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Abstract. Analysis of user engagement is a factor of great importance for differ-
ent computational applications, especially games. The knowledge of this informa-
tion allows evaluating the software and making possible enhancing the software.
However, analyzing user engagement is still a challenge. The most common ap-
proach in the literature has been the application of questionnaires at the end of
the interaction process. Although some studies investigate the use of emotions to
measure user involvement, the analysis of facial expressions has been little ex-
plored in this context. This technique has the main advantage of using a camera,
dispensing other invasive sensors. This paper presents an investigation to evaluate
whether discrete emotions can be related to engagement in game scenarios. Two
studies were conducted with 48 volunteers playing games to discover if there
is relation between emotions recognized by facial expressions and engagement
measured in two different ways (by software and by user’s self-assessment). Our
analysis comprises about 38 hours of games and more than one million records
of emotional states. The results indicate that there is no universal relation be-
tween discrete emotions and engagement, suggesting that the game context can
influence users’ engagement.

Keywords: Games - Engagement - Discrete emotions.

1 Introduction

The term “engagement” is widely used in the context of games to define an ideal state,
in which the player is experiencing positive involvement with the game [30]. In a more
practical sense, an engaged player is not bored when using the game and is willing
to continue exploring the game and its challenges. Although the term engagement has
been widely used, identifying if a person is engaged or not can be a complex task.
Firstly, there is no universal understanding from theorists about what this term repre-
sents [11, 12, 19]. Possibly, as a consequence, there are different approaches and meth-
ods to measure engagement, which can provide different results. Nowadays, a state-
of-the-art approach to measure the user’s engagement consists in applying question-
naires [6, 19, 30]. Some questionnaires are well-known and validated by other stud-
ies, as the User Engagement Scale (UES) [29] or the Game Engagement Questionnaire
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(GEQ) [8]. Despite its several benefits, the application of questionnaires can imply some
disadvantages, since it usually interrupts the interaction process, breaking the focused
engagement [31]. To avoid the interruption of the experience, this approach is more
recommended to be used at the end of the interaction.

A promising approach consists in analyzing the user’s physiological responses, such
as heart rate, in addition to the aforementioned techniques. This approach, sometimes
providing data in real time, has been explored both in research and in the gaming indus-
try [30]. An interesting point of this approach is the possibility to collect data without
interrupting the interaction process, besides improving the analysis with a kind of in-
formation that probably not even the user is aware of.

However, most of the initiatives are based on sensors coupled to the user body [30],
and some of them can cause discomfort to the user — a scenario that has changed in
the last few years with the development of wearable sensors. Additionally, this kind
of measure is usually adopted in laboratory-based studies, since some sensors are not
common and may require training in handling and use.

Conversely, facial expression recognition (FER) can infer the users’ emotions in real
time without involving the use of specific sensors [3]. FER can use popular devices,
such as webcam or a smartphone camera to acquire images, and be used to analyze
the player’s emotions even remotely. Despite these advantages, the relation of the data
provided by this technique with engagement have been little explored when compared
to the traditional physiological measures.

In this challenging scenario, a few companies and researchers have been investi-
gating the automatic measurement of users’ engagement by analyzing facial expres-
sions. At least two commercial software, named Affdex SDK [1] and FaceReader [27],
provide indicators of engagement in their interfaces. In both cases, the engagement is
computed considering the user’s facial expressions. However, the weight of each facial
expression, emotion, or action unit (AU) [15] in the engagement measurement is not
explained in detail in either case [1]. Additionally, both software imply paid licenses,
which can reduce or make the adoption of this technique impracticable in many con-
texts.

In the academic scope, some studies explore machine learning techniques to pre-
dict user engagement from facial expressions. In general, these studies involve a step of
manual classification of facial images, which are used to train Artificial Intelligence al-
gorithms [9,23]. However, finding a relation between the discrete emotions and engage-
ment remains a challenge, since there is no consensus about the impacts and relations of
the universal emotions in the engagement. Although the measurement of engagement
based on facial expressions has been explored by a few researchers, their findings can
be quite controversial [19].

