta testing to the most current reviews.  
Design/Methodology/Approach – Within this research Latent Dirichlet Allocation will be used 
on five different games from multiple different genres to test our hypothesis.  
Findings – The findings of this research could be used by the fields of both data analysis and 
game studies as this research contributes towards these areas. It is believed that this research 
will show how the game reviews can be interpreted and give ideas to further research.  
Practical implications – In theory this research will heavily be based on opinions of both 
players/people who left the reviews and a researcher hence these should not be treated as a 
fact. As there are many factors that could affect the quality of the reviews, there will be taken 
careful measures to eliminate these one by one (such as length of the reviews, duplicates. Etc.) 
Originality/value – This research should stimulate the game producers and developers to see 
a different aspect of the games and allow for better decision making.  
Key Questions – How natural language processing can be used to analyze this data? How will 
LDA and LDASequential contribute to analysis of Steam reviews? How does pre-processing 
change the results of the LDA and LDASequential? What is the correlation between the game 
updates and game review analysis results? 
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Chapter 1 - Introduction 

Introduction 

The reviews have been a part of the everyday life for a very long time. Whether they 
were written, or verbal reviews people would always somehow have an opinion of any product. 
It is natural for humans to always have an opinion and to share it with other people, this way 
they might be seeking approval of the other person. They might be left by a trusted individual or 
left by someone you barely know who has no idea about the topic. Nowadays there are even 
people who professionally leave their opinions and reviews on certain products which in some 
cases is what convinces people, helping them in whatever conundrum they are left in. The 
information contained within the reviews can be both emotional and technical which makes 
them so rich in data. These reviews are very insightful for someone who wants to find out 
information on why their product was either successful or not, or even why it has received such 
mixed feelings from people. Information such as design concepts, judgement on the business 
decisions and choices that the developer of the product has made. All these can be seen from 
the reviews. 

The games research community has a large gap when it comes to opinion mining or 
player opinions. Research done by Bond and Beale (Bond and Beale, 2009) touches upon a 
topic of how game reviews can be analyzed and what the results could be used for, whereas 
research performed by Livingston (Livingston, Nacke and Mandryk, 2011) focuses more on the 
negative reviews as it claims that they have bigger importance and bigger impact than the 
positive ones. Making these research papers as one of the main sources of information for this 
research it helps us to form the main question of; how the natural language processing can be 
used to analyze reviews? This question is easily answered as there is a large amount of 
research done on reviews of products and services (Guo, Barnes, and Jia, 2017), reviews of 
artwork (Castillo-Valdivia and López-Montes, 2014) but that are not necessarily that many on 
the reviews of the games.  Yet these should not be discarded as the methods and techniques 
used within these researches can provide to be suitable for the game review research as well as 
any other related research. One of the key methods that have been found are Latent Dirichlet 
Allocation (LDA) or Latent Dirichlet Allocation Sequential (LDASeq) (Blei, 2002) which are one 
of the key methods that are used within this research. But how will LDA and LDASeq contribute 
towards to analysis of the Steam reviews? This is another question which going to be one of the 
key questions within this research. 

There is a lot of different aspects of the data that goes into the LDASequential that is 
important to maintain that information. Since data that repeats itself might not have any use 
there is a need of using different pre-processing methods to transform said data into more 
appropriate format and use. This puts on a question of how does pre-processing will change the 
results of the LDASequential? What parts of the of the large corpus of data will actually go into 
the LDASequential? 

Objectives and Motivation 

The objective of this project is to analyze the Steam reviews on a number of games, 
most suitably the most popular games as they will give the biggest number of reviews using 
topic modeling methods. Within this research it will be touched upon on what kind of values can 
be found within the game reviews by using the Topic Modelling. This will aid heavily in 
answering ‘How natural language processing can be used to analyze this data?’ as finding the 
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correct values will allow the research to select appropriate method. This data should give an 
idea to any game developer or analyst how they could use information's that are contained 
within the reviews. It will give examples of what has been found in the most popular games on 
Steam. The objectives of the research consist of looking at the correlation between the different 
topics that will be produced with the LDASequential, this way it will be possible to figure out 
‘How will LDA and LDASequential contribute to analysis of Steam reviews?’ and what kind of 
topics can be found within the data, and how important they are in comparison to each other. 
Using multiple pre-processing techniques, ones that have been recommended and ones that 
are available it will be possible to see ‘How does pre-processing change the results of the LDA 
and LDASequential?’. 

Another objective is to visualize these similarities and differences within the topics, so 
the results are understandable for everyone and easier to analyze. This way the results will 
have the possibility of reaching a wider audience and enhance the understanding of the values 
the data contains. With this completed there will be a possibility of comparing the results with 
the game updates that are already determined by the developers. This will give proof of users 
reacting to each update that has been made by the developers as well as aid in finding out 
‘What is the correlation between the game updates and game review analysis results?’. 

Thesis Structure 

The structure of the thesis will follow the below: 

• Chapter 2 which is a chapter about literature review, it will talk about the existing 
research and how the existing research contributes towards this research. It should give 
an idea what existing research there already is on the current topic as well as how these 
ideas are cherry picked. This will reassure the reader that the work done within this 
research is well thought through. Outlines the field of study and clarifies in which area 
this study will fit in and how it will contribute towards it.  

• Chapter 3 will consist of the methodology which will outline to the reader what kind of 
methods will be used to complete this project. With a throughout explanation and 
process the reader should understand how the project will be managed, when and how 
certain stages will be completed. With an assistance of the external sources the reader 
will understand that the research is well thought through and the researcher has used 
appropriate tools and techniques to complete it. If in doubt the methodology will also 
include the risks that this research has and how those can be minimized and mitigated. 
The justification of why those methods have been used will also be included supported 
by academic evidence that these methods are successful. 

• Chapter 4 focuses on Development and is probably the biggest chapter as it will discuss 
in step by step of how the research has been conducted. Explanations of where the 
research has started, how each of these steps has contributed towards answering the 
research questions and how the methods that have been mentioned before has been 
used. This section will consist of discussion of requirements, the collection of the data 
and how it has been analyzed. This will include the design of the software that has been 
managing the scraping of the data, the design of the code that has analyzed the results 
of the scrape as well as the use of the results. This will all lead up to the results section. 

• Chapter 5 will consist of Conclusion and Evaluation of the project where the results will 
be presented. These results will usually consist of the visual representation of what the 
data looks like and an explanation of what the results mean in the context of the 
research questions presented in the introduction. Appropriate metrics and will be 
included in order to ensure that the reader fully understands the results. 
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Chapter 2 

In order to ensure this projects topic is fully understood it is important to review existing 
research that has been previously performed. This will aid with future understanding of what the 
project consists off and where the existing information that will aid in this project will be coming 
from. This section will explain how the information will be useful for this project which will come 
from different areas of different studies, additionally it will describe which already previously 
researched areas managed to gain information but failed to successfully finish the study. This 
section will cover the existing research on reviews and game reviews, how cognitive bias affects 
the reviews, the natural language processing methods and how they are used within the existing 
research. The methods mentioned are methods which will be considered as potential use cases 
within this research. 

Reviews/Game reviews 

Firstly, it is important to understand what game reviews are. According to some 
researchers the game reviews left by standard users are a form of video game journalism 
(Zagal, Ladd and Johnson, 2009) and their purpose is to explain and elaborate on which games 
will make their gaming experience fulfilling (McNamara, 2008). The game reviews are supposed 
to make sure that the user is informed about the role of the game and what kind of genre it fits 
within the spectrum of games. Most of the game reviews are so well written that they lead the 
reader to actually buying the game (Stuart, 2005) which means that not necessarily the game 
might fit the genre that the reader is looking for yet still interest the reader in a new genre. This 
doesn’t necessarily mean that it is a bad thing that the user is lead towards something they 
might not be interested in as long as the end result is their enjoyment. Yet the game reviews 
can be also used to help reader find something new when the player is bored of playing the 
same genre of games.  

Although Zagal defines game reviews as form of journalism they do not follow the usual 
pattern of journalism as the game reviews are not news or investigative reporting but more of an 
opinionated comment about the game (Thomas, 2007), sometimes they are even classified as 
spoilers because the game reviewers can talk also about story of the game and some gameplay 
that can ruin the experience for the potential customers. They are criticized on the point of 
lacking the critical and analytical viewpoint of the games (Costikyan, 2008) which means that 
they should not be valued as a valid form of advice for the potential players whether the game is 
good or not. Some researchers also say that game reviews do not explain to the players what 
the game actually feels like and that the meaning of the game is utterly missed from the outside 
perspective (Klostermann, 2006). 

Although there is a heavy criticism over the game reviews, they are still the most 
commonly used tool to analyze the quality of the game before attempting to play it. A lot of 
people use game reviews as guidelines which has a possibility of clouding their own judgement 
on the game. Even after they have played the game if a renowned game critic reviews the game 
as bad the player tends to agree with the critic’s opinion, more as an idea was already planted 
within the player’s head. The game might suffer despite whether the player themselves possibly 
enjoyed the game (Zagal, Ladd, and Johnson 2009). This shows that game reviews cannot 
always be accurate with the readers taste as the experience between the reviewer and the 
reader can be dramatically different. Yet it is important to notice that the game industry uses the 
game reviews to promote their titles and encourage potential players to buy the games. A lot of 
developers usually ignore the bad reviews in order to maintain the reputation (Livingston, Nacke 
and Mandryk, 2011). By ignoring the bad reviews, they also choose to not act upon feedback 
that shows supposedly it is there to maintain the illusion that the gaming companies do read the 
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game reviews but, they just want to hear the good words. Some readers view game reviews as 
an expert experience of the game and an idea of what the game will feel like (Larsen, 2008) 
which would indicate that if the game industry doesn’t include bad reviews the whole review 
process would not show the real experience of the game but a fake image of what the 
developers actually want to see it as. Additionally, the game industry has a tendency of 
releasing games a bit earlier to the game critics and media to gain early reviews and information 
on the game (Livingston, Nacke and Mandryk, 2011), those people could be but not limited to 
professional game critics, professional magazines and popular individuals. Those usually, if 
positive are used when the game is released as a form of advertisement, and if negative 
reviews are included the game release is either delayed in order to fix the issues that they have 
found or the reviews are ignored, and the game is released either way.  

It is also important to notice that the term game critics appear nowadays more often. A 
lot of developers do not let negative reviews made by the game critics get them discouraged 
(Shea, 2014) which usually results in the developer completely ignoring the reviews as 
previously mentioned. Hence if the game critic comments negatively on a game, this could 
mean the developer have a bigger chance of realization that the game they have developed is 
not going to be successful. In other sources of media such as advertising, news or e-commerce 
it has been shown that the bias of reviews is very high (Reinstein and Snyder, 2005), (Sundar, 
2007), (YI, 1990) as the companies usually pay the professional reviewers for their good 
opinions. This could also be applied to game reviews and might also question the credibility of 
the professional game reviews as it is possible that some gaming companies do tend to pay 
professional reviewers for their positive game reviews, although this is only a speculation as 
there is no concrete proof to it. 
 Although marketing media cannot be fully compared to game reviews it has been shown 
in research that game review scores did affect the thinking of users when they have been asked 
to give their own scores (Jenkins, Lee and Archhambault, 2010). The conclusion of research by 
Jenkins et al 2010 shows that higher game review scores make players give the games higher 
scores than the ones with a lower score which is called anchoring (Tversky, A., and Kahneman, 
D. 1974). This proves that players themselves are likely to give bias game review just because 
the existing review gives a game high score. This is not something users can detect themselves 
as its more prone towards subconsciousness. When analyzing the games within this thesis, the 
scores should be removed and not used at all as any kind of reflection towards the final results 
due to bias. 

In comparison to previously mentioned research their results have shown that the 
participants who have read the negative text did score the game lower than the ones who have 
read the positive text (Livingston, Nacke and Mandryk, 2011). Additionally, they have proven 
that negative text has a higher possibility than the positive text to affect the user’s opinion on 
certain games.  

In 2009 the US video game industry counted approximately 24,000 people employed 
within the game industry and constantly growing (Siwek, 2007). Although the number of people 
seems large it has been proven that not all games that were produced were successful, possibly 
to the fact that at the time there was not as many game review websites as there is now (Bond 
and Beale, 2009). This possibly meant that the review websites had a bigger market share of 
the review value, in the context, at that time this website (metacritic.com) was the most well-
known website and other websites even though they existed, they did not have as much of 
control as this singular website did. In comparison to now when there is quite a lot of game 
review websites, certain websites have lost a lot of their opinion value in comparison to what 
they had previous. The number of people who play games has increased exponentially as well 
as the amount of game companies de facto this also means the number of games being 
produced each year has increased. This means that the amount of reviews and the demand for 
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the reviews has also increased. This gives more opportunities for the game review websites to 
expand and increase in popularity as the game industry is a growing market. 

Game experience 

In an academic paper about optimal experience by Csikszentmihaly (Csikszentmihaly, 
1991) it has been discussed that flow which is ‘’a phenomenon experienced in many fields’’ 
(Bond and Beale, 2009) has influence over the feeling of a game. When a person experienced 
the flow, they lose its track of time and is absorbed into it, in this case a game. This experience 
is often described by the game reviewers as a positive feeling and has a major influence on the 
review as if the game has the ability to absorb a player then clearly it has something of interest 
in it. It is very similar to example of food. If a person enjoys some sort of a meal very much, they 
will want to experience it again. Following that there has been a developed model on how 
players enjoy games has not been approved as an official model because it does not involve all 
aspects of enjoyment and often contradicts another model which has also been created in order 
to determine the enjoyability of the games. (Sweetser and Wyeth, 2007) This model shows that 
the flow exists within the game experience. Two papers identified that the same social 
interactions provide one of the main aspects of game experience (Sweetser and Wyeth, 2007), 
(Bond and Beale, 2009). They have used two different approaches to the detect those 
interactions, one where they have relied on the flow model whereas the other has not 
considered the flow model at all. The flow model itself does not take into consideration social 
interactions; this is something that should be taken into consideration in this research to make 
sure that none of the game experiences are omitted. When thinking about the full game reviews, 
especially the ones which talk about team-based games have considered the social aspects of 
the game experience and could be quite crucial when analyzing what the player has enjoyed 
within the game and what player misses in the other games that could potentially resemble it. 
This is something to be considered when using the Latent Dirichlet Allocation model analysis 
and reviewing the topics within, yet that will be discussed further down in the research. 

Similarly another research has determined that there are three main criteria that should 
be considered when developing an enjoyable game (Malone, 1980) Then it was implied that 
those criteria should be included in development of educational games.(Bond and Beale, 2009) 
To follow these criteria the game had to be made challenging, have to spark curiosity within a 
player and also has some fantasy aspect in it. This criteria do make sense in a manner that all 
of those aspects are used till this day in game development in hopes of increasing the 
enjoyability yet it is more important to notice that the developer should not limit themselves to 
only those criteria because the game genre is constantly expanding and as previously 
mentioned the developer should involve social aspects of the game. In comparison to games in 
1980’s and now there has been a major development when it comes to creation of games that 
involve multiple people. Multiplayer games have proven to be quite big titles in recent years. 
Especially games like World of Warcraft which are under a genre of MMORPG’s (Massive 
Multiplayer Online Role-Playing Games) has created a large community where players can 
communicate with each other, cooperate during gameplay or even fight between each other and 
compete. Games in earlier days of computers have already been made to specifically create an 
interaction between two or more people (Ducheneaut, Moore and Nickell, 2007) which means 
that as previously mentioned games should involve social interactions for them to be successful 
because once the ‘solo’ experience have been completed the only way for the play to carry on 
playing the game is allow them to be competitive with other players or allow the player to 
manipulate with certain aspects of the game.  

Games like The Elder Scrolls: Skyrim have been proven to be successful not only 
because the game is part of the Elder Scrolls series which contains game such as Morrowind, 
Oblivion, but also because it is allowing users to modify graphical and gameplay aspects of the 
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game to create their own narrative (Champion, 2014). This has proven to be a success for the 
game developers as later on they have expanded their collection even more with a The Elder 
Scrolls V: Skyrim Special edition which allows the user to view the game in the 1080p, so the 
players would be able to create their favorite scenarios in a better graphical quality. Yet large 
amount of the player base has been disappointed by the fact that yet again their game does not 
have a multiplayer mode included. This yet again proves that the social interactions in the game 
do affect a lot of games. Few years after release of Skyrim the same gaming company released 
The Elder Scrolls Online which has been proven to be a great success for the company. This 
has been a success because the game finally involved the social interaction which players have 
wanted for a long time in Skyrim and other games within that series. 

Nowadays a lot of popular games are popular because of their previous title entries or 
because the developer is renown within the gaming industry. Yet it has been evidenced smaller 
developers have also managed to grab some of the market share through using different 
methods. Some of the bigger games such as Diablo franchise has lacked an achievement 
system which has discouraged many players to continue to play the game after they have 
finished the main story there would be nothing for them to do. Game platforms such as Xbox 
Live or Steam have implemented a system of achievements in many of their games and through 
completing those achievements the player gets cards which can then be collected, exchanged, 
or sold for real money. This way the game industry has found out that achievement systems do 
increase the sales of the product. (BusinessWire, 2007) This article talks about researcher 
performed by a company which specializes in gaming market research to see the profitability of 
the games. Games like World of Warcraft have previously developed an achievement system 
back in 2004 when the game industry wasn’t as large as it is now hence the games in a similar 
manner were not as frequent (Blizzard, 2004). The achievement system was implemented to 
encourage players to stay in their games for longer. When they have reached a maximum level 
available in the game at the time, there were multiple bosses and harder difficulty missions 
available which gave players more reasons to keep playing the game, once they have managed 
to complete these they have received an achievement. The achievement itself could be shown 
to other players and give the ‘bragging rights’ if the other player has not acquired the 
achievement. Some of the achievements would allow the players to gain special titles they could 
put next to their name, so it would be easier to distinguish that this player has acquired these 
achievements. These are the little perks that have made the games more distinguishable and 
unique, which in a sense gave them a bigger market and bigger advantage over their 
competitors. As the game progressed the achievements have also stared giving people rewards 
in a form of tokens that could be used to buy better gear or special effects for their weapons, 
mainly visual effects (Jakobsson, M. 2011). Although this topic is quite interesting and could 
potentially help with finding other aspects of how game industry attempts at interesting a player 
it is futile to continue going through the economic parts of the games as it has no benefit for this 
study. 

There has been performed a study which focused on the game called ‘No Man’s Sky’ 
that similarly to this thesis uses Steam platform as a source of reviews which then are sorted 
into topics and analyzed. To help in their analysis the researchers used the prevalence score to 
determine which topics holds the biggest share of the data (Lu, Li and Nummenmaa, 2020) as 
well as to see whether there is a pattern between prevalence and the players who 
recommended/not recommended the game. This research holds a lot of good points in relation 
to how to detect a relationship between game updates and reviews which could be used within 
this research. In their findings the researchers have found an increase in positive text near 
major updates and more negative reviews near updates to specific aspects of the game. 
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Cognitive Bias 

 As this research focuses a lot on people’s opinions it is important to remember that the 
reviews provided have the possibility of being biased. Cognitive bias is an opinion which is 
based when the person doesn’t have all the information they can as well as when their mood 
affects their opinion. As mentioned previously bias is a large issue within media industry itself. 
Mood has proven to have an effect on the opinion of the user itself hence a lot of companies 
already use different techniques to interest people into buying products. One of the techniques 
used is priming (Yi, 1990). A lot of information can be perceived in many different ways hence 
the person always tries to use specific words and feelings associated to make the recipient feel 
in a certain way. If the advertisement or the information wants someone to like the product that 
is discussed, then they will use words that are pleasant for the user rather than the ones that 
might cause suspicion. With the analysis in this research, it will be possible to see whether the 
game reviews use such things as priming to encourage the user to buy the game. 

Previously mentioned anchoring (Tversky and Kahneman 1974) can be also classified 
as a method to create bias because this way the user perceived the score of the game high 
hence is more likely to buy it. Since then, a lot of game review websites and platforms have 
removed ratings as a method to give a game feedback. Steam for example has removed their 
score system (1 – bad, to 5 – best) and replaced it with a percentage-based rating where the 
rating is more accurately visualized. It has been implemented at the same time as the 
achievement systems that has also been adapted on Steam platform (Hamari and Eranti, 2011).  

Yet it is important to understand that interpretation of the text can vary for each person 
as one person can classify the information either good or bad or even morally gray. This kind of 
perception has been noticed in many academic papers before (Srull and Wyer 1980) where if 
someone has given a friend an answer on an exam some people would classify it as a bad deed 
or a good deed because they were helping a friend. Depending on the situation and persons 
perception the opinion might be different. Similarly, to games some players might have a bad 
opinion of the game because of the situation they are in, outside influences or possibly the 
player might not be a fan of the genre the game fits which classifies as a biased opinion. 

Bias of information is quite often occurring in the media as people might be relying on 
one source of information more than the other (Ellman and Germano, 2009). In case of the 
accuracy of the information it is possible for the media to make a mistake and rely on one study 
that supports one argument, for example the information could be that global warming is not an 
emerging issue whereas the media will willingly ignore three other newly written studies that 
support the argument that global warming is a dangerous issue that should be dealt with 
immediately. This kind of bias could also possibly happen in the games industry where the one 
study showing that certain type of games has negative impact on persons mood and the game 
critic/game reviewer might use this study as a basis to their opinion. This type of behavior would 
not be wrong as usually performed studies have the right information, yet the studies should not 
be applied to the whole genre as every game is different and gives different emotions. On 
another note, the same study also shows that intensity of the information has also big impact on 
the user opinion (Ellman and Germano, 2009). As every writer chooses how much text they 
should spend on writing specific issues it is no different with games reviewers. If the game 
reviewer has found a particular issue with the game that has stopped them for a while it is 
possible for them to dwell on the issue within the reviews and even give a game a negative 
review because of it and becoming a major point of the review. Different players could 
experience different difficulties within the game hence discouraging anyone because of those 
difficulties is a biased opinion affecting the game reputation. It is important to detect all the 
biases that could potentially surface in this research as any bias noticed by the researcher 
increases the credibility of this research. 
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Natural Language Processing 

Sentiment Analysis 

It has been evidenced that opinions have been used throughout the years as a source of 
information as well as an example to follow. If someone wants to make a decision regarding any 
situation the person usually seeks opinion of another person and see what kind of experience 
they have with the same or similar situation. In this case if the person wants to buy a game 
online, they usually look for online reviews from users who have already experienced the game. 
This is when sentiment analysis comes in as it is often called opinion mining which is a field of 
research where we find out the sentiments, evaluations, appraisals and emotions of people 
towards the product or service (Bashir, 2017). In case of game industry, it can also be classed 
as a tool that can be used to monitor the satisfaction levels of the service provided by the 
company/industry.  

