Modeling enjoyment preference from physiological responses in a
car racing game
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Abstract— We propose a framework to estimate player enjoyment preference from physiological signals. This can produce
objective measures that could be used to adapt dynamically
a game to maintain the player in an optimal status of enjoyment. We present a case study on The Open Racing Car
Simulator (TORCS) video game. In particular, we focus both
on the experimental protocol, which we designed with special
attention to produce physiological responses related to the game
experience only, and on signal analysis, which produces a simple
and general model good enough to estimate player enjoyment
preference in real applications.

I. I NTRODUCTION
”A good game is the one you like to play”. With this motto
in her mind, the digital game designer conceives rules and
structure of a game to maximize the level of enjoyment
for the target audience. Realistic ambiance and characters,
intelligent and reactive opponents with a human-like behavior
can provide enjoyable game experience, however this cannot
be assumed a priori. Some evaluation can be done by
considering performance parameters, often assuming that a
better performance is related to higher enjoyment of the
game experience; but, different players may react differently
to game features, and enjoyment has to be considered as a
personal experience. According to the affective computing,
we can assume that physiological response can be related
to enjoyment [1], and that it can be taken as an objective
measure of it. Thus, we present in this paper the application
of a methodological framework for the estimate of preference
among game experiences, from the physiological state of the
player, in the car racing video game scenario implemented
by TORCS – The Open Racing Car Simulator [2] .
With the purpose of comparing and validating the proposed game scenario with respect to recent literature, we
have carried out a correlation analysis between physiological
data and subject preference during different variants of
the game. Results show that features derived from some
of the physiological signals (e.g., Galvanic Skin Response
(GSR), Blood Volume Pulse (BVP) and Respiration (RESP))
have a high correlation with player reported preferences.
On the other hand, as we expected from other studies in
literature, only some physiological features show relevant
high discriminating power. Therefore, signals such as Heart
Rate (HR) or temperature are not really suitable as emotional
input because of their poor correlation with user preference.
Supported by these findings, we have estimated a linear
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model based on physiological signals able to predict the
subject enjoyment preference during the game. Our approach
focuses on the differential comparison of preference between
game situations and the resulting model can be used, in a
future experiment, to modify at runtime the game experience
accordingly to the predicted user preference to optimize user
enjoyment.
The ground truth about subject preference has been evaluated by questionnaire analysis. The players are asked to
express a preference between two variants of the video game.
This approach of eliciting emotion is named comparative
affect analysis and it was first introduced by Yannakakis
and Hallam [3], [4]. Affective models are then derived
using preference learning techniques [5], [6] matching user
reported preferences and features from physiological signals measured during the game session. We assume that
physiological responses are not task dependent since the
level of physical activity required for the interaction with
our game is constant during the session. As presented by
Yannakakis [7], the preference model can be learned using
different computational methods. In this paper, we propose
a different linear model obtained with Linear Discriminant
Analysis (LDA) [8], which shows performance analogous to
other models presented in literature [9], but lower complexity
and lower computation demand.
In the next sections, we first give an insight into the
state of the art, then we introduce the experimental protocol
designed for our experiments, finally we present the methods
we adopted for preference modeling and the results obtained.
A. State of the art
With the purpose of determining criteria that contribute to
player satisfaction, Yannakakis and Hallam [10] proposed
two techniques for modeling player satisfaction in realtime. They assume that player-opponent interaction primarily
contributes to the entertainment in a computer game. Therefore, metrics based on qualitative considerations of what is
enjoyable from in-game performances (e.g., time before the
player loses a life) have been considered as indicators of the
level of interest.
Another approach consists in modeling the entertainment
by following the theoretical principles described by Malone [11], and concepts related to the Theory of Flow [12].
Qualitative factors such as challenge, fantasy and curiosity
are the ones that, according to them, mostly account for
player entertainment. Quantitative measures for challenge,
curiosity and flow state can be derived from an empirical
analysis of player responses to game mechanisms. All the
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metrics evaluated in the mentioned papers are specific for a
given class of games (e.g., predator/prey, racing, football),
therefore a general model can not be determined with these
approaches. Moreover, player responses can be affected by
factors such as user experience and motion or perception
skills, which can be loosely related to enjoyment, while
physiological responses seem to be better indicators.
Under a different perspective, emotion has been investigated in the past by many researchers, including philosophers, psychologists, sociologists, psychophysiologists, and
engineers. Results from psychophysiological studies [1], [13]
indicated that relationship between the stimuli presented to
a person and observed physiological reactions may exist.
Grounded on these findings, people working on Affective
Computing aimed to design human-machine interfaces, with
emotion recognition abilities, for real life applications [14],
[15], [16]. Recently, this research line has been extended to
video games in which experiments can be performed with a
good trade-off between reality and control.
In Mandryk et al. [17], statistically significant correlation
has been claimed between GSR and reported fun (from
questionnaire) in adults playing video games. Other physiological signals such as jaw electromyography, electrocardiography and respiration have been analyzed, but they resulted
not to be correlated to the reported enjoyment. A fuzzy
model inspired by psychophysiology theory is introduced by
Mandryk and Atkins [18]. They reported that high values
of HR and GSR together with a smile detection from an
electromyography (EMG) in jaw are correlated to high values
of arousal and positive valence.
Rani et al. [19] used psychophysiological measures such
as HR and GSR to discriminate anxiety level and adjusted a
Pong game to respond accordingly. In the approach proposed,
they handle the problem of enjoyment maximization by
appropriately minimizing the anxiety level.
Tijs et al in [20] showed values of skin conductance, HR
and respiration to be statistically correlated to different difficulty levels of PacMan. The correlation with enjoyment state
of a player is not directly calculated but it is inferred from a
questionnaire analysis. Prediction models based on physiological state (HR, GSR) have also been proposed for potential
entertainment augmentation in computer games [21].
In this work, we have applied some of the techniques presented in literature for physiological signal analysis for video
game enjoyment evaluation. Preference learning techniques
have been applied as presented by Yannakakis [9].

