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Abstract—Stress is revealed by the inability of individ-
uals to cope with their environment, which is frequently
evidenced by a failure to achieve their full potential in tasks
or goals. This study aims to assess the feasibility of esti-
mating the level of stress that the user is perceiving related
to a specific task through an electroencephalograpic (EEG)
system. This system is integrated with a Serious Game
consisting of a multi-level stress driving tool, and Deep
Learning (DL) neural networks are used for classification.
The game involves controlling a vehicle to dodge obstacles,
with the number of obstacles increasing based on complex-
ity. Assuming that there is a direct correlation between the
difficulty level of the game and the stress level of the user,
a recurrent neural network (RNN) with a structure based on
gated recurrent units (GRU) was used to classify the differ-
ent levels of stress. The results show that the RNN model
is able to predict stress levels above current state-of-the-art
with up to 94% accuracy in some cases, suggesting that the
use of EEG systems in combination with Serious Games
and DL represents a promising technique in the prediction
and classification of mental stress levels.

Index Terms—EEG, serious games,

mental stress.

TRESS is one of the most common conditions in modern
S society, and its impact on the health and well-being of
individuals can be profound. Each person perceives and manages
stress to a greater or lesser extent, where poor management can
lead to chronic stress, which has a demonstrable relationship
with physical and mental health problems [1], [2]. The brain
is intimately connected to stress. When a person experiences
a stressful event, triggers a response that involves the release
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of hormones and the bodily adaptation in order to overcome
that situation [1], [3], [4]. In those cases, they may confront
these situations with varying levels of confidence, tension, fear
or tranquility [5], [6], [7].

In recent decades, the study of stress has gained significant
importance in several fields such as medicine, psychology, ed-
ucation or professional activity, among others. Thanks to tech-
nological and scientific advancements, a variety of techniques
and tools have been developed to measure and analyze stress.
Furthermore, artificial intelligence (AI) and machine learning
(ML) have enabled the development of predictive and classifi-
cation models for stress, opening up new possibilities in research
and treatment of this condition [8]. A way of evaluating stress
is recording and processing EEG signals from the surface of
the scalp using non-invasive electrodes [9], [10]. A number
of studies have emerged focusing on the extraction of relevant
information from human EEG signals, with their value lying in
their application to the diagnosis and treatment of a wide range
of neurological and psychiatric disorders [10], [11], [12].

When addressing the evaluation of stress, a few recent ex-
amples of ML approaches can be cited. For instance, Kalas
et al. conducted a study on stress detection using EEG signals
and applied k-means clustering to classify stress-relax binary
states. The study compared this classification with an objective
assessment based on physiological variables [13]. Another work
by Perez-Valero et al. quantitatively evaluated stress through
virtual reality (VR), measuring brain activity of 25 partici-
pants. Their study employed individualized machine learning
models based on regression algorithms and achieved a high
correlation with ground-truth stress levels [14]. Further analysis
with Deep Learning (DL) models for stress detection has also
been developed due to improved computational capacity of this
algorithms. The study of Pandey et al. focused on emotion
detection, including stress, using DL and categorizing emotions
into valence and arousal. They applied a deep neural network
(DNN) model with approximately 60% accuracy on test data.
Comparative analysis with classical machine learning classifiers
demonstrated similar or superior results depending on the spe-
cific application [8], [15]. Finally, a study conducted by Xu
et al. addressed the use of DL combined with Transformers.
This work shows promising results of up to approximately 92%
accuracy [16].

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
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Fig. 1. Experimental setup composed of the Serious game (a), and the EEG system composed of the LED array (b), electrodes (c), cap (d) and

standardized channel locations (e).

All previous approaches share the common goal of stress
detection, each employing different techniques such as ML and
DL, but stress induction lacks of interactivity. Although there
are some studies that employ interactive approaches to measure
mental stress in many cases they only rely on passive audiovisual
experiences as a method of stress monitoring [17]. The present
study proposes an innovative differentiating approach based
on Serious Games. This concept is linked to games developed
for purposes other than entertainment, aiming to provide value
and utility in their focused field. Our proposal employs this
kind of games as an interactive method for the quantitative
measurement of mental stress, seeking greater user involvement
and attention during the monitoring process with the objective of
corroborating if this interactive approach is an effective method
for the prediction and classification of mental stress from EEG
signals. For the identification of the stress level, we propose
a classification model consisting of a RNN based on a GRU
architecture, a variant of the Long Short-Term Memory (LSTM)
network, due to the time-series nature of the recorded signals.

