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ABSTRACT

This paper proposes an approach based on emotion recognition to
maintain engagement of players in a game by modulating the
game difficulty. Physiological and questionnaire data were
gathered from 20 players during and after playing a Tetris game
at different difficulty levels. Both physiological and self-report
analyses lead to the conclusion that playing at different levels
gave rise to different emotional states and that playing at the same
level of difficulty several times elicits boredom. Emotion
assessment from physiological signals was performed using a
SVM (Support Vector Machine). An accuracy of 53.33% was
obtained on the discrimination of three emotional classes, namely
boredom, anxiety, engagement.

Categories and Subject Descriptors

J.4 [Computer applications]: Social and behavioral sciences -
Psychology

General Terms
Measurement, Experimentation, Human Factors.

Keywords
Emotion assessment, gaming engagement, physiological signals
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1. INTRODUCTION

Due to their capability to present information in an interactive and
playful way, computer games have gathered increasing interest as
tools for education and training [14]. Games are also interesting
from a human-computer interaction (HCI) point of view, because
they are an ideal ground for the design of new ways to
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communicate with the machine. Affective computing [13] has
opened the path to new types of human-computer interfaces that
adapt to affective cues from the user. As one of the main goals of
games is to provide emotional experiences such as fun and
excitement, affective computing is a promising area of research to
enhance game experiences.

Two main objectives for emotion assessment in games are: (i)
evaluating the game from a user-centered perspective [11], (if)
maintaining involvement of the player by adapting game
difficulty or content to induce particular emotional states [4, 16].
The first objective can be accomplished by using subjective and
objective evaluations like self-reports and observational analysis.
However, Mandryk et al [11] proposed to use online automatic
assessment of emotions to avoid biased self-reports and extensive
analysis of observational data. For the second objective,
automatic assessment of emotions is mandatory for the game to
adapt in real time to the feelings and involvement of the player,
without interrupting his or her gaming experience. The present
work focuses on the later objective although it can also have
implications on the first.

Since emotion can be expressed via several channels various
modalities can be used to analyze and determine emotional states
of a player. In this study physiological signals from both the
peripheral and central nervous system were used for this purpose.
The choice of using central signaling in addition to peripheral
data was done because the implication of the brain in emotional
processes is now fully demonstrated and a number of studies have
shown the usability of peripheral signals for emotion recognition,.
As to the choice itself of physiological signals, we believe that
they cannot be easily faked as is the case with speech or facial
expressions. Since this is a work in progress only results from the
peripheral signals are presented.

Games can elicit a lot of different emotional states but not all of
them are useful to maintain involvement in the game. Many
representations of the player affective state have been used in
previous studies like anxiety, frustration, engagement, distress
and the valence / arousal space [7, 16]. According to emotion and
flow theories [5, 6] strong involvement in a task occurs when the
skills of an individual meets the challenge of a task (Figure 1).
Too much challenge would raise anxiety but not enough would
induce boredom. In a game, this change of state can occur due to
two main reasons. First, the difficulty is increased because of the



progression in the different levels but too fast compared to the
competence increase of the player (potentially giving rise to
anxiety) or the competence of the player have increased while the
game remained at the same difficulty (potentially giving rise to
boredom). In both cases, the challenge should be corrected to
maintain a state of pleasure and involvement, showing the
importance of having games that increase their difficulty
according to the competence and emotions of the player. Based on
this theory, we defined three emotional states of interest that
corresponds to three well separated areas of the valence arousal
space: boredom (negative-calm), engagement (positive-excited)
and anxiety (negative-excited).
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Figure 1. Flow chart and the suggested automatic adaptation
to emotional reactions

This work attempts to verify the validity and usefulness of the

three definied emotional sates by using a Tetris game where the

challenge is modulated by changing the level of difficulty. Self-

reports as well as physiological activity were obtained from

players. Using those data, three hypotheses were tested:

- HI: playing at different levels of difficulty will give rise to
different emotional states;

- H2: those emotional states (and the underlying conditions)
can be assessed using central and peripheral signaling;

- H3: as the skill increases, the player will switch from the
engagement state to the boredom state.

The protocol used to gather self-reported and physiological data
as well as methods used to analyse those data are described in
section 2. Results of those analysis and validation of the different
hypothesis are presented in section 3. Finally, this study open the
way to new reasearch paths in section 4.