years old (57 from 19-25, 18 from 26-30) took part in this
study.

II. E XPERIMENTAL SETTING
We propose a new gaming experimental protocol, tested on
a car-racing computer game, in which affective computing techniques can be applied and validated. The protocol
was designed to produce an affective computing benchmark
dataset, that could be used also for further developments.
This dataset is composed by physiological data, questionnaire
answers regarding user data (i.e., game experiences and race
preferences), game logs and 2 video camera recordings. 75
volunteers (60 males and 15 females) aged from 18 to 30

B. Experimental Protocol
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A. Task Design
The cognitive task in the experiment concerns playing a
video game. This makes it possible to reach a high repeatability and a high level of involvement among participants.
TORCS [2] was chosen as reference game for the following
reasons: it is a video game that requires the player to be
sitting in front of a computer, therefore subjects experiment
emotionally different situations characterized by a similar
physical activity and the effects of movement artifacts on
acquired data are negligible differently from what happened
in [9] where the subjects had to move and jump; this game
is an open source project, therefore, it has been possible to
implement custom logging and AI for opponent drivers; it
is easy enough, even for an inexperienced player, thus the
game experience can be kept as homogeneous as possible
among subjects involved in the experiment.
During a game session, each participant played 7 races
versus one computer driver that is the only opponent during
the race. The opponent skill has been changed among races
considering that this has a high potential impact on player
emotional state, and that it can be easily adapted in a
real-time affective loop to maintain the enjoyment level
on the player according to the general principles of game
engagement proposed by Malone [11].
Three classes of game scenarios have been considered
and a customized opponent driver has been implemented
to match the skill of the player. It modulates its speed to
keep a given distance from the human driven car. We call
W (Winner) the driver that is more skilled than the player
and that has the goal to keep a distance of +100 m (relative
distance between the cars within the current track) from the
player. C (Challenging) is the driver that is as skilled as
the player and tries to keep a distance of 0 m from the
player. Finally L (Loser) is the driver that is less skilled
than the player and that keeps a distance of -100 m from
the player. According to a priori considerations, the second
variant of the race could be considered really challenging,
and more interesting for the player. Race parameters such as
type of track, environmental details, car model, and number
of opponents have been chosen to keep the game easy to play
and to make the opponent skill being the main difference
among races.