All these reviews are useful, yet it is also important to distinguish how the reviews are 
identified. A lot of reviews, especially product reviews have the reviews associated with 
numbers. For example, on Amazon (Amazon, 2018) the product reviews have the star reviews 
options which lets the users who already bought the product give a positive or negative ranking 
for the product which then is added to a larger database where all the user scores are 
calculated together and given an average score. Yet as usually the reviews are talking about 
whether the product is broken, or it has arrived broken (which quite possibly had nothing to do 
with the product but with the delivery) hence it is possible that the users will not always take into 
account the review itself or the meta-score given by the website because of the credibility of it. 
One of academic papers discusses an approach of how they identify a review (Popescu and 
Etzioni, 2007). First of all, they identify product features then identify what sort of opinions the 
users have left about the product; then they determine polarity of opinions and rank them 
depending on how strong the opinions are. That researcher has also used a software called 
Opine which is an information extractions system. This system detects features, opinions from 
reviews which then allows to also distinguish certain words in the context of the reviews.  

This is when the Natural Language Processing (NLP) is going to be used within this 
research. But firstly, it is important to understand what Natural Language Processing is and 
what it entails. According to one of the academic papers NLP is one of the approaches that is 
using multiple technological techniques which are usually used to analyze text, a few techniques 
are provided before the text is analyzed (Liddy, 2001). The type of language used within the 
analysis can be either written or oral, this means the range of possibilities for the analysis 
increases with the number of technological advancements such as voice recording recognition 
which transforms voice into text. 

There are different levels of the NLP systems according to the previously mentioned 
paper (Liddy, 2001), yet the main level of NLP used within this research that is going to be used 
is the Lexical level of the NLP. In this research it is important to analyze singular words used 
within the game reviews which then have grouped them into topics. This method would involve 
assigning a tag to each word. If the word with a tag has more than one possible meaning they 
can be changed to the semantic representation of that meaning (Liddy, 2001). Another level that 
could possibly be used is the Semantic level. Its main functionality is to make sure that it is 
possible to understand the plausible meanings of the selected word by analyzing the interaction 
between all the words in the sentence. The frequency of the word is also important because if 
the word occurs very often within a sentence or paragraph it can either loose its meaning or 
emphasize that it is one of the crucial aspects of that phrase. 

According to one of the main academic papers used in this research (Livingston, Nacke 
and Mandryk, 2011) Sentiment Analysis is not a very popular method used within the gaming 
society to analyze game reviews with, especially due to the fact that most of the research that 
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already exist only analyze chunks of game reviews rather than the whole data set (all reviews 
available). Its highly unexplored area of research in game industry and it is deemed to be 
promising as it has high possibilities of giving the game industry the information, they need on 
how to improve their products and services (Ryan, Kaltman, Mateas and Wardrip-Fruin, 2015) 
as well as get to know better the users that are the player base of this specific game.  

Topic Modelling 

Bayesian filtering 

Bayesian filtering is one of the methods that could potentially be used within this project. 
It uses the Bayesian Analysis to try to find a probability of how likely the specific text analyzed is 
going to be a repetitive spam. This method has not been perfected yet and it is often used within 
the industries to analyze emails and messages to determine whether they are classified as 
spam (Androutsopoulos and Koutsias, 2000a). As the new spam methods emerge which avoid 
getting detected by this algorithm, the algorithm gets updated to prevent those emails from 
reaching the user (Androutsopoulos and Koutsias, 2000b). This method uses preprocessing 
methods such as tokenization and lemmatization which helps in filtering through the words 
within and picks out the ones that are going to trigger the spam filter. This algorithm is very 
similar to the Latent Semantic Model and Latent Dirichlet Model except its more centered 
towards just filtering out rather than grouping the words.  

Latent Dirichlet Allocation (LDA) 

Latent Dirichlet Allocation (LDA) model is a topic modelling method used very widely 
within the text modelling and text analysis industry. This method is more mathematically 
complex to the other methods that are going to be used within this research, yet it is easier to 
understand. LDA begins with assuming that there is so many latent topics within the data set. A 
document is generated when the topics are sampled from within the data set. To reduce the 
dataset down even further the data is separated to singular words which are found within the 
data set. This is to make sure that every single part of data is used (Blei, 2002). Those 
separated words are then pre-processed into appropriate metrics using different methods such 
as but not limited to bigrams, trigrams in order to improve the words that could possibly be more 
meaningful whilst connected to another word, afterwards they are compared and combined 
together to create topics. These topics are generated by the model to see how prevalent they 
are across the whole document and how big they are in comparison to other topics. This 
method with assistance of visualization tools such as LDAvis (Sievert, and Shirley, 2014) which 
will be discussed later in the methodology section can give a powerful analysis of words within 
documents allowing for the user to see for themselves what kind of data is present within the 
document. This method is the most appropriate method for this research because after 
completing it the data received can be easily visualized using methods such as LDAvis (Sievert, 
and Shirley, 2014) or bar charts, yet this will be discussed in the methodology section later on in 
this research. This method is the main topic modelling method that will be used within this 
research. 

Similarly, there has been performed a research before where 3,000 library-science 
dissertations which could be dated back to 1930 have been processed using the Latent Dirichlet 
Allocation (LDA) method to find out the progress of the science within those years and see the 
change that has happened (Sugimoto, Li, Russell, Finlay and Ding, 2011). This shows that the 
text manipulative research has been previously performed in and was successful. Although it is 
in a different field as the research has been performed in the subject of science and this 
research is based on the game reviews the methods would not change hence there is a large 
chance of success in this field as well. 
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A method akin to this one called LDASequential is also considered to be used within this 
research as presented in the research by Du (Du et al., 2011) they use LDASequential 
specifically to perform an experiment on a book called ‘Moby Dick’. They use this method 
because it allows to separate the book in this case into sections rather than like with the LDA 
use the whole book. This way they can see the topic evolution throughout the book’s chapters. 
This could be a useful method if the separation of the reviews throughout time frames doesn’t 
work with the normal LDA. 

 

Word2vec 

 Word2vec is a computational algorithm used for Topic Modelling, similarly to the 
previously mentioned methods can be used for the analysis of words. As majority of the 
previously mentioned techniques it uses pre-processing method of continuous bag-of-words to 
get all the words from the documents and separate them one by one (Rong, 2014). Then the 
model tries to predict the middle word in the given document based on the average number of 
words. In case of word2vec the words are being given numerical representations and then it 
tries to search for relationships between words (Le and Mikolov, 2014) such as in context of 
games for example, kills, assists and deaths are separate words but in context of the game they 
would be put together as a score rather than singular words. This method has been used before 
in games studies as well to detect whether the gamification of the code has any impact on the 
code review process (Khandelwal, Sripada and Reddy, 2017). 

Doc2Vec 

 After understanding what word2vec approach has to offer now it is easier to explain what 
the doc2vec does. Similarly, to word2vec the aim of this algorithm is to also create numerical 
representations but rather than words it uses the whole document as a singular vector, 
whatever length the document is. This method is slightly more difficult to comprehend as there 
is no logical explanation to structure of words within the documents (Le and Mikolov, 2014). This 
technique also uses the Continuous bag of words (CBOW) Model to predict the correlations. 
This model tries to predict the current target word which is based off the input context it is given 
so it searches for a specific word. CBOW instead of using singular words it gives each 
document a unique ID that the algorithm can easily detect but there is also a DBOW model 
(Lau, and Baldwin, 2016) which has a faster computational speed that uses Distributed Bag of 
Words (DBOW). Very much like the CBOW, DBOW model ignores the words that are used 
within the documents and makes sure that the model predicts the words randomly from the 
paragraphs. It doesn’t use the context words from the input but does it by randomly sampling 
the word from the paragraph. In one of the researches this method has been used to analyze 
the Twitter feed data (Bilgin and Senturk, 2017). As this study was the first one to perform 
Doc2Vec algorithm for Sentiment Analysis in Tweets it made this method to be semi-supervised 
to catch any possible errors, meaning a small batch of supervised data was implanted into the 
document. The overall aim of this research was to see whether there is a difference in the 
sentiment between two languages (Turkish and English) and from the results it has been 
concluded that the Turkish has scored lower score. The lower score for the language meant that 
the results were less accurate as the sentence count has increased.  
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Chapter 3 

Methodology 

In this section of the thesis, we will discuss what methods will be used as well as tools 
and techniques that will accompany those methods within the research in order to answer the 
research questions. These methods as well as tools and techniques will be explained in depth 
with help of academic references, explaining where they have been previously used as well as 
how they can be implemented into this research. 

Project Management 

 The nature of this project is to perform an analysis on game reviews in order to find out 
whether there is a correlation between the sales and the reviews. The analysis will be 
performed on words that are within the game reviews and distinguish whether they contain any 
useful information that could be used to see the correlation between the data. Additionally, to 
ensure the industry is reacting to the reviews this research will look at the timeline of game 
reviews in comparison to game updates to see if the game producers have reacted to the 
complaints and reactions from users. Firstly, the analysis will be performed on secondhand data 
to see whether our methods are appropriate, and once that’s accomplished the firsthand data 
will be gathered and a similar process will be utilized. These methods are important, yet they will 
be discussed further on within this research as the main focus in this section is the explanation 
and elaboration on methods used. 

 

 
 In order to display how the project and software development proceeds a timeline and a 
pipeline has been created. The timeline (Figure 1) portrays the flow of the project and which 
tasks will take place at what time. The tasks are not linear and can overlap with other tasks, as 
previously discovered some stages of software development can take some time which allows 
to continue with different task. For example, once the first task of data scraping shown on the 
timeline finishes for a specific game, another one can be started but at the same time, then the 
already scraped data can be normalized and pushed through the rest of the tasks. In this figure 
Sentiment Analysis is shown yet not as much time was put into it as it turned out to be 
unsuccessful with the data that has been obtained hence the LDA was started a bit sooner than 
expected. This timeline only outlines the main stages of the project, it doesn’t include any extra 
time obtained from the extension or the interruption. 
 The pipeline (Figure 2) displays a step-by-step procedure of how the data will be 
acquired and used within the LDA model, something like a data life cycle within this research. 

Figure 1 – Proposed timeline of the project 
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The decision to use LDA instead of Sentiment Analysis is due to its limitations. Whilst Sentiment 
Analysis is a good tool to identify and analyze text automatically and quickly, it lacks the ability 
to recognize sarcasm, irony, jokes, and exaggerations. This can skew the results of the analysis 
if this type of language is present. For the data that’s used within this research, which is mainly 
informal text, a lot of this vernacular which Sentiment Analysis risks not accounting for. 
Additionally, LDA has the ability to link words together which then can be bound into a topic 
whereas in Sentiment Analysis the analysis looks mostly at singular words without looking into 
the link between them.  
 The pipeline is divided into different stages, Stage 1 focuses on gathering the data, this 
involves selecting a game, scraping the data for that game, and making sure that the output is 
correct. This stage can be repeated whilst other stages of the analysis are going as previously 
repeated. Stage 2 focuses on the set up of the data, oddly visualization at this stage might seem 
weird yet when it comes to freshly scraped reviews it is important to make sure what kind of 
data the model will have to deal with, this way its also possible to see which pre-processing 
methods will be required. Stage 3 is when the data is input into the Jupyter Notebook which will 
be discussed further on, there the data is input into a table to display what is being dealt with. At 
this stage the data is separated into smaller datasets by date as well as removing any 
duplicates, so the data doesn’t repeat itself. Stage 4 of the pipeline is when the data is finally put 
through the pre-processing methods which are in this case stopword, lemmatization and 
tokenization methods. At Stage 5 the model already has the data it requires so the process 
begins. There the output is the model which then can be fed into a calculation of perplexity 
score and coherence score which will be discussed further down the research. There its finally 
possible to see what the topics are within the model. And at the final Stage 6 that’s where all the 
data is finally input into visualization techniques such as the Intertopic Distance Map and a 
graph for coherence values among others. Although this is the final stage in case of the LDA 
there is a requirement of repeating stage 4 to 6 to acquire model for each data frame. In case of 
the LDASequential this is not a required step as the modeling method itself has inbuilt time 
frame management. 
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Software Development 

Software Development Approach 

Web scraping 

 Web scraping was one of the main software used within this research that required a 
thoughtful approach to make sure that all the required data could be scrapped. In the original 
design of the project, it was thought that the scraping would be performed on game review 
websites which contained thousands of thorough reviews then could potentially be used for the 
analysis. The first step was to using R-studio download rvest library (tidyverse/rvest, n.d.) that’s 
specialized in scraping text from any websites using the method of finding HTML elements with 
a specific tag and printing them into a plain text document. This method after few tests was 
found to be quick and harmless getting the information that was quite useful for this research. 
 Further on it was decided to avoid scraping text that would allow anyone to track it back 
to the user, so usernames were not included with the scraping of the data. This would make the 
data much safer. The review websites that were in the plan of being scraped were GameStop 
(www.gamestop.com) and IGN (www.ign.com) as they are one of the more popular websites 
which both professional reviews as well as standard user reviews meaning it would give a 
variety of data. These websites are also quite popular meaning they would contain a lot of 

Figure 2 – Development Pipeline 

http://www.gamestop.com/
http://www.ign.com/
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reviews. Additionally, when looking at game adverts those websites are most often used to 
show that users there are speaking favorably of the game. 
 Although this was carefully planned and data was already being partially scraped from 
those websites the Terms of Service for those websites have changed making it illegal for the 
research to use any of their data without asking for the permission, and after multiple attempts 
of contacting the website owners with no responses it was important to find another method of 
getting game reviews. 
 The next option for game reviews scarping was to use the Steam (Steam, 2019) platform 
which contained thousands of reviews as the primary source of the research. As the Steam 
reviews are classed as publicly available data there was no reason for the research to not be 
able to use this data and after contacting one of the Steam employees, they have suggested a 
method of scraping that’s appropriate with their Terms of Service. After discovering that an 
already pre-built piece of software was found (Williams, n.d.) that would do the job of scraping 
all of the Steam reviews for specific game, using the game tag number. This saved a lot of time 
for the research which was appropriately used for the scaping itself. 

Toolsets and Machine Environments 

Jupyter Notebook 

A piece of software that will be used within the research is also a Jupyter Notebook 
version 6.0 (Project Jupyter, 2020) which is an open-source web application that is uses a 
method of ‘live code’ which means that all the expressions can be implemented into the code as 
the user continues. It is mostly popular with the statistical data as well as data visualization, 
machine learning and much more (Randles, Pasquetto, Golshan, and Borgman, 2017). This 
software is an ideal candidate for this thesis as it makes it easier for the user to edit and compile 
code almost at the same time, showing mistakes and errors with ease in case there are any. It 
allows to use libraries such as NLTK, Pandas etc. which will be used within this research. The 
language used within this research is Python, yet this piece of software is not limited to only one 
language hence if a reason arises to use different statistical programming language it also 
supports languages like R. In order to run this code, it uses an iPython Kernel which is a 
separate process that is running at the same time as the notebook, it is mainly used to run the 
code which then allows multiple different processes to use the same variables. 

Additionally, it produced the outcome of the code below the code which is then stored in 
the memory of the software until its paused. It allows to use multiple different libraries which will 
be talked about below. The results of this notebook are both machine and human-readable 
which means that the results can be easily transferred between software and scholars. 

NLTK 

 NLTK (Natural Language Toolkit — NLTK 3.5 documentation, undated) is a library that is 
built into the python language that allow to manipulate and read the natural language (Bird, 
Loper, and Klein, 2009). This library contains text processing sub-libraries that allow 
classification, tokenization, stemming, as well as other tools that could help within the research. 
(Perkins, 2010) The main functions that has been used within this research such as stopword, 
tokenization and stemming are derived from this library. Yet these techniques will be talked 
about separately in the pre-processing section. This method is useful for this thesis as it will 
help dramatically in pre-processing the data which then can be fed into the LDA and 
LDASequential models as well as theoretically into any model that uses natural language data. 
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Pandas 

 Pandas version 0.25.3 (Panel Datas) (pandas - Python Data Analysis Library, 2019) is 
another library used within this research to ensure that all the visualizations are shown 
appropriately. Pandas just like NLTK helps with the manipulation of both numerical and word 
data yet it mainly specializes in the visualization of these rather than formatting them. 
(McKinney, 2019) Within this research the library was mainly used as a tool to help in putting 
data into arrays as well as time frames for the LDA and LDASequential, as well as visualization 
tool for displaying the results of the model (McKinney, 2011). 

Python 

 Python versions from 3.7.5 (Python, 1996) onwards was the open-source programming 
language that was used as the basis for the development stage of this research. As well as the 
development of the scraper this language was used to write code for the analysis within the 
previously mentioned Jupyter Notebook. As the NLTK and Pandas library were used with this 
language it proved to be the best choice for this project. 

Gensim 

 Gensim version 3.8.0 onwards were used within this project. This just like Pandas and 

NLTK is a python library that is mainly for this research helped with topic modelling and 

information retrieval. This library has an inbuilt LDA and LDASequential methods within which 

made the topic modelling a lot easier for this project. 

Research Methods 

 All these methods mentioned below will be used within the LDA model as they are a 

core requirement for the pre-processing of the text in order to model the data. 

Stopword 

Stopword technique is a very often used pre-processing technique when the project 
involves word analysis. This technique involves removing words which connect other words and 
give them a potential meaning, for example words like the, with, up etc. Are removed as they 
are usually repeated very often and when it comes to word analysis, they do not have a 
potential hidden meaning behind them. Doing this when it comes to word analysis it usually 
makes it a lot easier to analyze big corpuses of data as a lot of stop words are removed making 
the data easier to process (Stamatatos, 2011). In case of this research, it is suitable to use this 
technique as when using Latent Semantic Analysis or Latent Dirichlet Allocation models (which 
will be talked about later in this section) it is appropriate to ‘clean’ the data beforehand from non-
informative words (Méndez, Iglesias, Fdez-Riverola, 2006). This way it will be faster and 
increase accuracy to sort the data into topics and meaningless words such as ‘’the’’ will not 
appear within. This method is very often used within the LDA in order to make sure that certain 
stop words are removed and are not cluttering the dataset. 

Tokenization 

Tokenization technique is very often used within the projects to increase the accuracy of 
the data. This technique involves dividing the words into smaller chunks and strings of text 
which are called tokens. This method just like stopword is very often used within the LDA in 
order to put words into smaller chunks. Tokens are usually easily detected because they are 
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divided by a punctuation or spaces, yet that's not the only definition of them. Those tokens are 
then put into groups and ready for the analysis (Webster and Kit, 1992). This method is useful 
for the project as it is important to section the words into groups to avoid repetition and reduce 
the corpus. It is not necessarily the most important method as it is not used within any of the 
models, yet it shows how many similarities of text can be found within the data. 

Stemming/Lemmatization 

Stemming technique is also very often used technique of reducing words to their roots. 
This technique involved reducing letters from words so it is easier for the data to be detected 
and analyzed. For example, words like ‘’stemming’’ can be reduced to ‘’stem’’ which is a root 
word, it has similar words to it like ‘’stemmer’’ and ‘’stemmed’’. Lemmatization is just a more 
accurate form of stemming the data, instead of looking just for the root of the word it also looks 
for the actual word. For example in case of words like ‘’computes’’, ‘’computing’’ and 
‘’computed’’ stemming would reduce the word to ‘’comput’’ which is not the grammatically 
correct word yet in case of lemmatization it would looks for the correct form of ‘’compute’’ 
(Pilsson and Lavrac, 2004). This type of processing data is very often used within tagging 
systems and web search results where the process looks for root of a certain word rather than a 
word itself or both but in separate searches. In this project we will use the most common Porter 
stemmer (Porter, M. 1980) to process the game reviews data. This method is often used within 
the LDA model as it reduces the words to suitable lengths allowing them to be easier to 
categorize. 

Analysis 

Latent Dirichlet Allocation and Latent Dirichlet Allocation Sequential 

Latent Dirichlet Allocation (LDA) is a model that focuses on sorting words and sentences 
into topics and allows analysis of the output given from the model. One of the main advantages 
of using LDA is that it allows to produce topics that are interpretable based on words that are 
most popular within the topics. The topics are rated from the most mentioned words to the least 
mentioned words within the corpus of text.  

LDA goes through each document in the corpus at random assigning each word in the 
document a number of the topics previously predetermined by the user; it goes through each 
word in every document (Kulshrestha, 2019). In case of this thesis the topics would also contain 
full reviews, which contain the selected words for the topic. This will make it easier to name the 
topics and assign them a genre they fit. The flexibility of use of the data is also one of the main 
advantages because it is very easy to visualize the results given from the LDA, such as using 
the LDAvis visualizations which will be more talked about further on within the methodology 
section.  

The limitation of LDA is that only a fixed number of topics can be specified at once, and 
as the number of topics increases the data becomes more spread out and possibly harder to 
interpret. Yet this is overcome by using coherence score. Coherence score of the model helps 
in finding the appropriate number of topics that should be used for the specific data model. 
When checking the coherence score of each model with an increasing number of topics to see 
which number of topics gives the highest score. When the score starts to decrease that means 
that the perfect number of topics has already been met. More on coherence score will be talked 
about later on within the project.  

Another limitation of this model is that the LDA model does not capture the relationship 
between the topics, and it is hard to see whether the topics have anything common with each 
other. Once again, this issue can be amended by using the LDAvis visualization technique 
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which shows the models in a graph, which then shows how closely the words within topics can 
be associated as some words appear in multiple topics. 
 Sequential LDA or SeqLDA is one of methods that are nowadays used very often. 
Working in a similar manner to previously mentioned LDA it assumes that the document has x 
number of topics which x being a number specified by the researcher of how many topics does 
the user want to find. The difference within it is that that the document is also segmented within 
the data into smaller chunks of data where the user can specify how to segment them, in case 
of this research it would be by timeframes. With this method it will be possible to see how the 
topics evolve (Du, Buntine, Jin, and Chen, 2012) over time without need of adding any 
additional preprocessing that would have to be done with LDA. Those segments then can be 
compared, and it would be possible to see whether there is any difference within topics over 
time or any trends happening within the data. 
 

