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jolloin pystyttiin ottamaan kantaa siihen, mitkä tekijät peleissä ennustavat myöhempää paluuta peliin. Tutkimuskysymykset 

tutkielmassa olivat: 1) Voiko sitoutumista mobiilipeliin mallintaa varhaisella logidatalla? 2) Kuinka tarkkoja ennusteita luotu malli 
pystyy tekemään? 3) Mitkä ovat keskeisimmät tekijät mobiilipelissä, jotka ennustavat peliin paluuta? Ennustemalli luotiin 
hyödyntämällä päätöspuu-analytiikkaa, sillä se on hyvin läpinäkyvä menetelmä datan analysoimiseen ja samaa metodia on 

hyödynnetty aikaisemmissa samanlaisissa tutkimuksissa.  
 
Molempien pelien osuus pelaajista, jotka palasivat peliin 30 päivää asennuksen jälkeen oli 7.6%. Toimiva ennustemalli luotiin, joka 

pystyi ennustamaan varhaisen käytön perusteella peliin palaavia pelaajia 33% tarkkuudella. Keskeisimmät tekijät, jotka vaikut tivat 
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päivän aikana asennuksen jälkeen. Pelissä saatavat palkinnot ja saavutukset vaikuttivat peliin paluuseen kaikista vähiten. Tämä 

on yllättävää huomioiden sen, että nämä ominaisuudet ovat suunniteltu etenkin pelaajan motivaation ylläpitämiseksi.  
 
Tämän tutkimuksen tulokset auttavat pelien kehityksessä asettamalla huomion niihin asioihin, jotka vaikuttavat pelaajien 

sitoutumiseen ja käyttäytymiseen. Saavutukset ja pelien sisäiset palkinnot voivat tuntua pelaajasta pinnallisilta ja keinotekoisilta 
muiden pelaajien voittamiseen verrattuna. Mikäli järjestelmä antaisi suoraa palautetta pelaajan käyttämän ajan ja rahan 
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myös hyödyntää pelillistämisen tarkempaan tutkimiseen sovelluksissa, joissa tavoitteena on yhdistää pelaamiseen kohdistettu 
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1. Introduction 

 
Video games are an entertaining, rewarding and immersive pastime. Playing games lead to feelings 

of mastery, enjoyment and competence which often are an indication of high-level intrinsic 

motivation (Huotari & Hamari, 2017). The growing popularity of the medium and the dedication of 

the players towards games have attracted researchers to study, what is it, that make games 

intriguing and fun. Researching the factors what make games so captivating can be seen useful in 

the context of game development, business and entertainment behavior. The combination of 

positive emotions and a high level of motivation towards gamified mechanics is also interesting in 

the context of modern health solutions that are being developed for various mobile devices and 

computers (Sardi, Idri & Fernández-Alemán, 2017). 

 

Psychological phenomena and games are connected to each other in multiple contexts both in 

clinical and business settings. Players expect longevity from the games they decide to play, and 

game developers should meet this expectation with games that motivate long-term usage (Moreira, 

Vincente Filho & Ramalho, 2014). At the same time, addiction towards games can be a real issue 

and comparable to even traditional substance addictions (Kuss & Griffiths, 2012a). This addiction is 

problematic both in terms of player wellbeing and business since player’s self-consciousness 

towards their own addiction can lead to player’s motivation to actively look for ways to quit the 

game (Lee, Yu & Lin, 2007). 

 

Besides psychological understanding, one of the core components of mobile game development is 

analytics. Modelling the player’s decision to return to the game is both important and difficult with 

modern revenue models (Viljanen, Airola, Pahikkala & Heikkonen, 2016). Commonly used 

business models in video games is the so-called freemium/free-to-play-model where the game itself 

can be acquired without cost but investing money in the game unlocks premium-features that make 

the game more enjoyable. Another option for developers is to use ads to monetize their games. To 

achieve these business goals, analytics is used to assist game design, reduce the risks in launching 

games and to communicate the state and success of the game to publishers and investors 

(Koskenvoima & Mäntymäki, 2015). 
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Recognizing the game-features and behavioral components of players might also be helpful in 

modern health-solutions. Using gamified elements in a non-game context (gamification) to 

influence health-related behavior might contribute to the user’s well-being (Johnson, Deterding, 

Staneva, Stoyanov & Hides, 2016). Also, there are indications that influencing health-related 

behavior in online environments is more impactful than traditional public health campaigns 

(Cugelman, 2013). Gamification is used to increase the user’s engagements while accomplishing 

health related goals. It can also be used to promote health-related behavior (e.g. physical exercise 

and eating habits) (Pereira, Duarte, Rebelo & Noriega, 2014). However, recent meta-analysis by 

Koivisto and Hamari (2019) states that gamification still lacks uniform research models and 

theoretical foundations and the results of the effects of gamification are highly mixed.   

 

This thesis examines, what are the early behavioral patterns that indicate commitment towards a 

game. Examining automatically collected log-data from two mobile games, a decision-tree model 

for user retention is formulated. By examining the created model further, conclusions about the 

importance of different game-features are made. The goal of this research is to formulate a 

comprehensive picture of player motivation and the factors that are influencing it. The main 

hypothesis of the study is that we can recognize behavioral patterns that indicate long-term 

commitment towards the game from a very early point in the player’s lifetime in the game. Utilizing 

the data that is gathered from the first days after instalment could enable more rapid and iterative 

process of development, since recognizing users that will come back to the game later becomes 

possible. If recognition through early data is possible, similar techniques could be utilized in the 

future in multiple applications through automation. The thesis is done in partnership with a 

company ‘RedLynx’ which has provided the data for the analysis from their two mobile games. The 

results of this work are used to further deepen their understanding of player behavior and game 

development.   

 

Another goal of this thesis is to compare the results gained in this study to current framework of 

gamification. Long-term motivation towards an information system is an overarching theme in both 

contexts. Better understanding of player behavior in games might help to interpret results from 

gamification studies more aptly. Besides creating a model for mobile game retention, the current 

frameworks of gamification is evaluated, and future research topics are discussed.  
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1.1 Mobile gaming as an entertainment medium  
 
There are some disputes over what the first video game in the world was. A popular opinion is that 

the very first video game developed solely for entertainment purposes was ‘Tennis for Two’ in 

1958 by William Higinbotham. The game was created using a vacuum tube analog computer and an 

oscilloscope as a monitor (Campbell, 2009). Since then, we have seen great leaps in technology 

with gaming devices now offering such features as 4K (screen resolution 3840 x 2160 pixels), 

portability, virtual reality, and constant online connectivity. From a lab-experiment by a 'Manhattan 

Project’ -physicist, games and gaming have evolved towards being the leading player in the 

entertainment industry (D’Argenio, 2018). Games and gaming have also been successfully 

implemented to mobile devices.  

 

Mobile gaming is a drastically growing and increasingly popular medium for entertainment. In 

2016, the number of mobile gamers was estimated to be around 1.9 billion worldwide with an 

estimated increase to 2.7 billion by 2021 (Gough, 2018).  An increasing number of active players 

has led to a surge of growth in the global market as well as the revenue of mobile games was 40.6 

billion USD in 2017 growing 35% from 2015 (Statista Research Department, 2016). Smartphones 

as a platform create an inviting and easy way to play games without having to invest a lot of money 

on traditional gaming devices. Also, the ‘on-the-go’-nature of mobile phones allows people to play 

games in short periods wherever they are.  

 

In addition to providing a captivating way to spend time, mobile games are constantly evolving, 

offering players new ways to interact with the game. One example of this is Pokémon Go which 

broke the barriers between the mobile interface and the real world by implementing augmented 

reality features. With the emergence of eSports and virtual reality, mobile games will offer 

competitive elements and complete immersion to players wherever (Mudrick, 2019; Mitchell, 

2019). These interesting new features can encourage the player to change their behavior in a 

positive way in terms of physical well-being which was seen for example with the emergence 

Pokémon Go and increase in exercise (Liu & Ligmann-Zielinska, 2017). 

 

Despite being a fun and exciting way to spend time, playing games is often connected to many 

negative outcomes. Suggested health-issues of video game addiction include for example increased 

amount of depressive moods and sleep deprivation (Brunborg, Mentzoni and Froyland, 2014; 

Ceranoglu, 2014), but overall health-related results are not conclusive (Ferguson, 2015). Another 
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often discussed topic of these negative outcomes is the role of video games in aggressive behavior in 

children and adolescents. Recent meta-analysis by Ferguson (2015), concluded that the influences of 

gaming on aggression are quite minimal. In the same meta-analysis, Ferguson named several 

methodological problems that surround the study of video games and aggression. These problems 

included for example elimination of third variables, unstandardized measures, selective 

interpretation, and reporting bias. However, in some studies it has been recognized, that playing video 

games is associated with greater levels of physical aggression over time (Prescott, Sargent, Hull, 

2018). 

