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ABSTRACT 

As we live in a world where the videogame industry grows day by day and new media is constantly 

emerging, user feedback can be widely found online. User reviews are a highly valuable data source 

when studying player perception of a videogame. They are also apparently volatile to updates released 

by developers and other external events, which may change user opinion over time. Here we assess 

whether the COVID-19 pandemic outbreak fell in this category, having or not a noticeable impact on 

the player view and popularity of videogames. 

In this research, we build and implement a method to collect active player data and user reviews, 

identifying the sentiment contained in the expressed opinions. Furthermore, we investigate the 

existence of structural breaks in the time series we target. For this purpose, we targeted user-reviews 

and active player data collected of Steam’s twenty most popular Massive Multiplayer Online Role-

Playing Games. To collect sentiment polarity values, two Natural Language Processing Python libraries 

were used, TextBlob and VADER, and structural break detection was put into practice using 

strucchange R package. 

The results of this work show us that despite having a great effect on the number of active players, 

the COVID-19 pandemic did not produce the same impact on Steam user reviews. Nonetheless, we 

were able to identify one of the platform’s major reviewing related updates as a structural break. We 

believe this approach can be used for further assessments on public opinion towards a specific product, 

in the future. 
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LIST OF ABBREVIATIONS AND ACRONYMS 

API Application Programming Interface – Set of functions and procedures allowing the 

creation of applications that access the features or data of an operating system, 

application, or other service. 

 

DLC Downloadable Content – Additional content created for an already released videogame, 

distributed through the Internet by the game's publisher. 

 

ML Machine Learning – A part of Artificial Intelligence that automates analytical model 

building. 

 

MMORPG Massively Multiplayer Online Role-Playing games – Online games with large numbers of 

players, often hundreds or thousands, on the same server. 

 

NLP Natural Language Processing – Subfield of linguistics, computer science, information 

engineering, and artificial intelligence concerned with the interactions between 

computers and human (natural) languages. 

 

NLTK Natural Language ToolKit – Python library that contains programs and libraries used for 

natural language processing. 

 

POS Part of Speech – The eight parts of speech in the English language: noun, pronoun, verb, 

adjective, adverb, preposition, conjunction, and interjection. 

 

SVM Support Vector Machines – Supervised learning models used for regression, classification 

and outliers detection. 

 

TF-IDF Term-Frequency and Inverse-Document-Frequency – A statistical measure that assesses 

how relevant a word is to a document in a collection of corpus. 

 

VADER Valence Aware Dictionary and Sentiment Reasoner – A lexicon and rule-based sentiment 

analysis tool that is specifically attuned to sentiments expressed in social media.
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1. INTRODUCTION 

Written reviews can be found online, regarding all kinds of products and software. Videogames 

are no exception. The vast amount of reviewing and social media platforms, hold a massive amount of 

user experiences and evaluations. While the interest to analyse this type of data has been increasing 

day by day, still a lot can be done in this area. Public written reviews, unlike professional ones, are 

often more polarized, easier to understand and frequently written a long time after a videogame 

release (T. Santos et al., 2019). As a result, these reviews are susceptible to be affected by major 

updates and other large-scale events that may occur over time. This creates an opportunity to study 

how those events may impact the user experience while playing videogames, by considering the date 

in which they were written. Such analysis would provide valuable insights for videogame developers 

and the industry in general, who seek to improve user experience. 

 

Figure 1 – COVID-19 outbreak indirect impact on videogames 

As of present time, the COVID-19 outbreak is the most relevant example of an impactful worldwide 

event, leading to a dramatic shift in our day-to-day habits (Chakraborty & Maity, 2020). In particular, 

many countries implemented social distancing and confinement measures that introduced dramatic 

consequences to our social lives (Farboodi et al., 2020). For instance, we moved our social interactions 

to the internet, exchanging casual social interactions by virtual ones (Farooq et al., 2020). In post-

pandemic world, technological companies have capitalized in these new behaviours, with an increasing 

demand for new entertainment digital content. Computer and console games have also seen a surge 

in activity in the aftermath of COVID-19. In fact, Steam, a video-game distribution platform registered 

a 23.8% increase in the amount of concurrent users between the first and the last day of March 2020 

(Steam Database, 2020). A resume of this situation can be seen in Figure 1. 

As a result of COVID-19, many individuals reported poor mental health and higher negative mood 

during lockdown. Negative psychological effects include post-traumatic stress symptoms, confusion, 

and anger (Brooks et al., 2020). Causing factors variate from experiencing stressful situations due to 

the risk of catching the virus, to deprivation of seeing relatives or close friends or even experiencing 

bereavement. Additional stressors include long quarantine duration, frustration, boredom, inadequate 

supplies, inadequate information, financial loss, and stigma. Furthermore, certain lifestyle aspects may 

have been changed, such as diet, sleep quality and physical activity (Ingram et al., 2020). Regarding the 
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role played by videogames, recent studies point out that many people have found a way to connect 

with friends and other people through playing video-games, improving their own social integration 

and connectedness (Marston & Kowert, 2020; Riva et al., 2020). Here we ask whether such effects on 

individual mental health reflected in the sentiment they reveal towards their experience in 

videogames.  