Interpretations 

 All the interpretations within this thesis are performed by the researcher. Once the 
Sequential LDA has been finished and appropriate models were created for each data set the 
models are visualized using LDAvis and graphs and using those visualizations the researcher 
elaborates on their findings. The interpretations are fully based on the LDAvis results, which are 
the base of the assumptions. In order to perform the interpretations, the Top 10 words from 
each topic were extracted as well as Top 10 reviews that were found. With these combined the 
basis for the assumptions was made. 
 To create the assumption firstly it was important to look at the percentage of the Top 10 
words within the topic, if a singular word had a majority of the topic share in comparison of the 
other words then usually that meant this singular word could describe the topic. If the 
percentage among multiple words within the topics was very similar, then it meant that the 
distinction of the topic would be more difficult and would require analysis of similarities within the 
words. This required knowledge on the games that are analyzed as certain word would make 
sense only in specific context that researcher who hasn’t experienced the game themselves 
could find confusing. 
 To make the assumptions stronger the researcher then would investigate the Top 
reviews that make up specific topics. These reviews are ranked on the word similarity in the text 
in comparison to other reviews within the topic. This would show if the assumptions of the topic 
title were correct as the reviews themselves would make sense more than just singular words, 
nonetheless it doesn’t lower the importance of the singular words ranking. 
Once each topic has been given a name the next step was to use a graph and visualize the 
share of each topic. This allowed to distinguish rather than using raw statistical data of each 
topic’s share, the data was visualized in a stacked area chart. Each area in the chart was a topic 
and the colors allowed to distinguish what kind of score a graph had at a certain timeframe. This 
way it is possible to figure out at which time frame the selected topic was mostly talked about 
which then possibly throughout timeframes, get smaller or even larger making other topics less 
prevalent than others. This applies to each topic looked through. Using all this data then it 
compared against the existing information such as game release patch notes and events at 
specific dates to see a correlation between the data and support previously made assumptions. 

Whilst doing interpretations it is important to avoid previously mentioned cognitive bias. 
As this research focuses a lot on people’s opinions it is important to remember that the reviews 
provided have the possibility of being biased. When the modeled data is returned one of the 
main parts of this research will involve in self interpretations of the data received. This will mean 
that it is important to keep the mind open and understand how the interpreter should avoid 
making their own biased opinions in regard to the data and its interpretations. During the pre-
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processing of the data, it will be most likely unavoidable that the researcher will have to tweak 
the data in order for the data to fit the model perfectly hence it is important to know that when 
working on this dataset it is important to keep an open mind as mood can affect the bias. 

Visualization 

LDAvis 

LDAvis is a python library (cpsievert/LDAvis, 2015) that is used to visualize the LDA 
topics which then can be used to help with the interpretation of the data. It helps with showing 
how much different the topics are and how connected they are with each other. Some topics 
usually tend to use the same words, so this visualization technique allows the user to hover over 
the words that they want to check and see whether the certain word appears in more than just 
one topic. The more clustered the circles of the topics are, the more likely certain word appears 
in multiple topics. If the saliency score is higher the higher the word is displayed within the graph 
(Chuang, Manning and Heer, 2005) LDAvis also uses a value of relevance which can be 
changed within the graph itself which then changes the order of words depending how much the 
user wants the words to be relevant to the topic (Figure 5). As the relevance value changes, the 
words move up and down in the topics due to relevance actually meaning that the weight of 
probability for specific terms changes and the chance of them appearing within the topic’s 
changes depending on the relevance. The higher the relevance the more useful that specific 
word is for the topic (Sievert and Shirley, 2014).  
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Chapter 4 

Development Stage 

In this section we will discuss in chronological order how this project went through 
developing appropriate tools and techniques in order to perform analysis. This stage will follow 
the pipeline that has been previously explained in the methodology section. These will cover in 
depth how the software was made, what it is used for and how it helps in answering the 
research question. This should ensure that the tools used are justified and in depth explained. 
This section will be separated into test data and real data as its crucial for the research to begin 
the research with testing of the selected tool whether they are appropriate and what are the 
limitations of using them. 

Test Data 

This section focuses on the pilot study performed using Test Data. This way it was 
possible to test how to use the systems and how the topics could possibly be interpreted. These 
methods then could be used on the self-gathered data with an understanding of what to expect.   

As this is a secondhand data gathered from an existing repository 
(mulhod/steam_reviews, 2015) there is a possibility of the data being biased or changed. This 
means that this data in no regard should be treated as an expected result of the study yet only 
as a tool of testing methods and systems. 

Overview 

The testing stage begins with firstly choosing a game that would be analyzed and 
gathering secondhand data that could possibly give an outline what can be expected within the 
dataset. The first game of choice is Dota 2, this game has been qualified as one of the most 
popular games currently on Steam (Steam, 2019) and also has the most the biggest amount of 
reviews available (over 1 million). This has a big impact on this study as it could possibly be the 
most meaningful dataset there is available as there is a big amount of reviews which then could 
be analyzed. Firstly, a Test Dataset has been downloaded from a GitHub repository 
(mulhod/steam_reviews, 2015) of a previous master’s student who has also worked on the data 
analysis of game reviews (1) of different games. As the dataset contains more than just one 
dataset of games the Dota 2 reviews have been specifically chosen. This dataset has on 
average of 9720 Dota 2 reviews which is not a substantial number that could be used for the 
main analysis but it is enough to test out our theory whether we can find anything useful from 
previously scraped and analyzed data. 
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Development 

As the research progressed it was crucial to look at what possible data we could get 
from the secondary dataset. As shown in Figure 3 the data shows that it is possible to get the 
text of the review, when the review was posted and if the user has updated this review ever 
since. One of the things that were considered was the use of achievement progress data to 
figure out what kind of achievements a specific reviewer has got at the time of posting the 
review as it would show overall progress of the player and the possibility of seeing if the player 
has played the game long enough to be classified as ‘’worthy’’ of having a right to be 
acknowledged as a meaningful reviewer. 
 The next stop was to pre-process the data which means that the data had to be cleaned 
up, unnecessary words were removed, words which could possibly appear very often (such as 
stop-words) have also been removed as they would unnecessarily clutter the data when in 
reality, they do not really have a meaning to the data itself as they do not show emotions or any 
kind of correlation to the words themselves. All of the punctuation has also been removed as it 
has no meaning to the dataset itself.  
Once this has been completed the next step would be to crate links between words such as 
bigrams and trigrams, some words have more meaning when they are connected together so 
words which have been found within the data such as ‘’recommendation_list’’ have more 
meaning together than if they were separated as the computer would not know essentially what 
is the meaning and later on the interpretations of the data might be harder to detect.  
 As this has been accomplished the study would make sure to next put all of the reviews 
found and words within the reviews in a dictionary then corpus so the words would have 
numerical values now instead of being words which would make it a lot easier for the LDA to 
process it. As that has been completed it was possible to have a look at the data in the current 
state where it was possible to see what numbers have been given to what words and which 
words appear most often. 

Figure 3 – Test Data displayed in table form 
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Figure 4 – Test Data 20 Topics 

 

Analysis 

The data is now ready for the LDA 
technique which with this size of the dataset 
did not take very long to process but it did 
still take on average around two to three 
hours of waiting for the computer to process 
it. The LDA was programmed with help of a 
tutorial (2). As shown in the Figure 4 this is 
already analyzed and sorted dataset. First 
of all, it is important to discuss what kind of 
parameters have been used within the LDA 
and what do they affect. Corpus are 
hyperparameters which contain text data 
that have been previously pre-processed, 
as mentioned earlier where corpus is the 
words separated. In case of the ID2Word it 
is simply parameters which contains words 
that have been given numbers with a 
counter of how often they appear within one 
document. The number of topics in the 
tutorial is suggested 20 hence the number 
of 20 topics has also been used within this 
test sample.  

Similarly, the majority of the 
parameters are kept the same as the ones 
in the tutorial (Topic Modeling in Python with 
Gensim, undated) so it is possible to get 
plausible results. Later on, within the 

research those parameters will be considered more and changed according to the needs of the 
data. 
As shown in the Figure 4 the reviews have been separated and scored into different topics 
whereas shown there is 20 topics as set within the parameters. The numbers at the start of 
every word is a score that has been given to it so for example in Topic 0 the word with a highest 
score is ‘’carry’’ and has a score of 0.044 which basically means how much the word is 
contributing towards the topic. This number can be affected by the frequency of the word 
appearing within the reviews or by the weight it has on text within certain reviews. 
Looking at the overall Topics themselves majority of the word could possibly mean nothing to 
someone who has not had any experience playing those games hence one of the factors that 
has also been involved in this research is the fact that games that are going to be analyzed will 
have to be games that the researcher has had played or had somewhat knowledge on because 
otherwise it might prove to be difficult to interpret the topics without knowing the gaming jargon. 
For example, Topic 1 within the Figure 4 shows words with the highest scores such as 
‘’Player’’, ‘’Hero’’, ‘’Item’’ and ‘’Experience’’. This and other words which are also shown in the 
Figure 4 could mean that the Topic 1 is talking about the player having a new experience with 
playing a hero and using items and skills of that hero and could be using different characters. To 
summarize this topic is most possibly about characters and new players. To help in developing 
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a further analysis and the interpretation of the data it would be suitable to use a suitable 
visualization technique that could help with the data. 

Following the tutorial, it is also crucial to be able to check whether the topic model has 
been successfully modelled and is mathematically correct. One of the first measures that are 
used is perplexity score. A perplexity score is nothing but a statistical measure to have a look on 
how well the model can predict the sample. The value by itself could possibly be compared to 
the theoretical word distribution within the dataset but further on in the research those values 
will be compared against one another to check how good the models are. In case of the test 
data the model perplexity score is (-8.014913611226287) which makes the data good as the 
less perplexed the data is the more understood it is. As it is done in this research (Lubis, 
Rosmansyah and Supangkat, 2019) the lowest perplexed score is the best one as it displays 
the ability of the model’s generalization. When looking at different tutorial (3) where the 
perplexity score has a big contribution to the research. The original trend shown is that when the 
number of topics within the model increases the perplexity score decreases. 

Another measure to check the correctness of the model which can be used is also 
Coherence value. Coherence score is a calculated score that corresponds well with the human 
perception and allows to distinguish what semantic problems can occur within the model without 
user evaluation (Mimno, Wallach and Talley 2011). These are used to see how well the words 
within the topics and all the words within the dataset are coming along together, the meaning of 
coherence in this case is the more topics rely on each other the higher the score will be. 
(Kapadia, 2019) These are looked at by undertaking multiple calculation which involves 
Segmentation, Probability Calculation, Confirmation Measure and Aggregation (Roder, Both and 
Hinneburg, 2015). This way it is possible to look at how well the topics within the model react to 
one another, and if they get along. The coherence score is based on the higher the score the 
better the model, yet it is important to notice that the score changes depending on the number 
of topics within the model. The score for this test model is (0.48) which overall could be 
classified as good model at least when comparing to the results that have been gathered in the 
tutorial (Topic Modeling in Python with Gensim, undated) (What is Topic Coherence? | RARE 
Technologies, 2016), because it is below the upper half as the model can go up to 1.0 yet it is 
almost impossible for the model to reach the value of 1.0 hence its more likely to be below this 
value. More on this value and its use later within this section. 

 
Figure 5 – LDAvis Results 
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To help in understanding the overall model it was important to visualize the model in 
appropriate form whilst still following the tutorial, the model has been visualized in a pyLDAvis 
model which has been talked about in the methodology section before. As shown the model has 
two different methods of showing the results, firstly the Intertopic Distance Map which shows the 
topics overall, the size of them in comparison to each other and how close they are, then 
secondly the bar chart which shows the Top 30 Most Salient Terms. The Intertopic distance 
map is a visualization technique which places the data in a two-dimensional space which ranks 
the words within the model from the most useful to the least, along with identification of the 
topics within. The first focus we should look at the distance map as in it we can see overall that 
the topics are fairly spread around the map with only few of them clustering around one place. 

  
Figure 6 – LDAvis after selecting Topic 1 

The topics with larger prevalence have barely overlapped with few exceptions. The 
prevalence of the topic means basically means how often the words within the topic appear and 
how often they are used within the model. For example, the topic 1 and 3 are slightly 
overlapping which means that they topics share some words that occur in both of them. When 
the bubble has been pressed like in Figure 6 it is possible to see what the top 30 most relevant 
terms within the Topic are. As it is visible majority of the terms does appear only in this topic yet 
terms such as ‘’time’’, ‘’valve’’, ‘’still’’ and ‘’love’’ are only half frequent within the topic and also 
make up half of the Topic 3 as shown in the Figure 7. This can be seen as the bars highlighted 
in red are the ones within Topic 3 whereas the bars highlighted in greys are the words that 
make the Topic 3 as well as Topic 1 which a shown on the Intertopic Distance Map, overlaps 
with one another. The most relevant terms in grey are the one that overlap. 

When a specific word is hovered over when the Topic is pressed it allows to see whether 
that word appears in more than one topic as shown in Figure 7. On Topic 3 there is a clear 
overlap between two other topics which means that the words are shared with more than one 
topic meaning that this topic is not the most coherent topic. Coming back to the overlap map 
some topics are clustered within one region which accordingly to one of the tutorials (2) the 
more clustered the topics are the less relevant they become meaning that the model has been 
spread for over too many Topics. This should indicate that when working with the real data in 
the future the model should be tested on how many topics its suitable for. But how can it be 
done? This is when the Topic Coherence comes in which has been mentioned before. 
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Figure 7 – LDAvis after selecting Topic 3 

 When it comes to the analysis of what is the most suitable number of topics that should 
be used in the future analysis the coherence score should give us a suitable indicative. As 
mentioned before the overall score given for this model is (0.48) which is about a middle ground 
when it comes to the score but how can we easily see what would be the most suitable number 
of topics?  

Following the tutorial there is a suitable method for this. The method involves creating a 
loop which uses k as the number of topics so it can 
possibly start from 1 number of topics to whatever 
number user wants. The tutorial indicates that if the 
words are repeated too many times across multiple 
topics it is probably due to k being too big for the 
model. The numbers have been followed like in the 
tutorial and the results are shown in Figure 8. This 
figure shows what scores have been achieved at 
different number of topics each time. A significant 
rise of the score has been noticed at the score of 
0.47 when the number of topics is 8 yet then goes 
down again just to rise up again at 0.488 which has 

19 topics and has a better score than the previously 
mentioned value. Afterwards the line starts to straighten up slightly meaning that the appropriate 
number of topics for this model would most likely be 19 yet as shown in the Figure 5 the Topics 
start to cluster after Topic 8 hence its highly possible that number of Topics 8 would also be the 
most suitable because both the coherence score and LDAvis show it. Additionally, at the 
number of topics of 33 the value once again rises to the score of 0.498 yet although this could 
be potentially another good number of topics, for this research in particular we do not want to 
have too many topics. This would indicate that since there is no conclusive number of topics 

Figure 8 – Coherence Score 
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that should be used when it comes to the real data it would be most suitable to have a look 
again what both the coherence score and LDAvis show in the future when analyzing different 
models. 

Discussion 

 When it comes to analyzing the topics, it was very easy to interpret topics 2 and 3 as 
purely based on the words that have been used in the reviews it was easy to see what kind of 
topic it is and give it a name.  

It is possible to see that the Topic 3 talks about how good of a time you could have 
playing the game judging by looking at the top words in Figure 6; But this brings a question if 
that is enough of evidence to show what the topic is talking about? The answer is ‘most likely 
no’ as the model by itself does not show a clear trend and clear message of what the topics talk 
about. This also brings on the question on how can this be improved for the future? In order to 
improve on the interpretations, it could be useful to also look at other parts of the data such as 
looking at the top reviews within a topic, and with the top words create an analysis. The model 
has an ability to display reviews that make up that topic in order of the most fitting to the least. 
Comparing these to the already existing data from the game’s patch notes it will be possible to 
decide whether the topic is accurate and whether it fits the time frame. 
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Real Data - Latent Dirichlet Analysis 

In this section the primary data that has been scraped will be discussed along with all 
the analysis points and obstacles that have been encountered. Every single step will that has 
been taken will be described. The structure of this section will be following the steps that have 
been outlined in the pipeline provided (Figure 2). When looking at the stage 1 of the 
development stage we can see that deciding of the game and getting that dataset was the first 
step. 

In our original plan we have planned to scrape 5 games which then we would base our 
analysis upon. The number was not influenced by any statistic it was more of a decision made 
between the researcher and the supervisor, it was agreed that 5 would represent the data and 
research accurately and give a clear vision of variety in the analysis. The games that we have 
originally decided to scrape are Dota 2, GTA 5, PuBG, Counter-Strike and No Man’s Sky. 
 Dota 2 was scraped due to its popularity on the gaming platform Steam, it was selected 
as number 1 most popular game along with the count of the reviews being over one million. 
Along with Dota 2 the games like GTA5 and PuBG were ranked in the top 5 of the most popular 
games/most sold games on Steam (Steam, 2019). 
 When it comes to the No Man’s Sky, this game has been suggested by the supervisor 
due to its rich history of being badly reviewed up until it has been patched up by the developer 
which resulted in the game being reviewed positively. Unlike the previously mentioned games 
this game is not as popularly sold on Steam which should give another variance to the overall 
dataset of the games scraped. This might show whether the analysis requires the game’s 
dataset to have a large amount of data or if the model used can also work on a smaller dataset. 
Also, there is a research paper that has concluded a similar research on this game (Lu, Li and 
Nummenmaa, 2020) which has been previously mentioned in the literature review. 
 In case of Counter-Strike the data scraped was not enough for the model to make 
cohesive sense hence it was decided due to time limitations to skip this dataset. More about this 
will be discussed in the Evaluation section of this thesis. 

Scraping Data 

 When scraping our data, we have used a pre-existing tool provided that has been used 
in a previous research which required Steam data (Williams, n.d). The scraper has been made 
using Python programming language and it uses access to the Steam API in order to gather the 
data. The Scraper has a possibility of scraping a specific game by providing game ID from the 
steam application or steam website. With this ID once specified the API requests are sent and 
approximately 20 reviews are scraped per second due to the limitation of the steam API which 
only allows a certain number of reviews in a space of time.  
With a little editing of the scraper to fit our purpose we have managed to get the datasets for the 
games that have been previously specified. At this stage we have encountered a large obstacle 
which has hindered the research slightly. As the scraper has not been updated to fit the current 
Terms of Service of the Steam platform the scraper could not get all the data required. This has 
made it impossible to scrape all the reviews for selected games. As this is something, we have 
figured out only after we have already scraped that data, we have decided to use what we have. 
The amount of the data we have scraped is provided in the description of each game. The 
scraping of each games would take on average 2-3 days each but with the previously 
mentioned hinderance the scraping had to be sometimes repeated few times as the scraper 
would only output few reviews (below 100) which in comparison to the actual amount of reviews 
on Steam was incomparable. This has made the scraping take longer than expected which has 
delayed the research by some time, but this will be talked about later in the conclusion section. 
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The scraped data was always made to be saved into a csv file as that was it would make it 
readable by almost any text editing software. 

Dota 2 

Overview 

Dota 2 has been proclaimed the most popular game on Steam soon after its release 
where it has peaked at over 1.2 million registered accounts in March 2016. (Statista, 2020) With 
its popularity the game has reached all players around the world giving a name for itself as it is 
till this day one of the biggest eSports games along with games such as Counter-Strike and 
League of Legends. The game has been based on its predecessor DoTA which was a mod 
available on Warcraft 3. 

From the knowledge the researchers have on the game it was expected to find a lot of 
reviews referring to its predecessor as well as games in the similar genre which are MOBA 
(Multiplayer Online Battle Arena) games. There could be references to in-game objects, certain 
characters, and items but it is not expected that those topics will have a big impact. 

Development 

 As previously mentioned there has been encountered issues during the scraping of the 
game reviews so after multiple attempts at scraping of the dataset to get as many reviews as 
possible the best amount that was scraped was ~161000 reviews from over one million 
available according to the steam platform. Due to the time constraints the decision was made to 
stick with this amount of reviews. This amount of reviews consists of a ~10% of the overall 
available data which although is not a large chunk yet it is enough to perform a throughout 
analysis. Due to time limitations, it was decided to stick with this amount of data. 
 Once the data has been gathered it was important to firstly clean it up appropriately to fit 
the model and avoid any edge cases within the data. Inside the notebook the first step was to 
pre-process the data. Using the previously mentioned NLTK library available specific tools were 
very useful in cleaning up the data. Firstly, the csv file has been uploaded into the notebook 
then displayed in a table format in order to see what kind of data has been provided from the 
scraper. Although the data was looked at previously in a excel format it did not give as clear 
impression. When the data was uploaded it was straight away noticed that data contains 
duplicates of the same reviews written few times. This has forced us to use function to drop 
duplicates within the dataset that contained the same text of a review, this way it would delete 
only reviews that appear twice with the same text unless there are a very small differences in 
the text then the reviews were kept. After dropping duplicates, the number of the reviews have 
gone down by more than a half. From 171k reviews now the dataset consisted 76171 reviews. 
This has proved even more that the scraping tool has even more defects within itself yet at this 
stage the decision was made to continue with the reviews available. Afterwards the dataset was 
checked again by displaying the first 10 reviews that are in the document (df.head takes the first 
ten reviews from the document, 10 is the default value that can be changed) that have been 
found in the document along with the data attached as shown in Figure 9.  
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The clean-up begins with the removal of all new line characters as well as removing 
single quotes and spaces which would be distracting for the processing of the data. All of these 
are then placed in a list. Each sentence in the list is then tokenized where all the punctuation is 
removed separating each word into its own entity. As this is complete the words are then 
separated into the bigrams and trigrams using a Gensim library which as previously mentioned 
in the methodology section is an important step, it separates specific words into groups of two 
and three as they seem to appear very often together and by themselves they might not make 
much sense.  

