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Abstract: The recognition of emotional facial expressions is a key skill for social adaptation.
Previous studies have shown that clinical and subclinical populations, such as those
diagnosed with schizophrenia or autism spectrum disorder, have a significant deficit
in the recognition of emotional facial expressions. These studies suggest that this may be
the cause of their social dysfunction. Given the importance of this type of recognition in
social functioning, the present study aims to design a tool to measure the recognition of
emotional facial expressions using Unreal Engine 4 software to develop computer graphics
in a 3D environment. Additionally, we tested it in a small pilot study with a sample
of 37 university students, aged between 18 and 40, to compare the results with a more
classical emotional facial recognition task. We also administered the SEES Scale and a set of
custom-formulated questions to both groups to assess potential differences in activation
levels between the two modalities (3D environment vs. classical format). The results of
this initial pilot study suggest that students who completed the task in the classical format
exhibited a greater lack of activation compared to those who completed the task in the 3D
environment. Regarding the recognition of emotional facial expressions, both tasks were
similar in two of the seven emotions evaluated. We believe that this study represents the
beginning of a new line of research that could have important clinical implications.

Keywords: emotional facial expressions recognition; serious game; 3D environment
videogames

1. Introduction
Emotion can be defined as any psychological phenomenon caused by various positive

or negative events for the individual [1]. These events include a set of physiological
reactions, changes in the normal course of thought, and behavioural responses. Therefore,
an emotion is a well-structured, dynamic, and multi-component phenomenon activated by
a specific event. It is a reaction to an external or internal antecedent that causes changes at
the level of the nervous and endocrine systems, the musculoskeletal system, and the facial
configuration. To confirm that we are dealing with an emotion, James in 1980 suggest that
the last three must occur simultaneously, as they are considered essential components [2].

Concerning emotions, in 1979, Ekman and Oster emphasized the crucial role that
recognition of emotional facial expressions plays in our daily lives. In fact, according to
these authors, facial expressions of emotion are the most critical component of nonverbal
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language, contributing significantly to the communication of our mental and emotional
states, as well as those of individuals in our proximity [3]. Given the pivotal role played
by accurate recognition of emotional facial expressions, the importance of developing
assessment tools for individuals who are facing difficulties becomes clear. Therefore,
research in this area is essential to deepen our understanding of our current knowledge
about this skill.

The assessment tools employed to measure such processes are mostly laboratory tests
following a classical experimental methodology. According to González-Quevedo et al.,
this approach is deemed inappropriate and irrelevant as it fails to reflect how expressions
are perceived in natural contexts [4]. Furthermore, it presents numerous disadvantages in
terms of ecological validity. In addition to these issues, there are also challenges related to
individual motivation during the execution of the classical laboratory tests. This is often due
to the tasks being presented in a highly repetitive and systematic fashion over prolonged
periods. Thus, the constant state of attention and activation can lead to fatigue, which, in
turn, can have an impact on participants’ cognitive functions and consequently their task
performance [5]. It is noteworthy that the sense of fatigue involves the participant’s ability
to construct a mental framework resulting from the integration of multiple factors such as
performance expectations (a prediction based on acquired memories about the muscular
strength or power that one possesses and could demonstrate in a specific circumstance),
the level of activation and arousal, motivation, and mood. These elements imply that, even
at the same level of objective fatigue, individuals may experience diverse sensations [6].

At the same time, however, basic experimentation is crucial for the formulation
of hypotheses and theories, as stated also by González-Quevedo et al. [4]. Similarly,
Smith [7] asserts that laboratory-based experimentation allows for a certain degree of
control over highly complex phenomena. Researchers can manage exposure to independent
variables, and randomize and control the range in which these independent variables vary,
significantly increasing internal validity. Therefore, it is necessary to develop assessment
tools that are realistic and both sensitive and motivating for the population concerned.
These tools should function similarly regardless of the individual’s cultural environment,
but with the same degree of rigour and experimental control as a classical laboratory
task [5,7].