 

Video game addiction is defined by “problematic or pathological use of video games, where gaming 

leads to a functional impairment in daily life” (Wittek et. al, 2016).  A literature review of gaming 

related neuroimaging studies reported that similarities between the effects of drugs and of video 

games on the minds of users can be found (Kuss & Griffiths, 2012b). So, defining video game 

addictions as a form a ‘traditional’ addiction can be justified.  However, Zastrow (2017) has 

questioned whether video gaming can produce a true addiction in a clinical or scientific sense and 

has stated that the definition is still highly controversial.  

 

Despite the inconclusive results related to health issues, mobile games are raising concern. For 

example, a leading video game developer ‘Tencent’ from China has given statements about the 

addictive nature of their game ‘King of Glory’. They have stated that the game was always “supposed 

to bring joy...but excessive gaming brings joy to neither player nor their parents”. This concern has 

resulted in limiting playtime of their games on younger children. (Source: The Guardian, 2017). 

Similar attitudes towards gaming can also be seen parents. The negative attitudes of parents can lead 

to more controlling and restrictive behavior when mediating their child’s play (Van Petegem, de 

Ferrere, Soenens, van Rooij & Van Looy, 2019). The effects of playing to children’s development 

can also be seen in a positive light and studies have even concluded that video game playing positively 

affect children’s problem-solving ability, intergroup relations, well-being and physical activity 

(Suziedelyte, 2015; Adachi & Willoughby, 2017). 

 

The trend of limiting the usage of games and other digital services has also been a mission for other 

large technology companies. For example, the social media company Facebook has made design 

decisions on their Instagram application which cuts down excessive usage by showing the text ‘All 

caught up’, when you have seen everything new in your feed (Constine, 2018). Even big 

corporations do not want their users to be addicted to their services since it can often lead to 
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negative consequences in the end. This is also the case with Google, which has launched the 

‘Digital Wellbeing’-initiative, where tools for limiting screen time are being developed and shared 

(Roby, 2019). It seems, that the excessive and even addictive gaming is not a viable long-term 

business opportunity.  

 

1.2 Free-to-play mobile games 

 
1.2.1 Free-to-play business model 

 
The free-to-play (F2P) business model in gaming is increasingly popular. These games can be 

acquired without initial cost, but the revenue is generated by offering the player several 

opportunities to use to acquire different premium features or additional goods in-game (Hamari, 

Hanner & Koivisto, 2017). F2P games offer flexibility in pricing to players with multiple levels of 

willingness to pay and they attract a wider range of players as the start of play does not require 

monetary investments (Alha, Koskinen, Paavilainen, Hamari & Kinnunen, 2014). 

 

Although the F2P-model is popular and widely used, it has received a fair amount of criticism as 

well. This criticism often derives from the nature of F2P-games and the need of the developers to 

implement these purchasing possibilities. This may lead to very exploitative game design decisions 

that may strike some people as unethical. A study by Alha et. al (2014) examined the F2P-model 

from the perspective of professionals of the gaming industry. They concluded that few ethical 

problems around the model are present but rather the ethical problems may arise from unfavorable 

combination of factors, for example underaged players and F2P models. They also stated that the 

players attitude towards the F2P-model is generally getting better.  

 

1.2.2 Free-to-play design 
 

F2P design can be implemented to games in various ways. Some developers create games and 

monetize them by selling ad spaces. This means that the game is free to enjoy, but the game runs 

advertisements (Elul, 2019). Many games have an economy built in the game and it has been 

described that economy is what weaves all the reward-systems in F2P games together, and having a 

cohesive economy is imperative for the success of a game (Sasson, 2015). In F2P games, currency 

is often divided into ‘hard’ and ‘soft’ currencies. Soft currency is a virtual currency that is gained 

by completing tasks in the game and the ‘hard’ currency is purchased with real money via in-app-
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purchases. The main difference between these units of currency is that soft currency is earned very 

slowly as the game progresses and hard currency can be bought at any time using real money.  

 

What do players buy with real money in mobile games? Game developers want to refrain from 

being labeled as ‘pay-to-win’- games where succeeding the game can be directly achieved by using 

money. Some games do offer significant benefits to those players who decide to pay for the game, 

but the design principles and trends currently suggest that game developers try to avoid pay-to-win 

mechanics in their games (Alha et. al, 2014). Usually the things that you can by with money in the 

games are cosmetics or freedom from ‘time-gated’-features, which prevent the players to move as 

quickly as they would want.  

 

Central design drivers for mobile games are fast rewards and the longevity of play. Because the 

player sessions in mobile games are short, the rewards from playing the must presented quickly so 

that the player sees the session as rewarding. And because the game itself is free, the longer the 

player stays in the game, the more probable it is that they will spend money at some point. The 

importance of the factors, retention and churn have become the central metric for customer 

valuation. Retention is the game’s ability to retain its customers and churn refers to the number of 

customers that move out from the game (Castéran, Meyer-Waarden & Reinartz, 2017).  

 

1.3 Metrics of commitment in F2P-games 

 
1.3.1 Psychological indications of commitment 

 
Although games are an established way of spending time and presumably the most popular form of 

information systems created for entertainment, there is not an equally established vein of research 

on why people decide to play games. Hamari and Keronen (2017) conducted a meta-analysis in aim 

to fill this gap in knowledge. They included 48 quantitative studies and created a model for playing 

games utilizing structural equation modelling (SEM) with the framework in technology acceptance 

model (TAM) which is an established information systems theory. This theory includes many 

factors that explain the use of technology with the most prominent factors being perceived ease of 

use and perceived usefulness. 

 

Hamari and Keronen (2017) used both hedonic (entertainment-focused) and utilitarian (have a 

specific use) games in their analysis. The utilitarian games include serious games and different 
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applications that rely heavily on gamified elements. When modelling utilitarian games (TLI:  .92, 

RMSEA: .12) the researchers found out that attitude towards playing the game and perceived 

usefulness had a significant effect on playing intention. Furthermore, perceived usefulness had a 

significant connection to attitude and perceived ease of use was significantly connected to perceived 

usefulness and enjoyment. What’s interesting is that enjoyment (perception on how enjoyable or 

entertaining the game is) did not have any effect on attitude which was the strongest predictor of 

playing intention. When modeling hedonic games (TLI: .98, RMSEA: .06), attitude and enjoyment 

were significant predictors of playing intention. Perceived ease of use, usefulness and enjoyment 

are all predictors of attitude, enjoyment being the strongest. Perceived usefulness was a significant 

and quite strong predictor of enjoyment. Overall, the researchers concluded that games are a multi-

purpose information system as games with more instrumental value (utilitarian games) also rely on 

hedonic factors and in purely hedonic games, the perception of usefulness also has a significant 

effect. When interpreting the results, we can see that the correlations reported in the study were 

moderate (.37-.69) and the fit indices, TLI and RMSEA, could always be better. Of course, the 

interpretation of the model fit is always contextual, and the models created in Hamari’s and 

Keronen’s research was based on an established model of technology acceptance.  

 

Similar findings appear in the studies of mobile-entertainment adoption. Hew, Leong, Ooi and 

Loong Chong (2016) used SEM and artificial neural network (ANN) analysis to gain understanding 

on user motivation to adapt a mobile entertainment service. The data of their research was collected 

using a survey that was based on 24 items deriving from existing research. They concluded that 

perceived usefulness, perceived ease of use, and quality of service are important in predicting 

mobile-entertainment adoption. Both SEM and ANN were used together because they both have 

their advantages and disadvantages. SEM can oversimplify complicated phenomena and ANN can 

be described as a “black-box”- method which is not suitable for making conclusions about causal 

relationships.  

 

In a factor analytic approach Yee (2006) studied what creates player motivation in an online game 

environment. A 40-item survey was created based on Bartle’s Player Types and qualitative 

information from players and was distributed through the online channels of various MMORPG-

games (massive multiplayer online role-playing games). The analysis yielded 10 subcomponents 

that fall under three bigger factors: ‘achievement’, ‘social’ and ‘immersion’. The achievement 

factor included subcategories that are about performing better and receiving achievements. The 

social aspect included personal close relationships, teamwork as a community and giving help to 
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others in need. The immersion-factor included discovery of new things, role-playing, customization 

and escapism. Besides recognizing these factors, Yee also concluded that different player 

motivations do not suppress each other. So, an individual gamer does not have to fall under a single 

factor of motivation. One should mention that Yee used principal component analysis but 

interpreted it like factor analysis which might change how these results should be reviewed.  

 

While multiple factors contribute to playing intention and continued motivation to keep playing, 

research has also been conducted on why people decide to abandon a game. The over saturation of 

the market of mobile games makes it a cut-throat competition for players that are willing to invest 

time and preferably money. Wei, Lee, Lu, Tzou & Weng (2015) created a model for predicting a 

mobile game abandonment. Based on earlier literature, they hypothesized that three things mainly 

predict the abandonment of a game: time sacrifice, monetary sacrifice and privacy sacrifice where 

the latter was a concern for personal privacy when playing social games. All their hypotheses were 

supported by the data they collected via a survey. Both monetary and non-monetary costs have a 

significant impact to the intention to abandon the game and there were no significant differences 

between these factors. The study did not include information on what is this feeling of ‘cost’ that 

eventually leads to abandonment of a game. How much money and time one can invest on game 

that does not lead to abandonment? How much the feeling of balance between the investment of 

different resources and rewards you get from the investments? And if so, what these rewards are?  