Another step is that the stop words have been removed in order to avoid the most 
obvious topics that could spoil the data, it was set to be specifically English words to be 
removed as later has been found out that this library provides more than just one language stop 
word removal. The recommended stop words from the tutorial were removed such as ‘from’, 
‘subject’, ‘re’, ‘edu’ and ‘use’. These we selected due to the tutorial analysing the plain text 
emails hence just as a precaution they were also used within this research.; Additionally, stop 
words specifically selected for the game have been removed such as ‘game’, ‘dota’, ‘go’ and 
‘be’.  The remaining words are then lemmatized in order to not have different variations of the 
same word. 

From looking at the table it was visible that there was a lot of data that was not essential 
for the research such as author, game code, author’s playtime, author’s last time played date, 
vote and if the player recommends the game. This part of the data is not essential as this data 
doesn’t provide words that could be used for the LDA analysis. It could potentially be used for 
another type of project yet in case of this one it was safe to be put aside. When looking at the 
creation_time in Figure 9 it is easy to spot that this date format is not easily readable for the 
user as it is in a timestamp format and since one of the important factors was to sort the data 
into separate arrays of datasets with accordance to the time frames. The timestamps were 
converted into datetime format to make it easier for the notebook to process it. Once that has 
been accomplished the dataset was ready to be separated into timeframes. The selected 
timeframe was every 6 months from the start of the earliest review recorded inside the data 
frame. This time frame was decided as that way each time frame would end up with a sufficient 
amount of reviews as each timeframe had over 1000 reviews. 

Figure 9 – Scraped Data table 
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 As all these are complete its 
time to train the data through the 
Latent Dirichlet Analysis model. 
Before starting this it is important to 
decide upon factors of such as the 
number of topics, the chunksize 
(the number of documents passed 
in each training chunk) and how 
many passes should the training 
do. For the first attempt the 
recommended parameters that 
were used to get a feel of what kind 
of data will be returned which are 
20 topics returned, with chunksize 
of 100 and 10 passes. This way it 
was certain that the previously 
mentioned tutorial was followed 
correctly, and that the data would 
be of the correct calibre. The data 
was then printed with a command 
to show all of the 20 topics created 
as shown in Figure 10. The data 
shown displays 20 different topics 

where each topic is a combination of 
keywords and each keyword has a 

certain weight that puts on the topic; The higher the number the more important the word is to 
the topic. For example, in Topic 0 word ‘’valve’’ has a weight of 0.061 within the topic which in 
comparison to the second word ‘’update’’ with score of 0.039 has almost the double amount of 
weight. This could potentially tell us that the topic is about the company called Valve which is 
the developer of the game Dota 2. This will be talked about more in the analysis part of the 
development. 
 Yet once the topics have been presented and analysed an important question was 
raised, how is the current number of topics appropriate for this research? It was important to 
check if the number of topics that has been presented is appropriate. The tutorial suggested to 
use the coherence score in order to see what number of topics would be appropriate. Different 
models were created with a range from 0 topics to 40 to have a look what number of topics 
would be the most suitable for this dataset. This way it was easier to decide for the rest of the 
research what number of topics should be use for the rest of the datasets as performing this 
was very time consuming as the computation of this method took around 2 weeks to complete 
for the computer. As shown in the Figure 11 it was found that the 20 topics was the most 

appropriate value found for this dataset hence as 
previously mentioned this already made model was 
chosen for the analysis and this number of topics seemed 
appropriate also for the rest of the dataset. This number 
of topics was chosen as the coherence score is at its 
highest before the curve flattens out. 
 

Figure 10 – Topics from the scraped Dota 2 data 

Figure 11 – Coherence score 

of the Dota data 
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Analysis/Visualisation 

 In order to visualise the topics that have been created the first method that was 
encountered was visualising the topics using LDAvis library previously mentioned in the 
methodology section. As shown in Figure 12 the chart consists of a chart on the left-hand side 
plot which shows bubbles, each bubble represents a topic, the largest bubbles represent 
biggest topics with the most popular words aka the topics with highest amount of words. 
Basically, the larger the bubble the more prevalent the topic is. The bubbles that do not overlap 
can be classified as the bubbles which have a topic that only belongs to them whereas the 
bubbles which overlap share some of the topics. Since the chart is interactive it is possible to 
see which words are assigned to which bubble, if the cursor is moved over a bubble on the 
right-hand side the bar chart updates itself to show the words from most salient to the least 
salient in that topic as shown in Figure 13. The topic 1 is mostly made up only of words that do 
not appear in any other topic with the exception of word ‘experience’ which also appears in topic 
6. 

 
 

 Figure 12 – LDAvis of the Results 
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The next step is to interpret the topics based on the words that are in each topic. The 
researcher themselves had undertaken the interpretations of the topics to see if it is easy or 
hard to determine the topic names based on the words within the topic. 
 Topic 1 is the biggest topic within the dataset which consists of words such as ‘time, 
‘game’, ‘really’, ‘great’ and ‘get’ including other ones with a lesser score. Judging from these 
words it is easy to notice that the topic could be talking about user having a great time playing 
the game and words such as ‘hour’ are also included which means they spend hour or hours 
(remember that words have been lemmatized so it is possible that there could be a double 
meaning here).  
 Topic 2 talks about the characters themselves that are in the game, which characters 
are popular in the tournament and which characters give the most experience or require the 
most experience to play. The uniqueness of the abilities the characters have is also mentioned 
and compared to the first version of the game which was originally a mod within the Warcraft 3 
game. 

Discussion 

Yet as the analysis of the topics continues its visible to notice that this is not helping us 
answer all the questions. It is great to see the topics yet it is not possible to see the evolution of 
this topic throughout the time frames. One of the plans included to essentially do this for each 
time frame (every year) rather than one big dataset yet some time frames ended up with too 
small of a corpus to have anything valuable to come out of LDA. As well as this the time 
constraints of the deadline meant there is not enough time to do this for each game as building 
a topic could take some time. This meant that some data was not utilised at all which gives 

Figure 13 – LDAvis with Topic selected 
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enough reason to search for another method of analysing it. Yet luckily the LDA offers another 
way of making topic models with previously mentioned LDASequential. This is a method that is 
attempted next in order to answer the research questions. 

Sequential Latent Dirichlet Analysis 

Dota 2 

 This stage of the research focuses on the same dataset but using the Sequential Latent 
Dirichlet Analysis. The pre-processing process is the same as within the Latent Dirichlet 
Analysis section with no changes to the values within the data hence that will not be repeated in 
this section. As previously mentioned, this method allows to separate the data document into 
different segments, in this case timeframes. The same number of topics was also kept due to 
the fact that LDA has shown with the coherence score that for this dataset best number is 
twenty or eight and since eight topics doesn’t give a wide range of topics it was decided that 
twenty would be the most suitable number. 
  

 

 

 Currently in the LDASequential model the standard parameters that are given by the 
tutorial are the most suitable ones for this project hence these have been used. One of the first 
and most important parameters is the timeframes to look through within this game. As the first 
review received is from 2011 and now its 2019 there is a large amount of time and many 
emergent things that could possibly come up. It was decided to use 6-month time slices from 
the first review and see if each time slice has a reasonable amount of reviews. It was expected 
to find a low number of reviews within the first few time slices and then find a lot in the later time 
slices hence it was important to keep a balanced number of reviews per time slice throughout 
the whole research. In comparison, the time slice 0 which contains 6-months’ worth of reviews 

Figure 14 – Line graph of the topic share of each topic 
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had only 74 reviews, then the next one time slice 1 has 164 reviews. Throughout the time slices 
as the game gets popular it has more and more reviews. The maximum amount of reviews 
found within one time slice is 4057 reviews in time slice 12 which in comparison to the time slice 
0 or 1 is very big but first time amount of players recorded (75,041) in comparison to the time 
slice 12 to which around the game had ~1 million players is a big difference and it is impossible 
to make the time slices more ‘fair’.  

As the analysis progressed it took 6 days for the computer to complete to computations 
using the Gensim library within the Jupyter Notebook, hence the next step was to review what 
the analysis and what can we do with the actual results. The first thing that was done was to 
check the dominance of each topic throughout the timeframes, this allows to see which topic 
has the biggest data. As previously noticed in the LDA the topics are numbered from 0 to 19 
and topic 0 is usually the topic with highest amount of reviews in it yet not to be confused as the 
most dominant topic. Similar occurrence has been noticed in case of LDASeq when looking at 
Figure 14. Each peak on the graph shows different time frames, the smaller the peak the less 
words/reviews this topic uses within that certain time frame. This way it is possible to tell which 
topic was most relevant at what time frame leading to answering question whether game 
updates (which happen at certain time frame) have impact on the game reviews.  
Along with this graph, the most dominant reviews for each topic and the most dominant words in 
each topic allow for the self-interpretations of the topic model begin. The interpretations can be 
found in Appendix (Appendix 3 – Interpretations of Dota 2) and to ensure the clarity these 
interpretations are going to be only referenced in order to gain a clear image of what the actual 
trends are within the dataset. It is possible to see the whole process throughout of how the 
assumptions and interpretations were made for each topic. 
 The interpretations follow a pattern which has been previously mentioned in the 
methodology. Firstly, the most dominant words in the topic are being taken into consideration to 
give an outline of what kind of words players have used. Secondly, the most dominant reviews 
within each topic are taken into consideration. This will give a clear image of what the topic is 
talking about, usually the top words and top reviews will only be taken into consideration as they 
are what reflects on the topic’s true nature. Once an assumption of the topic has been made its 
matched against the patch notes of the game, in this case Dota 2. This step is only to confirm 
the assumptions made and to check whether they reflect them. This way it is possible to notice 
that there is a change, especially throughout timeframes as shown in Figure 14. 
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Figure 15 – Table of Topics 

Trends 

 All the interpretations have been given a topic and a number which then has been put 
into table of content to ensure that it is easy to see which topics reflects to what number and it is 
easier to find it within the interpretations as shown in Table of Topics Figure 15. The chain 
variance is a parameter within the LDASequential controls how fast/slow the topics within the 
model evolve. The reason it has been done is due to checking whether there is a difference 
between the models when the parameters are changed. More on this will be talked about later 
on within this research. 

Topic Name/Topic 
Keywords 

Topic Number 
– Standard 
Parameters 

Topic 
Number – 
Chain 
variance 
0.05 

Time spent on the game 0  
Playing with friends 1  
Game type 2   
Community 3 14 
Cyrillic Text 4  
Describing the game, 
positive 

5 16 

Other games within the 
genre 

6 5 

Describing 
Gameplay/Experience 

7 7, 8 

Discouraging players 
from playing this game 

8 15 

Spam 9  
Basshunter lyrics 10  
Items/Purchasable 11  
Random 12 3, 9 
Tutorial of gameplay 13 10, 18 
Unclear 14 6 
Games effect on player 
life 

15  

Another people’s views 
on the game 

16  

Spam/Swearing 17 2 
Languages 18 13, 17 
Spam 19 0, 12, 19 
Updates - 1 
Half-Life 2 - 4, 11 

The Tournaments 

 The most popular trend that could be evidenced throughout the data is within time slice 
7, 9, 11, 13 as that is usually when the Dota 2 world tournament is happening, and those time 
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slices include the reviews in that has been recorded in regard to the tournament. There is an 
evidenced increase of players coming back to the game before, during and after the competition 
with a decrease few months after (Source 4). This affects the data as the more players play the 
game the more reviews they leave. It has not been noticed within the data that the players talk 
about the tournament itself, yet the increase is steady as every single August every year has 
had an increase of players within the player base. The Tournament usually happens at the end 
of the July meaning more players play the game usually after the tournament. 

Rise of arena games 

 One of the factors that has been noticed when looking at the number of players and the 
reviews is that there was a large steady decrease of players from mid-2017 when games such 
as Fortnite and Playerunknown Battlegrounds (PubG) has been released. As PubG is one of the 
games that we will be discussing more on this will be mentioned later. The period after mid-
2017 can be called a Rise of arena games as that’s when those two games bloomed and 
reached a very high number of players resulting in the previously popular genre of MOBA to 
have a decrease of players that is discussed in some of the previous topics. In comparison, in 
the March 2016 Dota 2 had 1.3 million (4) players and by the February 2017 when PubG was 
released this number has been reduced to 1 million and by the January 2018 when the arena 
games have become very popular the Dota 2 had ~800 thousand players whereas PubG has 
reached 3.2 million players (6). This does indicate but not prove that a lot of players from Dota 2 
have possibly moved onto this game (or previously mentioned Fortnite). 

Dota 2 Closed Beta invitations/Release 

 The earliest year that it was possible to get a review for Dota 2 is 2011. When comparing 
with the Patch notes that are available within the Dota 2 website it is possible to see that around 
that time this game was still in the very beginning of the closed beta testing which meant that 
not a lot of people have had the ability of playing the game and since there is a small number of 
players it also meant that the number of reviews left is not going to be big. The first 3 time slices 
are around the time when the game was still not openly available hence the reviews were very 
sparse. Around the 2nd time slice there was a visible increase in the reviews hence a lot of 
topics that has been previously small emerged due to this affecting the overall topic share as 
seen in Figure 15 and as it has been previously mentioned within the interpretations of topics.  

End of DotA/All DotA character imported into Dota 2 

Within the time slice 8 there could also be seen a visible change on some of the topic 
sizes, some topics started to slowly increase in size, and some started to decrease in size as 
mentioned in the interpretations as can be seen in Figure 14. One of the things that was 
affecting it that was noticed was the end of the era of original Dota, the last update for that map 
was released meaning that if the players wanted to continue their journey, they would have to 
move onto Dota 2. This could possible mean that there were more players around that time 
frame (2015-06-09) that moved into the Dota 2 games which is evidenced to happen but in a 
comparable scale to other increases of player base. Another possibility is that the frustrated 
players who enjoyed the original DotA have come to the Dota 2 review section and started 
leaving negative reviews in effect also increasing the average amount of reviews and cause the 
anomaly of topics becoming smaller/bigger. Yet this is a plain assumption as there is no actual 
evidence expect the reviews that this is has been caused just by the end of DotA. 
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Analysis 

 Referring back to the research questions this has shown that using both natural 
language processing and LDASequential it was possible to analyse the datasets from Steam 
platform. There is evidence of few trends emerging from the data that can be used by the game 
developers to analyse where there have been successes in the game and at what points in the 
timeframe they match. If the game update has had an effect in majority of the topics, regardless 
small or big there was evidence that at certain time frames the reviews matched the patch notes 
and the changes made to the game. Not all patch notes could be found within the reviews as 
some of the patch notes had just small game life changes which made no major difference to 
the user; hence the user did not feel the need to post a review. The modification of the data 
could potentially allow to view better the change of reviewing activity, using this method it was 
possibly to only gain this knowledge but potentially with modification of the method and/or 
figures the data would give a different point of view. 
 Although the research questions have been mostly answered there was still interest in 
checking what would happen if for this particular dataset one of the parameters was changed. 
What difference would it make to the topics created and if there would be any new emerging 
trends that haven’t been found within the standard parameters. The chain variance parameter 
within the LDASequential model controls the topic evolution of the dataset and how freely the 
data can be moved around. 

Chain Variance – 0.05 

 The same dataset that has been previously pre-processed with the same variables was 
put through the LDASeq model again, yet the chain variance variable was changed this time 
from recommended 0.005 value to 0.05 (less likely to be random). This way the randomness of 
the data and the chance for the topics to become irrelevant and supposed to become smaller. 
As a lot of the topics that has come out from this model can be very similar to the previous 
model the decision was made to not include them in the analysis, just mention them as shown in 
the Table of Topics in Figure 15. 

Trends 

 In this model unlike the previous one a lot of topics repeat themselves. Quite few of 
these topics have a lot of reviews that have appeared in multiple topics which means that they 
must be sharing a lot in common not only in case of words but also in case of reviews. This 
possibly means that there is too many topics and it would be appropriate to reduce the number 
of topics to see if it is possible to receive a higher quality result.  

This way we it is possible to tell that the scores of product shares should probably be 
higher for the repeated topics and merged together. A lot of topics that have emerged in the 
previous model have not appeared in this model which could possibly mean that only the most 
important topics (even mentioned twice or more) are the ones that should be considered, yet 
this is hard to prove as the size of the topics share should indicate the importance of a topic 
rather than the number of times it has been mentioned. 

Discussion 

As seen in the previous model the same time slices have surges of reviews due to the 
rise of number of players or events such as international competitions. Since the topics and 
trends are very similar in both model this shows that the change of the chain variance value has 
not made that much difference. Out of 20 topics only 3 has shown to be slightly difference, as 
well as a lot of topics share the same amount of words and reviews which means that it kind of 
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takes the research back to the pre-LDASequential level as just with LDA there was evidence of 
a lot of topics repeating themselves. 

Since Dota 2 has had such a success in answering the research questions it was also 
interesting to see if other games will share a similar pattern where there will be visible trends. 
Although in comparison to Dota 2 other games have a significant smaller amount of reviews 
available its worth to take a lot at that data. 

PUBG 

Overview 

 At the time of the release (December 2017) PUBG was proclaimed the most popular 
game released on steam with over 3 million players worldwide (6). In comparison to the 
previously reviewed game this game is 2nd best when it comes to the number reviews left by 
players on the steam platform. As this game has had no predecessor games which could have 
sparked its popularity it was treated as a great success in the gaming industry.  

In late 2019 the player count was recorded at ~900k players playing the game which 
shows heavy fall from grace or simply users being tired of the game. This gives a clear overview 
that something must have happened to the game throughout the years to discourage players 
from continuing playing it. Due to the sheer amount of reviews this should allow the research to 
find possible reasons to what caused the games decline in popularity. 

The expected reviews that could possibly be seen are most likely to be reviews about 
this genre of games as survival arena games have been sparked by this game. Games such as 
Fortnite have been released soon after this game and both games have been previously overly 
compared by the game industry. 

Development 

 As the pre-processing of this game is very similar to the previously performed review of 
Dota 2 to keep the data fair and consistent pre-processing of the data has been kept the same 
with the exception of avoiding certain words. Similarly, the amount of reviews scraped was not 
large in comparison to what was available on the Steam API yet due to time constraints it had 
been decided to continue with the already scraped data. After removing the duplicate reviews 
from the data, the amount of reviews was 7515 which then had reviews with below 50 
characters dropped as well as it was decided that those are most likely not to bring anything 
useful into the analysis. 
 As the game had a shorter lifespan than the DoTA 2 the amount of months per time slice 
was changed from 6 to 3 which had given 10 time slices which would had been a half of this 
making it hard to pinpoint any important events in the data. The same as before 20 topics was 
chosen the same number was deemed to be sufficient.   
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Figure 17 – Table of Topics 

Trends 

 As in the previous game interpretations each topic has been given a number and a 
name which then has been placed in a table to ensure that it is easy to see which topics related 
to which numbers as in this case there is a visibility of multiple topics belonging to the same 
category as shown in Figure 17. Majority of the emerging trends will be visible on the graph. 

Topic names/Keywords  Topic Number – Standard 
Parameters  

Chinese Players  0, 1  

Company name  1  

Hackers  2  

Gameplay  3, 9  

Positive Reviews  4, 5, 14  

Suggestions  5  

Fortnite  6  

Keywords  7  

Region Lock  0, 8  

Graphics  11  

Bad feedback  11  

Uninterpretable 13, 19  

Banning  10, 12  

Updates  15  

Bugs  16  

Playing with friends  17  

Early Access  18  

 

Small Word Evolution  

It has been evidenced that with such a small amount of time frames there is a very small 
word evolution among the data. Mostly the words within each topic have no change between 
them throughout the timeframes or there is a small change, but it is not big enough to make any 
difference within the data. This could possibly be caused by the small amount of time frames 
which indicates that the data has not been analysed thoroughly. Currently we use 3-month time 
frames, but it would be possibly to reduce it to every month time frame, yet it doesn’t prove it 
would show a better evolution. One of the issues that could be causing this might be that the 
game has not been out for long enough for it to have enough reviews to see an evolution 
clearly, yet this is one of the issues that could not be mended. The only resolution to this would 
be to pick games that has been out for longer than 3 years just like where we have analysed 
Dota 2 which has been out for 7 years (officially) and 10 years since alpha release.  
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Figure 18 – Topic share of the 20 topics across the time frames 

Repeating Topics  

It has been noticed that throughout the data frame the topics have been pretty repetitive 
in one way or another having only minimal differences between meaning that just like in the 
Dota 2 data frame that has been analysed before there is too many topics in the analysis. 
Possibly reducing the number of topics would not over stretch the data making it more coherent. 
This causes a bit of cluster because it makes it impossible to know whether it would be more 
suitable to merge the currently analysed topics which are similar to each other or if they should 
be classified as different topics in themselves just like the LDASequential has. The similar topics 
and the repeating one can be seen in the table included at the start.  

Patch Notes  

It is almost impossible to create a comparison between the patch notes and the time frames as 
the patch notes do not include a lot of detail on what has been fixed in the version, only what 
has been newly added to the game. This makes it very difficult and in order to see what 
difference the developers have made in the certain time frame which possibly reflects the 
reviews is impossible. This could also be possible result of there not being that many positive 
results.  
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Figure 19 – Table of Topics 

Discussion 

 In case of this game, it is hard to distinguish what the topics are actually referring to, 
there is a high variance of words and reviews that are associated with those topics are making it 
hard to decide what the topic is supposed to refer to. This is possibly due to the topics being 
either too small, or the overall model doesn’t have enough reviews for it. Throughout the 
interpretation process it had been noticed that there were few mentions of other games within 
this genre of the game such as Fortnite and even one of the topic is fully focused on it yet apart 
from few reviews there is no distinct evidence whether the topic is talking about the success of 
the game or the downfall of it, just purely mentions of the game. 
 Regardless of this there are few topics which talk about positive feedback and give 
suggestions on either how to play the game or how the game could be improved which shows 
that there have been players who has enjoyed the game. The topic with the highest amount of 
share throughout the model is Topic 12 as shown in Figure 18 which mentions ‘banning’ users 
and how these bans have been unreasonable, possibly also relating to topic 10 where it shows 
that the game has had massive troubles with cheaters. This shows that potentially it could be a 
reason why the games number of players has decreased so massively throughout the lifespan 
of the game. 