Aiming to contribute within this scenario, we here investigate if there is a correla-
tion between emotions recognized by FER and engagement. The choice for this tech-
nique considers its effectiveness, already explored by previous studies [3, 20, 22], as
well as the ease of its use without major impacts on the user’s environment or setup.
Since the engagement has different interpretations and measurement approaches, we
present two studies: the first one, using emotional and engagement data provided by
the Affdex SDK during the use of serious games; and the second one, concerning emo-
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tional data collected during the of use two games, with the engagement obtained by a
self-assessment questionnaire.

2 Emotion recognition

Just as engagement, understanding human emotions can be a complex task, since the
literature presents different interpretations of emotional aspects. In this sense, few ap-
proaches to the classification of emotions are known [14], and the most used are the
discrete approach proposed by Darwin [10] and the dimensional approach proposed by
Wundt [35]. While Darwin [10] understands emotions as discrete (or modular), and rep-
resented by terms such as joy, sadness and disgust, for example, Wundt [35] classifies
emotions using dimensions, such as pleasant/unpleasant and low/high intensity. In the
Computer Science context, researches involving emotions consider both discrete and
dimensional approaches [3].

In most cases, choosing an approach depends on the emotion recognition technique
used. In facial expressions analysis, for example, it is usual to adopt the discrete ap-
proach [32,33]. This is because studies that investigate the expression of emotions on
the face consider the discrete emotions approach [15].

Facial expressions are recognizable using at least two techniques: facial electromyo-
graphy (fEMG), which uses sensors coupled to the user’s face, and image processing.
In this study, we consider only the latter, since it only needs the use of a camera and
software to process the images. Usually, software that recognize facial expressions can
use at least two approaches.

The first one is to analyze facial landmarks directly. Facial landmarks are fiducial
facial key points used in Computer Vision to extract and identify components of the face
[34]. DLib, for example, a common library used to extract facial landmarks, recognizes
68 points in the human face. Considering these facial landmarks and previously labelled
image datasets, it is possible to train machine learning algorithms to recognize facial
expressions.

The second approach uses a coding system about muscle movements. In this scope,
the FACS (Facial Action Coding System) is commonly adopted. FACS was proposed
by Ekman and Friesen [15] to measure all visible facial behavior by analyzing mus-
cle movements and their components, which receive the name of Action Units (AUs)
[15,16]. FACS contains the definition of 44 AUs, each one identified by a number. The
analysis of movements of the AUs and their intensities allows mapping facial expres-
sions to emotions through Emotional FACS (EMFACS) [17]. The emotion of joy, for
example, involves AU6 (orbicularis oculi muscle) and AU12 (zygomaticus major mus-
cle). Figure 1 represents neutral and facial expressions, with facial landmarks processed
using DLib. From the neutral to the joy facial expression, it is possible to observe that
the second case involves cheek and lip corners rising.

3 Related works

Although facial expressions have traditionally been used to recognize basic or universal
emotions (anger, disgust, fear, joy, sadness and surprise), only few works have investi-
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(a) Neutral facial expression. (b) Facial expression of joy.

Fig. 1: Facial expressions with facial landmarks processed using the Dlib library. The
facial expression of joy, compared to the neutral facial expression, involves raising the
cheek and the lip corners. Images from FacesDB dataset [24].

gated their use for recognizing engagement. In a literature review about the measure-
ment of engagement, Dewan, Murshed and Lin [11] indicated that only recently have
FACS received attention for engagement recognition. In this review, the authors present
some studies that investigated the recognition of discrete emotions associated with en-
gagement in learning, such as “boredom”, “confusion” and “frustration” [11]. The au-
thors identified no studies considering engagement as an emotion, but some authors
related engagement to the combination of other emotional states, such as boredom and
delight. However, even because these studies are relatively recent, there is not consen-
sus about the findings. For example: in [23], the AUs related to confusion were AU,
AU4, AU7, and AU12. In [18], this emotion can be identified by AU4 and AU7. Finally,

in a more recent work, confusion was associated with AU45, AU1, and AU4 [7].

In [9], researchers proposed FaceEngage, an engagement estimator that analyzes
the facial expressions in gaming videos obtained from YouTube. Considering that en-
gagement annotation is challenging both for computer engineers and psychologists, the
authors analyzed the game events in the videos to classify if a user was active or not in
the game. The authors extracted the eyes and the head motion as features, and trained
Machine Learning algorithms. Despite the positive results, with an accuracy of 83.8%),
the authors mentioned as further work the development of a Likert-scale engagement
measurement tool, to enhance the analysis of engagement in videos initially classified
as “uncertainty”.

