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In competitive games there typically exists a “metagame” – an abstraction peripheral to the 
actual game. In most popular competitive games this metagame is manifested partially by player 
specific gameplay statistics. Quantified gameplay statistics play a crucial role in competitive vid-
eogames with players granting numerical authority to performance measures by interpreting, ne-
gotiating, and strategizing based on them. Despite providing decision making support regarding 
the role, character, or items players choose in-game, granting too great of a numerical authority 
can result in negative emotional states. Different motivations and needs for playing games have 
been studied in general and in a competitive context, but what motivates players to use and review 
gameplay statistics is not researched in depth. This study seeks to address the gameplay statis-
tics related research gap by exploring the underlying motivational components affecting statistics 
review, the affective effects of statistics review, and the potential perceived gameplay enjoyment 
impact statistics review might have. 

This study draws on self-efficacy and self-determination theories to understand how statistics 
review might have both positive and negative impact on the player on an emotional level, and 
how these feelings translate to gameplay enjoyment. This study was conducted using partial least 
squares structural equation modeling (PLS-SEM) to analyze the 237 responses gathered via 
online survey. The results contribute to the body of literature regarding competitive gaming by 
proving the needs for competition and mastering of mechanics as important motivational compo-
nents of statistics review and providing evidence of statistics review having emotional impact on 
the player. Furthermore, while this study identifies the importance of motivational components in 
statistics review by proving two motivational factors significant and statistics review having emo-
tional impact, future research is suggested to be conducted on developing improved motivational 
constructs and better understanding how statistics review is used in-game, and exactly what per-
formance metrics are used. 
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gaming affects, gameplay enjoyment 
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Kilpailullisissa videopeleissä on usein osana ”metapeli” – varsinaisen pelin ulkopuolinen, 

mutta siihen liittyvä abstraktio. Suosituimmissa kilpailullisissa videopeleissä metapeli esiintyy 
osittain pelaajakohtaisten pelitilastojen muodossa. Kvantifioidut pelitilastot ovat tärkeä osa kil-
pailullisia videopelejä, sillä pelaajat antavat näille tilastoille merkityksen tulkitsemalla, neuvotte-
lemalla ja suunnittelemalla pelistrategioitaan niiden pohjalta. Vaikka pelitilastot toimivatkin pää-
töksenteon tukena sen suhteen, mitä roolia, hahmoa tai peliesineitä pelaaja valitsee, voivat peli-
tilastot tuottaa myös mielipahaa, jos niille annetaan liian suuri numeerinen auktoriteetti. Erilaisia 
motivaatioita ja tarpeita pelaamiselle on tutkittu aiemmin yleisellä tasolla, kuten myös kilpailulli-
sessa kontekstissa, mutta pelaajien motivaatioita ja tarpeita käyttää ja tarkastella pelitilastoja ei 
olla tutkittu perinpohjaisesti. Tämä työ pyrkii tutkimaan pelitilastojen käytön motivaation kom-
ponentteja, pelitilastojen käytön tuottamia affekteja ja pelitilastojen käytön mahdollisia vaikutuk-
sia pelaamista nauttimiseen. 

Tämä tutkimus nojaa minäpystyvyyden ja itseohjautuvuuden teorioihin pyrkien ymmärtä-
mään tilastojen positiivisia ja negatiivisia vaikutuksia pelaajan tunnetilaan ja sitä, kuinka nämä 
tunnetilat vaikuttavat pelaamisesta nauttimiseen. Tämä tutkimus tehtiin käyttäen osittaisen pie-
nimmän neliösumman rakenneyhtälömallinnusta analysoimalla 237 verkkokyselyllä kerättyä 
vastausta. Tulokset tukevat kilpailullisen pelaamisen kirjallisuutta todistamalla kilpailun ja peli-
mekaniikkojen ymmärtämisen tarpeiden tärkeyden motivaatiokomponentteina pelitilastojen tar-
kastelussa. Samoin tämä tutkimus osoittaa pelitilastojen käyttämisellä olevan emotionaalisia 
vaikutuksia pelaajaan. Vaikka tämä tutkimus tunnistaa kaksi pelitilastojen käyttöön liittyvää moti-
vaatiokomponenttia ja todistaa pelitilastojen käytöllä olevan emotionaalisia vaikutuksia, jatkotut-
kimusta suositellaan tehtävän parempien motivaatiokomponenttien kehittämiseen ja pelitilasto-
jen käytön yksityiskohtiin. 
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1. INTRODUCTION 

As Esports and stream viewership rise (Hollist 2015, Gilbert 2018, Needleman 2015), so 

does the number of players in modern competitive videogames. As a result, the amount 

of game data collected has increased considerably and gathering game telemetry in 

terms of, for example, in-game player behavior, game performance, and monetization 

can be considered standard practice in the game industry (Seif El-Nasr et al. 2013). Of 

course, game studios are competing for the attention of gamers, and implementing ana-

lytics to tweak the game to be the most attractive and enticing version of itself is benefi-

cial (Shea 2019). Especially in the competitive gaming scene, attracting a large audience 

and player base is no simple task – having an unbalanced game can quickly deter play-

ers away and result in them diverting their attention to the games of one’s competitors 

(Sirlin 2009). 

Game telemetry and its implementation is a focal point in modern game development  

(Seif El-Nasr et al. 2013). There are plenty of resources documenting various tools, 

frameworks, and conceptual level ideas on what should and could be tracked regarding 

a game (Manabe 2019, Werder et al. 2020, Thompson, J. J. et al. 2017, Gagné et al. 

2011, Seif El-Nasr et al. 2013). Even though game telemetry is typically comprehended 

only useful to game developers and designers, certain aspects of game metrics, or te-

lemetry, could be of interest for players alike. These aspects are the performance 

measures and statistics that describe a player’s game behavior such as their K/D-ratio, 

win-rate, or whatever metric fits their game. 

In addition to the proprietary statistics platforms and in-game visualizations that some 

game studios offer for gamers to view quantified statistics (Blizzard Entertainment n.d., 

Wargaming.net n.d.), third-party analytics and statistics tracking services have risen (e.g. 

Tracker Network n.d.). These services, both proprietary and third-party, offer extensive 

information to gamers about their performance as well as the performance of others. 

Such information can be meaningful to competitive players looking for insights and ex-

planations as to how they could perform better or what gaming characteristics do other 

players have. These statistics are used and interpreted in various ways, they are used 

to strategize, spark conversation on online forums, or used as a benchmark for compar-

ing players to one another (Kou & Gui 2018). 
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This data can also be used by the developing studios to manage data-driven game de-

velopment by utilizing the collected data in, for example, balancing issues to shift the 

game’s current meta (Blau 2019). Third-party services in turn use the endpoints provided 

by the developing studios by condensing the information to an easily digestible format 

for players. Some third-party services also offer virtual data-driven coaching for a fixed 

price to help players improve (Blitz 2021, GGPredict.io 2021). Although the points of view 

of the developers and third-party services are quite clear and researched to an extent, 

there exists an unfortunately small amount of research about how this data, player sta-

tistics, is consumed and used by the players themselves. 

Gamers admit to statistics having some form of numerical authority in decision making 

both before and during gameplay (Kou & Gui 2018). Statistics are understood as an 

important aspect of competitive gaming and refraining from using them simply puts one 

in a disadvantageous state. Although, this can distill frustration among players who would 

rather not use statistics but are pressured to conform to the trends. Diverging from the 

game’s meta or having poor statistics can often lead to teammates “tilting” and “throwing” 

the game. Therefore, especially in a highly competitive scene where statistics have an 

established role, it’s important to understand what drives players to use statistics and 

how players are affected by them. 

As mentioned, there is an unfortunately small amount of research on player statistics 

and game telemetry from the player’s perspective. Most research focuses on the imple-

mentation of game telemetry in terms of data-driven game development and its possibil-

ities, but to fully understand the gaming experience, both the game developers’ and the 

players’ perspectives need to be researched. This paper aims to address this research 

gap in game statistics and to offer thoughts on future research possibilities in light of the 

findings in this paper. 

Drawing from self-determination theory (Deci & Ryan 1985) from the point of view of 

players’ motivational components (Yee 2006), the main objective of the present study is 

to understand what the motivations behind statistics review in competitive gaming are. 

The second objective is to understand to what extent reviewing one’s own statistics and 

the statistics of others induces positive and negative emotional affects based on the in-

ternational short form positive and negative affect schedule (Thompson, E. R. 2007). 

Lastly, this study aims to measure whether statistics review influences perceived game 

enjoyment, drawing on feedback’s effect on self-efficacy (Bandura 1997, Fishbach & 

Finkelstein 2012).  
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This study reports the results of a survey of 237 competitive gamers with access to his-

torical game data. The scope of the research was limited to the top five most popular 

team-based competitive games among respondents and analysis was conducted using 

partial least squares structural equation modeling (PLS-SEM). 

Section 2 of the study goes over the distinction of game telemetry and player specific 

statistics as well as the concept of data-driven game development and how player spe-

cific statistics can affect players as feedback. Section 3 describes the research hypoth-

eses and presents the research model. Section 4 presents details on how the research 

was conducted, and section 5 describes the key contributions and possibilities for future 

research. Section 6 concludes the study with closing remarks.  

