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Trying to understand a player’s characteristics with regards to a computer game is a major line of research
known as player modeling. The purpose of player modeling is typically the adaptation of the game itself. We
present two studies that extend player modeling into player profiling by trying to identify abstract personality traits, such as the need for cognition and self-esteem, through a player’s in-game behavior. We present evidence that game mechanics that can be broadly adopted by several game genres, such as hints and a player’s
self-evaluation at the end of a level, correlate with the aforementioned personality traits. We conclude by
presenting future directions for research regarding this topic, discuss the direct applications for the games
industry, and explore how games can be developed as profiling tools with applications to other contexts.
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1

INTRODUCTION

Personality refers to individual differences in characteristic patterns of thinking, feeling, and behaving [36]. Traditionally, psychologists have sought to explain such individual differences in
terms of stable dispositional characteristics. The concept of traits is used in personality psychology
to describe such dispositional characteristics as hostility, independence, self-esteem, helpfulness,
and dominance, just to name a few [1].
For years psychological research has looked at predicting human behavior and attitudes on the
basis of personality traits [1]. Assessing personality traits of individuals is best known for its direct
application in clinical research for diagnosing and treating personality disorders [62]. The social
and economic impact of such disorders are increasingly relevant, since the prevalence of subjects
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with borderline personality disorders is estimated to be between 15% and 25%, noting that there is
a considerable lack of empirical research [40]. Key to diagnosing and treating such disorders is a
reliable and efficient way of measuring personality traits.
However, personality assessment is very widely applicable outside clinical psychology as it can
have applications in a variety of areas, including education [73], management [10], direct marketing [52], media preferences [75], and persuasive communication [32]. Given this wide application
of the concept of personality traits and their measurement, it is particularly interesting to find
effective ways to measure.
1.1

Measuring Personality Traits

1.1.1 Self-report-based Measurements of Personality Traits. There are multiple methods to measure personality traits. These can use stimulus, context, and situations to detect and measure attitude, behavioral and cognition manifestations; still, most rely on self-reported verbal or written
responses to questionnaire items [1]. Probably the best-known questionnaire is the Revised NEO
Personality Inventory (NEO-PI-R) [18], a 240-question, self-reported tool, which is considered the
gold standard for measuring the Big-Five Personality Traits (neuroticism, extroversion, openness
to experience, agreeableness, and conscientiousness) and demonstrates predictive validity in several domains. Because requesting participants to answer 240 questions is very time consuming
(30–40min), alternative questionnaires were developed and evaluated, such as the Ten-Item Personality Inventory (TIPI). These alternatives are typically shorter inventories and take less time to
administer to participants but are known to be less reliable [26].
In addition, there is a sense of unease that accompanies the use of such self-reported measuring
tools, since responses may be systematically distorted by self-presentation bias or the reactivity
phenomenon, especially if the personality traits have strong social links or desirability that favor
the participant. Several techniques have been developed and used to reduce or overcome these
problems, like disguising the purpose of the inquiry or incorporating control items to evaluate the
quality of the responses [1].
1.1.2 Implicit Measurements of Personality Traits. In recent years, new approaches to overcome
self-representation biases have been uncovered, namely, implicit measurements using priming of
automatic responses to stimuli like words or pictures [28]. For example, a subject is asked to read
out loud a word next to a picture. If both picture and word are positive (a “kitten” image and an
“optimal” word), then recognition and speed of pronunciation should be improved. However, if
the image is replaced by a negative stimulus (e.g., “snake”), then the new image will interfere with
recognition and classification and affect the individual response time by a measurable amount.
These new methods are known as Implicit Association Tests, and, on the one hand, they have
demonstrated promising results [15], but, on the other hand, they have also drawn criticism, such
as that they may not assess a person’s true trait, i.e., they may merely reflect learned associations
that reflect cultural and social biases and not the individual’s own attitudes [11, 34].
Analyzing user interactions to infer personality traits has been explored before in the domain
of social networking systems. For example, it has been shown that linguistic features in a primarily text-based medium (Twitter) [25] and visual features in an image and text-based medium
(Facebook) [15] seems that it could lead to a consistent decrease of the prediction errors for each
personality trait.
1.2 Player Profiling
Implicit measures of personality and attitudes of users are typically applied in an experimental
setting. In recent years, the rising popularity and availability of games has uncovered the ability
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to observe individual behaviors in the context of playing a game, an approach that is generally
called player modelling [63].
Currently, game developers apply player modelling primarily to adjust the game to the abilities
and preferences of specific players [80]. This article examines whether or not and how this technique of logging and analyzing player behavior can be systematically applied to modelling personality traits implicitly. Every single player interaction within a computer-game manifests player intent and behavior and the wealth of those interactions can be potentially catalogued and analyzed.
1.2.1 Gameplay Metric. A player’s sequence of movements, response times, avatar selection,
customization, and even in-game purchases are all indicative examples of player interactions that
are currently being logged and mined by game companies to strengthen their core business and design processes. The term “Gameplay Metric” is defined as data-driven information that is collected
within games and is in interpretable measures of in-game interactions by the players [21, 72].
Such data supports predictive business considerations, such as expected sales or expected number of players, which are both valuable for commercial purposes in a very competitive market like
the entertainment industry. The best and most documented case of the depth of the information
that is being obtained is linked with former Eidos Interactive (now Square Enix1 ), which published
a series of studies on player profiling, including how they used supervised learning algorithms to
predict when a player will stop playing the game “Tomb Raider: Underworld” [43].
In addition to the application of game metrics for business purposes, it is becoming increasingly
valuable to also track in-game player behavior to support game design, authoring, and content
creation [20, 43]. Simple metrics, such as in-game position, frequency of used items, accuracy,
and skill set, allow game designers to know more about the players, their behavior, proficiency,
and experience. Games User Research [47] is a growing research area that focuses on the specific
methodologies used to measure and interpret player behavior [42, 49].
In short, Player Modeling is a research area that uses players’ in-game behavior to produce
models that represent players’ behavior [80] with the primary goal of explaining, predicting, or
mimicking player play style, and using it either to enhance gameplay [4, 70] or to improve business
models of games [43, 69].
1.2.2 From Player Modeling to Player Profiling. For some years already, there has been an
effort to develop player profiles using player models, i.e., instead of creating models that represent
the players’ playing style, these models aim to represent players’ personalities. Past examples
of personality profiling in this area include the Big-Five Personality Traits [38, 39, 81], the
six-dimensional HEXACO [78], and a person’s moral alignments [22]. Reference [19] presents
a comprehensive design framework for mapping in-game behaviors to personality traits; this
has not yet been validated empirically. Although there already is a body of work investigating
personality traits and their links to gameplay, there are still numerous salient traits that have not
been considered.
1.3 Games as a Personality Profiling Tool
Game environments offer ample opportunity for players to exhibit behavior within a controlled environment, while making it straightforward to record their actions. Several arguments can be made
in favor of using games as a suitable platform for implicit psychologic measurements. These are:
• Players can concentrate on measurement tasks more regularly and for longer periods, provided these are engaging and fun.
1 http://www.square-enix.com.
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• The reactivity phenomenon, i.e., the fact that participants alter their behavior, because they
are aware that they are being observed, can be contained as players focus on the game play
as a primary activity and can even be unaware of being observed (assuming this is ethically
justifiable).
• Games provide the opportunity and flexibility to combine implicit and explicit measures.