 

Many mobile games have similarities in terms of mechanics and playstyles. But, as the industry is 

rather young and technology is taking leaps forward, new kinds of games emerge that sometimes 

offer even a brand-new way to play. This was for example the case in the world-wide phenomena 

that was Pokémon Go which offered a location-based AR game that was totally new for the wider 

segment of consumers. When a new type of game emerges, the existing frameworks of commitment 

or abandonment do not necessarily fit into the context of the new game. For example, in the case of 

Pokémon Go, if we want to study the factors that predict player commitment, we must create new 

metrics and consider new topics that are not present in literature. These are for example the positive 

effect of physical activity or the negative effect of increased physical risks. In addition to traditional 

factors related to gaming (e.g. experience of immersion) the physical aspects mentioned before also 

were positively and negatively connected to the attitude towards the game (Rauschnabel, Rossmann 

& Dieck, 2017).  
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In addition to the connection between different game-factors and retention, motivation and 

commitment towards a game can also be studied against a wider framework. This can be achieved, 

for example, by linking together games and widely studied theories for motivation. One widely 

studied theory of motivation is self-determination theory (SDT) which states that the basis for 

motivation are innate psychological needs: the need for competence, relatedness and autonomy 

(Ryan & Deci, 2000). SDT has been studied in the context of video games and a study by Rogers 

(2017) concluded that different game traits lead to different fulfilments of STD. Furthermore, he 

determined that games that emphasized rule flexibility led to feelings of competence and social 

elements of the game led to elevated relatedness. Overall, the wide array of research approaches 

indicates that commitment towards a game can be studied with a data-driven approach or with a 

theoretical one.   

 

1.3.2 Retention & Churn 
 

Predicting behavior in mobile games is decisive for the success of the game and a common practice 

amongst various developers. Retention and churn are popular metrics that are used to indicate 

player commitment. Retention and churn can be defined in many ways, but most usually retention is 

defined as the number of players that remain as active players after a certain period and churn rates 

as the number of players who drop from the game (Castéran, Meyer-Waarden & Reinartz, 2017). 

There are no universal criteria for the time periods and the specific timing might differ depending 

on the game.  

 

Drachen et. al (2016) used a decision tree analysis to produce a heuristic model to predict free-to-

play mobile game retention. They used automatically gathered log data from one mobile game with 

almost 140 000 players. They modeled retention at a single-day and a seven-day feature window 

and compared the results. In this study, a retained player was defined as someone who has returned 

to the game during the second week after installation. Both in the single-day and in the seven-day 

feature window, overall playtime and consistent playtime were the main predictors of retention. 

Similarly, overall absence time and time between the sessions were the strongest negative 

predictors of retention. Interestingly, measures related to skill were related to dropping out from the 

game. The researches discussed that this might be due to some players quickly lost interest because 

the starting difficulty was too easy. They also examined the number of players who would be 

retained also in the longer term (60 days). They concluded that 31.2% of those players who 

remained in the game in short term were retained in long-term also.  
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Lee, Hong, Yang and Lee (2016) predicted churn of players in free-to-play mobile and compared it 

to other methods of modelling. They concluded that tree-based methods perform better when 

predicting player churn than support vector machine (SVM). In terms of features related to player 

retention, player spending money in the game or engaging in social activities are the strongest 

indicators of commitment.  Decision trees have also been deemed superior when predicting the first 

purchase in games compared to logistic regression and SVM (Xie, Devlin, Kudenko & Cowling, 

2015). 

 

Modeling user retention can be done in multiple ways. Allart, Levieux, Pierfitte, Guillox and Natkin 

(2017) modeled user retention hourly in a specific game and created a model where the quit rates of 

the game could be modeled using specific game features. These game features could be unique 

depending on the game and in their case, they modeled ‘Far Cry 4’, which is a first-person shooter 

(FPS) game and where the ‘feature of interest’ was the usage rate of different guns. They concluded 

that using the guns in an FPS game is a core behavior which would have an influence on the 

player’s intention to return to the game. Using different guns consistently was interpreted as a 

manifestation of different playstyles (e.g. stealth vs. rough play) and these different playstyles had 

different effects on the hourly player retention. For example, using shotguns in the game predicted 

returning to the game better than using sniper rifles. Furthermore, they discussed that generally we 

can create models that predict player retention using play time, but further analysis of what happens 

in-game is necessary if we want to have an effect in terms of adapting different design decisions.  

 

A study by Harrison and Roberts (2015) combined analytic and psychometric evaluation for 

increasing session-level retention. Furthermore, their hypothesis was that they could increase 

retention rates by introducing a system called dynamic game adaption. In this system, the games in 

the study were changed based on player behavior to better suit the needs and styles of specific 

gamers. For example, in a game where the focus is to speak to non-player characters and complete 

quests, they used a variety of models to determine which type of quests were most likely completed 

by the player. Then they placed the quest-givers who gave these types of quests closest to the 

player’s avatar. By doing so, they managed to increase the session level retention. This method also 

impacted positively on the player experience which was measured by different psychometric 

instruments (Intrinsic Motivation Inventory/IMI & Game Engagement Questionnaire/GEQ).  
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What can achieve by researching player churn?  Runge, Gao, Garcing and Faltings (2014) predicted 

churn in casual social games and evaluated the business impact of such information. They 

formulated multiple predictive models including decision trees, neural network, logistic regression, 

decision tree and support vector machine. Evaluating the models by area under the curve (AUC) 

performance of four different algorithms between the two games, they concluded that neural 

network is the most predictive of the models. AUC performance analysis is a popular ‘single 

number’-method for evaluating machine learning algorithms (Bradley, 1997). AUC-value shows 

the probability of a true positive determined by the selected algorithm. The bigger the value, the 

stronger the probability for a true positive. Furthermore, the researches tried to influence churning 

players by trying to keep them in the game by offering free in-game money. However, the method 

concluded insufficient and the researchers determined that highly engaged players cannot be 

retained only with simple incentives. The player churn rates could be reduced by cross-linking 

different games inside a company's portfolio or by influencing the gameplay mechanics in a way 

that keeps players interested, as was seen in the study by Harrison and Roberts (2015).  

 

Both retention and churn are much used methods for evaluating the performance of mobile games 

and other mobile applications. There are multiple ways to predict retention and churn. As an 

extension to the current literature, a decision tree model of two mobile games is formulated in this 

study. Decision tree is selected as a method because it has been researched before in a similar 

context and therefore connections to previous research papers can be made, although completely 

similar use of early behavioral data has not been found in the literature search. Also, decision trees 

offer us a robust method of evaluating the individual features of mobile games, since decision trees 

are not a ‘black box’ method that other machine learning algorithms, for example neural networks, 

often tend to be.  

 

1.4 Research questions 

 
Research questions in this study are: 

1. Can commitment towards games be modeled using early log data?  

2. How accurate predictions the created model can do? 

3. What are the most important in-game features that predict retention? 
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2. Methods 
 

2.1 Sample & Data 

 
In this study, log-data from two free-to-play mobile games is used. Both games have been 

developed with the partnering company RedLynx. The two games are not analyzed separately but in 

a single dataset, since the goal is to find indications of commitment which are generalizable to 

mobile games in general. The names and genres of the games will not be published by a joint 

decision with the researcher and the partnering party.  

 

From both games, a dataset of 50 000 unique players was randomly gathered from the database of 

the games. The dataset was removed from any demographic information since the focus of this 

study is to evaluate only the influence of in-game environment and player behavior that influence 

player retention.  

 

The dataset included data from the first three days of play after the installation of the game. Besides 

the behavioral data, the dataset also included information on whether the player is retained 30 days 

after installation or not. The installation date of these 50 000 players was not the same, but all data 

was collected from a time period, when the game was stable meaning a period when the game has 

been tested and is believed to be relatively free of programming errors.  It was refrained to collect 

data too early in the games lifespan, since mobile games can be unstable close to launch at that 

might affect the usage rate negatively.  

 

Every modern game keeps track of their players for multiple reasons. This data can be used to 

understand their players better and an automatically collected log of everything helps developers to 

react quickly if technical issues would arise. This log data is often organized in the form of events. 