 



4 
 

2. BACKGROUND 

2.1 Game telemetry 

As game analytics is a core pillar in game development and research, the collection of 

game telemetry has increased. Game telemetry is data obtained over a distance about 

the game (Seif El-Nasr et al. 2013), for example, how long does a typical user play the 

game per session or how many players are there currently online. 

The evolution of the games industry, market competition, and consumer expectations 

have changed the way game companies have had to expand on their offering (Seif El-

Nasr et al. 2013). As connectivity around the globe has improved, so too has the focus 

of game companies shifted from a one-off polished end product to a prolonged lifespan 

of games. Consumers expect constant improvement of their games through updates 

which has forced game developers to implement data collection and monitoring tools 

within their games (Seif El-Nasr et al. 2013) which enable game developers to view in-

terpretable game metrics. These tools allow game developers to make informed deci-

sions on new development goals and solve issues that were not addressed or recognized 

during the development phase. In competitive games, such tools allow data informed 

decisions on, e.g., balancing issues and game character reworks (Blau 2019).  

Although game developers might value different metrics depending on their preferences, 

there exists several key metrics used to measure the success of a game. Average Rev-

enue Per User (ARPU) and Daily Average Users (DAU), are the most common metrics 

in measuring player engagement (Seif El-Nasr et al. 2013) but some developers value 

other metrics, such as Average Revenue Per Paying User (ARPPU) or User Acquisition 

Cost (UAC) and use them for further analytical support. It’s important to note that such 

metrics as the ones mentioned are more focused on monetization, retention, and acqui-

sition, whereas it might not be possible to make game design choices purely based on 

such metrics as the UAC. Understanding player behavior within the game is arguably 

more crucial in guiding design choices such as balancing issues and character reworks 

mentioned earlier. 

Game telemetry differs from other methods such as focus groups or surveys on gaining 

insights about a game because telemetry is representative of the player population. Fur-

thermore, compared to lab conditions, telemetry offers an ecologically valid record of 

play. (Gagné et al. 2011) This means that an artificially constructed play session in lab 
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conditions might change the way players behave in the game. If players do behave dif-

ferent in the game depending on their surroundings, collecting data on that behavior 

might lead to inaccurate conclusions on player behavior. 

Furthermore, game telemetry might in some cases be a great source for high-quality log 

data for studying subjects not directly related to video game design as in the case of, for 

example, Blair et al. (2017) and Padman et al. (2017). Blair et al. (2017) used StarCraft 

2 log data to evaluate motor chunking and understand whether the First-Action-Latency 

is greater than Inter-Action-Latencies in complex sequential cognitive-motor processes. 

As they mention, game telemetry provides highly detailed data in great volumes. A single 

StarCraft 2 match replay file, for example, contains an anonymized game identifier, two-

dimensional screen coordinates, time stamps, and in-game behaviors and their corre-

sponding targets (Thompson et al. 2017) which can result in thousands of rows of data. 

Padman et al. (2017) focused on understanding more about game mechanics and how 

a virtual reality-based immersive mobile game might affect nutrition-health. 

2.2 Data-driven game development 

Game telemetry and analytics can be used to support game development. Utilizing te-

lemetry or analytics can manifest itself in, for example, generating metrics-based anal-

yses of player progression (Seif El-Nasr et al. 2013), building heatmaps of player posi-

tions to understand how players go through a level, or using telemetry as a basis for 

decision making (Frendrup & Parham 2019). Games provide multiple types of infor-

mation that can be logged about a player’s behavior, e.g., physical attributes, the in-

volved events, spatial positions, as well as time. Physical attributes refer to the player’s 

avatar’s abilities, health, speed, or equivalent attributes. Involved events refer to the 

event or action related to a data point, e.g., using an ability or the abilities target. Spatial 

positions can refer to either the spatial position of the player’s avatar or, for example, the 

current view the player is in if the game has no avatar. Time represents the temporal 

aspect of a data point, and all the aforementioned components can change as a function 

over time. (Seif El-Nasr et al. 2013)  

Data-driven game development is not limited to a certain genre but can be utilized in 

various and distinct genres such as First Person Shooters (FPS), Role Playing Games 

(RPG), and Real Time Strategy (RTS) games (Gagné et al. 2011). What differs in terms 

of data-driven game development between genres is what aspect of the game is given 

how much focus. In an RTS, for example, data and analysis about how well new me-

chanics are understood and utilized (Gagné et al. 2011) might be of great value, whereas 

in a multiplayer online battle arena (MOBA), identifying over- or underused characters 
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and items helps in balancing issues (Blau 2019). Additionally, sufficient data allows au-

tomating tedious and time-consuming content creation, such as map and level genera-

tion  (Togelius et al. 2013, Cannizzo & Esmitt Ramírez 2015), agent behavior (Rabin & 

Rabin 2015, Luo et al. 2014), narratives (Fernández-Vara & Thomson 2012), textures, 

sound effects, characters, weapons, (Green 2016) or even game mechanics and rules 

(Barriga 2019). Luo et al. (2014), for example, developed a data-driven framework for 

scenario generation to conduct effective training. They proposed a genetic algorithm, 

GA, -based scenario generation system paired with artificial neural network, ANN, -

based data training. 

Data-driven implies that data dictates design, but this is not always the case in game 

development. Refined terms such as data-augmented and data-informed are used in 

cases when data plays a role in the development process but it’s purpose is shifted from 

open-ended analysis to hypothesis testing and incremental triangulation of ideas  

(Werder et al. 2020). Granting data too great of a numerical authority can even hinder 

creative autonomy (Whitson 2019) although in game genres such as the hyper-casual, 

data-driven design is essential in creating revenue maximizing, development time mini-

mizing games (Fox 2019). For example, Voodoo SAS is a developer that focuses solely 

on hyper-casual games and their games have reached collectively 4,4 billion downloads 

by the time of writing. Their development method revolves around extremely fast iteration 

and prototyping, scrapping prototypes immediately if they do not hit certain metrics  

(Shea 2019). Whereas a triple-A studio might spend multiple years developing a massive 

project with budgets spanning millions, Voodoo encourages development time to be only 

a few weeks or months (Shea 2019). 

Adopting a data-driven approach in game development also imposes developers with 

ethical considerations (El-Nasr & Kleinman 2020). Maximizing revenue does not take 

into consideration the financial status of the user (El-Nasr & Kleinman 2020), which might 

not be an issue if the revenue generated from a game would be based on initial pur-

chases but this is often not the case, especially in mobile games (Whitson 2019). In-

game advertising and micro-transactions are techniques used to allow users to gain ac-

cess to new levels, avoid mundane tasks, or acquire rare and useful in-game assets 

(Nieborg 2017). Although, this is not limited to mobile gaming and EA’s Star Wars Bat-

tlefront 2 is an example of monetization going as far as being investigated by gambling 

authorities, leading to regulation banning “loot box”-mechanics in Belgium (Shah 2017, 

Drummond et al. 2019, King & Delfabbro 2018). One goal for employing data-driven 

techniques is to increase retention, but the difference of retaining a player and inducing 
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addiction might not be that great (El-Nasr & Kleinman 2020). Therefore, game develop-

ers need to be careful as to what extent data is given authority over design choices.  

2.3 Player specific statistics 

Player specific statistics in this paper differ from general game telemetry in the sense 

that statistics are understood as player-facing historical statistics about their perfor-

mance and gameplay. Examples of player-facing statistics can include their kill/death -

ratio, their win-rate, or even how often they play with a certain type of in-game character 

or role. The collection, aggregation, and availability of these statistics allow studying 

competitive games from the “surveillance games” perspective discussed by Al-

brechtslund & Dubbeld (2006). Such games are defined by the use of data collection 

technologies to provide or enhance entertainment  (Albrechtslund & Dubbeld 2006). Aug-

menting gameplay experience by leveraging game data or allowing players to create 

their own game analytics tools through APIs allows them to project their own ideas and 

cultural habits on to their gameplay (Seif El-Nasr et al. 2013). In various competitive 

games data collection is used for quantifying gameplay and offering players insights 

about gameplay metrics associated to them or others. For example, Kou & Gui (2018) 

found that League of Legends (LoL) players frequently use various quantification tools 

to assess and negotiate the meaning of said quantified numbers, both theirs and their 

teammates. An example of available LoL statistics provided by a popular third-party 

quantification tool, op.gg, is depicted in Figure 1. 
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Figure 1 Third-party statistics (op.gg 2021) 

As can be seen from Figure 1, the available statistics tools provide detailed information 

about a player’s match history, such as win-loss ratios on certain champions, gold earned 

during a match, items purchased, etc. Some services, as in the case of Figure 1, even 

provide the option of downloading a replay of the game which enables players to conduct 

post-game analysis as a spectator. 

Statistics and analytics offer players a view into the “metagame”, an abstraction periph-

eral to the actual game. Players participate in the use of statistics and, thus, metagames 

because they are considered to help achieve implicit goals or symbols within the actual 

game (Carter et al. 2012), for example, rank progression. However, granting statistics a 

numerical authority over player agency could shift focus solely into the metagame with 
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players blindly trusting quantification tools (Kou & Gui 2018), which probably is not the 

intended game design except in cases such as theorycrafting. 