Il. MATERIALS AND METHODS

The proposed system consists of a Serious Game about a
racing game focused on avoiding obstacles with a vehicle con-
trolled by the side arrow keys on the computer keyboard (see
Fig. 1). The game is divided into 4 levels of difficulty, each
differentiated by the increasing number of obstacles to dodge.
As described in the introduction, the use of the game as the final
application is based on the interactivity and attention it generates
in users during gameplay. An 8-channel EEG device is used as
the recording method to capture the brain signals of a group
of 19 users, from which a dataset of signals is obtained based

on the played level, repetition, channel, and user. The dataset
undergoes a preprocessing stage to optimally input the data into
the classification model. The goal is to classify mental stress
into 4 levels of intensity correlated with the 4 levels of difficulty
in the Serious Game. The DL model consists of RNNs with a
structure of 7 layers based on GRUs. The model is trained with
the preprocessed dataset to tackle the multi-class classification
problem of mental stress into 4 intensity levels.

A. Serious Game

The development of a game is a complex and creative process
that involves multiple stages, from the conception of the idea to
its production. The development process for the proposed game
takes place in the Unity game engine, which brings together the
necessary tools to import materials, textures, and effects that
shape the game and allow for the construction of the application
to be integrated into the EEG system.

The initial idea of the game addresses how to make the
player face various situations that generate different levels of
stress. To achieve this, based on the concept of stress-generating
Information and Communication Technologies (ICTs) factors, a
racing game with multiple difficulty levels is proposed. In each
level, the number of obstacles to dodge will increase. This idea
is based on the ICT aspect of information overload, where the
increase in visual elements (obstacles) in each level creates an
overload that induces tension and stress. Additionally, technical
difficulty is induced by creating four levels, thereby increasing
the game’s challenge. On the other hand, social isolation is
induced by requiring the player to perform the test alone with-
out distractions, with the car engine and game sound isolating
external sounds [18], [19].
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Fig. 2. User’s subjective stress perception at each difficulty level. 1-10

Likert Scale (n=19).

The game presents randomly generated roads and obstacles,
the car moves by scrolling vertically through these random roads
during the level. The difficulty of each level varies depending
on the increase or decrease in the number of obstacles (trucks)
placed on each road. Players can change the horizontal position
of the car while it moves at a constant velocity through the screen.
A countdown at the beginning of each level has been added
together with sounds activated when the car crashes with the
obstacles which are represented by long yellow trucks. When a
player crashes with an obstacle it disappears and an explosion
sound is played to increase the sense of failure. Additionally,
Play Now and Play Again buttons have been added for better
management.

Additionally, a survey has been conducted to ensure that the
game levels generate a stress level comparable to the difficulty of
each level (Fig. 2). Each participant was asked to decide which
amount of stress (from 1 to 10) was feeling while playing each
of the game levels. The survey shows that each of the 4 levels
provide a clear difference in stress perception.

B. EEG System and Communication

The EEG system used is the Unicorn Hybrid Black acquisition
device (G.tec Medical Engineering GmbH, Austria) connected
to a laptop computer with the final application of the Serious
Game programmed in Unity and the recording API programmed
to integrate the game with the acquisition device. The Unicorn
Hybrid Black is an EEG device that allows the measurement of
brain electrical activity in different scalp areas through 8 surface
electrodes located following the 10/20 International System (Fz,
C3, Cz, C4, Pz, Po7, Oz, P08). The EEG signals are sampled at
24 bits and 250 Hz per channel, and referenced to two electrodes
placed on the mastoids [20]. This device has been chosen to
evaluate if mental stress detection is feasible even with a low-cost
device and outside the laboratory environment.

For the integration of the Unicorn recording device and the
Serious Game, an API is programmed using UDP sockets to
enable communication between the two parts. The recording is
programmed to last exactly 90 seconds.