Certain things happening in a mobile game trigger an event which leaves a mark to specific 

maintained databases. For example, opening the game triggers an event which writes information 

regarding the opening of the game to a database, which then can be connected to an individual ID-

number of a player. Each specific event feeds data to a flat database which might include multiple 

variables. The ‘game opening’-event mentioned before can have numerous variables inside it: 

timestamp, device model, time since last opening etc.  
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The events collected to this study can be organized to three categories: ‘mobile must have’-events 

(MMH-events), ‘DNA’-events and ‘game-specific’-events. MMH-events and DNA-events are 

completely similar across these two games and hold information about the player itself (for example 

what kind of device they are using) and the most common events that each mobile game has. These 

are, for example, events related to opening the game and using money in the game. Game-specific-

events are events that are unique and connected to how the game in question plays. For example, if 

we would have a game in which the goal was to eat a lot of bananas, one of the game-specific-

events related to this game might be the number of bananas eaten during one session. Although, 

these events are unique, they are often similar across multiple games. In this study, game-specific-

events that are like one another across the two games are used. One example of this would be to use 

two completely different events from the two games that are both related to receiving an item in the 

game. Although the item might be different, the surrounding concept is the same. These ‘pairs’ of 

similar game-specific-events are found and used in this study. The variables used in this study are 

presented in Table 1. The data editing script can be found in Appendix B. 
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Table 1: The variables used in the study. (*): the data included four variables for these events: the 

number of times this event fired during each day after the installation and the cumulative amount 

from three days.  

Variable name Description 

id An id-number unique for each player 

game Indicator about which game the data is from 

sessionCount* The number of sessions during one day 

sessionLenghtAVG* The average of time playing 

totalPlayTime Total playtime across the three days after 

installation 

levelProgression* How many levels the player cleared  

achievement* The number of achievements gained 

itemUnlocks* The number of items unlocked in the game 

itemUpraged* The number of times an item was upgraded 

by the player in the game 

spendingSoft* The amount of times soft currency is spent  

softAmount* The amount of soft currency spent  

raffleOccurences* The amount of times the player spends soft 

currency gambling in a raffle 

pvpMatches* The number of player-versus-player 

matches played  

victories* The amount of victories in PVP-matches 

losses* The amount of losses in PVP-matches 

iap* The amount of times the player makes an in-

app-purchase in the game 

 

 

2.2 Definition of retention  

 
Retention means returning to the game after a certain period after installation. There are no 

universal guidelines to determine the time frame, when a player is concerned retained so a threshold 
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for retention was defined by discussion with the partnering company.  Based on their insight and 

understanding about the market and the behavior of the players, it was decided that the definition of 

retention in this study was 30 days from the installation of the game.  

 

The criteria for ‘retained player’ in this study was that the player was active 30 days after the 

installation. The dataset included a variable, which showed the amount of days the player was last 

active after 30 days from the installation had passed. The challenge was to determine the criteria for 

retention. Determining the player as retained based on one day information after 30 days might be 

too strict since there can be multiple reasons, why the player would not play the game on that 

specific date. Therefore, an interval was used and the criteria for retention was that the player was 

active in-game at least once during the interval (Figure 1). Multiple definitions of retention were 

formulated:  

 

● Retention 1: At the 30th day since installation the player has been active during the last 0-2 

days.  

● Retention 2 At the 30th day since installation the player has been active during the last 0-4 

days.  

● Retention 3: At the 30th day since installation the player has been active during the last 0-7 

days.  

 

Figure 1: Definition of retention. Multiple definitions of retention were formulated based on the 

interval the player was last active 30 days after the installation. 

 

The decision tree analysis in this study is done using the ‘Retention 2’-variable. This was the most 

fitting indicator of player retention since ‘Retention 1’ might screen out players that are in fact still 

active in the game. The most liberal indicator for retention, ‘Retention 3’, was not used since it was 
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too liberal as a criterion for retention. A four to seven-day inactivity in a mobile game is a potential 

indicator that the player has abandoned the game.  

 

2.3 Statistical methods: decision trees 

 
A decision tree is a method of describing decision making or similar processes in a form of a tree. 

As a statistical method, it is used in both classification and prediction problems. In machine 

learning, decision tree algorithms are considered as a form of supervised learning and are highly 

used to train different datasets.  Decision trees in this study were constructed with the RStudio-

program with “rpart” and “rpart.plot”-libraries. The script for the analyzes is found in Appendix A. 

 

Decision trees are often visualized with a flowchart-type structure where each node can be 

categorized into three groups: root nodes, decision nodes, and terminal nodes. A root node is the 

initial question or problem we want an answer for, a terminal node shows the outcome and a 

decision node indicates a decision to be made (Kamiński, Jakubczyk & Szufel, 2018). 

Metaphorically, the visualization of a decision tree is an upside-down tree where the roots is the 

thing we are trying to decide or predict, each individual decision in the end is a singular leaf in the 

tree and the things in the middle are the branches which lead us to a certain decision.   

 

Decision trees were chosen as the method for this thesis because of the ways the can be interpreted 

compared to other machine learning algorithms. For example, neural networks are often better in 

classification or prediction tasks in terms of fit but using those models to interpret the relationships 

between variables is very complicated or even impossible (Curram & Mingers, 1994). Decision 

trees are a more suitable because of their transparency which enables the evaluation of the effect of 

each feature used in the predictive model for retention. Decision tree models are also not 

susceptible to outliers and can be used to analyze nonlinear relationships. The algorithm of decision 

trees works by partitioning the data into multiple sub-spaces repeatedly. Before the model is run, 

the criteria for separation and termination are formulated. The criteria for separation are a 

calculation at each of the nodes, whether the data presents an opportunity for node separation or 

not. This decision is based on the sample size that the current node uses for analysis and does the 

separation result in significantly better model or not. There are multiple ways on how to end the 

decision tree and of them is the level of complexity in the model. A common way of terminating the 

decision tree is to do it when a certain level of predictability is reached, and the tree is as simple as 

possible.  
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After the initial model is run, the analysis often continues by pruning the tree. The tree analogy 

continues, since before pruning the tree, it is imagined having too many branches. Pruning is a 

method of eliminating the ‘bad’ branches in order to achieve the best possible model with the 

fewest variables. The aim is to formulate a smaller tree which leads to comparable results to the 

fully-grown tree. This reduces the likelihood of overfitting to the data that is available. One possible 

way of pruning the tree is to avoid splitting a partition if the splitting does not result in significant 

improvements to the quality of the model. Pruning the tree is somewhat comparable to stepwise 

regression where predictors are added or removed from the model if we reach a certain level of 

alpha. Overall, decision tree analysis is a robust method for classification which gives us tools to 

predict future retention and determine, which are the features in-game that are influencing retention 

 

2.4 Statistical methods: synthetic minority oversampling technique (SMOTE) 

 

The data was standardized separately within game (M=0, SD=1) and the standardized datasets were 

merged together so that the data from two games could be used together in a single decision tree 

analysis. Then, the data was divided into training and test datasets. Since the amount of overall data 

was high, a 50-50 split between the training (n=50 000) and test (n=50 000) datasets was optimal. A 

classification tree was formulated using the cumulative data from the first three days after the 

installation. In both datasets the balance between lost and retained players was equal (train: 

.925/.075, test: .923/.077). To avoid problems caused by an imbalanced dataset, a synthetic 

minority over-sampling technique was used to balance out the training dataset with synthetic data 

(Chawla, Bowyer, Hall & Kegelmeyer, 2002). After this procedure, lost and retained players were 

both equally represented in the training dataset (.462/.538). 

3. Results 

 
With the strictest criteria, 7.4% of the players from game 1 are active players 30 days after the 

installation. The same retention rate for game 2 was 5.1% and the average retention rate for both 

games was 6.2%. These percentages and the retention rates with the more liberal criteria for 

retention can be viewed in Table 2. 
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Table 2: Retention rates from ‘Game 1’ and ‘Game 2’ and the average retention from both games 

 

Game Retention 1 Retention 2 Retention 3 

Game 1 7.4% 8.7% 10.4% 

Game 2  5.1% 6.5% 8.4% 

Avg. 6.2% 7.6% 9.4% 

 

The players activity during the first three days after installation decreased with each consecutive 

day (Figure 2). On the first day, the average game starts for Game 1 was 2.9 starts and 3.4 starts for 

Game 2.  The decrease in activity was steeper between the first and the second day than between the 

second and the third day. Activity decreased to 1.1 starts for Game 1 and 1.4 for Game 2. On the 

third day, the average activity decreased again but not as much as between the first and the second 

day, the average number starts being 0.8 for Game 1 and 1.0 for Game 2. The differences between 

the games and the days were analyzed with Markov Chain Monte Carlo generalized linear mixed 

models (Hadfield, 2010). Informative priors were used to make sure that variance components of 

generalized linear mixed model were estimated correctly (over 0). There was a statistically 

significant difference between the games on how often they were opened in each day (Markov 

Chain Monte Carlo p-value <.001). In both games, there was a significant difference between 

different days on how often they were opened in each day (MCMC p <.001) and a significant 

interaction between the game and both days was found (MCMC p <.001). This interaction comes 

up because there was a difference between games on the first day starts but the decrease in starts 

towards the second day is steeper in game 2 than in game 1. However, the changes between the 

second and third day are not significant, the effect of the interaction is tiny, and the statistically 

significant results found here are mostly explainable by the huge amount of data.  
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Figure 2: Number of starts during the first three days after installation. Due to a huge dataset, the 

confidence intervals are not presented.  