It is widely known how social media serves as a unified platform for users to express their thoughts on 

all kinds of subjects, including videogames (Hu et al., 2017). There are however more ways for players 

to express their feelings and considerations towards videogames. One of the main options is to write 

a review on websites created for that same purpose i. e. Metacritic, or in videogames distribution 

platforms which include that feature i. e. Steam. Game reviews among other aspects, often include 

first-person opinions of the experience the game reviewer had with the game in question. In many 

cases, they consist of descriptions of the emotions felt both during play as well as after (Zagal et al., 

2009).  

Past studies about sentiment analysis on videogame user reviews include the analysis of in-game 

player chat messaging (Thompson et al., 2017), assorted game related tweets (Islam et al., 2016) and 

written reviews. A fair number of studies have been conducted on videogame amateur reviews in 

order to extract sentiment. A previous work from 2019 includes a review on the existent studies by 

then (Rajapakshe, 2019). This review detects two main types of approaches, binary classification and 

aspect-based classification. Binary classification methods evaluate if the sentiment displayed is 

positive or negative and compares with whether the user recommended or not the game. Aspect-

based classification provides more intuition about the feedback when compared to binary 

classification, allowing for example, to separately study feedback on certain features. Recent studies 

also elaborate how COVID-19 impacted user experience on Location Based Games, demonstrating the 

influence that this type of games had on human behaviour during this crisis (Laato, Islam, et al., 2020; 

Laato, Laine, et al., 2020).  

However, there is still a lack of research on the impact of large-scale events and major updates on user 

experience feedback and close to none approaches were found of structural break test applications on 

videogame related data. Regarding the COVID-19 pandemic, no approaches have been found on 

detecting its general impact on videogames by analysing user reviews. This study is expected not only 

to deepen the knowledge regarding user sentiment analysis, but also to detect structural breaks in a 

new context and investigate further impacts of the COVID-19 pandemic in the videogames sector. To 

do so, we focus on detecting the impact of large-scale events such as the COVID-19 pandemic and 

major game or platform updates on videogames. This includes assessing the sentiment displayed in 

user reviews, as well as the total amount of reviews and the numbers of active players over time. In 

order to achieve the defined goal, user reviews and active players data from recent years will be 
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collected and processed. Sentiment polarity values will be extracted from the reviews using a set of 

algorithms. Lastly, we will pick a set of variables from the data to be studied and define a model to test 

for the existence of structural breaks. This procedure is expected to provide us the means to 

understand whether the major changes can be associated with the impacts caused by the pandemic 

or other major events we expect to identify. 

The structure of this work is organized as follows: Theoretical revision, where a summary of existing 

literature will be presented and divided in videogames, Sentiment Analysis and Structural Break Tests 

and also where the basis of our method will be defined. Results and Discussion section includes our 

procedure in order to collect and clean the data, extract sentiment polarity and conduct structural 

break tests. The obtained outcomes, along with a critical review of the findings complete this section. 

The last part is the conclusions obtained from this work, as well as the identification of limitations and 

future work.   
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2. THEORETICAL REVISION & METHOD 

In this section we begin to discuss how the videogames industry has grown over recent years and 

the currently available videogame opinion data sources. Afterwards, we explore the available 

sentiment analysis and text mining techniques by assessing existent studies in these areas. Lastly, a 

review on methods to detect structural breaks in time series and how they can be applied in this 

scenario. 

2.1. VIDEOGAMES 

We live in a digital era, where the usage of the internet by consumers for product purchases 

increases day by day. The videogame industry is growing considerably, totalling $177.8 billion in 2020, 

a 19% increase from the yearlong revenue in 2019, also boosted by the COVID-19 lockdown measures 

(Newzoo, 2020). The huge revenue and user base all over the world, characterize this industry as one 

of the largest and most competitive entertainment markets and user experience plays a key part in it. 

User empowerment allows producing companies to obtain a clear view of customer needs and 

reactions to product release. Through positive or negative feedback new opportunities can be 

identified to improve user acceptance and polishing new launching ideas (González-Piñero, 2017). 

User feedback can be found online in large quantity, in many different places. Social media are a 

valuable source of opinions on all kinds of products, including videogames. When using Twitter, a 

simple search for the desired product could display an enormous quantity of related expressed 

thoughts and feelings in the form of very short texts. Previous studies include the extraction of game 

related tweets using the free version of the official Twitter API, which has the disadvantage of 

restricting data collection to the past 7 days (Bonenfant et al., 2020). In order to avoid this issue, a 

script can be created using a Python Library to scrape data directly from Twitter. Such method enables 

the extraction of a given number of tweet within a user-defined time period (Roy et al., 2018). The 

downside of studying Twitter data, in the context of our study is that tweets tend to be mostly neutral, 

as not many express either positive or negative sentiment unlike actual reviews that express opinions 

(Hagen et al., 2015).  

Metacritic is an example of a popular website created specifically to aggregate reviews and ratings of 

diverse entertainment goods such as movies and videogames, both from expert critics and regular 

users (T. Santos et al., 2019). Reviews contain a simple text input field and a score from 0 to 10, given 

by the author and display the number of times it was marked as helpful by other users. Every user 

registered in the platform can pick any game to review, despite owning the game or not (Kasper et al., 

2019). Past works include the extraction of reviews and scores from Metacritic using an open source 

crawler for Java, as well as review indexing and data cleaning (Ruseti et al., 2020). Another work used 
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two different scripts to extract reviews, a scrapper script and a python API to collect data from 

Metacritic, amongst other sources. (Quader et al., 2017). 