Most of the choices in the experimental protocol have been
made to maximize the focus of the player on the task.
The environment where the experiment took place has been
conceived with the purpose of isolating the player and
maximizing the game immersion so that no external event
could influence the subject physiological state. The setting
was a small room with a computer placed on a desk. The
player was sitting in front of the monitor and was interacting
with the computer through standard mouse and keyboard.
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No other people were in the same room and the operator
monitored the experiment from an external site.
Ahead of the experiment, all participants have been asked
to fill out a general questionnaire, presented in computerbased form, and used to gather information about their
experience with video games, game preference, TORCS prior
knowledge, and personal data such as age and handedness.
Then, Participants have been fitted with sensors to measure
peripheral physiological activity as explained in Section IIC. The players were asked to wear a headphone to guarantee
a deeper game involvement through race sounds. After this
setup phase, players were left alone listening to a relaxing
music (i.e., sounds from nature) with the purpose of both
decreasing the stress and the initial excitement for the test
and bringing all the subjects to a similar starting condition.
Cameras and physiological signal acquisition were started
while the players were waiting. Any misplacing of sensors
was checked by the operator from the external site by looking
at the real time signals. The subjects have been instructed
to minimize movements during the task to avoid artifacts.
To increase subject involvement during the game, players
have been told that they were competing for a prize. Prizes
were given basing on a series of parameters including ingame performance, but also on physiological features, so that
potential advantages of skilled player were reduced. Note
that, from this moment on, to avoid the effect of covert
communication [22], no further interaction between operator
and subject occurred. The protocol was carried on by an
automatic script on the computer that started each race and
managed the questionnaire (see Section II-D).
After about one minute of relaxing music, the participants
were asked to read the instructions and then, to start the trial
by pressing a button. At the end of each race, starting from
the second one, the participants were asked by a script to
express, via a computer-based form, the preference between
the race just played and the previous one. To minimize any
potential order effect on physiological and self-reported data,
each pair of game variants have been presented in both
orders. The sequence of driver classes was as follows: W
C L W L C W. With this sequence, all permutations pairs
of classes W, C, L could be voted by the player once. The
duration of each race was 3 minutes. This provided enough
time to eliminate past race effects on physiological signals
and to produce a new arousal level before the overcoming of
boredom caused by excessive race length.
The total time of a session was about 30 minutes, i.e., 21
minutes (7 races × 3 min.) of racing and about 7 minutes
of setup, question answering and resting.
C. Acquired data
In this protocol four types of data have been acquired: physiological data, questionnaire answers (presented in Section
II-D), game logs and video camera recordings.
Physiological data were gathered using the ProComp
Infiniti device [23]. This device captured 5 physiological
signals: BVP, Electrocardiogram (ECG), GSR, Respiration
(RESP) and Temperature (TEMP). A sample rate of 256Hz

TABLE I
E XTRACTED FEATURES
Feature of x
xm
xv
xmin
xmax
xD
xtm
xtM
xdT
xf d
xsd
xct
xacf

Description
Mean
Variance
Min value
Max value
Max − Min
Time of Min value
Time of Max value
∆T of Max and Min
Mean Absolute value of first differences
Mean Absolute value of second differences
Trend
AutoCorrelation function at 10s