Grand Theft Auto 5 

Topic names/Keywords  Topic Number – Standard 
Parameters  

Bigrams 0, 9 

Car 1 

Killing players 2, 7 

Online mode 3 

Broken 
English/Portuguese 

4 

Sale 5 

Time 6 

Hardware 8 

Unknown 10, 11, 17 

Modding 12 

Rockstar 13 

Discouraging from buying 14 

Hackers 15 

Game Content 16 

Good Graphics 18 

Bans 19 
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Figure 20 – Line graph of Topic shares of 20 Topics across time frames 

Overview 

 Grand Theft Auto (GTA5) is a game created by a developer called Rockstar who has 
also been involved into this game predecessors. Currently GTA5 is the latest installation in the 
GTA series. This game has been selected for this research as it has been marked by steam as 
one of the most successful games that has been sold on Steam. Currently it is one of the top 5 
games with most reviews along with previously mentioned Dota 2 and PUBG. According to 
steam it has peaked at 360k players (7) being not quite as big as previously mentioned games 
yet being one that has a large number of reviews on steam with around ~900k reviews which is 
almost as much as Dota 2. 

Development 

In comparison to previously analysed Dota 2 this game has a smaller timeframe results 
in a smaller timeframe distribution. For this game the data frame has been divided into 10 time 
frames every 3 months rather than 6 months as the time frames would be more skewed and 
harder to analyse as possibly the game has had more updates in the monthly timeframes rather 
than yearly. Unfortunately, just like previous games the scraper has not managed to scrape all 
the available reviews so the ones that were available were used for the research purposes. 
 

 
 

Trends 

Modding 

One of the things that was very prevalent, mainly due to the stacked chart displaying in 
the time frame 4 that the topic 12 which has been described as a topic about modding is one of 
the topics which holds the biggest amount of the topic share in time frame 4 as shown in Figure 
20. Modding has been introduced in the time frame and as players were getting to know it, it has 
been noticed that a large number of players left reviews which spoke negatively about it. This 

Time Frames 

 

T
o

p
ic

 S
h

a
re

 %
 



 

48 
 

shows that using LDASequential can actually detect anomalies such as this which then can be 
analysed more in depth. In the history of GTA5 this has been one of the biggest controversies 
among players whether the modding community should exist. The fall of the reviews about from 
the time frame 5 shows that the complains have been reduced yet when looking at the patch 
notes of this game from that time frame it is possible to notice that a fix has been implemented 
which resulted in players who used mods in online gameplay have been banned. As the reviews 
evidence this as well. This fix has been implemented due to the players complaining a lot about 
hackers and cheaters which used mods to give themselves large sums of money. 

Player opinion 

Throughout the data the topic that had the most complaints/opinions about the game has 
been topic 13, (Figure 20) although this topic is not very large in size its visible that it stays 
consistent throughout timeframes. Since this topic is the only topic that talks about user opinions 
it is safe to say that this game developer has done nothing to reduce the amount of negative 
reviews that they received throughout the lifespan of the game. Yet has also done nothing to 
increase the amount of negative reviews either. 

Hackers 

In relation to the previously mentioned Topic 12, Topic 15 focuses a lot on hackers that 
have been in the game, mainly increasing in the time frame 3. (Figure 20) Later, in the last time 
frame the size of the topic share decreases which potentially means that the company has 
overcome the hackers or that the players just stopped complaining about them. Either way this 
has a positive impact for the company. As both Topic 12 and 15 mention hackers there could be 
evidence of the link between hackers and introduction of modding. 

Discussion 

 Overall, the number of reviews that has been scraped for this game has been very 
sparse resulting just like with PUBG with the reviews being inconsistent. This has resulted in a 
lot of topics making no sense or being very hard to interpret which in result had not been 
classified with a title. 
 Although this issue has been encountered with this data there has been few trends that 
emerged within the data that has given enough information to create a conclusion. This data 
helps in answering the research questions as it shows how the LDASequential has assisted with 
the interpretations of the data. 

Chapter 5 

Project Conclusion 

Preamble 

Within this chapter the summary of the project will be provided with detailed discussion 
on how the findings from the previous chapter have answered the research questions.  
Furthermore, this discussion will elaborate upon how this research contributes towards the field 
of study and future research of natural language processing. This then will be summarized, and 
an effective future work plan can be made to ensure that there is a possibility of improvements 
on this thesis. 



 

49 
 

Summary of the Thesis 

 Within this thesis the topic of topic modelling and opinion mining within the game 
industry is firstly introduced. Secondly the review of the related literature was performed which 
outlined what the opinion mining entails and what kind of research has been previously 
conducted, all this has given an understanding of what to do and what to avoid when preforming 
the opinion mining and analysis of the data. From this the methodology and plan of progress 
has been developed in the next section in order to make sure that any mishaps or loss of time 
can be avoided to a minimum with a margin that would give enough time to finish the write up of 
the project. Furthermore, the next chapter, chapter four focuses on the development of the 
software which then explains the use of it and what kind of data we are getting. This data then 
goes on to explain how it is being transformed into a meaningful information. The data analysis 
gives a step-by-step process which then can be reproduced in the future. The results from this 
are then analysed and visualised to give a clear understanding of how they are going to answer 
the research questions and contribute towards the final goal. Although the research was 
extensive the results are not as thorough as originally planned and assumed. 

Discussion 

 The first research question ‘’how can natural language processing can be used to 
analyse game reviews?’’ has been answered within the literature review section of this paper. 
There are quite a few existing tools that have previously been used to perform natural language 
processing on game reviews. Within this research this view was only reinforced as testing of 
different kinds of methods has been performed. Where the previously mentioned Sentiment 
Analysis of the data was considered as the main method due to its nature of transforming text 
into a numerated positivity and negativity score, when testing this method with test data the 
results were good just for this question but when it comes to this research it did not provide 
enough in-depth information. This tool would help in monitoring the satisfaction levels the 
reviewers indicate (Bashir, 2017) as well as give an overall average of whether the game 
reviews within the dataset give a positive or a negative opinion score.  

Bayesian filtering is one of the topic modelling methods which was also considered as 
one of the methods that could be used that also could prove to be beneficial because it could 
remove the spam that clutters the game review websites/platforms which were previously 
mentioned within the Topic modelling section of the literature review. Game industry would 
benefit a lot from this method as when scraping and interpreting the reviews from Steam there 
has been a lot of reviews which were below 50 characters or just repeated words which 
suggested that they did not contribute to the research or give a valuable or serious opinion. 
Currently this method is mainly used to filter emails and messages (Androutsopoulos and 
Koutsias, 2000a) and it would be problematic for any company to delete those reviews or 
invalidate them. This filter could be used to show the most valuable reviews to the user first and 
then allow the user to go through other less valuable reviews which have been classified by the 
filter as spam.  

This is where the LDA and LDASequential have proved to be the appropriate method to 
answer this research question. Within the previously mentioned Test Data test the information 
received from these methods were more than good enough to provide a deep insight into the 
data. 

There have been mentions of other methods in the literature review such as Sentiment 
Analysis, yet the one that proved to be the most fruitful one within this research and other 
research projects - is the one performed 7 years ago by Livingston (Livingston, Nacke and 
Mandryk, 2011) - is Latent Dirichlet Allocation (LDA) and Sequential LDA (LDASequential). 
Where other methods proved to be less efficient these topic modelling techniques proved to 
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succeed. This leads into the second research question “how will LDA and LDASequential 
contribute to analysis of Steam reviews?”.  

As previously mentioned in the development stage of the project, this method has 
proved to be the most successful one when compared with the other available methods such as 
Sentiment Analysis. Although it was successful, this method was very time consuming, 
especially when it comes to LDASequential; where LDA would take a few hours to process the 
provided data and model it, LDASequential would take a few days with the added risk of failing 
to completing the modeling successfully. This has forced the researcher to have an active log 
turned on whilst the model was created for the purposes of predicting and reflecting on which 
parts of the model creation fails, to prevent it from future failure. The snippets of the log are 
provided below as the whole log could not be shown due to the size of it. 
 

First two entries within the log: 

 
2020-04-06 13:01:49,766 : INFO : collecting all words and their counts  

2020-04-06 13:01:49,767 : INFO : PROGRESS: at sentence #0, processed 0 words 

and 0 word types  

 

Last two entries within the log: 

 
2020-04-07 14:55:16,999 : INFO : saving LdaSeqModel object under 

models/dotaldasequential_dota_try2, separately None  

2020-04-07 14:55:29,537 : INFO : saved models/dotaldasequential_dota_try2  

 

This helped in reducing the time it took for the models to be created yet it did not prevent 
issues with a few topics within the model making no sense, or at least being too hard to interpret 
by the researcher. LDASequential proved to be a better tool for the analysis of the Steam 
reviews as - at least within this research - it was important to keep the data within the time 
frames so any trends that emerge in different time frames can be easily recognized. With LDA 
the user could only use the overall trends within data which, while useful in different research 
projects (Sugimoto, Li, Russell, Finlay and Ding, 2011) – doesn’t fit very well into our task due to 
time-frame differences; Sugimoto’s research used dissertations from as far back as the 1930s, 
whereas this project utilizes data spanning only 10 years. LDASequential’s processing takes 
longer the larger the data’s time frame is hence, if the research is short on time, it might be 
more beneficial to use an LDA method on specific subsets of the time frame rather than for the 
entire time frame.  

Both LDA and LDASequential give an in-depth analysis of reviews from steam (or at 
least the ones that have been scraped successfully) and, in the case of LDA, the model can be 
passed into a visualization method called LDAvis (Chuang, Manning, and Heer, 2005) which 
clearly indicates which words are included in which topics, which topics are unique, and which 
topics share a lot of words among themselves. Topics which share a lot of words could indicate 
that reviews in those sets repeat words a lot, indicative of spam or non-serious reviews. If the 
better hardware and software were provided for this research, there could be a possibility of 
speeding up the process. The hardware used for this research was a PC with an Intel Core i5 
2.80GHz processor as well as 16GB of RAM. In case of hardware, it was not the fastest 
available hardware, but it was assumed that it would be enough for this kind of analysis. It is 
possible that with an update of the hardware there could be minor improvements to the speed of 
processing the data. The software used is Windows 10 with a Jupyter Notebook that at the time 
was the fastest known to the researcher software hence most likely to speed it up the hardware 
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upgrade could be implemented. The test computer was a desktop PC which had appropriate 
ventilation so there was a low chance for thermal throttling. 
 When it comes to the third question ‘’How does pre-processing change the results of the 
LDA and LDASequential’’ it was fairly easy to notice how the pre-processing affected the data 
that was gathered. As indicated, it has affected greatly the number of reviews that have been 
left by the users. When removing reviews with less than 50 characters a lot of the ‘clutter’ 
reviews have been removed. These reviews would not contribute greatly to the research as 
previously shown, these reviews just make up their own topic and usually make no sense. Yet it 
has also negatively influenced the data as sometimes it would be found that these short reviews 
held a high percentage of the overall number of reviews. In games that has been scraped such 
a ‘No Man’s sky’ after pre-processing the reviews there has been barely any left making these 
reviews hard to push through the LDASequential. Possibly by tweaking the pre-processing 
further there could be found a middle ground to still use these yet it since the time was essential 
at this point of the research it was decided to drop this dataset rather than keep playing around 
with it. It shows that pre-processing is important to keep in mind and have an appropriate 
strategy when tackling it in the future. Similarly, to this removing duplicate reviews has affected 
the datasets as the scraper has managed to somehow scrape the same reviews few times. As 
previously mentioned, a lot of reviews have contained certain words that we have expected to 
find within the data such as the game name of the specifically scraped game and the actual 
word game, among others. This was an important step as it would save the research from 
having topics made based on the word such as ‘game’ and the game name as it was found 
earlier in the test data. 
 Within the LDA and LDASequential modelling there is a possibility of also changing the 
number of topics created for the model and only in case of the LDASeq chain variance value. In 
case of the number of topics as previously mentioned in the development stage it has an effect 
on the topics made as if the dataset is not large or has a high number of repetitions sometimes 
the topics that could be one topic are split into multiple topics with a small variance. After 
attempting to create a model with less topics within the Dota 2 dataset it was found that the 
topics did not make much sense and it was more suitable to keep standard number of topics of 
20 as the measure to be used within other topics. In addition, the chain variance value has been 
changed to see whether the topics within the dataset have changed. The lower the chain 
variance the lower the randomness of the data and possibility of the data within the topics to be 
irrelevant is smaller. Why do this? This technique allows to control the topic evolution of data 
and notice if the data moves more freely. Looking at the results its noticeable if any of the words 
in the Top 10 have moved up within. After making a model with the chain variance value of 
0.005 rather than original 0.0005 it was possible to see that the models have changed indeed 
yet where there was a bigger variety of the topic distribution within the standard value with the 
new value a lot of topics have started to repeat themselves which resulted in a smaller number 
of valuable topics which could actually mean something. 
 In order to reduce the bias within the data the decision was made to remove score which 
usually comes with the steam reviews. That was it would be impossible to tell if the user has 
actually scored the game positively or negatively when interpreting the reviews. These scores 
could be used in the future for other purposes such as Sentiment analysis yet within the 
LDASequential model they have not mattered. When the data was being interpret there was 
nothing that could suggest whether the data is positive or negative. 
 Lastly to answer one of the last research questions ‘’What is the correlation between the 
game updates and game review analysis results? ‘’ can be seen throughout the results. In case 
of Dota 2 there was evidence when crossmatched with game updates and events that when a 
tournament was happening there was an influx of players which also meant there was more 
reviews left at the time. When looking in depth into the reviews it is possible to also notice how 
the other games were mentioned such as PUBG which is also one of the games used within this 
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research. Crossmatching the dates and the events a reduction in reviews of Dota 2 can be 
noticed as the rise of reviews within the PUBG is happening. In case of GTA5 there has been 
evidenced that when the modding was introduced to the game an influx of reviews which 
mentioned it has also happened, showing that there is a correlation between those two events. 
All these can be noticed in the graph where topics talking about these specific events have 
bigger topic share in selected time frames. 

Contribution 

Overall, this research contributes to the field of studies of Natural Language Processing, 
as well as the Games Research and Development because it gives a clear explanation and 
offer an understanding of how to use specific NLP tools as well as it shows a connection of how 
to can games studies research be connected onto the NLP field. This way the future 
researchers could find out what kind of techniques has been used and which have proved to be 
successful and which ones could be still improved upon. It should also encourage future 
researchers to elaborate onto this heavily unexplored field of study.       

Natural Language Processing developers can see in-depth how the data was pre-
processed and potentially use these methods in the future in their research. They will see which 
kind of pre-processing techniques have been used and which one have improved the data for 
the LDA and LDASequential model and which kind of data might have been unnecessary. 
Researchers who would like to use a similar data scraping technique would see that although 
the technique used within this research has not managed to get all the data; they would be able 
to use it as a baseline of where to begin. It is possible that also the game developers and 
researchers could use this thesis as a stimulation for how to make better decision throughout 
the lifespan of a game development/planning. This research addresses the issues which have 
been seen within the game development community for a long period of time such as how can 
game reviews be used to improve the quality of the games and release, or another example 
which reviews should be taken under consideration; those have been elaborated on in the 
literature review of this research. 

The results within this research show that only some of the games have proved to have 
reflected upon the feedback given within the reviews of the game. Games such as GTA5 and 
Dota 2 have shown reflection whereas PUBG has not only proved that the game developers 
have not reacted to any feedback but has elaborated the problems further. The modification of 
the figures could potentially assist in distinguishing the reviews further. Having another method 
on top of this one would give another point of view to the changes across the time frames as 
well as potentially show more data which could not be obtain using these methods. 
Looking at the influx of reviews at specific time frames and comparing them against the number 
of players at those time frames has also shown that there can be drawn a correlation between 
specific events and the reviews within those time frames. In the game Dota 2 there has been 
evidence that when the world tournament is occurring every year there is a bigger number of 
players playing the game as well as an increased number of reviews which specifically talk 
about this tournament.  

Within the models itself the potential researchers can draw upon the number of topics 
that has been generated within the models. As the coherence score has been used to detect the 
suitable number of topics the future researchers can also use this technique to mandate their 
number of topics or use this technique to figure out themselves which number of topics would 
be the most suitable for them. 
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Limitations and Future Work 

 The biggest limitation that has the researcher put themselves under is using only one 
data modelling technique. Although as shown in the literature review multiple different 
techniques has been research only one, which is LDA and LDASequential has been decided on. 
This was heavily based on the time limitations that has been imposed by the data scraping and 
poor time management yet to improve on it in the future it would be more than suitable to 
explore different methods that produce similar effects in order to decide which method fits the 
game review data better. Additionally, it would be useful to gather more than just one dataset for 
the game, so as previously mentioned for specific games the Steam service could be used as 
well as a different games review website. This way the data would be more varied and have a 
smaller chance of being inaccurate, especially if both datasets prove the same thing. 
 Another big limitation that proved to hinder the research was previously mentioned data 
scraping. Firstly, mainly because the website which was going to be firstly used for data 
scraping have changed their terms and conditions which has greatly reduced the amount of 
data available for this research. This has forced the research to use the steam reviews instead, 
which originally planned was going to be used to give flavour to the research, and a higher 
variety of data. Developing a tool to scrape these has been proven to be unsuccessful so 
instead we have used already developed tool for scraping steam reviews. Yet as this tool has 
been developed few years before it has not following fully the terms and conditions outlined by 
Steam either which every single year as a security precaution have been changed; there was no 
way of telling before attempting to scrape with that tool if the scrape was going to be fully 
successful or hindered somehow. During scrape there was many repetitions of reviews scraped 
as well as not all the reviews could be scraped by the tool. This has been caused by the refresh 
rate at which the scraper was scraping the data. By tweaking the refresh rate to lower value, it 
was possible to get more reviews than previously and improve the timing which it took to 
scrape. Previously we would get approximately six thousand reviews whereas with that tool we 
have managed to get over hundred thousand reviews. Although this has improved the data it 
meant we still did not have all the data available. 
 The data scraped proved to be useful in cases of few games yet in games such as 
PUBG as previously mentioned there was not enough reviews for the data to actually make 
sense. This has extended the research time further as multiple more attempts were made to 
scrape the data with no good enough results. Hence, we were forced to use the data we have 
managed to get. Unfortunately, in case of the game ‘No Man’s sky’ that has been planned to be 
analysed proved that the scraping tool could not get all the reviews for that game so that 
specific dataset had to be abandoned. This is something that could be improved on in the future 
as by gaining all the reviews for this game would be the hardest task as the model and the pre-
processing has already been pre-determined. 
 As mentioned PUBG data has proved to cause few problems yet ultimately that dataset 
was big enough to be put through the LDA and LDASequential model. As that was done there 
was few topics that emerged successfully, yet the majority was a cluster of different topics 
sharing a lot of words and reviews. This has shown us that the solution to this problem could 
possibly be reduction of topics produced by the model by that specific dataset. Yet as to keep 
the fairness of the analysis and not to waste time we have no attempted to do that. If to use the 
same dataset instead of attempting to scrape yet another one, in the future the researchers 
could use a smaller number of topics either for this particular dataset or all the datasets used 
which would show which models fair well with a smaller number of topics.  
 Although we have tried to keep the fairness within the data there had to be made few 
pre-processing improvements which would make the data more malleable for the model. These 
changes were crucial. Instead of using 12-month time frames which have been originally 
planned we have used 6-month time frames for the game such as Dota 2 as it had the biggest 
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date range in comparison to GTA5 and PUBG where we have used the time frame of 3 months 
in between each model created within the LDASequential. This has greatly improved the 
datasets and has allowed us to see more in-depth changes whether there is actually any 
correlation between the game reviews and game updates which as previously mentioned is a 
reference to one of our research questions. 
 When testing changing different values input into the LDA and LDASequential models a 
Chain Variance value has been encountered which has had a promising use, especially for this 
research. Yet unfortunately when the value of chain variance has been changed from 0.005 to 
0.05 the model did output topics, yet those topics have not had any major changes within the 
data. As shown previously the model clustered more of the topics together making them a lot 
harder to interpret which resulted in also unclear interpretations. When analysing the topics that 
we have managed to interpret correctly they did not show anything unique which haven’t been 
seen in the model with the standard chain variance value. Possibly if the chain variance value 
was studied more in-depth as well as more time has been used on the testing of this a more 
suitable model with better topics could be achieved. 

Future Work 

 Keeping the same number of topics for each data set seemed to be the fair way as that 
way the models are analysed in the same manner and there has been no specific bias for any of 
the data sets. Performing coherence score analysis of the test data has also indicated that the 
best number of topics would be around 20 topics which seemed like a reasonable amount for all 
the games as shown in Figure 8. This has also managed to hinder the research as due to 
inability to scrape all the datasets reducing topics could had been something that could be 
analysed more. In the future if this topic was revisited, it would be one of the bigger changes 
that could be possibly made. This could improve the data and improve the quality of the topics 
that would come out of the model. 
 In order to improve the data further it would be good to work with the chain variance to 
see whether the change of the number of topics and change in the chain variance value actually 
increase the readability of the topics. This way it would be possibly to find the best number for 
each topics and see how big the data set has to be in order for it to be used with, for example 
20 topics. 
 As the dataset is constantly evolving it would prove to be beneficial to keep the research 
perhaps automated with scraping the reviews every month. This way the dataset is fresh every 
time and that way the tends of change could be tracked over time. This would have no effect on 
the older datasets, yet it could help in tracking the change of topics share of each topic as well 
as possibly notice whether there are new trends emerging within the data.  
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Appendix 1 - Timeline 
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Appendix 2 - Pipeline 

 
  



 

64 
 

Appendix 3 – Interpretations of Dota 2 

Standard Parameters – 20 Topics, Chain variance of 0.005 

All these words are top words across ALL time frames in no particular order 

Topic Number Top Words 

0 Play, get, be, have, not, never, hour, time, s, start 

1 Play, fun, friend, good, time, get, really, recommended, great, learn 

2 Player, valve, game, original, experience, warcraft, curve, genre, mod, moba 

3 Play, player, people, community, team, get, match, game, bad, make, match 

4 Russian Cyrillic words 

5 Ever, best, good, play, hate, love, have, make, game, bad 

6 League, lol, legend, moba, well, good, graphic, much, nice, better 

7 Great, strategy, hero, skill, good, moba, game, team, teamwork, gameplay 

8 Not, do, play, get, know, be, suck, even, want, stop 

9 Noob, cyka_cyka, epic, feed, step, feed, step, simulator, half, edit 

10 Server, thank, man, peruvian, country, volvo, fucking, ban, word, doto 

11 Item, free, valve, new, hero, make, buy, update, money, change 

12 Human, techie, chess, add, cup, fire, deserve, give, grade, announce 

13 Hero, team, enemy, character, item, kill, ancient, support, character, ability 

14 Ñ�ÑƒÐºÐ°_Ñ�ÑƒÐºÐ°, girl, rip, remove, gay, install, hot,  
platerscunt_platerscunt, retard, haha 

15 Life, ruin, would, want, make, real, soul, gaben, destroy, kill 

16 Get, let, lose, make, would, say, day, minute, would, cancer 

17 Fuck, shit, ass, shitty, que, bitch, com, asshole, valve 

18 Russian, learn, language, eat, speak, good, english, chinese, sea, server 

19 Click_click, fking_cancer, cancer_revorn, pls, coordinate, bobo, dis, rat_rat, 
redownload, jeffmy_name 

Topic 0 – Time spent on the game 

The word play is always on the first position in this topic, most likely because it is the 

most popular word used in our data. Will have to bear in mind that this word should probably be 

removed with words that also appear in that topic like: get, be, have, not, s, go. I believe this 

topic in a majority consists of words that are most popular words within the whole data. Majority 

of those are linking words and since the dataset is about computer games the word ‘’play’’ is the 

most often used word. When looking at the time slices and evolution of the words within the 

dataset the word ‘’hour’’ starts to move up until the last timeframe we can see that it moved to 

the 2nd most popular word within that Topic. In relation to this word it could possible mean that 

the game time has been extended as in Patch 7.07c (2017-11-17) the respawn time of the 

player has been extended in results extending the game time, assumingly to an hour. The topic 

also includes the word time which also has been moving up in the word score over the time 

periods, yet this word has not moved up as much as the word ‘’hour’’ has.  
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When looking at the most popular reviews in the topics in case of Topic 0 we can see 

from the first few reviews that the words such ‘’when’’ and ‘’hours’’ has already been mentioned. 