 

 

Figure 2 – Steam review example 

Steam is a multi-billion dollar distributed gaming platform that acts as a third-party medium to sell 

games online and download them (Bais et al., 2017). One of its features is allowing users to write their 

own reviews, assigning positive or negative ratings to any game. Large numbers of user reviews are 

written every day and displayed on the respective game’s store page, providing a valuable help for 

other users who are looking to decide whether or not to buy that game (Lin et al., 2019). The review 

in Figure 2. provides an example of a Steam user review and how it is displayed on their website. 

Although Steam Reviews do not contain a concrete rating but a positive or negative recommendation 

instead, they contain other useful features and only users who bought the game can leave a review. In 

this manner, we will collect data from Steam for the purpose of our study. Considering we want to 

study reviews until as recent time as possible, we will be collecting data ourselves, instead of using an 

already existent dataset. 

Regarding the target videogames for our study, we will focus on Massively Multiplayer Online Role-

Playing Games (MMORPG). Games from this category allow users to establish and maintain social ties, 

by interacting and collaborating with strangers (Zhong, 2011). They support large numbers of players 

simultaneously in the same server (Islam et al., 2016). These games often maintain a rather stable 

number of players over time, as they sustain large audiences interested in the game who finance it so 

that they can continue to play (A. M. M. Santos et al., 2017). This is a critical aspect for our choice, as 

we focus on studying sentiment changes over time. Thus, avoiding videogames that lose interest 

shortly after release, and allowing us to increase the timespan of included reviews. In the next section 

we will explore the existent methods to extract sentiment from opinion text such as user reviews. 
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2.2. SENTIMENT ANALYSIS 

Sentiment analysis is the computational study of people’s opinions, attitudes and emotions 

toward an entity (Medhat et al., 2014). The target of sentiment analysis is to find opinions, identify the 

sentiments they express, and then classify their polarity. Sentiment analysis has been used in several 

applications including analysis of the repercussions of events in social networks, analysis of opinions 

about products and services, or simply to better understand aspects of social communication in social 

networks (Gonçalves et al., 2013). 

More recently, sentiment analysis applications have been made in the context of COVID-19. Part of 

the studies consist on analysing social media messages, such as tweets, related to the pandemic, in 

order to detect mood changes (Nemes & Kiss, 2020). Results display, for example, mood deterioration 

correlated with lockdown announcements (Kruspe et al., 2020). Also using online discussions data, 

efforts were made into finding out the main concerns of people during the start of COVID-19 outbreak, 

highlighting the uncertainty around health and family, as well as origin of the virus; its sources; its 

impact on people, countries, and the economy; and ways of mitigating the risk of infection (Abd-

Alrazaq et al., 2020; Li et al., 2020). Another study queried news articles from February 2020, to find 

that there were more negative articles than positive articles, as well as their subject (Hamzah et al., 

2020). By analysing user reviews, the impact of the pandemic on user experience with online education 

platforms in China was assessed, identifying a change in concerns displayed before and after the 

pandemic outbreak (Chen et al., 2020). 

Regarding sentiment analysis applications to videogames, past works include the analysis of in-game 

player chat messaging (Thompson et al., 2017), assorted game related tweets (Islam et al., 2016) and 

written reviews, which is the target of this study. A previous study on the differences between expert 

and amateur videogame reviews, concludes that amateur reviews are often more polarized, 

emotionally charged and not only written right after the videogame release (T. Santos et al., 2019). 

Many studies have been conducted on videogame amateur reviews in order to extract sentiment. A 

previous work from 2019 includes a review on the existent studies by then (Rajapakshe, 2019). This 

review detects two main types of works. Binary classification ones which evaluate if the sentiment 

displayed is positive or negative and compare it with whether the user recommended or not the game. 

Aspect-based classification ones with focus on separately studying feedback on certain features.  

 

Among the existent sentiment analysis techniques, two main categories can be detected 

according to previous surveys (Medhat et al., 2014; Pradhan et al., 2016), Machine Learning (ML) and 

Lexicon-based, as seen in Figure 3. 
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Figure 3 – Sentiment analysis approaches 

 

2.2.1. Machine Learning approaches 

These approaches can categorize themselves as supervised learning or unsupervised learning. 

The first category contains the vast majority of ML applications on sentiment analysis and we now 

focus on it. Supervised learning methods require the definition of two sets in the data, one for training 

and another for testing, to validate performance of the algorithm. These algorithms are mainly used 

on text classification problems, to predict one of the available classes for each record in the dataset. 

As example, previous work built a decision tree classifier with an accuracy of 0.75, to classify Steam 

user reviews as positive or negative, according to the sentiment in the text (Zuo, 2018). Another work 

on this purpose, besides using text variables also included available numerical variables such as "The 

number of hours a player plays a game before posting a review", obtaining their best results while 

using Support Vector Machines (SVM) and Term-Frequency and Inverse-Document-Frequency (TF-IDF) 

(Bais et al., 2017). A similar study used Artificial Neural Network and Classification and Regression Tree 

instead, obtaining better accuracy with the latter (Kang et al., 2017). 