Theorycrafting is a term used to describe reverse engineering and analyzing the under-

lying game mechanics to optimize game strategies (Ask 2016). For example, in World of 

Warcraft (WoW), theorycrafting, statistical analysis, and a better understanding of game 

mechanics gained importance after the release of the game’s first expansion set (Paul 

2011). Theorycrafting has since evolved into an integral part of WoW by establishing 

itself as a “proper effort” to playing the game (Paul 2011), whereas in other game com-

munities it might be considered cheating (Ask 2016). This is an extreme example where 

the numerical authority of underlying game mechanics is accepted and studied by the 

players and used as a basis for formulating “correct” strategies to beat the game. In 

addition to strategizing resources available outside the game, in-game “addons” are an 

essential feature for high level play and widely accepted by the community in WoW 

(Curseforge n.d., Mesner & James 2021). Such notions of play are not necessarily pre-

sent in other games, at least to the same extent, but similar aspects can be identified in 

popular competitive games especially when it comes to playing “correctly” and according 

to the “meta”. 

Defense of the Ancients (Dota) 2, for example, offers an optional monthly subscription-

based service called “Dota Plus” which alongside its cosmetic in-game rewards grants 

access to the “Plus Assistant”. This is a comprehensive tool that offers real-time analysis 

and suggestions starting from what hero to choose in the game lobby all the way to post-

game analytics. (Valve Corporation 2016) It provides numerical grammatizations (Stieg-

ler 1998), traces of gameplay providing assessments on performance and, in a sense, 

coaching for the player in-game. Such a tool can impact player behavior both positively 

and negatively: either increasing drive and feelings of self-efficacy or by enforcing the 

disempowering feeling of failure (Egliston 2020). In addition, even such a tool existing 

may feel disempowering to other players due to the perceived advantage it offers to 

players opting into the monthly subscription as opposed to players who do not (Egliston 

2020). Allowing users to pay for an advantage or progression is typically referred to as a 

“Pay-to-Win” game mechanic (Lelonek-Kuleta et al. 2021) and generally met with nega-

tive attitudes. On the other hand, having open access to statistics and analytics without 

a paid subscription is not considered bad but rather important and a positive aspect (Ap-

pendix A).  

Coincidentally, the availability of statistics and granting numerical authority to statistics 

may lead to social pressure to utilize the available data out of fear of being at a disad-

vantage, cause stress and anxiety to the player with underwhelming metrics, or even 



10 
 

develop conflicts and tensions within teams (Kou & Gui 2018). As Kou & Gui (2018) 

found out in their interviews, some players admitted to experiencing “stat anger” or “tilt-

ing” over statistics. This negatively impacted their game performance even before a 

match had started, with teammates abusing them based on poor performance metrics. 

Player statistics and analytics in competitive gaming are analogous to athlete statistics 

and analytics in “traditional”, non-computer assisted sports. As discussed, competitive 

gamers utilize statistics to improve their performance just as statistics can be used to 

improve performance in other sports and for predicting match outcomes (Gray 2015, Li 

et al. 2021, Dutta et al. 2020). Although, due to the computer-assisted nature of compet-

itive gaming, spectators can be provided with a more comprehensive look into the met-

rics of the game both during and after the match without much further investment into 

data tracking equipment that enables data gathering unlike in traditional sports (NFL 

2021, Gulitti 2019). Despite having the opportunity to implement a more granular view of 

data for the spectator in traditional sports during the match, visual augmentation might 

be found distracting and unwanted (Brousseau & Kelp-Stebbins 2020) whereas for com-

petitive gaming, displaying lots of data for the viewer is a standard practice. Post-game 

analysis in traditional sports, on the other hand, is not met with the same resistance. A 

side-by-side comparison of a typical NHL post-game analysis and a typical real-time 

spectator view of a Counter-Strike: Global Offensive (CS:GO) match is shown in Figure 

2. The figure highlights the possibilities and role of statistics and analytics in competitive 

gaming compared to traditional sports. 
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Figure 2 CS:GO and NHL Analysis comparison (NBC Universal 2021, ESL 
Gaming GmbH 2021) 

 

Statistics and analytics arguably play an important role in competitive gaming but the 

research literature on statistics is lacking. The literature on game metrics, statistics, and 

analytics is mainly focused on game telemetry (Padman et al. 2017, Seif El-Nasr et al. 

2013, Thompson et al. 2017, Gagné et al. 2011) whereas the role of player statistics in 

gaming is not fully explored. 
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2.4 Motivational factors in competitive gaming 

According to self-determination theory (SDT) (Deci & Ryan 1985, CSDT 2021, Ryan & 

Deci 2017), motivation is what compels people to act. Motivation can stem from both 

external factors such as reward systems or social pressure, and intrinsic motivations, 

e.g. curiosity or empathy (CSDT 2021). In a gaming context, external factors are, for 

example, the rank progression systems providing prestige to the player or possible tour-

nament rewards, whereas intrinsic motivation is, for example, the flow state while gaming 

(Dindar 2018). Flow state refers to the psychological state in which individual skills meet 

sufficient challenge in an activity (Csikszentmihalyi & LeFevre 1989) attributing to the 

absolute engagement in the activity at hand and resulting in the activity itself becoming 

a source for enjoyment (Czikszentmihalyi 1990). 

Furthermore, according to SDT, there exists three core needs supporting individuals in 

engaging in activities: autonomy, competence, and relatedness (Deci & Ryan 1985, 

CSDT 2021, Ryan & Deci 2017). Autonomy stems from the concept of self: “the psycho-

logical organization that integrates and the structure to which new functions, narratives, 

values, regulations, and preferences are integrated”  (Ryan & Deci 2017). The extent 

that this concept of self regulates one’s actions is the definition of autonomy in SDT. 

Autonomous activity is therefore activity that is self-endorsed or aligned with one’s own 

interests and values. The second core need, competence, in SDT is understood as the 

need for mastery and the need to feel effectance. The definition of competence is highly 

related to self-efficacy (Bandura 1997), the confidence in one’s own capacity to perform, 

a self-evaluation of one’s own capability (Bandura 1997, APA 2021). Lastly, relatedness 

is defined and based on peoples’ need to belong to social organizations, form attach-

ments, and be socially connected (Baumeister & Leary 1995, Ryan & Deci 2017, Bowlby 

2012). 

In the context of competitive games, players are given a multitude of options to experi-

ence autonomy, for example, by selecting what role, class, or character they want to 

play, what items or weapons they want to play with, and freedom to a degree to execute 

their strategies within the game. Some games even allow players to “queue” for a certain 

position or role before starting a game, further providing the player an opportunity to 

express their desires and interests through the role or position they want to play. A feeling 

of competence in competitive games is offered in the form of, for example, rank and 

progression systems, validating the players skill and capabilities by providing a quantified 

evaluation or grade of their performance. Lastly, competitive players can fulfill their need 

for relatedness by, for example, joining and being part of a team or participating in dis-

cussions on dedicated online forums.  
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These three core needs, autonomy, competence, and relatedness are general in nature, 

which is why it is important to dig deeper into more specific motivators and motivational 

subcomponents. For example, Yee (2006) identified three main motivational compo-

nents, “achievement”, “social”, and “immersion”, of massively multiplayer online role-

playing game (MMORPG) players through a factor analysis. These three motivational 

components and Yee’s (2006) inventory items have been found useful and referenced 

in multiple gaming related studies not limited to the MMORPG genre (e.g. Xu et al. 2012, 

Yang & Liu 2017, Hamari & Sjöblom 2017). These components are further divided into 

subcomponents comprising of needs for advancement, mechanics, competition, social-

izing, relationship, teamwork, discovery, role-play, customization, and escapism (Yee 

2006). Demetrovics et al. (2011) similarly identified motivational components among 

players via a factor analysis resulting in seven motivational factors: escape, coping, fan-

tasy, skill development, recreation, competition, and social. They labeled the resulting 

questionnaire the motives for online gaming questionnaire (MOGQ). Although somewhat 

differing, MOGQ (Demetrovics et al. 2011) and Yee’s (2006) motivational components 

share similarities in terms of escapism, socializing, competition, immersion, and skill de-

velopment. In this study, Yee’s (2006) framework of three main motivational components 

is adopted due to its established position in gaming literature and the analogous nature 

of the three main components with self-determination theory. 

These three main motivational components, achievement, social, and immersion, seem 

analogous to self-determination theories components: achievement to competence, so-

cial to relatedness, and immersion to autonomy. Yee’s motivational main- and subcom-

ponents are presented in Table 1. These needs were the main drivers behind MMORPG 

players but arguably can be used as categories to assess the motivations of players in 

general, such as competitive gamers, especially since at least competition, understand-

ing game mechanics, progression, and interactivity in terms of social interaction have 

already been found to be motivational factors in competitive gaming and esports (Vor-

derer et al. 2003, Bányai et al. 2019). 
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Table 1 Motivations main- and subcomponents (Yee 2006) 

Main component Subcomponents 

Achievement Advancement 

Mechanics 

Competition 

Social Socializing 

Relationship 

Teamwork 

Immersion Discovery 

Role-Play 

Customization 

Escapism 

 

2.5 Player statistics as affective feedback 

Video games have been broadly studied from an affective perspective, meaning that 

video games elicit some form of emotional response from the player – an affect. Studies 

related to the affective qualities of gaming have taken on perspectives of, e.g., recovery 

experience in the form of stress relief (Reinecke 2009), emotional valence and arousal 

of gaming (Ravaja et al. 2006, Poels et al. 2012), and game enjoyment (van den Hoogen 

et al. 2012). Although multiple affective aspects of gaming have already been re-

searched, research is typically focused on the game itself, the “orthogame” (Carter et al. 