 

The games are different between each other in terms of design and game mechanics. These 

differences can be seen while examining the averages of the different player metrics the games 

collect (Table 3). The differences between the two games was not a relevant topic of this study and 

therefore they were only described rather than statistically tested. The data used in the decision tree 

modeling was the average data from both games in a standardized form. During the first three days 

after installation, an average player: starts the game 5.25 times, uses in-game money for a raffle 

1.94 times, plays 2.10 matches against other players, experiences 1.04 victories, progresses through 

11.43 levels, gains 8.98 achievements, unlocks 3.16 in-game items and upgrades them 9.32 times, 

does in-app-purchases .03 times and spends in-game money 14.00 times with a total of 4348.62 

units of currency.  

 

Table 3: Three-day cumulative data from both games as unstandardized means. 

Achi. =achievements, IAP=in-app-purchases. 

 

Game Starts Raffle Matches Victories Levels Achi. Unlocks Upgrades IAP Spending Consumption 

Game 1 4.76 2.98 4.01 2.02 11.08 4.91 6.23 15.59 0.04 20.90 969.53 

Game 2 5.73 0.89 0.10 0.06 11.77 13.05 0.08 3.04 0.01 7.09 7727.71 

Avg. 5.25 1.94 2.10 1.04 11.43 8.98 3.16 9.32 0.03 14.00  4348.62 
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Complexity parameter as a hyperparameter was tuned to obtain the minimum number of splits in 

the tree, which would lead to a model with the best fit and to avoid overfitting. Complexity 

parameter analysis revealed the optimal complexity parameter (cp=1x10−4), which lead to a 

classification tree with eight splits. The visualization for the complexity parameter analysis for the 

first model can be viewed in Figure 3. 

 

 

 
 

Figure 3: Complexity parameter analysis. The top x-axis shows the size of the tree in terms of splits. 

The y-axis shows the amount of error we include in the model when deciding the size of the tree. Cp 

is the hyperparameter that is used to prune the tree and is optimal in a situation where we achieve 

the least amount of error with the least number of splits in our tree.  

 

 

Variable importance was calculated to illustrate the effect of each variable used in the model 

(Figure 4). The most important variables in this analysis in terms of their significance to the model 

were (from most important to least important): number of victories, number of PvP matches, 

number of starts, number of times the player uses in-game money, the amount of in-game money 

used, in-app-purchases with real money, number of losses, number of unlocks, number of times the 

player uses in-game money for a raffle, number of achievements, number of levels completed and 

the number of upgrades made in game. When excluding all surrogates (variables which do not take 

part in splitting the different nodes), a variable list of seven variables was extracted: number of 
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victories, number of starts, in-app-purchases with real money, number of losses, number of unlocks, 

number of achievements and the number of completed levels.  

 

 

 

 

Figure 4: Variable importance of the created model. Leftmost figure depicts the variable 

importance including surrogates and the figure on the right exclude the surrogates presenting only 

the variables which influence the model as a splitter. IAP = in-app-purchases. 

 

The visualization of the decision tree can be viewed in Figure 5. Each node tells is it more probable 

for a player in that node to be a ‘lost’ or a ‘retained’ player. Probabilities to belong to these groups 

are described in each node.  Finally, the node includes the percentage of players that are left in a 

specific node once it has been reached.  The root node of the tree consists of the amount of victories 

the player achieves. If the player experiences equally or more victories than the threshold, it is more 

likely that this player will end up in a node with a higher probability for retention. If the player 

suffers from a certain number of losses, they will move towards being a lost player. In this case, the 

number of starts, unlocks, achievements and in-app-purchases can move the player closer to being 

retained.  
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Figure 5: Decision tree model for retention. Each node (rectangle) tells is it more probable for the  

player to be lost or retained. The left number below the class indicates the probability for a player 

in this node to be lost and the right number indicates the probability for a player to be retained. The 

percentage in each node tells how many players are left in a node. 

 

The model performance was evaluated with a confusion matrix and performance indicators 

calculated from it: sensitivity, specificity, accuracy and precision (Tables 4 and 5). The sensitivity 

of the model is 33%, which means that one third of the players the model recognizes as returning 

players based on their early activity are truly returning players.  Specificity, or the model’s ability to 

reject lost players from being recognized as returning players is 94%. Overall, the model recognizes 

lost and retained players with a 90% accuracy. Precision, or the fraction of relevant instances 

among the retrieved instances, is 33%. 
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Table 4: Model performance indicated by confusion matrix 

  Actual class 

  Retained Lost 

Predicted 

class 

Retained 1275 2555 

Lost 2626 43544 

 

 

Table 5: Model performance indicated by classification indicators 

Model performance 

indicators 

Sensitivity 33 % 

Specifity 94 % 

Accuracy 90 % 

Precision 33 % 

 

4. Discussion 

 
4.1 Comparison with previous research results 

 

The results of this study indicate that it is possible to utilize early player behavior in games as a 

predictor to model future commitment. Utilizing this model, we can predict a significant amount 

(33%) of players based on three-day activity correctly as returning players.  This percentage seems 

especially high when we consider the rarity of a player being a returning player after 30 days at all 

(around 5-6% of the total player base). When viewing the importance of the variables in the model, 

factors related to the players level of activity and performance compared to other players rise as the 

most important variables. Achievements and receiving in-game items do not have a huge impact in 

terms of player retention. Based on these results, comparisons between the current results and 

previous studies are presented and suggestions about the implications of this kind of research 

methodology are suggested.  

 

Using the same classification as Hamari and Keronen (2017), it can be concluded that both games 

analyzed in this study are hedonic games as their main purpose is to entertain users. Their modeling 

of hedonic games revealed that attitude and enjoyment are significant predictors of playing 

intention. Also, perceived usefulness of the game was quite strong predictor of enjoyment. So, for a 

game to be successful in terms of an increased playing intention, the game must be enjoyable, and 



24 

 

that enjoyment can be affected by indicating that the game in question can be useful. Comparing 

these results to the model formulated in this study, the importance of specific variables in the model 

fit to these earlier results of Hamari and Keronen. However, viewing the game as useful can be 

interpreted in many ways. It can be understood as the game having a useful function outside of the 

game-environment or the usefulness is directed to the game itself, for example in becoming better at 

the game compared to other players. In this study, the amount of victories was the most important 

variable when predicting user retention and it can be argued that experiencing victory might be a 

point in the game where enjoyment and usefulness heavily meet. Winning itself is both a huge 

source of enjoyment and a clear indicator that the amount of time you have spent playing the game 

has been useful because you get better.  

 

‘Achievement’, ‘social’ and ‘immersion’ have been recognized as three factors that influence player 

motivation in an online game environment (Yee, 2006). The achievement factor included 

subcategories of both performing better and receiving achievements from the game. Based on this 

study, achievements given by the game are one of the least important variables when modeling user 

retention and therefore it can be argued that performing well in the game and receiving concrete 

feedback about your performance affects the player motivation and retention more than specifically 

designed achievements. One explanation for this could be that achievements can feel superficial and 

artificial compared to winning in something and receiving concrete feedback about your 

performance.  Receiving achievements in a specific time might also create a mismatch in the 

mindset of the player if, for example, the player feels that they are not progressing in the game but 

for some reason are being rewarded. Based on the analysis in this study, it can even be argued that 

too much achievements granted for one player might lead to an increased possibility of abandoning 

the game. 

 

The feeling of sacrificing something (usually either time or money) affects the motivation to keep 

playing (Wei, Lee, Lu, Tzou & Weng, 2015). Time sacrifice, monetary sacrifice and privacy 

sacrifice have all been recognized as predictors of game abandonment. Based on this data it is hard 

to recognize the effect of time sacrifice and privacy sacrifice. There are some instances in the 

model, where monetary sacrifice might emerge. If a player experiences fewer victories than the 

cutoff point, then a few nodes later, too much in-app-purchases is a negative thing in terms of 

player retention. In comparison, if the player experiences more victories than the cutoff point, there 

is only one node where in-app-purchases act as a splitter. In this case, more IAPs are associated 

with elevated possibility for player retention. An intuitive interpretation for these results is that 
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there are no clear-cut levels where investments (time or money) are a sacrifice. Spending resources 

to a game can either be a positive or a negative thing, since the feeling of success and achievement 

might make up the fact that the player has spent time and/or money on the game. Spending money 

in-game might feel like as sacrifice if the monetary investments do not result in anything 

meaningful in the long run (e.g. getting better at the game).  

 

The amount of times the player starts the game is an important variable when predicting retention. 

In most cases, a higher amount of game starts is associated with a larger probability for retention. 

This finding is congruent with earlier efforts to model player retention with huge behavioral 

datasets. A study by Drachen et al. (2016) concluded that overall playtime and consistent playtime 

are the main predictors of retention (seven-day retention). These results confirm that high activity 

during the first three days after in a mobile game can be a sign of long-lasting commitment.  