Using a computer game as a profiling tool can have multiple applications such as a diagnostic
tool with the explicit purpose of screening players, or a support tool for remote interventions and
preventive care. Such a screening self-assessment tool is a realistic prospect given the high penetration of games [2]. We find that games can have an important role in preventive healthcare, where
regular screening becomes particularly important for diagnosing and managing chronic diseases.
Future studies can also explore the temporal dimension of preventive care. We strongly believe
that diagnosing through games is a cost-effective tool for healthcare organizations to use to target
risk groups, engage patients in understanding the disease, and keep a communication channel open
with practitioners while monitoring their health. Although these possibilities remain a long way
ahead, our contribution takes the first steps in that direction by showing the feasibility of profiling
personality traits through games. Future studies need to expand the evidence on the reliability of
this measurement and its application in such screening and intervention contexts.
Below, we combine and extend the presentation of two studies originally reported in References [58] and [54], which demonstrate how games and game mechanics can be purposefully
designed and developed to profile specific personality traits, which here are Need for Cognition
and Self-Esteem. Our presentation aims to show that game behavior can help predict these personality traits. Also, we demonstrate how a game can be systematically and purposefully developed
to infer a specific personality trait by exploring the induced behavioral change by the trait within
the game context. Finally, we discuss how specific player personalities are manifested in games by
describing consequences, implications, and considerations in terms of game design.
2

STUDY 1: PROFILING A PLAYER’S NEED FOR COGNITION

Need for Cognition (NfC) is a stable personality trait associated with the extent to which an individual is inclined to engage in cognitive activities [13]. High NfC defines individuals who are more
inclined to mental problem solving and assessment of situations with a higher degree of elaboration. However, people with lower NfC are prone to less elaboration and follow more heuristic and
empirical strategies [33].
NfC is a simple and stable personality trait, and it has been applied across multiple situations,
but it is best known for its use in marketing to predict the effectiveness of persuasion strategies,
e.g., it has been linked to how individuals perceive information and the influence of contextualizing
and framing effects [65].
Knowing an individual’s NfC can be useful for a variety of purposes beyond marketing, most notably for providing tailored health communications to persuade individuals to engage in healthier
behaviors. In the study presented in Reference [67], it discusses how NfC influences users acceptance and compliance on smoking-cessation messages. It was found that individuals with lower
NFC had greater intention to quit after reading a gain-framed message (i.e., what an individual
would gain if they quit smoking), but a similar framing didn’t affect people with higher NfC. Another study [76] involving 602 women evaluated the impact of tailoring persuasive health communications in favor of screening mammography; their results suggest that messages tailored to an individual’s NfC are better at motivating them to participate in mammography preventive screening.
In the sections that follow, we report on a study that examines whether or not the score of
such a traditional measure can be predicted by game metrics. Our study, similar to the two abovementioned studies, uses the 18-item questionnaire [13].
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Fig. 1. Left—Nanobots is a game designed to study players’ Need for Cognition. The screenshot shows a
typical player turn. Right—Need for Cognition scale questionnaire embedded into the Nanobots game is
displayed before a game starts.

The original NfC scale questionnaire [12] uses 34 items, but, subsequent research has proposed
a shorter 18-item questionnaire [13], which has become the norm for measuring NfC scale of
individuals. Although other researchers have investigated NfC relation to other social-personality
measures (such as self-esteem, openness to experience) [8], or its inter-individual variations [14],
or even investigated how to better administer the questionnaire itself [82], since 1982 those two
questionnaires [12, 13] have the only way to measure NfC scale. Thus, this would be the first
attempt to have an implicit test of the construct, and it would be the first attempt to do that within
a game context.
2.1 Design of a Game to Model NfC
We set out to design and develop a game that would allow differences in behavior between people
with high and low NfC to manifest themselves naturally during game play. A key design decision
in this process was that the game should not favor players with high or low need for cognition;
were this not the case, players would quickly adopt the behavior that helps them win the game.
Rather, the game was intended to provide a venue where the player’s disposition (or relative lack
thereof) toward mental elaboration would be possible to observe in terms of their spontaneous
choice behavior exhibited during game play.
During our initial game design process, we focused on understanding the behavior and attitude
alterations caused by NfC. Using an informal, small focus group (six persons) with different NfC
scales, we pretested some behavioral alteration theories, namely acceptance of information contextualization, framing effects, and reduction in cognition effort. The last mechanic showed consistent outcomes, allowing us to develop a paper prototype with some promising results, which
matured into the design for a full game. In the end, we develop a two-player, turn-based game,
where players control the movement of a set of units (Figure 1).
Each player has a team and starts with three units. The overall objective is to eliminate the
units of the opposing team. In a typical turn, the player can only move one out of the three available units. Each unit can only move up to two tiles and has three main properties: shield, energy
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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(health), and attack power (displayed in the upper-right corner). Small vertical progress bars at
the right of each unit represent energy. The key game mechanic is the unit movement; with every
turn, each player has to decide which unit to move and where to move it. The game becomes challenging, since, on average, a player can choose from 50 possible moves every turn, and, for every
possible action, a player needs to consider their opponent’s counter moves.
A secondary mechanic was purposely introduced to shortcut/reduce the cognitive load by
introducing a hint system that supports the player by suggesting a reasonably good move. Hints
are displayed directly on the board by lighting up tiles, indicating which unit should move and
where to (yellow tiles in the left image in Figure 1). Hints can be requested explicitly by pressing
the lightbulb button or implicitly if a timer times out. The timer is displayed via a progress bar.
The time was fixed based on the average time a player takes to play; during the first testing phase,
we found that a player took approximately 6s, on average, so we set the timer to 4s.
Hints were purposefully shown under the average play time, since we theorize that some players
could be influenced by the hints, depending on their NfC scale, because they provide a cognitive
load reduction during the decision process. It is also important to note that the hint mechanic
suggests a beneficial movement, but not the optimal one; if the optimal movement were offered,
then playing the game would be contrived, since hint followers would always win.
The game is strategic by nature, and any wrong move may cause the player to lose the game.
Although players’ performances may depend upon their intelligence, this should not be reflected
in their NfC, since all information and cognition required is simple and clearly visible on the board.
2.1.1 Explanation of the Design of the Game Mechanics Based on the NfC Bias. Some NfC literature [13, 64] clarifies how an individual’s actions tend to differ depending on their NfC scale. The
core behavioral biases that we focused on were the tendency of low NfC individual be more prone
to accepting information without questioning it, and that high-NfC personalities tend to pursue
understanding and consider thinking fun.
In that sense, our game mechanic requirements were a systematic and recurring mechanic that
would facilitate good, but sub-optimal, mental shortcuts, which we believed could influence lowNfC players to make the suggested moves, while high-NfC players would pursue alternatives more
frequently. After surveying different mechanics present in games, we found that the hint system
fitted the requirements. We believe that other game mechanics that provide mental shortcuts could
provide similar results.
2.2 Technical Implementation
We used the Unity game engine to develop our game with the support of a game company and
published it on the Google Play Store. Using the Unity Web Plugin system, the game was also made
available on a website. The game included a telemetry library that allowed us to remotely collect
all gameplay metrics explained below. Each player was solely identified by a unique ID, and all
other data that could have identified the player in real life was discarded.
2.3

User Study

A quasi-experimental study was carried out to validate the main assumption underlying the game,
namely that NfC can be predicted by player behavior. Remote users could download and play the
game in their own environment as their game behavior and relevant game metrics were logged.
They were asked to play several rounds of the game against a fair and well-balanced Artificial Intelligence (AI) adversary. Our analysis aimed to establish the extent to which NfC can be predicted
by game metrics.
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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Before each game round, players were asked to answer three questions from the NfC questionnaire [13], requiring participants to play multiple rounds to fully complete the questionnaire, and
we compared the results of those questionnaires with the purposely designed game mechanics.
2.3.1 Participants. All recruited players were explicitly informed that by participating they
would be consenting to the collection of psychometric data for research purposes and assured
that all logged data was anonymous. The purpose of the data collection was not fully revealed,
suggesting that the data collection was for improving the AI adversary.
We uploaded the game online and on the Google Play Store as a free-to-play game. Participants
were partly recruited through convenience sampling (mail campaign) and partly through crowdsourcing to recruit sufficient participants. A total of 188 participants took part in the study, but
data from only 97 participants was retained, ensuring that all players included in the analysis had
played at least six games (rounds) and had fully answered the NfC questionnaire [13].
2.3.2 Process. A typical participant followed the following steps:
1.
2.
3.
4.
5.
6.
7.