2012), as opposed to the metagame – something beyond the scope or control of what is 

considered the orthogame. In accordance with the definitions of Carter et al. (2012), 

player statistics are a part of the metagame since they are resources beyond the scope 

of the actual game. 

Player statistics are a form of quantified feedback about a user’s performance and sup-

port individuals pursue their goals (Fishbach & Finkelstein 2012) which, in a gaming con-

text, could be related to achieving a higher rank, achieving recognition, or gaining rare 

rewards, for example. Although quantified, player statistics using clever visualization can 

provide multiple dimensions of information, as seen in Figure 3, by utilizing heatmaps, 

color mapping, and visualized time series data. Feedback through self-served quantified 
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statistics differ from verbal feedback in that the interpretation is upon the statistics viewer. 

As mentioned earlier, players can capture meanings and implications of statistics and 

strategize accordingly (Kou & Gui 2018) meaning they might, for example, choose a 

different in-game character depending on the opponents statistics or swap places with 

another teammate due to a significant difference in performance metrics with their coun-

terpart in the opposing team. 

 

Figure 3 Valorant profile (Blitz 2021) 

As seen in Figure 3, statistics services typically condense player performance into a 

dashboard where key performance metrics are displayed. In the case of Valorant, a com-

petitive team-based first-person shooter, the players kill-to-death -ratio, damage per 

round, headshot accuracy, and an overall combat score are displayed alongside their 

match history. Similar dashboards can be found for multiple other competitive games, 

many of which resemble one another in their design  (e.g. ESL Gaming Online Inc. n.d., 

ELO Entertainment Inc. n.d., Tracker Network n.d.) 

Player statistics tracking and analysis services are not limited to visualizations to provide 

feedback for players. Concise, natural language analysis is available and presented to 

players through, for example, labels describing player performance and in-game habits 
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as seen in Figure 4. These labels provide a short description of in-game behavior which 

can help players identify strong and weak points in gameplay and these can also be used 

by players to quickly assess whether the game should be “dodged” (Kou & Gui 2018). 

 

Figure 4 Verbal analysis of player performance (porofessor.gg 2021) 

Feedback, such as player statistics, elicits emotions and affects the mood (Fishbach & 

Finkelstein 2012) of players. Players are conscious of the effects of statistics on mood 

and some choose to even deter from reviewing statistics to avoid inducing negative af-

fectional impact influencing the game (Kou & Gui 2018). On the other hand, according 

to the self-efficacy theory (Bandura 1997), positive feedback increases the sense of self-

efficacy which increases the individual’s outcome expectancies and commitment  

(Fishbach & Finkelstein 2012). From the perspective of motivational engagement in gam-

ing (Hoffman & Nadelson 2010), players make assessments upon their abilities based 

on statistics (Kou & Gui 2018) to pursue the common goal of victory. Interestingly, alt-

hough tasks that are deemed too difficult might have a negative impact on motivational 

engagement in other areas than gaming (Shernoff et al. 2003), Kou & Gui’s (2018) inter-

viewees didn’t report opponents having better statistics to affect motivation but rather in-

game playstyle. On the other hand, if an opponent had worse statistics, players might try 

even harder not to lose. Also, a player’s own statistics weren’t mentioned to affect their 
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motivation, but rather the interpretations and abuse from their own teammates caused 

disagreement and aggression (Kou & Gui 2018). 

Whereas positive feedback can have a positive affectional impact, negative feedback 

has the opposite effect (Fishbach & Finkelstein 2012). As in Figure 4, labels with negative 

connotations such as “Low Damage” and “Bad CSer” can harm the player’s sense of 

self-efficacy. After receiving negative feedback, individuals feel disengaged and less 

able to succeed on a goal (Fishbach & Finkelstein 2012) which can influence the player’s 

in-game habits greatly, affecting their choices even before a game starts (Kou & Gui 

2018). In the gaming community players who are disengaged, or even actively try to 

hinder the efforts of their own team, are “tilted”. The term originated in poker, describing 

a player being affected negatively by their poor state of mind (MasterClass 2020) but has 

since been used in other contexts, such as competitive video games, with a similar 

meaning. 

There can be multiple reasons for someone tilting (Riot Games 2020) and other players 

can even deduce if someone is tilted based on their match history, in-game character 

choice, and performance metrics (Kou & Gui 2018). Player statistics are after all usually 

an objective representation of the player’s performance that others may criticize, which 

is why “stat padding” also exists (Kou & Gui 2018) meaning that players knowingly try to 

improve certain metrics disregarding the main objectives to just improve their numbers. 

This could be a reaction to social competition leading statistics evaluation to evoke emo-

tional states (Vorderer et al. 2003) and players striving for further positive rather than 

negative feedback. 

As discussed, player statistics can be interpreted from a feedback point of view and 

feedback in general elicits emotional responses. Hence, the affective qualities of player 

statistics are an interesting topic to research, especially since there is support for player 

statistics affecting the mood, motivation, and engagement of players in competitive gam-

ing (Kou & Gui 2018). Furthermore, the potential difference of how reviewing one’s own 

statistics as opposed to reviewing the statistics of others elicit positive and negative emo-

tions and to what extent has not been researched, which is why this study aims to dis-

tinguish the affective qualities of reviewing both one’s own statistics and the statistics of 

others. 
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3. HYPOTHESES DEVELOPMENT 

Kou & Gui (2018) conducted a multi-year ethnographic study of League of Legends play-

ers from 2011 to 2018 regarding the motivations and effects of quantified self and others 

in team-based online games. They conducted interviews to gauge how and why players 

use gameplay statistics. Through interviews, they found that players interpreted game-

play quantification as markers of skill and performance, emotive indicators of mindset, 

and collaborative tendencies. The statistics were used, according to the players, to de-

velop self-knowledge and improve their performance to further help advancing through 

the game’s rank system, negotiate with teammates on strategy and tactics, and exploit-

ing weaknesses and constraining strengths of opponents. Comparing the results of Kou 

& Gui (2018) to Yee’s (2006) framework of motivational factors, competitive players ad-

dressed one main component, achievement, entirely and partly another main compo-

nent, social, through emphasizing the importance and effects of quantification on team-

work. Subcomponents relationship and socializing as well as the immersion main com-

ponent played a nonrelevant part in motivations and usages of quantified self and others. 

Nevertheless, motivational factors were brought up in interviews and players had multi-

ple reasons and explanations as to why they review statistics. Since statistics and ana-

lytics in the competitive gaming scene are used to enhance the gameplay experience 

(Albrechtslund & Dubbeld 2006, Seif El-Nasr et al. 2013), it is assumed that players have 

intrinsic motivators that drive them towards using said statistics and analytics. Hence: 

H1: Motivational factors increase the frequency of statistics review 

Advancement oriented players enjoy making constant progress and gaining power in 

whatever form it is offered by the game. These types of players typically are drawn to 

advancement-oriented groups and have a more serious attitude towards progression  

(Yee 2006). Progression of rank, level, prestige, or equivalent is a part of the core loop 

in most competitive games, and some competitive players use quantification tools to 

further improve their progression (Kou & Gui 2018). Hence: 

H1a: The need for advancement increases the frequency of reviewing one’s own statis-

tics 

H1b: The need for advancement increases the frequency of reviewing the statistics of 

others 

Players with a strong desire to master the mechanics of a given game enjoy analyzing 

and understanding the underlying numerical mechanics of the game (Yee 2006). This 
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understanding could manifest itself in, for example, knowing and mitigating the recoil 

pattern of a certain gun in CS:GO to improve hit accuracy, increasing one’s gold per 

minute metric by “pulling and stacking” neutral monster camps in Dota 2, or capitalizing 

on the advantage of tracking the opposing teams ultimate charge level in Overwatch 

(OW). For example, some League of Legends players gauged their own performance 

through their “creep score” metric and could determine whether they needed to change 

their playstyle (Kou & Gui 2018). Hence: 

H1c: The need for mastering of mechanics increases the frequency of reviewing one’s 

own statistics 

H1d: The need for mastering of mechanics increases the frequency of reviewing the 

statistics of others 

Players with a strong need for competition enjoy competing with other gamers. This com-

petition is not restricted only to fair, constrained challenges but also includes other acts 

that lead to the player dominating others. (Yee 2006) Since this study focuses on com-

petitive gaming where players compete against one another as part of a group or as an 

individual, it can be argued that competition is a common element of interest. It is also 

assumed that players playing the games in focus of this study exhibit some level of com-

petitive drive due to the nature of the games. Furthermore, as mentioned earlier, Kou & 

Gui (2018) found players constraining and exploiting opponents based on statistics. 

