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Abstract

This paper presents an experiment aimed at exploring the relation between facial actions

(FA), heart rate (HR) and emotional states, particularly stress and boredom, during the in-

teraction with games. Subjects played three custom-made games with a linear and constant

progression from a boring to a stressful state, without pre-defined levels, modes or stopping

conditions. Such configuration gives our experiment a novel approach for the exploration of

FA and HR regarding their connection to emotional states, since we can categorize infor-

mation according to the induced (and theoretically known) emotional states on a user level.

The HR data was divided into segments, whose HR mean was calculated and compared in

periods (boring/stressful part of the games). Additionally the 6 hours of recordings were

manually analyzed and FA were annotated and categorized in the same periods. Findings

show that variations of HR and FA on a group and on an individual level are different

when comparing boring and stressful parts of the gaming sessions. This paper contributes

information regarding variations of HR and FA in the context of games, which can poten-

tially be used as input candidates to create user-tailored models for emotion detection with

game-based emotion elicitation sources.
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Skövde, Sweden.

Email addresses: fernando.bevilacqua@his.se (Fernando Bevilacqua), henrik.engstrom@his.se

Preprint submitted to Entertainment Computing October 30, 2017



1. Introduction

A general definition of emotions is that they are biologically based action dispositions

that have an important role in the determination of behavior [2]. Emotions are multimodal

responses to a situation causing changes in expressive behavior [3], e.g. facial activity, and

physiological activity [4], e.g. heart rate (HR). Methods for processing such changes to

recognize user emotions have been proposed in the domain of human-computer interaction

[5], affective computing [6] and game research [7], often involving the mapping of signals

into emotional states using machine learning models [8].

In the context of games, a variety of physiological signals have been used to automati-

cally assess different emotional states [9, 10, 11]. Significant differences in HR, for instance,

are reported at stressful periods of gameplay [12, 13, 14], including different levels of game

difficulty in Tetris [15] and fast/slow conditions in an adapted version of Pacman [16]. Ad-

ditionally the analysis of facial behavior shows that increased activity of the zygomatic [16]

and the corrugator [17] muscles, associated with smiling and frowning respectively, are more

frequent during particularly emotional game events. The variations of those psychophysio-

logical signals have the potential to be used as sources for emotion detection.

However, while previous work explored the use of games as elicitation sources for recog-

nizing user emotions, relying on the emotional states a person can experience [18] and which

physiological signals are better predictors of such states [19], they lack a more user-tailored

approach for studying the variations of signals. Emotional states such as stress and boredom

are often inducted by administering a game with the same particular setup, e.g. high/low

difficulty, to all subjects. People respond differently to media according to their personality

[20], and they differ in social, learning and play styles [21]. A game session labeled as stress-

ful, for instance, assumes that all subjects have the same expectations and behave similarly,

which dilutes the individuality of each person as some might experience the interaction as

not being stressful as intended. Additionally the analysis usually involves the interaction of

subjects with some game levels (from the same game) featuring a constant difficulty scale,

(Henrik Engström), per.backlund@his.se (Per Backlund)
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which does not contemplate the variations of signals in a context where the game difficulty

is constantly increasing in the same game level/session.

In this paper, we propose a different approach to explore the relation between facial

activity, HR and emotional states, particularly stress and boredom, during the interaction

with games. We designed and carried out an experiment involving games as emotion elicita-

tion sources, which were deliberately designed to cause the aforementioned emotional states

in a novel configuration. Our approach consists of recording participants while they play

three different games that were carefully designed and developed to have a difficulty level

that constantly and linearly progresses over time without a pre-defined stopping point. At

the beginning the games are highly predictive, without novelties, changes or surprises and

with emphasis on the passage of time during a wait, which leads to an emotional state of

boredom [22, 23, 24]. The game difficulty is then periodically increased until the subject is

not able to cope with the challenges at hand, which happens at different times for different

subjects. The ever-growing game difficulty leads to an emotional state of stress towards the

end of the interaction.

The purpose of our experiment is to investigate how responses related to physiological

activity, i.e. HR, and facial actions (FA), defined by us as being any facial movement different

from a neutral face, e.g. lips contraction, relate to emotional states in a game context

featuring constant changes in difficulty. As a result, we present an analysis regarding the

changes in the HR mean and annotated FA that happened during the phases of the games

that were perceived as being boring and stressful. Our main contribution is twofold: firstly

we introduce a different structure for emotion elicitation in our games, which account for

personal differences among subjects when inducing an emotional state of stress. Secondly

we present information, on group and individual level, about the variations of HR and

naked-eye recognizable FA that happened during the interactions with such different game

structure, especially under situations that were designed to provoke boredom and stress.

The aim of this paper is to provide information regarding the variations of HR and FA

when compared in boring and stressful moments of a game, which can potentially be used

as input candidates to create user-tailored models for emotion detection when games are
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used as emotion elicitation sources. Additionally we highlight the heterogeneous nature of

our group of subjects that have significantly different ages and gaming experiences, which

produces a diverse sample for the investigation of changes in HR, FA and emotional states.

2. Related Work

2.1. Games and emotional states

A game is defined as a system in which players engage in an artificial conflict, defined

by rules, that results in a goal [25]. The difficulty level of the challenge affects the emo-

tional state of players, e.g. moments of boredom or anxiety/stress [24]. A challenge beyond

the player’s skill to address and overcome it causes anxiety, while the opposite results in

disinterest, leading to boredom [26]. An ideal challenge/skill balance produces an optimal

experience and concentration state called flow [27], which is vastly connected to engage-

ment/immersion [28] and sense of presence [29]. Game design may also be described as the

effort to induce states of flow and presence [30, 31].

2.2. Heart rate, stress and frustration

Physiological signals are considered reliable sources of information since they are hard

to fake (because of their link to the autonomic nervous system), differently from facial

expressions, for instance [32]. The use of physiological signals, such as HR, have been

demonstrated as player input for games [33], indication of perceived interest and confusion in

mobile applications [34], triangulation of psychophysiological emotional reactions to digital

media stimuli [35], and as measurement of frustration in a game [13]. Those approaches rely

on physiological arousal [36] and its connection to emotion regulation [37, 38]. Vandeput

et al. [39] and Garde et al. [40] demonstrate that higher HR and differences in heart rate

variability (HRV) are present in mentally demanding tasks when compared to a rest period.

Similarly Bousefsaf et al. [10] show that the stress state curve tends and HR to decrease

during the rest period and increase during stress sessions, in accordance with previously

mentioned works. The standard deviation of HRV has also been reported as significant in

the monitoring of arousal, however low and high frequencies of HRV present less weight in
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the monitoring compared to other signals, e.g. skin conductance [41]. Finally McDuff et al.