The use of Immersive Virtual Environments (IVEs) can help alleviate the issue of low
psychological realism observed in experimental contexts by enabling the presentation of
various stimuli and environments through a computer in a more realistic manner [8,9].
This methodology has grown in recent years as a tool that allows us to assess behaviours,
obtaining increasingly precise measurements [10].

In line with this idea, we have seen an expansion of the use of video games beyond
mere entertainment to include educational, therapeutic, or research purposes [11]. Tech-
nological development has a potent effect on phenomena such as attention, memory, and
esthetics. Tasks and applications in game format enhance the user experience and facilitate
the task, as they are strongly associated with entertainment and enjoyment, and can even
stimulate thinking and affectivity [1]. However, these formats need to be diverse and varied
enough to avoid player boredom [12].

In this regard, it is known that the use of computerized games improves performance
in various cognitive tasks while enhancing the affective and motivational states of users, as
shown in a systematic review [13]. Thus, contemporary research shows a growing trend
towards using video game or application formats for the measurement of psychological
aspects of laboratory tasks, as opposed to traditional laboratory tasks. For instance, in a
study conducted by Tong et al. [14], a Go/No-Go task was implemented in a 3D environ-
ment or a Serious game to assess response inhibition. This study successfully demonstrated
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that the 3D environment task measures response inhibition capabilities in a manner very
similar to the traditional format of the test. After completing the task, participants were
asked to evaluate its utility, and it received a rating of 8.13 out of 10. Furthermore, 91%
of participants indicated that they would recommend engaging in the task. The authors
concluded by highlighting the potential benefits of analyzing the combined effect of a
serious game with other traditional methods of intervention in psychology to assess its
utility and effectiveness [14]. Another study used the Unreal Engine game development
engine to measure cognitive functions that play a pivotal role in the diagnosis and treatment
of mental disorders such as schizophrenia—that is, spatial learning, mental flexibility, and
working memory. Using a test suitable for clinical research, the authors created a virtual
counterpart of the spatial animal task known as the Morris water maze (MWM). Analysis of
data from 30 schizophrenia patients revealed cognitive deficits in the newly devised virtual
task when compared to a control group of healthy volunteers, suggesting its potential
utility as a diagnostic or therapeutic tool for cognitive function [15].

Regarding the use of video games for evaluation and treatment purposes in the field of
social cognition, previous studies also suggest their potential. For example, for evaluation
reasons, the study by Banos [16] introduced EmoAnim, a serious game designed to screen
emotion recognition abilities in children, showing promising results in distinguishing
between typically developing children and those with autism. The game successfully
highlighted key differences in emotional understanding, demonstrating its effectiveness in
identifying areas where children with autism might struggle, thus validating its potential
as both an assessment and intervention tool for social cognition [16]. Another study aimed
to investigate the effects of computerized interventions on emotional understanding in chil-
dren with autism spectrum disorder (ASD), highlighting that, following the application of
the programme, the studied abilities improved, and these improvements were attributed to
the use of the computerized intervention. Additionally, statistically significant differences
were observed between the two groups in the locomotor, personal–social, language, per-
formance, and practical reasoning subscales [17]. Similarly, a computerized pilot training
programme was designed for children with ASD exhibiting low scores in social perception.
The intervention included a combination of computer-based social perception training
exercises and a three-week trial using Remote Microphone Hearing Systems (RMHS) to
provide an enhanced auditory experience. The results showed significant improvement in
the children’s ability to perceive social cues, suggesting that this integrated approach can
effectively enhance social perception in children with ASD, particularly in environments
with auditory challenges [18].

Objectives and Hypotheses

Given that tasks in a 3D serious game format appear to be useful at both applied and
research levels, the main goal of the current study is to design a test in a serious game or 3D
environment format to assess the recognition of emotional facial expressions. To achieve
this, we based it on tasks traditionally used to study this ability, such as the Matching to
Sample (MTS) task.

As a second objective, we aim to conduct a small pilot study to verify whether this
task measures the recognition of emotional facial expressions similarly to a traditional
laboratory task, such as the one used by González-Rodríguez et al. [19]. We anticipate
that this new video game format task will create a more engaging context for participants,
preventing fatigue and being more enjoyable than a conventional task. We also expect it
to measure emotional facial expression recognition in a similar manner to the traditional
task [19]. Therefore, we anticipate that performance in the 3D video game task will yield
very similar results to performing the same task in a traditional format (Hypothesis 1).
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Additionally, we expect participants to express higher levels of psychological well-being,
lower psychological distress or lack of activation, and a reduction in perceived fatigue
compared to the conventional task (Hypothesis 2).

