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Foreword

Dear Readers, Contributors, and Colleagues,

It is with great pleasure that I introduce Volume 3, Issue 1 of the Journal of Artificial
Intelligence and Computing Applications (JAICA). This regular issue marks the
beginning of a new volume and continues our mission to publish high-quality research
that explores the intersection of artificial intelligence with practical and socially
meaningful domains.

A notable feature of this issue is the publication of several original research articles
that originated from the International Conference on Artificial Intelligence for Mental
Health (ICAIMH 2025). These papers reflect the growing role of Al in addressing
pressing challenges in mental health and education—ranging from cognitive
screening in dementia and the cognitive stimulation of elderly populations through
serious games, to data-driven analyses of sleep quality, academic burnout, and the
evolving scientific landscape of Al in mental health. Collectively, they demonstrate
the diversity of methodologies and applications emerging from this rapidly
developing area.

These articles are the result of a collaborative effort between JAICA and ICAIMH,
and I would like to express my appreciation to both the journal’s editorial reviewers
and the ICAIMH 2025 program committee for their rigorous evaluations and
insightful feedback during the review process. This partnership exemplifies the kind
of interdisciplinary and interinstitutional collaboration we seek to foster—one that
bridges communities and elevates the quality and reach of applied Al research.

In addition to the ICAIMH contributions, this issue also features independent
submissions that expand our understanding of AI’s transformative potential in a
variety of contexts, further enriching the discourse within our pages.

I extend my sincere thanks to the authors for their contributions, to the reviewers for
their thoughtful and meticulous evaluations, and to our sponsor Maikron for their
continued support in advancing JAICA’s vision.



As we look ahead, JAICA remains committed to providing a platform for researchers,
practitioners, and innovators who are working to apply artificial intelligence to the
benefit of society.

Warmest regards,

Mauricio G. Orozco-del-Castillo

Editor-in-Chief

Journal of Artificial Intelligence and Computing Applications (JAICA)
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Analysis of the sleep quality of college students from
different knowledge areas using a data mining approach

Andrea Morales-Robles®", Victor Menéndez-Dominguez®', and Héctor Rubio-Zapata

1Universidad Auténoma de Yucatan

ABSTRACT

1

Sleep is an essential physiological process involved in memory consolidation, metabolic and endocrine
homeostasis, and immune system regulation. Therefore, good sleep quality is vital for maintaining
physiological homeostasis. Poor sleep quality is prevalent among college students and affects both
physical and mental health. Conventional statistical methods, such as logistic regression, are commonly
used to generate predictive models of sleep quality and have been extensively applied to Health Sciences
students, but their use has been less studied among students from other disciplines, such as Engineering
and Exact Sciences. Data mining can help overcome certain limitations of these conventional methods,
such as multicollinearity, by uncovering associations that might otherwise have gone unnoticed. In this
study, we separately analyzed two samples of students from Health Sciences and Engineering and Exact
Sciences. We found significant correlations between sleep quality and attributes such as perceived sleep
quality, sleep latency, sleep duration, drug use, and the use of medication for depression and anxiety.
Decision trees identified different predictive attributes between the two samples. These findings offer
a novel insight into sleep quality among college students and may support informed decision-making

and targeted interventions.

Keywords: sleep quality, college students, data mining

1. Introduction

Sleep is a physiological process that occupies nearly one-
third of the human lifespan [1]; it is characterized by
its reversibility and circadian periodicity, during which
immobility and muscle relaxation are accompanied by
a decrease in consciousness and responsiveness to ex-
ternal stimuli [2]. Given its crucial role in essential
functions, such as memory consolidation, metabolic, en-
docrine and immune regulation [2], maintaining good
sleep quality is vital.

College students are among the most extensively re-
searched populations in relation to sleep, with Health
Sciences students being the most studied subgroup.

E-mail address: andreamoralesrobles@outlook.com
https://doi.org/10.5281/zenodo.16819159

Poor sleep quality is highly prevalent in this population,
affecting over 50% of students [3, 4, 5]. In contrast, stu-
dents from other disciplines, such as Engineering and
Exact Sciences, have been scarcely researched. How-
ever, literature reports a prevalence of poor sleep quality
in this population between 48.7% and 67.8% [6, 7, 8.
Sleep quality is a multifactorial construct influenced
by elements such as age, sex, the sleep environment, and
comorbidities, among others [9]. Some of these factors
may increase the risk of poor sleep quality, while others
may serve as protective factors. Alghwiri et al., through
logistic regression analysis, identified electronics usage
hours, neck pain, headache, and other systemic diseases
as risk factors for sleep quality [10]. Similarly, Li et
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al. found that college students in lower academic years
(e.g., freshmen and sophomores), those who consumed
alcohol or engaged in gambling, exercised less than once
per week, or felt pressured during the academic year
were at higher risk of experiencing poor sleep quality
[11]. Although these approaches provide valuable infor-
mation regarding students’ sleep quality and may be the
basis of therapeutic management, they may be limited
by issues such as multicollinearity or imprecise estimates
when some variable categories have a small number of
cases. Data mining can help address these limitations,
especially in the development of predictive models and
in supporting clinical decision-making [12].

The aim of this study was to analyze the sleep qual-
ity of students from two campuses —Health Sciences
and Engineering and Exact Sciences— using a data min-
ing approach.

2. Method
2.1 Study design and participants

A cross-sectional study was conducted using probabilis-
tic sampling. A total of 805 students from the Health
Sciences Campus and 92 students from the Engineer-
ing and Exact Sciences Campus of the Universidad
Auténoma de Yucatdn (UADY) were recruited. The
distribution of students by academic program on each
campus was as follows:

e Health Sciences Campus: 32% medical students,
9.2% Nutrition students, 8.6% Rehabilitation stu-
dents, 20.4% Odontology students, 18% Pharma-
ceutical Chemist Biologist (PCB) students, 8.1%
Nursing students, and 3.7% Social Work Stu-
dents.

e Engineering and Exact Sciences Campus: 19.6%
Computer Sciences students, 2.8% Computer En-
gineering students, and 78.3% Software Engineer-
ing students.

All regular students of both sexes, aged 18 or older,
enrolled in the first to sixth school semester, who agreed
to participate voluntarily, were considered for inclusion.
Students who were pregnant or working night shifts
were excluded to minimize potential bias in sleep quality
assessment.

2.2 Instruments

2.2.1 Sociodemographic data

Data regarding sociodemographic information was col-
lected through a self-administered 28-item survey. As
with the other instruments, this questionnaire was ap-
plied using Microsoft Forms, which students could ac-
cess by scanning a QR code.

2.2.2 Sleep quality

The Pittsburgh Sleep Quality Index (PSQI) was admin-
istered to assess students’ sleep quality; the Spanish ver-

sion by Jimenez-Genchi et al. was used, with a Cron-
bach’s alpha reliability coefficient of 0.78 [13]. PSQI
is a self-administered 19-item questionnaire developed
by Buysse in 1989, that evaluates seven components of
sleep quality: subjective (perceived) sleep quality, sleep
latency, sleep duration, habitual sleep efficiency, sleep
disturbances, use of sleep medication, and daytime dys-
function [14]. A global score, given by the sum of each
component’s score, of more than five points indicate
poor sleep quality [13].

2.2.83 Daytime sleepiness

Since sleep quality is a multifactorial phenomenon, we
evaluated some confounding factors, daytime sleepiness
being one of them, which was evaluated by the Ep-
worth Sleepiness Scale (ESS). This self-administered 8-
item questionnaire was applied to evaluate students’
tendency to fall sleep in different situations; the Span-
ish version by Sandoval-Rincén et al. was used, with
a Cronbach’s alpha reliability coefficient of 0.89. A to-
tal score of 10 to 12 points is suggestive of marginal
sleepiness, while more than 12 points indicate excessive
sleepiness [15].

2.2.4 Internet addiction

Other confounding factor was the presence of Inter-
net addiction, assessed by the Internet Addiction Test
(TAT); the Spanish version by Puerta-Cortés et al. was
administered, with a Cronbach’s alpha reliability coef-
ficient of 0.91 [16]. This 20-item questionnaire distin-
guishes between four different levels of Internet addic-
tion: no addiction (total score of 0 to 30 points), mild
addiction (total score of 31 to 49 points), moderate ad-
diction (total score of 50 to 79 points) and severe ad-
diction (total score of 80 to 100 points) [17].

2.3 Data analysis

Data was analyzed through a data mining approach us-
ing the Waikato Environment for Knowledge Analysis
(WEKA), version 3.9.6 (Figure 1).

A separate dataset was constructed for each cam-
pus, enabling independent analysis of the two popula-
tions. Initially, both datasets underwent preprocessing,
which included removing inconsistent or incongruent in-
formation. A total of 55 attributes were selected for
analysis in each dataset. The Health Sciences dataset
included 805 instances, while the Engineering and Exact
Sciences dataset comprised 92 instances. Then, a dis-
cretization process was employed, to transform continu-
ous attributes into nominal ones, making data suitable
for data mining algorithms [18].

Three data mining techniques were used to analyze
data: tree-based classification, clustering, and associ-
ation rule mining. For the classification analysis, the
J48 decision tree algorithm was applied, with 10-fold
cross-validation and the Sleep Quality variable as the
reference attribute. For clustering, the SimpleKMeans
algorithm was applied, using the Sleep Quality attribute
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Figure 1. Study methodology. Data mining techniques used were tree-based classification (J48 algo-
rithm), clustering (SimpleKMeans algorithm) and association rule mining (Apriori algorithm).

to evaluate cluster alignment. For association analysis,
the Apriori algorithm was applied. All algorithms were
unsupervised, except for the J48 algorithm.

3. Results

From the total sample of 897 students, 89.7% were from
the Health Sciences Campus (n = 805), and 10.3% were
from the Engineering and Exact Sciences Campus (n =
92). The prevalence of poor sleep quality among Health
Sciences students —61.1% of whom were female— was
74.4%. Among Engineering and Exact Sciences stu-
dents —18.5% of whom were female— the prevalence
was 67.4%.

3.1 Data mining

All algorithms were applied separately for each campus
dataset in the following order: tree-based classification
to generate a decision tree for sleep quality prediction,
clustering analysis to characterize students with good
and poor sleep quality, and association rule mining to
extract the most relevant rules for each campus.

3.1.1 Tree-based classification algorithm

As previously mentioned, the J48 algorithm was used
to generate decision trees.

The algorithm was first applied to the Health Sci-
ences dataset. Sleep Quality was used as the reference
attribute, which has two possible values, according to
the PSQI: good (equal to or less than five points) or poor
(more than five points). A 10-fold cross-validation was

performed. To optimize model performance, the Min-
NumObj parameter was set to 5, and to reduce overfit-
ting, the confidence factor was set to 0.25. The accuracy
of the resulting decision tree was 84.9689%, correctly
classifying 684 out of 805 instances. Model performance
metrics were as follows: Kappa statistic = 0.5903, mean
absolute error = 0.2208, root mean squared error =
0.3463, relative absolute error = 57.9151%, and root
relative squared error = 79.351% (Figure 2).

Then, the algorithm was applied to the Engineering
and Exact Sciences dataset, again using Sleep Quality as
the reference attribute and 10-fold cross-validation. For
this analysis, the tree was left unpruned to maximize
accuracy and minimize error. The MinNumODbj param-
eter was set to 2. The resulting decision tree achieved
an accuracy of 81.5217%, correctly classifying 75 out of
92 instances. Model performance metrics were as fol-
lows: Kappa statistic = 0.5969, mean absolute error =
0.1964, root mean squared error = 0.4033, relative ab-
solute error = 44.5295%, and root relative squared error
= 86.0252% (Figure 3).

3.1.2 Clustering algorithm

The SimpleKMeans algorithm was employed for this
analysis. Using the classes to cluster evaluation mode,
Sleep Quality served as the reference for evaluating clus-
ter alignment. For each dataset, two clusters were gen-
erated: one predominantly associated with good sleep
quality and the other with poor sleep quality. The most
relevant attributes for each cluster are presented in Fig-
ures 4 and 5, respectively.
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Figure 2. Decision tree (J48 algorithm) for sleep quality among Health Sciences students. To optimize
model performance, the MinNumODbj parameter was set to 5, with a confidence factor of 0.25.


http://maikron.org/jaica

Tequency of sieep
medication use
1

Journal of Artificial Intelligence and Computing Applications (2025) 3(1)

Perceived sleep quality

= Good = Poor

= Never in the
past month

= 0Once or =3timesa = Less than = Normal = Prolenged = Pathological
twice a week week or more  once o week (5-15 minutes) (> 15 minutes) (¢ 5 minutes)

[ Poor(10) | [ peor(10) | [ Poor(2.0) ]

1
| Poor(3z.0) | | Poor(0.0) |

se the Internet for
shopping

r T 1
= Short = Normal = long _ _
(< 6 hours) {5-9 hours) (> 9 hours) =Ne =Yes

[ [

= Normal = Excessive

1
= Marginal

| soed (1.0) |

1
I Poor (2.0) I

Internet
addiction
=No =Yes

Good
=No =Yes

= Male =Female
Poor (3.0)
Internet
addiction level
I T T 1

=No = Moderate = Mild = Severe
addiction addiction addiction addiction

| | 1 1
I Good (0.0) | | (;.’:ﬁ.rn) | | Good (5.0) ” Poor (1.0) |

Figure 3. Decision tree (J48 algorithm) for sleep quality among Engineering and Exact Sciences students.
The tree was left unpruned to maximize accuracy and minimize error; the MinNumObj parameter was set

to 2.
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Cluster #1 (n =281)

Predominantly associated with
good sleep quality

Male, Odontology/PCB student,
2° semester, normal sleep
duration, good perceived sleep
quality, shops online,
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frequently  exercises  before
bedtime, usually studies at night.
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65%
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Figure 4. Generated clusters (SimpleKMeans algorithm) for the Health Sciences dataset, based on stu-
dents’ sleep quality. The most relevant attributes are presented.
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Internet addiction, does not shop
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Internet for work, does not
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= Cluster #0 = Cluster #1 not consume a]cohol‘

Figure 5. Generated clusters (SimpleKMeans algorithm) for the Engineering and Exact Sciences dataset,
based on students’ sleep quality. The most relevant attributes are presented.
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In terms of clustering accuracy, 34.4099% of in-
stances were incorrectly clustered in the Health Sciences
dataset. In contrast, only 53.26% of instances were cor-
rectly clustered in the Engineering and Exact Sciences
dataset. These results suggest that additional, unmea-
sured attributes may be influencing students’ sleep qual-
ity and limiting the clustering model’s discriminative
power.

To optimize clustering model performance, several
parameter configurations were tested. The most ac-
curate results were obtained using the following set-
tings: Fuclidean Distance as the distance function, k-
means++ as the initialization method, a maximum of
500 iterations, two clusters, preservation of instances
order enabled, and a random seed of 100. This configu-
ration was applied to both datasets.

3.1.83 Association algorithm

The Apriori algorithm was applied for this analysis. For
the Health Sciences dataset, the algorithm performed
79 cycles, using a minimum support threshold of 0.92
(741 instances) and a minimum confidence threshold of
0.4. For the Engineering and Exact Sciences Campus
dataset, 60 cycles were performed with a minimum sup-
port threshold of 0.94 (86 instances) and the same con-
fidence threshold of 0.4.

In both datasets, the algorithms were run with the
RemoveUseless filter enabled, and parameters were set
as follows: number of rules = 50, delta = 0.001, upper
bound of minimum support = 1.0, lower bound of min-
imum support = 0.3, and significance level = -1.0. The
most meaningful rules based on relevance, confidence,
lift, leverage and conviction metrics are presented in
Tables 1 and 2. Conviction values for all rules are
greater than 1, indicating reliable associations between
attributes. Additionally, lift values above 1 and lever-
age values greater than 0 suggest positive correlations
among the associated attributes.

4. Discussion

According to the tree-based classification algorithm,
perceived sleep quality emerged as a key variable in
evaluating a student’s overall sleep quality, as it served
as the root node in both decision trees. Since per-
ceived sleep quality is a component of the PSQI, in-
cluding this variable into a traditional logistic regression
model may introduce multicollinearity among indepen-
dent variables, limiting its value as a predictive factor.
However, in a real-world clinical context, this attribute
can provide useful information and help guide the as-
sessment toward a more informed evaluation.

When analyzing the decision tree for the Health
Sciences dataset, only three additional attributes —be-
sides the root node— were identified as predictors of
sleep quality: sleep duration, sleep latency and history
of COVID-19 within the previous six months. As in
the previous cases, the predictive value of sleep dura-
tion and sleep latency is limited. However, longer sleep
duration and shorter sleep latency contribute to a lower

PSQI overall score, which is interpreted as better sleep
quality [13].

Regarding the history of COVID-19 within the pre-
vious six months, current evidence presents an ambigu-
ous relationship with sleep quality, potentially linked to
the role of sleep in modulating the immune response
[19]. In their evaluation of the long-term effects of
COVID-19, Mekhael et al. found out that patients who
had recovered from the disease exhibited altered sleep
architecture, shorter sleep duration and longer sleep
latency [20], features commonly associated with poor
sleep quality. Interestingly, the decision tree for Health
Sciences students indicated that those who had COVID-
19 within the previous six months were more likely to
report good sleep quality. However, given the limited
evidence regarding the association between COVID-19
and sleep quality, it cannot be concluded that a posi-
tive history of COVID-19 predicts good sleep quality.
Yet, despite the evidence suggesting a negative impact
of COVID-19 on sleep, our results indicate that stu-
dents who had a positive history of COVID-19 within
the previous six months were more likely to report good
sleep quality, contradictory to the existing evidence.