Received an invitation to play a web-based game or one at the Google Play Store;
Start the game;
Filled in the NfC Scale Questionnaire;
Started playing the first round (starting with a tutorial);
Completed the first round;
Played the next round;
Closed the game.

2.3.3. Measures. The following game metrics were tracked anonymously across all games
played and all players:
In-game Metric 1 (M1)–Number of Wins. The metric recorded how many rounds a player won or
lost out of all played games.
In-game Metric 2 (M2)–Game Time. This metric saved the time each player took to complete a
game.
In-game Metric 3 (M3)–Number of Turns. As a last performance metric of player behavior, we
also measured how many in-game actions were taken during a game round.
We did not expect to notice any difference in these three metrics between players with high and
low NFC scores.
In-game Metric 4 (M4)–Hints Pressed. This game metric measured the total number of hints a
player explicitly requested during the six initial games. Hints provided a natural extension to the
basic game mechanic as a support for less experienced players. At the same time, whether or not the
player will rely on the hint could arguably relate to the player’s NfC, as explained previously. We
hypothesized that players with lower NfC would take more shortcuts during the decision-making
process by requesting more hints. Since there was no downside to requesting or using hints, this
metric served the purpose of measuring the explicit intent of a player requesting a reduction in
the cognitive process.
In-game Metric 5 (M5)–Hints Followed. As explained above, hints were displayed, even if the
player did not explicitly request them, after 4s. The intention was to influence players in their
decision-making process by providing a suggestion, and, therefore, attempted to persuade the
player to make a specific move. Note that, compared with the previous metric (M2), hints followed are a posterior metric and only measure if the player is influenced by hints. We expected
that players with lower NfC would be more influenced by the play that is suggested, because it reduced the cognitive load. This game metric logged the frequency of a player following a suggested
move.
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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Fig. 2. Average game losses for high- and low-NfC players, including the standard deviation error.

Fig. 3. Average game time for high- and low-NfC players, including the standard deviation error.

2.3.4. Hypotheses. There are two main hypotheses that we can summarize as:
First, the game is not biased toward Need for Cognition (H1). The main game mechanic is based
on strategic thinking and not directly related to NfC. All the information is clearly presented to
the player and should, therefore, not present any data correlations between NfC and M1, M2, and
M3.
Second, players with higher NfC should use hints less frequently (H2). At least one of the hint
mechanics, M4 (the explicit request of hints) or M5 (hints followed,) should demonstrate a negative
correlation with players’ NfC, i.e., the higher the NfC of the player, the less hints they should use.
2.4 Results
We classified the participants according to their NfC scores and analyzed the results of the rounds 3
to 6, excluding round 1 and 2 from the analysis to avoid confounding learning effects. Rounds 1
and 2 were included in the initial summary, merely for completion and transparency.
Figure 2 shows the average game scores of low- and high-NfC players, and, excluding game 1
(tutorial); there is no noticeable difference between high- and low-NfC players. The average game
time is depicted in Figure 3, and it shows a substantial decrease in time spent playing a round after
the first round for both high- and low-NfC players. We also examined the average number of turns
for both high and low NfC (see Figure 4), and across all games no significant difference was found.
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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Fig. 4. Average number of turns for high- and low-NfC players, including the standard deviation error.

Fig. 5. Average explicitly requested hints by high- and low-NfC players, including the standard deviation
error.

Results of all three metrics seemed to remain relatively stable in games 3 to 6, supporting that the
game was sufficiently understood, and no cofounding variables seem to be perceptible.
A similar examination was performed for both hints explicitly requested and followed, with the
results shown in Figures 5 and 6. An immediately visible result (Figure 5) is that a large number
of players did not explicitly request hints; the average number of explicitly requested hints is very
low. Nonetheless, it seems that, on average, low-NfC players request at least one hint, while highNfC players request approximately zero. With such low numbers, it is hard to draw conclusions
with regards to explicit hint requests.
On the other hand, hints followed (Figure 6) are clearly manifested in the game round with
significant differences between high and low NfC. As suspected, it seems that players with high
NfC use fewer hints than those with low NfC.
2.4.1 Correlation Analysis. The results of Spearman’s correlation analysis, as depicted in
Table 1, shows similar results: all game metrics related to game bias (M1, M2, and M3) did not
show any correlation, as expected, and M5 shows a moderate correlation between player NfC and
the number of hints followed, confirming what we suspected. The only variable that did not confirm a hypothesis was M4. It was clear in Figure 5 that the average number of explicitly requested
hints was very low for all players. This suggests that there may be a game design problem.
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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Fig. 6. Average number hints followed by high- and low-NfC players, including the standard deviation error.
Table 1. Spearman’s Correlation Results between NfC and
“Nanobots” In-game Variables

NfC & In-Game Metrics
(M1) Win/Lose Ratio
(M2) Game Round Time
(M3) Number of Turns
(M4) Hints Explicit Requested
(M5) Hints Followeda
a Significant

N
97
97
97
97
97

r
0.028
−0.016
0.056
−0.149
−0.223

p
0.787
0.878
0.588
0.115
0.028a

result.

Table 2. Linear Regression Results between NfC and In-game Variables

NfC & In-Game Metrics
(M1) Win/Lose Ratio
(M2) Game Round Time
(M3) Number of Turns
(M4) Hints Explicit Requesteda
(M5) Hints Followeda
a Significant

N
97
97
97
97
97

m
0.003
−0.049
0.068
−0.080
−0.127

b
1.935
617.557
98.393
2.015
5.902

r
0.033
−0.003
0.037
−0.220
−0.341

P
0.748
0.976
0.718
0.030a
0.001a

Std. err.
0.008
1.597
0.187
0.037
0.036

result.