has been used except for ECG and BVP signals that were
sampled at 2048Hz. The hand not used for interacting with
the game was fitted with GSR, BVP and TEMP sensors. The
3 terminal ECG sensor were placed around the chest, as well
as the RESP sensor.
Based on previous literature [24], [25], [26], [9], several
derived signals have been extracted from the basic ones
at the original sampling rate. Heart rate has been derived
both from ECG (HRecg ) and BVP (HRbvp ); magnitude
(SM) and duration (SD) of signal variation has been derived
from GSR; inspiration/espiration time (inT ime, outT ime),
apnea in/out time (apneaup, apnealow) and respiration
interval (rT ime) have been extracted from respiration signal;
upper/lower envelope of BVP (BV Pup ,BV Pl ) and their
difference (BV Pd = BP Vup − BV Pl ) have been also
computed.
A feature vector F = [f1 f2 . . . fD ] ∈ RD has been
finally obtained by the union of features described in Table I
computed for each mentioned signal during each race. We
assume that the first part of each race is subject to transitory
phenomena due to the transition from a race to the next one.
Thus, these features have been computed by considering only
the last 60 seconds of each race.
A log file containing timestamp and some game status
variables was saved during each race. Note that information
regarding the TORCS state has not been used to obtain the
results reported in this paper, but the timestamps have been
used for synchronization between races and physiological
data. Two video cameras recorded the environment in which
the player acted too. A frontal camera captured the player’s
face, the second camera was placed at the top right back
corner of the room, with respect to player, and captured the
player actions and the game output from the monitor. All
captured frames have been associated with a timestamp that
is used for synchronization with the other signals. These data
have not been considered in the analysis presented in this
paper, but will be used by further research activities.
D. Questionnaire
Enjoyment preference between races have been collected.
At the end of each race, the subject was asked whether
he/she enjoyed more the last race or the previous one. A
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pairwise preference scheme (2-alternative forced choice: 2AFC) has been used in self reports. 2-AFC offers a main
advantage to acquire objective enjoyment: it normalizes the
different conception of enjoyment among subjects and it
allows a fair comparison between the answers of different
subjects. Since we are concerned with finding a general
model for the relationship between physiological features
and reported entertainment preferences that generalizes over
different players, 2-AFC is preferred with respect to other
approaches, such as ranking [27].
III. M ETHODS
Because of the lack of absolute ranked answers about player
subjective enjoyment, canonical classification methods based
on learning a target output is inapplicable since the target
output is not defined.
Several techniques that learn from a set of pairwise
preferences exist. Such algorithms are based on Gaussian
processes [28], support vector machines (SVNs) [29], and
evolving artificial neural networks (ANNs) [9]. In this work
we focused on a linear approach developing a linear classifier, based on subject reported preferences and physiological
features, which has similar performance, simpler structure,
and lower computational demand.
A. Preliminar Statistical Analysis
A statistical analysis has been performed to understand
the relationship between physiological features and reported
enjoyment. In the first part of this analysis a Pearson’s chisquare test [30] has been performed to establish whether the
null hypothesis of independence between a feature and the
reported preference could be accepted or rejected. When the
null hypothesis is rejected, the feature and the preference can
be considered not independent, but the strength of the true
relationship is still unknown.
Then, a correlation analysis has been performed as proposed in [9]. We use Cohen’s Kappa coefficient [31] to
evaluate correlation between features and reported enjoyment
defined as follows:
P r(a) − P r(e)
(1)
k=
1 − P r(e)

where P r(a) is the relative observed agreement between
the user preference and the difference of the mean of a
single physiological feature beween a pair of races; P r(e)
is the hypothetical probability of chance agreement, using
the observed data to calculate the probabilities of each
feature to be randomly correlated. If the preferences and
the variation of mean values between pair of races are in
complete agreement then k = 1 (or k = −1 in case of
anticorrelated features). If there is no correlation (other than
what would be expected by chance) then |k| ≤ 0.
B. Preference Learning
Preference learning [6] is a technique that aims to predict
the subject’s preference among different elements. A subject
expresses a preference A  B (we say A is preferred
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over B) between two elements A and B when he/she is
able to order them with respect to a personal preference
criterion. Each element is characterized by a set of features
F = [f1 f2 . . . fD ] ∈ RD . The goal of preference learning is
to estimate a preference function P that respects the set of
N constraints:
if Ai  Bi i = 1 . . . N

then P (FiA ) > P (FiB )

Where FiA and FiB are the features vectors of elements A
and B respectively in the i-th comparison and N is the total
number of comparisons. Preference learning is a general
approach and can be used to model subject’s preference
from physiological data. There are different techniques that
can be used to estimate P depending on the function used.
The Large Margin Algorithm (LMA) [29] can be used as
linear preference learning classifier, and comes from Support
Vector Machine theory (SVMs). This algorithm considers
a linear combination of individual features F as emotional
preference function P (F ) = F W T where the weight vector
W = [w1 w2 . . . wD ] binds the user preferences to the
physiological features. This method was first applied by
Fiechter and Rogers [29] to a routing problem where the
particular structure of the problem lead to a simplification of
SVM approach to a linear problem. The main simplification
was given by the fact that, in routing problems, preference
decreases with costs represented by features F . Thanks to
this hypothesis it was possible to add a new set of constraints
wj ≥ 0 j = 1, . . . , D that brought the quadratic problem into
a linear optimization problem.
This method has been applied also to model subject
preferences from physiological features as reported in [9].
However, features in our problem cannot be considered as
costs and thus, the hypothesis wj ≥ 0 j = 1, . . . , D would
lead to a non optimal solution: weights greater than zero are
given only to positively correlated physiological features i.e.,
negatively correlated features are ignored. We propose then to
use a linear approach for preference learning based on Linear
Discriminant Analysis (LDA) A.K.A Fisher’s projection [8].
Given a set of N race pairs RiA  RiB i = 1, . . . , N where
the subject prefers RiA over RiB the goal is to estimate W
in such a way that the user preference is preserved:
if RiA  RiB i = 1, . . . , N