[42, 43] also use HR and its variants in order to measure cognitive stress during computer

tasks. According to the authors, the average HR and breathing rate are not significantly

different in any case, which differs from the findings of previously mentioned work.

2.3. Facial features and emotional state

The main manifestation of anxiety in the human face involves activities related to eyes

(e.g. blinking), mouth (e.g. lip deformation), cheeks, and head movements [44]. The

Facial Action Coding System (FACS) [45, 46] is a widely used taxonomy for characterizing

facial activity, however facial analysis based on Euclidean distances of points has also been

reported as successful [47]. Emotion detection based on extracted facial features are often

performed by machine learning models [48, 49] that achieve significantly different results,

which highlights the complexity of correlating facial features and emotions. Heylen et al.

[50] report the occurrence of a variety of expressions in a pilot experiment, but most of

the time subjects remain with a neutral facial expression. Grafsgaard et al. [51] presents

brow lowering as a positive predictor of student frustration in the context of a tutoring

system, but the same facial activity has been correlated with confusion by previous work.

Bailenson et al. [52] show that a machine learning model for emotion detection built from

a combination of facial and physiological information is more efficient than a model built

with either one alone. Additionally a person-specific model outperforms a model trained

with data from all subjects, suggesting that a user-tailored model might be more effective

in identifying features (even the more subtle ones) than a general-purpose model.

2.4. Summary

Some of the previously mentioned works rely on subjects performing tasks on a computer,

e.g Vandeput et al. [39], Garde et al. [40], or interacting with gamified cognitive tests,

e.g. McDuff et al. [43], Bousefsaf et al. [10], Grundlehner et al. [41], to study the relation

between signals and emotional states. Those are game-like emotion elicitation sources that

are less likely to evoke the same emotions a subject has when interacting with a game,
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which has decisions and consequences that might produce a deeper emotional involvement.

When games (as defined in Section 2.1) are used, they are often commercial off-the-shelf

(COTS) games whose difficulty level has been designed to serve and entertain a broad

audience, not to induce boredom or stress. Sharma et al. [12], for instance, used three

unchanged COTS games in an assessment of computer games as a psychological stressor,

which relied on subjects gaming skills to perceive a game as stressful. Similarly Ravaja

et al. [14] used an unchanged COTS game to measure phasic emotional responses. Chanel

et al. [15] used an unchanged version of Tetris whose level of difficulty for each subject was

selected based on repeated interactions with the game followed by analysis of self-reported

levels of engagement. It familiarizes subjects with the game and prepare them for the chosen

difficulty level. When COTS games are adapted to the needs of researchers, e.g. increased

speed in Pacman to cause stress [16], subjects interact with pre-defined game modes (e.g.

slow, fast and normal mode), which assumes that all players behave similarly and have the

same expectations. Finally Rodriguez et al. [13] used a custom-made game designed to

induce frustration in the subjects, however the experiment aim was to evaluate emotional

regulation strategies in adolecents, not variations of psychophysiological signals in a context

involving games as emotion elicitation sources. As opposed to previously mentioned works,

our approach consists of using a induced boring to stressful mechanics in games to produce

variations in the emotional state of participants. Our experiment uses custom-made games

with a linear and constant progression from a boring to a stressful state, without pre-

defined levels, game modes or stopping conditions. We believe such configuration gives our

experiment a novel approach for the exploration of facial actions and HR regarding their

connection to emotional states, since we can categorize information according to the induced

(and theoretically known) emotional states on a user level. To the best of our knowledge,

this is the first experiment where games with linear boring-to-stressful progression are used

to deliberately induce emotional reactions.
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3. Experiment Setup

Twenty adult participants of both genders (10 female) with different ages (22 to 59, mean

35.4, SD 10.79) and different gaming experience gave their informed and written consent

to participate in the experiment. The study population consisted of staff members and

students of the University of Skövde, as well as citizens of the community/city. When asked

how skilled subjects believe they are at playing video games, 1 subject (5%) reported no

skill, 10 (50%) reported not very skilled, 7 (35%) reported moderately skilled and 2 (10%)

reported very skilled. When asked the number of hours per week they had played any type

of video game over the last year, 2 subjects (10%) reported more than 10, 6 (30%) reported

5 to 10, 2 (10%) reported 3 to 4, 2 (10%) reported 1 to 3, 4 (20%) reported 0 to 1, and 4

(20%) reported no activity. Those numbers indicate that our population has a diversity of

gaming experience and playing frequency, which provides us with information that is less

skewed towards specific profile of players, e.g. hardcore players. Subjects were seated in

front a computer, alone in the room, while being recorded by a camera and measured by

a heart rate sensor. The camera was attached to a tripod placed in front of the subjects

at approximately 0.6m of distance; the camera was slightly tilted up. A spotlight, tilted

45◦ up, placed at a distance of 1.6m from the subject and 45cm higher than the camera

level, was used for illumination; no other light source was active during the experiment.

The experiment setup is based on similar emotion assessment experiments conducted by

previous work [53, 43, 15, 10]. Figure 1 illustrates the setup.

The participants were each recorded for about 25 minutes, during which they played

three games (detailed in section 3.1). Each game was followed by a computerized question-

naire related to the game and to stress/boredom. The first two games were followed by a 140

seconds rest period, where the subjects listened to calm classic music. The last game was

followed by an additional questionnaire about age and gaming experience/profile. The order

in which the games were played was randomized among subjects. Before the start, partic-

ipants received instructions from a researcher that they should play three games, answer

a questionnaire after each game and rest. They were told that their gaming performance
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Figure 1: Experiment setup. Subjects were recorded while alone in the room during the gaming session

was not being analyzed, that they should not give up in the middle of the games and that

they should remain seated during the whole process. The transition among games, resting

periods and questionnaires was completely automated by software.

3.1. Games and stimuli elicitation

The three games1 used in the experiment were 2D and casual-themed, played with mouse

or keyboard in a web browser. The games were carefully designed to provoke boredom

at the beginning and stress at the end, with a linear progression between the two states

(adjustments of such progression are performed every 1 minute). The game mechanics were

chosen based on the capacity to fulfill such linear progression, along with the quality of not

allowing the player to instantly kill the main character (by mistake or not), e.g. by falling

1Source code available at: https://github.com/Dovyski/face-tracking-games
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into a hole. The mechanics were also designed/selected to ensure that all subjects would

have the same game pace, e.g. a player must not be able to deliberately control the game

speed based on his/her will or skill level. We used well-established genres for the games, but

tailored them to meet the previously mentioned requirements, e.g. controllable pace, linear

challenge progressions from extremely easy to extremely hard. We assumed subjects would

be more familiarized with such genres. The game Tetris was included under the assumption

that it was very well known by subjects. We did not rely on COTS games because their

difficulty level is usually designed to serve and entertain a broad audience, not to induce

boredom or stress. Additionally they are less likely to present mechanics that meet our

requirements, such as a controllable pace, prevent players from instantly killing the main

character, and a linear challenge progression from a boring to a stressful state, which are

the foundation of our games as emotion elicitation.