Hence: 

H1e: The need for competition increases the frequency of reviewing one’s own statistics 

H1f: The need for competition increases the frequency of reviewing the statistics of oth-

ers 

Players with a strong desire for teamwork enjoy working and collaborating with others  

(Yee 2006). Since many of the most popular competitive games currently are team-

based games, such as LoL, CS:GO, Dota 2, OW, and Rainbow Six Siege (R6), it can be 

argued that teamwork plays an important role in the competitive gaming scene. Kou & 

Gui (2018) found that LoL players frequently assessed other players based on their sta-

tistics and used this information to choose who to play with. Players also tended to strate-

gize and negotiate with their teammates based on quantified results, either by using sta-

tistics as proof of their claims or by encouraging other players to choose their role or 

character based on statistical evidence of a higher win-rate (Kou & Gui 2018). Since 

teamwork is a crucial aspect in team-based competitive games, it can be argued that: 

H1g: The need for teamwork increases the frequency of reviewing one’s own statistics 
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H1h: The need for teamwork increases the frequency of reviewing the statistics of others 

As discussed earlier, although Yee’s (2006) framework of motivations of play includes 

more components than the need for advancement, mastering of mechanics, competition, 

and teamwork, the rest are omitted in this study. This is due to the nature of competitive 

videogames, where arguably players have a tendency to view statistics based more on 

needs for advancement, competition and teamwork (Kou & Gui 2018) rather than immer-

sion. 

Motivational factors are highly linked to intrinsic motivation and intrinsic motivation can 

be described as the motivation to engage in a task out of interest and/or enjoyment. 

Intrinsic motivation is affected by multiple factors, one of which is perceived competence.  

(Isen & Reeve 2005) As mentioned in chapter 2.3, players in competitive games use 

quantification tools and statistics to strategize and negotiate with their teammates. Alt-

hough, the impact of negotiations can turn out positive or negative in terms of perceived 

game enjoyment. Additionally, if the social environment of the game undermines the 

players perceived competence, intrinsic motivation decreases (Isen & Reeve 2005). This 

could happen in the case of having below average metrics pointed out by other team-

mates and having said metrics being used against the player to invalidate their decisions 

or opinions. But purposefully decreasing another teammate’s intrinsic motivation and 

game enjoyment does not seem a desirable outcome when striving to win. Statistics can 

therefore also be used to encourage and elevate the perceived competence of team-

mates by, for example, complementing them on certain metrics to try to persuade them 

to repeat that kind of favorable behavior (Kou & Gui 2018). Hence: 

H2: Statistics review increases perceived game enjoyment 

H2a: Reviewing one’s own statistics increases perceived game enjoyment 

H2b: Reviewing the statistics of others increases perceived game enjoyment 

Positive affect increases interest and enjoyment of moderately interesting activities  (Isen 

& Reeve 2005). In this study it is assumed that competitive players consider the games 

they play at least moderately interesting activities and, as mentioned before, have intrin-

sic motivators that motivate them to engage in gaming. In accordance with the uses and 

gratifications theory (Blumler & Katz 1974), it is also assumed that competitive players 

seek out games and media that meet their needs to achieve gratification. In this study, it 

is argued that players actively seek out gameplay statistics to gratify their needs. 

From the perspective of self-determination theory (Deci & Ryan 1985, CSDT 2021), play-

ers who engage in interesting tasks experience positive affects. As mentioned before, 

players are assumed to regard their gaming habits and statistics use at least moderately 
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interesting. Additionally, players reported to occasionally feel abused, identify tilted play-

ers, or recognize “stat anger” among other players (Kou & Gui 2018). These are clearly 

negative affects and, as discussed in chapter 2.4., statistics can also reflect negative 

feedback on player performance, which might make players disengaged and erode the 

feeling of self-efficacy (Fishbach & Finkelstein 2012). Nevertheless, players reviewing 

statistics are assumed to engage in a task they regard as interesting and therefore pos-

itive affects are hypothesized to trump over negative affects. Hence: 

H3: Statistics review induces more positive affects than negative affects 

H3a: Reviewing one’s own statistics induces positive affects 

H3b: Reviewing one’s own statistics reduces negative affects 

H3c: Reviewing the statistics of others induces positive affects 

H3d: Reviewing the statistics of others reduces negative affects 

All hypotheses are visualized in the research model in Figure 5. 

 

Figure 5 Research model 

 

The most important hypotheses are the hypotheses linking motivational factors to statis-

tics review, H1a-H1h. As current literature is lacking in understanding the motivational 

factors moderating statistics use, identifying motivational factors and their loadings al-

lows game developers to adopt a more user-centric role in designing player-facing game-

play statistics. Furthermore, hypotheses H3a-H3d are expected to demonstrate if there 

are differences in reviewing one’s own statistics and the statistics of others in terms of 

emotional affects and how statistics review relates to perceived game enjoyment.  
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4. RESEARCH METHOD 

Before concerning oneself with data collection, the underlying research methodology 

must be defined. Data collection is in the heart of the research methodology, as de-

scribed by Saunders et al. (2019), but multiple other layers need to be considered before 

arriving at the conclusion of the data collection instrument in order to have a more 

grounded base for research (Saunders et al. 2019). These layers consist of approach to 

theory development, methodological choice, strategy, time horizon, and research tech-

nique. 

Due to first developing the research model and then putting it through rigorous testing, 

the approach for theory development is deductive. As the data collection strategy con-

sists of using only a single technique, a survey, the methodological choice categorizes 

the study as a mono method quantitative study. Data collection is discussed further in 

section 4.1. Furthermore, regarding the time horizon, due to time constraints this study 

was conducted as a cross-sectional study, a ‘snapshot’ rather than a longitudinal re-

search. Lastly, the research technique used is partial least squares structural equation 

modeling (PLS-SEM) falling more into the category of confirmatory rather than explora-

tory factor analysis and is discussed further in section 4.2. All layers related to the re-

search methodologies are displayed in Table 2. 

Table 2 Research methodologies as described by Saunders et al. (2019) 

Approach Deductive 

Methodological choice Mono method quantitative study 

Strategy Survey 

Time horizon Cross-sectional 

Technique PLS-SEM 

 

4.1 Data collection 

The data for testing the hypotheses was collected using an online survey drafted using 

Google Forms. The survey was distributed among internal channels within the author’s 

company as well as on video game forums and Reddit. The focus was on collecting the 

responses of individuals who play competitive videogames and are able to view historical 
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statistics on their performance as well as the performance of others. Therefore, the sur-

vey started with a preliminary question about whether the respondent played a compet-

itive game of which they could access historical game data. The survey ended prema-

turely if the respondent responded negatively and did not meet the criteria. 

The survey was drafted using adapted Yee’s motivational subcomponents’ inventory 

items (2006), the international positive and negative affect schedule short form, I-

PANAS-SF,  (Thompson 2007), and adapted questions about perceived enjoyment (Da-

vis et al. 1992). One positive affect indicator suggested by the I-PANAS-SF, “Alert”, was 

removed from the analysis model due to possible misinterpretation on behalf of the re-

spondents. Even though I-PANAS-SF is designed for non-native English speakers, 

“Alert” translates into Finnish with negative connotations and since the majority of the 

respondents were of Finnish origin, it was therefore removed from the final analysis. 

The questionnaire consisted of 32 questions relating to the proposed research model 

excluding 23 additional demographical and opinion related questions. The research 

model related questions can be found in Appendix B and a visualization of opinionated 

questions in Appendix A. The survey received 338 responses out of which 42 did not 

meet the preliminary criteria, leaving 296 valid responses. In addition to the preliminary 

criteria and reviewing the data, responses were filtered by the reported competitive game 

played. A total of 38 unique games were reported to be the respondents’ most played 

competitive games, out of which the top five most played games among the respondents 

were League of Legends, Counter-Strike: Global Offensive, Dota 2, Overwatch, and 

Rainbow Six Siege. These five games comprised 237 or 80% of all responses. Since 

these games are all team based and accounted for most of the data, only these 237 

responses were left as the final data set to avoid analysis skewness issues with predom-

inantly single player competitive games such as chess. 

Data was collected internationally but the distribution was mainly focused on Finland. 

This can be seen in the distribution of respondents’ country of origin displayed with other 

sample demographics in Table 3. Furthermore, the survey required a working Google 

account for authentication and prevention of multiple responses from any individual. 
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Table 3 Sample demographics 

Variable Category Frequency 

Age 12-17 

18-24 

25-34 

35-44 

12 (5.0%) 

98 (41.4%) 

119 (50.2%) 

8 (3.4%) 

Gender Male 

Female 

Non-binary 

221 (93.2%) 

13 (5.5%) 

3 (1.3%) 

Education High School 

Bachelor’s Degree 

Master’s Degree 

Ph. D. or Higher 

Trade School 

None of the above 

69 (29.1%) 

98 (41.4%) 

33 (13.9%) 

3 (1.3%) 

11 (4.6%) 

20 (8.4%) 

Country Finland 

United States 

Canada 

Other 

194 (81.9%) 

14 (5.9%) 

7 (3.0%) 

22 (9.3%) 

Most played compet-

itive game 

League of Legends 

Counter-Strike: Global Offensive 

Dota 2 

Overwatch 

Rainbow Six Siege 

81 (34.1%) 

70 (29.5%) 

52 (21.9%) 

19 (8.0%) 

15 (6.3%) 
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Game rank Top 1% 

Top 5% 

Top 10% 

Top 20% 

Top 50% 

Bottom 50% 

N/A 

45 (19.0%) 

41 (17.3%) 

37 (15.6%) 

37 (15.6%) 

37 (15.6%) 

14 (5.9%) 

26 (11.0%) 

Years played More than 5 years 

3-5 years 

1-3 years 

0-1 years 

142 (59.9%) 

55 (23.2%) 

37 (15.6%) 

3 (1.3%) 

Approximate hours 

played per week 

More than 10 hours 

6-10 hours 

3-6 hours 

0-3 hours 

70 (29.5%) 

60 (25.3%) 

54 (22.8%) 

53 (22.4%) 

 

4.2 Data analysis and results 

The data was analyzed with Smart-PLS software using Partial Least Squares Structural 

Equation Modeling (PLS-SEM) as it is best used when the research objective is to better 

understand increasing complexity by exploring theoretical extensions of established the-

ories (Hair et al. 2019). Motivational factors as well as statistics review constructs were 

operationalized as formative constructs. This is due to the nature of Yee’s (2006) moti-

vational components and statistics review constructs being formed or induced by their 

measures (Fornell & Bookstein 1982), the indicators or items being noninterchangeable 

(Bollen, Kenneth & Lennox 1991), and the indicators being exogenously determined with 

correlations not explained by the measurement model (Bollen, Kenneth A. 1989). Posi-

tive and negative affects as well as perceived game enjoyment, on the other hand, were 

operationalized as reflective constructs due to the indicators representing manifestations 

of the underlying constructs (Fornell & Bookstein 1982), the indicators or items being 
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interchangeable (Bollen & Lennox 1991, Little et al. 1999), and indicator validity being 

assessable via the measurement model (Bagozzi et al. 1991). 