Outside the FACS context, Nezami et al. [26] explored the use of deep learning to
recognize user’s engagement through facial expressions. The authors collected a dataset
containing about 20 hours of students interacting with an educational virtual environ-
ment. To classify the users engagement, Nezami et al. [26] considered two annotation
steps, embracing the behavioral and emotional dimensions of engagement. The anno-
tations were performed by Psychology students, who classified engagement in the be-
havioral dimension (on-task, off-task, cannot decide) and in the emotional dimension
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(satisfied, confused, bored, cannot decide). Engagement was defined by mixing both
dimensions labels. The results indicated that the approach proposed by the authors was
more effective in recognizing non-engaged users, with accuracy of 60%.

Although these works show promising results, highlighting the possibility of ana-
lyzing users’ engagement through their facial expressions, this field of study still has
great open challenges. A relation between universal discrete emotions and user engage-
ment, for example, was not addressed by these articles.

4 Methods

Given the challenging scenario about the automatic measurement of engagement and
the feasibility of recognizing emotions by facial expressions, this paper analyzes if dis-
crete emotions can indicate players’ engagement in games. To offer a broader perspec-
tive about this topic, we describe two studies using different scenarios. The first study
was based on data collected during the use of a serious game for motor rehabilitation,
while the second study comprised two entertainment games. Considering these scenar-
ios, our approach allows identifying whether there is any relation between emotions and
engagement, even under different conditions, which could define the later using knowl-
edge about the former. With both studies, we aimed to answer the following research
questions (RQs):

— RQI: Is there a relation between discrete emotions and users’ engagement?
— RQ2: Can users experience different emotions when they are engaged and when
they are not engaged?

We present the studies and how these questions are answered in each as follows.

4.1 Study 1: Emotions and engagement analyzed by software

In this first study, we analyze if there is a relation between discrete emotions and en-
gagement when both are measured by software. For this, we use a previously collected
dataset, which includes emotion and engagement records measured by software during
the use of a serious game.

Software. Developed by Affectiva, the Affdex SDK is an emotion recognition software
that analyzes the user’s facial expressions considering FACS [1]. For each frame pro-
cessed, in addition to the discrete categorization of seven emotions (joy, contempt, fear,
disgust, anger, surprise and sadness), this software offers indices for dimensional affec-
tive states, such as valence and engagement [1]. This feature is a differential of Affdex,
since most similar applications focus on the recognition of the six universal emotions.
The Affectiva website describes that engagement is “a measure of facial muscle
activation that illustrates the subject’s expressiveness” [1]. It is calculated from the
weighted sum of some AUs, having a variable index from 0 to 100, where O indicates
no engagement and 100 represents total engagement. The weight attributed to each AU
in the calculation of engagement is not described by the company. However, a study
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published by Kapoor and Picard [21] indicates the relation between some AUs and en-
gagement. Although it is not possible to state that the engagement analysis adopted by
Affdex is based on this study, there is a great similarity with the mentioned AUs in the
Affectiva website.

Dataset. EasyAffecta Dataset is a dataset of emotional data collected during a longi-
tudinal experimental evaluation with 11 individuals (approved by the Ethics Commit-
tee of the School of Arts, Sciences and Humanities of the University of Sao Paulo).
This dataset comprises more than one million records of emotional states obtained with
Affdex SDK during the use of a serious game with four exercises in a motor rehabilita-
tion process, encompassing about 33 hours of data collection. In addition to the percent-
ages of seven discrete emotions, each record also includes the engagement and valence
indices. An important feature of this dataset is that the individuals’ facial expressions
were not stimulated. Therefore, they tend to represent a situation closer to everyday life.

Data analysis. Considering the data from the EasyAffecta Dataset, the following in-
dices were calculated to answer the questions RQ1 and RQ?2: i) the Pearson correlation
between emotions and engagement; ii) the average intensity of each emotion when users
were engaged and when they were not engaged; and iii) the analysis of emotional inten-
sity (AEI) that comprises, for each emotion, the percentage of records in which it was
the most intense. At this point, we should highlight that for each frame, the ER software
provides a probability index for each emotion. The AEI analysis focuses on the peaks,
indicating the percentage of frames in which that emotion has the highest probability.
The threshold to split the records between engaged and non-engaged is the engagement
average of all players. The results are presented and discussed in Section 5.