2. Method
2.1. Participants

The pilot study sample comprised 37 young adult university students from a Spanish
university, aged between 18 and 40 (Females: (N = 21, x = 21.2, σ = 4.55); Males: (N = 16,
x = 25.8, σ = 7.49). Of these, 19 participants (10 males and 9 females) were randomly
assigned to the experimental group, performing the task in a 3D environment. The control
group, which performed the task in a traditional format, consisted of 6 males and 12 females.
Participants were selected through incidental sampling (contacting psychology students
who received course credits for their participation) and snowball sampling (offering an
extra credit for each external participant they invited to participate). All participants had
normal or corrected-to-normal vision. Informed consent was obtained from all participants
before the study started, and the research followed the ethical guidelines outlined in
the current bioethics regulations, including the Code of Good Research Practices at the
University of Almería. This study was conducted in full compliance with the Declaration
of Helsinki and received ethical approval from the Bioethics Committee of the University
of Almería (Ref: UALBIO2020/039).

2.2. Stimulus and Materials
2.2.1. Stimulus

The stimuli employed in both the classical task and the 3D task consisted of facial
images obtained from the Radboud Faces Database [20]. The models were selected based
on inter-judge criteria, with two researchers participating in the selection process. Faces
were chosen based on presenting a similar expression for each emotion. Specifically,
this led to using the six basic universal emotions proposed by Ekman [21], happiness,
sadness, surprise, disgust, anger, and fear, in addition to neutral expression, represented by
10 different actors (five women and five men of Caucasian descent). This resulted in a total
of 70 images from the original image set [21].

2.2.2. SEES Scale McAuley and Courneya (1994)

This scale is a multidimensional measure that assesses the subjective experiences
of global psychological responses to the stimulating properties of physical exercise. It
consists of 12 items (4 per factor) that encompass three factors: variations in psychological
well-being, psychological distress or lack of activation, and perceived fatigue after intense
physical exercise. Two of them refer to positive poles (psychological well-being) and nega-
tive poles (lack of activation, psychological distress). The third factor presents subjective
indicators of fatigue sensation.

The original psychometric data provided by the scale’s authors indicate that it has
acceptable internal consistency and external validity. Subsequently, De Gracia et al. [22]
replicated these results by conducting a principal component analysis with varimax rotation
to verify the factorial structure of the scale. In both groups, the items were grouped into
the expected three factors, with a total variance of 89.16% for the experimental group and
75.15% for the control group. The results of the factorial analysis and internal reliability of
the SEES were then presented, confirming that all three factors showed a high reliability
coefficient [22].

Lastly, it is important to note that this scale does not measure emotions directly; rather,
it provides measures of responses that can lead to specific emotional states. According



Computers 2025, 14, 153 5 of 13

to Mousseau [23], fatigue can be used to describe the feeling of tiredness after exertion of
various kinds, be it intellectual, work-related, or related to sport. The construct of fatigue
also extends to that generated by mental effort. Although it has been validated and used
mainly in the field of sport, it includes constructs that can be extrapolated to those arising
from intellectual exertion, such as decreased activation, reduced well-being, and increased
fatigue. For this reason, we have chosen to use it in the present study.

2.2.3. Ad Hoc Questionnaire

In addition to the previous scale, an online questionnaire was designed using Google
Forms (Google Forms, n.d.). It included the following five questions to explore all aspects
considered of interest for the research, such as enjoyment, availability, experience of this
type of task, and familiarity with the format:

A. Did you enjoy the task? (Rate from 1 to 7, where 1 is not at all and 7 is totally).
B. Would you be willing to do more tasks of this type? (Yes/No).
C. Did you find it difficult to perform this task? (Yes/No). If you encountered any

issues, please specify:
D. Have you participated in a similar experiment before? (Yes/No). If the answer is

yes, do you prefer to participate in this type of experiment online or in a physical laboratory
setting? (Online/Laboratory).