C. Experimental Protocol

Brain signals have been measured from a group of 19 users (15
men and 4 women with an average age of 31+£14). 12 of the par-
ticipants are right-handed and 7 are left-handed. All participants
have signed the correspondent informed consent following the
Ethics Committee Protocol (REF: UA-2023-02-08_2) according
to the Declaration of Helsinki, which establishes the postures,
breaks, and timing to be followed. During the test, each user is
monitored by level and repetition, with 5 repetitions for each of
the 4 difficulty levels of the Serious Game, resulting in 20 EEG
measurements of 90 seconds for each of the 19 participants,
generating a 30-minute EEG recording per user.

D. EEG Signal Preprocessing

Once the brain signals of each user are captured, a preprocess-
ing window is established with the aim of cleaning, removing
noise, and transforming the data to arrange it optimally for
subsequent classification. To achieve this, a low-pass filter is ap-
plied to eliminate higher frequencies caused by motion artifacts
or high-frequency electromagnetic interference, allowing only
frequency components up to 60 Hz to pass through. A high-pass
filter is also used to remove lower frequencies present in the
signal caused by slow-motion artifacts such as head position
changes, slow eye movements or finger movements during the
game interaction. The applied filter removes frequencies ranging
from 0 to 4 Hz to eliminate all types of motor and visual artifacts
present during the experiment. A Notch filter is implemented
to eliminate the 50 Hz component caused by the power grid
interference. Additionally, an adaptive averaging filter is applied
to remove residual noise or interference by adapting to the input
signal while preserving the relevant signal features. Other meth-
ods, such as Independent Component Analysis (ICA), have been
discarded due to the limited number of channels and uncertain
reliability.

In order to generate a larger amount of data to train the DL
model, the EEG signal from the 8 channels is divided into
2-second segments with a 20% overlap. This has been done to
generate a large amount of data for the neural network, which
also allows for the generation of a greater number of patterns
for the network to learn from and enhances computational ef-
ficiency. The generated dataset is stored in a matrix saved in a
MATLAB (.mat) file, organized in folders by user. Each file is
labeled according to the attempt and difficulty level of the game.

The remaining transformations and preprocessing steps take
place in Kaggle (online community of ML). The Kaggle’s envi-
ronment used to preprocess and also train the models provides
a Tesla P100 GPU with 16 GB of RAM and weekly access of
30 hours. The data is labeled with a value ranging from 0O to
3, corresponding to the difficulty level of the respective level.
The specific labeling is as follows: “0: Low stress, 1: Moderate
stress, 2: Intermediate stress, 3: High stress”.

Prior to preparing the dataset for the model, it is necessary to
ensure the removal of as many artifacts as possible, which in-
volves performing a second preprocessing step for this purpose.
Values exceeding the absolute threshold of 75 mV are considered
outliers, as they exceed the resting potential of neurons [14].
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These outliers can be caused by blinks, user movements, or
simply uncommon recordings of brain activity. To handle them,
they are mitigated to 0 mV without being removed from the
dataset.

It is worth noting that DL. models perform better with data
normalized between the values of 0 and 1. This is because
normalized data has lower variance and is less sensitive to
any remaining outliers. Additionally, normalized data provides
numerical stability and allows the model to compare and extract
features more easily since all the data is on the same scale.
Therefore, the data has been normalized and rounded to one
decimal place to avoid overloading subsequent calculations due
to the number of decimal places.

Once the data has been preprocessed, the next step is to
transform it to make it suitable as an input for the model. Consid-
ering that a minimum of 19 stress classification models will be
implemented (one model per user), the computational cost will
be high. To leverage the capabilities provided by Kaggle, the
data is transformed into one dimension making it suitable for
one-dimensional models. Afterwards, the dataset is converted
into a tensor and divided into training, testing, and validation
sets. The predefined split percentage is as follows: 20% of the
total data for the test set, 20% of the remaining 80% for the
validation set and the remaining for the training set.

E. Multi Stress Level Classification

Once the preprocessed and transformed dataset is ready,
patterns and features are extracted using a DL model to make
predictions on stress level classification.