 

2.2.2. Lexicon-based approaches 

Such approaches return the sentiment score for the target text, calculated via aggregation of the 

scores for every word (Gupta & Agrawal, 2020). For this purpose, pre-prepared Sentiment Lexicon is 

required, containing for every word in it defined, its semantic orientation, which can be positive, 

negative or neutral. Included in the Lexicon Based approaches category, there are the dictionary based, 

and the corpus-based methods: 
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• Dictionary based ones start by collecting a small set of words from the text, followed by 

dictionary expansion using common online dictionaries such as WordNet. Once this process is 

completed, error detection can be manually done. As an example, a previous approach 

extended a dictionary of lexicon-based sentiment extractor, to analyze in-game messages from 

the videogame StarCraft 2 (Thompson et al., 2017). This work displayed how Lexicon-based 

approaches can turn out as a useful and portable sentiment extraction method. 

• Corpus-based allow the understanding of the context where relevant words for sentiment 

analysis are used in. There are two main methods for this approach. The statistical approach 

focuses on word occurrences. Here, polarity is defined as positive, negative, or neutral, 

according to the frequency the word displays in positive or negative text. The semantic 

approach works by giving sentiment values to words, while also considering semantically 

similar words, valuing them accordingly. This can be done by using a pre-defined corpus, to 

expand the initial set of synonyms and antonyms to the original word. 

 

2.2.3. Chosen sentiment analysis methods 

Considering the problem we have at hands and our goal to study sentiment changes over time, we 

will be going forward with two NLP Python libraries, TextBlob (Loria, 2018) and Valence Aware 

Dictionary and Sentiment Reasoner (VADER) (Hutto & Gilbert, 2014). Both algorithms are reported to 

work well on text found online, such as user-reviews (Bonta & Janardhan, 2019). The end product is 

also a reason for our choice, as the two methods return an overall sentiment polarity value, which we 

can later analyze in timelines. 

As lexicon-based approaches, both libraries follow the process defined in Figure 4. This method begins 

with the tokenization of the gathered text, where the text is split into words. Follows the Part-Of-

Speech (POS) Tagging part, consisting of converting the list of words into a list of tuples, including for 

each word, whether it is a verb, noun, or other part-of-speech. Each tuple is then assigned a sentiment 

score from the lexicon included in the package. Lastly, the output results are calculated from the scores 

of every word and normalized. 

 

Figure 4 – Sentiment analysis process of the chosen approaches 

 
TextBlob is a Python library for processing textual data. Its sentiment analysis feature uses lexicon 

resources from Natural Language ToolKit (NLTK) which is an open source NLP Python package. It 
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Returns two variables: sentiment polarity and subjectivity. The polarity score is a float within the range 

[-1.0, 1.0] where 1 is positive sentiment and -1 is negative sentiment, representing the calculated 

sentiment score of a text. The subjectivity is a float within the range [0.0, 1.0] where 0.0 is very 

objective and 1.0 is very subjective. It is used to measure whether the text is mostly based on personal 

opinion (High subjectivity) or in factual information (Low subjectivity). 

 

 

 

 

VADER is a lexicon and rule-based sentiment analysis tool that is specifically attuned to sentiments 

expressed in social media, also working well on texts from other domains. It returns sentiment polarity 

indices of the target text in the form of three scores (Positive, Negative and Neutral) which represent 

the proportion of text that falls in these categories. It also returns the Compound metric, which is the 

calculated sum of all the lexicon ratings that have been normalized between -1 (most extreme 

negative) and +1 (most extreme positive). 

 

 

 

Once we have applied the two methods to the collected reviews from Steam and sentiment polarity 

values are saved, we will be ready to move on to the next step. 

 

2.3. TESTS FOR STRUCTURAL BREAKS IN TIME-SERIES 

Keeping in mind the main goal, a final step is required in order to identify the main changes over 

time in user reviews number and sentiment, as well as in the number of active players. This step 

consists in studying in timelines the data previously obtained and testing for the existence of structural 

breaks. Structural break points of time series are defined as points in a regression, that when used to 

split a time series, generate two parts with heavily dissimilar regression parameters. While the amount 

of work on this topic is vast, applications are mostly focused in the financial and economic fields. Past 

works include forecasting stock return volatility, demonstrating the challenges presented by structural 

breaks (Rapach et al., 2008). Another work regards the existence of structural breaks on sentiment 

analysis output data. This by collecting social media data from Twitter and StockTwitts, extracting 

sentiment series and proving the importance of detecting structural breaks, when using online investor 

sentiment series (Ballinari & Behrendt, 2020). It is, however, noticeable, the lack of research on 

Cleant review: “I love this game, it is fun to play with friends. Servers can be a problem.”  

TextBlob sentiment polarity:  0.133 

TextBlob sentiment subjectivity:  0.400 

Cleant review: “I love this game, it is fun to play with friends. Servers can be a problem.”  

VADER sentiment polarity: {'neg': 0.109, 'neu': 0.364, 'pos': 0.526, 'compound': 0.8834} 
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structural breaks for videogame or user review related data, an issue that our research is expected to 

help mitigate. 

When considering structural break detection tests, methods can date far back to 1960, with the Chow 

test. This widely known test operates by dividing the sample data into two subperiods. It estimates the 

parameters for each subperiod and uses a classic 𝐹 statistic to validate the equality between the two 

sets of parameters (Hansen, 2001). The Chow test is held by its main limitation, requiring the 

assumption of the breakdate before performing the test. While popular for many years, more 

advanced alternatives were developed over time.  