E. How much time do you spend weekly playing video games? (None/zero to five
hours/five to ten hours/10–20 h/more than 20 h).

2.2.4. Reinforcers

In addition to receiving credits for their participation, participants had the opportunity
to win a prize, a EUR 20 Amazon voucher, which was raffled off at the end of this study.

2.3. Procedure
2.3.1. Three-Dimensional Task Development (Objective 1)

This phase involved the programming of a video game, which was subsequently
tested in a pilot experiment (Objective 2). As mentioned earlier, this task is based on a
classic laboratory task used in a previous research study [19]. To develop it, we used a
game development engine called Unreal Engine 4 [24]. UE4 is one of the most powerful
development engines available for creating interactive environments, and since 2015, it
has been free to use for creating games compatible with Windows, macOS, Linux, HTML5,
Xbox One, PS4, Android, IOS, and VR [25].

UE4 allows choosing the type of project to create, loading templates, programming
parameters, and adding any external content (documents, images, audio clips, videos,
etc.). Regarding programming languages, it has two types: C++ and a technology called
Blueprint Visual Scripting. The latter is a system that allows creators to work more syntheti-
cally. Blueprints are like assets within the UE4 editor that can be organized into nodes. This
allows for the creation of a variety of codes by interconnecting different elements [26]. UE4
also provides a Getting Started Guide on its official website, along with various tutorials
and complete game programming guides under ‘Unreal Engine training & simulation’. All
these resources made it possible to acquire the necessary knowledge to programme this
video game.

To explain the components of this game, we will use the Content Browser viewer found
in any UE4 project on the left side of the screen, which serves as a guide to navigate through
the different elements to be configured for game creation. The game consists mainly of the
following elements: Blueprints, Excel, Photos, Textures, and Level. With all this in mind,
we developed a matching task in which the participant had to match one face with another
showing the same emotion. In each trial, the participant saw a virtual room containing a
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photo of an actor expressing a specific emotion (see Figure 1). They next moved to another
room where they encountered seven photos of 7 different actors displaying the 7 emotions
included in the task (happiness, sadness, anger, disgust, surprise, fear, and neutral). Only
one of them, the one showing the actor in the previous room, was correct. The participant
had to navigate through the space and enter the door corresponding to the correct emotion.
They had a maximum of 45 s to respond. This process was repeated until a total of
70 trials or rooms had been completed. At the end of the task, the participant received
a CSV document that recorded, for each correctly differentiated and numbered level:
(i) the time spent in the room or level; (ii) the accuracy rates; (iii) the correct emotion for
that level; and (iv) the emotion they had chosen. This last piece of data provides important
information in trials where an error occurred, allowing us to understand which emotions
were being confused with each other.
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Figure 1. Three-dimensional task.

2.3.2. Pilot Study (Objective 2)

To conduct the pilot study, we designed a classical facial emotion recognition
based on the one used by González-Rodríguez et al. [19], utilizing the Psychopy 2020.1
software [19,27]. In this case, only a matching block was created, omitting the labelling
block, using the same images as in the 3D environment task. Specifically, the task consisted
of a block of 70 trials that began with a fixation point for 500 ms (see Figure 2). After that, a
blank screen appeared for 250 ms, followed by the presentation of the sample stimulus (a
face displaying an emotional expression) for 1.000 ms. Next, seven faces of different people
were presented, with only one showing the same emotional facial expression as the sample
stimulus. Participants had to click on the image they considered correct using the mouse.
The stimuli remained on the screen until a response had been made or 10 s had elapsed
(whichever occurred first). After a blank screen of 250 ms, the next trial began. At the end,
we obtained a CSV document that recorded each correct answer. The document contained
reaction times, accuracy rates, and failed emotions in case of error.