Hair et al. (2019) also state that PLS-SEM should be selected when the path model 

includes one or more formatively measured constructs, which this study has multiple of. 

In addition to six formative constructs, positive and negative affects as well as perceived 

enjoyment are reflective constructs. Therefore, some different measurements need to be 

considered when assessing different parts of the model as well as the model as a whole. 

The model was evaluated for common method bias (CMB) by controlling for variance 

inflation factors (VIF) after adjusting the relationships accordingly. All inner VIF values 

were found to be under 3.3 (Table 4), which indicates that the model was not found to 

be contaminated by CMB (Kock 2015). 

Table 4 Variance Inflaction Factors 

 ADV COM ENJ MEC NA OTH OWN PA 

ADV n/a 1.330 1.101 0.279 0.270 0.006 0.082 -0.033 

COM 1.287 n/a 1.044 0.079 0.062 0.156 0.083 0.259 

ENJ 1.050 1.029 n/a -0.079 -0.114 -0.072 0.019 0.106 

MEC 1.245 1.261 1.134 n/a -0.058 0.102 0.092 0.221 

NA 1.112 1.159 1.056 -0.030 n/a 0.124 -0.062 0.205 

OTH 1.825 1.536 1.268 0.076 0.141 n/a 0.538 0.035 

OWN 1.740 1.599 1.155 0.123 0.015 0.530 n/a 0.152 

PA 1.327 1.248 1.163 0.196 0.186 0.017 0.123 n/a 

 

4.2.1 Reflective model assessment 

Hair et al. (2019) recommend loadings of above 0.708 for reflective measurement model 

indicators. Four reflective indicators were found to have loadings of under that threshold 

as shown in Table 5. 
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Table 5 Loadings 

Construct Indicator Loading 

Positive Affects Active 

Attentive 

Determined 

Inspired 

0.801 

0.799 

0.825 

0.770 

Negative Affects Afraid 

Ashamed 

Hostile 

Nervous 

Upset 

0.679 

0.571 

0.710 

0.780 

0.793 

Enjoyment ENJ1 

ENJ2 

ENJ3 

ENJ4 

ENJ5 

0.779 

0.552 

0.689 

0.831 

0.808 

 

Internal consistency reliability should also be assessed by utilizing composite reliability 

(CR) (Lowry & Gaskin 2014), which between 0.70 and 0.90 is described as “satisfactory 

to good”. Cronbach’s alpha should also be considered, which measures the internal con-

sistency of reflective constructs. Cronbach’s alpha is recommended to be within the 

range of 0.70 to 0.95  (Tavakol & Dennick 2011). Convergent validity was assessed using 

average variance extracted (AVE). Acceptable AVE values are generally considered to 

be above 0.50 which would then explain at least 50 per cent of the variance of the con-

struct’s items (Hair et al. 2019). Lastly, heterotrait-monotrait (HTMT) ratio should be 

measured to assess to what extent the constructs are distinct from one another, estab-

lishing discriminant validity. For this study, a conservative 0.85 is suitable as the upper 

limit (Hair et al. 2019). Traditionally the square root of AVE has been used to assess 

discriminant validity but HTMT has been shown to be a more stringent measure for this 

purpose (Henseler et al. 2015). 
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All reflective constructs were found to have a composite reliability of 0.8-0.9 which indi-

cates high internal consistency reliability, Cronbach’s alpha within acceptable ranges, 

AVE of over 0.5, and HTMT of under 0.4. All reflective constructs were therefore deemed 

reliable and valid. Exact values are shown in Table 6, and values for HTMT are shown 

in Table 7. 

Table 6 Construct reliability and validity 

Construct CR Cronbach’s alpha AVE 

Positive Affects 0.876 0.813 0.638 

Negative Affects 0.835 0.759 0.506 

Enjoyment 0.855 0.794 0.546 

 

Table 7 HTMT 

 ENJ NA PA 

ENJ    

NA 0.206   

PA 0.097 0.303  

 

4.2.2 Formative model assessment 

In PLS-SEM analysis, confidence intervals of indicator weights should differ greatly from 

zero or otherwise they can be ruled as statistically insignificant and should be, in most 

cases, removed (Hair et al. 2017). Although, indicator removal should be closely exam-

ined in formative models from the perspective of the construct as a whole (Cenfetelli & 

Geneviève Bassellier 2009) if inclusion is strongly supported from the perspective of 

measurement theory (Hair et al. 2017). In formative models, as opposed to reflective 

ones, insignificant indicator weight is not definite proof of poor measurement quality  

(Cenfetelli & Geneviève Bassellier 2009). 

After initial PLS analysis, three out of four “Teamwork” indicators were found to have an 

insignificant outer weight of under 0.1 and the “Teamwork” construct having an insignifi-

cant weight to the model overall. Furthermore, one “Mechanics” and one “Competition” 

indicator were found to also have insignificant outer weights. Removing these indicators 

from the formative constructs should be handled with caution in contrast to reflective 
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constructs since they are designed to fully capture the domain (Hair et al. 2019) as dis-

cussed earlier. Arguments can be made that the indicators with low loadings should def-

initely be removed but, in contrast to reflective models, the formative indicators are not 

interchangeable (Hair et al. 2019) and therefore are kept in place in accordance to Yee’s 

(2006) factor analysis. The “Teamwork” construct as a whole, on the other hand, was 

removed and further analysis was conducted with an updated model as depicted in Fig-

ure 6. 

 

Figure 6 Updated model 

Formative measurement models should be evaluated based on convergent validity, in-

dicator collinearity, statistical significance, and indicator weight relevance (Hair et al. 

2017). Evaluating the collinearity of indicators is done by the variance inflation factor 

(VIF). High VIF values of 5 or above indicate a critical collinearity among indicators, 

which in a formative model is not desired. VIF values of close to 3 or under are desired 

and indicate little collinearity between indicators (Hair et al. 2019). All formative con-

structs were found to have VIF values of under 3.0 indicating non-collinearity. 

Statistical significance in this study is evaluated through P-values at the 0.05 significance 

level of path coefficients. Indicator weight relevance is evaluated with T critical values at 

the 95% confidence interval of over 1.96. These assessment measures are presented in 

Table 8 not including VIF values. 
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Table 8 Path coefficient T-statistics and P-values 
 

T Statistics (|O/STDEV|) P Values 

ADV -> OTH 1.582 0.114 

ADV -> OWN 1.596 0.111 

COM -> OTH 3.584 0 

COM -> OWN 4.208 0 

MEC -> OTH 3.232 0.001 

MEC -> OWN 2.921 0.004 

OTH -> ENJ 1.348 0.178 

OTH -> NA 2.451 0.014 

OTH -> PA 1.458 0.145 

OWN -> ENJ 0.617 0.537 

OWN -> NA 0.332 0.74 

OWN -> PA 3.153 0.002 

4.2.3 Results 

The aim of this research was to explore and examine the relationship of motivational 

needs and statistics review in competitive games as well as how statistics review affects 

perceived game enjoyment and how it induces or reduces positive and negative affects. 

The results are presented with path coefficients and their statistical significance in Figure 

7, and detailed indirect and direct effects are presented in Table 9. 

 

Figure 7 Research model with results 
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The research model was found to explain approximately 22% of the overall variance of 

statistics review involving one’s own statistics and 23% of the overall variance of statis-

tics review of the statistics of others. Additionally, the model explains about 14% of the 

overall variance of positive affects but had low explanatory application on negative af-

fects and perceived enjoyment. 