A popular example is the 'supremum' test of Andrews (Andrews, 1993). This test defines a supremum 

version of the 𝐹 statistic. The sup-𝐹 uses a standard distribution under the null hypothesis, hence 

moving the change point parameter to the alternative hypothesis. As a result, it provides a work-

around the Chow test referred limitation, enabling the test for an unknown change point. 

A further approach by Bai and Perron (Bai & Perron, 2003) regards the issue of testing for structural 

changes on data and errors under very general conditions. Most importantly, it allows testing for 

multiple structural breaks without the need to previously specify the break dates. This was achieved 

via a dynamic-programming-based algorithm, used to obtain global minimizers of the sum of squared 

residuals. 

Instead of directly applying one of the previous methods, we chose to use an R package, Strucchange 

(Zeileis et al., 2002), to define and conduct our structural break tests. This package provides the tools 

to apply those methods through a set of defined functions. Considering the data we are studying, and 

the uncertainty regarding the existence of one or more structural changes, we intend to test for the 

existence of structural breaks. The tests will be created, taking into account previous applications of 

this package (Zeileis et al., 2003; Zeileis & Kleiber, 2005). Here, we regard the standard linear regression 

model 

 
 𝑦𝑡 =  𝑥𝑡

𝑇 𝛽𝑖 + 𝜀𝑡    (𝑡 = 1, … , 𝑇), (1) 

where  𝑖 is the time and 𝑦𝑖  is the observation of the variable being tested, 𝑥𝑡 is a 𝑘 ×  1 vector of 

regressors, having the first component usually equal to unity, and  𝛽𝑖 is the 𝑘 ×  1 vector of regression 

coefficients which may vary over time.  

In this work, we intend to test the hypothesis that the regression coefficients (𝛽𝑖) remain constant 

 

 𝐻0:     𝛽𝑖 = 𝛽     (𝑖 = 1, … . , 𝑛), (2) 

 

versus the alternative (𝐻1) that at least one of the coefficients varies over times. The rejection of the 

null hypothesis would then imply the existence of structural breaks in the models. 



11 
 

From the collected data we selected the following four variables for testing: Monthly total amount of 

reviews; Monthly mean of sentiment polarity scores obtained with TextBlob; Monthly mean of the 

compound metric of sentiment polarity indices obtained with VADER; Monthly total of players. The 

timespan of the dataset ranges from the beginning of January 2018 to the end of April 2021. Hence, 

including data from a total of 40 months. The data at this point collected and pre-processed will be 

extracted from Python into R using CSV files. From here, a set of tests will be conducted for each of 

the variables, to investigate and identify the existence of structural changes. In our scenario, 

considering our uncertainty regarding the number of breaks in the data, we will leave the maximum 

number of breaks parameter set to be 𝑀 = 5 and trimming parameter of 15% of the length of our 

data. This set consists of the following tests: 

 

Test 1: The first test will focus on detecting abrupt structural changes in the mean of the series. We 

will conduct this test by fitting the following model: 

 

 𝑦𝑡  = 𝛽0 + 𝜀𝑡   (3) 

 

Test 2: On the second test we study the existence of broken trend (𝑡 denotes a deterministic linear 

trend). As follows: 

 

 𝑦𝑡  = 𝛽0 + 𝛽1 𝑡 + 𝜀𝑡 

 

(4) 

Test 3: The third test detects structural breaks on the parameters of an auto-regressive model:  

 

 𝑦𝑡  = 𝛽0 + 𝛽1 𝑦𝑡−1 + 𝜀𝑡   (5) 

 

Once conducted the tests on the four selected variables, the outputted breakpoints will be stored 

in a table containing the results for all games, for further analysis. Confidence intervals for each 

resultant break date, as well as the p-value for each test will also be collected. 
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3. RESULTS & DISCUSSION 

3.1. DATA COLLECTION 

Before extracting user review data, we researched on the existent methods to obtain such data 

from Steam and found various ways to do it. A previous approach on sentiment classification, extracted 

reviews from Steam using a sample Javascript code that identifies the useful HTML elements from the 

webpage and extracts those useful features and texts into written JSON file (Bais et al., 2017). Another 

work proposes a method that includes extracting reviews using a crawler that performs HTTP REST 

requests to the Steamworks API. Followed by transforming review text through operations such as 

lowering case, removing URLs and replace internet slang with textual counterparts (Vieira & Brandão, 

2019).  

Our method choice, however, fell on an existent method, that uses a Python API instead of creating a 

Web Scraping script (Zuo, 2018). The API we used is named “steamreviews”, and all it needs in order 

to retrieve user reviews for a particular game is the correspondent game ID on Steam, having a few 

more optional parameters. The first step was to get IDs and names for all the target games and to save 

the IDs into a list. The second step was to use the reviews API with each ID to get all the reviews for 

each game. Regarding the API parameters, we decided to collect only reviews that are written in 

English, to make the sentiment analysis task more practical. For this reason, besides requesting only 

reviews written after the start of 2018, we specified the language parameter as English only.  

User review extraction was conducted in a Python Jupyter Notebook. Python functions were 

developed in order to download the reviews using the API, which generates one JSON file per game. 

Such files contained the large variety of features present in each Steam user review, from which we 

initially selected the features displayed in Table 1, before transforming data into a CSV data table 

format, to be used in the analysis. We opted to select the date of last update on the review, instead of 

the date of writing, due to users being able to modify their review over time, sometimes reflecting an 

update which improved or decreased their experience of the game. 