2. METHODS

2.1 Data collection

In order to test hypotheses, a gaming protocol was designed for
acquiring physiological signals and gathering self-reported data.
The Tetris game was chosen in this experiment for the following
reasons: it is easy to control the difficulty of the game (speed of
falling blocks), it is a widely known game so that we could expect
to gather data from players with different skill levels (which
occured), and it is playable using only one hand. The last reason
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is mandatory since the other hand is used for some of the data
acquisition sensors.

20 participants (mean age: 27, 13 males, all right handed) took
part in this study. After signing a consent form, each participant
played Tetris several times to determine the game level where
he/she reported engagement. This was done by using the
threshold method, starting from a low level and progressively
increasing it until engagement was reported or starting from a
high level and decreasing it. The average of the obtained levels
was then considered as the participant skill level. Depending on
this skill level, three experimental conditions were determined:
medium condition (game difficulty equal to the player’s skill
level), easy condition (lower difficulty, computed by subtracting 8
levels of difficulty from the player’s skill level), and hard
condition (higher difficulty, computed by adding 8 levels).

Participants were then equipped with several sensors to measure
their peripheral physiological activity: a GSR (Galvanic Skin
Response)sensor to measure skin resistance, a plethysmograph
device to record relative blood pressure, a respiration belt to
estimate abdomen extension and a temperature sensor to measure
palmar changes in temperature. Those sensors are known to
measure signals that are related to particular emotional activation
as well as usable for emotion detection [2, 3, 8]. In addition, an
EEG system was used to record central signaling from 14
participants. As demonstrated in other studies, EEG’s can help to
assess emotional states and is also useful to provide an index of
task engagement. However, their analysis is still work in progress;
only results from peripheral signaling are presented in this paper.
Our preliminary results related to the fusion of peripheral signals
with EEG’s for classifying emotional states however show an
improvement with respect to using peripheral signals only [3]. All
signals were recorded at a 1024Hz sampling rate using the
Biosemi Active 2 acquisition system.

Once equipped with the sensors, participants played 6 sessions of
Tetris. Each session lasted for 5 minutes and corresponded to one
of the three experimental conditions. Each experimental condition
was applied twice and in a random order to account for side
effects of time in questionnaires and physiological data. The goal
of participants was to perform the highest score as possible. To
motivate them toward this goal, a prize was offered to participants
with the highest score in three competence categories. After each
session, participants filled in a questionnaire with 30 questions
related to both the emotions they felt and their level of
involvement in the game. The answer to each question was given
on a 7 points Likert scale. Additionally, participants rated their
emotion in the valence-arousal space using self-assessment
manikin [12] scales.

2.2 Data analysis

To test for hypothesis H1, a factor analysis was performed on the
questionnaires to find the axes of maximum variance, and the
answers were projected in this new space. An ANOVA test was
applied to those new variables to check for differences in
distributions of judgment for the different conditions.

Prior to analyze physiological data it is necessary to preprocess
signals and extract features that are known to be related to
emotion activation. All signals were first filtered by a moving
average filter to remove noise. For this purpose we used filters of
length 512 for GSR, 128 for blood pressure, and 256 for



Table 1. Description of features extracted from peripheral signals and results of the anova test for the 3 difficulty levels.
* stands for a p-value < 0.5 and ** for a p-values < 0.1

The last column indicate the trend of the median value for the 3 difficulty levels. For instance “ indicate that the median
deacrease from the easy to the high level while = 7 indicate its stability between the easy and medium condition and an increase

to the hard condition

Per'l pheral Extracted features Comments F-value p-value Trenfl of
signal median

GSR Mean skin resistance Estimate of general arousal level 5.5 <0.01 ** N
Mean of derivative Average GSR variation 2.8 <0.1* N2
Mean of derivative for negative Averagfe decrease rate during 31 <0.05 ** N
values only decay time
Proportion of negative samples | Importance and duration of the
. . . 6.7 <0.01 * %
in the derivative vs. all samples | resistance fall

Blood pressure | Mean value Estimate of general pressure 1.2 0.31
Standard deviation E.Stlmat.e .Of blood pressure 0.7 0.5

(in)stability

Heart rate Mean of heart rate - 3.7 <0.05 ** %

Mean of heart rate derivative ESt}m%t%Ons of heart rate 2.9 <0.1* -7
variability

Standard deviation of heart rate | Average heart rate variation 0.6 0.55
Main frequency computed as