The Engineering and Exact Sciences Campus deci-
sion tree also identified perceived sleep quality as the
root node. In addition to sleep duration and sleep
latency, other relevant predictors for sleep quality in-
cluded the frequency of sleep medication use, daytime
sleepiness, selling online and Internet addiction. Our re-
sults suggest that any frequency of sleep medication use
is associated with poor sleep quality. This aligns with
Alamir et al. findings, who reported that individuals
consuming anxiolytics and antidepressants experienced
nocturnal awakenings, daytime sleepiness and insomnia,
factors associated with poor sleep quality [21].

Regarding daytime sleepiness, de Sousa et al., using
an explanatory model, predicted a higher probability
of daytime sleepiness among college students with poor
sleep quality [22]. In contrast, our findings showed that
those with excessive daytime sleepiness were more likely
to report good sleep quality. This apparent contradic-
tion may be explained by the possibility of a distorted
perception of sleep as being restorative when the indi-
vidual experiences greater fatigue.

In this study, female students showed a higher prob-
ability of experiencing poor sleep quality, consistent
with the findings of Sanchez-Sanchez, who reported that
college-aged women had a 13% higher risk of developing
poor sleep quality [23]. According to Regal et al., this
may be related to the influence of female hormones, a
higher prevalence of stress and the onset of disorders
such as depression or anxiety [24].

In relation to Internet addiction, our results indi-
cate that students with no or mild addiction are more
likely to experience good sleep quality, whereas those
with moderate or severe addiction tend to experience
poor sleep quality. These findings are consistent with
a meta-analysis by Alimoradi et al., which concluded
that individuals with Internet addiction have twice the
risk of experiencing sleep disorders, daytime sleepiness,
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Table 1. Generated association rules (Apriori algorithm) for Health Sciences students.

Rule

Description

Confidence

Lift Leverage

Conviction

10

11

12

13

14

15

16

17

18

If a student never consumes drugs, then they do not
consume drugs.

If a student does not consume drugs, then they never
consume drugs.

If a student is single and never consumes drugs, then
they do not consume drugs.

If a student is single and does not consume drugs,
then they never consume drugs.

If a student never consumes drugs and does not take
medication for depression, then they do not consume
drugs.

If a student does not consume drugs and does not take
medication for depression, then they never consume
drugs.

If a student never consumes drugs, then they are sin-
gle and do not consume drugs.

If a student does not consume drugs, then they are
single and never consume drugs.

If a student never consumes drugs, then they do not
consume drugs and do not take medication for depres-
sion.

If a student does not consume drugs, then they never
consume drugs and do not take medication for depres-
sion.

If a student uses the Internet for communication but
does not take medication for anxiety, then they do not
take medication for depression.

If a student has normal sleep efficiency and does not
take medication for depression, then they do not take
medication for anxiety.

If a student does not take medication for anxiety, then
they do not take medication for depression.

If a student is single and does not take medication for
anxiety, then they do not take medication for depres-
sion.

If a student has normal sleep efficiency and does not
take medication for anxiety, then they do not take
medication for depression.

If a student does not take medication for depression,
then they do not take medication for anxiety.

If a student is single and does not take medication
for depression, then they do not take medication for
anxiety.

If a student uses the Internet for communication but
does not take medication for depression, then they do
not take medication for anxiety.

1.00

1.00

1.00

1.00

1.00

1.00

0.97

0.97

0.97

0.97

0.99

0.99

0.99

0.99

0.99

0.99

0.99

0.99

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.02

1.02

1.02

1.02

1.02

1.02

1.02

1.02

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.02

0.02

0.02

0.02

0.02

0.02

0.02

0.02

42.48

42.48

41.42

41.42

41.42

41.42

3.02

3.02

3.02

3.02

2.78

2.57

2.55

2.48

2.45

2.38

2.31

2.27
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Table 2. Generated association rules (Apriori algorithm) for Engineering and Exact Sciences students.

Rule

Description

Confidence

Lift Leverage

Conviction

1

10

11

12

13

14

15

If a student never consumes drugs, then they do not
consume drugs.

If a student does not consume drugs, then they never
consume drugs.

If a student is single and never consumes drugs, then
they do not consume drugs.

If a student is single and does not consume drugs,
then they never consume drugs.

If a student never consumes drugs and has no history
of COVID-19 within the previous six months, then
they do not consume drugs.

If a student does not consume drugs and has no his-
tory of COVID-19 within the previous six months,
then they never consume drugs.

If a student never consumes drugs, then they are sin-
gle and do not consume drugs.

If a student does not consume drugs, then they are
single and never consume drugs.

If a student never consumes drugs, then they do not
consume drugs and have no history of COVID-19
within the previous six months.

If a student does not consume drugs, then they never
consume drugs and have no history of COVID-19
within the previous six months.

If a student does not take medication for anxiety, then
they do not take medication for depression.

If a student does not take medication for anxiety and
has no history of COVID-19 within the previous six
months, then they do not take medication for depres-
sion.

If a student is single and does not take medication for
anxiety, then they do not take medication for depres-
sion.

If a student uses the Internet for entertainment but
does not take medication for anxiety, then they do not
take medication for depression.

If a student is single, does not take medication for
anxiety and has no history of COVID-19 within the
previous six months, then they do not take medica-
tion for depression.

1.00

1.00

1.00

1.00

1.00

1.00

0.99

0.99

0.99

0.99

1.00

1.00

1.00

1.00

1.00

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.06

1.02

1.02

1.02

1.02

1.02

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.05

0.02

0.02

0.02

0.02

0.02

4.73

4.73

4.67

4.67

4.67

4.67

2.84

2.84

2.84

2.84

1.93

1.91

1.89

1.87

1.87
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and consequently, poor sleep quality [25]. It is likely
that individuals with mild addiction share more char-
acteristics with those who have no addiction than with
those who have moderate or severe addiction, mak-
ing them more likely to experience good rather than
poor sleep quality, offering valuable insights not only
for the clinical approach to these individuals but also
for their management. Additionally, this attribute may
have been particularly relevant among Engineering and
Exact Sciences students, where the frequent use of elec-
tronic devices and constant Internet access is practi-
cally unavoidable due to the nature of their academic
programs.

When examining the generated clusters, poor sleep
quality appears to be prevalent across both datasets,
which is consistent with current evidence indicating a
prevalence rate above 60% [3, 4, 5]. Although specific
evidence regarding the Engineering and Exact Sciences
students is limited, since most existing studies focus on
college students in general or specifically in healthcare
students, the literature review revealed a prevalence of
poor sleep quality of 48.7% among students from the
fields of Informatics or Mechanical Engineering [8], and
between 65.1% and 67.8% among students from Sciences
and Engineering disciplines [6, 7].

Although the four generated clusters share some
attributes, it is important to highlight certain distin-
guishing features. For example, in the Health Sciences
campus, poor sleep quality was associated with female
students in their second school semester. This find-
ing aligns with the results reported by Li et al., who
stated that college students in lower academic years
are at a higher risk of experiencing poor sleep quality
[11]. In contrast, good sleep quality among these stu-
dents was associated with occasional consumption of al-
cohol, which has a sedative effect at low doses. However,
with repeated and chronic consumption, this substance
may lead to sleep disorders and poor sleep quality [26].
Conversely, unlike the cluster predominantly associated
with poor sleep quality in the Health Sciences dataset,
students from the Engineering and Exact Sciences cam-
pus showed an association between poor sleep quality
and alcohol consumption once a month. This contradic-
tory finding may be due to unexamined factors related
to alcohol use itself, such as quantity consumed or type
of alcohol.

Finally, according to the association algorithm, for
students of both campuses, particular attention should
be paid to the consumption of drugs, and medication for
depression and anxiety as this attributes where strongly
correlated with a confidence ranging between 0.97 and
1. As mentioned before, poor sleep quality is related
to the consumption of anxiolytics and antidepressants
[21], but also psychoactive substances, like alcohol, caf-
feine, or drugs, especially in those who consume them
chronically [26].
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4.1 Proposal of a Decision Support System
based on AI models

Given the relevance of the identified predictors of sleep
quality and the structure of the generated models, we
propose the development of a simple, interpretable De-
cision Support System (DSS). This system would align
with Al-assisted mental health frameworks and serve as
an early identification tool for students at risk of poor
sleep quality, thereby promoting preventive strategies.

The proposed DSS would integrate the three model-
ing approaches used in this study —decision trees, clus-
tering, and association rule mining— and operate in the
following sequence:

1. Input module: The system receives data from
a brief student self-report instrument, including
key variables identified in this study, such as per-
ceived sleep quality, sleep latency, use of medica-
tions and Internet usage habits.

2. Risk classification: Using a trained decision tree
model, the system classifies each student as likely
to have good or poor sleep quality, supported by
interpretable rules derived from the tree struc-
ture.

3. Profiling and feedback: The student is matched
to one of the identified clusters (e.g., low-risk pro-
file, high-risk profile with medication use, etc.),
and a brief narrative is provided to describe
the student’s risk profile, including associated
lifestyle or academic habits.

4. Recommendation engine: Based on the most rel-
evant association rules, the system generates tai-
lored recommendations, such as seeking psycho-
logical counseling, limiting electronic device us-
age before bedtime, or referral to a health profes-
sional.

5. Follow-up planning: The system stores the classi-
fication result for follow-up or intervention plan-
ning.

This DSS would emphasize interpretability, trans-
parency and utility in non-specialized settings such as
universities, making it a valuable tool for early inter-
vention in students’ mental health.

5. Conclusions

Poor sleep quality is a highly prevalent problem among
students in both Health and Exact Sciences disciplines.
Current evidence indicates that several attributes are
associated with and can predict poor sleep quality.
However, analysis using a data mining approach re-
vealed additional, potentially unnoticed attributes, in-
cluding perceived sleep quality, sleep latency or sleep
duration. The decision trees and the profiles of students
with poor sleep quality differed between campuses, iden-
tifying key factors specific to each population.
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These findings underscore the importance of alter-
native analytical approaches that can overcome the lim-
itations of conventional statistical methods, such as
multicollinearity, and generate insights that may be
more applicable in real-world clinical scenarios for pre-
dicting diagnoses and supporting informed therapeutic
decision-making.

The proposed DSS may help address this problem
by integrating the data mining techniques used in this
study, offering a useful tool for early intervention in
students’ mental health in alignment with Al-assisted
frameworks.
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ABSTRACT

People with dementia (PwD) perform cognitive-based therapeutic activities. Literature reports a vari-
ety of studies exploring relationships between the cognitive status of PwD as determined by the Mini-
Mental State Examination (MMSE) and their reaction times from a myriad of stimuli incorporated
into cognitive activities. Nevertheless, these technology-supported activities usually include distracting
elements, complex instructions, and unfamiliar devices for older adults, introducing bias into reaction
times. The objective of this work is to appraise the cognitive status of people with dementia using
reaction times from touch interaction tasks. For this purpose, a relatively simple cognitive activity
(involving the intuitive tap gesture) and a 32-inch wide touchscreen were designed and implemented.
Afterward, 21 PwD from a day center located in Sonora, Mexico were recruited. The participants
were instructed to carry out a cognitive activity consisting of five consecutive taps and their reaction
times were recorded. The collected data was analyzed using (i) a correlation analysis, (ii) a bootstrap
evaluation of machine learning classification models, and (iii) a logistic regression analysis. From the
empirical results, it can be concluded that there is a negative relationship between the MMSE score
of PwD and the reaction times from taps. In addition, the bootstrapped mean accuracy results of the
classifiers suggest that it may be feasible to automatically classify PwD.

Keywords: dementia, cognitive tasks, machine learning

1. Introduction

The cognitive function of people with dementia
(PwD) deteriorates affecting their quality of life and

Dementia is a general term for a group of progressive
symptoms that affect cognitive functions such as mem-
ory, thinking, orientation, comprehension, calculations,
learning capacity, language, and judgment [1, 2]. Ac-
cording to the World Health Organization, it is pro-
jected that there will be 78 million people suffering from
dementia by 2030 and 139 million by 2050 [3]. One of
the most common risk factors for developing dementia
is longevity. Most people who develop dementia are 65
years of age or older [2].

E-mail address: octavio.gutierrez@itam.mx
https://doi.org/10.5281/zenodo.16860215

requiring assistance from caregivers to carry out daily
activities [4]. In this regard, there are two types of care-
givers: informal and formal. The former refers to a role
commonly played by PwD’s family members who do not
have caregiving experience [5], whereas the latter refers
to professionals formally trained to assist PwD in day
centers [4].

In day centers, PwD perform cognitive activities
that help improve their cognitive functions and emo-
tional state [6]. The cognitive activities carried out by

(© 2025 The Author(s). Published by Maikron. This is an open access article under the CC BY license. ISSN pending
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PwD are selected based on their current cognitive status
(which is formally assessed using neurocognitive tests
such as the Mini-Mental State Examination (MMSE)
[1]) and based on formal caregivers’ subjective observa-
tions about the previous performance of PwD on cogni-
tive activities [7].

Technology-supported cognitive activities provide
the opportunity to automatically collect data from
PwD, including reaction times [8], attained overall
scores [9], or the number of activities completed [10].
For this reason, previous studies have designed and
implemented cognitive activities using devices such as
tablets [11, 12], computers [13, 14], and tangible devices
[1, 8]. Then, the data collected are analyzed to assess
the cognitive status of PwD.

The reaction time, defined as the time between a
stimulus and the motor response to that stimulus [13],
has been investigated to determine the cognitive status
of PwD [11, 1, 13, 8, 12, 14, 15]. Those studies measure
the reaction time of PwD while performing relatively
complex cognitive activities on a screen including dis-
tractors such as butterflies or moles with hats [16]. In
addition, in order to carry out cognitive activities, PwD
frequently had to follow elaborate instructions that may
have been difficult to understand, e.g., pressing a left or
right button according to a green, red or blue light with
no apparent clues [8, 11] or even use unfamiliar devices
for older people, e.g., a relatively small keyboard [14].
However, it is known that traditional input devices such
as keyboards can be an adoption barrier for the elderly
[17]; moreover, detailed and complex instructions may
be inappropriate for PwD [18]; and creative design fea-
tures may distract PwD from a given cognitive activ-
ity and therefore increase their reaction times [19, 20].
Thus, due to the aforementioned challenges, some re-
search efforts exploring potential relationships between
the cognitive status of PwD and their reaction times
may be biased by possible difficulties experienced by
PwD while performing relatively complex cognitive ac-
tivities. Furthermore, some research efforts have used
supervised machine learning techniques such as support
vector machines [14] and random forest [12, 15] to clas-
sify the cognitive status of PwD based on their reaction
times. For example, random forest models have been
trained to screen individuals for cognitive impairment
[12], while other approaches have built machine learn-
ing models for automated cognitive assessment [8].

The objective of this work is to appraise the cogni-
tive status of people with dementia using reaction times
from touch interaction tasks. For this purpose, a rela-
tively simple cognitive activity (involving the intuitive
tap gesture) and a 32-inch wide touchscreen were de-
signed and implemented. Afterward, 21 PwD from day
center Dorita de Ojeda (located in Sonora, Mexico) were
recruited. The participants were instructed to carry out
a cognitive activity consisting of five consecutive taps
and their reaction times were recorded. The data col-
lected was analyzed using (i) a correlation analysis, (ii)
a bootstrap evaluation of machine learning classification
models, and (iii) a logistic regression analysis.
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This work contributes by providing empirical ev-
idence of a negative relationship between the MMSE
score of PwD and the reaction times from taps. In ad-
dition, bootstrapped mean accuracy results of machine
learning models suggest that it may be feasible to auto-
matically classify PwD as individuals having a relatively
low or high MMSE score based on reaction times from
taps.

The rest of this article is as follows. Section 2
presents related work; Section 3 describes the partic-
ipants, instruments, and methods used to explore re-
lationships between the MMSE score of PwD and the
reaction time from touch interaction tasks; Sections 4
and 5 present and discuss results, respectively; and Sec-
tion 6 presents concluding remarks.

2. Related work

Literature reports a variety of studies exploring the po-
tential relationship between the cognitive status of PwD
(as determined by the MMSE) and their reaction times
from a myriad of stimuli incorporated into cognitive ac-
tivities, which are carried out on technological devices
such as tablets, computers, and tangible devices, see
Table 1.

In the context of dementia, cognitive activities (de-
signed to measure and collect reaction times) often in-
volve relatively complex instructions, a large number
of stimuli, and multiple difficulty levels, see [8, 11, 1,
12, 14]. However, such characteristics may complicate
cognitive activities unnecessarily. In addition, cognitive
activities are frequently implemented on devices that
can be overwhelming for older adults.