 

 

 

 

 

 

 

 



13 
 

Table 1 – Steam review features 

Feature Description 

Author Playtime total Total playtime in hours by the player on the reviewed game. 

Review text Actual text of the review. 

Date of last update Date when the review was last updated. 

Recommendation 
Whether the user marks the game as Recommended or Not 

Recommended. 

Votes up Number of votes up given by other users to the review. 

Votes funny Number of votes funny given by other users to the review. 

 

For our study, we considered it would be beneficial to include active players numbers in our analysis 

dataset. This data may help understanding popularity changes of the target videogames and even 

videogames in general. Such data may not be obtained in a simple way directly from Steam. However, 

there are free third-party tools that collect and process this type of data. Steam Spy is an example, 

which continuously collects data from Steam, including historical values of the number of owners and 

players for each game (Lin et al., 2019). Another useful third-party application is Steam Database. Same 

case as Steam Spy, Steam DB provides detailed insights of raw data obtained from Steam, in a more 

comprehensive way than the official API (Zuo, 2018). 

Steam DB turned out to be the best option to obtain Steam player data as it allows downloads in the 

form of CSV or XLS files, containing the features displayed in Table 2. The downloaded files include not 

only the daily player count since the game release, but also the daily amount of Twitch viewers, 

watching streams of the specific game in particular. Twitch is a large live streaming platform with main 

focus on videogames (Hilvert-Bruce et al., 2018), and its data can be particularly useful in our study. 

The files also contained a flag variable representing if there was a major update or sale on the 

correspondent day. However, it turned out to be incomplete or fully empty for most games, reason 

why we will not be using its data. 

 

Table 2 – Data collected from SteamDB 

Feature Description 

DateTime Day of the year. 

Players Daily total number of Steam players. 

Twitch Daily total number of Twitch viewers. 
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3.2.  DATA PRE-PROCESSING 

The pre-processing phase is a crucial step when building effective sentiment analysis systems for 

text mining (Angiani et al., 2016). Online texts such as reviews often contain lots of noise, irrelevant 

data and even sarcasm. Although our chosen sentiment analysis algorithms support online text with 

close to none pre-preparation, we will clean the data regardless, in order to reduce the size of the 

dataset and improve processing times. For this we used our own set of techniques, which includes the 

following pre-processing steps: 

• Removing links: Links may not contain sentiment information, so we removed them from the 

dataset. A regular expression is used to identify strings that start with "https://", removing 

them afterwards. 

• Removing special characters and digits: Non-letter characters represent unnecessary crowd 

on data, since they are not useful for the sentiment analysis algorithm. They were removed by 

keeping only the upper and lower cases of English letters. 

• Lower case every letter: By this step, every non letter character was removed. To reduce the 

size of words, we transformed every letter in reviews into lower case. 

• Removing stop words: Stop words are words which are filtered out before or after processing 

of natural language data. Examples of stop words include "a", "and", "the", "how" and "or". 

While these words do not have sentiment values, they highly increase the weight of the 

dataset. To remove them we used the NLTK Python package. 

 

Before: 

“Best Sub based MMO on the market. Amazing story. Each expansion has only gotten better. Well 

worth the money and time!” 

 

After:  

“best sub based mmo market amazing story expansion gotten better well worth money time” 

 

After the pre-processing steps were conducted, the total amount of words from all reviews was nearly 

reduced to half (20.1 million words to 10.4 million). The most common words in our review dataset 

can be seen in Table 3. It is noticeable the predominance of words with positive connotation amongst 

the list, such as “good”, “fun”, “great”, “best”, etc. Furthermore, the presence of the words “people” 

and “friends” confirm the social component of the target videogames, known for allowing players to 

meet new people and play with their friends online. 
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Table 3 – Most common words 

Word Count 
 

Word Count 
 

Word Count 

game 530,095 
 

one 54,795 
 

people 40,965 

good 124,460 
 

hours 51,801 
 

played 40,086 

fun 123,349 
 

even 48934 
 

love 40,082 

play 121,057 
 

playing 46,635 
 

still 38,969 

like 101,756 
 

best 46,236 
 

want 36,439 

get 91,681 
 

free 45,195 
 

lot 35,985 

time 75,856 
 

new 45,021 
 

grind 33,775 

great 67,829 
 

much 44,362 
 

players 33,028 

dont 61,558 
 

games 42,755 
 

friends 32,761 

really 56,830 
 

would 40,973 
 

make 32,094 

 

 

3.3. COLLECTED DATA 

The data obtained corresponds to user-reviews, scores and player count on 20 of the most 

popular MMORPGs on Steam (ARK Survival Evolved, Black Desert Online, Crossout, DC Universe Online, 

EVE Online, Final Fantasy XIV, Fishing Planet, Neverwinter, Path Of Exile, Smite, Realm of the Mad God 

Exalt, Spiral Knights, The Elder Scrolls Online, Tree of Savior (Eng. Version), Trove, Warframe, VRChat, 

War Thunder, World of Tanks Blitz, World of Warships, Trove). As we aimed to have the possibility to 

compare trends and identify patterns before and after the COVID-19 outbreak, we opted to include 

reviews written between January 2018 and April 2021 in our study. For this reason, we only selected 

games that were released before January 2018. 