4.2 Study 2: Emotions analyzed by software, and engagement self-assessed by
users

Complementing the aforementioned approach, the second study consists of a hybrid
analysis, with discrete emotions recognized by software being compared to the engage-
ment self-assessed by the users. This analysis involved the preparation of a specific
experimental evaluation with users, which is described below.

Evaluation design. Figure 2 presents an overview of the experimental evaluation, ap-
proved by the Ethics Committee of School of Arts, Sciences and Humanities of the Uni-
versity of Sao Paulo. A web platform was developed to conduct the experiment. When
accessing the platform, the user found a text informing the invitation to participate in
the experiment. Accepting the invitation, the user was redirected to a screen containing
the Informed Consent Form. Agreeing to the term, the user made a registration and then
was presented with the activities to be performed during the experiment. The stages
of the experiment involved: activating the camera; interacting with two games and, af-
ter using each, self-evaluate the engagement using a questionnaire. In the last phase,
we asked users to leave free text comments to researchers on their perceptions when
participating in the experiment. The last phase was not mandatory.
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If there are
more games

Overview of the . Stop emotion
@ xberment Register Play game N <> If not... recognition
Sign the Informed Start emotion . N
Consent Form recognition Fill UES Write comments

Fig.2: Overview of the experimental evaluation.

Games. During the experimental evaluation, the volunteers can interact with two games,
as shown in Figure 3. The first one is based on “Color Switch Replica”, a project avail-
able on GitHub [4]. In this game, illustrated in Figure 3a, there is a small circle with
gravity in the center of the screen. There is also a greater and spinning circle around it
drawn in different colors. The player should click on the screen to move up the small
circle. However, when moving up, the player should take care to prevent the small circle
from colliding with the part of the greater circle that has another color.

The second game consists of a game developed by the authors, based on the classic
Memory Game, in which the player should find a pair of cards, as shown in Figure 3b.
Both games were customized to communicate with the experimental platform created
for this evaluation. Volunteers were asked to play each game as many times as wanted.

S_core: 4
Time: 195 Points: 0
Match: 1-1

(a) Screenshot of the Color Switch Replica. (b) Screenshot of the Memory Game.

Fig. 3: Screenshots of the games used in this experimental evaluation.

Self-assessment engagement. To assess the user engagement, we chose the short form
of User Engagement Scale (UES) [28], which contains 12 items with statements about
the experience of using software. For each statement, the volunteer should classify
his/her agreement in a Likert scale, from 1 to 5. Besides a global engagement mea-
sure, UES also provides information about four dimensions of engagement: aesthetic
appeal (AE), focused attention (FA), perceived usability (PU), and reward (RW) [28].
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Table 1 shows the items that composes this scale. Following the instructions described
in [28], the items order was randomized in each application of the UES.

Table 1: Items that composes the short form of UES.

Dimension Item

FA-1 I lost myself in this experience.

FA-2 The time I spent using this game just slipped away.
FA-3 I was absorbed in this experience.
PU-1 I felt frustrated while using this game.
PU-2 I found this game confusing to use.
PU-3 Using this game was taxing.

AE-1 This game was attractive.

AE-2 This game was aesthetically appealing.
AE-3 This game appealed to my senses.
RW-1 Using this game was worthwhile.
RW-2 My experience was rewarding.

RW-3 I felt interested in this experience.

Facial expressions. Unlike the first study, we chose to use another facial expression
recognition software. Face-api.js is an open-source software that recognizes facial ex-
pressions, but does not provide engagement levels as Affdex SDK does. For each pro-
cessed frame, this software offers the probability of the presence of each one of these
facial expressions: neutral, anger, disgust, fear, joy, sadness, and surprise. In addition to
its open source feature, which allows its adoption without financial impact, the accuracy
of Face-api.js in recognizing emotions was investigated in [2]. Besides the aforemen-
tioned advantages, the fact that this tool works in the browser without the need to install
components was the main factor that contributed to its choice. The emotional data gen-
erated was stored in a database.