 

The results gained in this study indicate that commitment towards a game can be effectively 

measured by the activity of the player in the early phases of the game. However, it seems that the 

most crucial factor which leads to a higher probability of retention, the feeling of 

achievement/accomplishment, can’t be effectively delivered with achievements and rewards given 

by the system. Winning against other players is a strong factor in terms of commitment in free-to-

play mobile games that have competitive matches against other players. Playing against other 

players is a core activity in these games and winning is a best possible indicator for the player that 

they are making progress in the game. The best possible feedback from the game system might not 

be superficial achievements and points delivered by the system but rather the system indicating 

clearly that you are making progress because you are winning. Moreover, in turn, this can be 

strengthened by linking winning with the amount of effort the player has put into the game by 

telling the player: “you are winning, because you have practiced”.  

 

Results from this study indicate that it is possible to use behavioral data to predict player retention. 

The outcomes and findings are also congruent with earlier studies. The novelty of this study is the 

usage of early log-data in predicting player retention and using more than one game together in a 

single dataset.  

 

 

 



26 

 

4.2 Implications on game design 
 

The number of matches, the amount of victories against other players and the consumption of in-

game money are the most crucial factors in terms of player retention that could be influenced with 

game design.  These things are obviously already heavily considered, when designing games but 

their influence on player retention might not be clear to every professional. Using a model such as 

the one created in this study, game developers might be able to flag players that have a higher 

probability for retention in an early phase. These players can, in turn, be influenced for example by 

dynamic game adaption (Harrison & Roberts, 2015). These methods also might allow game 

developers to screen players that might play the game too much and limit their playtime without 

motivating the player to leave the game entirely.  

 

With deeper understanding of player motivations and behavior, we can also gain understanding 

about addictions towards games. Excessive gaming is very common especially in adolescence. A 

systematic review of internet gaming addiction by Kuss and Griffiths (2012a) concluded that 

approximately 12% of students in third to fifth grades can be classified as addicts or abusers of 

video games. Therefore, gaming addiction can be seen as a great threat on a societal level, which 

has probably grown even bigger considering the overall increase in video game players worldwide 

in recent years. In addition to game addiction, further understanding of player behavior might bring 

design tools to developers who want to refrain from allowing players to play their game 

excessively. Anyone with a business sense wants allow players to keep playing as much as possible 

since it brings in the money, but an increasing amount of developers understand the negative 

aspects of addiction to both player wellness and business which can, for example, be seen in 

statements by ‘Tencent’ mentioned previously.  

 

Achievement-systems are usually created to boost player commitment. The hypothesis behind this 

design decision is that acknowledging the players actions and rewarding based on them would 

create a positive feedback loop, which would result in more motivation and commitment towards 

the game. This study, however, challenges this common practice indicating that the achievements 

given by the game system are not significant when predicting player retention. For example, a game 

system can reward the player with an achievement of logins on three consecutive days. This 

achievement is designed to be motivating but might fail because logins on three consecutive days 

does not seem significant. If playing against other players is a core activity in the game and winning 

against other players the most significant factor in terms of player retention, the achievements or 
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awards given by the game system should be heavily linked with this core activity and motivate the 

player by showing them clearly the connection between three consecutive daily logins and winning 

against other players for example.  

 

This model can be further utilized as a tool to recognize potentially returning players in a very early 

stage of their lifetime. A logical step after this study is that the model created here would be used in 

real life situations. Screening out potential players can have multiple uses depending on your 

viewpoint. From a business perspective, we can recognize potential player early on and design more 

ways to increase their potential. Utilizing log-data in an early phase also enables more dynamic 

developmental processes. It can, for example, be used to evaluate early iterations of the game and 

help to make decision on which direction should the development of the game go.   

 

Mobile games are heterogeneous group of entertainment systems but most of them share the same 

mechanics with each other. Even the games used in this study are very different from each other in 

terms of gameplay and themes. Yet, it was easy to find countless of similar mechanics inside of 

those games that can be compared directly to each other. Probably the most important mechanism 

that most of mobile games share is that they are built around short gameplay loops, which 

emphasize rewarding the player in different ways as much as possible. In addition to constant 

rewards, most games have a social feature, which is a key influencer in player behavior. Because 

the similarities between the games used in this study and mobile games in general, it can be argued 

that the results found here can be generalized to represent a bigger population of mobile games.   

 

4.3 Implications on gamification and gamified health endeavors 
 

Gamification can be described as a practice which implements elements from digital games in non-

gaming applications (Simões, Redondo, & Vilas, 2013). Using gamified elements to improve the 

user experience (UX) has been discussed in the context of human-computer interaction (HCI) for a 

long time. Thomas Malone (1980) presented that three characteristics: challenge, fantasy and 

curiosity are the central factors that make good computer games and could be used to deliver 

enjoyable situations is other contexts as well. In other words, gamification exists to make non-game 

applications and platforms more enjoyable and enable developers to have more control over user 

experience and behavior.  
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Although the concept of gamification was introduced as early as 1980’s and since then the study of 

gamified features has become a multidisciplinary discipline, the field of gamification is still without 

clear focus. A recent meta-analysis by Koivisto and Hamari (2019) examined over 700 studies of 

gamification and concluded that the research has progressed without a clear agenda or established 

research methods. But even without well-established foundations, the interest towards gamification 

has resulted in countless of gamified applications and an increasing amount of research. 

Gamification has also developed into a ‘buzzword’ as many companies with different applications 

and platforms are claiming to deliver gamified elements as a service. The popularity of the term can 

have a negative effect to the scientific study of gamification. Although the potential of different 

gaming features can be seen, to this day, the actual scientifically recognized effects of gamification 

are still unclear. Gamification has been proposed to have positive effects on individually and 

socially sustainable behaviors such as exercise and education (Girard, Ecalle, &Magnant, 2013; 

Wu, Hsiao, Wu, Lin, & Huang, 2012). The meta-analysis by Koivisto and Hamari (2019) concluded 

that the results of gamification studies are leaning towards positive effects but are overall highly 

mixed. Studies do not indicate that gamification is a ‘silver-bullet’ solution that works regardless of 

context. 

 

In literature, gamification can refer to multiple features. Studies about gamification do not always 

include the same features but rather these features are selected based on how well they theoretically 

fit the context of the study. Most studies try to extract the effect of these features on different 

outcomes. These outcomes can be for example increased physical activity or a decrease in depressive 

symptoms. Multiple studies report the positive effects of gamification, but the research is not without 

its methodological problems. A clear minority of studies examine the effect of individual features but 

see gamification as a combination of different affordances, which makes it difficult to determine what 

factors contribute to positive effects. Also, many of the studies suffer from small sample sizes, short 

timeframes and from unvalidated measurement models (Koivisto & Hamari, 2019). When studying 

the effects of gamification and applied games, we must take the ‘novelty-factor’ into consideration. 

This refers to an initial increase of usage of the system due to an interest over a novel system 

(Matallaoui, Koivisto, Hamari, Zarnekow, 2017).  

 

Gamification can be designed and delivered in multiple ways and often the clear conclusions about 

the effect of an individual features are hard to make. It’s also difficult to compare categorically 

similar features to one another, since a ‘points-system’ or ‘story’ can be delivered in multiple ways. 

For example, there are numerous ways how a gamified system might award points to the user. If we 
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are to study the effects of a ‘points-system’, should we take the way the points are distributed to 

consideration? We don’t know what it is that makes these features efficient in enhancing the 

motivation or immersion of the user. For example, we can’t say for sure that is it the mere existence 

of points that make a game intriguing or the timing when they are presented. Table 6 presents 

commonly researched features of gamified platforms (Hamari, Koivisto & Sarsa, 2014).  

 

Table 6: Commonly studied game-features in the context of gamification and their descriptions  

Feature Description 

Points And indication of completion or performance. 

Leaderboards A social feature which indicates, how you perform in 

comparison to other users 

Levels An indication of progress, usually presented with a vertical 

progress bar and change in the narrative 

Achievements A reward (e.g. a badge) granted from performance and 

progress 

Story A narrative that gives meaning and a theme to the game 

Feedback A loop of feedback that gives the player information about 

their performance 

Rewards In-game rewards (e.g. items/currency) 

 

Gamification is a varied concept which includes plenty of different approaches of implementation. 

Because the underlying hypothesis of gamification is that it will positively affect the users 

experience that will result in increased motivation, gamification is implemented in many fields that 

would benefit from it; mainly education and health. Implications of gamification in education and 

health will briefly be discussed next. 

 

Applied games and gamification can affect health preventively or by treating already manifested 

conditions. Prevention can be achieved by promoting healthy lifestyles and by motivating towards a 

change in behavior (e.g. increase in exercise). An already manifested condition can be for example 

chronic pain which is managed through a gamified platform which gives the user tools and tasks 

that are rooted in validated theories and clinical practices. Another example could be the treatment 

of different mental illnesses with gamified solutions. In fact, finding effective ways to engage and 

motivate people with severe mental illness to develop healthy lifestyle and ways to mitigate their 

mental health problems is challenging for consumers and health care professionals (Kwaśniewska, 
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Kaleta, Dziankowska-Zaborszczyk & Drygas, 2009). Healthcare and technology will be deeply 

intertwined in the future. Christensen and Petrie (2013) described that several medical and scientific 

advances happen with association with technology and that technology will potentially extend the 

reach of mental health care, make it more efficient and add more value to it.  