Furthermore, the results show that only two of the motivational factors have a statistically 

significant relationship with statistics review regarding both one’s own statistics and the 

statistics of others. The need for competition has a slightly higher weight (H1c, β = 0.263, 

𝑝 < 0.001, supported) on reviewing one’s own statistics compared to the need for mas-

tering of mechanics (H1e, β = 0.225, 𝑝 < 0.005, supported). Likewise, the need for com-

petition had a slightly higher weight on reviewing the statistics of others (H1f, β = 0.292, 

𝑝 < 0.001, supported) compared to the need for mastering of mechanics (H1d, β = 0.211, 

𝑝 < 0.001, supported). The need for advancement had insignificant relationships with 

reviewing one’s own statistics (H1a, β = 0.122, 𝑝 > 0.1, not supported) and reviewing the 

statistics of others (H1b, β = 0.122, 𝑝 > 0.1, not supported). Additionally, reviewing one’s 

own statistics was found to have a statistically significant relationship only with positive 

affects (H3a, β = 0.279, 𝑝 < 0.005, supported) and, likewise, reviewing the statistics of 

others has a statistically significant relationship only with negative affects (H3d, β = 

0.280, 𝑝 < 0.1, not supported). The relationships between statistics review, one’s own or 

those of others, and perceived game enjoyment were not found to be significant (H2a, β 

= 0.085, 𝑝 > 0.1, not supported; H2b, β = -0.173, 𝑝 > 0.1, not supported) as well as the 

relationship between reviewing one’s own statistics and negative affects (H3b, β = -

0.036, 𝑝 > 0.1, not supported) and reviewing the statistics of others and positive affects 

(H3c, β = 0.124, 𝑝 > 0.1, not supported). 
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Table 9 Results 

 Indirect Direct  

 β T Sig. β T Sig. Hypothesis 

ADV->OWN n/a n/a n/a 0.122 1.596 0.111 H1a: Not supported 

ADV->OTH n/a n/a n/a 0.122 1.582 0.114 H1b: Not supported 

ADV->PA 0.049 1.720 0.086 n/a n/a n/a  

ADV->ENJ -0.011 0.461 0.645 n/a n/a n/a  

ADV->NA 0.030 1.055 0.291 n/a n/a n/a  

MEC->OWN n/a n/a n/a 0.225 2.921 0.004** H1c: Supported 

MEC->OTH n/a n/a n/a 0.211 3.232 0.001*** H1d: Supported 

MEC->PA 0.089 1.802 0.072 n/a n/a n/a  

MEC->ENJ -0.017 0.593 0.553 n/a n/a n/a  

MEC->NA 0.051 1.802 0.072 n/a n/a n/a  

COM->OWN n/a n/a n/a 0.263 4.208 0.000*** H1e: Supported 

COM->OTH n/a n/a n/a 0.292 3.584 0.000*** H1f: Supported 

COM->PA 0.110 3.425 0.001*** n/a n/a n/a  

COM->ENJ -0.028 0.816 0.415 n/a n/a n/a  

COM->NA 0.072 2.104 0.035* n/a n/a n/a  

OWN->PA n/a n/a n/a 0.279 3.153 0.002** H3a: Supported 

OWN->ENJ n/a n/a n/a 0.085 0.617 0.537 H2a: Not supported 

OWN->NA n/a n/a n/a -0.036 0.332 0.740 H3b: Not supported 

OTH->PA n/a n/a n/a 0.124 1.458 0.145 H3c: Not supported 

OTH->ENJ n/a n/a n/a -0.173 1.348 0.178 H2b: Not supported 

OTH->NA n/a n/a n/a 0.280 2.451 0.014* H3d: Not supported 

 

The results therefore differ partly from the hypotheses. Surprisingly, the need for ad-

vancement was not found to have a significant relationship with statistics review even 

though earlier qualitative research suggests a need for advancement or progression 

playing a part in team-based competitive gaming (Kou & Gui 2018). Furthermore, per-

ceived game enjoyment seems unaffected by statistics review even though the results 

indicate that statistics serve as affective feedback on gameplay with reviewing one’s own 

statistics having a significant weight on positive affects and reviewing the statistics of 

others having a significant weight on negative affects. 
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5. DISCUSSION 

The aim of the study was to explore the relationships between motivational factors and 

statistics review, as well as statistics review, positive and negative affects, and perceived 

game enjoyment. The key findings are split and discussed regarding their theoretical and 

practical contributions. 

This study validated operationalizing the needs for mastering of mechanics, advance-

ment, and competition as formative factors. The need for teamwork had incredibly poor 

indicator weights which caused the construct’s removal from the model. The need for 

advancement and the need for mastering of mechanics adapted from Yee (2006) had 

previously been operationalized by, for example, Xu et al. (2012) as reflective constructs, 

which in this study is argued to not be a suitable operationalization. On the contrary, 

perceived enjoyment was validated as a reflective construct as adapted from Davis et al. 

(1992). All items loaded well onto the construct, but the construct’s overall variance could 

not be explained by the research model.  

Additionally, this study validated the use of I-PANAS-SF for measuring positive and neg-

ative affects to an extent. Even though the international short form of PANAS is designed 

for non-native English speakers, it is still lacking regarding the use of “Alert” as a positive 

affect measure. Some colloquial use of “Alert” might be comparable to “Active” or “Atten-

tive” but, as in this study, “Alert” translated to Finnish with negative connotations and 

therefore is susceptible to misinterpretation in other languages as well. 

This study validated the need for competition and the need for mastering of mechanics 

as motivational factors affecting statistics review. Both were found to be statistically sig-

nificant. Interestingly, the need for teamwork was not found to be significant at all and, in 

fact, a poor formative construct. This is not a precedent in using Yee’s (2006) construct 

for teamwork, which has been excluded in other studies as well due to poor internal 

consistency (Kuss et al. 2012) or disregarded even in competitive gaming contexts 

(Bányai et al. 2019). The need for advancement was also not found to be an important 

motivational factor regarding statistics review. Furthermore, the relationship between 

one’s own statistics review and positive affects was found to be significant, while the 

relationship between statistics review of the statistics of others and negative affects was 

found to be significant. 

Although indirect relationships were not the focal point of this study, the need for com-

petition can be seen to have a significant indirect effect on both positive and negative 
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affects in terms of a high T-value. This seems understandable since competition involves 

successes and failures which arguably can have high emotional impact. In a positive 

sense success as feedback can enhance the feeling of self-efficacy whereas failures can 

have the opposite effect  (Fishbach & Finkelstein 2012). 

The data used consisted of only gamers playing team-based competitive games, which 

makes the lack of importance on behalf of teamwork surprising. Before the removal of 

the teamwork construct, the overall weight of the construct on the model was evaluated 

and deemed insignificant. Even though Kou & Gui (2018) had found that players use 

statistics to strategize among teammates, this study shows that teamwork’s importance 

is overshadowed by the need for mastering of mechanics (H1e, H1f) and especially by 

the need for competition (H1c, H1d) as motivational factors affecting statistics review. 

Moreover, players had reported using statistics for benchmarking and further under-

standing mechanics (Kou & Gui 2018) but interestingly the need for advancement was 

not found significantly important. This suggests that players would rather be good at their 

game rather than prestigious. 

Furthermore, this study suggests that reviewing one’s own statistics has a more signifi-

cant effect on inducing positive affects rather than negative affects. On the contrary, re-

viewing the statistics of others induces more negative affects and has little to no impact 

on positive affects. 

5.1 Theoretical contributions 

First, the empirical evidence suggests that clear needs can be identified as motivational 

factors for statistics use in competitive gaming. Statistics play an important part in com-

petitive gaming as suggested by earlier literature (Kou & Gui 2018). The need for mas-

tering of mechanics and the need for competition are clear motivational factors whereas 

the need for advancement does not significantly affect statistics review. The findings 

further expand the literature on competitive gaming by researching statistics review, a 

fairly unexplored area of competitive gaming. The model explained over 20% of overall 

variance in statistics review concerning both one’s own statistics as well as the statistics 

of others. 

The need for competition is the most important motivational factor among the two other 

needs, advancement and mastering of mechanics, in statistics review according to the 

results. This finding provides further support to competition being an essential gaming 

motivation (Vorderer et al. 2003) by showing that the need for competition is also affect-

ing statistics review, an external but related activity to actual gameplay. Ergo, competitive 



35 
 

metagame in terms of statistics review shares at least this motivational factor with the 

orthogame (Carter et al. 2012). 

Similarly, the need for mastering of mechanics playing an important role in statistics re-

view strengthens the assumption that competitive players are motivated to understand 

the game and its underlying mechanics better. The need for mastering of mechanics has 

been discussed to be one of the main reasons for competitive players to even pursue 

careers in esports (Bányai et al. 2019). Mastering mechanics and understanding the 

game better increases players’ feeling of self-efficacy (Bányai et al. 2019) which explains 

the increased commitment (Fishbach & Finkelstein 2012) to the game, partially mani-

fested as statistics review. 

As hypothesized, statistics review was found to cause emotional affects. The relationship 

between reviewing one’s own statistics and positive affects was found to be significant 

as well as the relationship between reviewing the statistics of others and negative affects. 

Although statistics review was hypothesized to induce more positive than negative af-

fects disregarding whether reviewing one’s own or the statistics of others, the uncovered 

relationships are interesting, especially since perceived game enjoyment was found to 

be unaffected by statistics review. Gameplay statistics are argued to be affective feed-

back which in effect was expected to have an impact on overall enjoyment as according 

to feedback in general having motivational impact on an activity (Fishbach & Finkelstein 

2012). This finding suggests that the understanding of feedback and its effect in the con-

text of competitive gaming is more complicated at least from a self-efficacy perspective 

(Bandura 1997, Fishbach & Finkelstein 2012). 

