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Abstract

The way players interact with the system during the game-
play is a valuable source of data. While playing, they en-
counter a plethora of choices and, when they select an op-
tion rather than another, they intrinsically express a prefer-
ence. This knowledge can be exploited in the analysis phase
of the game to fine-tune the game towards each user, either
manually or through algorithms. However, misinterpreting
the players’ actions could be very harmful. It could lead to
misleading choices and could result in players’ abandonment
rather than in a better experience. In this preliminary work,
we present a methodology to infer player preferences by ana-
lyzing the choices made during the gameplay. We gathered
data from an on-the-field gameful system and applied the
paired comparison technique to compute a preference score
for the options available. We, then, tested the reliability of the
method by computing players’ consistency in their choices,
and, partially, by predicting their last choice based on their
previous selections.

Introduction
The term gamification or gameful system refers to the im-
plementation of mechanics and elements usually found in
games in other application domains (Huotari and Hamari
2012; 2017), persuasive technologies being an example. In
the last decade, in which gamification has been particularly
prolific, gameful systems have proven to mostly have a pos-
itive effect (Xi and Hamari 2019). However, the constant
observation made by researchers is that, as in games, play-
ers answer differently to the same game mechanics (Orji,
Mandryk, and Vassileva 2017). Thus, tailoring the content
to the user that is interacting with it enhances the power of
the instrument itself (Charles et al. 2005; Jacobs 2016), re-
sulting in a higher retention and engagement level. Such tai-
loring, or customization, could both refer to the adaptation
of difficulty level - i.e., the concept of flow (Csikszentmiha-
lyi and Csikszentmihalyi 1992) - and to the user preferences
in terms of game elements deployed.
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Many theoretical models to classify players have been sug-
gested (e.g., (Caillois 2001; Marczewski 2015; Yee 2016))
to assist the process of generating customized content bet-
ter suited for each user. To this purpose also data-driven ap-
proaches (Hooshyar, Yousefi, and Lim 2018) have been stud-
ied, which exploit information retrieved transparently from
players in-game behaviors - i.e., gameplay datalogs. Those
datalogs often contain a huge amount of data and must be
elaborated to be interpretable (Hooshyar, Yousefi, and Lim
2018). Such elaboration often lead to the definition of player
profiles, and thus, to behavioral analysis.
Behavioral analysis and player modeling can be a powerful
tool in the process of dynamically adapting the game, which
allows the generation of game content of heterogeneous na-
ture (Hendrikx et al. 2013). Keeping the players entertained
(Khajah et al. 2016) can be achieved by adjusting the diffi-
culty of the levels to avoid frustration and/or boredom (Lora
et al. 2016) and tuning the system to the players’ knowledge
(Zook et al. 2012).
In this work, we aim at contributing to the Game User Re-
search community by suggesting a method to deduce play-
ers’ preferences by analyzing their choices during the game-
play. To this extent, we retrieved and studied data from a
long-running on-the-field gamification campaign, in which
players engaged in weekly challenges. In particular, they
could set specific parameters for their challenges by choos-
ing among two or three options every week. We used a
paired comparison protocol to compute players’ preferences
score, which has proven to be more reliable than direct rat-
ing (Perez-Ortiz and Mantiuk 2017; Shah et al. 2016). Then,
we used the computed preferences to predict players’ last in-
game choice. We argue that such a method could be useful
in building a standard way to analyze player in-game be-
havior to infer preferences, in terms of game elements. The
outcomes could be used by designers in the analysis of their
games, by understanding which game elements have been
more appreciated and from whom. Moreover, this could be
useful for researchers that cannot (or do not want to) rely on
self-assessments. They can use such deduced preferences to
evaluate their algorithms recommending tailored content.
The remaining of the paper is structured as follows. We in-
troduce some relevant works from the literature and describe
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Figure 1: Screenshots. Basic interactions in Play&Go.

the use case scenario employed for the analysis. Then, we
present a description of the study conducted and preliminary
analysis. Conclusion and the plan/ideas for future works fol-
low.