2.4.2 Regression Analysis. To conclude the data analysis, we performed simple linear regressions with NfC as the dependent variable and M1-M5 as the independent variables. The results
are presented in Table 2 and show that the linear regression results in a moderate correlation and
significant prediction of NfC by both M4 and M5, with a reasonable error margin. As expected M1,
M2, and M3 were unable to predict NfC.
2.5 Discussion
We confirmed both of our hypotheses. In all performance-related game metrics (M1, M2, and M3),
we did not find any relation with NfC, making the developed game unbiased toward NfC scale,
confirming H1.
In addition, we showed that NfC influences the use of hints, although that was not manifested
in the correlation of NfC with the explicit request for hints (M4). We conjecture that the design of
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.
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always showing the hint after 4s may have conditioned the player to simply wait for the suggestion
to appear. This was not revealed in our initial design tests and, therefore, influenced the Spearman’s
correlation, but both the game-round analysis and linear regression show the expected differences.
This complication in the hint mechanic introduces an ambiguity in our results, as we cannot
distinguish instances where the player wished for a hint and got it automatically from instances
where the player did not wish to have a hint. Explicitly requesting hints addresses the player’s
need for advice or support, whereas following hints or not addresses whether or not the player is
actually influenced by the hint. We are planning to investigate this difference in future research.
Nevertheless, the H2 is confirmed by the negative correlation between followed hints (M5) and
NfC, supporting an alternative and unobtrusive method of measuring NfC—a general and salient
user trait—with a specific and commonly used game mechanic. The approach presented here offers
several advantages with regards to ensuring a pleasurable and unobtrusive profiling of users.
Such profiling can improve players’ experiences in several ways. For example, we would recommend that in strategy games, such as our Nanobots game, high-NfC players should receive
additional (visually and conceptually related) cognitive tasks—e.g., puzzles—to solve before going
to a next level, while low- NfC players should not. In other game types, such as adventure games,
high-NfC players should get more riddles to solve compared to low-NfC players; or, in exploration
games (e.g., RPGs or puzzle-platforms), low-NfC players should receive an influential figure (e.g.,
priest or political leader) to impact their engagement and exploration with the game.
Further, when considering other game aspects, such as content purchases, high-NfC players
should receive in-depth information and low visual complexity as this would be favorable for
them; whereas, low-NfC players should be given more visually complex stimuli. Naturally, the
aforementioned recommendations need to be researched in terms of whether or not they would
actually contribute to players’ experiences.
3 STUDY 2: MODELLING PLAYER’S SELF-ESTEEM
Self-esteem reflects an individual’s opinion and evaluation of his or her personal worth [7]. It is a
common personality trait used to support the diagnosis of several psychological medical conditions
such as depression [66], eating disorders [60], and narcissistic personality [74], among others.
Self-esteem, or, more precisely, Global Self-Esteem, is often defined as “the affective evaluation
of one’s worth, value or importance” [7]. It can be seen as the attitude toward an object, primarily focusing on the positive or negative disposition of this object and the associated emotional
reactions, where the object and the holder of the attitude are the same [41].
It is important to emphasize that self-esteem is an opinion about the self; a person with high selfesteem does not have to be arrogant, conceited, or excessively prideful. High self-esteem does not
automatically imply superiority, nor does low self-esteem automatically imply inferiority. However, these feelings do occur more often amongst people with high or low self-esteem, respectively.
Though self-esteem is the most common term used to refer to the described concept, many
others have been used, including, but not limited to, self-concept, ego, self-worth, and self-image.
Some terms are used interchangeably with self-esteem, while others denote a more specific or
slightly different concept. Furthermore, self-esteem is a subjective individual trait and is not linked
with someone’s abilities or proficiency while performing a certain activity [7].
Self-esteem is a stable personality trait used and influences transitory states of mind, such as
mood or anxiety. Stable personality traits are strong influences over transient mind states, but the
opposite is not true [45, 71].
Severe low self-esteem is one of the most common mental health problems that can affect
women during the perinatal and postnatal period, with a point prevalence of up to 19% [29].
Known as perinatal and postnatal depression, this disorder directly accounts for the majority of
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costs attributed to perinatal mental disorders. In the UK alone, the average cost of each case of
perinatal depression has been estimated at €105.000,00 [6].
Differences in self-esteem also demonstrated impacts in multiple other areas, like organizational
psychology when looking at the relation to job satisfaction [24] and its impact on educational
achievement [51].
3.1 Motivation
Traditionally, practitioners have used questionnaires to measure self-esteem [57]. The emergence
of serious games as an area of investigation has opened up the possibility of using games to profile
players. Stable personality traits can be recognized, as these manifest themselves in players’ ingame behavior [3, 27]. One major potential advantage of such an approach is that games can act
as an unobtrusive instrument that is already embedded in everyday activities.
Arguably, profiling through observing behavior can potentially be more reliable than selfreporting through questionnaires, which can be subject to social desirability biases. Finally, going
beyond measurement, games have the potential of being utilized for treatment purposes. However,
there has been yet no earlier attempt to measure self-esteem by analyzing in-game behavior.
3.1.1 Explicitly Measuring Self-esteem. Evaluating self-esteem is almost exclusively done with
self-test methods. Self-test methods usually measure explicit self-esteem, i.e., the conscious evaluation of the self. Because of the conscious evaluation, explicit self-esteem measurements may
be influenced by the person being evaluated. Filters include social-desirability, self-deception, and
personality, among others. The Rosenberg Self-Esteem Scale (RSES) is the most-widely used scale
for measuring self-esteem in the social sciences [57].
The subconscious evaluation of self-esteem is known as “implicit self-esteem,” which has been
defined as “an automatic, overlearned, and nonconscious evaluation of the self that guides spontaneous reactions to self-relevant stimuli” [9]. Due to it being a “natural” response, implicit selfesteem is best measured by keeping the participant unaware of what is being evaluated or how
this is being done.
Both explicit and implicit aspects are useful in their own right, but by examining the differences
between the two, information can be gained about a person’s filters, which neither the explicit nor
the implicit aspect provides on its own.
3.1.2 Implicit Measurement of Self-Esteem. There are no well-established methods to measure
implicit self-esteem. The most frequently cited measures are:
• The Self-Esteem Implicit Association Test [28], which uses an individual’s automatic association between mental representations of concepts in memory, and
• The Name-Letter Effect [50], which uses an individual’s tendency to favor the letters in
their name over the other letters of the alphabet.
However, these measures have recently received substantial criticism, which go so far as to state
that they do not measure self-esteem at all, since there is no strong or consistent support for the
validity of either of those measures [11]. Further research is therefore needed to establish a method
of testing implicit self-esteem.
3.1.3 Measuring of Self-Esteem Using a Game. We could not find previous work that attempted
to establish a link between the personality trait in question and in-game behavior. For the particular case of self-esteem, the growing interest in games [2] offers an opportunity to investigate
alternative ways for its measurement. The measurement details of self-esteem go beyond the scope
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of this article. For further information on the type of measurements of this construct, we would
refer the reader to Reference [56].
3.2 Study Research Plan
With this study, we contribute to the literature by investigating how games and in-game behavior
relate to a player’s self-esteem. More specifically, our research questions are:
• How does a player’s self-esteem influence game performance?
• How does a player’s self-esteem relate to in-game behavior?
• Which game mechanics are suitable for inferring a player’s self-esteem?
We discuss how our findings may influence today’s game design practices and how our work
opens the possibility for game developers to introduce games that explore a player’s self-esteem.
To answer the research question “How does a player’s self-esteem relate to in-game behavior?”,
we conducted a study in which specific game mechanics and gameplay metrics were compared to
the results of the RSES. We performed the study in two phases: the first phase with 98 participants,
and the second with 85 participants.
According to the literature [45, 71], since self-esteem is a stable personality trait it is not expected
to be influenced by other transit states of mind, such as mood or anxiety. This reduces the influence
of the conditions the subjects perform the experiment in and makes online administration viable.
3.2.1 Participants. In the first phase of the experiment, we tried to reach a large number of
participants by using social media and personal contacts, which resulted in a total of 98 participants. Due to the nature of our social media network, most participants were rather young, with
an average age of 22 years old (SD = 3.31), and very familiar with computers and games.
In the second phase, we wanted to reach a more diverse group, so we used a crowdsourcing
service (Prolific.ac) to recruit participants and provided a small monetary reward (€5,00) for completing the experiment. The average age this time was somewhat higher (M = 26, SD = 5.74), and
the participants were less familiar with games.
In both phases, participants were informed and agreed on the fact that data was being collected
for research purposes, and all logged data was anonymous, although the purpose of the study was
not disclosed.
3.2.2 Procedure. A typical participant followed the following steps:
1.
2.
3.
4.
5.
6.
7.
8.
9.

Received an invitation to play an online game;
Opened a URL to start the game;
Filled in the RSES (Figure 7);
Completed a profile questionnaire (age, gender, computer and game experience);
Started playing the first level (starting with a tutorial);
Completed the first level (multiple attempts might have been required);
Evaluated own level performance;
Played the next level and so on until all levels were completed;
Closed the game.

3.3 Game Design Elements
Similar to the first study, we developed a purpose-specific game, titled “Runner.” Runner is a barren,
2D platformer with a negligible narrative. The simple look and feel was an explicit choice that was
made to avoid strong influences like plots, character self-representation, or empathy, keeping the
ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 2–3, Article 11. Publication date: March 2019.