We now take an overall look at the data obtained. Main data insights extracted, are displayed by 
videogame, in  
 

 

Table 4. The final dataset containing data from the 20 selected games, obtained after data pre-

processing steps consists of nearly 600.000 reviews, with a total of 10.4 million significant words. 

Having the reviews of all games together, in 83.2% of them, the user recommends the game. If 

calculated separately for each game, the average recommendation rate between the 20 games is 

76.0%. This suggests that the most popular games from the 20, have a higher positive recommendation 

rate by the players who wrote the reviews. Our dataset was posteriorly grouped by date of last update 

on reviews, in months, to study possible changes over time. Each record corresponding to a month 

between January 2018 and April 2021 and containing all the necessary features we collected. 
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Table 4 – Descriptive statistics of the 20 games 

 

 

3.4. STRUCTURAL BREAK TESTS RESULTS 

Figure 5 provides a glance of the amount of reviews written over time. The blue part of the histogram 

bars represents the reviews where the game is recommended by the user, while the red part 

represents the ones where the game is not recommended. While the punctual rise in the amount of 

reviews dating from November 2018 and June/July 2019 may be justified by sales on the Steam store, 

the sudden increase dating from November 2019 is a different scenario. Besides the Black Friday Sales, 

the Big Library Update had its beta release in September 2019 and full release at the very end of 

October 2019. As it introduced new ways to prompt the user to write a review, the number of monthly 

written reviews suffered a very large boost. 
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Figure 5 – Total of reviews since 2018 per month 

 

 

Regarding Figure 6, this figure shows the percentage of positive and negative reviews since 2018 per 

month, as well as the sentiment polarity scores obtained. Following the same logic as in Figure 5, the 

blue part of the histogram bars represents the reviews where the game is recommended by the user, 

while the red part represents the ones where the game is not recommended. The black and the blue 

lines represents the sentiment polarity scores obtained, being the black line the polarity value from 

TextBlob and the blue line the compound metric from VADER. Comparing the percentage of positive 

reviews with the sentiment polarity scores, it is generally noticeable how the sentiment polarity values 

tend to be higher, the higher the percentage of positive reviews during the same month, as expected. 

Furthermore, when comparing Figure 5 with Figure 6, it is perceptible that in months where the 

number of reviews rose, the percentage of positive reviews compared to negative ones also seemed 

to increase. 
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Figure 6 – Percentage of positive and negative reviews and sentiment polarity scores since 2018 per 

month 

Now we look at the active players numbers, which is the red line from Figure 7. This data represents 

the monthly sum of daily active players for the selected videogames. By observing its evolution over 

time, we can easily notice the large increase in players that happened by March 2020. Such event 

corresponds to the COVID-19 pandemic global outbreak date, closely followed by the quarantine 

measures, which forced people to stay at home. On the months that followed, player numbers lowered 

as the measures softened but were still high when compared to the two previous years, as people 

were still advised to stay at home. Figure 7 also includes represented as a blue line, the monthly sum 

of daily Twitch viewers for 18 out of our 20 target games, as two of them did not have this data 

available. Despite not showing the same of impact of the pandemic outbreak as in the active player 

numbers, the amount of Twitch viewers was still fairly high over the year of 2020, when compared 

with the numbers from 2018 and 2019. 
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Figure 7 – Active players and Twitch viewers 

In an effort to obtain a clear answer regarding the possible impact of the pandemic on user reviews 

and player numbers, the previously explained set of structural change tests was conducted. In Figure 

8, are displayed the results from the application of the 3 tests created, to the 4 selected variables, with 

all data from the 20 games together. While the black lines in Figure 8 display the assessed variables, 

the red dotted lines represent the structural breaks found. Regarding the amount of reviews, the first 

two tests detected a structural change in October 2019. Precisely by the time Big Library Update went 

live, which caused an increase in the amount of reviews being written by users. This structural break 

was also detected by three of the six tests conducted to the sentiment polarity scores variables plus 

another test (VADER & Test 1) that detected a break just one month before October 2019. Moreover, 

the first test detected a change in the sentiment polarity scores from both algorithms on the first half 

of 2020, during the months that shortly followed the worldwide COVID-19 pandemic outbreak in 

March 2020. Regarding the number of players, the first two tests detected a break by February 2020, 

just before the global COVID-19 spread. 
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Figure 8 – Structural break tests results with data from all 20 games 

Table 5 provides additional information on the structural break test results displayed in Figure 8. For 

each test the correspondent p-value is displayed, as well as the confidence interval for each break 

detected, representing the margin of error. Considering the applications of Test 2, and applications of 

Test 1 apart from VADER Polarity, we can reject the null hypothesis for those tests. This way, 

confirming the existence of structural breaks on the tested variables. 