Related Works
Game Analytics (El-Nasr, Drachen, and Canossa 2016)
procedures aim at studying players’ in-game behaviors to
achieve a better understanding of the users interacting with
the system. Among the most widely exploited source of in-
formation, there are gameplay data (El-Nasr, Drachen, and
Canossa 2016). It has the advantages of being highly knowl-
edgeable, but yet transparent to the user and easily pro-
vided to the stakeholders involved in the design process -
e.g., through automatic logging system (Kim et al. 2008).
Players’ experience can be modeled following both theory-
driven or data-driven approaches (Yannakakis and Togelius
2011). Despite theory-driven approaches supply a rationale
to the choices of the model, they lack in adaptability, which
counts as a key feature in contexts such as games, that are
versatile by definition. As a consequence, data-driven ap-
proaches are often preferred. Being an objective measure,
data-driven methods reduce the possibility to introduce bi-
ases in the analysis (Sangin 2018) and favors the implemen-
tation of gameplay metrics aimed at the improvement of the
game itself (Kim et al. 2008).
Player behaviors extracted from gameplay data (e.g., (Lo-
ria and Marconi 2018), have been investigated for different
purposes. Examples of applications go from the study of
players general models (Canossa 2013) to the detection of
specific patterns for instructing non-playing characters from
real players’ actions (Weber, Mateas, and Jhala 2011). Other
researchers aimed at predicting the strategies that the players
were using (Hsieh and Sun 2008) and reducing the probabil-
ity of players churn (Thurau, Bauckhage, and Sagerer 2003;
Mahlmann et al. 2010), resulting in retention’s increase.
Such retention can be fostered by providing players with

content that they enjoy.
Several studies in this field show that users can be more or
less receptive to different game elements (Busch et al. 2015;
Kaptein et al. 2012; Monterrat, Lavoué, and George 2017).
These studies suggest that user personality and preferences
have a great influence on the effect that game elements have
on user motivation. Generating appropriate game elements
can lead to higher levels of user motivation, whereas inap-
propriate game elements can demotivate users. The tailoring
of the game content can be informed by modeling players’
behaviors. Zook et al. (Zook and Riedl 2012), for example,
presented a tensor factorization approach to model and pre-
dict players’ performance on skill-based tasks to dynami-
cally adjust the difficulty of a game, providing motivating
context for the adjustments provided. Zhang et al. (Zhang,
Brown, and Shankar 2016) proposed a fully data-driven ap-
proach to construct behavioral personas from raw clicks
gathered in telemetry data from our product use. Another ex-
ample of application is the work of Martinez et al. (Martı́nez,
Hullett, and Yannakakis 2010): a neuro-evolutionary prefer-
ence learning embedding a player modeling module for the
prediction of player preferences. However, in their frame-
work players are requested to explicitly report their pref-
erences on variants of the game via questionnaires. Then,
computational models are built on the preference data. The
approach of employing a survey-based analysis to iden-
tify users’ preferred game elements and mechanics has also
been used in other studies (e.g., (Tondello, Mora, and Nacke
2017)). However, the main critique moved towards ques-
tionnaires, also referred to as subjective PEM, is their ten-
dency to be biased due to human error (El-Nasr, Drachen,
and Canossa 2016). In contrast, the paired comparison pro-
tocol is more reliable than direct rating (Shah et al. 2016;
Perez-Ortiz and Mantiuk 2017) and, most importantly, can
be used when explicit self-declarations cannot be retrieved.
Gamification has been increasingly used to enhance user
motivation (Ferro, Walz, and Greuter 2013; Looyestyn et
al. 2017). Recent work on tailored gamification (Jia et



al. 2016) has provided valuable results that identify links
between user types and relevant or motivating game ele-
ments. The advantages of tailored gamification have been
proved in several fields, such as health (Orji, Mandryk,
and Vassileva 2017) and sport (Lopez and Tucker 2018)
and learning (Kickmeier-Rust, Hillemann, and Albert 2014;
de Marcos, Garcia-Lopez, and Garcia-Cabot 2016; Legaki
et al. 2019). Adaptive gamification is a young and growing
field, especially for what concerns dynamic - in contrast to
static - adaptation (Stuart et al. 2019). Thus, the literature is
still limited and would benefit from new works, also inspired
by methodologies already applied to games.