In this vein, the study presented in [8], instructed
participants to press one out of two buttons depending
on a color displayed on a screen while ignoring distrac-
tors, e.g., a multicolor LED. The authors collected and
analyzed the reaction time from pressing the correct
button. In a more elaborate scenario, the authors of
[11] implemented a serious game in which participants
had to place their hands in a particular position to free
their index fingers in order to tap and hold objects for 15
seconds. Similarly, the authors of [1] implemented the
traditional Whack-a-Mole game and instructed partici-
pants to locate and tap a mole as soon as it appeared on
the screen, recording their reaction times. Likewise, in
[12], participants were instructed to tap an object that
appeared at a random location within a circular area di-
vided into four sections. In [14], the authors evaluated
a relatively more complex cognitive activity, in which
participants had to press a key on the computer in re-
sponse to a stimulus displayed on a screen. Unlike the
aforementioned studies, this present work makes use of
a relatively simple cognitive activity (based on the in-
tuitive tap gesture) involving simple stimulus and using
a wide touchscreen.

It should be mentioned that other studies have ex-
plored the feasibility of building machine learning mod-
els to screen individuals for (mild) cognitive impairment
based on their reaction times. For example, random
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forest and support vector machine models were built
in [12, 15] and [14], respectively. In this regard, this
present work explores the feasibility of automatically
classifying PwD as individuals having a relatively low
or high MMSE score based on reaction times from taps
using three machine learning algorithms: logistic regres-
sions, decision trees, and support vector machines.

3. Material and methods

This section describes the participants involved in the
study (Section 3.1), the instruments used (Section 3.2),
and the procedure to appraise the cognitive status of
PwD using reaction times from touch interaction tasks
(Section 3.3).

3.1 Participants

Twenty-one individuals formally diagnosed with demen-
tia were recruited from day center Dorita de Ojeda to
participate in the present study. All participants have
an MMSE score of 24 or less (indicating cognitive im-
pairment) with a mean of 14.04 and a standard devia-
tion of 7.36. The age of the participants ranged from
57 to 91 years with a mean of 78.28 and a standard
deviation of 7.64.

3.2 Instruments

A 32-inch screen with an infrared detection frame was
used to enable touch interaction functionalities (see Fig-
ure 1 for details). The participants’ interactions were
recorded using a 150-degree wide-angle camera with a
focal distance of 2.1 mm, which was perpendicular to
the screen base.

An activity was designed to collect the reaction time
of participants from taps. The activity involved a pa-
tient tapping five circles that appear one after the other
at random locations on a touchscreen. The activity
begins once an instructor presses a software-integrated
button on the touchscreen. As a result, the first circle
appears at a random location, and if and only if the
patient taps on the circle, the circle disappears and an-
other one appears at another random location on the
touchscreen (see Figure 2). Upon completion, the sys-
tem displays a flashing visual cue indicating the end
of the activity. The activity was implemented using
pygame (a Python library). In addition, the design of
the graphical user interface was based on best design
practices for PwD [21].

3.3 Procedure

The study took place at day center Dorita de Ojeda.
Formal caregivers (working at the day center) recom-
mended conducting the study in several sessions due to
the number of participants. They also recommended
conducting the study at 11 am, since that is the time
PwD normally carry out cognitive activities. The par-
ticipants and formal caregivers were informed about the
objective of the study and their participation was vol-
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untarily. In addition, they were informed that they were
free to leave the activity at any time for any reason. Par-
ticipants performed the activity individually (see Figure
3). It should be mentioned that participants’ ages and
MMSE scores were requested from the day center’s staff.

Before officially beginning the activity, each par-
ticipant was given a test round to guarantee that the
participant understood the instructions. The activity
started when the instructor asked the participant to be-
gin. Once the participant completed the activity, a mes-
sage indicating the end of the activity was displayed at
the center of the touchscreen. The activity was recorded
using a wide-angle camera and OpenCV in Python.

The reaction time from each tap was computed via
video analysis using LINCE PLUS [22], a software for
qualitative video analysis. LINCE PLUS allows for
video annotations to identify meaningful events, in this
case, reaction times from taps. Reaction times were
stored in a file with a total of twenty-one (n=21) records
each consisting of 9 fields: identifier, MMSE score,
MMSE category, five reaction times, and total time (i.e.,
the sum of reaction times). The MMSE category was
set to low if the MMSE score was less than 16; oth-
erwise, it was set high. This cut-off value was defined
to achieve a relatively balanced number of patients in
each category: 10 participants categorized as low and
11 participants categorized as high.

Table 2 reports the dataset, Figure 4 presents his-
tograms and pairwise relationships of reaction times and
MMSE scores, and Figure 5 presents box plots high-
lighting outliers for reaction times for each tap.

The data analysis was guided by the objective of
this present study, which is to appraise the cognitive
status of PwD using reaction times from touch interac-
tion tasks. The analysis involved three methods: (i) a
correlation analysis, (ii) a bootstrap evaluation of ma-
chine learning classification models, and (iii) a logistic
regression analysis.

The correlation analysis was conducted to explore
relationships between the MMSE score of PwD and the
reaction times from taps. Due to the relatively small
sample and the presence of outliers (Figure 5), Spear-
man’s rank correlation coefficient was used.

To explore the feasibility of machine learning mod-
els for classifying PwD as having a low or high MMSE
score based on reaction times, three commonly used
machine learning algorithms were used: decision trees,
support vector machines, and logistic regression. Using
the MMSE category as the target variable, models were
built for two feature sets, one set including all reaction
times from tap 1 to tap 5 in addition to the total time,
and another set including only the reaction time from
tap 1 (under the hypothesis that the initial reaction time
may be the most informative). Due to the small num-
ber of instances available for training and evaluating
the models, a bootstrap evaluation of machine learn-
ing models was used, see Algorithm 1. Bootstrapping
is a statistical method for estimating the distribution
of an estimator, which, in this article, corresponds to a
machine learning model. For each feature set and each
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Table 1. Related work comparison

Research Participant type Activity type Delivery tool Machine learning models
effort
8] Mild cognitive impair- A choice task A tangible device Not specified

ment
[11] Mild cognitive impair- A serious game A tablet No

ment & Alzheimer’s
[12] Healthy & Mild cogni- A tap-based task A tablet Random forest

tive impairment
[1] Healthy & Mild cogni- A serious game A tangible device No

tive impairment
[14] Healthy & PwD A tap-based task A computer Support vector machine
Authors’ PwD A tap-based task A wide touch- Decision trees, logistic
present screen regressions, and support
work vector machines

A)

Figure 1. Hardware for touch interaction: A) a 32-inch wide touchscreen, B) an infrared detection frame,
and C) a wide-angle camera

Figure 2. Touch activity designed for this study (numbers represent the sequence of events on the screen)

Figure 3. A patient from day center Dorita de Ojeda performing the activity
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Table 2. Dataset of 21 People with dementia including reaction times from taps and MMSE scores

ID P1 P2 P3 P4 P5 P66 P7 P8 P9 P10P11P12P13 P14 P15P16 P17 P18 P19 P20 P21
MMSE score 23 23 17 17 22 19 21 21 15 16 16 10 15 5 9 8 15 3 20 0 O
MMSEcategory H H H H H H H H L H H L L L L L L L H L L
Tap 1 2 4 7 4 2 5 2 2 104 8 5 7 6 31 11 5 8 3 3 4
Tap 2 2 1 7 4 9 5 5 6 17T 6 14 9 6 5 10 9 25 5 24 14 9
Tap 3 2 2 9 3 2 2 2 4 21 14 4 7 5 5 9 3 12 38 6 9 3
Tap 4 2 1 4 5 3 5 1 3 7 2 10 10 5 2 7 13 19 4 4 12 2
Tap 5 2 1 6 4 2 3 6 4 10 15 3 4 11 3 19 30 19 7 11 5 14
Total time 10 9 33 20 18 20 16 19 65 65 71 35 34 21 76 98 80 62 48 43 32

Note: H and L correspond to high and low MMSE categories, respectively.
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Figure 4. Histograms and pairwise relationships of reaction times and MMSE scores
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machine learning algorithm, 10,000 bootstrap iterations
were executed. Each iteration consisted of (i) sampling
the dataset with replacement to create a bootstrap sam-
ple (with an approximate size of 64% of the instances)
for model training; (ii) creating an out-of-bag set for
model evaluation with an approximate size of 36% of the
instances; (iii) building a classifier model; and (iv) eval-
uating the model in terms of accuracy. For each machine
learning model, the mean and median accuracy as well
as 95% confidence intervals were computed. The ma-
chine learning models were built using statsmodels (for
logistic regression) and scikit-learn (for decision trees
and support vector machines) both Python libraries. It
should be noted that default model parameter values
were used.

The logistic regression analysis was conducted us-
ing statsmodels to explore whether there is a significant
effect of the reaction time from tap 1 on the cognitive
status of PwD. It should be noted that only the effect
related to the reaction time from tap 1 was explored
because the logistic regression models trained with the
reaction time from tap 1 yielded the best median accu-
racy (see Section 4 for details).

Except for the correlation analysis, the machine
learning models and the regression analysis were con-
ducted using a scaled dataset due to the presence of
outliers (see Figure 5). The dataset was scaled using
scikit-learn’s robust scaler.

4. Results

To assess statistical significance, hypothesis test results
with a p-value less than 0.05 were considered significant.
Statistical analysis was conducted using scipy, a Python
library.

4.1 Correlation between MMSE score and re-
action time

According to Spearman’s rank correlation coefficients
(see Table 3), there is a relatively moderate and nega-
tive monotonic association between the (i) MMSE score
of PwD and (ii) the reaction times from taps (except for
tap 2) and the total time. In general, as the reaction
times from taps increase, the MMSE scores decrease or
vice versa. However, it should be noted that causality
should not be inferred from these results.

4.2 Feasibility of machine learning models for
classifying people with dementia based on
reaction times

The bootstrapped accuracy results reported in Table
4 show that the median accuracy attained by all the
machine learning models was greater than 0.500 (i.e.,
better than random guessing) regardless of the machine
learning algorithm used or whether the model was built
using all features (namely, reaction times from tap 1 to
tap 5 and total time) or only the reaction time from tap
1. However, for each model, the lower bound of its 95%
confidence interval was less than 0.5, see Figs. 6, 7, and
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8.

It is worth mentioning that the decision tree models
and the support vectors machine models achieved the
same median accuracy regardless of whether the mod-
els were built with all features or only the reaction time
from tap 1 (see Figs. 6 and 7). However, the logis-
tic regression model built with only the reaction time
from tap 1 achieved a higher accuracy than the logistic
regression model built with all features (see Figure 8).
In fact, the logistic regression model trained with only
the reaction time from tap 1 yielded the best accuracy
results with a mean accuracy of 0.665 and a median ac-
curacy of 0.667 (see Figure 8b). Nevertheless, while the
upper bound of its 95% confidence interval is 1.000, its
lower bound is less than 0.5.

The median accuracies achieved by the machine
learning models suggest that it may be feasible to auto-
matically classify PwD as individuals with a relatively
low or high MMSE score based on the reaction times
from taps. However, the lower bounds of the 95% con-
fidence intervals do not allow drawing definitive con-
clusions. Hence, data from more participants must be
collected to confirm or refute this finding.

4.3 Logistic regression analysis of reaction
times to predict MMSE categories

As indicated by the result of the likelihood-ratio test
(reported in Table 5), the logistic regression model pro-
vides a better fit to the data than the intercept-only
model, i.e., the logistic regression model is statistically
significant (p-value < 0.05). Also, the result of a Wald
test rejects the null hypothesis (at a significance level of
0.05) for tap 1’s coefficient, then the alternative hypoth-
esis that there is a significant effect of the reaction time
from tap 1 on the cognitive status of PwD is accepted.
In addition, since the coefficient for tap 1 is negative
(-1.9624), it can be concluded that as the reaction time
of an individual increases, the probability of being cat-
egorized as a PwD with a relatively high MMSE score
decreases.

5. Discussion

This study explored the use of reaction times from a
relatively simple activity performed on a wide touch
screen to appraise the cognitive status of PwD. The
present study involved a representative group of PwD
corresponding to the majority of patients attending a
day center in Sonora, Mexico. Although this sample
is relatively small, the logistic regression analysis con-
cluded that there is a significant effect (p-value < 0.05)
of the reaction time from tap I on the cognitive sta-
tus of PwD. In addition, statistically significant Spear-
man’s rank correlation coefficients were found between
the MMSE scores and the reaction times from 4 (out of
5) taps. However, with respect to the feasibility of ma-
chine learning models for classifying PwD, the results
should be interpreted in the context of the relatively
small dataset used to train the models. This is because
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Figure 5. Data distribution (box plots) of reaction times and MMSE scores

Algorithm 1 Bootstrap Evaluation of a Machine Learning Model

Require: A dataset of people with dementia including reaction times and MMSE scores

— =
—= o

: Scale dataset

n < 10000 // bootstrap iterations

accuracyScores < [ |

: fori=1tondo

Create a bootstrap sample from the dataset for model training
Create an out-of-bag set for model evaluation

Train a model using the bootstrap sample

Evaluate the model using the out-of-bag set

Append the accuracy score to accuracyScores

. Using accuracyScores, compute mean and median accuracy as well as its 95% confidence interval

Table 3. Spearman correlation results

Coefficient p-value

Tap 1 -0.567 0.0073
Tap 2 -0.379 0.089
Tap 3 -0.645 0.0015
Tap 4 -0.437 0.047
Tap 5 -0.492 0.023
Total time -0.6282 0.0023
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Table 4. Bootstrapped accuracy results of the machine learning models

Model Features Mean accuracy Median accuracy 95% CI
Decision tree Reaction times from taps 1-5 and total time  0.547 0.571 (0.200, 0.833)
Decision tree Reaction time from tap 1 0.549 0.571 (0.222, 0.857)
Support vector machine Reaction times from taps 1-5 and total time  0.549 0.571 (0.167, 0.857)
Support vector machine Reaction time from tap 1 0.558 0.571 (0.167, 0.875)
Logistic regression Reaction times from taps 1-5 and total time 0.591 0.600 (0.250, 0.875)
Logistic regression Reaction time from tap 1 0.665 0.667 (0.333, 1.000)
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Figure 6. Bootstrap sampling distributions of the accuracy of the decision tree models.
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Figure 7. Bootstrap sampling distributions of the accuracy of the support vector machine models.

Table 5. Results of the logistic regression analysis

Likelihood-ratio test (vs. null model) p-value: 0.007311

Coefficient () Std error z P-value 95% confidence interval

Constant 0.2378 0.522 0.455 0.649 (-0.786, 1.261)
Tap 1 -1.9624 0.987 -1.988 0.047 (-3.897, -0.028)
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Figure 8. Bootstrap sampling distributions of the accuracy of the regression logistic models.

whereas the median accuracy attained by the best per-
forming model (namely, the logistic regression model)
was 0.667 with an upper bound of its 95% confidence
interval of 1.000, its lower bound was 0.333.

In addition, it is acknowledged that the sample of
participants may have included patients with common
comorbidities such as arthritis, tremors, or visual diffi-
culties, which may have influenced their reaction times.
However, it should be noted that people of advanced age
commonly have those comorbidities and that all partic-
ipants (involved in this study) were able to complete
the touch interaction task. Nonetheless, a study in-
volving a relatively large sample may allow grouping
participants, for instance, by comorbidity (if any) and
conducting separate analysis for each group.

This preliminary study presented models built from
three commonly used machine learning algorithms: de-
cision trees, support vector machines, and logistic re-
gression. Each algorithm has a set of hyperparameters
that can be tuned to improve their performance, for in-
stance, in decision trees, the quality of a split can be
measured using criteria such as gini or entropy. Then,
there is, in fact, the possibility of improving the perfor-
mance of the models presented. In addition, exploring
other (deep) machine learning algorithms may help im-
prove model performance. However, this preliminary
study focused on exploring the use of reaction times
from a relatively simple activity to appraise the cogni-
tive status of PwD.

6. Conclusions

The significance of the present work is that it is among
the first studies (to the best of authors’ knowledge) to
(i) appraise the cognitive status of people with demen-
tia using reaction times from touch interaction tasks and
(ii) identify significant relationships between the MMSE
score of people with dementia (PwD) and the reaction
time from taps.

From the empirical results (obtained from the
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present study involving 21 PwD), it can be concluded
that there is a negative relationship between the MMSE
score of PwD and the reaction times from taps, i.e.,
as the MMSE score decreases, the reaction times from
taps increase or vice versa. Nevertheless, no causality
should be inferred. In addition, the bootstrapped mean
accuracy results of the classifiers suggest that it may
be feasible to automatically classify PwD as individuals
having a relatively low or high MMSE score based on
reaction times from taps. However, the lower bounds
of the 95% confidence intervals do not allow drawing
definitive conclusions and more experiments should be
conducted to confirm or refute this finding.