Participants. The volunteers were invited by e-mail and by using social networks.
In general, 37 volunteers concluded all the steps. In this scope, 12 are female and 25
are male. No volunteer declared not to identify with one of these binary genres. The
average age of the volunteers was about 34 years. Then 80 activities were recorded,
39 for the Memory Game and 41 for the Color Game. The term “activity” is used to
define the process that involves the use of a game, with the subsequent completion of
the UES. Two volunteers participated in the experiment more than once, which justifies
the greater number of computed activities. Additionally, 107876 records of emotional
states were stored, encompassing about 5 hours of data collection.

Data analysis. Similarly to the first study, to answer question RQ1 we considered
the Pearson correlation between the engagement measured by UES with the average
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intensity of each emotional state, both computed for each activity. To answer RQ?2,
we analyzed the average intensity of each emotional state when users were engaged
and when they were not engaged. In this case, since two games were addressed in the
experiment, the analysis was separated for each game. Also similarly to the previous
experiment, the AEI was also computed, indicating, for each emotion, the percentage
of records in that emotion was the most intense.

For these last two analyses, two thresholds were calculated, which consist of: 1)
the average engagement of all players in activities related to the Memory Game (MG);
and ii) the average engagement of all players in activities related to the Color Switch
Replica (CSR). The results are presented and discussed in Section 5.

5 Results and discussion

We next present the results and discussions from the two studies aforementioned. In
the first study (described in Section 4.1), which comprises emotions and engagement
measured by software in a rehabilitation scenario, we observed that: i) players did not
experience all the discrete emotions while using the game; ii) there was great variabil-
ity in the engagement average of the players; iii) only facial expression of joy had a
moderate correlation with engagement; and iv) when players are engaged, they do not
necessarily feel different emotions from when they are not engaged. This discussion
will be detailed in Section 5.1.

Concerning the second study (described in Section 4.2), which mixed emotions
measured by software and engagement measured using a questionnaire in entertain-
ment games, we can point out that: i) similarly to the previous study, players did not
experience all the discrete emotions when playing the games; ii) players themselves
indicate high levels of engagement by filling the questionnaire; iii) for both games, no
emotion has a moderate correlation with engagement; and iv) again, similarly to the pre-
vious study, there was not a difference between the emotions experienced when users
are engaged or not. The discussion will be presented in Section 5.2.

5.1 Study 1: Emotions and engagement analyzed by software

Overview. Figure 4 shows the distribution of each facial expression of emotion in
the dataset. In general, there is a greater density of records with low intensity (in the
range of 0 to 20%). Only the facial expressions of joy, contempt and disgust showed
significant densities at high intensity (in the range of 80 to 100%).

These data can indicate that users may not experience all seven facial expressions
of emotions while using games, and reaffirm that people do not necessarily express
emotions all the time, as mentioned by Paul Ekman [13]. In the context of games, this
aspect may be relevant, since the facial expression of an emotion tends to indicate a
reaction to an event of the game - which arouses an emotion in the user.

Concerning engagement, Figure 5 shows an overview about the engagement lev-
els experienced by users in this dataset, considering the minimum, the maximum, the
median and the first and third quartiles of each volunteer’s engagement. Aiming to im-
prove the understanding, the data were sorted by the median value. This figure indicates
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that there was a great variation in the engagement of the participants, which had low
indexes. A great part of the volunteers (77%) showed median engagement under the

average, as indicated by the red line.

100

75

50

Intensity
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Fig.5: Overview about user’s engagement in the first experiment.
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Emotions intensity and engagement. The correlation between discrete facial expres-
sion of emotions and engagement in the scope of EasyAffecta Dataset is shown in Ta-
ble 2. The main finding is that the facial expression of joy had a moderate correlation
(p = 0.6) with engagement. When considering the AUs involved in engagement de-
scribed in [21], this correlation is expected, since the AUs referring to the emotional
state of joy, AU6 and AU12, are positive indicators of engagement. Even moderate, this
correlation can reinforce a common feeling that, if the user is experiencing joy or a
positive emotion, he/she is engaged in the task.

Table 2: Correlation between engagement and discrete emotions.

Emotion Anger Contempt Disgust Fear Joy Sadness Surprise
Correlation (p) 0.09 -0.05 0.19 0.08 0.6 0.06 0.32

Complementarily, although it presented a weak correlation (p = 0.32), the facial
expression of surprise is also an expected correlation, considering that some of its action
units (AUs 1,2 and 5) are considered positive indicators of engagement by Kapoor and
Picard [21]. Since the emotion of surprise indicates a reaction to an unexpected event,
its correlation with engagement is likely, indicating that the user was probably paying
attention to the games.