Since this study took place during the COVID-19 pandemic, it could not be conducted
in person in a laboratory setting. As a result, both the tasks and questionnaires were
adapted to an online format. The procedure began by contacting psychology students
through the virtual classroom of their subjects, offering them the opportunity to participate
in exchange for course credits and entry into a raffle for a EUR 20 Amazon voucher. Once
the participants were contacted, they were randomly assigned to each group. Subsequently,
they received an email with links to the tasks and questionnaires, along with detailed
instructions on how to complete them. The task was designed to be downloaded to a
personal computer, while the questionnaires were to be completed online.
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3. Results
3.1. Experimental Tasks

First of all, to rule out the possibility that gender-related effects might bias the
results, a gender-by-emotion ANOVA was conducted on the data from both tasks
(classic and 3D). As shown in Figure 3, no gender differences were observed for any
emotion [F(6, 35) = 0.82, p = 0.55]. Therefore, the data from men and women were pooled
for the subsequent analyses (see Figure 3).
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Figure 3. Estimated Marginal means interaction of emotion x sex. To compare the performance of the
groups that participated in the classic task and the 3D Environment task (see Table 1 for descriptive
statistics), the percentage of correct responses obtained by each participant for each emotion was
analyzed using a mixed ANOVA with Emotion (Happiness, Sadness, Anger, Disgust, Surprise, Fear,
and Neutral) as the within-participants factor and Type of task (Classic Task and 3D Environment
Task) as the between-participants factor.

To check the assumption of homogeneity of variances in performance, we refer to
the Levene’s test for heterogeneity of variances, where this assumption is not met for the
emotions Happiness [F(1, 35) = 7.47, p = 0.01], Disgust [F(1, 35) = 8.26; p < 0.05]; and
Surprise [F(1, 35) = 9.83, p = 0.03]. That is, the variances for these data groups are dif-
ferent. However, it is met (p > 0.05) for the emotions Sadness, Anger, Fear, and Neu-
tral. For this reason, we use Welch’s ANOVA. Since the sphericity assumption was not
met [Mauchly’s W= 0.24 = 20, p < 0.05], the Greenhouse–Geisser correction was ap-
plied. A general effect of emotional recognition between tasks was found [Wilks’ Lambda
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(Λ)= 0.310, F(11, 135) = 6.000, p < 0.05, ηp2 = 0.77], general effect task which indicated su-
periority in the 3D task, and modulated by an Emotion x Task interaction [Type III Sum of
Squares = 2.337 = 1, F = 0.008, p = 0.93]. The results of Welch’s ANOVA for the emotions that vi-
olated the homogeneity of variance assumption were Happiness [F(1, 34.42) = 372.991, p < 0.05];
Disgust [F(1, 25.24) = 35.752, p < 0.01]; Surprise [F(1, 22.37) = 1.038, p = 0.32]; For the
emotions that did not violate the assumption, the results were Anger [F(1, 33.64) = 4.72,
p = 0.04]; Sadness [F(1, 23.85) = 69.972, p = 0.00]; Fear [F(1, 19.01) = 25.13 p < 0.05];
Neutral [F(1, 31.87) = 2.14, p = 0.15], (see Figure 4).
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Post hoc comparisons were conducted using the Games–Howell correction. In
the classic task, the emotion that was best recognized was Disgust, being significantly
different (p < 0.05) from four emotions (Happiness, Anger, Surprise, and Fear). This
was followed by Fear, which significantly differed from Sadness, Disgust, and Neutral
(p < 0.05), and Neutral, which differed from Fear, Anger, and Happiness. Significant dif-
ferences (p < 0.05) were found in Happiness and Anger compared to Disgust and Neutral.
Finally, in the Surprise emotion, we only found statistically significant differences (p < 0.05)
with the Disgust emotion, and in Sadness, we only found statistically significant differences
with Fear.

In the 3D Environment task, the emotion that achieved a better level of recognition
was Sadness, where statistically significant differences (p < 0.05) were found compared to
Happiness, Anger, Disgust, Surprise, Fear, and Neutral. This was followed by Fear, in which
statistically significant differences (p < 0.05) were found compared to Happiness, Disgust,
and Surprise. In third place, we found Happiness, Anger, and Surprise all of which differed
significantly (p < 0.05) from Sadness and Fear. Finally, Neutral and Anger significantly
differed (p < 0.05) from Sadness. The remaining differences were not statistically significant
(p > 0.05).