Considering that our problem involves classifying EEG sig-
nals using DL and that classification models for EEG signals
do not generalize well due to the variability in how individ-
uals express their emotions at the brain level and the varying
requirements to induce stress in each person, we will train a
classification model for each user. Additionally, medium-size
models (4 participants) and models with all participants will be
trained to establish how well this modelling can generalize.

Regarding the implementation of the model, it is necessary
to establish a consensus to ensure that each generated model is
identical in terms of architecture and hyperparameters, ensuring
consistent classification for each user. To achieve this, it is
important to consider the type of data used as input. In this case,
the signal data corresponds to a time series, so a RNN model
based on GRU will be implemented (Fig. 3). GRU units are a
variant of LSTM networks, with the difference being that each
GRU unit has two gates: reset gate and update gate, instead of
the three gates (input, forget, and output) present in LSTM units.
This design choice increases computational efficiency with GRU
units at the expense of reducing long-term storage capacity [21].
Also, GRU has been implemented due to the favorable nature of
the data as a time series and its ability for short-term memory,
allowing it to retain information about important patterns to learn
and discern stress levels. In contrast, simple DNN are unable to
learn, according to previous analysis and Transformers require
a large amount of data (much greater than the current dataset)
for the model to start learning patterns properly.

' input_1 :

kernel (128x768)
recurrent_kernel (256x768)
bias (2x768)

tf.expand_dims

kernel (1x384)
recurrent_kernel (128x384)
bias (2x384)

dense

kernel (128000x4)
bias (4)

kernel (128x384) Softmax
recurrent_kernel (128x384)

bias (2x384)

kernel (128x384)
recurrent_kernel (128x384)
bias (2x384)

Fig. 3. DL model architecture composed of GRU layers where the
input data is routed to a dense layer with “softmax” activation function to
confront the multi-class classification problem.

To build the model, an input layer is implemented with a size
corresponding to the training data that will be fed into the model.
This is followed by 4 GRU layers, each consisting of 128 units,
except for the last layer which has 256 units. Subsequently, a
flattening layer is implemented to reduce the dimensionality
of the data. Finally, the output layer is added, consisting of a
dense layer with 4 units representing the 4 stress levels. The
softmax activation function is applied to interpret the output as
a probability distribution across the 4 stress levels [22].

To compile the model, an optimizer, a loss function, and
a performance evaluation metric need to be defined. Firstly,
the “Adam” (Adaptive Moment Estimation) optimizer has been
implemented. This optimization approach allows the network
to adapt to different learning rates and adjust the model to
the specific problem at hand [22]. As for the loss function,
“categorical cross-entropy” has been implemented, as the ad-
dress problem is multi-class and this function evaluates the
discrepancy between the predicted probabilities and the actual
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Fig. 4. Mean accuracy and standard deviation for each proposed model. 11-119 corresponds to individual models, M1-M2L corresponds to

middle-size models and G1 and G1L corresponds to generalized models.

classes, aiming to minimize this divergence during the model
training. Additionally, a suitable performance evaluation metric
should be chosen to assess the model’s performance on the task at
hand. The performance evaluation metric chosen is the accuracy,
which measures the fraction of correct predictions out of the
total predictions made [22], [23]. Finally, the model is trained
by providing the corresponding training data, which includes
the signal data and their corresponding labels. The number of
epochs to iterate over, the batch size of the data, and validation
data are defined. Additionally, a learning rate decay callback is
introduced to gradually reduce the learning rate at each epoch.
In this case, TensorFlow learning rate scheduler has been used,
which adjusts the learning rate based on a lambda function that
reduces the rate by a factor every X epochs. This allows for
a fine-tuning of the model’s learning process and potentially
improves its performance.

The process of creating, compiling, and training the model
is replicated for each of the 19 users and later is generalized
by implementing intermediate (M) and full-dataset (G) models,
resulting in a total of 25 stress level classification models. Indi-
vidual models have been trained using 60 epochs. This number
is selected by averaging the optimal number of epochs for each
individual model. However, for larger models “M” and “G” a
higher number of epochs (90) has been also selected to show
if there were differences in accuracy due to the increase of this
parameter.