Future work will focus on designing and implement-
ing cognitive activities for the wide touchscreen to ex-
plore the performance of PwD and its relationship to the
MMSE score. Another direction for future research is to
explore whether the performance of PwD in other touch
interaction tasks, for example, tasks involving drag &
drop gestures, is related to their MMSE scores. Also,
future work will focus on incorporating more sensors
(such as microphones and cameras) into the hardware
for touch interaction so as to collect and analyze sounds
and gestural movements of PwD.
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ABSTRACT

Artificial Intelligence (AI) has gained increasing popularity in contemporary scientific research; how-
ever, its application in mental health still requires a consolidated understanding of existing findings
regarding effectiveness. This bibliometric study aims to synthesize current knowledge and explore
research trends related to Al’s role in mental health. It investigates how advancements in modern
technologies—including machine learning, chatbots, and robotics—are used to predict, prevent, and
treat mental disorders, and evaluates their effectiveness. A literature search was conducted using Lens
software to retrieve peer-reviewed empirical studies in English from highly ranked databases, covering
the period from 2005 to 2025. A total of 97 relevant publications were identified and analyzed for
patterns, trends, and associations using the Bibliometrix package in R. Results reveal a sharp increase
in publications after 2020. Clinical and applied psychology emerged as dominant fields. Fating and
Weight Disorders is the leading journal (n=22), followed by the Journal of Psychopathology and Behav-
toral Assessment (n=19) and Cognitive Therapy and Research (n=17). The United States is both the
most productive (n=149) and most cited country (n==8,896). AI has demonstrated promise in detect-
ing symptoms of depression and suicidal behavior, preventing mental health disorders, and enhancing
traditional psychological interventions. Nonetheless, several gaps remain, including the underrepre-
sentation of diverse populations and a limited understanding of factors influencing user acceptance of
Al-based tools. This study provides researchers with a comprehensive overview of publication trends,
collaboration networks, keyword analysis, and future research directions. It also supports practition-
ers in selecting appropriate Al-based interventions to improve mental health outcomes and overall
well-being within healthcare systems.

Keywords: artificial intelligence, mental health, depression

1. Introduction overall quality of life among patients. While numer-

The use of artificial intelligence (AI) in mental health
shows potential in diagnosing, preventing, and treating
various psychological disorders. Al serves as a valu-
able supportive tool in psychological interventions for
improving mental health, psychological well-being, and

ous studies exist on AI’s role in clinical psychology,
there is no extensive research that brings together find-
ings about its effectiveness, benefits, and future research
paths. Some researchers have explored the broader role
of technology in mental health [1, 2], while others have
specifically examined AI’s use in detecting depression
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[3, 4], preventing it [5, 6], or identifying suicidal behav-
iors [7, 8]. Other studies have also looked at Al's ef-
fectiveness in dealing with eating disorders [9], anorexia
[10], and obesity [11]. Additionally, some efforts have
been made to use Al to predict generalized anxiety dis-
order [12]. However, a comprehensive investigation into
the link between AI and mental health remains lim-
ited. Therefore, more empirical research is needed to
better understand how Al can be effectively applied in
the diagnosis, prevention, and treatment of mental dis-
orders. This bibliometric study aims to collect, assess,
and combine findings from existing literature to create
a full understanding of the correlation between mental
health and AI. The study also intends to outline publi-
cation patterns and trends in the field, identify knowl-
edge gaps, improve detection of mental disorders, relieve
symptoms, and enhance psychological and overall well-
being.

2. Theoretical framework

One major direction in current research focuses on ex-
ploring the relationship between AI and mental health.
For instance, Higgins et al. [1] examined AI’s support-
ive role in the mental health field and identified several
practical challenges in its implementation. Similarly,
Ramshaw et al. [2] conducted a comparative analysis
of traditional and Al-assisted diagnostic methods, high-
lighting key barriers to accurate mental health diagno-
sis. Shan et al. [13] conducted a systematic review of
interventions targeting student mental health and em-
phasized the need for further investigation in this area.

Some studies have specifically assessed the effective-
ness of Al in psychological interventions. For example,
research suggests that Al can contribute to more per-
sonalized and efficient treatment approaches [5]. Ev-
idence highlights the integration of an internet-based
cognitive behavioral therapy (CBT) and computer-
assisted therapy, although limitations such as the in-
ability to convey body language were noted. A study
on AT’s role in predicting GAD symptoms found that
AT is effective in collecting data critical to risk man-
agement for the disorder [12]. In contrast, a study by
Maslej et al. [14] indicated that psychiatrists tend to
prefer human-based support for patients with depres-
sion. Meanwhile, Blease et al. [15] explored psychology
students’ familiarity with Al, revealing a wide range of
opinions and highlighting the importance of integrating
Al-related content into academic curricula.

Research has also extensively examined the utiliza-
tion of Al in the prevention, detection, and treatment of
various mental illnesses, including depression [3], suici-
dal behavior [7, 16, 17], anxiety [12], stress [18], eating
disorders [9], and generalized anxiety disorder (GAD)
[19], among others. Research has shown that not only
CBT and mindfulness-based interventions can be effec-
tive in treating mental health conditions, but also so-
cial support—whether in person or delivered through
ATl—can be effective [19].

Another prominent area of research involves the use
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of Al-based tools to detect various mental health dis-
orders, particularly depression and suicidal behavior.
Joshi and Kanoongo [3] analyzed the role of images,
facial expressions, the text from social media, and emo-
tional chatbots in detecting depression and emotions,
concluding that AI can effectively identify emotional
states through multiple modalities, including speech,
text, and video. Barros et al. [7] examined factors in-
fluencing suicide risk, such as gender, age, psychiatric
diagnosis, and type of therapeutic intervention, suggest-
ing that Bayesian networks can either support or hinder
psychotherapy outcomes. Similarly, Fonseka, Bhat, and
Kennedy [20] evaluated AI’s predictive capabilities for
suicide risk and stressed the importance of both indi-
vidual and social dimensions, acknowledging both the
strengths and limitations of AI tools [16, 17]. Bud-
dhitha and Inkpen [21] also investigated how AI can
detect suicidal ideation among social media users.

Liu et al. [6] argued that AI and related technolo-
gies will likely play a larger role in predicting and pre-
venting depression in the future, due to their impartial-
ity in decision-making. Their study analyzed how non-
pathological variables such as gender, academic year,
lifestyle, and social media use influence depression risk.
Inkster, Kadaba, and Sybramanian [22] reported that
AT tools helped reduce depressive symptoms among
mothers. Kelley et al. [4] also examined the role of so-
cial media in recognizing signs of depression and other
mental disorders.

The application of Al in identifying and treating
eating disorders has gained attention as well. Studies
have confirmed AI’s efficacy in the identification, pre-
vention, and treatment of such disorders [9]. Noguero
et al. [10] focused on gender bias in Al tools used for
patients with anorexia, emphasizing the importance of
equitable application. Fang et al. [11] evaluated Al-
enhanced CBT in treating obesity and reported signif-
icant improvements in body weight and body fat per-
centage.

A growing body of literature has also begun to
explore the intersection of AI and psychological well-
being. Chen [23], for instance, studied the effective-
ness of Al-based interventions in improving students’
well-being during the COVID-19 pandemic. Sabour
et al. [24] assessed the impact of chatbots on mental
health, showing that they can play a practical role in
reducing psychological distress. Similarly, Yorita et al.
[25] investigated how chatbots and robots support oc-
cupational stress self-management. Tanaka et al. [26]
demonstrated AI’s ability to reduce anxiety and trau-
matic memory in children undergoing distressing med-
ical experiences, thereby enhancing their overall well-
being. He et al. [27] found that AI could mitigate
depression among elderly individuals by reducing so-
cial isolation through the analysis of so-called “infor-
mation cocoons”. Another study explored the option of
recognizing depression on Twitter [28] or using a smart-
phone application for the prevention of suicidal episodes
among adolescents [29].

Li et al. [30] conducted a meta-analysis on AI’s role
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in promoting well-being, concluding that relationship
quality, effective communication, and meaningful con-
tent engagement are key factors in users’ experiences.
Another investigation emphasized the effectiveness of a
digital CBT-based resilience intervention for children,
recommending the implementation of the CUES pro-
gram in schools [31]. Jeong et al. [32] showed that
AT can enhance students’ psychological well-being by
increasing motivation, and a similar study [33] found
that Al can effectively monitor emotional states, aca-
demic performance, university transition, and interper-
sonal relationships [34, 35, 36, 37, 38, 39].

3. Methodology
3.1 Methodology of bibliometric analysis

A bibliometric study utilizes statistical methods to an-
alyze research outputs published in peer-reviewed jour-
nals, conference proceedings, reviews, and other schol-
arly sources. This approach enables a comprehensive
examination of both theoretical and empirical data, cat-
egorized by subject areas, publication years, citation
metrics, keywords, and contributions from leading au-
thors, institutions, sources, and countries, and evaluates
the impact of these studies. Bibliometric analysis facili-
tates the identification of prevailing trends and patterns
within a specific research domain and related fields over
a defined time period. To carry out such an analysis,
access to a well-structured and comprehensive research
database is essential [40, 41, 42].

3.2 Data collection and analysis

Using Lens to access prestigious databases (e.g.,
PubMed, Crossref, Microsoft Academic, and CORE),
we collected recently published papers. Various types of
sources—including scholarly works and patents—were
statistically analyzed to present datasets with unique
content. We adopted a bibliometric method to ex-
tract descriptive data on publications, author and co-
author metrics, source evaluations, and keyword, the-
matic map, and network analyzes. Data visualization
was performed using Bibliometrix, an R package de-
signed for in-depth bibliometric analysis.

The following parameters were used for the search:

e Search query: Scholarly Works (97) =
Artificial AND intelligence OR (digital
AND (media AND (impact AND (mental AND
health))))

e Filters: Year Published = 2005-2025
e Field of Study: Clinical Psychology
e Subject: Clinical Psychology

The search for the current bibliometric paper was
conducted to retrieve data in plain text (.txt) and Mi-
crosoft Excel (.csv) files for analysis and presentation in
this paper. Descriptive and bibliometric data analysis
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was conducted using RStudio in combination with the
Bibliometrix package.

3.3 Research questions and objective

The purpose of a bibliometric study is to examine pub-
lication patterns in the field concerning the use of Al in
mental health. It intends to evaluate how the current
body of literature helps uncover research gaps and in-
forms potential future research directions. In line with
the purpose and scope of this study, the following re-
search questions have been designed:

e RQI1: What are the descriptive characteristics of
the publications in this field, including the num-
ber of studies published and cited between 2005
and 20257

e RQ2: What trends can be observed in terms
of the most productive authors and co-authors,
dominant research themes, key journals, and con-
tributing countries? How do citation metrics re-
flect the impact of this body of work?

e RQ3: Which keywords are most commonly asso-
ciated with the published studies, and what do
they reveal about the thematic focus of the field?

e RQ4: What patterns of collaboration and re-
search networks exist among the authors of these
publications?

4. Results

4.1 Publication descriptives

A total of 97 relevant studies published between 2005
and 2025 within the explored research domain were
identified using Lens (Figure 1). The data sources con-
tributing to this dataset included Microsoft Academic
(61 results), PubMed (57), OpenAlex (37), PubMed
Central (32), and CORE (14). Due to overlapping en-
tries across databases, duplicates were removed, result-
ing in a final set of 97 unique publications. The included
papers were published with an annual growth rate of
4.33%. The majority of these works were authored in
English by 410 authors and co-authors publishing in 10
different sources. Only three papers were written by
single authors, and no international co-authorship was
identified. Authors used 186 keywords; their papers re-
ceived 3,871 citations (an average of 39.64 each) and
used 6,559 references overall. The average age of each
published study is 6.71 years.

4.2 Published papers trends over time

The publication records by year, starting from 2005 to
2025, are presented in Figure 2, demonstrating chang-
ing trends in interest in conducting studies on the use of
AT in mental health. According to Figure 2, two phases
can be distinguished. The first phase was between 2005
and 2019, when the publication record ranged from 0 to
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Timespan

2005:2025

Authors Authors of single-authored docs

3

410

Author's Keywords (DE)

186

References

6559

Figure 1.

6 per year, demonstrating comparatively low interest in
research on Al in mental health. The second phase, be-
tween 2020 and 2025, shows a sharp increase (in 2020,
n = 12; in 2024, n 13), indicating growing schol-
arly interest among researchers within the field. Figure
2 illustrates the increasing popularity of Al in mental
health as a research subject.

Figure 3 visualizes the publication trends on Al in
mental health in selected journals over the past two
decades, underlining the dynamics of scholarly output.
A significant increase after 2019 reflects growing interest
in exploring Al in mental health, likely influenced by the
COVID-19 pandemic. The Journal of Psychopathology
and behavioral Assessment consistently ranks among
the top sources, serving as a key outlet for research on
AT in mental health. Cognitive Therapy and Research
began contributing after 2014, reaching 16 papers pub-
lished by 2025. Eating and Weight Disorders published
its first relevant paper in 2012 and has emerged as the
leading journal over the past three years.

4.3 Distribution of productive authors, coun-
tries, and collaboration network

Figure 4 highlights the most productive authors over
the past two decades and their collaboration networks
in the research field of utilizing Al for mental health. It
illustrates the publication output of the top 10 authors
between 2005 and 2025. Most of them published one or
two papers and received low to modest citation counts,
reflecting an emerging research dynamic. All authors
were active during varying periods, either briefly or over
a few years. Boris Birmaher was particularly produc-
tive between 2009 and 2016, contributing foundational
work that helped shape the direction of future stud-
ies. Authors like Barnaby D. Dunn and Anna Brytek-
Matera were active primarily between 2015 and 2019,
while others have emerged more recently, contributing
between 2020 and 2025, indicating increasing interest
in this research field. Figure 4 also illustrates temporal
trends in research and author involvement, showing the
appearance of recent contributors after 2020. The total
citation count remains low, likely suggesting that the
domain is still evolving.
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Documents

International Co-Authorship

Document Average Age

Annual Growth Rate

97 4.33 %

Co-Authors per Doc

0 % 4.42

Average citations per doc

6.71 39.64

Overview of publications included into the analysis.

Figure 5 visualizes the geographic distribution of
corresponding authors, along with their overall produc-
tivity and collaboration types—single-country publica-
tions (SCP) and multiple-country publications (MCP).
Authors from the USA contributed the highest num-
ber of papers (n 149), most of which were writ-
ten by American authors (SCP n = 94), followed by
China (n = 85) with a similar distribution between
SCP (n = 40) and MCP (n = 45), Spain (n = 70)
with a prevalence of SCP (n = 20), and Brazil (n = 65)
with a strong prevalence of SCP (n = 48), emphasizing
their prominent role in exploring links between Al and
mental health. Notably, Poland, Sweden, and Turkey
had fewer papers (13, 14, and 15, respectively). The
results suggest that SCP publications play key roles in
research collaboration on AI and mental health, with
the exception of China, the UK, and Chile, where MCP
is more prominent. These findings reveal not only where
research is being produced, but also how globally inte-
grated each country is in advancing the Al and mental
health domain.

Figure 6 illustrates the data on co-authorship col-
laboration networks within the studied research area,
where each node represents an author, and the rela-
tionships between them show co-author connections.

The majority of nodes are fragmented or have weak
connections, suggesting a growing but still limited col-
laboration landscape, where a few co-author nodes play
a key role in developing thematic clusters, while most
research is conducted by isolated author groups. For
instance, in research on AI and mental health, the au-
thors’ collaboration network is largely concentrated in a
few clusters established by Jahrami H and Ricca V, sug-
gesting foundational influence. Clusters with authors
like Porter A.L., Merigé J.M., and Kumar S. demon-
strate both higher productivity and broader collabo-
rative reach, indicating their foundational impact on
shaping this research area. Overall, while collaboration
networks are emerging, the landscape remains relatively
fragmented, highlighting opportunities for greater inter-
national and interdisciplinary collaboration.
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Figure 2. Changes in document counts by publication year within the top 10 subjects’ areas (2005-2025).
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4.4 Keyword analysis and trend topics

Figure 7 visualizes the keyword usage dynamics in stud-
ies on the use of Al in the mental health field from 2005
to 2025, highlighting shifts in research interests over
time. Starting in 2016, keywords such as “adolescent,”
“orthorexia nervosa,” and “depression” appeared in the
domain. After 2022, “eating disorders,” “orthorexia
nervosa,” “depression,” and “systematic review” gained
prominence, suggesting rising interest in these topics.
The increase in the keyword “orthorexia nervosa” may
reflect its emerging niche within the domain, potentially
driven by novel diagnostic awareness and its correlation
with digital cognitive and behavioral patterns. Overall,
the findings point to a chronological transition in key-
word usage—from more general concepts to a research
focus increasingly centered on eating disorders and de-
pression over the past three years—triggering the de-
velopment of Al-driven diagnostic, preventive, and sup-
portive tools.

Figure 8 illustrates the frequency with which key-
words co-occur in research on Al and mental health,
presented as nodes. The size of each cluster reflects
keyword frequency, and the thickness of the connections
indicates the frequency of co-occurrence.

Based on our findings (Figure 8), the keyword co-
occurrence network emphasizes the thematic structure
of studies on Al applications in mental health. The core
concept is “eating disorders,” connected with several
other keywords, such as “anorexia nervosa” through the
“application of AI” and “treatment approaches,” and
“orthorexia nervosa’ via “diagnostic criteria,” reflecting
a significant research focus on the detection and classifi-
cation of mental disorders. The keyword “eating disor-
ders” is also connected to “depression,” “body image,”
“self-monitoring,” and “obesity,” indicating comorbid-
ity and the use of self-tracking technologies in treat-
ment or assessment. Another thematic cluster connects
“depression” to “children” through “maltreatment,” ex-
tending to “CBT” and “unemotional traits,” pointing
to a developmental and clinical treatment focus among
youth. A significant but separate node on “systematic
review” indicates the growing number of evidence stud-
ies synthesizing data for conceptual consolidation within
the field. Moreover, a few weakly connected and periph-
eral clusters—such as “attitudes toward psychological
help-seeking,” “childhood trauma,” “parents’ distress,”
and “autism spectrum disorder”—represent underex-
plored or emerging areas within the domain. The struc-
ture of the nodes suggests an evolving network in the
research domain on Al-driven interventions for mental
health (mainly eating and mood disorders), with grow-
ing interest in diagnostic, monitoring, and treatment-
oriented directions.