11:14

C. P. Santos et al.

Fig. 7. The Rosenberg Self-Esteem Scale, which was embedded within our game.

game abstract. For the same reason, we purposely did not add an avatar to the game. The player
was represented by a centered red rectangle (Figures 8 and 9).
The goal of the game is to reach the end of a level as fast as possible. The only actions the player
can take are moving left, right, jumping, and grabbing (also known as wall jumping). The game is
controlled with the keyboard keys W, A, and D, or the arrow keys and Space, which are common
for platformer games. Due to the game genre, it is expected that a regular player will need multiple
attempts to complete a certain level.
The game has two tutorial levels in which the controls are explained, and the player can practice
basic game mechanics. After the tutorials, the game has eight levels of increasing difficulty. All data
collected from the tutorial levels were ignored in our analysis to limit spurious effects observed
during learning.
In addition to the minimalist look, we intentionally designed a set of mechanics, which we
believe might relate with self-esteem and describe next.
3.3.1 In-game Metric 1 (M1)–Path Choices. In each level, the player has to choose one of two
different paths. These paths are different routes to the end of the level and normally appear once
each level. The paths are explicitly marked as “Easy” and “Hard” (logged as paths 0 and 1, respectively), but there are no penalties imposed for choosing either path presented (see Figure 8).
Our hypothesis was that players with lower self-esteem would pick the easy paths more often
than the players with higher self-esteem would, i.e., players with lower self-esteem would use the
less complex paths more frequently, while personalities that are more self-confident would attempt
the harder paths more often. For this mechanic, the following information was logged per level:
• M1.1 Frequency–Frequency of choosing the hard path, considering all attempts.
• M1.2 1st Attempt–The path that the player took the first time a level is played.
• M1.3 Complete–The path the player took when he/she successfully completed a level.
3.3.2 In-game Metric 2 (M2)–Player Pace. Levels include timeout zones: yellow areas (depicted
in Figure 9) in which the timer (score) is paused, allowing players to have a “non-stress” zone.
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Fig. 8. Example of a path choice (M1).

Fig. 9. Example of a timeout zone (M2).

Our hypothesis is that players with higher self-esteem would remain in the timeout zones
for shorter periods than players with lower self-esteem. Once again, we expected that less selfconfident participants would take longer to re-evaluate and plan ahead and, therefore, spend, on
average, more time in the timeout zones. In this mechanic, we logged per level:
• M2.1 Total Time–Total time spent by a player in the timeout zones.
• M2.2 1st Attempt–Time spent in the timeout zone in the first attempt of a level.
3.3.3 In-game Metric 3 (M3)–Performance Self-Evaluation. When players successfully complete
a level, they are asked to rate and compare themselves to others. It is important to highlight that,
at this point, no score information has been provided to the player.
Nevertheless, while playing a level, a timer could be seen at the top center of the screen (Figures 8
and 9). The timer displays how many seconds have elapsed since the beginning of that attempt.
While obtained results are expected to depend on the player’s performance, we hypothesized
that the self-evaluation would be affected by the player’s self-esteem.
We chose three questions that we expected might be influenced by players’ self-esteem (see
Figure 9):
• M3.1 Relative–“Do you think your time was above or below average?”–Player selfevaluation comparing performance to the concept of an average player; the answer was
purposely designed to be bipolar.
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• M3.2 Absolute–“How would you rate your performance in this level?”–Player selfevaluation of performance on a ten-point scale.
• M3.3 Reported errors–“Please mark places where you feel you made mistakes.”–A minimap version of the level is presented to the players, and they are requested to explicitly
indicate areas where they thought they made mistakes. In that way, we could measure the
number of mistakes, while at the same time have more detailed information on the places
within the game where they thought they made errors.
3.3.4 Explanation of the Design of the Game Mechanics Based on Self-Esteem Bias. Different
literature pointed to different behavioral influences based on self-esteem:
First, we found the work of Reference [30], which expanded on how self-esteem influences
decision-making and risk assessment. Hence, we decided that we should include a game mechanic
for which the requirement was to allow the player to evaluate two or more choices with different
perceptions of risk and skill requirements.
Second, other works explain that self-esteem influences rhythm and pace, as measured in the
Implicit Association Test [18]. Based on this literature, we defined the requirements for our second
game metric, reviewing player stride and exploring player pace variations.
Third, the more traditional definition of self-esteem [7] is purely based on an individual reflective
measurement. This meant that our third metric should review evaluative and reflective player
behavior.
Summarizing, based on listed self-esteem behavior biases, we defined the requirements, then designed, developed, and integrated them within the game mechanics to assess if they would manifest
behavior differences between high and low self-esteem.
3.4

Technical Overview

The game was developed in a popular game engine (Unity), exported to HTML5 format, and made
available online. The game includes a telemetry library, which logged the in-game variables identified above.
The individual player data was sent to and stored in our self-developed online analytics platform.
We assigned each player a unique identifier. This unique identifier served two main purposes:
First, it identified the player, and second, it ensured anonymity, since no other identification was
requested or stored in our database.
The in-game analytical platform was developed to serve multiple projects. Its main goal was to
log and centralize all the information in a relational database for posterior analysis. The collected
data was then analyzed with statistical software, and the results are presented in the next section.
3.5

Research Hypotheses

To answer the research question, we tested the following hypotheses:
3.5.1 Player Self-Esteem Does Not Influence Performance (H1). The literature explains that selfesteem is not linked to a person’s individual ability [7], and we wanted to test this with the game
we developed. We evaluated HI by calculating the correlation between the measured game scores
and the results of the RSES. The performance indicators that were measured were:
• P1–Score of the level, i.e., time taken on the first successful attempt to reach the end of the
level.
• P2–Total time, i.e., the total time a player spent in a level, including all failed attempts.
• P3–Number of attempts, i.e., the number of attempts required to complete the level.
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Fig. 10. Player self-evaluation performance form presented after each level (M3–first iteration).

Due the fact that levels have different lengths, degrees of difficultly, and challenges, it is necessary to calculate a Uniform Performance measure, which can be normalized and, thus, be comparable across multiple levels. We defined this measure as
U P L (p) = −

P L (p) − P L
,
stdev(P L )

(1)

where p represents the player, and PL represents one of the performance indicators for all players in
a specific level. The result is negated because of the way the score works, i.e., the longer a player
takes, the worse the score; scores are inverted so that positive values represent above-average
performances.
For example, if a specific player p0 took 56s to complete level l, and the average time players
took for the level was 81s with a standard deviation of 43.8s, then the performance score for player
p0 is 0.57. If, for the same level, another player p1 took 93s, then this would net the player a score
of −0.27.
3.5.2 Player Self-Esteem Influenced In-Game Behavior (H2). We developed two in-game mechanics (M1 and M2) to test if the players’ pace and decisions are influenced by self-esteem.
Those mechanics are directly associated with the players’ belief in self-capabilities and are testing
whether or not the player’s in-game behavior is affected by self-esteem.
We use Spearman’s rank correlation to test whether or not self-reported RSES values correlate
with logged players’ data regarding their path choices (M1) and/or timeout zones (M2).
We consider self-evaluation (M3) to be a game mechanic, since it is related to the game and
the player’s performance, but it does not measure players’ in-game behavior. Therefore, it was
not evaluated for this particular hypothesis. The game mechanic was to keep it simple and direct,
but there are ways to increase integration with the game, for example, by linking it with reward
systems.
3.5.3 Player Self-Esteem Can Be Inferred by Specific Game Mechanics (H3). Similar to the previous hypothesis, if strong correlations can be found between player self-esteem and in-game
decision (M1) and/or pace (M2), then it will be possible to confirm this hypothesis. In addition,
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Table 3. Interpretation of the Values that Are Obtained
by the Self-Evaluation Bias Value

SEB L (p) < 0
Modest evaluation

SEB L (p)  0
Fair evaluation

SEB L (p) > 0
Exaggerated evaluation

Table 4. Spearman’s Correlation Results for the First
Phase between RSES and Player Performance

Performance & RSES
P1. Level Score
P2. Total Time
P3. Attempts

N
172
172
172

r
−0.117
−0.158
−0.139

p
0.393
0.250
0.313

we will also test the correlation between M3 and RSES for this hypothesis, since the player’s selfevaluation could be affected by the player’s self-esteem.
While each question (M3.1, M3.2, and M3.3) will be tested for correlation with self-esteem, we
do not expect to find correlations, because the performance directly influences the self-evaluation
proposed by M3, since that is the focus of the questions. Therefore, we propose the following
equation for calculating the Self-Evaluation Bias:
SEB L (p) = U P L (p) − 2 ∗ |M3.X L (p)| − 1.