Respiration the frequency having the - 0.5 0.6
highest energy.
Standard deviation Variation of the respiration signal 5 <0.01 ** -7
M.a xumum value minus Dynamic range 1 0.35
minimum value

Temperature Mean value Estimate of general temperature 6.7 <0.01 **
Average derivative Average temperature variation 10 <0.01 **

respiration. Those different lengths were chosen to remove high
frequencies without corrupting oscillations of interest. A baseline
was also removed in all signals to account for changes of
physiological variables due to time and movements during the
feeling of questionnaires. The baseline was computed for each
session, for GSR and blood pressure signals only. It was defined
as the average of signals taken between 1 min 30 s and 30 s
before the beginning of the session.

Table 1 presents the list of features that were computed from the
different signals on the 5 min duration of the session. GSR signals
have two different components: a tonic level and a phasic
responses. The phasic response can occurs when there is a
spontaneous event of high arousal. The extracted features try to
characterize both components. It was also shown that the average
GSR value is correlated with arousal [8, 10]. The plethysmograph
is a device that is clipped on a finger to continuously measure
relative blood pressure in the vessels. Since at each heart beat
there is an increase of blood pressure, heart rate was computed by
finding the local maxima of the signal. Blood pressure and heart
rate variability are variables that have significant correlation with
defensive reactions [8] and pleasantness of stimuli [10]. The
increase of blood pressure during fear and anger is one of the
most consistent findings in emotion research from autonomic
activity [17]. In [15] an increase in heart rate for many basic
emotions was observed. The respiration signal is obtained by a
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belt that measures the expansion of the abdomen related to the
quantity of inspired and expired air. Slow respiration is linked to
relaxation while irregular rhythm, quick variations, and cessation
of respiration correspond to more aroused emotions like anger or
fear [9, 15]. Laughing is also known to affect the respiration
pattern by introducing high-frequency fluctuations of the recorded
signal. To capture those fluctuations several features are therefore
used (Table 1). To obtain the main respiration frequency it is
necessary to compute the power spectral density. This was done
by using the Welch algorithm with a time window of 20 s. Palmar
skin temperature was also recorded since it changes in different
emotional states [10]. Extracted features were chosen to represent
the variations and tonic level of temperature.

As for the questionnaire, the physiological features were subject
to an ANOVA test to search for differences in activations in the
different conditions and check the relevance of each feature for
emotion assessment. Hypothesis H2 was analyzed by training an
RBF SVM (Radial Basis Function Support Vector Machine) [1]
classifier on relevant physiological features to recover the three
original conditions. For each participant the classifier was trained
using features of the other participants; accuracy was then
computed by applying the trained model on the physiological data
of the tested participant. The gamma parameter of the RBF SVM
was chosen to maximize accuracy on the training set. Since the
classifier is tested on the data of participants that are not present



in the training set, this method allows evaluating the performance
of the classifier in the worst case where the model is not user-
specific, i.e. no information about the specificity of the user’s
physiology is required for emotion assessment, except a baseline
recording of 1 min.

Hypothesis H3 was tested by focusing on the data of the two
sessions corresponding to the medium condition where the
participant is expected to be engaged. Both physiological and
questionnaire data were analyzed using a pairwise t-test to verify
if there was a decrease of engagement from the first to the second
session.

3. RESULTS AND DISCUSSION

The factor analysis applied on the questionnaires allowed for the
definition of two components accounting for 55.6% of the
variance. Based on the weights, the factors were interpreted as
positive valence and arousal. The first component was positively
correlated with questions related to pleasure, interest, motivation
and focus while the second was positively correlated with
question corresponding to levels of excitation and pressure and
negatively correlated with calm and control levels. The ANOVA
test, applied on the data projected in this two component space
(see Figure 2), showed that participants felt lower valence for the
easy and hard conditions than for the medium one (F=46, p<0.01).
Differences in the three arousal distributions demonstrated that
increasing difficulty led to higher reported arousal (F=232,
p<0.01). This demonstrates that an adequate level of difficulty is
necessary to engage players in the game and that the different
playing difficulties successfully elicited different emotional states
with different levels of valence and arousal.
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Figure 2. Mean and standard deviation of judgements for
each axis of the two component space (valence and arousal)
and the different difficulties (diff.): easy, medium (med.) and
hard.