4.5 Thematic clustering

Studied themes were categorised as motor, basic, niche,
and emerging (Figure 9) using two criteria: centrality
and density, offering significant insights into the struc-
ture of scholarly work on AI and mental health. Ac-
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cording to our analysis, the categories focused on “de-
pression,” “adolescents,” and “anxiety” belong to motor
themes, meaning they are central and well-developed.
Their location underlines their foundational role in the
domain, especially regarding the use of Al tools in diag-
nosing and treating adolescent mood and eating disor-
ders. However, their positioning also highlights the need
for further exploration and development. Moreover, the
positioning of the categories “unemotional traits” and
the cluster joining “anorexia nervosa,” “bulimia,” and
“AI” on the border of the motor and basic themes sug-
gests their developing relevance in clinical profiling and
predictive modelling. A category with “eating disor-
ders” and “orthorexia nervosa” belongs purely to the
basic themes, reflecting central but still developing con-
cepts, especially in relation to the diagnostic area. In
contrast, the niche themes are well-developed but less
central—specialized and methodologically mature. This
category includes “body image,” “feeding and eating,”
and “body mass index.” A second cluster, “eating dis-
order,” is located near the emerging/declining themes
and illustrates the rare development of this topic in the
research area. Lastly, the emerging/declining themes
include two categories: “obesity” and “systematic re-
views.” These may indicate either underdeveloped or
outdated areas of research.

4.6 Citations and co-citations, influential
scores and countries

Figure 10 illustrates the top 10 most productive journals
that published relevant papers on the use of Al in men-
tal health between 2005 and 2025. FEating and Weight
Disorders is the leading journal, contributing 22 publi-
cations, underlining a significant record of research in-
terest in Al applications for identifying, monitoring, and
treating eating disorders. Journal of Psychopathology
and behavioral Assessment published 19 relevant stud-
ies, and Cognitive Therapy and Research published 17
papers, suggesting an influential focus on cognitive, be-
havioral, and clinical appraisal approaches enhanced by
AT tools. Clinical Child and Family Psychology Review
published 16 relevant studies, and Journal of Clinical
Psychology in Medical Settings contributed 10, indicat-
ing ongoing exploration of AI applications in child and
family mental health contexts and integrated interven-
tions. Other journals contributed six or fewer studies
each, showing a less frequent record of research interest
across related psychological, psychiatric, and interdis-
ciplinary topics. Overall, the prevalence of clinically
focused and disorder-specific journals indicates that the
area is rooted in applied mental health research, with a
strong focus on cognitive assessment, eating disorders,
and adolescent psychopathology.

Figure 11 shows the top 10 countries by total cita-
tion count in the research field of applying Al in mental
health.

The United States is leading with 8,896 citations,
reflecting its strong position in publishing highly influ-
ential studies. This may be a result of the country’s
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large research output, funding capacity, and concentra-
tion of top academic and scientific institutions. Spain
(n = 2,843), the United Kingdom (n = 2,143), and
the Netherlands (n = 2,110) have demonstrated strong
academic impact, showing their prominent contribution
to establishing scholarly discourse in this area. China,
while being one of the major contributors, demonstrates
a comparatively lower citation count (n = 1,939), sug-
gesting a potential gap in international visibility or pub-
lication impact. Other countries, including Italy (n =
1,564), Germany (n = 1,447), Japan and Slovenia (n
= 1,104 each), and Brazil (n = 1,070), round out the
list, emphasizing the global significance and interna-
tional collaborative nature of studies on Al in mental
health. Overall, the citation data illustrates that the
U.S. maintains a leadership position; however, the pres-
ence of several European and Asian countries in the top
10 reflects increasingly influential contributions to the
developing domain of Al in mental health research.

5.

This bibliometric study reveals a growing upward ten-
dency in the number of publications on the application
of Al in mental health from 2005 to 2025, with a notable
increase in publication volume after 2020. This trend
is consistent with global tendencies toward using digital
health solutions after the COVID-19 pandemic, as re-
flected in recent reviews [13, 23]. The rise in scholarly
output reflects the growing role of Al in diagnostic, pre-
ventive, and therapeutic mental health applications, as
highlighted in multiple empirical studies and systematic
reviews [3, 5, 9].

The prevalence of clinical topics such as eating dis-
orders, depression, and anxiety is a key finding. De-
pression—its diagnosis and treatment—emerges as the
most frequently addressed condition, with numerous
studies leveraging Al’s utility for early detection, sui-

Discussions and conclusions
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cide risk assessment, and digital intervention delivery
[6, 12, 16, 17, 27]. The thematic map further validates
the centrality and advancement of these areas, with “de-
pression” and “anxiety” appearing in the motor themes
category, indicating both centrality and maturity in this
research area. Conversely, the increasing applicability
of Al in addressing “eating disorders” and “orthorexia
nervosa,” identified as basic yet emerging themes, sup-
ports recent findings highlighting its diagnostic, preven-
tive, monitoring, and therapeutic potential in address-
ing mental disorders [9, 10].

Keyword co-occurrence analysis emphasizes the fol-
lowing findings. The keyword “eating disorders” fre-
quently co-occurs with “anorexia nervosa,” “orthorexia
nervosa,” and “Al” mediated by co-words like “treat-
ment” and “diagnostic criteria.” This aligns with stud-
ies by Fang et al. [11], who demonstrate the use of
Al-enhanced CBT and identify gender biases in Al
tools, respectively. The frequent appearance of “sys-
tematic review” as an independent, high-frequency key-
word highlights the evolving community’s effort to con-
solidate fragmented results and evaluate the clinical re-
liability of AT tools [13, 28].

Despite the increasing volume of publications in the
domain of AI in mental health, the co-authorship net-
work remains notably fragmented, with limited cross-
national and inter-institutional collaboration. Only a
few authors, such as Jahrami and Ricca, occupy central
positions in the network, indicating localized clusters
of expertise rather than a unified global research effort.
This reflects a concentration of expertise within isolated
clusters, mirroring previous concerns about limited in-
terdisciplinary and international integration in Al-based
psychological research [14, 15]. The observed network
structure suggests that although digital tools are glob-
ally applicable, the research remains largely restricted
by national or institutional boundaries, potentially de-
creasing the generalizability and applicability of Al in-
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terventions in mental health.

Geographically, authors from the United States con-
tinue to dominate the field in terms of both produc-
tivity and citation impact. This trend aligns with
other studies emphasizing the role of strong leader-
ship, funding opportunities, developed research infras-
tructure, and early implementation of Al technologies
[4, 20]. Nevertheless, countries such as the UK, Spain,
the Netherlands, and China have also demonstrated im-
pact within the field, supporting observations of inter-
national research efforts in Al-related suicide risk pre-
diction [7, 16, 17, 21].

Finally, the growing interest in digital mental health
diagnosis and prevention—such as chatbots, digital
CBT, mood monitoring apps, and well-being plat-
forms—is reflected in the keyword network and source
analysis. Published papers have emphasized the essen-
tial role of Al in promoting psychological well-being,
resilience, and stress management among children, stu-
dents, and adolescents [24, 26, 22, 31]. Studies increas-
ingly report that psychological interventions supported
by Al are not only more accessible and cost-effective
but also improve emotional resilience, reduce anxiety,
enhance self-regulation, and mitigate social isolation
[28, 29, 30].

In conclusion, the findings of this bibliometric study
indicate both progress and limitations within the de-
veloping area of AI in mental health. While signifi-
cant advancements have been made in terms of research
output and thematic categorization, the domain would
benefit greatly from more extensive and harmonized re-
search methodologies, increased international collabora-
tion, and the development of shared theoretical frame-
works and technological standards. These steps are es-
sential to fully harness the transformative potential of
AT in advancing mental health care on a global scale.

5.1 Study limitations

This bibliometric review delivered significant findings
as a synthesis of available data on publication patterns,
productive authors, countries, sources, and collabora-
tion networks. However, several limitations should be
acknowledged. First, the database and query scope were
limited to a selection of prestigious databases, including
Crossref, Microsoft Academic, PubMed, OpenAlex, and
CORE, with data extracted through Lens. Databases
such as Scopus and Web of Science were not included in
the search; therefore, non-indexed preprints and publi-
cations outside the selected databases may have been
missed. Second, while the search query was carefully
constructed to capture the most relevant studies, it re-
lied on specific terminology. This approach may have
excluded papers using alternative but related terms,
thereby omitting some relevant studies.

Third, the analysis was limited to peer-reviewed
publications written in English, leading to the exclu-
sion of research published in other languages. Finally, a
common concern in bibliometric studies is citation lag,
in which newly published high-quality research may not
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have accumulated enough citations to fairly reflect its
scholarly impact. This can result in the underrepresen-
tation of recent contributions in the analysis.

5.2 Future research directions

The present bibliometric study highlights the necessity
for further research into the effectiveness of utilizing Al
to enhance the accuracy and efficiency of mental health
detection, prevention, and professional treatment of var-
ious mental disorders. Such efforts may lead to im-
provements in psychological and overall well-being. The
analysis of published research papers enabled us to for-
mulate several significant recommendations for future
studies within this domain.

Barros et al. [7] recommended conducting addi-
tional studies in varied environmental contexts, includ-
ing educational institutions and primary health facili-
ties, to assess the effectiveness of Al models with par-
ticular attention to the variable of age. Moreover, fu-
ture research should explore the role of Al in detecting
mental disorders by measuring responses across various
categories of patients experiencing a wide range of emo-
tions [3].

According to Liu et al. [6], personal preferences
and individual differences should be considered when
designing Al-supported prevention or treatment strate-
gies for depression among college students [38, 39]. Da
Fonseca, Bhat, and Kennedy [8] suggested integrating
AT with electronic medical records (EMRs) to improve
suicide prevention, while also emphasizing the need for
further research on its safety and effectiveness.

Higgins et al. [1] noted that more studies are re-
quired to explore the impact of Al on treatment out-
comes and the identification of missed care, as well as
to better understand attitudes and beliefs related to the
use of Al for promoting well-being [35, 37].

To conclude, further research is needed to under-
stand the factors that increase acceptance of and en-
gagement with Al in mental health contexts. This will
require studies with larger and more diverse samples
to assess whether AT applications can be generalized to
broader populations.

Current research represents a significant step in the
comprehensive exploration of publication trends related
to the use of artificial intelligence in clinical psychology
for the detection, prevention, and treatment of mental
disorders from 2005 to 2025. Through bibliometric anal-
ysis, significant and relevant studies within the explored
domains were systematically examined and synthesized,
resulting in the establishment of a complex and com-
prehensive overview of the relationship between AI and
mental health.

The identified research patterns and trends in the
analyzed sources offer valuable insights for both clinical
psychology practitioners and researchers, enabling them
to be well-informed about existing knowledge, evidence,
gaps, and emerging needs in the field. These findings
can guide the development of more efficient interven-
tions aimed at providing help to individuals struggling
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with mental health issues. Additionally, the analysis
underscores the importance of further studies to esti-
mate the practical impact of Al-based approaches in
promoting psychological and overall well-being.

5.3 Conclusion

This bibliometric study highlights the rising scholarly
interest in the use of artificial intelligence in mental
health, particularly since 2020, indicating a significant
shift likely influenced by the COVID-19 pandemic. The
special focus on eating disorders, including emerging
topics such as orthorexia nervosa, along with depres-
sion and adolescent mental health, suggests that these
areas are well-established but still require greater clar-
ity in research priorities to enable more targeted and
effective development.

However, the fragmented author collaboration net-
works and the dominance of single-country publications
reflect structural limitations in global research cooper-
ation. While countries like the U.S. and Spain demon-
strate high impact in terms of productivity and citation
records, others such as China and Brazil face visibil-
ity challenges despite high productivity. These findings
underscore the need for more integrative, international,
and interdisciplinary approaches to strengthen the field.

Future research should also expand into underrep-
resented areas, such as digital diagnostics for autism,
parental distress, and trauma-related disorders, to fully
leverage Al’s transformative potential in mental health
care.

This study makes three major contributions. First,
it provides a systematic mapping of the field’s intel-
lectual structure by identifying leading authors, insti-
tutions, sources, and countries, facilitating deeper in-
sights into global collaboration patterns. Second, it un-
covers thematic transitions from early-stage technolog-
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ABSTRACT

Mild cognitive impairment affects many older adults and can lead to severe dementia. Early detection
and intervention are key to slowing its progression. Serious games offer a promising way to stimulate
cognitive function. However, there is a lack of clear methodologies for developing effective serious games
for cognitive stimulation. In this paper, we introduce a methodology for developing serious games to
help people with mild cognitive impairment. We also include a case study of this methodology through
the development of a serious game that underwent usability testing with older adults. The obtained
results provide evidence that, by following the proposed methodology, it is possible to develop serious
games that are well received by the target population.

Keywords: serious games, cognitive impairment, cognitive stimulation

1. Introduction

Mild Cognitive Impairment (also denoted as MCI) is
characterized by a cognitive impairment that causes
minimal impact on instrumental activities of daily living
(e.g., language, visuospatial skills, executive functions,
etc.) [1]. Its early identification could serve to initiate
treatment and take into account the appropriate mea-
sures to avoid its further progression [2]. Rehabilitation
or cognitive stimulation can help improve the cognitive
abilities of people with this condition [3]. Nowadays,
there are several proposals for performing appropriate
cognitive stimulation; among the most outstanding are
those related to the use of technology [4]. Within digi-

tal cognitive stimulation and rehabilitation, there is ev-
idence that the use of Serious Games (SG) ! allow the
development of the brain’s executive functioning and,
in turn, help to improve cognitive skills with the poten-
tial to reduce problems caused by cognitive impairment
[6]. Serious games are considered a promising solution
that provides non-drug-based rehabilitation and treat-
ment, aiming to satisfy, maintain, and even restore the
patient’s cognitive status through cognitive stimulation
[7]. However, despite the importance of using serious
games in the field of cognitive stimulation, there is a
lack of a methodology that establishes in detail the steps
to follow for the development of a SG oriented towards

LA serious game allows for the implementation of activities based on real-life scenarios; are intended to teach, as well as to

transmit skills and information [5].
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cognitive stimulation [6].

According to Garcia-Martinez et al. [3], the devel-
opment of serious games that meet the requirements of
having a medical perspective, usability, and user-based
experience remains an unsolved problem. Attempting
to solve this problem, they developed the COMFeeDY
framework (Concepts, Objects, Mechanics, Feedback,
and Dynamics). Having in mind to gain a better un-
derstanding of the relationship between older adults and
the various technologies that can be used for cognitive
stimulation, Palumbo [4] presented a survey to identify
which are the most commonly used interactive devices
for serious games, which are the cognitive functions that
have been addressed by serious games supported by in-
teractive technologies as well as the improvements on
them after using these kinds of games. Lau & Agius
[6] propose MCI-GaTE (MCI-Game Therapy Experi-
ence), which can be used for the implementation of SG
that function as a tool capable of implementing phys-
ical and cognitive rehabilitation. This framework con-
sists of four sectors which serve as a guide for the design
and development of games: a) A player profile, b) Main
elements that support recreational activities, ¢) Ther-
apeutic components that support cognitive and physi-
cal rehabilitation through the implementation of tasks
and scenarios that are tailored to the player’s abilities,
and d) Motivational components. MCI-GaTE was as-
sessed by therapists who indicated that the framework
has great potential for the design and implementation
of therapeutic experiences. However, some aspects were
highlighted as missing, such as the lack of times between
game sessions, or that it is focused primarily on memory
rehabilitation in people with cognitive problems, leaving
aside all other conditions involved with MCI.

Attempting to contribute to solve this problem, we
propose a methodology for designing serious games for
cognitive stimulation in elderly people with cognitive
problems. Our proposal includes aspects that have
not been taken into account in the existing literature
that are important to have a clear and comprehensive
methodology. In addition, we also present a serious
game denoted Adventures in the corral, heroes of the
flock, which was designed and developed following the
proposed methodology. For evaluation purposes, we
asked a group of elderly people to interact with the seri-
ous game and report the results of a usability evaluation
based on the player’s experiences.

This paper is organized as follows. Section 2 intro-
duces the methodology for the development of serious
games for cognitive stimulation of the elderly with mild
cognitive impairment. Section 3 describes the develop-
ment of the case study based on the proposed method-
ology. Section 4 presents the results obtained from the
usability study. Finally, Section 5 summarizes the con-
clusions and future work.

2. Proposed methodology

This section explains in detail each step of the proposed
methodology to design serious games that can help to
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cognitively stimulate elderly people with mild cognitive
impairment.

2.1 Identification of conditions related to mild
cognitive impairment

The type of cognitive impairment to be addressed must
be defined: Mild Cognitive Impairment, Medium Cogni-
tive Impairment or Mild Dementia, Medium Cognitive
Impairment (or Prolonged Dementia), or Severe Cogni-
tive Impairment (or Severe Dementia) [8]. Afterwards,
the type of condition that is sought to be stimulated
must be identified. Some of the conditions that are
caused by MCI are concentration, perception, commu-
nication, orientation, motor coordination, conceptual-

ization, language, judgment, calculation, and memory
[9, 10, 11, 12].