(2)

Self-Evaluation Bias is a scale that explains how much bias a player has in relation to the actual
score. Since the range of Uniform Performance is between −1 and 1, where 0 represents an average
player, we converted the M3.X answers into the same scale and subtracted both, leaving us with the
difference between the actual performance and the player’s self-evaluation. This Self-Evaluation
Bias translates into (Table 3):
3.6

Results

In this section, we analyze the collected data in the first phase of the experiment, justify the alterations for the second phase, and then report the results of the second phase.
3.6.1 First Phase—Performance (H1). In line with our expectations, based on the literature, we
could not find a correlation between self-esteem and player performance (Table 4). We calculated
the correlation based on data from all completed levels (except for the tutorial) by all players and
the respective player’s RSES.
We also could not find any statistical correlation between any of the three performance metrics
we measured and the player’s self-esteem. One interpretation of these results is that this specific
game is not biased toward self-esteem. Prior literature suggests that self-esteem is unrelated to a
person’s individual ability [7].
3.6.2 First Phase—In-Game Behavior (H2). As shown in Table 5, we could not find any relationship between self-esteem and the player’s choice of path for all of the variables we logged (M1.1,
M1.2, and M1.3). It is interesting to observe that self-esteem seems not to influence this specific
behavior.
Although not one of our original hypotheses, it is interesting that we found a correlation between self-reported computer experience and the first path players picked in the levels (N = 172,
r = 0.266, p = 0.05). It could be that players with more experience using computers (obtained by
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Table 5. Spearman’s Correlation Results for the
First Phase between RSES and In-game Behavior
Mechanics (M1 and M2)

Mechanics and RSES
M1.1 Frequency
M1.2 1st Attempt
M1.3 Complete
M2.1 Total timea
M2.2 1st Attempt
a Significant

N
172
172
139
150
150

r
0.099
0.017
0.130
0.228
0.133

p
0.194
0.820
0.127
0.005a
0.104

result.

Table 6. Spearman’s Correlation Results
for the First Phase between Age and
Timeout Mechanic (M2)

Mechanics and Age
M2.1 Totala
M2.2 First Attempta
a Significant

N
150
150

r
−0.311
−0.237

p
0.0001a
0.0034a

result.

a self-report using a ten-point scale) are more likely to pick hard paths the first time they play a
level. This result would need to be tested and confirmed in future experiments.
With regards to M2.1, the total time players spent in the timeout zone positively correlated with
self-esteem (Table 5). Thus, this is a promising direction to highlight, i.e., that the player’s pace in
the game relates to self-esteem.
Although a statistical correlation exists, we cannot confirm that self-esteem influences a player’s
pace, since we also found a strong correlation between M2 and Age (Table 6). Therefore, there
might be other indirect relationships, but we would require more data, and perhaps also using a
more generic target group, to confirm this result.
3.6.3 First Phase—Self-Evaluation Bias (H3). The results presented in (Table 7) show a correlation between self-evaluation (M3.2) and self-esteem in all performance indicators. When having a
closer look at the results we observed some discrepancies, specifically regarding M3.1 and M3.3:
First, when we asked players to compare themselves with other players (M3.1) by using a dichotomous scale (“below” and “above”), we created a rather crude scale, and we realized that a
more refined scale was necessary. Second, we noticed a mistake with the self-reported number of
errors (M3.3). The form we provided could not distinguish between the players that were slothful (and would not report errors) and the players that purposefully wanted to report zero errors,
which resulted in invalidating the results we wanted to measure. Thus, both M3.1 and M3.3 could
not support the associated hypothesis.
3.6.4 First Phase Summary Analysis. Although, we found promising results in the first phase,
namely that M2.1 (total time a player spends in a timeout zone) and M3.2 (absolute self-evaluation
bias) showed statistical correlations with RSES, we had some reservations with regards to some
results. Hence, we decided to run a second phase of the study to validate the results.
Based on the findings of the first phase, we planned a second phase, maintaining the same
hypotheses, gameplay and mechanics, but altering the following:
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Table 7. Spearman’s Correlation Results of the First Phase
between RSES and Self-evaluation Bias (M3)

Self-Evaluation Bias and RSES
N
Using performance P1–Level Score
M3.1 Relative
246
246
M3.2 Absolutea
M3.3 Reported error
246

r

p

0.001
0.147
0.031

0.986
0.021a
0.634

Using performance P2–Total Time
M3.1 Relative
246
246
M3.2 Absolutea
M3.3 Reported error
246

−0.037
0.170
0.013

0.559
0.007a
0.833

Using performance P3–Number of Attempts
M3.1 Relative
246
0.009
246
0.135
M3.2 Absolutea
M3.3 Reported error
246
0.059
a Significant

0.891
0.036a
0.360

result.

Table 8. Spearman’s Correlation Results
for the Second Phase between RSES
and Player Performance

Performance and RSES
P1. Level Score
P2. Total Time
P3. Attempts

N
181
170
181

r
0.112
0.097
0.010

p
0.133
0.206
0.892

• We noticed that harder levels seemed to provide stronger evidence than easier levels, so we
increased the complexity of two levels by making them longer.
• We targeted a more diverse, generic user group to have a more representative sample.
• We changed M3.1 (the comparison scale) to a three-point scale (i.e., Below, Equal, Above)
to have a slightly more refined scale while still keeping it simple to answer.
• We changed M3.3 by harmonizing the effort of reporting the errors and required players to
explicitly report zero errors if that was the case.
3.6.5 Second Phase—Performance (H1). The results were consistent with the first phase, showing that the player’s game performance does not correlate with RSES (Table 8).
3.6.6 Second Phase—In-Game Behavior (H2). When analyzing the in-game behavior with regards to player choices (M1), we found similar results, i.e., we could not find any correlation between player self-esteem and the path he/she picked (Table 9).
In the data collected in this phase, it appears that there is a tendency for players to spend more
time in the timeout zone in the first attempt to complete a level (M2.2) if they have low self-esteem.
However, the correlation was very low (−0.094). Also, we did not find any correlation with M2.1.
Although in the first phase we found a strong correlation between the timeout zones (M2) and
players’ age, this study could not replicate that result (Table 10).
3.6.7 Second Phase—Self-Evaluation Bias (H3). Similar to the previous iteration, we found
moderate correlations with statistical significance between player’s comparison to others and
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Table 9. Spearman’s Correlation Results
for the 2nd Phase between RSES and In-game
Behavior (M1 and M2)

Mechanics and RSES
M1.1 Frequency
M1.2 1st Attempt
M1.3 Complete
M2.1 Total Time
M2.2 1st Attempta
a Significant

N
214
214
181
236
236

r
0.003
0.021
0.025
−0.070
−0.094

p
0.963
0.756
0.742
0.280
0.073a

result.