Each model has been trained with the same hyperparameters,
except for the aforementioned number of epochs and the increase
in batch size in the general models, which require a longer train-
ing time to learn, specifically, being 32 for individual models, 64

TABLE |

RESULTS OF TRAINED MODELS

Models | Epochs | Mean Accuracy Std
11 60 0912 0.012
12 60 0.854 0.014
13 60 0.783 0.018
14 60 0.944 0.008
15 60 0.866 0.012
16 60 0.914 0.008
17 60 0.868 0.004
18 60 0.699 0.018
19 60 0.897 0.008

110 60 0.795 0.009
111 60 0.716 0.012
112 60 0.828 0.007
113 60 0.874 0.005
114 60 0.887 0.010
115 60 0.895 0.009
116 60 0.932 0.012
117 60 0.939 0.006
118 60 0.790 0.015
119 60 0.855 0.020
M1 60 0.858 0.004
M2 60 0.841 0.007
MIL 90 0.837 0.010
M2L 90 0.844 0.016
G1 60 0.722 0.005
GIL 90 0.714 0.007

The nomenclature for each model corresponds to the letter
“I” followed by the participant number for individual models,
the letter “M” followed by the model number for medium-
sized models. Additionally, the letter “L” indicates that the
model has been trained with a larger number of epochs.
Finally, the letter “G” followed by the model number
represents the large-sized model that includes all users except
for three (12,18, 111). The columns “Mean Accuracy” and
“Std” represent the mean and the corresponding standard
deviation obtained from a 5-fold cross validation.
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for medium models, and 512 for large models. In spite of that,
the architecture and size of the model remain the same. After
training and validating the models, they are saved, and their
performance is evaluated using unseen test data. This provides
a series of results based on the metric used, accuracy. Both,
the training and performance evaluation of the models, with
validation and test data, are performed using a cross-validation.
Each model is therefore trained and validated 5 times, to later
obtain the average accuracy and deviation as the final result for
the evaluation of the model.

IIl. RESULTS AND DISCUSSION

Results of individual (I), medium size (M) and generalized
(G) models are shown in Table I, including the selected number
of epochs and the mean accuracy values after classification.
M1 model includes participants 1, 6, 16 and 18, while M2
includes participants 2, 4, 12 and 19. Users included in the
M models are randomly selected. The G model includes all
participants except for users 2, 8 and 11. These three participants
were excluded from the general model because they exhibited
sudden movements and unintentional gestures during the test,
which contributed to the appearance of artifacts. This aspect is
reflected in the individual model’s accuracy of some of these
users. Additionally, the letter “L” indicates that the model has
been trained for a larger number of epochs.

Fig. 4 shows that models I1, 14, 16, 19, 116, and 117 have
achieved an accuracy greater than 90%. However, four of them,
13,17, 110, and 111, do not reach 80% accuracy. The variability
in these results is relatively low and can be attributed to factors
such as noise during the test, user’s sudden movements, lower
concentration at certain moments during monitoring, or simply
variations in the user’s perception of stress levels compared to
the established reference. In other words, there may be moments
where the user is more or less stressed than what is defined.

Models trained with a higher number of iterations, such as
MIL, M2L, or GIL, show that the increased number of epochs
does not significantly improve the model’s accuracy (Wilcoxon
Sum Rank Test, p > 0.05). However, if a model were to be
constructed with a very large number of participants, this would
be a factor worth studying and considering.

On the other hand, the accuracy metric used in the devel-
opment is one of the most suitable for this problem. Since the
model’s output is an integer representing the stress level, this
metric can effectively show the percentage of times the model
has correctly predicted a stress level. Thus, intuitively, the real
performance of the model can be understood.

Theoretically, as more individuals are introduced, the accu-
racy of the model should decrease due to the fact that EEG
data does not generalize well as it is a signal very dependent on
individual brain behavior. For the intermediate models, consid-
ering that one of them was trained with individuals who had an
accuracy higher than 90%, the result was lower, although the
decrease was minimal compared to what was expected. With a
higher number of epochs, it achieved a very similar accuracy of
approximately 89%.