The Mushroom game, illustrated in Figure 2 (left), is a puzzle where the player must

feed a character by dragging and dropping mushrooms in rounds. In a given round, M

mushrooms are displayed in a grid and the player has K seconds (a decreasing time bar at

the top informs the remaining time) to collect good and discard bad (poisonous) mushrooms.

At the upper-right corner of the screen, a sign informs the player about the bad/poisonous

mushroom of the round. The player must drag and drop all good mushrooms (the ones

different from the poisonous indication) into the character, while dragging and dropping the

bad ones into the trash can. Mushrooms are differentiated by the colors of their features

(circles). The player is rewarded with score points, a health bar increase (HBI) and a

pleasant sound when a right move is performed. In case of mistake a health bar decrease

(HBD) and an annoying/aggressive alarm sound is applied. If the time K is over and the

player has not finished moving all the mushroom of the round, each remaining mushroom

in the grid is counted as a mistake. If the grid is clean and there is still time available, the

player must wait until the time is over. The values of M , K, HBI and HBD are used to

induce boredom/stress. At the beginning, M is low (starts with 2) and K is high (starts

with 45 seconds), so the player spends a significant amount of time waiting for the game

to continue; every 1 minute the value of M is increased and K is decreased. The changes
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continue to happen until the player is unable to deal with the amount of mushrooms within

the available time. This leads to mistakes that will eventually decrease the health bar to zero,

terminating the game. After the mark of 6 minutes, the game becomes virtually impossible

to beat.

The Platformer, illustrated in Figure 2 (center), is a side-scrolling, endless runner

game where the player must control the main character while collecting hearts and avoiding

obstacles (skulls with spikes). The character can jump (by pressing the up arrow key in the

keyboard) or slash (S key), however the player is not able to move the main character left or

right, it remains in the same position on the screen (towards the left side of the screen). The

character moves on top of platforms, which are always perfectly connected, so there are no

gaps (holes) among them; the height of the platform can vary, however, so there might be a

slope up/down connecting two platforms, for instance. If the character hits an obstacle, the

health bar is decreased (HBD) and a sound effect related to pain is played. If any heart is

collected, the health bar increases (HBI) and a pleasant sound effect is played. The position

where the hearts appear on each platform is adjustable (defined by HH), so they can appear

close to the platform (no action is required to collect the heart) or a bit higher from the

ground (jump action is required to collect the heart). The speed of the character (S, which

is the velocity at which elements are moving on the screen), the height variation of each

new platform that appears on the screen (HV ), the amount of hearts (G) and obstacles

(E) per platform are all controlled by the game and used to adjust boredom/stress. At the

beginning, boredom is induced by keeping all previously mentioned parameters with low

values, which means the game is slow, the character moves from platform to platform at the

same height and almost no hearts or obstacles appear on the screen. The few hearts that are

available are placed close to the ground to destimulate jumping actions. As time progresses,

the values of S, E, HV , HBD and HH increase, while G and HBI decrease to induce the

player to a stressfull state. At the mark of 5 minutes, for instance, the game is significantly

fast, with several obstacles on the screen and almost no hearts to collect; the damage caused

to the character when hit by an obstacle is also higher than the beginning of the game. The

linear increase in difficulty will eventually result in consecutive hits (mistakes), which will
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Figure 2: Mushroom (left), Platformer (center) and Tetris (right). In Mushroom, player has to drag and

drop the correct mushrooms into the character, discarding the wrong ones into the trash. In Platformer,

the player has to jump over or slide under obstacles while collecting hearts. In our version of Tetris, there

are no hints about the next piece to be added to the screen

decrease the health points until zero, when the game ends.

Finally the game Tetris, shown in Figure 2 (right), is a modification of the original Tetris

game. In our version of the game, the next block to be added to the screen is not displayed,

so the player is unable to predict future moves. Additionally, the down key, usually used to

speed up the descendant trajectory of the current piece, is disabled. The keyboard controls

are the arrow keys to move the piece left/right and the R key to rotate the piece. The game

is also modified to ensure that all subjects received the same sequence of pieces (we use the

same seed for the generation of random numbers). The speed that the pieces fall (S) is used

to control boredom and stress; at the beginning of the game, boredom is induced by using a

low value for S, which makes the game slow since the pieces are falling slowly and the player

is unable to speed them up. As time progresses, S increases linearly making the game faster

and harder to play, which should induce stress. At the mark of 5 minutes, for instance, a

single piece takes almost 1 second to traverse the whole screen.

3.2. Data collection

During the whole experiment, subjects were recorded using a Canon Legria HF R606

video camera. At the same time, their HR was measured by a TomTom Runner Cardio

watch (TomTom International BV, Amsterdam, Netherlands), which was placed on the left
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arm, approximately 7cm away from the wrist, like a regular wrist watch. The usage of the

watch was unobtrusive, so it did not affect the movements of the subjects, who could still

use both hands to play the games. The watch recorded the HR at 1 Hz.

3.3. Questionnaires

After each game, subjects answered a questionnaire in order to provide self-reported

stress and bordeom measurements. The questionnaire had six questions: the first four

were a 5-point Likert scale related to how the player felt related to stress/boredom at the

beginning/end of each game (1: not stressed/bored at all, 5: extremely stressed/bored); a

question to identify the part of the game that best describes the moment the subject enjoyed

the most (very beginning, after beginning and before middle, middle, after middle and before

end, very end); finally a question asking if the subject understood the game. Before the

end of the experiment, subjects answered a final questionnaire with nine questions, which

were related to: age; gender; number of hours per week spent with games over the last

year (question from the video game experience questionnaire [54]); how proficient or skilled

the subject believe themselves to be at playing video games (question from the Survey of

Spatial Representation and Activities - SSRA [55]); familiarity with puzzle, platform and

Tetris games; current state of mind compared to other days (e.g. normal, unusually stressed,

etc.); and gaming profile (like, dislike challenging games).