Table 10. Spearman’s Correlation Results
for the Second Phase between Age and
Timeout Mechanic (M2)

Mechanics and Age
M2.1 Total
M2.2 1st Attempt

N
236
236

r
−0.097
−0.074

P
0.137
0.256

Table 11. Spearman’s Correlation Results for the Second
Phase between RSES and Self-evaluation Bias (M3)

Self-Evaluation Bias and RSES
N
Using performance P1–Level Score
M3.1 Relativea
181
M3.2 Absolutea
181
M3.3 Reported error
181

r

P

0.186
0.169
0.085

0.012a
0.022a
0.255

Using performance P2–Total Time
M3.1 Relativea
181
M3.2 Absolutea
181
M3.3 Reported error
181

0.262
0.246
−0.043

0.0004a
0.0001a
0.563

Using performance P3–Number of Attempts
M3.1 Relativea
181
0.195
M3.2 Absolutea
181
0.197
M3.3 Reported error
181 −0.085

0.009a
0.008a
0.909

a Significant

result.

self-rating of performance. The third item we introduced in the scale (equal) allowed for more
precision and confirmed the result we got from the first phase (Table 11).
Even though we modified M3.3, the self-reported indication of errors to not allow ambiguity
caused by slothful players and zero mistakes, we did not find any significant correlation.
3.6.8 Second Phase—Regression Analysis. In this phase of the study, we confirmed one of the results found in the first iteration; namely, the self-evaluation bias. In addition, there is an indication
that pace might be affected by players’ self-esteem.
As in the previous study, we proceeded with a linear regression analysis of the in-game metrics
based on the last results obtained. The results in Table 12 show that it is possible to obtain simple
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Table 12. Simple Linear Regression Analysis for the Results of the Second
Phase between RSES and Self-evaluation Bias (M3)

N
m
Using performance P1–Level Score
M3.1 Relativea
181 0.0506
181 0.0391
M3.2 Absolutea
M3.3 Reported error 181 0.01979

b

r

P

Std. err.

−1.9161
−1.5979
−0.81312

0.16470
0.14184
0.06675

0.02672
0.05682
0.37197

0.02267
0.02040
0.02212

Using performance P2–Total Time
M3.1 Relativea
181 0.07817
181 0.06663
M3.2 Absolutea
M3.3 Reported error 181 0.04732

−2.88808
−2.56995
−1.78507

0.30370
0.28230
0.13777

0.00003
0.00012
0.06438

0.01833
0.01692
0.02543

Using performance P3–Number of Attempts
M3.1 Relativea
181 0.0640 −2.40087
181 0.05253 −2.08273
M3.2 Absolutea
M3.3 Reported error 181 0.03321 −1.29785

0.23386
0.21392
0.09639

0.00153
0.00383
0.19676

0.01991
0.01793
0.02563

a Significant

result.

linear regressions with moderate correlations and significant predictions, although with moderate
error margin.
3.7

Hypothesis Review

Based on our study results, we can confirm that there is no correlation between RSES and any of
the three performance indicators we measured.
With regards to our second hypothesis, we could not confirm that self-esteem influences player
behavior. Of the two game mechanics that were purposely designed to test self-esteem influence,
the first M1 (Path Choice) did not show any indication of correlation with self-esteem, and M2
(Player Pace) had mixed results.
When we take a closer look at our findings, we believe that the player’s path choice (M1) targets his/her skill level, but is not a conscious self-reflection on self-worth. In other words, while
the player is engaged in playing the game he/she is acting and not reflecting. After further consultation, we found another study demonstrating a similar result; this specific study used electrophysiological recordings (electroencephalogram) to investigated the decisions and risk assessments of blackjack players. They found some differences in emotional signals between low and
high self-esteem, but, interestingly, not in the behavior, i.e., there is no difference during risky
decision-making [79].
This has relevant implications on the design of serious games that need to consider self-esteem.
It appears that in-game choices are not affected by self-esteem, but, interestingly enough, a player’s
self-evaluation of the performance does correlate with their self-esteem.
The player’s pace (M2) also gave us interesting results. We found a statistically significant correlation with self-esteem, but the results were inconsistent in the two phases of the study. It appears
that the player’s pace might be influenced by self-esteem. Nonetheless, the mechanic we designed
does not sufficiently capture it.
The Self-Esteem Implicit Association Test [9] also uses timing and pace to measure self-esteem.
This seems to be in agreement with the finding that the player’s pace may be influenced by selfesteem. However, based on our results the relation between the two is not entirely clear.
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For our third hypothesis, we demonstrated that it is possible to infer player self-esteem by using
the concept of Self-Evaluation Bias. When asking players to rate their own performance, their
evaluation is susceptible to reflection on their self-esteem. Moreover, it is possible to predict selfesteem based on self-evaluation bias using a simple linear regression model with a moderate error
margin. Based on this result, we posit that self-evaluation is a promising game mechanic to be
addressed in future games.
Game designers might find more creative and playful ways to let players to evaluate their own
game performance than the one we designed, for example, request a player to review their activities to “teach” in-game characters based on their performance. By doing so, it is even possible to
increase the frequency and the duration of the player measurement, which we suspect that it will
increase the accuracy of the predictions.
3.7.1 Study Limitations. The RSES is an explicit personality self-test; it requires respondents to
consciously rate their own self-esteem, which may be difficult or bias results. We have not used
implicit self-esteem tests, heeding relevant criticisms reported in the literature [11]. Nevertheless,
we conjecture that the in-game mechanics that we designed might relate more strongly with the
results of implicit self-esteem tests. Future research could consolidate the results found by comparing self-esteem as estimated using self-appraisal of game performance with implicit tests.
Finally, although the study involved two different target groups, a replication study with a larger
sample that applies randomized sampling procedures is needed to enable generalizing claims regarding the measurement of self-esteem through games.
4

DISCUSSION

There have been a few related studies on profiling players [38, 39, 78, 81] that propose modeling
techniques and methods through a post-game analysis. In these studies, the game metrics computed were decided prior to, and independently of, the specific traits or skills to be assessed. In
contrast, this article has presented two games that were designed and developed specifically to
enable profiling a specific trait with game metrics, i.e., our studies show that games can be purposefully designed to profile specific personality traits.
A systematic and methodological approach for designing games able to profile personality traits
is fundamental, since the chance of failure is high if an ad hoc approach is used. Hoping to be able
to profile specific traits with an ad hoc approach is not advised, mainly because the probability of
leaving out essential game metrics for the profiling is high.
We were able to infer NfC by designing a simple strategy game that tested whether or not players’ Need for Cognition correlates with players’ behavior regarding hints. As hypothesized, we
found a negative correlation between following hints and NfC. Further analysis also showed the
ability to predict NfC using simple linear regression with moderate error. Similarly, in a second
platformer game, we were able to demonstrate that a player’s self-evaluation of his or her performance could be used as a novel game mechanic that correlates with the player’s self-esteem.
4.1