One of the Top 10 reviews for the topic says  

‘’This game man. I’ve spent >470 hours so far and loved almost every second :D I guess 

there’s a reason it is one of the most played games’’ 

 Which slightly proves to us wrong as the review speaks about hours spent on the game 

rather than the amount of time the games last or the respawn time for the player takes. Yet the 

amount of time spent on the game might also increase with that previously mentioned update as 

the games are taking longer due to the respawn times being updated.  

 Looking at the rest of the top reviews for that topic and taking into consideration the top 

words and their evolution it is safe to assume that the theme of the Topic is how long the user 

has spent on playing the game. The possible reason to why the top word ‘’play’’ doesn’t change 

is due to the fact that the reviews always mention hours ‘’played’’.  

 When it comes to the dominance of the topic overall when looking at the stacked chart 

the topic covers a decently large portion of the corpus, it starts small and gradually increases 

with a spike in the time slice 2 where time slice 2 start date is 2012-08-15. Once again when 

looking at the Dota 2 Patch history which matches the time slice’s date the game has entered 

the stage of open beta testing meaning any player has been allowed to test the game hence a 

lot more reviews have been added in comparison to the previous reviews. Additionally, since 

most of the reviews within this topic talk about the time spent on the game it is to no surprise 

that the topic has started to emerge after a 2 years of game testing release as of previously 

people would not be able to brag about their time spent on the game. 

Topic 1 – Playing with friends 

 Similarily to the Topic 0 the most popular word within this topic is also word ‘’play’’. This 

topic also uses words such as ‘’fun’’, ‘’friend’’, ‘’good’’ and ‘’time’’ which allows us to assume that 

this topic speaks about playing with your friend and having a good time. There is not much 

change within the topic over time, the words and their scores do not change dramatically over 

time and when looking at the evolution of the topic there is small fluctuations between the words 

overtime, usually changing just by one spot with a minimal difference in score. 

 When looking at the top 10 reviews for that topic talk about how the player has enjoyed 

their time playing this game with their friends and how they would recommend the game just 

purely basing it on the experience they have had. The most popular review is  

 ‘’Been playing this game for many many hours and loving it still, If you can find a group 

of players you can play and trust you will enjoy it even more win or lose. Get downloading its 

free!’’ 

  Which relating to the previously mentioned top 10 words for this topic it shows that this 

topic is definitely about playing this game with your friends and still loving it after spending x 

amount of time. A lot of review talks about that they do recommend this game due to their 

personal experience with it and how good it is to play with your friends. Looking at the rest of the 

top reviews there is a clear evidence why the Topic top 10 words do not change much overtime 

as the group of reviews used in this topic mainly talks about the same thing over and over again 

which kind of shows that the player opinion doesn’t change that much with the updates and the 

game is still a good game for players who would like to play with their friends. 
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Looking at the stacked chart Topic 1 is also quite big when it comes to looking from start to 

finish. Once again as in the previous topic there is a fluctuation of the size of the topic in the 

stacked chart at the time slice 2 as previously mentioned is due to the rising number of the 

comments made by the users as the number of users possibly has risen due to the rise of 

popularity of the game. With the time going by the Topic is getting smaller slightly in comparison 

to when it was at slice 3 due to the possibility of fall of this kind of reviews within the data. 

Possibly due to fall of the number of players in the player base which before has been slowly 

increasing to more and more. Ever since slice 7, every two slices there is a fluctuation of the 

data up and down. This is possibly caused by the fact that every single year in July, around that 

time the slices 7, 9, 11, 13 is when the International Dota 2 competition is happening and 

straight afterwards there is always a significant rise of players coming back to the game after 

possibly watching the competition. This affects this topic because there are more players 

leaving this kind of reviews which affect the score. This kind of fluctuations can also be 

evidenced in other Topics which will also be mentioned later on. 

Topic 2 – Type of the game 

 In this topic we can see the top word has changed to the word ‘’player’’ which overtime 

has been overtaken by the word ‘’game’’ and has fallen down by few positions in the top 10 

words. When looking at the top 10 words within this topic we can see words such as ‘’valve’’, 

‘’game’’, ‘’experience’’ and ‘’warcraft’’ to appear which when looking at the correlation do not 

have much to do with each other apart from the facts that both valve and warcraft are creators 

of Dota games. In case of warcraft more of being an engine on which the Dota mode has been 

created but that doesn’t eliminate the correlation. Words such as ‘’MOBA’’ and ‘’curve’’ are also 

mentioned and have evolved over time to go further up in the Top 10 words scale score. This 

could possibly be because with the progress of time more games like Dota 2 have been created 

and the genre was called ‘’MOBA’’. MOBA meaning Multiplayer online Battle arena which can 

also be known as action real-time strategy.  

When looking at the Top reviews for this topic there is mentions of this game being ‘’multiplayer 

game’’, ‘’classic MOBA made for players both casual and competitive’’ and ‘’Real Action RTS for 

E-sport’’ which proves that this topic mainly focuses on the type this game is. Further down in 

the top reviews for these topics the reviews mention Dota 2’s predecessor which is Dota that 

has been made as a mod in the Warcraft 3 game. ‘’Mod’’ is also a word that has evolved over 

time in the topic hence this proves that the reviews which mention Warcraft 3 are the source of 

this word. There are no distinctive reviews like in the previous topics which would capture the 

whole essence of this topic yet its safe to assume this topic discusses what kind of genre Dota 2 

game is and how it relates to its predecessors. 

Stacked chart shows that this topic has started quite big within the first time slice and similarly to 

topic 1 it has quite big fluctuations of data when the tournaments have started as shown 

possibly due to the fact that a lot of players who also play other games similar to Dota 2 like to 

compare it to its predecessor and talk about its genre because they also play different games of 

this genre. By the last time slice this topic is very small possibly due to the fact that this topic 

has already been exhausted and not many people see a point to talk about it hence why its 

possible since the game was new at the start that’s why people were talking about its genre. 
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Topic 3 - Community 

 Once again the just like in Topic 0 and Topic 1 the word ‘’play’’ is heavily used within the 

first few time slices within this topic just to be taken over heavily by the word ‘’player’’ which is 

found to be able a top word in Topic 2. By also looking at other Top 10 words used such as 

‘’people’’, ‘’community’’ , ‘’bad’’, ‘’match’’ and appearing heavily in late time slices (it moves to 

the Top 5 word from slices of 12 to 15) word ‘’toxic’’ shows us that this topic is mainly talking 

about the community of this game where it describes negatively about the players and matches. 

The word ‘’toxic’’ has emerged recently within the gaming community hence this is possibly why 

it has suddenly appeared as one of the most popular words. This word described a player who 

has intentionally negatively impacted the game hence it fits perfectly into the model. Further 

down the list beyond Top 10, more into Top 20 words the word such as ‘’report’’ and ‘’system’’ 

appear also suggesting that the reviews within this Topic talk about how to punish those ‘’toxic’’ 

players. 

When looking at the Top 10 reviews that are being used within this topic, we can see that some 

of them are speaking strong about the players and their toxicity. For example, one of the 

reviews says  

‘’This game is horrible. Valve is horrible. They cannot balance heroes in this game. They cannot 

macthmake evenly. Reports against players basically do nothing because they need a large 

amount of report to anything to happen...’’ 

Or additionally 

‘’Seriously, there are people like us who just wanted to play for fun. Stop queueing us with toxic 

players…’’. 

This shows that as predicted with the Top 10 words these reviews prove that the main theme of 

this topic is the toxic community how it impacts the community as well as the matches that 

people play in.  

When it comes to the topic proportions the Topic 3 has emerged to be very small Topic in the 

early time slices yet as it develops overtime it grows exponentially to become the biggest topic 

around slice 12 taking over 0.15 of the overall shares of topics. This could possibly be caused 

like with the previous topics that the number of players has dramatically increased with the time 

and the number of complaints within the reviews has also increased as the player has a bigger 

chance at an encounter of a bad player. This could be evidenced just like with the previous 

topics by the fact that the number of reviews has increased just during or after the tournaments 

have happened affecting the data and its size. 

Topic 4 – Cyrillic text 

In this topic it is very hard to describe what the topic is about because everything is written in 

Cyrillic script which is a common writing system for the Eastern European countries. The 

language that could be mainly spotted within this topic is Russian and Ukrainian. This is the only 

topic with Cyrillic letter hence its safe to assume that the LDASequential algorithm has put all of 

the reviews in that language together. 

When it comes to the topic share of that topic on the stacked chart its possible to see that to 

begin with the topic was small (0.025) in comparison to the other topics and has only became 
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smaller (0.01) with the timeframes. The size doesn’t change much after the 4th time slice 

meaning there has been a steady unchanged flow of this kind of reviews. 

 

Topic 5 – Describing the game, positive 

In this topic we can see that the most popular words used are ‘’ever’’, ‘’best’’, ‘’good’’, ‘’love’’ and 

‘’hate’’ which allows us to safely assume that this topic consists of emotional words which 

describe the game as the word ‘’game’’ also appears in the Top 10 most often appearing words. 

The word within the time slices do not change a lot with mild changes between the Top 10 

words  where ‘’good’’, ‘’play’’ and ‘’love’’ go up with their scores of Topic share and ‘’best’’ goes 

down a few positions meaning there has not been many reviews anymore describing the game 

as ‘’best’’.  

When looking at the Top 10 reviews for this topic majority of the reviews are repeated words or 

simple reviews describing the game as a certain. For example, there are reviews like:  

‘’ BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST BEST 

BEST BEST BEST’’ 

But also reviews such as: 

‘’ One of the best game's I have ever played and without a doubt the best Free To Play ever 

made. 10/10’’ 

Meaning that the algorithm has picked out the words describing the game, not the experience. 

When it comes to the topic share the topic has had continuously been within the same score 

margin of 0.02 of overall topic share through all of the time slices meaning that the game has 

always received the same amount of ‘’good’’ or ‘’bad’’ describing topics. 

Topic 6 – Other games in this genre 

This topics Top 10 words consist of ‘’league’’, ‘’lol’’, ‘’legend’’ and ‘’moba’’ which describe one of 

the top Dota 2 competitors which is a game called ‘’League of Legends’’ or ‘’LoL’’. Within this 

topic the word distribution change is very chaotic as the words that make up the name of the 

game (‘’League’’. ‘’lol’’ and ‘’legends) change their places around in the Top 10 words 

constantly. Words that describe the other game are also present in the Top 10 such as ‘’good’’, 

‘’graphic’’ and ‘’nice’’ or ‘’much’’ and ‘’better’’ which possibly indicates that the reviews are 

talking about the game being better than Dota 2. 

When looking at the top 10 reviews for this topic they prove the theory that the words describe 

that the League of Legends is better than Dota 2 as reviews such as this can be found within 

the Topic. 

‘’ Not a good game compared to League of Legends. THIS GAME IS NOT FOR ME BUT 

LEAGUE OF LEGENDS IS WAY BETTER SORRY THO ITS JUST SO MUCH BETTER’’ 
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But its possible to also see exceptions as few reviews describe Dota 2 as the superior game 

meaning that possibly there is quite a balanced discussion within this topic on which game is 

better. 

‘’Really awesome game :) way better than league of legends or heroes of nethereth’’ 

Within the Top 10 reviews that make up the topic there has been also mentioned another game 

which is called ‘’Heroes of Newerth’’ that is very often mentioned but doesn’t appear in the Top 

10 words meaning it might also be compared in the reviews to Dota 2. 

In case of the topic share this topic starts strongly with 0.1 overall share in the first time slice just 

to become smaller and smaller and end up with a share of ~0.025 from time slice 10 to the time 

slice 15 which is the last time slice. This possible means that the reviews comparing the games 

in the same genre have reduced due to the fact that the topic has been possible exhausted, and 

people saw the previous reviews comparing the games and did not think it was that necessary. 

Additionally, the time slice 1 (~2012) was the time when the ‘’MOBA’’ games popularity has 

erupted hence the player base was possibly larger to what it is now.  

Topic 7 – Describing the gameplay/experience 

In this topic the top 10 words that can be seen are ‘’great’’, ‘’strategy’’, ‘’hero’’, ‘’teamwork’’ and 

‘’skill’’ as well as words which previously in different topics has also been popular such as 

‘’good’’, ‘’moba’’, ‘’game’’ and ‘’gameplay’’. From this it can be assumed that the Topic talks 

about how good heroes and be used to create a strategy and have better teamwork which 

essentially would result in a good gameplay or game. The first four words swap around the 

places throughout the time slices although the word ‘’strategy’’ falls quite a lot with the progress 

of time slices from first place (0.037) in time slices 5 to 7 to a fifth place (0.025) in the last time 

slice possibly meaning that the word has not been used much in the later time slices in 

comparison to other words which were previously as popular. 

When looking at the Top 10 reviews it is possible to see that the they support the assumption of 

what the Topics talk about. Describing the gameplay as well as what can you find within the 

game eg. Strategy.  

‘’Great game for strategy type players. Items do not directly affect game result for this game are 

to strategy and teamwork’’ 

There can also be found some reviews mentioning the community, yet those reviews go back to 

also mentioning the teamwork.  

‘’A highly competitive free game with an iffy community but great gameplay. My favourite MOBA 

overall.’’ 

Overall its safe to assume that the theme of this topic overall is teamwork and strategy and how 

it affects the gameplay. 

In the stacked topic chart, the topic share for this topic increases slightly throughout the time 

slices as in time slice 1 it starts around 0.07 of the topic shares where by the time slice 8 it 

decreases to ~0.035, this change could be referenced to the fact that the game has entered 

new stage at that time where gameplay has also changed hence the new reviews regarding that 

has been written. As evidences in the previous topics around certain time slices there is 

fluctuations of data because of the world tournament for Dota 2 happening which means there is 

increase of the players playing the game. 
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Topic 8 – Preventing players from playing this game, negative 

In comparison to topic to the previous topics from the Top 10 words that use words such as 

‘’do’’, ‘’not, ‘’play’’ and ‘’suck’’ its possible to see that this topic is the opposite of topic 5 where it 

talks negatively about this game. Overtime the words such as ‘’suck’’ go up in the list of Top 10 

words from 7th place in time slice 1 (0.021) to a 3rd place in time slice 15 (0.115) meaning that 

more reviews started to contain those words during the later phases of the game. The words 

themselves already make a part of a sentence hence its safe to assume that this topic talks 

about how a player shouldn’t play this game. 

When looking at the reviews for this topic once again there is evidence that the players are 

trying to convince everyone to not play the game, similarly the word ‘’community’’ has been 

mentioned within few of the Top 10 reviews:  

‘’Do not waste your time with the community , ironic that I'm writting this review after 4k hours’’ 

Or: 

‘’Bad community, bad for yourself Do not play this game Seriusly... KIDS DONT PLAY THIS 

GAME’’ 

There is heavy amount of negative words used and strongly recommends players to not play it. 

This proves the theory that the theme of this topic is negatively describing the game and 

attempting to discourage players from playing this game. 

In case of the topic shares this topic starts small with only 0.06 score and gradually increases 

overtime to around 0.1 of the topic shares becoming one of the bigger topics within that time 

slice. This shows that overtime the amount of this kind of reviews has increased possibly 

meaning that there has been an increase of people having negative feelings towards this game 

steadily over time towards now. This rises a question whether the game developers have been 

making a mistake and instead of trying to reduce the negative experience they have increased 

it? 

Topic 9 - Spam 

In this topic the words do not really go together with anything. There are no connections 

between the words at all and the words themselves are chaotically distributed. Its hard to 

distinguish whether there is any correlation between the words. In case of this topic its more 

than suitable to ignore the Top 10 words used. 

When looking at the reviews for this topic it is now evident what kind of topic it is. The topic 

consists of spam reviews which do not really have a consistent meaning. The pattern is in 

repeated characters, do not have to be words as its possible to see by the ASKII image which is 

the biggest contributor to this topic of 0.9991 score. 

This topic has a very minimal share throughout the time slices of 0.01 with a decrease in slice 2 

(0.005) and slight increase in time slice 3 (0.02) just to reduce again to the previous value. This 

shows that there has been a momentary decrease of spam reviews just to increase in the next 

time slice and come back to the steady level. In case of the updates there is nothing that could 

possible cause this increase or decrease of spam reviews hence this should just be classified 

as an anomaly within the data. 
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Topic 10 – Basshunter lyrics 

Similarly, to Topic 9 there is not much connection between the words within the Top 10 for this 

topic, the only words that could be somehow connected together are ‘’server’’, ‘’Peruvian’’, 

‘’country’’ and ‘’ban’’. From this its only possible to assume that the reviews in this topic talk 

about Peruvian server/country and possibly banning players from this country. When it comes to 

the word evolution the word ‘’server’’ and ‘’thank’’ are always the top 2 words in the topic as well 

as the word ‘’volvo’’ (0.019) and ‘’ban’’ (0.013) slowly evolve to go further up into the Top 10 

words to reach the Top 5 words with 0.037 and 0.031 at their peaks. The word ‘’server’’ has a 

lot higher score (~0.07) than the word ‘’thank’’ (~0.03) in ranks of topic contribution hence its 

safe to assume that the word ‘’server’’ is very popular within the reviews. 

When looking at the Top 10 reviews for this topic the speculations change completely as the 

reviews mainly consists of a song lyric by Basshunter that has been popular in 2006 which 

references this game. Apart from this nothing useful can be found as all the reviews below the 

Top 10 mention the song lyrics as well. 

When it comes to the stacked chart similarly to the previous Topic 9, the shape of this topic 

looks the same also having an overall 0.01 share of the topic just to decrease around slice 2 

(0.005) and increase in slice 3 (0.02) and then comeback to the original value throughout rest of 

the time slices. This could possibly mean that the reviews would still occasionally mention this 

song but not as much as the topic share is very small in comparison to other topics. 

Topic 11 – Items/Purchasables 

This topic has an emergent few theme possibilities when looking at the Top 10 words within this 

topic. Words such as ‘’item’’, ‘’free’’, ‘’buy’’ and ‘’money’’ can be found within them and when 

looking further into Top 20 words we can also find word such as ‘’pay’’ and ‘’give’’. This shows 

that there is a possibility of theme which talks about free content of the game and the content 

that you would have to pay with real money. This is mainly a possibility as it is known that the 

developers as the Top 10 words also mentions the company’s name ‘’valve’’ added the 

possibility for the players to buy ‘skins’ and ‘upgrades’ for their characters within the games. 

Another possible theme using similar words is the fact that the players in game can share their 

items with one another. Within the later time frames word ‘’valve’’ appears more often possibly 

proving the first theme as the company’s name became more emergent with the development of 

the game very quickly becoming the top word of this topic with 0.068 score where in comparison 

word ‘’update’’ has only score of 0.049 in the same time slice (14). 

When looking at the Top 10 reviews of this topic the second theme that was predicted is proved 

to be the one that the player discusses in this topic.  

‘’Hope to make the drop items tradable. so much for the players who buys items with real 

money.. i hope drops would sooner become tradable again’’ 

As well as: 

‘’I like this game because items are usually in steam market. This is easy to buy item. Thanks 

Valva and Steam’’ 

Its possible to see that the main theme of this topic is how the company allowed for the items 

and purchasable to be tradable among other players and how the game made it easier for 

players to make up their favourite characters by trading or selling it to other players.  
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When looking at the stacked chart there is evidence of a steady increase of the topic share for 

this topic. The share starts in the slice 0 with 0.02 score to slowly increase to 0.1 score in slice 

10 and 12 and then become a bit smaller in the slice 15 (0.07). The increase in the data is 

possibly caused by the fact that Valve started introducing more and more cosmetic items 

throughout the game attracting more players to buy them and increasing the amount of reviews 

on the products. 

Topic 12 - Random 

When looking at the Top 10 words for this topic its hard to distinguish what the topic is about as 

there is a big mix of words that just do not add up to each other. There is mentions of ‘’age’’ and 

‘’child’’ so possibly this topic could be about the players age or required age which Dota 2 

doesn’t necessarily have apart from the violence warnings. 

When looking at the Top 10 reviews for this topic there is an explanation to why the words do 

not really add up together. There is quite a lot of topics which talk about the game but other 

languages, there is also some English reviews, but they do not relate anyhow to the Top words. 

‘’About as fun as having your teeth kicked in, while being sodomized by a caber.’’ 

Or 

‘’REST IN PEACE DOTA 2’’ 

There is no consistent theme within the reviews hence the topic theme could be ‘’random 

reviews’’ or ‘’inconsistent reviews’’ meaning there is no possibility of knowing what the topic is 

actually about.  