4. Analysis

The following subsections present the methodology we used to analyse the data regarding

HR, FA and questionnaire answers. Based on previous work regarding variations of HR and

FA in the context of emotions, we expect that both will vary and be different when comparing

the beginning (boring part) and the end (stressful part) of the games. Such difference, if

confirmed, shows the potential of HR and FA as input candidates for emotion detection

models founded on game-based emotion elicitation. Subject 9 had problems to play the

Platformer game, so data from this subject, in this particular game, was not used in any

analysis nor results.
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4.1. Heart rate

Firstly we removed from the set of all HR readings obtained during the experiment values

that were equal to zero assuming they were miss-readings. After we calculated the baseline

HR value for each subject (Bs) as:

Bs =
1

2
(HRr1,s + HRr2,s) (1)

where s indicates the subject and HRr1,s, HRr2,s are the mean HR during the first and

the second resting period (for subject s), respectively. Bs is assumed to be the “expected”

HR of a given subject while resting. The average difference between HRr1,s and HRr2,s for

each subject was 2.34 bpm.

We then calculated the HR mean coefficient Cg,t
s , which is the HR mean of a subject

while playing a game during a given period of 60 seconds:

Cg,t
s =

1

60

60∑
n=1

HRs,g(t · 60 + n) (2)

where s is the subject, g is the game being played (M for Mushroom, P for Platformer

or T for Tetris), t is the period and HRs,g(k) is the HR measured from subject s, in game

g at the mark of k seconds. Since each subject played each game for more than 60 seconds,

there is more than one period for each subject for a given game. The t component of Cg,t
s

specifies which of such periods the HR mean refers to. For instance, t = 0 comprehends

the period from time 0:00 until time 1:00 of a given game, t = 1 is the period from time

1:01 until 2:00, and so on. As an example, the HR mean coefficient CP,1
2 is the HR mean of

subject 2 while playing the Platformer game from time 1:01 to 2:00.

HR values are specific to each individual, so we calculated the relativized HR mean

coefficient, V g,t
s , by subtracting Cg,t

s from Bs as:

V g,t
s = Cg,t

s −Bs (3)

V g,t
s accounts for values that are related to changes instead of absolute HR measurements,

which are significantly more suitable for comparison among different subjects, or within the
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same subject.

Based on previous work regarding variations of HR and emotions, we expect differences

in the HR mean between the last and the second minutes of gameplay. The reason why

we choose t = 1 (second minute of gameplay) instead of t = 0 (first minute of gameplay)

for our analysis is because we believe the first minute of the game might not be ideal for a

fair comparison. Firstly during the first minute of gameplay, subjects are less likely to be in

their usual neutral emotional state. They are more likely to be stimulated by the excitement

of the initial contact with a game soon to be played, which interferes with any feelings of

boredom. Secondly subjects need a basic understanding and experimentation with the game

in order to judge if it is boring or not. As per our understanding, such conjecture is less

likely to be fulfilled during the first minute of gameplay then it is to be during the second

minute of gameplay.

4.2. Facial actions

The recordings of all subjects were analyzed by the main author who took notes of any

FA that were different from a neutral (resting) face, e.g. lips contraction, brow movement,

etc. Annotations were not performed periodically, e.g. every 5 seconds, instead they were

made only when the subject’s face changed from its neutral/resting state; as a consequence,

if the subject remained with a neutral face for a long period of time, no annotations were

made during that period.

We decided to use an empirical and non-standard approach for facial annotation as we

are not interested in facial expressions per se. We want to explore any facial action patterns

(standardized or not) that might be used as inputs for emotion detection models to infer

boredom/stressful states. This approach is not without its limitations, however it provides

a reasonable empirical perception of facial activity that is different from a neutral face,

which is satisfactory for our investigation. We believe FA are subtle and not necessarily

part of a complete facial expression, e.g. surprise face, so they might be better identified

in a context where annotations are made only when facial changes happen, as opposed to a

frame-by-frame analysis/annotation of a video, for instance.
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Figure 3: Annotated facial actions (FA). (a) Smile not showing teeth; (b) Smile showing teeth; (c) Lip

puckerer; (d) Lip stretcher; (e) Lip suck; (f) Lip pressor; (g) Lips parted; (h) Tongue touching lips; (i)

Mouth movement right; (j) Mouth movement left; (k) Lower lip bite; (l) Frown; (m) Brow raiser; (n) Lid

tightener; (o) Brow lowering

According to our design of the games, subjects are supposed to perceive the experience

during the beginning of the games as being more boring than the one at the end, while the

experience at the end should be perceived as more stressing than the one at the beginning

of the games. As a result, if we divide in half the game sessions of each subject, in theory

one of the two resulting parts is more likely to be perceived as more boring by the subjects,
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while the other is more likely to be perceived as more stressful. Using that assumption, FA

annotations were divided in two groups, the ones made during the period that corresponds

to the first half (H0) of the games and the ones made in the second half (H1). Our division

of the annotation aimed to identify any pattern regarding FA happening during periods

theoretically perceived as boring or stressful. After all annotations were made, we identified

which ones were unique and, based on that information, we counted the repetitions of such

unique actions across the games for all subjects. As a result, we obtained the frequency

that each FA appeared during all game sessions, as well as when they happened (in H0

or H1). We excluded from the list any FA that appeared just a single time during the

whole 6 hours recording, assuming that such action was noise or probably part of another

action. As a result we identified 17 unique FA that appeared in the recordings at least twice.

Excluding the talking and laughing FA, Figure 3 illustrates all our annotated FA. Finally

after all annotations were counted and categorized according to the period in the game,

we conducted a per-subject evaluation regarding the frequency of FA. For each subject, we

inspected which FA appeared in H1 of all three games with a higher frequency than in H0,

and vice versa (appeared in H0 of all three games with a higher frequency than in H1).

4.3. Self-reported questionnaire answers

Regarding the self-reported levels of stress and boredom provided by subjects after each

game, the answers were given according to the participant’s own interpretation of such levels.

As a consequence we are not able to treat the answers as a uniform scale with a defined

degree of difference among values. Because of that we decided to use a Wilcoxon Signed-rank

test to statistically check if the reported boredom levels at the end are significantly different

from the ones at the beginning of the games, as well as if the reported stress levels at the

end are different from the ones at the beginning of the games.
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5. Experimental Results

5.1. Self-reported questionnaire

We analyzed the difference between the reported boredom and stress levels at the be-

ginning and at the end of each game, according to the procedures described in Section 4.

For the Mushroom game, the reported boredom levels at the beginning (median 3.5) were

significantly higher than the reported levels at the end (median 1) of the game, Z = −2.69,

p < 0.01. Regarding the reported stress levels, values at the beginning (median 1) were

significantly lower than the reported levels at the end (median 3), Z = 3.63, p < 0.01.

For the Platformer game, boredom levels at the beginning (median 3) were higher than the

ones at the end (median 1), Z = −2.47, p < 0.05. Regarding stress levels, values at the

beginning (median 1) were lower than the ones at the end (median 4), Z = 3.79, p < 0.01.