Finally, the facial expression of disgust had a weak correlation with engagement
(p = 0.19). However, this is an unexpected positive correlation, considering that AUs
9 and 15, which make up this facial expression together with AU16, are presented as
negative indicators of engagement [21]. We can next observe, respectively, the follow-
ing facial expressions of emotions: anger (p = 0.09), fear (p = 0.08) and sadness
(p = 0.06), all with low indices.

Emotions experienced. Another observed aspect, related with the RQ2 question, aims
to identify whether the volunteers experienced facial expression of emotions while they
were engaged differently from when they were not engaged. Figure 6 presents a com-
parative analysis of the average and AEI in the two engagement situations.

Considering the average of the intensity, Figure 6a reveals that, while the volunteers
were engaged in the task, they mainly experienced four emotional states: joy, disgust,
contempt and surprise. When users were not engaged, the facial expressions of joy
and surprise had a very low intensity average. Only the facial expression of contempt
showed a higher intensity average in not engaged situations.

In turn, although it looks similar to Figure 6a, Figure 6b reveals an important fact
regarding the facial expression of disgust. Although this facial expression of emotion
had a higher average of intensity when users were engaged, it was not necessarily the
predominant emotion most of the time. Figure 6b shows, in reality, that there is a greater
number of records of the facial expression of disgust with higher intensity in situations
of non-engagement. This conflicting result can suggest that the duration of the facial
expression of emotion in higher intensities may be a factor that impacts engagement.
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5.2 Study 2: Emotions measured by software and engagement measured by
self-assessment

Overview. The distribution of each facial expression of emotion in the dataset obtained
in this experiment is shown in Figure 7. Similarly to the previous experiment, there
was a greater density of facial expression of emotions with records in low intensity
(0 to 20%). Besides the neutral facial expression, only the facial expressions of joy and
sadness got significant densities at high intensity (in the range of 80 to 100%). Although
the facial expressions of anger and surprise had high intensity emotional records, a
minor volume of data is related with these records.

The data shows that not all universal facial expressions of emotions were experi-
enced by the users; likewise, users will not necessarily facially express an emotion all
the time. This fact is even more evident, since the software used recognizes neutral
facial expression.

Figure 8 shows the engagement obtained by the volunteer’s self-assessment in this
experimental evaluation, showing the minimum, the maximum, the median and the first
and third quartiles of engagement for each volunteer. To enhance the understanding,
the data were sorted by the median value. Users’ engagement in activities was high.
As indicated by the figure, the rates of most users exceed the average engagement,
indicated by the red line.

Emotion intensity and engagement. The correlation between the average intensity
of facial expression of emotions experienced by players and the engagement shown in
Table 3 reveal a remarkable variation in this metric from one game to another. Despite
this variation, facial expression of emotion did not have a strong correlation with the
engagement measured by UES in either of the cases. In a way, a low correlation between
these indices can be expected, since it involves two different approaches to analyze the
player’s experience, and relating them is a complex task [25].

In this experiment, the highest positive index identified indicates correlation of
p = 0.22 of the facial expression of joy with engagement when users were playing
the Memory Game. In this game, joy was the only facial expression of emotion with a
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Fig. 7: Distribution of emotional states in the second experiment. In each histogram, the
darker blue color indicates the overlap of registers from the two games.
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Fig. 8: Overview about user’s engagement in the second experiment.

positive correlation with engagement. Curiously, this facial expression had a negative

correlation (p = —0.05) with engagement in the Color Switch Replica.
Still regarding the differences, while the facial expression of fear showed a negative
correlation (p = —0.28) with engagement in the Memory Game, this facial expression

showed a positive correlation (p = 0.15) with engagement in the Color Switch Replica.
Also in the latter game, the facial expression of disgust showed a similar correlation
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(p = 0.18). However, the facial expressions of fear and disgust had lower intensities,
with their values usually equal to zero.

The variation in the correlation from one game to another can be justified by the
difference in the context of the games. While the Memory Game requires less agility
from the user, the Color Switch Replica demands constant agility and attention, which
may have made users tenser, albeit engaged.

Table 3: Correlation between engagement and discrete emotions for each game.