When looking at the topic share it start small in comparison to other topics (0.01) and decreases 

further (0.005) to stay at this size for the rest of the time slices up till the end; meaning the topic 

does not have a big impact on the data set at all throughout the analysis. 

Topic 13 – Tutorial of gameplay 

The top 10 words that could be connected within this topic are ‘’hero’’, ‘’team’’, ‘’enemy’’, 

‘’character’’, ‘’item’’, ‘’kill’’ and ‘’support’’. These words could distinguish roles given to the 

players during the game and talk about how selective the roles are. The theme could also be 

gameplay of the game and how the characters and different heroes can use items to kill 

enemies. The words ‘’hero’’ and ‘’team’’ are consistently the highest appearing words within the 

dataset whereas word ‘’support’’ has increased overtime from 0.013 in the time slice 0 to 0.039 

in the slice 8. This sudden increase could possibly mean more people started talking about the 

importance of support within the game.  

When looking at the Top 10 reviews it proves our theory that the theme of the topic is how to 

play the game and they describe how the game works and what are the key factors to 

remember. 

‘’Dota 2 is played in matches involving two teams of five players, each of which occupies a 

stronghold at a corner of the map. Each stronghold contains a building called the "Ancient", 

which the opposite team must destroy to win the match. Each player controls a "Hero" character 

and focuses on levelling up, collecting gold, acquiring items and fighting against the other team 

to achieve victory.’’ 
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The majority of the reviews do talks about similar things hence it is safe to assume that the 

reviews are mostly about the description of the gameplay. 

The topic share of this topic is overall small, keeping overall score of the ~0.025 across the topic 

share with slight fluctuations evidenced before in the previous topics at the time when the 

tournaments are happening. 

Topic 14 - Unclear 

When looking at the Top 10 words within this topic there is evidence of few words which 

suggest insults within the gaming community such as ‘’gay’’, ‘’salt’’, ‘’girl’’, ‘’retard’’ and ones that 

indicate that someone is insulted or angry such as ‘’salt’’ and ‘’rip’’.  The theme of this topic is 

possible how the players are insulting each other and what kind of effect these insults have on 

the player. 

When looking at the reviews within this topic its quite hard to distinguish what the theme is as 

majority of the reviews are either in another language or do not really make sense even though 

they are in English. One of the reviews in English describes how the player is unhappy with the 

experience of the game. 

‘’ Ｉ ｄｏｎ＇ｔ ｌｉｋｅ Ｄｏｔａ ａｔ ａｌｌ． Ｗ H ｅｎ Ｉ ｗｉｎ， Ｉ ｆ E ｅ L ｌｉｋｅ 

Ｉ ｇｏｔ ｔｈｅ ｅｘ P ｅｃｔｅｄ ｒｅｓｕｌｔ． Ｗｈｅｎ Ｉ ｌｏｓｅ， Ｉ＇ M ｄｉｓａ

ｐｐｏｉｎｔ E ｄ． Ｉ ｄｏｎ＇ｔ ｐｌａｙ ｔｈｅ ｈｅｒｏｅｓ ｔｈａｔ Ｉ ｌｉｋｅ ｂｅ

ｃａｕｓｅ ｔｈｅｙ ｄｏｎ＇ｔ ｆｉｔ ｉｎｔｏ ｔｈｅ ｍｅｔａ’’ 

When looking at the topic share of this topic it is not very large (0.01) and it fluctuates in some 

parts getting smaller such as slice 2 (0.005) then afterwards it keeps its previous size yet not 

retaining any plausible amount to be of any significance within the time slices. 

Topic 15 – How the game affected the players life 

This topic’s Top 10 words have much more in common than the previous one. This one has 

distinctive words such as ‘’life’’, ‘’ruin’’, ‘’want’’, ‘’kill’’, ‘’real’’ and ‘’destroy’’ could possibly 

indicate that these reviews were written in anger and possibly wish someone to die or to ruin 

their life and destroy everything. In case of word evolution words such as ‘’life’’ and ‘’ruin’’ are 

always the Top 2 words for this topic with ‘’life’’ being very much ahead of other words (~0.2 and 

above) whereas the second most popular word ‘’ruin’’ even at its highest in slice 4 (0.06) would 

still be far behind which also indicates that one of the most popular or appearing words in the 

reviews is life. 

When looking at the reviews as mentioned before this topic talks a lot about life of the player. A 

lot of the reviews contain the word ‘’life’’ almost all the time. 

‘’Dota 2 has ruined my life in the most majestic and beautiful way.’’ 

Or 

‘’This game made and then ruined my life 10/10 would ruin again.’’ 

These reviews show the game has affected their life. The theme assumption from the Top 10 

words has only been half right as the reviews actually talk about how the game has ruined the 

players life and they are angry about the game not about another player. 
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In case of the topic share this topic doesn’t have a big topic share and similarly to the previous 

topic at the start its starts with a score of around 0.01 and doesn’t change much throughout the 

chart expect with a slice 12 where in the timeframe a lot of characters have had balance 

changes which could had possibly impacted the players and increased the numbers of reviews 

on that topic in that date because for example the player’s favourite character has been 

changed/balanced and got them frustrated. 

Topic 16 – Other people’s views 

Similarly, to the previous topic 15 in this topic words such as ‘’get’’, ‘’cancer’’ and ‘’lose’’ appear 

in the Top 10 words for this topic which means that the topic also relates to what kind of words 

players use to describe other players within this game. By around slice 8 the word ‘’cancer’’ 

appears in the Top 10 which is possibly caused by the fact that around that time this word has 

been classified as one of more common words used within gaming community to compare 

someone to the illness. By the slice 11 it becomes the first word (0.0209) in Top 10 but not very 

far behind is the word ‘’get’’ with a score of 0.0202 which indicates that both words appear as 

often within this time slice.  

When looking at the Top 10 reviews for this topic there is evidence that rather then as 

mentioned in last paragraph the topic is about another player the reviews within this topic more 

talk about the reviewers themselves. The players talk about themselves. 

‘’Made my family think i got some kind of mental illness.... 10/10’’ 

Or 

‘’I thought this was a f2p game. But now my whole family think I'm on drugs.’’ 

From these its possible to judge that the players are questioning their decision to play this game 

and think that perception of other people has changed on them because of their choice. 

The topic share of this topic is quite substantial to the other topics talked about lately. The score 

starts with around 0.03 of the overall topic shares and it slightly increases throughout the time 

slices to increase to 0.04 in around slice 11 just to stay that way for majority of the time.  

Topic 17 – Spam/Swearing 

Once again, this topic has a lot of swear words in it that have previously appeared in different 

topics such as ‘’fuck’’, ‘shit’’, ‘’ass’’, ‘’shitty’’ and ‘’bitch’’. The name of the company ‘’valve’’ has 

also appeared within the Top 10 words which allows to assume that this topic is most likely 

about the opinions that players have on the company or plainly just want to insult the company 

themselves. Throughout the time slices there is no topic evolution at all, the words in the top 10 

almost do not change at all apart from the ‘’valve’’ just moving one place up yet the score 

difference is very minimal hence its possibly not substantial. 

When looking at the top topic reviews for this topic there is nothing useful that can be gathered 

as it mostly consists of the words being spammed multiple times either in English or another 

language. From them the only thing that can be gathered is ‘’fuck this game’’ and ‘’fucking shit 

fucking game’’.  

In case of topic proportions, the topic starts almost no existential with 0.001 topic share in the 

time slice 0 and increases in time slice 1 and 2 to around 0.03 just to decrease again to 0.005 

which then stayed like that throughout all of the time slices. The sudden increase in time slice 1 
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and 2 is probably happening due to a high increase in the data meaning more players started 

reviewing the game and playing the game. 

Topic 18 - Languages 

Now for a change this topic has more distinguished and has more clear data, words such as 

‘’Russian’’, ‘’learn’’, ‘’language’’, ‘’speak’’, ‘’English’’, ‘’server’’ and ‘’Spanish’’ indicate that most 

likely the reviews within this topic talk about the impact of players speaking another language or 

the most popularly used language in this game. There is not a lot of topic evolution except 

‘’Chinese’’ appearing suddenly in slice 13 and getting to a 4th place in Top 10 words with a jump 

from 0.021 to 0.051 score. This could possibly mean that the Chinese language has suddenly 

entered the gaming arena and players have started to notice it a lot more. 

To prove the theme predicted the reviews also speak of this phenomenon.  

‘’This game is better than rosseta stone you can learn spanish ,chinese and russian for free!’’ 

Or 

‘’I now speak fluent Russian 11/10 would recommend to people wanting to learn Russian.’’ 

From these reviews we can judge that people playing the game leave reviews which talk about 

what kind of languages its possible to get to know from just playing this game. That there is a 

possibility to meet people from around the world and get to play with them although the game 

has separate servers for different parts of the world.  

In case of the topic share the topic starts very small at a share of 0.01 and increases gradually 

to reach almost 0.03 around time slice 4 just to become smaller around time slice 9 against. 

This could possibly because by the fact that the Dota 2 servers have been expanded to Eastern 

Europe and Asian around time slice 3 as the game has been officially released and available 

worldwide. And as the trend has gone down the number of players talking about it has gone 

down as it has become a norm. 

Topic 19 - Spam 

The words within this topic have not much in common when apart from some of them like 

‘’click_click’’, ‘’fking_cancer’’, ‘’cancer_revorn’’ and ‘’rat_rat’’ to be put together probably 

because they are two words appearing together joined by an underscore.  

When looking at the reviews within this topic its very inconclusive as majority of the reviews are 

just words being spammed over and over again without having any sense. Some of the reviews 

are also written in Asian languages hence its not clear what they are talking about as well as 

some being as previously seen ASKII art images.  

When looking at the topic share of this topic it does not have a big impact on the overall data 

and has a minimal topic share of 0.001 throughout the data with a slight increase around slice 2 

but as previously mentioned it possibly because of a sudden wave of new players and reviews. 

Chain variance change – 0.05 

In this one of the parameters that has been changed is chain variance. This value that is 

normally used for chain variance automatically is 0.005 but for this dataset we have changed it 

to 0.05 just to see what difference it will make to the data distribution. The lower the chain 
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variance the lower the randomness of the data and possibility of the data within the topics to be 

irrelevant is smaller. Why do this? This technique allows us to control the topic evolution of our 

data and notice if the data moves more freely. Looking at the results we can notice if any of the 

words in the Top 10 have moved up within. Its important to notice that the topics with the 

standard parameters in the used will be slightly different to the ones within the ones here, most 

likely they will also be differently numbered. Below will be included only topics that has been 

newly emergent or topics that have appeared previously yet largely different.  

Topic – 1 - Updates 

When looking at the Top 10 words within this topic there are words used such as ‘’valve’’, 

‘’update’’, ‘’new’’, ‘’patch’’ and ‘’fix’’ which possibly indicates that the majority of the reviews 

could possibly talk about the Dota 2 updates made by ‘’valve’’ which is the name of the 

company. There is also mention of a word ‘’reborn’’ which is a name of one of major updates 

that has been implemented into Dota 2. Reborn is an update which allowed users to create their 

own custom maps, there has been a new interface added to the game and also social panel 

was added allowing users to be more interactive with each other. This update has been officially 

released on 4th September 2015. In the time slice 8 its possible to see that all of the sudden 

word ‘’Reborn’’ has appeared as the 3rd most popular word (0.037) just after ‘’update’’ (0.057) 

and ‘’new’’ (0.04) which possibly indicates that around that time slice is when the update has 

been implemented and the reviews are suddenly talking about it. There is higher number of 

random placements of words around the Top 10 and the interchange between them indicates 

that the scores are not very far apart from each other meaning each word has a high popularity 

within the reviews. 

When looking at the Top 10 game reviews there is an evidence that the reviews indeed talk 

about the updates yet in comparison to the previous indicates there is nothing about the 

‘’Reborn’’ update, the majority of the reviews talk about how there is bugs within the updates 

‘’ why do i have to download a 7.4GB update because ur last update has bug’’ 

‘’Bad For New Update. New update was bad but old always great :) yesterday you made my day 

but today not.’’ 

and that the updates were bad. The two top reviews for this topic are spam messages which 

also mention that the new update wasn’t that great. 

When looking at the stacked chart, surprisingly this topic has a substantial topic share at the 

time slice 0 (0.06) and decreases slowly just to slowly again increase to a first spike in time slice 

8 (0.09) and slightly decrease in time slice 9 (0.07) just to increase bigger in time slice 10 to its 

biggest ever topic share of 0.11. In case of topic 8 the increase can be possibly caused by the 

previously mentioned Reborn release and players having a new thing to talk about which results 

in increase of reviews. In case of time slice 10 there is nothing substantial that can explain the 

increase of the reviews as the reviews still talk about bugs and errors within the game. This 

could possibly mean there has been a major bug that has occurred within that time period yet 

there is nothing in the documentation of the game that talks about it.  

Topic 4 – Half-life 2 

From looking at this topic its possible to judge that from top 10 words such as ‘’peruvian’’, 

‘’china’’ and ‘’russia’’ this topic somehow involves other countries; but when looking at the 

different words such as ‘’right’’, ‘’click’’, ‘’turn’’ and ‘’auto_chess’’ it indicated that this topic could 
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also be possibly about directions or about a game mode that has been in Dota 2 custom map 

mode for quite some time called ‘’auto chess’’.  

When looking at the reviews that has been left within the Top 10 it is visible that this topic is not 

about the topics, we interpreted from the top 10 words but rather about the game Half-life 2 

which is also a Valve game.  

‘’Wake up, mr. newell, wake up and, smell the ashes...’’ 

This is one of the quotes that can be found within reviews from the game Half Life 2. Unclear 

what sort of connection this has to Dota 2 as the reviews do not specifically talk about a 

comparison. The only connection that is visible is the games are made by the same company. 

When looking at the topic share of the whole dataset its very minimal with a stable number of 

0.005 throughout the whole time which is normal for a topic that is very niche like this. 

Topic 5 – Other moba’s/League 

This topic is interesting as it is the same as the topic 6 in the previous analysis yet there has 

been a development in the section of Top 10 words. Words such as ‘’lol’’ and ‘’league’’ are still 

the top words which swap between each other at the top spot but words such as ‘’awesome’’, 

‘’well’’ and ‘’better’’ are further up in the Top 10 in comparison to the previous dataset which 

possibly means the more positive reviews have been more distinguished and are more use to 

this topic in comparison to the topic 6 in the previous dataset. 

In case of the Top 10 reviews there is not much change the reviews are pretty much the same 

with an exception of few repeated word reviews within the dataset which previously has not 

appeared within the topic 2 yet these repeated words are positive and possibly indicate that they 

were originally meant to be within this topic due to the message the review has to say. 

When looking at the stacked chart for this topic it has a big start with ~0.1 score which is one of 

the bigger topic shares within the first time slice but with the time flow the topic share reduces to 

0.05 around time slice 3 and keeps going down to finally finish at the last time slice at ~0.02 in 

size. This could possibly mean like in the previous dataset that with the time flow people talk 

about this topic less and less meaning that there is a decrease of reviews that talk about the 

other games within this genre as its possibly exhausted and people already know about the 

similarities. 
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Appendix 4 – PuBG interpretations 

Topic 0 – Chinese players/Region lock  

According to the Top 10 words that have been found within this topic it uses words such as ‘’server’’, 
‘’chinese’’, ‘’hackers’’, ‘’player’’ and ‘’region_lock’’ which suggests that the players are talking about the 
Chinese players on the server which could possibly be ‘’hacking’’ and using programs to give them 
imbalanced advantage. The word ‘’problem’’ and ‘’cheater’’ are also in the top 10 which also suggest 
that the players are complaining about the Chinese players.  

To confirm the suggested topic title the reviews do show that a lot of the top reviews do talk about 
problems with Asian/Chinese players.  

‘’Asian countries should have a region lock, game is filled with Chinese hacker! DONT purchase this 
game until the devs fix this problem! Always getting killed by hackers with the name HIOAX668455 or 
something similar’’  

There is also a lot of reviews which talk angrily about the Asian players which shows that the players 
really want to separate themselves.  

Looking at the stacked chart the topic 0 the topic starts with a low score of about (0.01) and increase 
dramatically around time frame 2 to a score of 0.1 which is a huge increase yet it once again it 
dramatically decreases to 0.05 which shows that at the time frame 2 there must have been a huge 
increase of this kind of reviews. The game was officially released in October 2018 across all regions 
which is around the time frame 2 time which could relate because a lot more people had a chance to 
complain about the game and the lack of region lock.  

Topic 1 – Chinese/Company name  

Similarly, to the previous topic 0 this topic has words such as ‘’Chinese’’, ‘’player’’ and ‘’hacker’’ so its 
safe to assume that the players in this topic are once again mentioning this problem yet there is a 
mention of the company name ‘’bluehole’’ which could refer to the players possibly calling out the name 
of the company and asking them to change something. When looking at the reviews for this topic, they 
are very similar to the one of the Topic 0 where they call out Chinese players and want the developers to 
region lock the Asian countries. The topic share of this topic throughout the time frames is of around 
0.001 hence the topic is pretty irrelevantly small in comparison to other topics.   

Topic 2 - Hackers  

In case of this topic the word ‘’hacker’’ which was previously mentioned in the Topic 1 is the most 
popular word that occurs in each time frame of this topic. It has a higher advantage over the other 
words such as the word hacker at its highest has a score of 0.45 and the second most popular word 
word ‘’head_shot’’ is far behind with a score of 0.03. Other words such as ‘’ground_gett’’, ‘’hacker_star’’ 
etc. are also present which may relate to specific to this game terms. When looking at the Top 10 
reviews for this game its clearly visible that this topic is about ‘’hackers’’ which use specific moves and 
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cheats (which are also mentioned in Topic 0) that are game specific and that they should be removed. 
There is some correlation to the Chinese as well again but not as heavily. Similarly, to Topic 1 this one 
has a very small topic share throughout the timeframes.  

Topic 3 – Talking about the game  

For a change within this topic its possible to find words such as ‘’play’’, ‘’game’’, ‘’player’’, ‘’time’’ and 
‘’game’’ which indicate that this topic is possibly about how the player can spend their time playing this 
game. There is no movement of the words across the time frames meaning this topic is purely about this 
and the reviews are usually always the same. When looking at the reviews they mainly talk about how 
the player either likes or dislikes the game giving a brief reasoning.   

‘’Great game.  Heart never slows down while playing.  You never know if you are safe.’’  

When looking at the topic share this topic keeps a similar score throughout the time frames of ~0.02 
until the last time frame where it increases to 0.03 possibly meaning there has been a slight increase of 
the reviews being good/bad.  

Topic 4 – Positive reviews  

This topic is very similar when it comes to the Top words as it has words such as ‘’game’’ and ‘’play’’ and 
‘’ever’’ which also appear in the topic 3. Yet this topic only mentions word ‘’good’’ which is the top word 
throughout all the time frames meaning that possibly this topic is only about good opinions of this 
game. When looking at the top reviews majority of them speak very positively of this game and the 
things that are within the game such as gameplay or graphics.   

‘’ the best g ame ever i am glad there is a game like pubg’’  

When looking at the topic share of this game it is possible to see that just as the previous Topic 3 this 
topic has the same topic share throughout the time frames yet slightly elevates at the last time frame 
meaning there is an increase of positive topics. At this point when looking at all the topics there is a 
visible pattern that possibly the topics have been overstretched onto multiple topics. This would be 
useful to point that there is a requirement of having less than 20 topics for this game as the reviews are 
not that broad.  

Topic 5 – Suggestions/Positive feedback  

In case of this topic there is a visible indication of what the topic just from the top words as words such 
as ‘’gameplay’’, ‘’issues’’, ‘’not’’, ‘’fun’’ and (again) ‘’good’’ are mentioned. This indicates that this topic 
is mainly about the gameplay and its issues followed by a positive opinion. This is ensured by looking at 
the top reviews and its possible to see from them that the assumption is correct.   

‘’A game that is truly great and unique enough to overlook the circumstantial lag. Look at it like 
this...there's never going to be a situation where all 100 players are in the same location, other than the 
lobby. So the lag is minimal and the gameplay is incredibly fun! 10/10’’  
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When it comes to the topic share the topic starts very strongly with a score of ~0.1 yet decreases ~0.06 
within the next time frame which is not a strange occurrence as the game once released is going to have 
a lot of players giving feedback and suggestions of improvement and with the progression of the game is 
going to be smaller unless a major update is released yet there is no indication of such occurrence 
within the data.  

Topic 6 – Fortnite  

This topic similarly as the previous one has an obvious indication of what it is about as the top word for 
this topic is ‘’fortnite’’ follow by ‘’pubg’’. Just from these words its assumable that this topic is about a 
comparison between the games as they are both from the same genre. When looking at the top reviews 
for this game there are also mentions of a similar game H1Z1 which is also a battle royale game and a 
predecessor of the PubG game.  

‘’PUBG Devs: Improve the game? NO! lets sue fortnite cause our game is losing playerbase!’’  

The topic share of this topic is very small at the start meaning that the players almost did not talk about 
it and then until the time frame 2 it has not been very big. At the timeframe 2 the topic has increased to 
the size of 0.03 which is possibly caused that around that timeframe the game ‘’Fortnite’’ has been 
released increasing the reviews regarding that game by a lot.  

Topic 7 – Keywords  

In this topic there is a shift as it talks now more about what the player can do within the game, words 
such as ‘’kill’’, ‘’time’’, ‘’loot’’, ‘’shoot’’ and ‘’player’’ are used which indicates different kinds of 
commands that the players can give to his character. Throughout the timeframes the words ‘’kill’’ and 
‘’time’’ exchange between third and fourth place in top 10 meaning they are very close in score (hence 
they appear as often as each other).  

‘’ This game has some potential but its pretty pointless.  You spend more time walking, gathering, only 
to be one shot from who know what direction.  It is pretty pointless.  You"re better off playing PVP in 
UNTURNED.   That has more depth than this does…’’  

When looking at the most popular reviews within this topic it can be seen that as mentioned before the 
reviews talk about the possibilities of the player but also criticize those as they are seen as not very fun 
things to do. Some of them express how some of these things are broken due to bad connection or not 
meeting the requirements for the hardware.  