Finally for the Tetris game, boredom levels at the beginning (median 4) were higher than

the ones at the end (median 2), Z = −2.97, p < 0.01. Regarding stress levels, values at the

beginning (median 1) were lower than the ones at the end (median 4), Z = 3.95, p < 0.01.

The self-reported answers support the idea that subjects perceived the three games as being

boring at the begin and stressful at the end, which was the intended result of our design

process.

5.2. Heart Rate

Table 1 presents the values of V , the relativized HR mean coefficient, for all subjects

in all games, grouped by intervals of 1 minute, calculated according to the description in

Section 4. Column g is the game being played, t is the period in the game and s is the

subject. Since all games were constantly changing in difficulty and subjects have different

gaming skills, there are subjects with no data entry for some t intervals, which means he/she

was defeated by the game earlier than other subjects were. Subject 9 had problems playing

the Platformer game, so data for that subject in that game was not used in the calculations.

A positive value in Table 1 represents a V (HR mean) that is above the subject’s baseline

Bs (mean HR while resting) for an specific period t. A negative value indicates that V in
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Table 1: Values of V g,t
s , the relativized HR mean coefficient, for all subjects (s) in a given game g (M is for

Mushroom, P for Platformer and T for Tetris), grouped by intervals (t) of 1 minute

s

g t 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

M

0 -3.8 2.2 -2.5 -3.1 -3.4 -2.5 0.4 3.5 -4.9 -2.8 -3.4 -0.2 -1.8 5.9 -4.9 6.5 -0.4 -3.3 4.4 2.1

1 -9.1 -1.4 0.3 -2.6 0.2 -3.7 -1.5 2.7 -4.9 -4.1 -10.3 0.0 -3.1 -3.1 0.2 5.6 2.5 -0.8 0.5 3.2

2 -4.8 -1.3 -0.1 -0.6 7.0 0.9 2.0 4.5 -0.8 -3.0 -9.2 4.1 0.1 -0.5 -0.1 5.4 2.8 2.4 2.6 4.8

3 -4.9 -0.7 -2.8 -1.5 1.5 0.3 2.4 5.1 -2.4 1.7 -4.6 2.4 0.4 -0.2 0.7 4.5 3.4 3.8 2.4 3.5

4 -3.9 -1.1 0.9 1.5 5.3 0.8 4.5 6.3 2.0 1.3 -3.6 3.3 1.6 6.9 0.0 4.5 2.9 3.4 9.9 9.1

5 0.3 2.4 1.4 1.7 11.9 -1.2 - - 4.4 10.2 1.6 6.2 - - 3.2 - 5.9 3.2 17.9 5.8

6 - - -1.2 -0.1 - - - - - - - - - - - - 3.3 - - 6.7

P

0 -1.7 1.3 0.4 -0.2 0.1 9.9 2.4 -1.7 -a -1.9 -2.7 0.8 5.7 19.7 6.0 0.2 5.9 -1.2 4.2 5.5

1 -1.6 -0.4 3.4 -0.9 -0.3 2.2 2.4 5.5 -a 2.4 -4.4 0.7 -1.5 4.1 4.9 -1.0 0.8 -0.2 3.7 7.7

2 1.9 9.7 0.8 -0.6 3.0 -1.1 1.3 3.9 -a 15.1 0.2 3.5 3.9 3.8 11.7 -0.7 2.8 0.4 4.0 10.6

3 3.0 9.3 2.5 -2.6 2.8 10.3 4.9 5.2 -a 21.6 3.2 5.4 9.2 4.6 9.9 - 2.1 2.6 7.9 10.4

4 5.9 6.8 - 8.0 5.3 - - - -a - - - 4.9 - 13.5 - - - - -

T

0 2.1 6.5 -2.1 -1.3 -4.0 5.7 3.4 4.2 8.3 3.2 2.1 -0.1 3.5 3.4 4.4 -1.2 7.8 -3.9 5.8 4.7

1 -2.7 0.0 -3.3 -1.2 -4.9 -0.1 4.3 4.2 2.7 2.9 0.0 2.6 2.2 -2.5 5.9 -1.3 4.2 -0.4 5.7 0.0

2 -1.7 2.6 2.4 -0.1 -2.3 4.3 3.5 -0.4 2.7 5.1 2.6 5.9 1.1 -1.1 5.3 -1.8 7.4 0.1 8.1 4.3

3 -1.9 -0.2 0.3 -2.2 0.8 5.4 2.1 3.8 - 5.2 2.2 5.4 -0.5 -2.5 4.7 -1.2 10.6 1.5 3.8 2.3

4 -0.8 3.0 - 0.9 - - - 7.8 - 9.2 0.2 6.6 - 3.4 5.6 -1.2 - 2.0 6.8 4.3

5 1.5 7.4 - -0.4 - - - - - 12.9 7.4 4.5 - 3.5 6.7 - - - 6.9 -
a Subject 9 had problems playing the Platformer game, so data from this subject during

this game was excluded.

that period is below the subject’s baseline Bs. Assuming n as the last minute of game-

play of a given subject in a game, by comparing the values at t = 0 (first minute of the

gameplay, perceived as boring) and t = n (last minute of gameplay, perceived as stressful)

in the Mushroom game, 19 subjects (95%) presented V M,n greater than V M,0. The same

comparison regarding the Platformer game indicates that 16 subjects (84.2%) had higher

V P,n than V P,0. In the Tetris game 13 subjects (65%) presented higher V T,n than V T,0.

As previously mentioned, our expectation is that the true difference in means between

V at the last minute of gameplay (t = n) and at the second minute of gameplay (t = 1) is

less than or equal to zero. Table 2 shows the mean of the differences of a one-tailed paired

t-test on the values of V g,n, i.e. last minute of gameplay for a given game g, and V g,1,

i.e. second minute of gameplay for a given game g, for all games and subjects. Results
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Table 2: Mean of the differences of V g,t at the periods t = 1 (second minute of gameplay) and t = n (last

minute of gameplay), for all subjects in each game (g). Values in bpm (beats per minute). Significance was

tested with a one-tailed paired t-test

Game (g) Mean of the differences

between

V g,n and V g,1

Mushroom (M) 6.11 ***

Platformer (P) 5.10 ***

Tetris (T) 3.33 ***

*** p < 0.001

Table 3: Mean of the differences of V g,t at key periods, for all subjects in a given game g (M is for Mushroom,

P for Platformer and T for Tetris). Values in bpm (beats per minute)

Pairs

g V g,1,

V g,0

V g,n,

V g,n−1

V g,n,

V g,0

V g,n−1,

V g,1

M -0.87 2.39 5.23 3.71

P -1.31 2.57 3.78 2.52

T -1.71 1.22 1.62 2.10

indicate the difference is greater than zero with statistical significance for all games. For the

Mushroom game, the mean of the differences between the last (V M,n) and the second (V M,1)

minutes of gameplay is 6.11 bpm (p < 0.001). For the Platformer game, the mean of the

differences of V P,n and V P,1 is 5.1 bpm (p < 0.001). Finally, for the Tetris game, the mean

of the differences of V T,n and V T,1 is 3.33 bpm (p < 0.001). Those numbers support our

experimental expectations that the HR mean during the last minute of gameplay is greater

than the HR mean during the second minute of gameplay, for all games.