Use Case Scenario
The gameful system analyzed is a mobile gameful system
that pushes its users to behave sustainably during their
daily journeys. The game, Play&Go, awards its players
points when they track their movement, according to the
level of sustainability of the selected mean of transportation
(walking is better than using the bus). Every week, a
challenge is assigned to each player, intending to keep her
engaged (Nakamura and Csikszentmihalyi 2014) in the
game while fostering improvement in performance. The
challenge is characterized by a parameter (walk kilometer,
bike kilometer, bus trips, train trips or green leaves points),
a target value, and a bonus obtained in case of a win. The
target and the bonus define the difficulty of the challenge,
which is calculated on the player’s previous performance.
The difficulty of the challenge is structured in 3 levels
(from 1 to 3) and is transparent to the user. An example of
a challenge instance is: ”Track at least 5 kilometers by bike
to win a bonus of 100 Green Leaves points”.
For inexperienced players (Level 1 players), the challenge
is automatically assigned by a recommendation system
(RS), which sets the difficulty and the parameter according
to the (limited) history of the players’ tracings. When
players reach Level 2, they can program their challenge
week by week, by choosing among two options, provided
by the recommendation system. When the players reach
Level 3, the options to choose from become three. Since
the challenges are produced by an RS, every player has a
different set of challenges to choose from. The challenges
proposed may vary on the parameter upon which the
challenge is evaluated, and/or the level of difficulty of the
challenge itself. Players have to submit their choice before
the following game week starts or a default challenge is
assigned.
During the 6-month gamification campaign conducted,
about 500 players tracked at least 1 trip in the game. In
total, 64k trips and 250k kilometers were traced. Of those
trips, the vast majority were tracked by foot, followed by
train, bus, and bike. Therefore, transportation means we call
zero impact were the favored ones.

Among the active players, 160 programmed at least one
weekly challenge, by actively choosing one of the options
presented. However, in our study, we selected players that
made at least 3 choices, which resulted in a final sample of
115 players. This filtering was required because we needed

them to make at least 2 choices to compute our scores and
the third was required to perform the prediction analysis (see
Study Design Section). For the players selected for the study,
we counted a mean of 87 active days, with a standard devia-
tion of 13 days; which is equal to about 12 weeks of game-
play. During the gameplay, those players walked on average
332 km (std = 100 km); biked for 230 Km on average (std
= 110 km); and traveled on bus and train for on average 204
(std = 156) km, and 505 (std = 338) km respectively.
The limited number of users eligible for the study must not
be interpreted as a lack of interest in the game. Together
with the elevated number of kilometer tracked in the game,
we gathered a general positive response of players towards
the game. At the end of the edition of the game, we al-
lowed players to evaluate their experience through a self-
assessment. The majority - 66% - of our users declared to
have changed their mobility behavior, thanks to the app, to
a medium-to-high extent. On the overall, player experience
was rated positively by 85% of the active users.
Instead, it should be noted that the programming mechanism
is an instance of a customization game mechanics, which as
many theoretical and practical player modeling studies state
(e.g., (Marczewski 2015)), attracts only a portion of the pop-
ulation of players.

Study Design
In our use case scenario, the game elements that can be
customized are the weekly challenges, for which a parame-
ter has to be defined. This parameter represents the counter
upon which the challenge will be evaluated: walk kilome-
ters, bike kilometers, green leaves points, train trips, and bus
trips. Although the counters available were 5, some players
may have been exposed to fewer counters, during the chal-
lenge selection. This is because the options are produced by
an RS, exploiting players’ in-game history. Thus, if a player
never traced a train trip, probably the RS will never produce
a challenge with the train counter. In this study, for each
player, we considered only the subset of parameters used to
produce her challenges’ suggestions.
Our study seeks to deduce the players’ preferred counter(s),
by evaluating the choices they made during the game. We
used the paired comparison protocol, an important tool
in multi-attribute decision making. As classically done in
paired comparison studies (Perez-Ortiz and Mantiuk 2017),
we build a squared matrix of dimension n for every player,
with n the number of parameters available. In such a matrix,
a value of x for the cell cij means that the counter i was cho-
sen x times over the counter j. In our study we dealt with an
imbalanced design; i.e., every observer has a different ex-
perimental design, instead of the complete set of possible
comparisons. Although full designs are preferable, incom-
plete designs can reach competitive performance (Bozóki,
Csató, and Temesi 2016).
To compute the preference scores, we can then consider the
number of votes received by each counter, which may then
be divided by the number of comparisons per counter for
normalization purposes (Perez-Ortiz and Mantiuk 2017). At
the end of the process, for every player, we obtained a vec-
tor w of dimension n, with the preference scores for every