Emotion = Anger  Disgust  Fear Joy Sadness Surprise ~ Neutral
CSR (p) -0.25 0.18 0.15 -0.05  0.06 0.04 -0.02
MG (p) -0.03 0 -0.28 022 0 -0.12 0

Emotions experienced. Figure 9 shows the average intensity of facial expression of
emotions experienced by users when using the two games, also as the AEI (metric
explained in Section 4). This analysis allows us to identify the facial expressions of
emotions experienced by users when engaged and not engaged. As described in Section
4, the data were grouped into two categories, engaged (E) and non-engaged (NE).

Figure 9 enriches the discussion by reinforcing that the results vary from game to
game. While in the Memory Game higher intensities of sadness may indicate that the
user is not engaged, the opposite is observed in relation to the Color Switch Replica.

Another curious aspect can be observed analyzing data from both games. One of
the most intense facial expression of emotions experienced by users while engaged was
sadness, an emotion traditionally considered negative. In the Color Switch Replica, for
example, there is a curious fact: the volunteers experienced the facial expressions of
emotions joy and surprise at a greater intensity when they were not engaged. Even
limited to this scope, this fact indicates that there is not necessarily a relation between
positive emotions and engagement, which is often suggested or expected.

No significant differences were found in the metrics of medium intensity and AEIL
In this case, this may be due to a characteristic of the software used. The software Face-
api.js does not recognize that more than one facial expression of emotion can happen
simultaneously with maximum intensity, as occurs in Affdex. For this reason, in most
cases, when an emotion is identified by Face-api.js, this emotion tends to be the most
intense at that moment.

Comments from volunteers. In the last stage of the experiment, the volunteers were
asked to write their suggestions, criticisms or considerations. Only 10 volunteers wrote
their considerations. In general, the comments involve the users’ opinions about the
game based on the Color Switch Replica and considerations about the questionnaire.
Concerning the game, some volunteers considered the game complex to use and, in
some cases, expressed their preference for the Memory Game. One volunteer wrote that
he/she “was a little upset with the first game (Color Switch Replica) for not being able
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Fig. 9: Facial expressions of emotions experienced by users in both games.

to keep the ball going up”, and “really liked it (Memory Game), because it was much
more interesting”. In fact, the data collected reinforce the preference of this volunteer:
while in Color Switch Replica the engagement was 2.75, the engagement was 4.33
in the Memory Game. Regarding facial expressions of emotions, in the Color Switch
Replica, the most frequent facial expressions identified were joy and anger (besides the
neutral facial expression), while in the Memory Game the neutral facial expression and
the facial expression of joy were identified.

The Color Switch Replica attracted another volunteer, who wrote: “In the Color
Switch Replica I had more difficulty, but it is challenging and holds my attention; I want
to overcome at each restart”. Although this volunteer played the Color Switch Replica
more than once, which tends to reinforce the interest in this game, the engagement levels
obtained on both occasions (4.17) were inferior to the Memory Game (5). Regarding
facial expressions of emotions, in one play of Color Switch Replica, this volunteer has
only the neutral facial expression identified. For the other activities, from Color Switch
Replica and Memory Game, neutral facial expression and joy were identified.

These comments from the volunteers reinforce the fact that the individual char-
acteristics of the players can have a great influence on their perceptions and on their
involvement with the game.
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Another aspect addressed in the comments involved the engagement analysis ques-
tionnaire. Some volunteers reported difficulty in understanding the questions, while one
said that he felt interest in the games only for the context of the experiment, but that he
would not want to use such games in the future. For this last volunteer, the writing of
the question did not make this difference clear.

The considerations of the volunteers in relation to the questionnaire is an important
aspect to be considered for the assessment of engagement. Although the UES is widely
used and validated, the difficulty in understanding certain statements in the question-
naire identified in our study may indicate the need for better clarification of the items.
Additionally, this is already a challenge known in the literature [11]. In further inves-
tigations, it is interesting to assess whether simpler metrics, such as “like” or “don’t
like”, can offer users a better understanding when evaluating their experiences.

5.3 Overall analysis

In the first study, the evaluation indicated a correlation between facial expressions of
discrete emotions, especially joy and surprise, with engagement. However, some emo-
tions — such as fear and sadness — were little experienced by the volunteers. Therefore,
the correlation of these facial expressions of emotions with engagement may not have
been identified. Additionally, an important observation regarding this study is that the
data collection occurred in a process of motor rehabilitation, with the game used re-
producing real rehabilitation tasks. Since the motor rehabilitation tasks can result in
pain or physical discomfort in patients, this may also have influenced the users’ facial
expressions and, consequently, the correlation of facial expressions of emotions with
engagement.