When it comes to the topic share of this topic it is very large at the start of the timeframes (0.13) yet it 
gets smaller around time frames 2 (0.08) and 3 (0.05) just to expand again the timeframe 4 (0.09). This 
would indicate that the complaints have gotten less throughout the updates of the game just to increase 
again possibly to a bug that has been released yet there is no official release notes to prove anything like 
this hence it is unknown why just judging from the reviews.  
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Topic 8 – Regionlock  

The top words for this topic mainly talk about ‘’regionlock’’ and contain reviews written in German, 
some of them are just repeated words such as ‘regionlock’’. The topic share of this topic is almost non-
existant as it appears only around time frame 1 and 2 with a score of 0.001. This topic cannot be used 
for anything as the regionlock topic has already been previously found so it can only be attached to the 
Topic 0.  

Topic 9 – How to play  

Within this topic words such as ‘’get’’, ‘’kill’’, ‘’shoot’’, ‘’guy’’ and ‘’die’’ can be found meaning this topic 
is possibly about how to eliminate other players within the game and possibly different methods. There 
is no word evolution throughout the timeframes.  

‘’Great game in every way, except for one thing. The damage system is BS. It takes way too many hits to 
kill someone.’’  

Judging from the reviews the previous assumption is right as the reviews do talk mainly on how many 
hits it takes to kill another player and how some weapons are better than worse overall. These is a lot of 
mentions of cheaters and hackers meaning this topic can be attached to the Topic 2 as they are quite 
similar.  

The topic share of this topic doesn’t change throughout the time frames as its constantly around 0.04 
score. This means that the reviews within the topic are almost never changing and there is always the 
same amount of them throughout the time.  

Topic 10 – Banning  

In this topic the top words are ‘’run’’, ‘’cheater’’, ‘’get’’, ‘’play’’ and ‘’ban’’ indicating that this topic is 
possibly about people cheating within the game and the reviews request them to be banned. Possibly 
also asking why they do they still get to play.  

‘’Stop banning ppl for stupid reasons, then i can give a thumbs up’’  

When looking at the reviews within this topic its visible to see that there is a high percentage of them 
claiming that the players have been banned for no reason or that someone should be banned for 
cheating.   

The topic share throughout the timeshares is once again not changing meaning that the reviews are of 
the same level throughout the game’s timeline, possibly meaning that the developers have never fixed 
the issue where there is too many hacker/cheaters or that people still get banned for no reason.  
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Topic 11 – Bad graphics/Do not buy  

When looking at the topic 10 words, words such as ‘’do’’, ‘’not’’, ‘’buy’’, ‘’fucking’’ and ‘’bad’’ its easy to 
assume that this topic speaks about the players outrage of the game and how much they do not like it. 
The reviews try to discourage players from buying the game.  

‘’solid 30 fps gameplay with solid graphics that are on the level of diddy kong racing’’  

From the top reviews it can be confirmed that the assumption was right and that the player talks about 
how the game is bad and how other people should not buy it as it has bad graphics settings and its 
impossible to play it without a good computer.  

The topic share of this topic is similar to the previous two topics where it doesn’t change from its 
original number of 0.03 throughout the time frames meaning that the same amount of reviews 
regarding this issue is posted regularly.  

Topic 12 - Banning  

Once again the top words within this topic are ‘’do’’, ‘’not’’, ‘’buy’’ as well as ‘’ban’’ meaning this topic 
probably talks about how people shouldn’t buy this game because of being banned. There is no word 
evolution within this topic.  

‘’I was banned for no reason and was given a bot msg again without a reason I am begging if you havent 
got this game yet dont get it at all do not give this devs money for this bad game they peak at 2.8 mil 
players and they cant have some write a msg telling me why I was banned’’  

The majority of the reviews within this topic talk about how the player has been banned from the game 
for no reason and that possibly that’s how the developers have tried to get more people to buy their 
game multiple times as it was ‘’so good’’ people would buy it more than once. There are also complaints 
about the community of the game yet it is not as evident as the unreasonable banning.  

When looking at the topic share throughout the timeframes this topic starts pretty small with around of 
0.07 score just to increase around time frame 2 to 0.13 and then in timeframe 4 to 0.14 which indicates 
that this topic has gradually increased throughout time possibly also meaning that more players have 
been banned in this game and more complaints about it have been submitted.  

Topic 13  

This topic contains a lot of meaningless words and a lot of the reviews are in Chinese meaning its 
impossible to know what they talk about unless they are translated. The topic share of this topic is so 
minimal it makes the topic irrelevant.  
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Topic 14 – Positive reviews  

Within this topic the top words are ‘’play’’, ‘’pubg’’, ‘’good’’, ‘’get’’, ‘’well’’ and ‘’game’’ meaning that the 
reviews within this topic are possibly positive and talk favourably about the game. There is no word 
evolution throughout the time frames.  

‘’The game has had a lot of really good updates since i last revied it. Better optimization, map selection 
and new weapons. Things have gotten a lot better for PUBG and its looking like things are finally going in 
the right direction.’’  

Just as assumed with the top words the reviews also speak well about the game and talk about what has 
improved within the game, what are the new good things, what bad things have been removed.  

When looking at the topic share of this topic it starts quite large with a score of 0.15 just to decrease 
within the time frame 1 to 0.1 and smaller. This possibly means that there has been a decrease of 
positive comments throughout the updates of the game and the games life. This indicates that possibly 
only during the beta testing the game has improved a lot then when the game was live it was not as 
successful although there still were some positive comments.  

Topic 15 - Updates  

The most evident words within this topic are ‘’update’’, ‘’fix’’ and ‘’new’’ which would indicate that this 
topic speaks about what updates bring what kind of new things players should be expecting. There is no 
evident word evolution throughout the timeframes.  

‘’in the start this game was fine but as time passes they do not fix important stuff and just add more 
paid crates.. do not buy this game’’  

This topic’s reviews seems to be mainly talking about what the updates have brought to the game, some 
of them are positive and some of them are negative so its hard to determine whether they lean more 
towards one way yet the main theme of this topic are updates.  

In case of the topic share this topic starts very small (0.03) just to increase to 0.12 share in the time 
frame 3 then to slightly decrease within the later time frames meaning that there must have been a 
major update within the time frame 3 as a lot of people have left comments regarding it.  

Topic 16 - Bugs  

Within this topic there are words such as ‘’bug’’, ‘’terrible’’, ‘’buggy’’ and ‘’bad’’ indicating this topic will 
be about bugs within the game and as the word ‘’bad’’ and ‘’terrible’’ are used it means they will be 
mostly negative. There is no evidence of word evolution throughout the time frames.  

‘’Love this game it has its bugs but everything else out does the bad.’’  
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As confirmed the reviews within this topic do talk about how bugs affect the game and how it can ruin 
their experience. There is mention of the developers not caring about anything else than profit hence 
they just add new things rather than fit the existing issues.  

The topic share of this topic is quite insignificant of 0.01 and doesn’t change throughout the time frames 
hence it is possible that there is only few reviews that do talk about this topic.  

Topic 17 – Fun with friends  

The top words for this topic are ‘’play’’, ‘’fun’’, ‘’friend’’ and ‘’good’’ meaning this topic is possibly talking 
about how good this game is for playing with friends and how fun it can be and bring them together.  

‘’Pretty Good game never had any experiences with this kind of games and it is beginner friendly. Game 
is recommended but it makes way more fun when playing with a friend.’’  

The top reviews confirm that this is the case of the reviews talking about how to play this game with 
friends and that it can be fun to play with someone else.  

The topic share of this topic starts pretty big with a score of ~0.1 just to decrease to 0.04 in the time 
frame 2 meaning that the reviews like this have not appeared as often and its possible that people 
stopped feeling like this with updates to the game.  

Topic 18 – early access  

The top word within this topic are ‘’still’’, ‘’bug’’, ‘’fix’’ and ‘’early access’’ which indicates that the 
reviews within this topic compare the game and its bugs to the early access version of this game.  There 
is no evident word evolution throughout the time frames.  

‘’Are you kidding me this is set for release? Its still broken with bugs and net code problems. If you are 
looking for a battle royal game that doesn’t feel clunky and feels a lot more polished, try Fortnight’’  

The top reviews confirm the assumption and they do talk about the game in the current state and 
comparison with the early access and how it hasn’t changed a lot and how the company has pushed the 
release without fixing their bugs making the game unplayable.  

The topic share of this topic is very large throughout all of the time frames with a score of 0.17 which 
would possibly make it the biggest topic there is within this time frame. This size of the topic means that 
its very important and the reviews like this have majority.   

Topic 19  

A lot of the top words within this topic do not make much sense expect ‘’china’’ which possibly indicates 
that the reviews within this topic talk about Chinese just like in the topic 0 and 1. The reviews are mostly 
in another language making them unreadable and the topic share of this topic is very minimal of 0.001 
meaning that its very insignificant for the rest of the data.  
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Appendix 5 – GTA5 interpretations 

Topic 0 - Bigrams 

 When looking at the words within this topic such as ‘’beep_beep”, “shame_shame” or 

“wasted_wasted” it seems that the topic is mainly made out of words that are repeating 

themselves and are also put into bigrams which our pre-processing ensures happens if the 

words are supposed to be bigrams. This can also be evidences within the top 10 reviews for this 

topic. There is a minimal change within the hierarchy of the top 10 words hence majority of the 

reviews are the same within this topic throughout the timeframes. In case of the topic share this  

topic has a very minimal almost non-existent topic share hence it is not worth mentioning it. 

Topic 1 - Car 

 In this topic the top words throughout the time frames are “car”, ‘’drive’’, ‘’mission’’, ‘’go’’ 

and ‘’shoot’’ which helps in making the assumption that this topic is about driving a car to a 

mission. Even when looking at the topic’s reviews it is clearly visible that majority of the reviews 

talk about cars or mainly consist of cars. 

‘’in this game you can: 

-drive car 

-steal car 

-customise car 

_racecar (backwards: racecar!!) 

-boom car 

-drive by car 

-shot fromn car 

-car mission 

----car 

love car‘’ 

The overall topic share throughout the timeframes doesn’t change much and stays ~0.03 which 

means that the majority of the reviews like within this topic do not get much popularity 

throughout time. 

Topic 2 – Killing players 

Few words within this topic also appear in the previous topic such as ‘’kill’’ and ‘’get’’ 

which could evidence that this topic overlaps with the topic 1. From the rest of the top words the 

only thing that can be seen is that the topic could possibly be about how to kill people within this 

game. When looking at the top reviews for this topic it is evidenced that majority of this topic 

consists on how people have been killing other players. 

‘’ Murders 3 people with hammer... gets away with it 10/10’’ 

‘’ Blew myself up, respawned, got blown up again. 5-star’’ 

When looking at the topic share this topic has not a large share throughout the time frames 

hence its is not very relevant to the analysis. 
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Topic 3 – Online mode 

This topic has been easily identified as a topic speaking about how you can enjoy the 

game with your friends just by seeing the top words being ‘’online’’, ‘’play’’, ‘’fun’’, ‘’friend’’, 

‘’time’’ and ‘’mode’’. These words do not change throughout the timeframes hence it is safe to 

assume it is due to the comments being constantly the same meaning that the game is fun to 

play with friends almost all the time. Similarly, can be seen within the reviews that they speak 

about having fun playing with friends but when looking closely they also mention that when the 

player is playing without friends online the game is not as fun.  

‘’Online Mode: Play it with Friends in private sessions and your got yourself a great game 

Play it public or without friends and it is literally one of the worst gaming experiences ever.’’ 

The reviews also discuss the problems that are with the online gaming. 

‘’Load time, RDM, clunky menu trying to connect with friends, forget about it! 

Either way fun with friends but like all videogames most everyone who plays is an asshole who 

wants to kill you and take what you have.’’ 

When it comes to the topic share this is one of the biggest topics throughout the time frames (up 

to 0.15 topic share) meaning that playing with friends is one of the most talked about topic. As it 

also includes problems with the online mode that could also mean that even though it is fun the 

online mode with friends can be sometimes difficult to enjoy by yourself. 

Topic 4 – Broken English/Portuguese 

 

Topic 5 - Sale 

When looking at the top reviews and top words for this topic it can be easily 

distinguished that this topic speaks about the sale that has happened where the game 

developers raised the price of the game just right before the sale.  

‘’ raised their price just before steam sales.’’ 

This theme seems to be consistent across the time frames which means it hasn’t happened 

once. This could mean that possibly the developers need to change their tactic regarding the 

sales because it frustrates people every time. 

The topic share of this topic is quite small as it reaches around 0.015 throughout all of the time 

frames making it very small in comparison to other topics yet still relevant. 

Topic 6 – Time 

The top words for this topic are ‘’say’’, ‘’sign’’, ‘’take’’ which do not really make too much 

sense as they together do not indicate of anything, additionally there is no word evolution within 

these words meaning the top words within the reviews do not change that much. 

‘’Just remember to kiss goodbye real life when you are purchasing this game ...’’ 

When looking at the top reviews for this topic it makes a little bit more sense for example of why 

the word ‘’take’’ is one of the top words as majority of the reviews speak of how the game is 
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going to take a lot of the time and the player will not have time for anything else. There is a 

small distortion of reviews as some say that the game is so good that the player is going to 

spend a lot of time on it, yet the other ones speak of it that the loading screens take a lot of time 

which would indicate that the main theme of this topic is Time.  

The topic share score is small for this topic of a score of ~0.01 making it similar to the previous 

Topic 5 yet similarly still relevant to the data as there is no other topic like this and it has some 

important information within that could be used. 

Topic 7 – Killing 

Within this topic the top word are ‘’player’’, ‘’kill’’, ‘’car’’, ‘’would’’ and ‘’people’’ which kind 

of indicates that the theme of the topic is players killing other people within the game, there is a 

little word evolution throughout the timeframes where the word ‘’session’’ moves further up 

removing words ‘’would’’ and ‘’people’’ from the top 10. By itself its hard to interpret what could 

this mean hence moving onto the top reviews… 

‘’I like to shoot people in car while in car and running over hoodlums while police try to shoot 

me’’ 

The top reviews for this topic confirm that the theme of this topic is killing people as 

majority of the time players talk about how and where they have killed someone and how it has 

affected their game. 

When looking at the topic share the score fluctuates throughout the timeframes where is starts 

small with a score of ~0.02 then increases to 0.04 around time frame 2 just to be reduced again 

in time frame 3 and increase at the time frame 8 to 0.04 again. This shows that there must have 

been something in the updates that has either made the killing different or people where just 

talking about it less. 

Topic 8 – Hardware 

The top words within this topic are ‘’hate’’, ‘’sad’’, ‘’shitty’’, ‘’joke’’ and ‘’ruin’’ which all are 

negative words to describe the game hence possibly this topic is about negative reviews 

towards the game and how the game has affected the players life. There is a small word 

evolution between the words ‘’shitty’’, ‘’joke’’ and ‘’ruin’’ where they switch around because are 

so close to each other with the scores hence the change in the score is not that big to be 

notable. This means that at one time frame one of the words was just used more often. 

‘’ Uppdated 2016/01/28.. can't lauch any more.. GG EZ RIP GTA’’ 

On the contract the reviews actually talk about the game and how it runs for them and if they 

can run it on their computers or as proved on the review about they might not be able to run it 

anymore. 

In case of topic share this topic has a very small score of 0.005 which is less than 

previously mentioned Topic 6 and 7 making it quite insignificant topic in comparison of the other 

topics. The score doesn’t change throughout the time frames showing no evolution or 

expansion. 
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Topic 9 – Bigrams 

 

Topic 10 –  

In this topic we can see words such as ‘’pc’’, ‘’play’’, ‘’run’’, ‘’get’’ and ‘’console’’ which 

shows that possibly in this topic people are comparing a PC and console version of the game 

and how different they are and which one is a preferred one. The word evolution overtime 

shows that the word ‘’console’’ gets down within the top 10 words whereas the word ‘’pc’’ keeps 

its first place meaning that the console seemingly gets less popular. This could possibly be 

because the steam distributor is only a PC gaming distributor making it impossible for console 

players to leave a review on the steam platform. Possibly it means that only people who have 

came from the console to the PC version of the game have commented. 

‘’Allready played it thru on PS4, but GTA is always gonna be PC title in my book. Gonna enjoy 

this one.’’ 

The reviews seem to be actually about how good the version of the PC game is, and some top 

reviews even speak of how good the console version of the game is. This indicates that the 

topic is actually about the positive comments of the players of that game. 

When looking at the topic share the score is quite large at the start of ~0.13 in the time frame 0 

whereas when we go down the timeframes the topic share reduces ever so slightly to 0.12 in 

time frame 1 and then to 0.08 in the timeframe 3. This indicates that people feel like this less 

overtime or possibly majority of the console players have already moved onto the PC version or 

vice versa. 

Topic 11 – 

Within this topic we can find top words such as ‘’gta’’, ‘’story’’, ‘’character’’, ‘’online’’ and 

‘’game’’ which would indicate that possibly this topic mainly speaks about how the story is 

developed within the game and how the players feel about it. Throughout the time frames only 

words such as ‘’character’’ and ‘’online’’ are fluctuating between each other yet it is caused by 

the fact that they appear almost the same amount of time only differing in certain timeframes.  

Topic 12 - Modding 

This topic seems to be eclipsing all other topics within the timeframe 4 according to the 

graph, its visible that it has the biggest topic share among all in that specific timeframe with 

almost a score of 0.2 which is one fifth of all topic share in that time frame. Within this topic the 

top words that can be found are ‘’mod’’, ‘’fuck’’, ‘’rockstar’’ and ‘’community’’ which indicates that 

this topic is specifically pointing towards the modding community and how Rockstar have 

included modding to the game.  

‘’I ADORE the gta series but srsly why take away the modding community thats just awfull 

rockstar please just take the modding tools back’’  

The majority of the reviews found in this topic point out that including mods in that game has 

brought negative effect on the game. By the amount of reviews from that specific that are put 

within this topic shows that a lot of players is unhappy about it. 
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Topic 13 - Rockstar 

Throughout the time frames when looking at the graph this topic has a balanced amount 

of reviews with almost equal amount all the time, the overall topic share is quite average in 

comparison to other topics, about 0.05 of overall topic share.  

When looking at the top words for that specific topic words such as ‘’rockstar’’, ‘’fix’’, ‘’support’’ 

and ‘’problems’’ which easily indicates towards this topic being focused on Rockstar and its 

problems with supporting players and fixing their issues.  

‘’To many Problems on Pc and Rockstar is not fixing them’’ 

The top reviews within that topic only reinforce the view that this topic focuses on the issues 

within the Rockstar games and how bad they are at fixing their issues.  

Topic 14 – Discourage from buying 

This topic’s share is quite large throughout the time frames with it averaging ~0.1 score 

which is quite large for one topic. This topic got slightly smaller in time frame 3 and 4 just to get 

bigger in time frame 5 and grow back to its original size. This could potentially be caused by the 

topic 12 taking a larger chunk of the topic share within those time frames causing it to get a bit 

smaller. 

The top words for this topic are ‘’not’’, ‘’do’’, ‘’play’’ and ‘’buy’’ which indicates that this topic 

could be about telling user to not play this game for a number of different reasons. 

‘’ wont start crashes on load up. cant get a refund. dont waste you money.’’ 

The top reviews for this game also suggest the previously assumed topic where the reviews are 

trying to discourage potentially buyers from buying the game. 

Topic 15 – Hackers 

The topic share of this topic is quite small on release with about 0.02 share yet at the 

time frame 3 and 4 it starts to increase to a size of 0.1 which is a five times increase. In time 

frame 7 and 8 the topic share decreases dramatically once again to 0.03 showing that 

something might have occurred there. 

The top words for this topic are ‘’money’’, ‘’online’’, ‘’hacker’’, and ‘’buy’’ which kinda indicates 

there could be a link between this topic and topic 14 as that topic also refers to not buying the 

game. 

‘’Whatever you do DO NOT buy this game for Online. It was fun back at the end of 2013 but 

nearly 3 years later not much has been added other then the HACKERS that ruin the game for 

everyone. If you want it to play the Campagin Then i would get it.’’ 

The top reviews suggest that there has been an increased amount of hackers and bans 

throughout the game’s life span and judging from the increase in time frame 3 and 4, just like in 

the topic 12, its possible that the modding community has also seen an increased number of 

hackers where those two issues could be connected. The decrease in the topic share could 

indicate that the problem was solved in the later timelines as the amount of reviews about it has 

been decreased. 
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Topic 16 – Content 

The topic share of this topic is quite insignificant with barely being 0.01, throughout the 

time frames it stays almost the same with exception of time frame 8 when it increases to 0.03. 

The top words for this topic are ‘’avoid’’, ‘’pay’’, ‘’gta’’ and ‘’content’’. From just these words its 

hard to assume what this topic could be about. 

‘’Game just gets grindier and grindier as each expansion is released.’’ 

Looking at the top reviews of this topic it indicates that this topic is about the content of the 

game and what it offers to the player, how its played and what can be seen in it. 

Topic 17 –  

This topic contains very little reviews which are hard to interpret and hard to understand 

hence this topic is going to be skipped over 

Topic 18 – Good graphcs 

This topic’s share stays almost the same throughout the time frames with ~0.05 with an 

exception of completely disappearing in the time frame 9. 

The top words for this topic are ‘’good’’, ‘‘graphic’’, ‘’ever’’ and ‘’best’’ so this kind of indicates 

that this topic could be about how good the graphics are for this game and how it can be treated 

as the best at the certain time frame. 

‘’Nice graphic, nice gameplay, addictive, good at all.’’ 

Top reviews for this topic do reinforce the view that this topic is about how good the graphics 

are yet its strange that this topic disappears completely at time frame 9 which could possibly 

indicate there was no such praises of the game in that time frame? 

Topic 19 – Bans 

This topic’s share fluctuates depending on the time frames, it start with a score of ~0.02 

just to increase in time frame 3 to 0.1 and then decrease again to ~0.03 in time frame 5. 

Top words for this topics are ‘’ban’’, ‘’get’’, ‘’rockstar’’ and ‘’online’’ which indicates that this topic 

is about banning people by the game developer. The words do not indicate for a reason to a 

ben hence this topic can be an overall overview of this. 

‘’played gta online for 2 months. got banned for a month. come back. even more modders than 

before. 10/10’’ 

The top reviews confirm that this topic is about people getting banned as they mostly speak 

about either players being banned or the players wanting hackers to be banned as well as 

modders. 
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