2.2 Identification of cognitive stimulation ac-
tivities for people with mild cognitive im-
pairment

The activities to be developed in the SG must be iden-
tified. These activities will be part of the participants’
cognitive stimulation. With this in mind, Table 1 shows
some examples of activities that can be implemented
within the SG and that can help stimulate specific con-
ditions.

2.3 Identification of the type of participants

Participants must be chosen taking into account the
classification of cognitive impairment and the condi-
tion(s) to be addressed. However, if it is unknown
whether or not a participant has cognitive impairment,
as a first point, some tests must be applied to determine
his or her condition. For this, there are several tests
to identify cognitive impairment such as: Mini Men-
tal State Examination, Montreal Cognitive Assessment,
Clock Drawing Test, Mini Cognitive Examination, and
Five Words Test, among others.

2.4 Identification of
proaches

inclusive design ap-

It is important to define the interaction techniques in
terms of navigation and selection. Navigation and se-
lection allow the participant to interact with the User
Interface(UI) elements of the virtual environment of the
SG through the use of hardware; these must be easy to
use and learn in order to reduce the amount of effort,
taking into account the limitations of older adults with
mild cognitive impairment. Some examples of hard-
ware used for interaction are: mouse, keyboard, touch
screens, joystick, Kinect, and Wii [21]. Equally impor-
tant at this stage, is the definition of the UI elements of
the virtual environment of the SG, including: i) Text
content should be clear, precise, and engaging. Be-
sides, it should be written in a large font, preferably
black, and avoid abbreviations. Technical and scientific
language should also be avoided. ii) Basic elements
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Table 1. Activities that can be implemented for stimulating specific conditions.

Condition Activities
Concentration Finding identical figures, maze, word search, numbers or symbols,
reading with simple activities, among others [13].
Perception Identifying identical objects, word and number searches, relate ob-
jects, describe images, etc. [14].
Orientation Locating oneself in time and space, identifying the current season,

Motor coordination
Conceptualization
Language and speech

Judgment

relating objects, writing personal information, etc. [15].

Mazes, completing drawings, puzzles, associating objects with
their functions, etc. [13].

Identifying objects, giving meaning to an image, identifying geo-
metric shapes, completing images, etc. [16].

Forming and completing words, completing sentences, ordering
phrases, etc. [17].

Associating objects, numerical and object series, joining related

words, identifying patterns of different images, etc. [18].

Calculation
Memory

Addition, chain operations, mental calculation, etc. [19].
Memorizing details or images, making life books, etc. [20].

such as buttons, prompts, objects, etc., should be vis-
ible, large, and prominent. iii) Images they must be
relevant to the context of the game being implemented
and must also make sense. iv) Color palette, it is
recommended to use a high-contrast color palette, as
this can help improve visibility. Furthermore, it is also
recommended not to include distractions in the virtual
environment.

2.5 Design of competencies for cognitive stim-
ulation

It is necessary to define how the activities selected (Sec-
tion 2.2) will be implemented. Competencies must be
defined so that the implementation of cognitive stimu-
lation activity yields favorable results in the treatment
of cognitive impairment.

2.6 Conceptualization of the type of game

The design characteristics of the game must be defined,
as well as some other general aspects such as classifi-
cation (pure progressive games, pure emergent games,
etc.), genre (adventure, horror, fear, platforms, etc.),
type of technology, mechanics, expected results, values,
player effort, attachment to the result, negotiable con-
sequences, and area of application. Some questions that
can help identify such features are: What is this game
about?, How do I play?, What is the main idea or con-
cept of the game?, Who are the characters that are go-
ing to appear in the story?, What are going to be the
mechanics of the game, and similar [22, 23, 24]. In ad-
dition, the type of approach to the game needs to be
determined. Among the approaches to be considered,
there are some focused on a specific theme, on the me-
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chanics, dynamics, and emotional responses, or those
that do not have limitations [25].

2.7 Narrative structuring

The narrative must have a structured process. To
achieve this structure, it is necessary to define each of
the chapters (levels) with their respective scenes. Once
the story is defined, the dialogues or actions that will
make it possible must be developed. After this, and as a
final step, the relationship between the chapters, scenes,
stories, dialogues, or actions with the cognitive stimula-
tion activities proposed in phase two of the methodology
must be defined. A narrative line can follow one of the
types of stories: linear stories, branching stories, open-
ended stories, thematic settings, among others [25].

Another aspect to keep in mind when creating a
story is including and developing plots. There are three
different types of plots: i) Classic based on the story of
the main character versus the villain; 1) Relationships
where there is a kind of relation (friendship, roman-
tic, hatred, etc.) between the characters; and Trans-
formation which narrates the internal development of
characters through the need to overcome their goals.
Afterwards, the script describing the structure of how
the events will be developed must be defined. For doing
this, some types of structure can be considered:

e Classical, composed by four elements: a) Intro-
duction (describing the context of the world in
which the story takes place, the game dynamics,
and the rules must be provided), b) Plot point
when something occurs and changes the course
of how the main story is presented), c) Knot (it
is the main part of the story, where the goal is
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to escalate the problem to return to the initial
or future calm point), d) Climaz (which seeks to
confront each of the problems presented).

e Modern, seeks to explore the character’s inter-
nal conflicts, whether their hidden desires, fears,
insecurities, dilemmas, or some type of psycho-
logical or emotional conflict. Its main objective
is to develop the story by focusing on the pro-
tagonist’s internal journey, self-discovery, or the
resolution of internal conflicts.

Once the script is finished, the dialogues must be
defined, which are all those arguments that will be said
by the characters within the game or are all those texts
that will be shown during the game [26]. Besides, the
characters in the game need to be described; there are
four kinds of characters: protagonist, antagonist, sec-
ondary characters, and non-playable character?, which
are those within the game that are controlled by artifi-
cial intelligence, rather than by a player.

At this stage, it is necessary to design the chapters
that comprise the process by which environments, chal-
lenges, and experiences are structured and developed,
which players must experience as they progress through
the game [27]. It is also required to define the position
of the game elements and the mobility of objects.

2.7.1 Labeling and evaluation of cognitive activities.

As a final step in developing this stage, the story situ-
ations in which the cognitive activities chosen in point
IT of the methodology will be developed must be de-
fined, and the method of implementation must also be
specified. In this final part, the moments, characters,
objects, dialogues, etc., that will be involved in order to
include the cognitive activities within the story, chap-
ters, and scenes must be specified.

2.8 Adaptive structuring and personalization
design

The user profile must be defined, including the patient’s
personal data (social and morbid data [12, 28]), and a
record of all the activities performed, as well as their
times and scores. In addition, it is important that the
user profile allows the inclusion of personalized charac-
teristics based on their abilities, needs, preferences, and
condition, ensuring an accessible and effective interac-
tion [29]. Finally, the user profile can also record pa-
tient preferences so that the game elements are tailored
to these needs. In this sense, elements, decorations, ob-
jects, animals, etc., can be added or removed, text can
be enlarged, audio elements can be increased in volume,
audio can be slowed down, etc.

2.8.1 Labeling and identifying inclusive design ap-
proaches

The inclusive aspects of gameplay, narrative, and game
mechanics must be defined, but this time taking into ac-

https://dictionary.cambridge.org/es/diccionario/ingles /npc
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count the final game structure. This means that if it is
decided to use a gripper for game interaction, it must be
specified which movements or actions can be performed
with it. Finally, it is necessary to define how adaptabil-
ity will be implemented within the game. Adaptability
within the context of rehabilitation or stimulation en-
sures that the best decisions are made to guarantee in-
telligent rehabilitation, and this is achieved through the
control of auditory, haptic, visual, and other aspects.

2.8.2 Inclusion of artificial intelligence

Artificial intelligence provides certain tools that help
within the mechanics, narratives, sounds, history, sce-
narios, etc. [30]. Some of these tools are the follow-
ing [31]: movement techniques, complex movements,
decision-making, and adaptation to the user.

2.9 Design of orientation and motivation
strategies

The strategies that will be used to guide the players
through the first steps of the SG’s gameplay need to
be defined. Also, the points and rewards system that
will be implemented within the SG’s gameplay must be
explained, taking into account the narrative and me-
chanics of the SG. It is highly recommended to design
a Tutorial to help the player become familiar with the
game mechanics. Tutorials are the levels prior to the
main game and the basis of it, where the player is ex-
pected to become familiar with the gameplay of the SG
through the interaction with objects using the main
commands. These should be presented naturally and
simply, in addition to not being immersive, in order not
to affect the gameplay of the main game and not to ruin
the player’s motivation [25]. Concerning the motivation
strategies, it is important to specify how the rewards
will be granted following the narrative and mechanics
of the game. As players develop a greater attachment
to the outcome or reward, the more interested and en-
thusiastic they become about the game. Similarly, the
greater the commitment and effort that a player makes
to complete a challenge, the greater the emotional bur-
den related to the result and the rewards [23].

3. Evaluation of the proposed method-
ology

To validate the proposed methodology, a case study was
conducted. In particular, it was used for the design and
implementation of a serious game named as Adventures
in the corral, heroes of the flock. Next, we describe the
different stages of the methodology applied to this case.

1. Identification of conditions related to mild
cognitive impairment: The primary focus will
be on single-domain non-amnestic mild cognitive
impairment. Particularly, the goal is to stimulate
only the area of concentration.
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4. Identification of

2. Identification of cognitive stimulation ac-

tivities for people with mild cognitive im-
pairment: Identification of identical objects.

3. Identification of the type of participants:

Inclusion criteria:

e No tests will be performed to determine
whether or not the patient suffers from any
type of Mild Cognitive Impairment.

e Age range: People over 60 years old.
e Sex : Indistinct.

e Level of education: Not an important fac-
tor.

Exclusion criterias:

e Participants with Parkinson’s disease will
be excluded, as this condition can interfere
with game results due to the relationship
between control and the participant’s spon-
taneous movements. Participants with de-
pression will also be excluded, due to the
fact that according to [32] this kind of reha-
bilitation has less positive impact on them.

inclusive design ap-

proaches:

e Nawvigation and selection: Two different
hardware components were used for naviga-
tion and selection: a video game controller
and a Bluetooth VR remote controller. In
both cases, the corresponding joystick can
move the elements in four directions: up,
down, left, and right. Further, when us-
ing the video game remote controller for se-
lection, it is required to use the button lo-
cated at the bottom of the set of buttons
positioned on the right side of the device;
and when using the VR Bluetooth remote
controller, the“C” key is the one used for
selecting an element. Figure 1 shows both
devices and their respective parts used for
navigation (in green) and for selection (in
red).

e Textual content. The SG includes in-
structions that are short, clear, and concise,
using informal language; in addition, text
will be written in large fonts.

e Basic elements within the game. All
the visual elements of the game are placed
at a considerable size, so that they are visi-
ble at all times.

o Visual elements and images. Visual el-
ements or images used within the game (an-
imals, objects, characters) are represented
as close to reality as possible.
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e Use of colors. The colors used are as close
to real-life elements as possible. For ele-
ments such as the menu, dark background
colors and light text colors are used.

5. Design of competencies for cognitive stim-

ulation. The main objective of this SG is to pro-
vide stimulation in the area of concentration for
people with MCI who have concentration prob-
lems; however, it can also help stimulate percep-
tion and memorization. Regarding the design of
the skills, the goal is for the person to be able
to stimulate the area of concentration by carry-
ing out an activity of identifying identical ob-
jects. The main theme of the game is for the
player to be able, in the first instance, to identify
the animal corresponding to the instruction pro-
vided and, subsequently, to identify the correct
corral thanks to this same activity. Likewise, as
mentioned above, this game can also stimulate
the area of memorization and perception, which
is carried out through the presence of short and
clear instructions that will be said only once by
voice and that will indicate to the player the order
in which the animals must be taken to the corral;
in this way, the player must read an instruction,
identify the animal that the player wants to herd,
identify the corral to which it belongs, and take
it there.

. Development of the conceptualization of

the game type. This SG is going to be a pure
progressive game; it will have an adventure genre,
and it will have an “A” rating (this means that
its content will be suitable for all audiences). It
is about a farmer who seeks to return all the an-
imals that have escaped to their respective barn-
yard; to do this, the player must herd each one
of them until none are left free. To correctly im-
plement the game play within Adventures in the
corral, heroes of the flock, the following rules and
results must be followed:

(a) Rule: The animals must be herded in the

order indicated in the instructions that will
be displayed on the screen.
Result: If the player herds the animals fol-
lowing the instructions, they can move on to
the next step, which is to attempt to lasso
the animal. Otherwise, they will not be able
to lasso the animal because it will not be ac-
tive.

(b) Rule: To herd an animal, the player must

approach it and throw a lasso by pressing
the corresponding key.
Result: For the player to activate the lasso
function, the player must be close enough to
the animal. Otherwise, even if the animal
matches the order of the instructions, the
lasso will not be able to be thrown.


http://maikron.org/jaica

Journal of Artificial Intelligence and Computing Applications (2025) 3(1)

Figure 1. Devices used for in-game interaction. The parts used for navigation (green) and selection (red)
are highlighted.

(c)

Rule: Once the animal is connected with
the lasso, the player must walk to the ani-
mal’s correct pen.

Result: If the player successfully moves the
animal close to its pen, the player will be
able to move on to the next step, which is
to put it in the pen. Otherwise, the player
will not be able to put the animal in the
pen, as the gameplay of the SG does not al-
low animals to be placed in incorrect pens.

Rule: Once the player is close enough to the
corresponding corral, the player must press
a key to release the animal and have it go
into its corral.

Result: If the player is positioned close
enough to the pen of the linked animal, the
player must press the correct key to allow
the animal to enter the pen. Otherwise, the
player will not be able to leave the animal
inside its pen.

Rule: The game will have a total of 5 lev-
els, each one with a different time limit in
seconds ranging from 300 up to 540. All an-
imals must be properly housed in their pens
within the established time limit.

Result: If all the animals are placed in their
pens within the allotted time, the game is
won; otherwise, the game is lost.

There are two ways in which a game can finish:

(a)

(b)

Option 1: The game ends when the player
has completed all five levels of the game.
Result: The player wins the game.

Option 2: When the player does not finish
putting the animals in their respective pens
in time and once the game-end screen ap-
pears, click on “Exit” the game ends.
Result: The player loses the game and can
choose to play again or exit the game.

Figure 2 presents a graphical representation of
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the elements implemented within the rules and
the corresponding results.

Player efforts.

e The game has five levels, which the player

will progress through automatically; that is,
each time they complete a level, they will
move on to the next. The difficulty of the
gameplay increases with each level.

Each time the player links an animal, the
player will receive 50 points.

Each time the player places the animal in
its corral, the player will receive 100 points.

In each level, the player can receive a max-
imum of points: 750 for levels one and two,
1050 for the third one, and 1200 and 1500
for levels fourth and fifth, respectively.

Negotiation consequences.

e Points will be used as in-game rewards,

which will increase as the player follows the
instructions.

e Celebratory sounds will be used as a reward

each time the player follows the instructions
within the game.

7. Narrative structuring.

e Story. The story is linear, and the SG

starts with the following description: “One
day, a farmer was putting all the animals on
her farm in their respective pens; however,
due to her carelessness, where the player
didn’t lock the pens, most of the animals
managed to escape. Now the farmer must
put all the escaped animals in their respec-
tive pens, and the player must do it quickly,
because if night falls and the animals are not
kept safe, they can be devoured by predators.
This is because every might, wolves come
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Figure 2. From top left, clockwise. First box: The instructions indicate grabbing the chickens, so it is
necessary to get close to them. Second box: To grab the chicken, the player must get close enough to it; in
this case, the player must be within the circle surrounding it. Third box: Once the player is close enough
and presses the correct key, the circle surrounding the chicken turns green. Fourth box: Once the chicken
is grabbed, it must be taken to its pen and a key pressed to enter it. Fifth box: Since the chicken was
taken to the correct pen and the correct key was pressed, the chicken was successfully saved, and a reward
was received.

concentration is the identification of iden-
tical objects. This activity is carried out
within the game when the farmer identi-
fies which corral the animal the player must
herd belongs to and puts it there.

down from the hills in search of food and de-
stroy everything in their path, whether ani-
mals or people.” 3.

e Character design. There are three types
of characters in the SG. The Farmer is the
main character in the story and interacts
with the animals to herd them into their
corrals. The animals (cows, pigs, sheep,
chickens, turkeys) are about to escape from
their respective holding place. And finally,
the wolves, which are predatory animals
that will appear to eat the farm animals if
the farmer doesn’t manage to get them back
into the corral in time.

8. Adaptive structuring and personalization
design.

e User profile development. No user profile
was developed for this game.

e Labeling and identifying inclusive design ap-
proaches

(a) Both the video game controller stick
and the VR Bluetooth remote con-
troller stick will be used for the
farmer’s mobility (i.e., navigation) as
well as to link the animal and place it
inside the pen (i.e., selection).

e Chapters design. The game has five dif-
ferent chapters. In each of the chapters, the
gameplay will be the same; the only dif-
ference within the chapters is the kind and
number of animals that will appear: Level
1: Chickens and wolves; Level 2: Chickens,
cows, and wolves; Level 8: Chickens, cows, (b) As for UI elements, each of them is im-
pigs, and wolves; Level 4: Chickens, cows, plemented with a considerable size.
pigs, sheep, and wolves; and Level 5: Chick- (c) Large fonts will be used to provide in-

ens, cows, pigs, sheep, turkeys, and wolves.