Although our findings in the first study did not fully agree with that stated in [21],
it was possible to confirm some promises about facial expressions of discrete emotions
and engagement using the Affdex SDK. At this point, we can conclude that the facial
expressions of emotions of joy and surprise can be considered indicative — even if slight
— that the user is engaged in the task.

However, the second study improved this discussion, indicating that the correlation
of engagement with facial expressions of discrete emotions is variable to the context
and the design of the game. The great difference regarding the correlation presented in
the games of the second study and the game of the first study is a factor that deserves to
be highlighted, suggesting that there is no universal relation between facial expressions
of emotions and engagement.

Another contribution from the second study is that there is not necessarily a relation
between positive emotions and engagement (which can be understood in the first study).
Interestingly, the facial expressions of emotions identified when users were engaged at
using Color Switch Replica encompass emotions usually considered to be negative.
These findings reinforce the discussion presented by Bopp, Mekler and Opwis [5], who
observed that negative affect can be related with a positive experience in games. Simi-
larly to movies, games can arouse emotions in players that are considered negative, but
the arousal of these emotions in the player/viewer can be an indication that the user is
involved with the multimedia content.
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As already discussed the facial expression of fear was rarely identified in both stud-
ies. Some facial expressions of emotions, such as disgust and anger, were identified in
one study, but not in the other. Although these emotions were not widely experienced,
they can play an important role in engagement depending on the context of the game.

In general, the volunteers’ engagement levels in the second study were higher than
in the first study. This difference is understandable and justified for two reasons: 1) first,
the volunteers from the first study were in physiotherapy sessions, while the volunteers
from the second study participated in the research freely; and ii) the metrics used to
measure engagement are considerably different, which justifies the wide variation in
this metric.

Although the results of our studies are not conclusive, the facts discussed here make
the analysis of the relation between facial expressions of discrete emotions and engage-
ment even more challenging. The differences identified in the relation of engagement
and facial expressions of discrete emotions depend on the goal and the characteristics
of each game.

In a game for motor rehabilitation, for example, it is important to motivate the
player to carry out the activities — which may not occur with such intensity in tradi-
tional games. These aspects certainly influence the player’s reaction to the events of the
game. In addition, motor rehabilitation patients, for example, tend to deal with pain and
motor difficulties, unlike typical users of entertainment games. Therefore, it is essential
that the characteristics of each game are considered when investigating the correlation
between engagement and emotions.

6 Final remarks

Although there are several techniques for evaluating user’s engagement, most of them
are focused on face-to-face evaluations, with a high degree of involvement of specialists
in the collection and analysis of data. In order to contribute to this scenario, we here
investigated if facial expressions of discrete emotions can indicate player’s engagement.
Our findings from two studies involving the use of three games and involving different
contexts initially revealed that users do not experience universal emotions constantly.
Although it seems strange, this is in agreement with the literature of the area and, in the
case of games, it can indicate an emotional reaction of the user to specific events of the
game.

Both studies indicated that the correlation between discrete emotions identified by
facial expressions and engagement is weak. In the first experiment, joy and surprise
could be considered positive indicators of engagement. In the second experiment, al-
though joy also showed a positive correlation with engagement in the Memory Game,
this emotion has a negative correlation with engagement in the Color Switch Replica.

Another important finding in this article is that there is not necessarily a relation
between positive emotions and engagement, as evidenced in the aforementioned case of
Color Switch Replica. In other words, our findings indicated that there is not necessarily
a global relation of emotions or group emotions with engagement, which can be used
or exchanged to different types of games.
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Finally, even though the results of this study do not provide an equation for cal-
culating engagement from facial expressions, for example, our findings reinforce the
need for further investigation in this regard, also including the use of other techniques
for analyzing the player’s engagement in conjunction with facial expressions. In future
work, we intend to explore the correlation of engagement with discrete emotions and
other metrics extracted from non-invasive methods, such as gaze and game logs. Addi-
tionally, this should involve the use of Machine Learning techniques to identify possible
correlations between these data, also including a temporal analysis considering the use
of the game at different moments.
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