For the model that includes all 16 users, the reduction in
accuracy was significant, reaching around 73%. However, this
result is still quite promising because it was possible to gener-
alize a model that includes a large number of different users,
each with distinct psychological traits. Despite being lower than
the accuracy of the individual models, which was expected, the
percentage of accuracy is much higher than initially estimated.
Compared to other studies, there was a possibility that with such
a number of users, the model would not learn or yield a lower
result.

IV. CoMPARATIVE WITH PREVIOUS STUDIES

After presenting and discussing the results, a comparison
between our study and previous works addressing stress clas-
sification from EEG signals has been done (see Table II). This
comparison has been carried out only with those studies that
use ML or DL as an approach for classifying mental stress
level. It is worth mentioning that the disparity of protocols and
approaches make more difficult this comparison but studies have
been selected at least considering multi-class stress level.

Following Table II, in the study presented by Hou et al. [24]
a Stroop colour-word test is used to induce different levels of
stress, and two classifiers, support vector machine (SVM) and K-
nearest neighbors (k-NN), are applied, comparing the accuracy
results of both methods. In this study, a classification of different
stress levels is made, which are divided into 2, 3 or 4 levels;
this allows us to compare our model with those described in
this study, seeing how our model always classifies 4 levels, in
addition to the fact that the accuracy results are considerably
higher in comparison for those cases.

Kalas et al. [13] conducted research on stress detection using
a multi-class method such as k-means clustering to divide the
dataset into 2 classes by applying a threshold. In contrast, our
study segments the data into 4 classes and extracts features from
19 subjects. The evaluation metric accuracy was not used, but the
classification threshold was shown as 0.3989 stress index. On the
other hand, Perez-Valero et al. [14] conducted a study employing
a virtual relaxation experience, unlike the interactive “serious
game” approach in this study. They extracted features from 23
participants to classify 2 states (relaxed and stressed), whereas
this study includes 19 users and aims to classify 4 classes. They
used classical ML and various methods for classification, unlike
the DL and accuracy metric used here. Their result showed
a correlation coefficient between 0.7 and 1, but this metric
could have flaws as it ignores amplitude and baseline when
comparing data and can lead to inaccurate predictions despite a
high coefficient.

The study by Pandey et al. [15] also uses DL for stress
classification, but they use a DNN instead of LSTM net. Their
approach involves a 64-channel EEG device, a public dataset
with 26 subjects, and the classification of emotions into two
variables: valence and arousal. They achieve around 60% accu-
racy, lower than the current study, but find that DL is the most
effective choice for their problem, compared to the tested ML
method SVM. Both projects use the accuracy metric, showing
the model’s real effectiveness.
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TABLE Il
SUMMARY OF STATE-OF-THE-ART OF STRESS LEVEL CLASSIFICATION FROM EEG SIGNALS
Study Hou et al. (2015) [24] Perez-Valero et al. (2021) [14] Pandey et al. (2022) [15] OURS
Participants 9 23 26 19
Dataset source Own Own External Own
EEG Channels 14 64 64 8
Method to Stroop colour-word VR-induced Induction of Sepous game
. . . with 4 levels
induce stress test relaxation-stress states different moods s
of difficulty
Classes to
be classified 2.3),4 2 2 4
Metrics Accuracy Correlation Accuracy Accuracy
Worst 0.47, 0.40 0.7 0.56 0.73
Performance | Average | 0.67£0.13,0.54 £0.11 0.92 0.60+0.04 0.86+£0.07
Best 0.84, 0.74 I 0.62 0.95
Generalised performance 073
(if evaluated) B B B ’
Study Xu et al. (2022) [16] Roy et al. (2023) [25] Sundaresan et al. (2021) [26] OURS
Participants 23 48 13 19
Dataset source Own External Own Own
EEG Channels 64 14 16 8
Method to Music and SIMKAP Arithmetic Serious game
induce stress arithmetic experiment operations with 4 levels
operations i of difficulty
Classes to
be classified 2 2 4 4
Metrics Accuracy Several (we show accuracy) Accuracy Accuracy
Worst 0.62 <0.9 0.91 0.73
Performance Average 0.81 <0.95 0.93 0.86+£0.07
Best 0.93 0.98 0.99 0.95
Generalised performance
(if evaluated) 0.75 - - 0.73