Labeling and evaluation of cognitive
activities. As mentioned previously, the
activity selected for cognitive stimulation of

structions within the SG.

(d) The colors used in the game will be
as similar as possible to reality, to not
confuse players within the SG.

3A video with an example of the serious game is available at https://drive.google.com/drive/folders/11_
XUmGXqgs2Poey2gtzR4VQayDylaU4E7?usp=sharing
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e Inclusion of artificial intelligence. For this
game, artificial intelligence was not in-
cluded.

9. Design of orientation and motivation
strategies.

e Tutorial design. For the development of this
SG, a video tutorial was created in which
the functionalities of the remote control are
explained. This video explains in detail and
through examples how to interact with each
of the objects within the game.

e Points and rewards system. The reward
system within this SG will be simple, with
points awarded only for specific actions.

4. Assessing Adventures in the Corral,
Heroes of the Flock

In order to assess the SG developed following the afore-
mentioned methodology and also to determine whether
it meets the objective of providing cognitive stimulation
for elderly people with mild cognitive impairment, we
carried out a usability study * as played by a group of
21 people in a community center located in the sub-
urbs of Puebla, Mexico. We asked permission from the
respective authorities, explaining the objectives of our
research. All participants signed an informed consent
before participating in this evaluation. The evaluation
was conducted in two phases. In the first phase, a total
of 12 people participated, all female, with ages rang-
ing from 61 to 83 years old, where only 16.66% of the
population had ever used video games in their lives. In
the second phase, 9 people participated, all female, with
ages ranging from 67 to 79 years old, with no previous
experience in the use of video games.

In both phases, participants were asked to sit at a
table in front of a computer. In the first phase, the play-
ers used a video game remote control for playing. In the
second phase, people had the opportunity to choose a
device for playing, either a video game remote control
or a VR Bluetooth remote control. Only two people de-
cided to use the former, and the remaining decided to
use the latter. Once the interaction began, participants
were informed that they could end the test at any time
if they felt uncomfortable. Afterwards, they were asked
to complete a short tutorial and start the game evalu-
ation. In case people had any doubts about the inter-
action within the game, the researchers who conducted
the test were allowed to interact. Likewise, every time
a good action was performed, people were praised as an
attempt to boost their confidence. Finally, every time
the players ran out of time or finished a level, they were
given the option to continue playing or end the game,
to make them feel comfortable and not to feel pressure
to continue playing, avoiding having a bad experience
while using the SG.

We designed a 17-item Likert-scale (rated from 1 to
5) questionnaire, including aspects regarding usability,
usefulness, and intention of use, to get some insights
into the users’ experience after using the SG. In partic-
ular, the questionnaire designed to assess usability was
divided into the following sections: aesthetics, learn-
ing, operability, challenge, satisfaction, design, atten-
tion, and relevance. Overall, the results of the partic-
ipants’ perception suggest a general acceptance of the
SG, with an average greater than or equal to 4.44 for
most items, as shown in Table 2. The lowest value with
regards to the relevance aspect, which suggests that par-
ticipants may prefer other forms of exercise since, for
most of them, this was the first time interacting with a
video game.

From the results presented above, we may conclude
that in general, the structure of the game was perceived
as correct, which indirectly serves to evaluate the pro-
posed methodology. No negative comments were ex-
pressed by the participants; instead, scores greater than
4 were obtained for most aspects. Furthermore, a possi-
ble explanation for the relevance aspect lower than the
4 score is the lack of previous experience of the partici-
pants in video games.

Despite the positive results obtained, there is room
for improvement for the SG (which also applies to the
methodology) according to the feedback provided by the
participants in the evaluation. This is summarized in
the following recommendations:

e Paying attention to the duration of the
game. When designing activities, consider that
participants with mild cognitive impairment may
perform less well than healthy participants. An
ideal scenario is that real patients evaluate the
game, but when this is not possible, it is sug-
gested to measure the time it takes a healthy sub-
ject to perform the activity and then multiply it
by 3 times, trying to ensure that they have time
enough to perform the activity.

e Settings of the device for interacting with
the game. The movement speed for the charac-
ters must be lower than in a regular video game,
since this can cause the elements to move very
quickly, confusing the users.

e Using levels. When the SG includes levels, in-
stead of continuously implementing them, adjust
them within a main menu or within the user pro-
file to make browsing easier.

e Size of the landscape. When the SG map is
large, it is important to ensure that the player
sees all the elements s/he will be interacting with
from the start, in order to facilitate interaction
with the game.

4No clinical trials were conducted in this study, as it is an initial phase of evaluation. Rigorous clinical evaluations are

planned for future phases.
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Table 2. Results of the usability study for phase 1 (E1) and phase 2 (E2).

Aspect E1 E2 Related questions
Aesthetics n > 4.58 n > 4.44 “The elements that appear are pleasant and similar to reality.”
SD <062 SD=0.5 “The letters, their size and the colors seemed adequate to me.”
Learnin n =4.58 n =444 “It f tol to play.”
& 9D —049 SD—0.63 was easy for me to learn to play.
. n > 4.58 n > 4.44 “The rules of the game were clear and concise.”
Operability i ) )
SD <05 SD <0.68 “The tutorial kept me from making mistakes.”
>4.2 =4.44 “T s di jate.”
Challenge n > ) n he game’s dZJ‘%c.ulty was' appropmaée
SD <0.60 SD=0.5 “The pace of the missions varied appropriately.”
. . n > 4.58 n > 4.44 “I managed to overcome the obstacles and advance in the game.”
Satisfaction . ) .
SD <049 SD<0.5 “T feel satisfied with the exercise I completed.”
n =4.25 n=4.44
D 31 113 . ”
esign SD =060 SD=05 Some elements of the game made me laugh
. n > 4.17 n > 4.00 “I was so focused on the game that I lost track of time. ”
Attention . . )
SD <128 SD <1.29 “I forgot about my surroundings while playing.”
n = 3.50 n = 3.67 » _ . . . »
Relevance SD =132 SD — 149 I prefer to exercise with this game than with other forms

5. Conclusions

This paper presents a methodology for the design of se-
rious games for cognitive stimulation of elderly people
with mild cognitive impairment. Despite the growing
interest in the use of computers for rehabilitation pur-
poses, there is a lack of standard methodologies guiding
the process of developing serious games for this pur-
pose. We propose a set of steps that can help people
involved in such a process to consider different aspects,
ranging from stylistic design to the activities to be per-
formed by patients. In addition, we developed a serious
game following the proposed methodology. This game
was evaluated by a group of elderly people, who inter-
acted with it and then answered a usability question-
naire regarding their satisfaction with the game. The
results obtained in usability evaluation show good levels
of satisfaction, which gives evidence that the method-
ological approach presented helps in the development of
effective and motivating serious games for this specific
target population. As future work, we are interested in
evaluating the usefulness of the proposed methodology
from the perspective of software developers.
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ABSTRACT

Academic burnout is a growing concern in higher education, characterized by emotional exhaustion,
cynicism, and a reduced sense of accomplishment. In contrast, academic engagement — defined as a
positive, energetic, and committed state toward learning — has been identified as a protective factor and
even an antidote to burnout. While most studies in this area have focused either on theoretical model
development or on validating measurement instruments, few address both simultaneously. Moreover,
research using Structural Equation Modeling (SEM) has predominantly been conducted in Europe and
the United States, leaving Latin American contexts underexplored. A literature review revealed only
nine studies on academic burnout in Mexico, underscoring the need for further investigation in the
region. This study aims to bridge that gap by validating adapted versions of the Maslach Burnout
Inventory-Student Survey (MBI-SS) and the School Engagement Measure, and by developing a SEM
to examine how academic engagement influences burnout levels among students at a public university
in northern Mexico. The findings are expected to contribute to the understanding of student well-being
in Latin America and to offer validated tools for measuring and addressing academic burnout.

Keywords: burnout syndrome, academic engagement, structural equation model

1. Introduction the educational field, particularly among university stu-
dents [4]. In this setting, the condition has evolved to
describe a stress response marked by negative attitudes
and feelings towards school and the role of the student

Although students are not legally considered em-
ployees, from a psychological standpoint, their academic
activities can reasonably be regarded as a form of work.
The primary distinction between formal employment
and academic activity lies in the absence of a direct
monetary exchange. However, this difference may be at-

Burnout syndrome has its origins in the medical field
[1]. However, today it has impacted several other con-
texts, so much so that the World Health Organization
(WHO) included it in its International Classification of
Diseases (ICD-11) in 2019 [2]. Originally defined within
the context of healthcare professions, burnout was char-
acterized as a combination of chronic emotional exhaus-
tion, fatigue, and depersonalization toward patients [3].
Academic burnout has become an increasing concern in
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tenuated by the fact that students often maintain an ac-
tive relationship with educational institutions and may
receive financial support such as scholarships. Addi-
tionally, students are frequently exposed to performance
pressure and demanding academic environments, both
of which have been linked to declines in physical and
mental health [5].

In contrast, engagement has emerged as a key con-
struct for understanding the student experience, partic-
ularly in relation to academic performance, well-being,
and retention. It is defined as a positive emotional
state characterized by energy, dedication, and active
involvement in academic activities [6]. Unlike burnout
— marked by exhaustion, cynicism, and depersonaliza-
tion — engagement is considered its positive counterpart
and even a potential antidote [7]. Engagement com-
prises emotional, cognitive, and behavioral dimensions,
reflecting the student’s connection to their learning en-
vironment, academic tasks, peers, and instructors [§].
This commitment is shaped by individual factors such
as self-efficacy, self-esteem, and positive emotions, as
well as contextual elements including the quality of the
university environment, academic workload, and time
devoted to extracurricular activities [7, 6].

Numerous studies have shown that academic
burnout and engagement are closely related, yet of-
ten opposing, constructs within the educational context
[4, 9]. While burnout is characterized by emotional ex-
haustion, cynicism, and a diminished sense of personal
accomplishment, engagement is associated with vigor,
dedication, and deep absorption in academic activities
[6, 4]. However, the relationship between burnout and
engagement is not strictly dichotomous; rather, it may
reflect a continuum in which students can experience
elements of both to varying degrees.

Building on the preceding discussion, the main ob-
jective of this study is to examine the relationship
between academic engagement and academic burnout
among university students in northern Mexico. To this
end, Partial Least Squares Structural Equation Mod-
eling (PLS-SEM) is used to analyze the influence of
emotional, cognitive, and behavioral engagement on
burnout dimensions, namely emotional exhaustion, cyn-
icism, and reduced academic efficacy. The remainder
of the paper is structured as follows: the next section
presents the literature review; Section 3 describes the
materials and methods; Sections 4 and 5 discuss the
results and provide the conclusions, respectively.

2. Literature review

Academic burnout has become a growing concern in ed-
ucational settings (see Table 1), particularly in countries
like China, where its prevalence among high school stu-
dents has prompted research using the Job Demands-
Resources (JD-R) model. This model helps explain how
academic workload, teacher relationships, and personal
resources (e.g., self-efficacy, self-esteem, optimism) con-
tribute to either the development or prevention of
burnout through protective factors [10].
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The most widely used instrument to assess academic
burnout is the Maslach Burnout Inventory-Student
Survey (MBI-SS), a student adapted version of the
MBI-General Survey. It includes 15 items measuring
emotional exhaustion, cynicism, and personal efficacy
11, 12].

Recent studies have explored the relationship be-
tween burnout, academic engagement, and affective
traits such as attachment. High attachment-related
anxiety has been shown to reduce academic engagement
and increase burnout symptoms, which may influence
students’ decisions to persist or drop out of their stud-
ies [13]. While engagement is positively associated with
academic performance and satisfaction, burnout is more
strongly linked to dropout intentions.

Despite its importance, research on engagement
faces methodological challenges, including overreliance
on self-reported data and limited focus on outcomes.
Scholars have called for more diverse methodologies, in-
cluding observational approaches and culturally varied
samples [8]. For example, a study with German uni-
versity students found that 6.7% exhibited both high
engagement and high burnout, suggesting a more com-
plex relationship than previously assumed [7].

Cross-cultural studies in Finland [4], Spain [6],
Canada [13], India, and Romania [9] consistently sup-
port a negative correlation between burnout and en-
gagement. These findings highlight the potential of
fostering academic engagement as a strategy to reduce
burnout and improve student retention.

3. Materials and methods

This research utilizes the PLS-SEM technique to esti-
mate and validate a causal model composed of latent
variables. PLS-SEM focuses on maximizing the ex-
plained variance in endogenous constructs and is par-
ticularly suitable for complex models, non-normal data,
and theory development contexts [20, 21].

3.1 Model specification

Let & = [€1,&a,...,&)] " denote the vector of exogenous
latent variables and = [11,72,...,m,4]" denote the
vector of endogenous latent variables. The structural
model is represented as:
n=Bn+T§{+(¢ (1)
where B is a g X ¢ matrix of path coefficients among en-
dogenous constructs (excluding diagonal elements), T is
a ¢ X p matrix representing the influence of exogenous
constructs on endogenous constructs, and ¢ is a vector
of structural disturbances.
For reflective measurement models:

X = AZ£ + 5, (2)
where x and y are vectors of observed indicators, A,
and A, are loading matrices, and é and € are measure-
ment errors.

y=Ayn+e
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Table 1. Related work comparison.

Variables Approach . . Sample Sampling
Authors Instrument Dependent Independent Validation Model Method Population Region size technique
Yavus & . , Confirmatory L
Dogan MBI-SS Academic Student’s X factor High schaol Turkiye 1020 Not specified
. burnout characteristics . students
(2014)[14] analysis
SES with
Veiga et. al Four- Confirmatory High school or .
(2016)[15] Dimensional Engagement N/A X factor analysis Students Portugal 085 Convenience
Scale
Hederich-
Martinez & Academic
Caballero- MBI-SS N N/A X Factor analysis Students Colombia 820 Not specified
. burnout
Dominguez
(2016) [11]
Grilo et. al. Precursors of Academic Behavioral PR Student . . o . .
(2019) [5] burnout burnout stress PLS-SEM volunteers Arizona, USA 374 Jonvenence
. Psychological capital, . . .
Virga et al. PysCap, UWES-S § o . i Qg University India and .
(2020) [9] MBLSS, UBOS Engagement academic performance, PLS-SEM students Romania 420 Convenience
and boredom
Achievement
De la Fuente AEQ, EEC-Short Engagement emotions, f??}ti{;ﬂd Students Spai 642 Convenience
et. al.(2020)[6] MBL-SS,UWE & burnout coping ogistic uden pain sonvemien
. regression
mechanisms
Brubaker Perceived stress, . .
et. al. :x’flSMFI;SI%IS burnout levels, Intervention gu)?rliimen tal i\:zg:;zls Ohio, USA 57 Convenience
(2020) (3] ) and sleep quality ~ !
Bumbacco and EDA and Engagement and Quahta?we First year )
Schafre SBI academic brrnout Attachment correlational college Canada 290 Intencional
(2020)[13] study students
Kiema-Junes . . .
et. al. oW I?S_S and Burnout and SCI%-pCIC? ived Linear regression Students Finland 351 Not specified
SBI-9 engagement social skills
(2020)[4]
Academic
Smith & Connor Resilience burnout Undergraduate
Emerson GHQ-12 dnd 1\[]/31—,§§ and Resilience SEM accounting USA 443 Convenience
(2021) [16] i e psychological students
distress
workload,
academic demands,
Teuber et. al. QARCA-C and academic teacher- High school . .
(2021)[10] MBI-SS burnout student SEM students China 1083 Not specified
relationships
and optimism
Reyna- . . N PR
Castillo ct al.  MBLSS and EMEDQ - -cademic Sociodemographic X PLS-SEM Students Mexico and 235 Convenience
burnout antecedents Colombia
(2022)[17]
Fiorilli et al. Burnout Gender and
(2022) [18] BAT-C-Short Burnout employment status MANOVA Students Ttaly 494 Snowball
Work overload SEM
Olson et. al. UWES-S 9 and Engagement and and Re r;«ion University Germany 3451 Convenience
(2023) [7] MBI-SS student burnout academic BLess students rany ° T
I analysis
satisfaction
Higher Education
Gutu et al. Instrument made Level of digitalization and o . . o o
(2024) [19] by the authors engagement academic PLS-SEM Students Romania 2272 Not specified
leadership
Higher
This work MBI-SS and PLS-SEM and education
(2&5) School Engagement Academic burnout  Academic engagement X Confirmatory students, Mexico 552 Convenience
Measure-MacArthur factor analysis anonymous and
voluntary
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For formative constructs:

E=W/x, =W,y (3)

where W, and W, are weight matrices estimated to
maximize the R? of the endogenous latent constructs.
3.2 Estimation procedure

PLS-SEM was performed using SmartPLS (v4.1), em-
ploying a three-stage iterative algorithm:

1. Initial approximation of latent variable scores
based on proxies,

2. Estimation of inner model relationships using
weighted least squares,

3. Update of weights and loadings until convergence
is achieved.

Bootstrapping with 5,000 subsamples was used to
assess the significance of path coefficients and measure-
ment parameters.