Results of the ANOVA test for the peripheral features are
presented in Table 1. A decrease in GSR and temperature
average values was observed when increasing game difficulty. An
increase of heart rate was also found. Those results are known to
be related to an increase of arousal ([8, 10]) and thus confirm the
results obtained from the analysis of questionnaires. As can be
seen from Table 1 a total of nine features where found to have
significantly different distributions among the three difficulties.
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One feature of interest is the average GSR derivative because
values of this feature are lower for the medium condition than for
the two others, showing that this condition can elicit particular
peripheral activation.

By using the nine relevant peripheral features to train and test the
RBF SVM, an accuracy of 53.33% was achieved for
discriminating between 3 classes: boredom, engagement, anxiety.
Table 2 presents the confusion matrix for the 3 classes: it can be
seen that the boredom condition, followed by the anxiety
condition, were correctly classified while samples from the
engagement condition tends to be classified as anxious or bored
samples. This is not surprising since this condition lies in between
the others. Notice that 30% of the samples belonging to the
anxiety class are classified as bored samples, this can be due to
fact that some participants completely disengaged from the task
because of its difficulty reaching am emotional state close to
boredom.

A pairwise t-test on the variables of the questionnaire for the
medium condition showed a negative trend in the questions “I had
pleasure to play” (t=-1.8, p<0.09) and “I had to adapt to the
interface” (t=-3, p<0.06). From peripheral signals, an increase in
mean GSR (t=3, p<0.01) and average derivative of temperature
(t=2.3, p<0.04) was found as well as a decrease in average heart
rate (t=-1.9, p<0.08). Those results are indicative of a decrease of
arousal and pleasure while playing twice in the same condition,
thus supporting the third hypothesis. The result obtained for the
question “I had pleasure to play” gives a cue that this decrease
could be due to an increase of player’s competence. However
competence was not measured with reliable indicators to confirm
this possibility. In any case, those results demonstrate the
importance of having automatic adaptation of game’s difficulty
even if the challenge of the game remains the same.

Table 2. Confusion matrix for the three classes.

Classified Easy Medium Hard

True (Boredom) (Engagement) (Anxiety)
Easy (Bored.) 72.5% 20.0% 7.5%
Medium (Eng.) 37.5% 20.0% 42.5%
Hard (Anxiety) 29.0% 2.6% 68.4%

4. CONCLUSION

This study investigated the possibility and the interest of emotion
assessment from physiological signals to adapt the difficulty of a
game. The results obtained from self-reports and physiological
analysis showed that playing a Tetris game at different levels of
difficulty, chosen according to the skill of the player, gave rise to
different emotional states that can be defined as boredom,
engagement and anxiety. At least two of those emotional states
could be detected from physiological signals with good accuracy.
It was shown that the engagement of a player can decrease if the
game difficulty does not change. This demonstrates the interest of
modulating the difficulty of the game according to the emotions
of the player.

Future work will focus on the improvement of the detection
accuracy. Reducing participant variances as well as session
variances by improving the current baseline is certainly a step in
that direction. The analysis of EEG signals should also be



continued. Preliminary results indicate that fusion of the EEG and
peripheral signals will certainly increase the -classification
accuracy. Another question of interest is to determine the number
of classes to be detected. Since boredom and anxiety are detected
with high confidence it might be enough to use those two classes
for adaptation to the game difficulty. Moreover, from the
observation of Figure 1, one can conclude that it is more
interesting to adapt the difficulty of the game solely based on the
increase of competence because it leads to a stronger change of
state in the flow chart and stimulates learning. In this case only
the detection of boredom is of importance to modulate difficulty.
This also implies to more clearly define what are the relations
between emotions, competence and learning wich is one of our
research interest. Another issue is the problem of disengagement
in hard conditions. In this case, the adaptive game we propose
would increase the level of difficulty since the detected emotion
would be boredom, which is not the proper decision to take. A
solution could be to use contextual information such as the
current level of difficulty and the direction of the last change in
difficulty (i.e. increase or deacrease). Analysis of the
physiological signals should also be conducted on the basis of the
events in the game and not only for the complete 5 min of a
session since emotions (e.g. anxiety) can occur in any of the
sessions. Finally, the last step will be to implement an adaptive
Tetris game and verify that it is more fun and enjoyable than the
standard one.
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