then FiA W T > FiB W T

where FiA and FiB are the feature vectors associated to RiA
and RiB respectively. We can rewrite the previous inequality
as (FiA − FiB )W T = Fid W T > 0. Where Fid is the feature
difference between preferred and not preferred races of pair
i. We thus reformulate the problem of estimating W as
a linear classification problem by considering the data set
X = {xi |i = 1 . . . N }, C = {ci |i = 1 . . . N }, where
xi = [Fid , −Fid ] and ci = 0, 1 (i.e., we assign class 0
to positive examples Fid and class 1 to negative examples
−Fid ). The problem can be solved with Fisher’s projection,
which finds a projection direction W in which classes are
well separated. In this way, W can be used to predict one of
the two classes by evaluating the inequality XW T < K (in
our case K=0 since the mean of our data is 0).
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Fig. 1.
Preference Learning by Linear Discriminant Analysis. A 2-D
scatter plot of data from BV P and GSR is presented on the left. Sample
points belonging to different classes have different colors. The black line
W represents the direction computed by LDA in which data are projected.
Probability densities of data by class with respect to the projection direction
W is presented on the right. The direction W found by LDA is the one
that best separates such densities.

To obtain Fisher’s projection, we first define a within-class
scatter matrix Sc as:
Sc =

X X
(x − µc )(x − µc )T

(2)

c∈[0,1] x∈c

where µc is the mean value of sample points that belong to
class c. Then we define a between-class scatter matrix
X
Sb =
Nc (µ − µc )(µ − µc )T
(3)
c∈[0,1]

where Nc is the number of sample points in the class c and
µ is the mean value of all sample points. The best W that
separates all the classes is the one that maximizes
J(W ) =

W T Sc W
.
W T Sb W

(4)

Finding W is a one step process that requires much less time
than running the optimization algorithm required by LMA.
Fisher’s projection produces good classification performance when the distributions of data belonging to the same
class are unimodal and classes are well separated. Figure 1
shows an example of application of LDA (based on real data
obtained during our experiment) to classify the preferences
of a subject by using two biological features BV Pf d and
GSRmax . We can observe that both the distributions of
p
np
BV Pfpd − BV Pfnp
d and GSRmax − GSRmax are unimodal
but they are also partially overlapping, thus some of the
preferences will be misclassified. Since all the data we are
using in this work have an unimodal distribution similar to
the one shown in Figure 1, the obtained performance depends
on how well classes are separated.
IV. DATA A NALYSIS
In this section, the performance of the model for predicting
reported preference is discussed. First we introduce the
statistical analysis, then we present the results of the linear
classifier based on LDA technique. The result will be finally
extended by using different features selection methods.