 

Table 5 – Structural break tests result with data from all 20 games 

Test Break Date p-value 95% Confidence Interval 

Review amount & Test 1 Oct-2019 <0.01 Aug-2019 – Jan-2020 

Review amount & Test 2 Oct-2019 <0.01 Aug-2019 – Nov-2019 

Review amount & Test 3 Jul-2018 <0.01 None (Start date included in trimmed 

months) 

Text Blob Polarity & Test 1 Oct-2019,  

May-2020 

<0.01 Sep-2019 – Dec-2019,  

Mar-2020 – Jun-2020 

Text Blob Polarity & Test 2 Oct-2019 <0.01 Sep-2019 – Nov-2019 

Text Blob Polarity & Test 3 None <0.01 None 

VADER Polarity & Test 1 Sep-2019,  

Jun-2020 

0.1 Jul-2019 – Fev-2020,  

Apr-2020 – Aug-2020 

VADER Polarity & Test 2 Oct-2019 <0.01 Sep-2019 – Nov-2019 

VADER Polarity & Test 3 None <0.01 None 

Player count & Test 1 Feb-2020 <0.01 Dec-2019 – Mar-2020 
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Player count & Test 2 Feb-2020,  

Aug-2020 

<0.01 Jan-2020 – Mar-2020,  

Jul-2020 – Sep-2020 

Player count & Test 3 None <0.01 None 

 

Considering that the 5 most popular from the 20 selected games generated 66% of the total number 

of reviews collected, the tests for structural changes have also been done per game individually. The 

results obtained can be seen in the figures displayed in Appendix A - Regression and structural break 

test results per game. The application of the 3 break tests to the 4 selected variables of the 20 selected 

games resulted in a total of 240 test combinations. From this, 272 breaks were globally detected, 

resulting in a mean of slightly over 1 break found per test. 111 breaks come from the applications of 

structural break test 1, 114 from test 2, with test 3 detecting only 47 breaks, less than half when 

compared with the other 2 tests. Using data from the tests, Figure 9 displays the total of breaks 

detected by month for each study variable. Here, the red line represents the amount of written 

reviews, and displays the highest concentration of breaks detected (34) between all variables, on 

October 2019 (Steam Big Library Update). The TextBlob sentiment polarity, along with the VADER 

sentiment polarity are associated with the blue and green lines respectively. These variables also show 

the highest number of breaks by September & October 2019 due to the same reason as the review 

amount. The player numbers variable, corresponding to the yellow line however, had the major 

number of breaks detected by the time of the pandemic outbreak. 

 

 

Figure 9 – Monthly distribution of all breaks detected (3 tests x 20 games) per variable 
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4. CONCLUSION 

The goal of this study was to assess the impact caused by large-scale events such as the COVID-19 

pandemic and major updates on videogames and their platform. User reviews and active player data 

from Steam was extracted. Two sentiment analysis methods, TextBlob and VADER were chosen and 

applied to Steam user reviews. Ultimately, three different structural break tests were prepared and 

applied to four selected variables, using Strucchange R package. After a careful analysis of the obtained 

results, we lack proof to assume that the COVID-19 pandemic outbreak did in fact affect the sentiment 

displayed towards videogames, as the impact on Steam user reviews was not significant enough. 

Nonetheless, it was possible to identify as structural breaks, the change caused by the pandemic in the 

number of active players, which greatly increased in the months that followed the outbreak. During 

our research we discovered the Steam Big Library Update and how it turned out to have a large effect 

in Steam reviews. As the number of written reviews notoriously increased after this change, the 

percentage of positive reviews rose by 25% in the space of two months. Therefore, the sentiment 

contained in user reviews was also affected, and our tests detected structural breaks by the time of 

the update, validating its large impact. 

Detecting structural breaks in a time series, is a valid way to assess the existence of critical changes in 

the data. Our approach applies structural break testing in a whole new context, providing a new 

method for videogame developers and reviewing platform managers to assess game and reviewing 

related data, such as the sentiment expressed by players. This way, understanding the repercussions 

of launched updates and/or the impact of outside events, as well as obtaining a clearer view on how 

to act accordingly. 

Future work could include applying this method to other feedback sources, such as social media or in-

game player chat, to study updates on a specific videogame or platform. Another option would be 

joining data from different sources in a single study, which may provide better results when assessing 

large-scale worldwide events, mitigating the impact of platform related updates on data. More 

classical approaches for sentiment analysis can also be put into practice and different multivariate 

structural tests can be created using different formulas to fit data. 
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6. APPENDIX 

6.1. APPENDIX A - REGRESSION AND STRUCTURAL BREAK TEST RESULTS PER GAME 

Black lines display the assessed variables, while red lines represent the structural breaks found. 
 

 

 

Figure 10 – Structural break test results: EVE Online 

 
 

 

Figure 11 - Structural break test results: DC Universe Online 
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Figure 12 - Structural break test results: Final Fantasy XIV Online 

 

 

Figure 13 - Structural break test results: Spiral Knights 

 

 

Figure 14 - Structural break test results: Neverwinter 
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Figure 15 - Structural break test results: Realm of the Mad God Exalt 

 

 

 

Figure 16 - Structural break test results: Warframe 

 

 

Figure 17 - Structural break test results: War Thunder 
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Figure 18 - Structural break test results: Path of Exile 

 

 

Figure 19 - Structural break test results: Trove 

 

 

Figure 20 - Structural break test results: The Elder Scrolls Online 
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Figure 21 - Structural break test results: ARK 

 

 

Figure 22 - Structural break test results: Tree of Savior (Eng. Version) 

 

 

Figure 23 - Structural break test results: Fishing Planet 
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Figure 24 - Structural break test results: Crossout 

 

 

Figure 25 - Structural break test results: Smite 

 

 

Figure 26 - Structural break test results: VR Chat 
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Figure 27 - Structural break test results: World of Tanks Blitz 

 

 

Figure 28 - Structural break test results: World of Warships 

 

 

Figure 29 - Structural break test results: Black Desert Online 
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