Table 1. Descriptive statistics.

Happiness Sadness Anger Fear Surprise Disgust Neutral

Mean
Classic Task

76.11
(±16.85)

89.44
(±15.51)

78.89
(±12.31)

98.33
(±5.14)

81.67
(±14.65)

71.67
(±22.2)

90.56
(±13.04)

Mean 3D
Task

96.32
(±11.64)

61.58
(±17.21)

81.58
(±11.50)

94.21
(±6.00)

95.79
(±6.07)

76.32
(±18.60)

86.84
(±12.93)
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3.2. SEES Scale (McAuley and Courneya, 1994)

The results of the test for normality and homogeneity of variance showed that
only in the case of Lack of Activation, were these assumptions not met [U = 35= −2.30;
p = 0.21], so the data for this group were analyzed using a Mann–Whitney U non-parametric
test for two independent samples. In the other two factors, Psychological Well-being and
Fatigue, an independent samples t-test was used. There were no statistically significant
differences in the Psychological Well-being variable between the scores of participants
who performed the Classic Task [M = 17.28, SE = 4.54] and those who did the 3D En-
vironment Task [M = 19.47, SE = 4.79] [t = −1.43 = −1.517, p = 0.16] or were there sta-
tistically significant differences in Fatigue between the scores of participants who did
the Classic Task [M = 10.47, SE = 4.78] and the 3D Environment Task [M = 13.72, SE = 5.12];
[t = 1.98 = 35, p = 0.06]. However, statistically significant differences were observed when
comparing both groups regarding the Lack of Activation factor [Z = 2.302= 35, p = 0.02]
with a very high effect size (d = 2.59). Specifically, the group that performed the task in the
classic format scored higher (M = 23.17) than the group that performed the task in the 3D
environment format (M = 15.05).

3.3. Ad Hoc Questionnaire Results

Regarding the ad hoc questionnaire, no statistically significant differences were found
in any of the questions (See Table 2).

Table 2. Ad hoc questionnaire analyses.

Aspect 3D Environment Classic Format Total

A. Task Liking (Average Score) 5.75 (σ = 1.25) out of 7 4.72 (σ = 1.40) out of 7 U(1) = 161, p = 0.278

B. Willingness to Do More Tasks Higher willingness Lower willingness χ2(1) = 0.478, p = 0.489

C. Perceived Difficulty All found it easy Most found it easy χ2(1) = 0.005, p = 0.942

D. Preferred Experimental Setting Laboratory preferred Laboratory preferred χ2(2) = 1.77, p = 0.412

E. Weekly Video Game Playing Time
0 h 47.36% 50% 48.6%

0–5 h 26.31% 16.66% 21.6%
5–10 h 10.52% 11.11% 10.81%

10–20 h 5.26% 11.11% 8.1%
More than 20 h 10.52% 11.11% 10.8%

4. Discussion
The aims of this study were, firstly, to design a task in a 3D environment format to

assess the recognition of emotional facial expressions and, secondly, to conduct a pilot
study to compare the performance and subjective experience (psychological well-being,
lack of activation and psychological distress) in this task with that obtained in a similar
task developed in a classic format. After achieving the first objective and finalizing the
task design, we conducted a pilot study. The results indicated that, although there were
overall differences in performance between the two tasks in favour of the 3D task, these
differences became even more evident when analyzing each emotion individually. In the
case of Sadness, the scores were notably lower in the 3D task compared to the classic task,
which is consistent with the literature. Previous studies suggest that negative emotions,
such as sadness, tend to be more difficult to recognize than the positive ones [28–31]. This
difficulty may be explained by the tendency of people to focus more on positive stimuli,
leading to reduced sensitivity to negative emotions [32]. Moreover, cognitive biases may
further distort emotional perception, causing a stronger emphasis on positive emotions
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while diminishing attention to negative ones [33]. However, it is important to note that not
all negative emotions behave similarly; for example, fear is often processed more rapidly
due to its evolutionary significance in threat detection [31,32].