Systematic Methodology to Link Mechanics to Player Traits

Understanding Game Mechanics as rule-based systems that control how players interact with the
game world are a core element in any game design [17, 61]. There are generic, known mechanics, which can be found in every game, such as, for example, tutorials, progression charts, levels,
scores, rewards, achievements, and so on. Mechanics provide designers with an instrument that
addresses a suitable level of abstraction and allow the implementation of in-game metrics that do
not compromise the game.
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The studies reported in this article are offered as examples for game designers of how to enhance
the value of games while adding an intentional profiling layer. We have presented two game mechanics that potentially lower cognitive requirements in measuring the bias players might exhibit
during gameplay.
We recognize that, to advance the research topic addressed in this article, future researchers
require a systematic method. We foresee that a systematic method is necessary for at least three
aspects: (1) to list existing game mechanics and their links to personality traits, (2) to identify
existing game mechanics and their relevance to personality traits, and (3) to design new game
mechanics to address untapped potential in mapping to personality traits.
For all of the aforementioned aspects, we believe that a platform that will support and advance
the collaboration between different stakeholders is necessary. To that end, we have already conceptualized and developed a platform that supports three key stakeholders: game designers, researchers, and players [59]. The GURaaS platform supports game designers by allowing them to
expose part of their games for researchers’ needs. Researchers can then embed their research instruments into games. Players can consent and provide valuable data by utilizing those research
instruments while playing a game.
We envision that our platform will reveal a list of relevant game mechanics and their match
to research findings regarding personality traits for both game designers and researchers alike.
In that way, both groups of stakeholders can be informed and able to utilize the first two aspects
we listed in the beginning of this section. Furthermore, our platform could, in the future, support
the necessary collaborative features of the third aspect, i.e., support a conversation between researchers and game designers to conceptualize and develop new game mechanics for the purpose
of personality traits research.
Our contribution defines game mechanics that relate player personality traits to in-game behavior. At a higher level, we contribute to the broader recognition of games as implicit measurement
tools for players’ psychological traits.
4.2 Player Profiles in the Games Industry
The motivation for developing user profiles is well established, at least for productivity-oriented
software [35, 77]. However, games differ from software that focuses exclusively on productivity,
games focus on the user journey and experience as well. Game designers are often portrayed as
experience designers, i.e., their role during development of the game is to define, develop, and tune
the aspects of the player experience, such as flow [68], engagement [55], and usability [23].
The insights gained from player modelling may lead directly to designing better games, creating sophisticated audience models, and enabling the development of adaptive gameplay. Adaptive
Artificial Intelligence [16] is a generic term used in game development that specifies ways and
means to change dynamically games based on in-game behavior or trait profiling, personalizing
the player experience. For example, adjusting the game to player skill to reduce frustration, increasing playing time by removing repetition, and increasing control and adapting the content to
suit different target audiences.
In addition, with recent developments in game telemetry, the games industry is becoming increasingly motivated to collect, study, and develop player models, since they lead to real commercial benefits, such as increasing the player base, improving development and design techniques,
and developing new monetization models [20].
Profiling can directly support the design process by providing an understanding of how game
mechanics can affect and trigger specific behaviors. By closely exploring specific personality traits,
we can understand in-game behaviors and explain effects of specific game mechanics, including
how they influence motivation and preference [31, 53].
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4.2.1 Relevance of Profiling Need for Cognition for the Games Industry. The hinting mechanic
that we depict in our first study captures how players accept information, which is psychologically
relevant and may be directly explored by game designers to improve players’ experiences. By
using procedural level generation, levels can be personalized for each player. For example, the
levels could present more frequent mental challenges to high-NfC players and, in theory, improve
her/his enjoyment.
Furthermore, this information can be used to create customer profiles and support targeted
advertisement for in-game content purchases [44]. It is known, for example, that low-NfC players
respond better to visually complex stimuli.
4.2.2 Relevance of Profiling Self-Esteem for the Games Industry. In a clear and interesting outcome from the game design point of view, risk evaluation is not linked with self-esteem, i.e., if a
target group study demonstrates that players have the tendency to have lower self-esteem, then
that should not influence the designer to make less challenging or risk-rewarding decisions. Our
study demonstrated that players’ self-esteem does not influence risk-assessment decisions.
However, self-esteem does influence the reflective aspect of players. Hence, if reflective or evaluative metrics are performed, then they need to be carefully handled, because they incur self-esteem
bias. In other words, if a designer is, for example, evaluating the player’s experience by questioning
the player’s results, then this might be influenced by player’s self-esteem.
Furthermore, profiling players according to their self-esteem can further support the industry
by providing an understanding of closely related problems of addiction, aggressive behavior, and
anxiety, since they are connected with this trait [37, 46].
4.3 Player Profiles for Serious Applications
Player profiling for a serious purpose, i.e., for purposes outside the game domain, can potentially
offer substantial societal benefits. For example, assessing self-esteem through games can be applied in healthcare and preventive care to support the diagnosis and measurement of symptoms
pertaining to mental pathologies at a large scale, e.g., the large prevalence of depression in pregnant women mentioned above [29], suggests a plausible application area for player profiling.
The possibility emerges to design games that could aid patients to recover from specific pathologies, like depression or narcissistic disorders. However, this can only be achieved if experience/
game designers have an accurate understanding on how specific mechanics trigger, train, reinforce,
and explain specific behaviors.
Player profiling can be used in the education domain to provide richer information to educators
for explaining behaviors and achievements of students. In a business context player profiling could
be applied to assess personality of candidates during intake procedures or of employees. Unstructured selection processes are subject to social influence [5]. Even using structured questionnaires
for assessing personality is subject to self-presentation biases that limit the validity of these tests;
to reduce such situations [48] suggests the need to avoid published personality inventories in job
selection and the need to find alternatives to self-report personality measures.
4.4 Directions
The work in this line of research offers several other interesting directions to explore. We highlight
a few in this section.
4.4.1 Games User Research Platform. We believe that integrating player profiling into games,
as illustrated with the two cases reported above, can be approached more systematically and even
extended to include existing popular games.
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A drawback of the two case studies we presented is that a significant amount of resources needs
to be invested to design and develop such games. Furthermore, for such games to become popular, substantial investment would be needed in marketing and promotion. Thus, the investment in
developing such games typically ends with the research studies themselves. Instead of developing
games from scratch to investigate certain traits, we envision that a data collection platform specifically designed for researchers to embed their research instruments into existing popular games
will be a very substantial addition. For example, such a platform could allow researchers to embed
customized questionnaires into a specifically defined game context (e.g., in a certain part of a level)
to collect players’ opinions in combination with in-game data. While there is a clear benefit for
researchers, there might also be added value for both game developers and even players.
4.4.2 Transferability. A direction for future research is to investigate the transferability of the
profiling information in configuring and adapting other systems beyond the game itself. For example, in the context of crowdsourcing, which requires crowd workers to complete paid tasks, such
systems could filter the type of tasks that are offered in terms of the potential crowd-workers’
needs for cognition. More specifically, tasks that require visual recognition might be more suitable
for users with low need for cognition. It is also possible to imagine this type of information being
carried over into e-learning systems. For example, if an e-learning system already knows that a
certain user has low self-esteem, then at the very least, it can inform the instructor so that he/she
can take that into account, or the system itself can provide more supportive messages to encourage
such a user.
4.4.3 Ethics of Player Profiling. Player profiling raises salient questions about the ethics of such
a practice, especially if it is used for commercial gain. On the one hand, we recognize the potential
and value of player profiling for socially desirable purposes. On the other hand, we can also imagine
misuses of implicit player profiling. Further work needs to examine in depth the ethics of player
modeling and to develop appropriate guidelines, and eventually policies, to safeguard the public.
5 CONCLUSION
We present two studies that investigate the role of specific, yet potentially widely applicable, game
mechanics for correlating to and predicting players’ personality traits. More specifically, in the first
study, we presented Nanobots, a strategy game to investigate whether or not players’ NfC, a general and stable personality trait, correlates with players’ behavior regarding hints. As expected,
we found a negative correlation between following the displayed hints and NfC. In the second
study, we presented Runner, a platformer game, to investigate which game mechanics are likely
to infer self-esteem. The results of this study suggest that player performance is not influenced by
self-esteem. Remarkably, players with low self-esteem chose harder paths as often as players with
high self-esteem, indicating that self-esteem does not influence the decision process when actively
engaging and participating in such activity. We found some influences related to a player’s pace
in the game, but our data has not been conclusive. However, we were able to demonstrate that a
player’s self-evaluation of his or her performance could be used as a novel game mechanic that is
biased toward self-esteem. Further statistical analysis in both studies showed that the aforementioned game mechanics could predict the respected personality traits.
Our studies imply that game designers, developers, and researchers can directly benefit from
the unobtrusive detection of stable personality traits such as NfC and self-esteem. For example,
system behavior could be adapted according to detected player’s traits. Extending the principle
demonstrated in this article offers significant promise by defining further links between game
mechanics and players’ traits to not only support the development of better games but also to
enhance the value and utility of such games.
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