counter.
In the literature we can find more complex statistical meth-
ods exist for producing such scores, they were not shown to
give a more accurate outcome than the vote counts (Thur-
stone 1927).
As we mentioned in the Use Case Scenario Section, each
challenge has also associated a difficulty level (from 1 to
3), according to the estimated effort for the considered play-
ers to win the challenge, computed on her performance. We
conducted another analysis also considering the customiz-
able parameter as the couple (counter, difficulty) - e.g., (walk
kilometers, 1), (walk kilometers, 1), (bike kilometers, 3),
(green leaves, 1). The intuition that led to the introduction
of the difficulty of the challenge is that the level of effort
required from the challenge can also be an important dis-
criminant in the choice. Thus, the results should have been
more accurate.

Preliminary Evaluation
To evaluate the reliability of each participant, we computed
their consistency, by calculating the number of intransi-
tive comparisons occurring, known as cyclic triads. In other
terms, a cyclic triad occurs when a is preferred to b, b is
preferred to c, but c is preferred to a. The coefficient of con-
sistency (Kendall and Smith 1940), for every user, is com-
puted with the following formula: ζ = 1 − 24∗c

z3−z where z
is the number of choices made and c is the number of cyclic
triads. When there is perfect consistency - i.e. no circular tri-
ads - ζ = 1. The value of ζ will get smaller as the number of
circular triads increases, and thus the consistency worsens.
A consistency higher of 0.75 is considered good (Leloup et
al. 2010). This limit allows both human errors - e.g., players
clicking the wrong button - and exploratory choices - e.g.,
selecting an option out of curiosity towards something new.
From the 115 players selected for this analysis, only 1 had a
ζ = 0.35, with the remaining having a ζ ≥ 0.79.
We also computed ζ for the analysis including the diffi-
culty of challenges as a customization parameter - e.g., when
the customization was evaluated on the pairs (counter, diffi-
culty). This time, we had ζ ≥ 0.92

We also partially evaluated the outcomes by predicting the
last choice made by players. For every player, we computed
the preference scores w on the N − 1 weeks in which they
made a choice. The N th week was used to make the pre-
diction. We listed the 2, or 3, options that were presented
to each user and, using her scores w we predicted the option
that most likely selected (the one with the highest preference
score). Then we compared, the forecasted with the actual
choice. Results showed a 70% of accuracy, considering the
115 players. The accuracy increased at 71% when consid-
ering players that made more than 10 choices - 94 players.
When also the difficulty was considered, the value raised to
82%. This outcome is very informative. It should be consid-
ered that introducing the difficulty as a parameter brought
to an increase in the number of counters available (actual
counter + level of difficulty) while using the same amount
of data. Thus, the number of available choices made per
player and per counter was reduced, since they were scat-

tered among the new options. Nevertheless, the prediction
was more than 10 percentile points more accurate.

Discussion
In this preliminary work, we presented a methodology to
infer from in-game behaviors, player preferences. Our re-
sults show almost all players manifested a high consistency
score, and thus, that the in-game choices were made with
criterion. Besides, we managed to predict the final choice
of the majority of our players, proving that this method is
indeed effective for computing preferences scores.
Such a method could be applied in gameful systems in sev-
eral ways. In the first instance, designers may be interested
in knowing which game elements attracted the majority of
her audience, and use this information to characterize her
players. A more visionary application could be using such
preference scores to assist or validate machine learning
algorithms, aimed at producing tailored content.

Conclusion and Future Works
We conducted our study by analyzing data from an on-the-
field gameful system, which boasts a conspicuous participa-
tion. The biggest flaw lies in the modest numbers of players
that made enough in-game choices to be considered in the
study. This issue is relevant when validating the reliability of
the tool through prediction. However, the high scores in the
consistency values prove that the choices have been made
knowingly. Therefore, this measure can be considered as an
indicator of preference.
In future works, the priority lies in expanding the dataset
with more participants to have enough data to conduct an
accurate prediction analysis. Equally important is also en-
suring that a complete pairwise comparison study can be
conducted, to further prove the reliability of the consistency
score.

References
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