The study by Xu et al. [16] focuses on using Transformers
with DL networks, a popular and novel approach. They use dif-
ferent music types for relaxation and arithmetic tasks for stress
induction, monitoring 23 users with a 64-electrode EEG device,
512 Hz sampling, and 2 classes (stressed and non-stressed) with
5 sub-levels each. Their goal is similar to our study, seeking
a universal method for stress measurement and classification.
Results are comparable, with slightly lower accuracy at around
62% and 92%, and a generic model achieving approximately
73% accuracy.

Other studies primarily employed RNNs among other neural
networks. For instance, Roy et al.’s research [25], implements
LSTM, BiLSTM, GRU, and hybrid networks combining CNN
with RNN. Several models were trained with an EEG signals
dataset collected through the application of a subjective test on
users that classifies signals into two binary states (stressed and
relaxed). In comparison with their study, ours takes an interactive
approach (Serious Game) as opposed to the employed test;
furthermore, our study performs a multi-class classification of
stress levels as opposed to their binary classification.

Another interesting study is Sundaresan et al. [26], which
investigated stress in patients with Autism Spectrum Disorder
(ASD). Stress was induced by subjecting patients to perform
complex arithmetical calculations and an RNN was used for
classification of four classes that include a stressful state and
guided or unguided breathing. Similar to our study, this research
presents a multi-class classification approach to stress levels.
However, it lacks of an interactive approach and does not classify
different stress levels.

Upon observing the table, excluding the study by Perez-Valero
etal. [14] that applies a different metric based on correlation, the
best-performing study is the current one, followed by the study
of Xu et al. [16] with similar metrics. The study of Sundaresan
et al. [26] obtains a slightly better results but it is focused on
classifying a single stress state vs other conditions. The study of
Pandey et al. [ 15] exhibits the least variability in the performance
of different models, showing only 4% variation in the various
tests. This indicates that despite not yielding the best results, the
trained models are quite consistent, performing similarly to each
other. Moreover, the studies by Hou et al. [24], by Perez-Valero
et al. [14], by Sundaresan et al. [26] and the proposed in this
paper are the ones with more than 2 classes to classify. This is
important to consider, as an increase in the number of classes
makes it a multi-class problem, posing greater difficulty. It is
worth noticing that only one study (Xu et al. [16]) performs
model generalization.

Considering the relationship between the number of classes
and performance, the generalization approach and the use of
the accuracy metric, the current study achieved the best per-
formance, reaching up to 0.95 for this metric. This success
is attributed to the ongoing adjustments made to the archi-
tecture and hyperparameters, persistently refining them until
discovering the optimal combination for achieving the highest
performance levels. Additionally, the utilization of GRU played
a significant role in enhancing the model’s capabilities. Further-
more, the introduction of an interactive method, specifically the
serious game, proved to be instrumental in inducing stress in a
more nuanced and effective manner. Also, a unique dataset was
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created based on capturing information through EEG signals
of users playing a serious game, which generates an interactive
data capture environment distinguishing it from other passive
datasets contexts.

V. CONCLUSION

In this study, an EEG system has been developed combined
with a Serious Game capable of measuring stress in a relatively
straightforward manner due to the intuitive control presented.
This approach constitutes a distinctive system compared to
conventional EEG-based systems used for stress measurement,
which primarily involve the application of a visual and auditory
experience where participants alternate between states of re-
laxation and stress. The difference lies in the user’s interactivity
with the game, as opposed to the passivity of traditional systems.

Concerning the multi-class prediction and classification of
stress levels, several factors have contributed to the success
of our proposal, such as the carefully devised measurement
protocol and specific preprocessing undertaken. This has pro-
vided promising results towards the goal of implementing a
comprehensive stress model. Our proposal outperforms most of
the current state-of-the-art regarding general accuracy (0.95 with
very high stability) and is better in terms of number of classified
stress levels (4 vs the conventional binary classification of stress
vs relax). This suggests that the utilization of Serious Games
and DL could potentially evolve into an effective technique for
mental stress classification.
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