In order to further explore the mean variation of HR at key periods other than the
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previously mentioned ones, we calculated the mean of the differences involving V g,0, V g,1,

V g,n and V g,n−1, for all games and subjects. Results are shown in Table 3. V g,0 and V g,1

are the values of V for a given game g during the first and the second minute of gameplay,

respectively. V g,n and V g,n−1 represent the values of V for a given game g during the last and

the immediately before the last minute of gameplay, respectively. As previously mentioned,

the value of n, the last minute of gameplay, is different for each subject since subjects might

have been defeated by the game at different moments due to personal skill levels.

In the first two minutes of gameplay (t = 0 and t = 1), the mean of the differences

between V g,1 and V g,0 is negative for all games. The mean of the differences is −0.87 bpm

for the Mushroom game (V M,1 and V M,0), −1.31 bpm for the Platformer game (V P,1 and

V P,0) and −1.71 bpm for the Tetris game (V T,1 and V T,0). Those numbers suggest a higher

HR mean during the first minute of the games (t = 0) than during the second minute (t = 1).

At the last two minutes of gameplay (t = n and t = n − 1), the mean of the differences

between V g,n and V g,n−1 is positive for all games. The mean of the differences is 2.39 bpm

for the Mushroom game (V M,n and V M,n−1), 2.57 bpm for the Platformer game (V P,n and

V P,n−1) and 1.22 bpm for the Tetris game (V T,n and V T,n−1). Those numbers suggest a

higher HR mean during the last minute of the game (t = n) compared to the penultimate

minute (t = n− 1).

Regarding the last (t = n) and the first (t = 0) minutes of gameplay, the mean of the

differences between V g,n and V g,0 is 5.23 bpm for the Mushroom game (V M,n and V M,0), 3.78

bpm for the Platformer game (V P,n and V P,0) and 1.62 bpm for the Tetris game (V T,n and

V T,0). Regarding the penultimate (t = n− 1) and the second (t = 1) minutes of gameplay,

results show that the mean of the differences between V g,n−1 and V g,1 is 3.71 bpm for the

Mushroom game (V M,n−1 and V M,1), 2.52 bpm for the Platformer game (V P,n−1 and V P,1)

and 2.1 bpm for the Tetris game (V T,n−1 and V T,1). Both sets of numbers suggest a higher

HR mean during the last minute of the game (t = n) compared to the first minute (t = 0), as

well as a higher HR mean during the penultimate minute of gameplay (t = n− 1) compared

to the second minute (t = 1).
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Table 4: The amount of FA annotations made for all subjects during the games

Period

Game H0 H1

Mushroom 90 98

Platformer 88 181

Tetris 110 159

5.3. Facial actions

We analyzed the number of subjects that featured a particular FA, alongside with the

number of repetitions of such FA, for all three games. The analysis is also divided according

to the period of the game. Only FA featured by two or more subjects were considered, since

it produces an analysis that is connected to more frequent FA among the whole group of

subjects instead of the peculiarities of a single person. Table 4 shows the amount of FA

annotations made for all subjects during the games. According to the results, the amount

of FA annotations made during H1 (second half) of all three games was greater than the

amount of annotations made during H0 (first half). The increase in annotations during H1

compared to H0 was 8.8%, 105.6% and 44.5% higher for the Mushroom, Platformer and the

Tetris game, respectively.

Regarding the FA annotated during each game, for the Mushroom game, the three most

frequent FA in H0 were frown (repeated 16 times among 5 subjects), talking (12 times, 3

subjects) and tongue touching lips (9 times, 3 subjects). The three most frequent FA in H1

were frown (repeated 16 times among 3 subjects), talking (13 times, 5 subjects) and lips

parted (13 times, 5 subjects). By comparing most frequent FA in the two periods, both

frown and talking are present, however they were not featured by a significant number of

participants. In fact no more than 5 subjects (25% of the participants) featured one of

those FA. It suggests that individuals present distinct facial behaviors that are not easily

generalizable, even in the same context. Curiously, two particular FA presented a significant
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change in the amount of repetitions and subjects between the two periods: lip pressors (from

7 to 11 repetitions, 2 to 4 subjects) and lips parted (from 5 to 13 repetitions, 2 to 5 subjects).

When compared to the whole group of participants, such increase is not significant (again

they represent less than 25% of the participants), but it might be the indication of a pattern

for two or three subjects. As suggested by previous work, the combination of such particular

changes with another physiological signal, e.g. HR, might produce an acceptable detector

for boredom/stress emotional state.

For the Platformer game, the three most frequent FA for H0 were frown (19 repetitions

among 3 subjects), tongue touching lips (12 repetitions, 3 subjects) and smile not showing

teeth (11 repetitions, 3 subjects). For H1, the FA were frown (49 repetitions, 5 subjects),

smile not showing teeth (21 repetitions, 7 subjects) and lips parted (17 repetitions, 5 sub-

jects). By comparing the FA in both periods, frown was featured by more subjects (5,

representing 25%) during the stressful part of the game, however more participants (7, rep-

resenting 35%) also featured smiles not showing teeth as well. Additionally to those FA,

25% of the participants featured talking behavior during H1, externalizing game decisions.

For the Tetris game, the three most frequent FA for H0 were frown (36 repetitions

among 4 subjects), smile not showing teeth (14 repetitions, 4 subjects) and lip pressor (11

repetitions, 4 subjects). For H1, the FA were frown (42 repetitions among 4 subjects), lip

pressor (28 repetitions, 6 subjects) and smile not showing teeth (16 repetitions, 5 subjects).

By comparing those results to the most frequent FA in the Mushroom game, only frown

is present in both; it is important to stress that frown was featured by less than 25% of

the participants in both games, which highlights the difficulties in finding a pattern that

can be applied to all subjects to identify a boring or a stressful situation, even when the

most frequent FA are used. On the other hand, two FA presented a significant change from

one period to another in the Tetris game: lip pressor (from 11 to 28 repetitions, 4 to 6

subjects) and talking (from 0 to 15 repetitions, 0 to 6 subjects). Both actions were featured

by 30% of the participants, which could be further investigated in the pursue of FA that can

help in the identification of emotional states. Regarding the talking FA, we observed from

the recordings that some subjects tended to externalize in words any wrong decisions they
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made in the game, such as how pieces were positioned, in a similar way observed during

the Platformer game; in that sense, talking could be used as an indicator of activity in the

game, since it is a clear facial manifestation that happened, in our case, when players were

frustrated. For further FA analysis based on a group level, see [1] .