Results from the statistical analysis indicate that not all the
features are dependent on the preference. This is confirmed
by the fact that all p-values obtained from Pearson’s χ2
test are close to 0 (< 10−5 ); thus, we cannot accept the
hypothesis of independence. The second part of the analysis
characterizes the kind of dependence between features and
preference by using the correlation coefficients k. The results
of this analysis are presented in Table II where correlation
coefficients k and χ2 values from Pearson’s χ2 test are
shown. The table is organized as follows: features derived
from the same physiological signal are grouped together. For
each group, the 5 most correlated features (higher absolute
values of k) are shown.
The physiological measurement that best correlates with
reported user enjoyment is GSR, which achieved a correlation coefficient k = 0.332 followed by BVP with k =
−0.285. This result indicates that players tend to prefer
games in which features from GSR increase and features
from BVP decrease. Similar findings have been reported by
Mandryk et al in [32] where GSR values resulted correlated
with fun. Features related to respiration reported in Table II,
represent time differences between respiration events and
have also high negative correlation with enjoyment (i.e.,
apnealowm has a k = −0.234). Thus, players preferred
games in which breathing rate is increased (the time is
decreased). Finally, good values of correlation have been
obtained for HR (k = 0.166) and temperature (k = −0.197).
Similar correlation results are reported also by Yannakakis
and Hallam in [9] in their experiment on a physical playground. Our experiments have been performed on a computer
video game that does not require physical activity, thus,
features that best match user preferences in our work do
not completely match the ones that were previously reported
in [9].
B. Classification by Linear Discriminant Analysis
In the previous section, we have shown significant correlation
between physiological features and the reported subject enjoyment . In this section, we present a quantitative evaluation
of how each physiological feature can be used independently
to predict the user preference. For each feature fj j =
1 . . . D, an emotional preference function P (fj ) = fj wj
is estimated through LDA techninque [8] as explained in
the previous section. Note that, since we are using only one
feature, the estimated wj could be only −1 or 1 depending
on the type of correlation. Given a pair of races RA , RB ,
the function P (fj ) classifies RA as more entertaining if
P (fjA ) > P (fjB ) where fjA and fjB are the j − th feature
of preferred and non preferred race respectively. The performance of the preference function is defined as the number
of correct pairwise classifications with respect to the total
number of pairs (i.e., Correct Classification Rate CCR).
To guarantee significant values of performance, a leaveone-subject out cross validation has been applied to the
classification process as follows: data relative to one subject
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TABLE II
C ORRELATION OF FEATURE AND PREFERENCE . H IGHER ABSOLUTE VALUES OF K MEAN HIGHER CORRELATION BETWEEN THE SINGLE FEATURE AND
THE USER PREFERENCE .

f
bvpf d
bvpsd
bvpv
bvpm
bvpmin

Bvp
k
-0.285
-0.285
-0.244
0.232
0.232

χ2
36.9
36.9
26.9
25.2
25.2

f
hrdT
hrm
hrmin
hrmax
hrtm

HR
k
0.166
0.145
0.145
0.111
-0.103

χ2
12.5
9.6
9.6
5.6
4.7

f
gsrsd
gsrf d
SMf d
SMsd
gsrmax

GSR
k
0.332
0.328
0.310
0.310
0.265

χ2
49.7
48.3
43.2
43.2
31.8

Resp
f
k
apnealowm
-0.234
apnealowmin -0.234
rratemax
-0.229
inratem
-0.213
inratemin
-0.213

χ2
24.6
24.6
23.7
20.4
20.4

f
tempct
temptm
tempv
tempD
tempf d

Temp
k
-0.197
0.188
-0.159
-0.161
-0.143

χ2
17.5
15.9
11.6
11.8
9.4

TABLE III
C ORRECT CLASSIFICATION RATE USING LDA ALGORITHM AS LEARNING TECHNIQUE FOR SINGLE FEATURES .

Bvp
f
CCR
bvpf d
0.638
bvpsd
0.638
bvpv
0.618
bvpm
0.613
bvpmin 0.613

HR
f
CCR
hrdT
0.582
hrm
0.571
hrmin 0.571
hrmax 0.556
hrtm
0.551

GSR
f
CCR
gsrsd
0.667
gsrf d
0.664
SMf d
0.656
SMsd
0.656
gsrmax 0.636

have were and remaining data are used for training; the LDA
is trained on the training data set and the performance of
the model is tested on the data of the removed subject.
These steps are iterated for each subject and the mean
values are reported in Table III. The table is organized as
follows: features derived from the same physiological signal
are grouped together. For each group are shown the 5 features
that give the best classification performance using LDA. Note
that the values are consistent with the analysis of correlation
reported in Table II: The best classification performance
(CCR = 0.667) is achieved by GSR, which is the most
correlated signal having the highest absolute value of k. BVP
obtained a CCR=0.638, respiration reported CCR=0.616 and
finally, for HR and temperature the CCR was 0.582 and
0.596, which are closer to 0.5 characteristic of a random
classifier.
The results confirm that the Preference Learning approach
can be successfully applied to model player preference in
video games where the physical activity is kept as constant as
possible over different type of games. Moreover, these results
support the proposed experimental protocol as a successful
way to produce reliable and replicable data for affective
computing experiments.
C. Improvements by Considering Multiple Features
To improve single feature performance, a linear combination
of all physiological features F by LDA has been used to
predict subject enjoyment as explained in previous section.
This is a generalization of the analysis performed over a
single feature since a combination of features may introduce
information useful for classification. Leave-one-subject out
cross validation has been used to evaluate the performance.
The LDA algorithm takes the full set of features as input and
tries to find the best combination of weights W that separates
classes. Correct classification rate achieved using all features
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Resp
f
apnealowm
apnealowmin
rratemax
inratem
inratemin