This pattern of negative emotion recognition suggests that this new task better captures
the phenomenon by getting closer to the person’s real capacity in terms of emotional facial
recognition. The results of this study seem to indicate that our first hypothesis is fulfilled;
the 3D task could be used, like classical matching tasks, to explore and evaluate the
recognition of emotional facial expressions. These results, together with other previous
studies [2,14,17], could suggest that tasks in 3D or Serious game environments are as
effective as conventional tasks.

On the other hand, it is worth noting that of the three factors measured by the SEES
scale, there were statistically significant differences in participants’ Lack of Activation in
favour of the 3D Environment task. This improvement in activation occurs even though
participants who completed the 3D Environment task had to perform a series of preliminary
tasks that could have resulted in a lack of activation, tasks that participants who completed
the classic task did not have to perform (e.g., the entire process related to downloading
and installing the 3D task). Even considering the need to expand this pilot study, the data
obtained suggest that our second hypothesis is partially fulfilled. This hypothesis referred
to the idea that the 3D Environment task might be more attractive and dynamic, leading
participants to manifest higher levels of psychological well-being, lower psychological
distress or lack of activation, and a decrease in perceived fatigue compared to the conven-
tional task. As we have observed, this hypothesis has been fulfilled regarding the lack of
activation [5,6,34].

Regarding the questions formulated to explore other aspects of the task, we observed
that participants who completed the task in the 3D environment liked it on average
1.03 points more out of 7 than those who performed the task in the classic format. All
the participants who completed the task in a 3D environment would be willing to do a
similar task again, while 88.88% of those who completed the task in classic format ex-
pressed the same intention. Furthermore, the task was considered easy by 100% of those
who completed it in its classic version, while 94.73% of those who completed it in the
3D Environment format found it easy. Additionally, responses to open-ended questions
revealed that participants who completed the task in the 3D environment encountered
difficulties in downloading and executing the task file. This suggests that addressing this
issue, for example, by conducting the task in a laboratory setting where participants do not
have to learn how to execute the file, or by programming an online version like various
software packages for psychology experiment generation, could be beneficial.

Although these results could mean that the 3D Environment task designed in this
study could be used, like more traditional matching tasks, to explore and assess the
recognition of emotional facial expressions, we believe that further studies are needed to
extract more conclusive data. Several reasons lead us to be cautious. Firstly, although no
gender differences were found, we believe that the observed variability when analyzing
each emotion separately could be due to this study being conducted with a small sample
size and without controlling for the proportion of men and women in each group, a factor
that can influence the recognition of emotional facial expressions. This gender imbalance
is largely due to the fact that most participants were psychology students, a field with
a higher proportion of female students. Furthermore, this study was conducted during
the COVID-19 pandemic, which significantly limited access to participants and made it
difficult to achieve a more balanced sample. Additionally, due to the limitations imposed
by the pandemic, the experiments were administered online, which likely influenced the
results obtained as environmental variables that can be minimized (e.g., the presence of
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distractors) during the experiment in a laboratory setting could not be controlled. In fact,
by being conducted online, the 3D Environment task proved to be more complex than the
classic task, requiring prior installation on participants’ computers, which, on more than
one occasion, led to issues. Therefore, it would be advisable to repeat this study with a
larger sample and preferably in a laboratory setting.

5. Conclusions
In this study, we compared the performance of a classic emotional facial expression

recognition task with a more innovative task (3D environment). The results indicate a
higher percentage of accuracy in recognizing Happiness, Sadness, Anger, Disgust, and Fear
in the 3D task. On the other hand, the results also show lower levels of perceived lack of
activation in the 3D task compared to the conventional task. Although this is a pilot study
that will need to be replicated and expanded, we believe that these results are promising
and can serve as a foundation for the assessment of emotion recognition in clinical and
subclinical populations where this process is impaired (e.g., individuals diagnosed with
ASD or schizophrenia or with high levels of BAP or schizophyte). Additionally, it could be
adapted for training and improving this process by implementing procedures such as the
Differential Outcomes Procedure (DOP). Therefore, this study represents the beginning of
a new line of research that may have important repercussions in clinical settings, starting
with the generation of a useful instrument for the evaluation and training of the process of
recognition of emotional facial expressions.
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