Finally we conducted a per-subject inspection of all annotated FA according to the

procedure described in Section 4. We aimed to identify, for each subjects, which FA appeared

in H0 (or H1) of all three games with a higher frequency than they did in H1 (or H0), if

any. Table 5 shows the results of such inspection. Marked numbers represent the frequency

of a FA that was present in all three games for the specified subject and period. In total 10

participants (50%) featured at least one FA that appeared in all three games, in the same

period (boring or stressful part) with a frequency equal or greater than its appearance in

the counter-period. Subject 2, for instance, featured one lip pressor during H0, while the

total number of times the same FA appeared in H1 for all three games combined was 18.

We highlight that subject 16 was the only one who featured a FA more frequently in H0 of

all three games than he/she did during H1; all other subjects featured FA more frequently

in H1 than in H0.

5.4. Discussion

Our results suggest that game-based emotion elicitation from our approach produce vari-

ations on HR and FA that are different at boring and stressful moments. It can potentially

be used to train emotion detection models, particularly in a user-tailored approach. Infor-

mation from HR and FA can complement one another and provide more information about

emotional states, since the use of multiple signals for emotion detection is more likely to

produce accurate results [56]. The following discussion presents more details on how these

results have been interpreted.

A number of subjects presented a higher value for V , the relativized HR mean coeffi-

cient, towards the end of the Mushroom and the Platformer games when compared to the

same period of the Tetris game, as shown by Table 1. Both the Mushroom and the Plat-

former game were completely new to the subjects, since they were developed exclusively
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Table 5: Subject-based frequency of FA that appeared in the same period of all three games

Frequency

Subject FA H0 H1

2 Lip pressor 1 18b

15 Lip pressor 2 9b

10 Laughing 2 19b

14 Laughing 3 9b

12 Smile not showing teeth 2 8b

13 Smile not showing teeth 0 6b

18 Smile not showing teeth 4 10b

11 Lips parted 1 10b

17 Lip stretcher 0 8b

16 Talking 7b 1

b FA was present in all three games for the specified sub-

ject and period

for the experiment. For the self-reported 5-point Likert scale regarding familiarity with the

games/genres, the mean value was 2.75 for the Mushroom, 2.8 for the Platformer and 3.35

for the Tetris game (5 being extremely familiar). Such numbers could indicate that subjects

were less likely to predict what was going to happen in the Mushroom and the Platformer

when compared to the Tetris game. It could explain the greater number of subjects with

higher V during the end (stressful) part of those two games when compared to the smaller

number of subjects with higher V at the end of Tetris. The later is a popular game and

subjects were more familiarized with it, so they might be more likely to guess what is about

to happen in the game, reducing anxiety levels. This is specially true if the subject is trained
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to deal with the inherent stress of the mechanic, for instance.

A significant number of subjects presented a negative value for V in some periods. In

total 16 subjects (80%) in the Mushroom game, 11 (57.8%) in the Platformer and 12 (60%)

in the Tetris game presented negative values, particularly in the first half of the game session.

A negative value indicates that the subjects had a lower HR mean while playing the game at

specific periods than while resting. After the experiment, some subjects reported discomfort

during the resting period, mentioning that it was too long and boring. We believe the resting

period might have been stressful for some subjects, as they were required to rest while being

seated without any entertainment of the sort they may be used to when relaxing, e.g. mobile

phones. Further investigation is required, however we could speculate that negative values

could be attributed to HR deceleration from baseline caused by a negative condition, which

was reported in previous work with interactions involving visual [57] and audio [58] stimuli

varying in affective content. It is also possible that increased attention prompted by the

initial contact with the game, i.e. learning its rules, is manifested by parasympathetically

mediated HR deceleration [59]. Another explanation for such negative values is that our

calculation of the subject’s baseline Bs might be a weak approximation of the real HR mean

of each subject during rest, since we only measured two 140-seconds long resting situations

for each subject. We believe, however, that our baseline calculation is still a good parameter,

since the average difference between the mean HR of the two resting periods was significantly

low, as explained in Section 4.

Regarding the confirmation of our expectation regarding the differences of HR in boring

and stressful moments of the games, the mean of the differences between V at the last

(t = n) and the second (t = 1) minutes of gameplay, presented in Table 2, shows statistical

significance in the difference for all games. It reinforces findings of previously mentioned

works [39, 40, 10, 13, 60] which indicate that HR tends to be higher (above the subject’s

baseline) during stressful moments and lower (closer to subject’s baseline) during boring

moments in a gaming context. As previously described, the reason why we used t = 1

(second minute of gameplay) instead of t = 0 (first minute of gameplay) for our main

comparison is because we believe the first minute of all games might not be ideal for a fair
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comparison. During the first minute, subjects are less likely to be in their usual neutral

emotional state. Such line of reasoning is supported by the exploratory analysis of the

mean of the differences of V at periods, as presented in Table 3. In the beginning of the

games, the HR mean during t = 0 (0:00 to 1:00) was higher than during t = 1 (1:01 to

2:00) for all three games. It could indicate that subjects were more stimulated at the very

beginning, probably caused by the excitement of the initial contact with a game to be

played. We believe that such difference during t = 1 and t = 0 could also be explained as

a response to the fact that subjects probably understood the game mechanic. During the

first minute of gameplay, subjects are probably still working to understand the game, so an

opinion regarding boredom is still being formed. After the one minute mark, subjects are

more likely to have fully understood the game, so they could judge whether it was boring.

Additionally, a better understanding of the mechanic combined with the fact that subjects

were not allowed to change the game pace, e.g. make the game more challenging, probably

increased the feeling of boredom.

Concerning FA, even though further investigation is required, our calculations indicate

that subjects featured a neutral face for a longer period of time during the first half (H0) of all

games when compared to the second half (H1). Since FA annotations were made only when

the subject’s face featured anything different from her/his neutral face, more annotations

indicate more facial activity. Additionally the results might indicate that subjects featured

more FA (different from the neutral face) under stressful situations than they did under

boring situations, where a neutral face/expression is probably dominant. Our games were

designed to gradually increase the difficulty level until the subject was not able to handle

it. As a consequence, we postulate that smiles and laughs during the second half could be

connected to the subject’s perception that the games were too difficult to continue playing

properly. On the other hand, they could indicate genuine manifestations of enjoyment during

the moments the subjects felt the game was properly balanced and engaging. Regarding the

other FA, such as lip pressor and lips parted, further investigation is required to accurately

connect or use such actions to predict/detect emotional states, however the results give a clue

about how FA variations can be different on the individual level. As previously discussed, the
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analysis and generalization of FA on a group level is less clear than an individual approach,

since FA behavior might be specific to each person. Our per-subject analysis indicated that,

for a portion of the participants, at least one FA was present in the three games, in the same

period for the same person. Such information might be used as the starting point for further

investigation regarding FA and an individual-tailored detection model for boredom/stress,

for instance.