CCR
0.616
0.616
0.611
0.604
0.604

Temp
f
CCR
tempct 0.596
tempv
0.582
tempD 0.582
tempf d 0.573
tempsd 0.569

Comparison of different features selection methods over LDA
0.75
0.74
0.73
0.72
0.71
0.7
0.69
0.68
0.67
0.66
0.65
0.64
0.63
0.62

Best single

All

5−Best

10−Best SFS(Val.)

SFS(3)

SFS(4)

SFS(5)

Fig. 2.
Classification performance achieved with different subset of
features: Best single feature, All features, Selection of best 5 or 10 features
(5-Best and 10-Best), SFS on validation data (SFS(Val.)), SFS with pseudointersection (n=3,4,5)

is 0.633. This result is lower than the one obtained with
the best single feature. This is likely, since some of the
features might have introduced noise instead of adding useful
information.
Since including all features did not provide better performance than the best single feature, we tried to find a
subset of features that performed better than single feature
classification. We selected the first 5 and 10 features that
individually gave the best CCR and the performance achieved
was 0.68 for 5-best and 0.696 for 10-best. CCR is higher than
the one obtained with the complete set likely because some
of the noisy features are not included by this rough selection
technique. A comparison of performances is reported in
Figure 2
A better, still greedy, method for feature selection is
the Sequential Feature Selection (SFS) [33] that finds the
minimal subset of features that maximize the classification
performance. It is a bottom-up algorithm where, at each
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step, an additional feature is added to the current feature
set. The selected feature is added if its marginal value with
respect to the classification function is positive. To evaluate
the performance of a feature selection algorithm like SFS,
we used an external cross-validation procedure. This avoids
the overfitting of selection for the current dataset. A Kfold (K=15) cross-validation by subject has been performed.
Data belonging to all the players in the original dataset Ds
have been randomly split into K folds Dsi i = 1 . . . 15
(containing data of 5 subjects each). Folds have been then
assembled into 15 data set containing training data Dstr
i =
Ds\Dsi and validation data Dsval
= Dsi . The SFS has
i
been executed K times independently over each different data
set. For each iteration, the best feature selection with respect
to the training data Dstr
i has been evaluated on validation
data Dsts
in
order
to
estimate
the selection performance on
i
previously unseen data. Each selection found on training
has been evaluated with the same leave-one-subject out
cross validation method presented in Section IV-A. Each
independent run selected the best subset of features that
obtained different performance on validation data with mean
value 0.671 of correct preference prediction over all the data
set. Due to the different type of cross validation, this estimate
of performance results the most general and least overfitted,
hence the most significant. This result, labeled as SFS(Val.),
is compared in Figure 2 with other feature selection methods.
The performance over validation gives an estimation of
how well the classifier would perform with previously unseen
data.However, with the presented SFS approach it is not
possible to know which is the best subset of features that
maximizes the CCR since each fold may yield to a different
selection. To give an indicative measure of performance of
the best general subset of features, a pseudo-intersection of
the selections produced by each of the 15 independent runs
has been performed. The pseudo-intersection merges the features that have been selected by at least n independent runs of
SFS. We compared pseudo-intersection feature subsets with
n = 3, 4, 5, 6, 7. We finally tested the obtained selections
over the full data set with the previous described leaveone-subject out cross validation. In Figure 2 SFS(3)=0.74,
SFS(4)=0.7356 and SFS(5)=0.7267 represent results obtained
by the pseudo-intersections when features where selected by
3, 4 or 5 runs out of 15. The highest value is obtained with
SFS(3) since it uses almost all the features that each fold
have selected. This is the highest performance we achieved
through leave-one-subject out cross validation by applying a
linear function for preference modeling on these data.
In Table IV, we reported the features selected by some
of the used methods. In the case of pseudo-intersection
the performance decreases as much as we increase the
number of folds from which features have been selected.
This is due to the fact that pseudo-intersection exploits the
information coming from each independent run. The less runs
are considered, the more performance is overestimated, since
we are using more data to obtain the selection. However,
the more a feature has been selected from a fold the more