5.2 Practical contributions 

As for practical contributions, this study provides insight into the motivators behind sta-

tistics use and how it affects players. Game designers need to make decisions on what 

statistics should be shown to the gamers and the current literature is lacking regarding 

concrete guidelines. Game telemetry dominates the discussion whereas user facing sta-

tistics and analytics have a lesser importance in game design literature. Looking at the 

results and keeping in mind that the data used consisted of the top five most played 

competitive games, the need for competition and mastering of mechanics are the major 

motivational factors for statistics review. This implies that players in team-based com-

petitive games are most interested in self-development through mastering of mechanics 

and provides a hook for game designers to address the needs of their competitive player 

base. As discussed in chapters 2.3. and 2.4., statistics can be used as feedback for the 

player and provide insights and tips to enhance their performance. For players interested 
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in mastering of mechanics, this type of feedback must be satisfactory and game design-

ers should strive to further improve the quality of the feedback by implementing, enhanc-

ing, and providing statistics and analytics in competitive games. 

Secondly, statistics should reflect and satisfy players’ need for competition. A competi-

tive element could be included in looking at one’s own statistics, for example, by offering 

comparisons between other player’s, which some analytics services do, e.g. League of 

Graphs (LeagueOfGraphs.com n.d.). Although, the existing statistics and analytics ser-

vices that include comparisons generally compare the player’s performance in compari-

son to means. Analytics and statistics could be enhanced by offering further competitive 

elements, for example, by offering comparisons between individual players. 

Finally, statistics review of one’s own and the statistics of others were found to have 

significant relationship to positive and negative affects respectively. This provides game 

designers insight on how statistics use affects gamers. Negative affects should be miti-

gated to avoid gamers becoming disengaged whereas positive affects should be ampli-

fied to increase self-efficacy and commitment. The negative effect of reviewing the sta-

tistics of others is something that should be considered in making design choices about 

availability of the statistics of others. In Appendix A, additional questions about the avail-

ability of statistics (HIS1-HIS4) demonstrate that the general consensus on statistics is 

that they should be made available, as in, one should be able to see the statistics of 

others and vice versa. Furthermore, statistics are stated to be an important aspect of 

gameplay even though they do not impose that much of numerical authority, as accord-

ing to Appendix A (DIS1-DIS6). Also, the positive effect of reviewing one’s own statistics 

should be amplified by further researching what exactly is it about one’s own statistics 

that induces positive affects. Pinpointing important statistics or how these statistics are 

presented could spark more discussion about statistics and further developing a game’s 

metagame. 

5.3 Research limitations and future research topics 

This study is subject to limitations both methodological and on part of the researcher. 

First, the data was collected using a survey tool that required an active Google account. 

Second, the survey responses were self-reported by the respondents and respondents 

were self-selected. As for limitations from the researcher, firstly, a time constraint af-

fected the window of data gathering and therefore the sample size. Secondly, the re-

search topic and perspectives were heavily influenced by the researcher’s personal ex-

perience. The sample used consisted of over 90% of males and is therefore not gener-

alizable except for male gamers. Furthermore, only the top five played games reported 
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were included in the sample which all share the characteristics of team-based competi-

tive gaming. Ergo, the results cannot be applied to solo play oriented competitive games, 

such as RTSs like Starcraft II or fighting games like Tekken. 

Hypotheses building was limited to four motivational factors out of which one was later 

removed. Therefore, the motivational factors are quite limited in scope which might be 

reflected in the low explanatory power of the model in terms of perceived game enjoy-

ment. Expanding the scope of motivational factors might further help understand if per-

ceived game enjoyment or positive and negative affects are affected, and to what extent, 

by motivational factors. Furthermore, the motivational factors in the model were opera-

tionalized as formative constructs. Further research should be conducted in the form of 

reflective constructs to see whether it has an impact on the results. Further research 

should also be conducted with additional or other latent variables than positive and neg-

ative affects, and perceived game enjoyment. Statistics use should be further explored 

to gain better understanding on the behavior of competitive players and what role do 

statistics and analytics play in the competitive game scene. 

Although this research sought to research teamwork as a motivational factor, internal 

consistency of the used construct (Yee 2006) was too poor to be justifiably used. This is 

unfortunate due to the analyzed data consisting of only team-based competitive gamers. 

Further research should be done with other validated constructs measuring teamwork 

as a motivational factor in statistics review. 

As the study consisted of players of five different games, similar studies should be con-

ducted in each game individually – especially in games with established analytics plat-

forms that are under regular use. This might provide differing results depending on the 

type of game and the game community. Also, further research should be conducted in 

solo play-oriented games to understand whether games being team-based affects the 

underlying motivational factors driving players to statistics review. In addition to benefit-

ing game developers, a better understanding of the gaming ecosystem including game-

play statistics provides a better foundation for the gaming industry to grow. Further re-

search should also be conducted whether esports spectators review or discuss game-

play statistics as some traditional sports fans do, and whether there are differences in 

statistics use that can be found when an individual’s role shifts from spectator to player. 
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6. CONCLUSION 

All in all, the research demonstrates that links between motivational factors, statistics 

review, and emotional responses can be found and measured in competitive gaming. 

Most importantly, the need for competition and the need for mastering of mechanics drive 

players to review statistics, and players do believe that statistics are an important aspect 

of their game. Relatively little research about statistics from the player’s perspective has 

been conducted, which is why I highly recommend further research into how game sta-

tistics affect the player to better comprehend the role of statistics in the overall gaming 

experience. Finding more and better explanations for why players use statistics could 

help game designers in implementing meaningful player-facing statistics. The next step 

from understanding what motivates statistics use, is to understand what statistics specif-

ically are used and what are the differences between them. 
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APPENDIX A. ADDITIONAL ARGUMENTS 

 

The visualization displays distributions of Likert-scale questions and the mean among 

respondents. The scale used was: (1) strongly disagree - red, (2) disagree - orange, (3) 

neither agree nor disagree - gray, (4) agree – light blue, (5) strongly agree – dark blue. 

From the visualization it can be seen that questions DIS1-DIS6 have clearly been disa-

greed with whereas the questions HIS1-HIS4 have been overwhelmingly agreed with. 

Some conclusions could be made then that the respondents do not rely entirely on sta-
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tistics but consider them to be an important part of the game and feel strongly that sta-

tistics should be available. The arguments DIS1-DIS6 and HIS1-HIS4 are displayed in 

Table 10. 

Table 10 Additional questions 

Label Argument 

DIS1 If the enemy has worse stats than me, I am sure to win 

DIS2 If I win an enemy that has better stats than me, I got lucky 

DIS3 If I lose to an enemy that has better stats than me, it was inevitable 

DIS4 If the enemy has better stats than me, I am sure to lose. 

DIS5 If I win an enemy that has worse stats than me, it was inevitable 

DIS6 If I win an enemy that has worse stats than me, it was inevitable 

HIS1 The availability of historical statistics is a good thing. 

HIS2 Historical statistics are an important aspect of gameplay 

HIS3 I should be able to view the statistics of others. 

HIS4 Others should be able to view my statistics. 
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APPENDIX B. STUDY ITEMS  

Source Topic Label Item 

Yee (2006) 

Advancement 

(1-5 Likert scale) 

ADV1 Leveling up my account, rank or charac-

ter as fast as possible 

ADV2 Acquiring rare skins and/or rewards that 

most players will never have 

ADV3 To be well-known in the game 

ADV4 Being part of a serious advancement-ori-

ented group or team 

Mechanics 

(1-5 Likert scale) 

MEC1 Understanding the precise numbers and 

percentages underlying the game me-

chanics 

MEC2 Being as optimized as possible for my 

profession / role in the game 

MEC3 Using a character builder or a template 

to plan out your character’s advance-

ment at an early level 

MEC4 Knowing as much about the game me-

chanics and rules as possible 

Competition 

(1-5 Likert scale) 

COM1 Competing with other players 

COM2 Purposefully trying to provoke or irritate 

other players 

COM3 Dominating/killing other players 

COM4 Doing things that annoy other players 

Teamwork* 

(1-5 Likert scale) 

TEA1 Would you rather be grouped or soloing 

when playing 

TEA2 Being able to play solo well 

TEA3 How much do you enjoy working with 

your teammates in a match 
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TEA4 Being self-sufficient in game 

Thompson 

(2007) 

Positive affects 

(1-5 Likert scale) 

POS1** 
Alert 

POS2 Inspired 

POS3 Determined 

POS4 Attentive 

POS5 Active 

 

Negative affects 

(1-5 Likert scale) 

NEG1 
Upset 

NEG2 Hostile 

NEG3 Ashamed 

NEG4 Nervous 

NEG5 Afraid 

Davis et al. 

(1992) 

Perceived enjoy-

ment 

(1-5 Likert scale) 

ENJ1 Playing the game is enjoyable 

ENJ2 Playing the game is pleasurable 

ENJ3 Playing the game is fun 

ENJ4 Playing the game is exciting 

ENJ5 Playing the game is interesting 

N/A 

Statistics review 

(own) 

OWN1 How often do you check your own stats 

in a game lobby? 

OWN2 How often do you check your own stats 

after a game? 

OWN3 How often do you look at your own stats 

when not playing? 

Statistics review 

(others) 

OTH1 How often do you check the stats of at 

least 1 player (other than yourself) in a 

game lobby? 

OTH2 How often do you check the stats of at 

least 1 player (other than yourself) after 

a game? 
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OTH3 How often do you look at the stats of oth-
ers when not playing? 
 

 

* Not included in the final analysis due to low internal consistency and reliability 

** Not included in the final analysis due to negative connotations in translation 

 

 

 