 

Positive effects of interventions using digital technologies have been reported. A systematic review 

of the effectiveness of gamification in ‘exergames’ (games that promote physical activity) by 

Matallaoui, Koivisto, Hamari & Zarnekow (2017) showed positive psychological and behavioral 

outcomes. Reported psychological outcomes in various studies were for example increased 

enjoyment towards physical activity and a sense of achievement. Behavioral outcomes were for 

example an overall increase in physical activity and monitoring different factors (e.g. eating and 

weight).  Despite the positive outcomes, most of the studies included in the review had small 

sample sizes (median n=21) and were based on user evaluation without control groups. Also, the 

studies were generally done in very short time frames. 

 

Shaw, Paul, Billingsley, Kwan and Wilson (2017) studied the gamified Android application 

‘MetaMood’ which has been designed to increase the engagement and motivation of participants in 

an intervention program which was about severe mental illness and metabolic syndrome. This 

intervention can be used for example in a situation where a patient suffering from schizophrenia 

gains weight due to their medication. The gamification features used in MetaMood included 

incorporating a storyline, including a helpful character, achievements, in-game currency and a 

social feature. They conducted a clinical review in which they examined the efficacy of MetaMood 

through professionals. Clinicians were asked to give feedback about the acceptability of the app as a 

part of an intervention for treating metabolic syndrome. All participants agreed that MetaMood 

should proceed to clinical trial. Furthermore, 50% of clinician participants stated that they would 

recommend MetaMood to everyone relevant. Of course, they only included twelve professionals in 

their study so the results should be taken with a grain of salt. 

 

Although there is a recognized potential for gamified systems for example in education and in 

different health applications, we still can’t be sure of their positive effects. Besides gamified 

systems, there are multiple theories and ideas on why games in general are so motivating and 

captivating. Maybe games give us immense pleasure by immersing us to different worlds or maybe 

they reward us in a way that increases the level of intrinsic motivation? Because of this uncertainty, 

the commitment towards games should be studied more. 
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One goal of this thesis was to compare the results in traditional games to the framework of 

gamification. By examining the importance of different features in mobile games, we can gain more 

knowledge of their possible importance in gamified solutions. The results gained here lean towards 

a conclusion which does not support gamification as it is represented today.  

 

The idea of gamification is to motivate the user of a specific application to commit to it with 

gamified elements. Giving an achievement after a specific behavior is designed to enhance the 

user’s reaction towards achieving that specific goal. This is the case when designing both video 

games and gamified platforms. However, when modeling retention in regular mobile games, we can 

see that achievements, for example, are quite insignificant when predicting retention. Why do we 

assume the role of achievements crucial when gamifying a system if it’s insignificant in traditional 

games? In the future, the role of achievements and other gamified elements should be studied 

further since currently it is not logical to assume that if something does not have a positive effect on 

commitment in a regular game that it would have an effect in other applications.  

 

Increasing user motivation towards using computerized health solutions is a developmental 

challenge. For example, offering tools to monitor and improve the mood of a person suffering from 

clinical depression requires that the solution is used continuously for a long period of time. It is 

clear to assume that no application designed for treating mental illnesses would be effective if it 

would be used only a few times. This is where mobile games and other software heavily collide 

since the goal of both is to motivate the user towards long-term usage. Both veins of research 

therefore could benefit from one another. Collaboration could bring new light on how different 

motivational theories, for example self-determination theories, work in different information 

systems.  

 

Games and gamification could hold the answer to the design of intrinsic motivation. For example, 

should gamification in health solutions focus on creating features that are like that of winning 

against other players in regular games? Winning against someone is a concrete indication of your 

progress. Similar indications in health solutions could be showing the user the progress that they 

have made through simple daily metrics. The improvement should be tied together with the actions 

taken in the solution to reach the feeling of competence and autonomy. 
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4.4 Limitations and future research topics 
 

Drawing definitive comparisons between mobile games and gamified applications in mobile 

platforms are not possible. The discussion and ideas presented here should be further investigated 

with apt study designs and robust methods. One of such ways could be to study the commitment to 

an application with two groups. One group would get the application as is and the other would get 

the application with gamified elements. Comparisons would then be made on how much users each 

of the groups has left after a certain time-period. Increasing the number of groups, one could 

compare the effect of different gamification methods individually. For example, one group would 

use the app with achievements and the other with gamified level design. In short, gamification 

should not exist as a separate entity from the content that we are trying to gamify.  

 

Decision trees were chosen for this study for the methods transparency and ability to handle large 

datasets. This transparency is important because it allows for a more in-depth analysis on the model. 

One clear limitation of the chosen method is that there are other similar methods that could be more 

suitable in terms of prediction accuracy. For example, neural networks might suit better if the goal 

would be to make the best possible predictive model. Another limitation of this study is the 

interpretation of variable importance. Decision trees as a predictive model are robust to 

multicollinearity since the algorithm will only choose only one predictor to the model from a group 

of variables that correlate highly with each other. However, the difference in importance between 

variables can be very low and therefore the order in importance could change between different 

datasets. A solution for this would be to create an automated script which would create multiple 

tree-models from the same dataset with different combinations of predictive variables. 

 

Utilizing decision trees in serious health applications could prove useful. Almost every modern 

system collects behavioral data from the systems users automatically. Using this data to model 

future usage of the health solution could be a valuable tool for clinicians to flag out those user (or 

patients) who are at a higher risk of dropping out of the solution or treatment. This information can 

then be used to deliver a more focused intervention to those persons. And in the future, we don’t 

have to be limited to only that data that is useful to technically run the system (for example session 

frequency and lengths) but we could collect other data from the user which are relevant in terms of 

elevated motivation and retention. In other words, all serious applications should be built in a way 

that it supports collecting versatile data suitable for versatile methods and analytics.  
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More research is needed to fully understand, what are the factors in an information system which 

motivates the user and incentives the user for further usage. One such research possibility would be 

to build different versions of a mobile-game or a gamified health-solution. The game features in 

these versions would be different as one version could only have achievements, one version a story 

narrative and one version comparisons/competitions between other players/users. The research 

design could be randomly controlled trial and comparisons in commitment levels and retention rates 

would be done across different groups. In addition to new research possibilities, the results gained 

here should be replicated and the model created should be improved.  

 

Playing games is continually gaining more popularity as a hobby with immersive settings and 

rewarding experiences. Because games are so motivating and captivating, they should be examined 

more and the understanding of the psychology of commitment towards the games could have 

tremendous and unprecedented possibilities not only in games but also in information systems that 

could use the level of commitment seen in games. 
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APPENDIX  
A: Analysis script  
 

#changing game id from string to integer 

game1$game<-1 

game2$game<-2 

#changing game2 id number to start from 50001 

game2$sample_id  

for (i in 1:50000) { 

  game2$sample_id[i] = game2$sample_id[i] + 50000 

} 

 

#merging the dataframes into singular dataset 

totaldata<-rbind(game1,game2) 

names(totaldata) 

 

 

#check the balance of positive versus negative outcomes 

print(table(totaldata_selected$totaldata.retention2)) 

print(prop.table(table(totaldata_selected$totaldata.retention2))) 

 

#randomly split the data set into two equal portions using the 

createDataPartition function from the caret package 

set.seed(1234) 

splitIndex <- createDataPartition(totaldata_selected$totaldata.retention2, p= 

.50, 

                                  list = FALSE, 

                                  times = 1) 

trainSplit <- totaldata_selected[ splitIndex,] 

testSplit <- totaldata_selected[-splitIndex,] 

 

#checking are the created datasets representative of the bigger set in terms of 

the outcome variable 

prop.table(table(trainSplit$totaldata.retention2)) 

prop.table(table(testSplit$totaldata.retention2)) 

 

#creating extra positive observations using smote. Setting perc.over = 100 to 

double the quantity of positive cases, and set perc.under=200 to keep half of 

what was created as negative cases 

trainSplit$retention2 <- as.factor(trainSplit$retention2) 

trainSplit <- SMOTE(retention2 ~ 

                      starts+ 

                      matches+ 

                      raffle+ 

                      victories+ 

                      losses+ 

                      levels+ 

                      iap+ 

                      spending+ 

                      consumption+ 

                      upgrades+ 

                      unlocks+ 

                      achievements., trainSplit, perc.over = 600, perc.under = 

100) 

trainSplit$retention2 <- as.numeric(trainSplit$retention2) 

prop.table(table(trainSplit$retention2)) 

 