TABLE IV
S ELECTED FEATURES BY DIFFERENT METHODS
Type
SFS(3)
SFS(4)
SFS(5)
SFS(6)
SFS(7)
SFS(8)
5-Best

Selection
BV Pf d BV Psd GSRf d GSRsd SMv
SDf d inratem outratev apnealowv
BV Pf d GSRf d SMv SDf d outT imev
BV Pf d GSRf d SDf d outT imev
BV Pf d GSRf d SDf d outT imev
BV Pf d GSRf d outT imev
GSRf d
BV Pf d GSRsd GSRf d SMsd SMf d

Performance
74%
73.56%
72.67%
72.67%
69.33%
66.67%
68%

it is an invariant measure of preference among subjects.
This is the case of BV Pf d , GSRf d and outT imev that
have been selected at least by 7 out of 15 runs of SFS, so
they are likely to be invariant features among subjects to
predict enjoyment. Table IV shows also how the selections
produced by SFS are different with respect to the 5-Best
or 10-Best approach. SFS obtains higher performance, fixed
the number of used features (i.e., SFS(4) vs 5-Best), since it
removes variables that are dependent on the ones that have
been already selected (i.e., GSRsd and GSRf d or SMsd
and SMf d ) and introduces other variables that can be more
useful even if they do not produce high performance when
used alone.
By means of this analysis we have now a clear picture of
which are the most relevant features that combined linearly
can predict the reported preference of video game players
with a CCR up to 0.74% on previously unseen data.
V. C ONCLUSION
We have presented a way to identify the preference of players
among different variants of a video game. We have proposed
a new video game scenario in which 3 different game
conditions have been obtained by controlling the opponent
skill. The proposed scenario requires the player to be sitting
in front of a computer, therefore the effects of movement
artifacts on acquired data are reduced. Moreover, thanks to
the adaptive controller, the game experience during the test
has been homogeneous among different subjects. A data
set composed by physiological data, questionnaire answers
regarding user data, game experiences, race preferences,
game logs, 2 video camera recordings have been acquired
with the purpose of building a benchmark data set in which
different Affective Computing techniques can be applied and
validated.
We performed correlation analysis between physiological
data and subject preference, showing that features from GSR
have a high correlation with player reported preferences
(k = 0.332, χ2 = 49.7, p−value ≈ 10−5 ). Similar results
have been shown by Mandryk et al. in [32] and are slightly
different from the ones presented by Yannakakis and Hallam
in [9] probably due to the different nature of the task involved
(computer video game vs physical playground). We have
estimated a linear model of preference that maps a subset
of physiological features to the preference level, trough
a novel approach that makes use of Linear Discriminant
Analysis (LDA). Results showed that this model is able to
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predict reported preference with an accuracy up to 0.74% on
previously unseen data.
The analysis of questionnaires highlighted that for less
than 42% of subjects there was a consistent agreement on
the order of preference of game variants. That means that
for them, a situation where the opponent is as skilled as
the player was always preferred. However, the remaining
players either did not answered coherently among different
repetition of the same stimulus or they expressed a different
order of personal preference. This interesting result indicates
that the game preference is personal and it is hard to design
a priori game experience (e.g., by changing opponent skills)
that results suitable for everyone. This motivates the current
research that aims to evaluate the enjoyment from biological
signals without any assumption on players game preferences.
Player satisfaction from physiological data, is perhaps
one of the most promising application area of affective
computing. Classic and canonical games could be enhanced
to adapt to the player affective states, and entirely new types
of games could be created. Results from this experiments can
be used as starting point for a follow up experiment in which
game experience is modified in realtime with the purpose of
keeping the player satisfaction to a high level.
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