5.5. Limitations

One potential limitation of our work is the internal validity. As previously described, the

experiment was based on a one-group posttest design, which does not use a control group to

measure the effects of the treatment. Such design could be criticized for having low internal

validity, since it is not possible to unambiguously attribute cause and effect [61]. A two-group

approach could be suggested as having stronger internal validity, since it contains a control

group and allows a less ambiguous conclusion. In the context of our research, however, any

multiple group design implies the comparison of physiological signals and emotional percep-

tions among different people. Given the social and cultural background of the participants,

it is virtually impossible to compare two groups of people regarding stress/boredom. People

have different preferences, culture and expectations, which cause maturation and history

threats to internal validity [62]. Additionally the process of comparing variations of physi-

ological signals among different subjects is a complex task, even when subjects are similar,

e.g. same age and sex. As a consequence, a subject in a control group might present a set of

variations of signals and classify a game as boring, while a similar subject in another group

might classify the same game as not boring at all, presenting a different set of variations of

signals. In that light, our experiment relies on a one-group experimental design to increase

internal validity, since subjects were compared with themselves, which removes inter-subject

differences. It could also be argued that the laboratory setting of the experiment, i.e. room

with special light and camera, could bias the results. The physical sensor used for HR mon-

itoring could also increase subject’s awareness of being monitored [63], which could affect

the results.
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Another limitation is the empirical approach used to annotate the FA, which was not

based on a formal scheme and was conducted by a single person without validation by

other researchers. We believe that the exploratory nature of our study regarding FA allows

the use of such an approach. Our aim is not to standardize FA regarding stress/boredom,

but to document the perceptions of naked-eye observations of FA in a context involving

games, so that they can be used to guide further steps regarding the utilization of FA in a

multifactorial analysis. A frame-by-frame annotation of our video recordings using a formal

scheme, such as FACS, would be a significantly more laborious and time-consuming task,

which is not motivated by our exploratory and empirical approach. Additionally a larger

sample and the use of a more formal approach for FA annotations and analysis could produce

more conclusive results regarding facial activity. The use of physical sensors and the manual

approach used for the analysis of FA also limit the reach of our approach, e.g. for use

in the games industry or in the game research community it would be essential that the

two states explored could be identified in an automated way, ideally without the need of

connecting players to physical monitors. Another limitation is the assumption used when

dividing each game session in half, presuming that the middle point of the period indicates

a transition from two distinct periods: H0, perceived as more boring, and H1, perceived

as more stressing. It is not necessarily true. Even though our data indicate that subjects

perceived the beginning of the games as being boring and the end as being stressful, our

point of division or the periods themselves remain an assumption. There might be moments

towards the end of the game, for instance, that could be perceived as more boring or joyful

depending on the subject, since each participant has her/his own specific expectations and

skill level regarding games. Finally the core mechanic of the Mushroom game is based on

the color of the mushrooms (instead of patterns, for instance), which is not suitable for color

blind subjects.

6. Conclusion

This paper presented the description and results of an experiment aimed at exploring the

variations of heart rate (HR) and facial actions (FA) during gaming sessions with induced
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boredom and stress. In total twenty adults of different ages and gaming experiences par-

ticipated in the experiment, where they played three different games while being recorded

by a video camera and monitored by a HR sensor. The games used in the experiment

were carefully designed and implemented to have a difficulty level that linearly increases

over time, from a boring to a stressful point. According to self-reported answers in post-

games questionnaires, participants perceived the games as being boring at the beginning

and stressful at the end. Such configuration gives our experiment a novel approach for the

exploration of HR and FA regarding their connection to emotional states, since information

can be categorized according to the induced (and theoretically known) emotional states.

The HR data related to the game session of each subject was divided in periods of 1

minute each, whose HR mean was calculated and compared to a baseline value obtained

from the HR mean of the subject during rest. Based on the self-reported answers regarding

stress and boredom, we analysed the HR mean at specific periods, such as the second minute

of gameplay (perceived as boring) and the last minute of gameplay (perceived as stressful).

Our results indicate that the average HR mean for all subjects during the last minute of

gameplay was greater than the average HR mean during the second minute of gameplay,

for all games with statistical significance (p < 0.001). Our findings are aligned with and

reinforce previous research that indicate higher HR mean during stressful situations in a

gaming context. The design of our games permitted a more elaborated analysis of boring

and stressful periods, which contributes information regarding variations of HR mean during

such conditions in gaming sessions. Additionally we performed an exploratory investigation

regarding HR mean during other key periods in the games, e.g. first and penultimate minutes

of gameplay. Further analysis is still required, however our numbers suggest that the average

HR mean during the first minute of gameplay was greater than during the second minute

of gameplay, probably as a consequence of unusual excitement during the first minute, e.g.

the idea of playing a new game.

Regarding facial actions, the 6 hours of recordings of all subjects were manually analyzed

and FA were annotated empirically. The annotations were categorized according to the

period when they happened (the boring first part or the stressful second part of the games).
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We conducted an analysis on such annotated FA on group and individual level, aiming to

find patterns between the featured FA and the boring/stressful periods of the games. Our

results show that more FA annotations were made during the stressful part of the games,

which indicates that participants remained with a neutral face for longer periods of time

during the boring part. The analysis on group level revealed that any FA pattern was related

to 5 subjects (25% of the group) at most. In the analysis conducted on the individual level,

we found particular patterns for 10 subjects (50% of the group).

Our findings suggest that changes in the HR during gaming sessions is a promising

indicator of stress, which could be incorporated into a model aimed at emotion detection.

As pointed out by previous work, a user-tailored model based on several signals, e.g. HR and

FA, is more likely to detect emotional states of users. In the context where the measurement

of physiological signals by physical and contact-based sensors is intrusive or not desired, e.g.

remote estimation of HR, information from different channels is required. One of such

additional channels of information might be facial expressions, such as the FA analysis

performed in this paper. For the context of our experiment, FA analysis on an individual

level produced more information to connect FA and stress/boredom emotional states. We

believe that this paper contributes with information regarding HR and FA in the context of

games, which can be combined to create user-tailored models for emotion detection based

on different data sources.
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