#using the newly created dataset to train the classification tree using the 

rpart library 

set.seed(1234) 
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model1 <- rpart(retention2 ~ 

                  starts+ 

                  matches+ 

                  raffle+ 

                  victories+ 

                  losses+ 

                  levels+ 

                  iap+ 

                  spending+ 

                  consumption+ 

                  upgrades+ 

                  unlocks+ 

                  achievements, data = trainSplit, method = 'class', control = 

rpart.control(cp=0.0001, minsplit = 100, maxdepth = 5)) 

printcp(model1) 

plotcp(model1) 

 

#pruning the tree to create an optimal decision tree based on cross-validated 

error rate 

bestcp<- model1$cptable[which.min(model1$cptable[,"xerror"]),"CP"] 

bestcp 

model1_pruned <- prune(model1, cp = bestcp) 

plot(model1_pruned) 

text(model1_pruned, cex=0.8, use.n=TRUE, xpd=TRUE) 

rpart.plot(model1_pruned, box.palette = "orange", shadow.col = "blue", nn=TRUE, 

branch.lty=3, type = 4, extra=101) 

varImp(model1_pruned) 

 

 

#predicting using the test dataset 

predi <-predict(model1_pruned, newdata = testSplit, type = 'class') 

t <- table(testSplit$retention2, predi) 

t 

confusionMatrix(t) 

 

#Markov chain Monte Carlo analysis (formulated by thesis advisor) 

 
library(MCMCglmm) 

library(mcmcplots) 

library(emmeans) 

library(coda) 

library(plotMCMC) 

 

d$game <- factor(d$game) 

d$day <- factor(d$day) 

 

 

#load("MCMC.rdata") 

 

B.prior <- list(V=diag(6)*1e7, mu=c(0,0,0,0,0,0)) 

prior.g <- list(B=B.prior, 

                R=list(V=diag(2), nu=0.002, fix=2),  

                G=list(G1=list(V=diag(2), nu=0.02, alpha.mu=c(0,0), 

alpha.V=diag(2)*1000))) 

 

 

 

 

res <- MCMCglmm(starts ~ game*day, 

                random=~id, 

                prior=prior.g, 
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                family="poisson",data=d,verbose=T) 

 

summary(res) 

plot(res) 

 

 

emmip(res, game ~ day, data=d, CIs = T, level = 0.95) 

 

 

B: Data editing script 
 
#Script for aggregating the data 

 

const { readAndParse, countEventsPerDay } = require("../utils/index"); 

const fs = require("fs"); 

const folderName = require("../../config"); 

 

// init variables 

const stageName = "starts"; 

const fileName = "player_end_session.csv"; 

 

//this code is intended to count single type occurances from file 

const runStage = async () => { 

  // create path to csv file 

  const path = `../../csv/${folderName}/${fileName}`; 

  // parse needed variables from csv to json 

  const stage = await readAndParse(path, ","); 

  // count occurances for even 

  const ready = countEventsPerDay(stageName, stage); 

  // write files to correct folder 

  fs.writeFileSync( 

    `../combine/${folderName}/stage-${stageName}-Ready.json`, 

    JSON.stringify(ready, null, 2) 

  ); 

}; 

// run 

runStage(); 

 

# Script for combining data from the two games 

 

// require filesystem 

const fs = require("fs"); 

// require helpers 

const _ = require("lodash"); 

// use selected game 

const folderName = require("../../config"); 

// fix values when printing 

const replacer = function(key, value) { 

  switch (value) { 

    // if value is gone bad use -999 

    case null: 

      return -999; 

    // if value is missing, use 0 

    case undefined: 

      return 0; 

    default: 

      return value; 

  } 

}; 

// level names SP 

const levelNamesSP = [ 
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  "card_unlocks", 

  "achievements", 

  "card_upgrades", 

  "coinsSoft", 

  "iap", 

  "levelsFinished", 

  "outcome", 

  "pvpOutcome", 

  "raffle", 

  "sessionLength", 

  "starts" 

]; 

// level names trials 

const levelNamesTrials = [ 

  "bike_unlocks", 

  "achievements", 

  "bike_upgrades", 

  "coinsSoft", 

  "iap", 

  "levelsFinished", 

  "outcome", 

  "pvpOutcome", 

  "raffle", 

  "sessionLength", 

  "starts" 

]; 

// create Array for combining data 

let masterArray = []; 

// choose right level names 

const levelNames = folderName === "trials" ? levelNamesTrials : levelNamesSP; 

 

let fields = []; 

// read all files and push them to single array 

levelNames.forEach(name => { 

  const json = JSON.parse( 

    fs.readFileSync(`./${folderName}/stage-${name}-Ready.json`) 

  ); 

  const keys = Object.keys(json[0]); 

  keys.shift(); 

  fields = [...keys, ...fields]; 

  masterArray = [...masterArray, ...json]; 

}); 

//add game and sample_id 

fields = ["game", "sample_id", ...fields]; 

// create data 

let data = {}; 

// crete data array 

const readyData = []; 

 

// for each node in combined array check if data contains sample id 

//    if not create one with sample id and game name 

//    if yes append new values to existing one 

masterArray.forEach(node => { 

  if (!data[node.sample_id]) { 

    data[node.sample_id] = { game: folderName, sample_id: node.sample_id }; 

  } 

  let copyOfOld = { ...data[node.sample_id] }; 

  let copyOfnode = { ...node }; 

  delete copyOfnode.sample_id; 

  data[node.sample_id] = { ...copyOfOld, ...copyOfnode }; 

}); 
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// these are sample_ids of all data 

const keys = Object.keys(data); 

 

// move data from object to array 

keys.map(key => readyData.push(data[key])); 

// find one sample id where all files has something 

 

// transform data to csv 

const csv = readyData.map(function(row) { 

  return fields 

    .map(function(fieldName) { 

      return JSON.stringify(row[fieldName], replacer); 

    }) 

    .join(","); 

}); 

csv.unshift(fields.join(",")); // add header column 

 

const csvReady = csv.join("\r\n"); 

 

//write file to system 

fs.writeFileSync(`${folderName}.csv`, csvReady); 

 

#Utilities script, which includes tools for parsing data 

 

// require csv converter 

const csv = require("csvtojson"); 

// require group function 

const groupby = require("lodash.groupby"); 

// require flatdeep function 

const deepflat = require("lodash.flattendeep"); 

// require time library 

const moment = require("moment"); 

 

const readAndParse = async (filename, delimiter, variables = []) => { 

  // read csv to JSON 

  const stageTwoRawArray = await csv({ delimiter }).fromFile(filename); 

 

  // remove not needed values 

  const removedArray = stageTwoRawArray.map(node => { 

    let returnObject = { 

      sample_id: node.sample_id, 

      header_serverdate: node.header_serverdate 

    }; 

    variables.forEach(variable => { 

      returnObject[variable] = node[variable]; 

    }); 

    return returnObject; 

  }); 

  // group by id and flatten 

  const grouped = groupby(removedArray, "sample_id"); 

  const keys = Object.keys(grouped); 

 

  const editGrouped = keys.map(key => { 

    return deepflat(grouped[key]); 

  }); 

  // create empty array 

  const edited = []; 

  // add entries 

  /** 

   * This function is used to collect times and custom variables from data to 

more easily read array 
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   */ 

  editGrouped.map(entries => { 

    let entry = { 

      sample_id: entries[0].sample_id, 

      header_serverdate_start: [] 

    }; 

    // add custom variables 

    variables.forEach(variable => { 

      entry[variable] = []; 

    }); 

    // push values to arrays 

    entries.forEach(node => { 

      entry.header_serverdate_start.push(node.header_serverdate); 

      variables.forEach(variable => { 

        entry[variable].push(node[variable]); 

      }); 

    }); 

    // push entries to array 

    edited.push(entry); 

  }); 

  return edited; 

}; 

const countEventsPerDay = (variablePreFix, stage, variables = []) => { 

  return stage.map(node => { 

    const firstSession = moment(node.header_serverdate_start[0]); 

    let sessionFirstDay = 0; 

    let sessionSecondDay = 0; 

    let sessionThirdDay = 0; 

    if (variables.length > 0) { 

      let customVariables = {}; 

      variables.forEach((variable, index) => { 

        customVariables[`${variable}_FirstDay`] = 0; 

        customVariables[`${variable}_SecondDay`] = 0; 

        customVariables[`${variable}_ThirdDay`] = 0; 

      }); 

    } 

    node.header_serverdate_start.forEach(time => { 

      const difference = moment(time).diff(firstSession, "h"); 

      if (difference < 24) { 

        sessionFirstDay++; 

      } else if (difference < 48) { 

        sessionSecondDay++; 

      } else { 

        sessionThirdDay++; 

      } 

    }); 

    return { 

      sample_id: node.sample_id, 

      [`${variablePreFix}_firstDay`]: sessionFirstDay, 

      [`${variablePreFix}_secondDay`]: sessionSecondDay, 

      [`${variablePreFix}_thirdDay`]: sessionThirdDay, 

      [`${variablePreFix}_cumulative`]: 

        sessionFirstDay + sessionSecondDay + sessionThirdDay 

    }; 

  }); 

}; 

module.exports = { 

  readAndParse, 

  countEventsPerDay 

}; 

 