3.3 Measurement model evaluation

For reflective indicators, the following criteria were
used:

e Indicator reliability: Outer loadings A; > 0.70

e Internal consistency: Composite reliability (CR)

>0.70
e Convergent validity: Average Variance Extracted
(AVE) > 0.50
1k
AVE = >N (4)
i=1

For formative constructs, multicollinearity was as-
sessed via Variance Inflation Factor (VIF), ensuring VIF
< 5, and significance of outer weights was tested using
bootstrapped t-statistics.

3.4 Structural model evaluation

The structural model was evaluated through:

e Coefficient of determination (R?) for endogenous
constructs,

e Effect size (f?) for each path:

2 2
Rincluded — Rexcluded
1— R?

included

= (5)

e Predictive relevance (Q?) using the blindfolding
procedure,

e Model fit using Standardized Root Mean Square
Residual (SRMR), with threshold < 0.08.

52

3.5 Mediation and multigroup analysis

Mediation effects were examined by calculating the
product of coefficients (8., = 5, - Bp), and significance
was tested via bootstrapped confidence intervals. Multi-
group analysis (PLS-MGA) was conducted to explore
differences in path coefficients across predefined sub-
groups using non-parametric techniques.

4. Participants and procedure

The study focused on students from a public university
in Northern Mexico. A sample of size n = 552 stu-
dents was collected, with 343 identifying as women, 202
as men, and only 7 as non-binary, representing 62.1%,
36.5%, and 1.3%, respectively. The average age was 19
years with a standard deviation of & 5.4 years. The sam-
ple was obtained using a convenience sampling method.
Participation was anonymous and voluntary; however,
participants were given the option to register an email
address if they wished to receive their results. To col-
lect the information, assistance from specific teachers
was requested, as well as support from the university
tutoring department and the official announcements de-
partment.

4.1 Instruments and their validation

MBI - Student Survey [11] and School Engagement Mea-
sure - MacArthur [22] were adapted and used for this
work. They were also validated by calculating the Cron-
bach’s alpha coefficient [23]. Then we conducted an ex-
ploratory factor analysis (EFA) as suggested [24].

MBI - student survey

To determine levels of burnout, a translated and
adapted version of the MBI-SS [11] was used. This
questionnaire consists of six items measuring academic
personal efficacy (e.g., “I can effectively solve problems
related to my field of study.”), five items measuring
emotional exhaustion (e.g., “The academic activities in
my field have left me emotionally drained.”), and four
items measuring cynicism (e.g., “I have become dis-
tanced from my field of study because I think it will
not be useful for my professional development.”).

The results in Table 2a show that all Cronbach’s al-
pha values exceed 0.70, indicating that the items exhibit
good reliability to measuring each factor [25]. On the
other hand, Table 2b reports a KMO value of 0.89 and a
p — value of 0.001 in Bartlett’s test [26], which suggests
that applying an EFA is appropriate. Table 3 presents
the factor loadings of the questionnaire items where ago
refers to emotional exhaustion items, cin refers to cyn-
icism items and, efi refers to academic efficacy items,
with its associated number of item. It can be seen that
all the items have satisfactory loadings, exceeding 0.40.
Item cinj shows loadings in two factors, and only item
efi5 did not load significantly on any factor. These re-
sults confirm that the items appropriately measure the
theoretical factors proposed in the MBI-SS and that the
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Table 2. Results to Cronbach’s alpha and the exploratory factor analysis for the MBI-SS.

(a) Cronbach’s alpha coefficients for each

factor in the MBI-SS.

(b) Results from the exploratory factor analysis
(EFA) for the MBI-SS.

Factor Cronbach’s Alpha
Exhaustion (ago) 0.8602
Efficacy (efi) 0.7792
Cynicism (cin) 0.8404

Statistic Value
KMO Overall 0.89
Bartlett’s Test x?2 3436.32 (p < 0.001)
Total variance explained 51%

RMSR 0.02
RMSEA (90% CI) 0.043 (0.033, 0.054)
Tucker-Lewis Index (TLI) 0.967

Table 3. Factor loadings for the MBI-SS.

Item — agol ago2 ago8 ago4d agobs cinl cin2 cind cing efil efi2 efi4 efib
-Emotional = . 65 072 081 0.70 0.47

exhaustion

~Personal 0.56 0.72 0.72 0.73
efficacy

-Cynicism 0.64 0.65 0.77 0.61

instrument can be reliably used for this purpose.

School engagement measure - MacArthur

Regarding academic engagement, a translation and
adaptation of the MacArthur School Engagement Mea-
sure (SEM-MacArthur) was also carried out [22]. This
questionnaire consists of five items measuring behav-
ioral engagement (e.g. “I follow the rules at my fac-
ulty”), six items measuring emotional engagement (e.g.,
“T feel happy about the work I have to do”), and eight
items assessing cognitive engagement (e.g., “I review my
activities and school attitude for mistakes”).

Table 4a shows that the emotional and cognitive fac-
tor scores exceed the required threshold of 0.70. Only
the behavioral factor falls below this threshold (0.67).
However, when item com2 corresponding to this factor
is removed, the coefficient increases to 0.71, suggesting
that this item presents internal consistency issues and
must be eliminated. Furthermore, the results in Table
4b show a KMO value of 0.90 and a significant result
in Bartlett’s sphericity test (p < 0.001), indicating that
the conduct of an EFA is appropriate. Finally, Table 5
shows that the vast majority of questionnaire items load
exclusively onto a single factor, only the items “com2”
and “efi6” did not exhibit adequate loadings during the
exploratory factor analysis (EFA), leading to their re-
moval from the instrument. As a result, the final ver-
sion of the scale includes 17 of the 19 items originally
proposed.

Overall, these findings provide strong empirical sup-
port for the validity and reliability of the School En-
gagement Measure in the studied sample. The in-

strument demonstrates adequate internal consistency,
a well-defined factor structure, and appropriate condi-
tions for the application of exploratory factor analysis,
thus confirming its suitability for assessing academic en-
gagement in this context.

5. Results and discussion

Two key constructs emerge from the Structural Equa-
tion Modeling (SEM) proposed: academic engagement
and academic burnout, which are discussed in the fol-
lowing subsections.

5.1 Academic burnout

Regarding academic burnout, it is composed of three
factors: academic personal efficacy, emotional exhaus-
tion, and cynicism. Given the number of items and the
fact that all MBI-SS questions use a Likert scale from
0 to 6, theoretical maximum scores for efficacy, exhaus-
tion, and cynicism would be 36, 30, and 24 points, re-
spectively. Table 6 presents the descriptive statistics
obtained from the university student sample.

For the personal academic efficacy factor, the stu-
dents reported a mean score of 26.45 points and a me-
dian of 28 points, with a standard deviation of approx-
imately 7 points. This suggests that most university
students perceive themselves as highly effective in their
academic activities. In contrast, the emotional exhaus-
tion factor showed a mean of 17.78 and a median of 19,
with a standard deviation of 7.86, indicating that stu-
dents are moderately emotionally exhausted, although
with considerable variability. Finally, the cynicism fac-
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Table 4. Results to Cronbach’s alpha and the exploratory factor analysis for the MBI-SS.

(b) Results from the exploratory factor analysis for the
School Engagement Measure.

(a) Cronbach’s alpha coefficients for
each factor in SEM-MacArthur.

Factor Cronbach’s Alpha Statistic Result
Behavioral (com) 0.6703 KMO Overall 0.90
Emotional (emo) 0.8970 Bartlett’s Test x?2 4007.16 (p < 0.001)
Cognitive (cog) 0.8261 Total variance explained 45%
RMSR 0.03
RMSEA (90% CI) 0.044 (0.036, 0.052)
Tucker-Lewis Index (TLI) 0.952

Table 5. Factor loadings for the School Engagement Measure.

Item — coml com2 com8 com4 comd emol emoZ2 emo3 emo4 emod emob
-Behavioral 0.47 0.65 0.65 0.49

-Emotional 0.82 0.73  0.72 0.69  0.83

Item — cogl cog2  cog3  cog4 cogb  cogb  cog7  cog8

-Cognitive 052 059 061 072 078 059 046 047

Table 6. Descriptive statistics of the factors in MBI-SS.

Frequency

Factor Efficacy Exhaustion Cynicism
Ttems 6 5 4
Mean 26.45 17.78 6.48
Median 28 19 4.5
Standard deviation 7.02 7.86 6.51
Skew -0.88 -0.33 0.97
Kurtosis 0.23 -0.89 0
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Figure 1. Histograms of the factors Efficacy, Exhaustion and Cynicism in students.
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tor revealed a mean of 6.48 and a median of 4.5, ac-
companied by a standard deviation of 6.51. Although
these results imply that most students exhibit low lev-
els of cynicism, the relatively high standard deviation
suggests that a smaller subgroup reports significantly
higher levels of cynicism, as we can see in Figure 1.

Figure 1 displays the histograms of the score distri-
butions for each factor of MBI-SS. It is visually evident
and supported by the skewness and kurtosis values in
Table 6 that none of the factors follows a normal distri-
bution. Therefore, all group comparisons will be con-
ducted using nonparametric tests.

Regarding academic burnout, the literature (Sec-
tion 2) indicates that, for a student to be considered
to experience a severe and significant level of burnout,
three criteria must be met: low academic efficacy, high
emotional exhaustion, and high cynicism. However,
the syndrome may also be present in moderate or mild
forms when one or two of these conditions are observed.
In contrast, a student is considered free of academic
burnout when they exhibit high levels of academic effi-
cacy along with low levels of cynicism and emotional ex-
haustion. In this regard, Figure 2 illustrates the levels of
academic burnout in the student sample from the Uni-
versidad Autonoma de Coahuila. Based on the criteria
mentioned above, almost half of the students (47.6%)
exhibit some level of academic burnout. In addition,
at least 1 in 4 students (28.1%) show moderate to high
levels of burnout syndrome, which puts them at risk of
experiencing its negative consequences.

5.2 Academic engagement

Academic engagement is composed of three factors: be-
havioral engagement, cognitive engagement, and emo-
tional engagement. It is important to note that the
response scale for this questionnaire was a Likert-type
scale ranging from 1 to 5. Theoretical maximum scores
for each dimension are 25, 40, and 30, respectively. Ta-
ble 7 presents the descriptive statistics for the academic
engagement factors observed in the university student
sample.

Table 7 reports that the behavioral engagement fac-
tor has a mean of 16.4, a median of 17, and a standard
deviation of 2.38. These results suggest a high level
of behavioral engagement with low variability, indicat-
ing consistency across responses. The negative skew-
ness suggests a higher concentration of students scoring
above the mean in this dimension. For the cognitive en-
gagement factor, the mean score of 25.69 and median of
25.5 indicate a moderately high level of engagement.
However, the standard deviation of 6 points reflects
greater variability in responses compared to the other
two dimensions, suggesting a broader range of cognitive
involvement among students. Regarding emotional en-
gagement, the mean of 20.38 and median of 20 indicate
comparatively higher levels relative to the other factors.
The standard deviation of 4 points denotes moderate
dispersion, while a skewness value of -0.14 suggests a
slight leftward asymmetry, implying that higher scores
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are more frequent.

In summary, all three academic engagement fac-
tors exhibit left skewed or near symmetric distributions,
with overall scores clustering in the moderate-to-high
range. This indicates that the majority of students in
the sample demonstrate medium to high levels of aca-
demic engagement. This trend is also observable in Fig-
ure 3.

5.3 The SEM of academic burnout and aca-
demic engagement

Figure 4 presents the proposed model, which follows
a hierarchical structure. In this model, the factors Be-
havioral, Cognitive, and Emotional operate sequentially
to explain the higher-order construct of Academic En-
gagement, which in turn negatively predicts Academic
Burnout, a second-order construct composed of per-
sonal efficacy, exhaustion, and cynicism.

First, the model indicates that students who pay
attention in class, complete assignments on time, and
remain focused during school hours are more likely to
exhibit stronger cognitive engagement (8 = 0.524, p <
0.001). This suggests that adherence to academic norms
and personal responsibility enhances students’ willing-
ness to engage in deeper, reflective academic processes.

Furthermore, the cognitive engagement factor,
which includes behaviors such as studying outside of
class, reading supplementary materials, and discussing
academic topics with others, exerts a significant positive
effect on emotional engagement (8 = 0.417, p < 0.001).
This implies that students who invest in constructing
knowledge beyond assigned tasks are also more likely
to experience positive emotions in their academic life,
such as satisfaction, interest, and enjoyment.

Finally, emotional engagement significantly reduces
academic burnout levels (8 = —0.871, p < 0.001).
Specifically, students who report feeling happy, moti-
vated, and satisfied with their academic activities tend
to show lower levels of cynicism and exhaustion, and
higher levels of personal efficacy.

These findings support the hypothesis that affective
well-being within the university environment serves as
a key protective factor against the psychological strain
associated with academic demands.

5.83.1 The SEM comparison between gender and
semester

Regarding the potential differences between the groups
analyzed in this study, a multigroup analysis (MGA)
was conducted using the SEMinR package in R [27].
This approach allows for the comparison of structural
equation models (SEMs) across different groups to iden-
tify statistically significant differences. In this case, Ta-
ble 8 presents the results of the MGA comparing gender
(209 males vs. 343 females) and semester (360 students
before their fifth semester vs. 192 students in their fifth
semester or later).

For the gender comparison, the overall estimate
mean (0.0231) is relatively small, and while the beta
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Figure 2. Levels of academic burnout in the university sample.

Table 7. Descriptive statistics of the factors in the School Engagement Measure.

Factor Behavioral Cognitive Emotional
Ttems 4 8 6
Mean 16.43 25.69 20.38
Median 17 25.5 20
Standard deviation 2.38 6.03 4
Skew -0.58 -0.02 -0.14
Kurtosis -0.01 -0.11 -0.5
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Figure 4. Levels of academic burnout in the university sample.

coefficient for male students (0.0290) is slightly higher
than that for female students (0.0186), this difference
is not substantial within the context of the model. The
average p-value of 0.4801 indicates that, overall, the dif-
ferences between the SEMs for male and female students
are not statistically significant in this context.

For the comparison between the early and late
semesters, Table 8 shows that the estimated mean
(0.0231) is similar to that observed in the gender com-
parison, indicating that the average difference between
these two semester groups is also small. Students in
the first semesters (0.0230) exhibit a slightly weaker
structural relationship compared to those in the later
semesters (0.0465), suggesting a change in academic dy-
namics as students progress through their studies. How-
ever, the p — values for this comparison confirms that
there is no significant statistical evidence to support
meaningful differences in the SEM relationships across
these two groups. In other words, although students in
higher semesters tend to exhibit slightly stronger effects,
these differences are not statistically significant.

6. SEM & Al

This research, which focuses on analyzing academic
burnout and engagement through SEM, can be enriched
by incorporating artificial intelligence (AI)-based tools
from both theoretical and practical perspectives. Two
complementary approaches emerge from recent studies
on intelligent technology adoption: the use of auto-
mated care systems in digital health [28] and the ap-
plication of smart technologies in tourism experiences
enhanced by augmented reality [29].

First, AI can be conceived as a key component
in the development of adaptive dashboards for per-
sonalized academic support, inspired by digital medi-
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cal platforms such as “eDoctor apps”. These systems
could be integrated with data collected via the MBI-
SS and SEM-MacArthur instruments, generating a dy-
namic psychoeducational profile for each student. This
profile would enable real-time monitoring of latent vari-
ables such as academic efficacy, emotional exhaustion,
and cynicism—core constructs in our academic burnout
model. The descriptive and structural analyses in this
study revealed that students with higher engagement
levels report significantly lower exhaustion and cyni-
cism. Consequently, an Al-enhanced platform that op-
timizes these factors through personalized interventions
could serve as a preventive tool, especially beneficial for
institutions managing large student cohorts with lim-
ited human resources. Second, following Namahoot’s
proposal [29], the adaptation of Al-based “smart as-
sistant” models—similar to virtual tourist guides—to
academic contexts is proposed. In this setting, these
assistants would serve as “cognitive and emotional tu-
tors”, supporting students throughout their academic
journeys. Such emotional support would be particu-
larly valuable for students reporting low efficacy or high
cynicism, clearly identifiable segments in our structural
model.

Both proposals position artificial intelligence as a
mediating technology that, beyond its informational
role, plays an active part in promoting academic well-
being. Future research should evaluate the technical
feasibility and user acceptance of such resources among
students and faculty, incorporating variables such as at-
titude toward AI, intention to use, and perceived use-
fulness into extended SEM models. This would enable
the development of evidence-based intervention path-
ways that foster ethical and personalized use of Al in
higher education environments.
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Table 8. MGA results comparing gender and semester.

Group Estimate mean S-group 1 [-group 2 p-value p-value min
Male vs. Female 0.0231 0.0290 0.0186 0.4801 0.3002
First  wvs. Last 0.0231 0.0230 0.0465 0.5222 0.0837
semesters

7. Conclusions and future work

This study examined the structural relationships be-
tween academic engagement and academic burnout
among university students in Northern Mexico, using
a second-order PLS-SEM. By conceptualizing academic
engagement through its behavioral, cognitive and emo-
tional dimensions, and academic burnout through emo-
tional exhaustion, cynicism, and reduced academic ef-
ficacy, the model explained a substantial 75.9% of the
variance in burnout. The results provide compelling
evidence for the protective effect of emotional engage-
ment against burnout, as demonstrated by the strong
negative path coefficient (8 = —0.871; 95% CI [—0.903,
—0.843]) linking emotional engagement with burnout
levels.

The findings corroborate theoretical models such as
the JD-R and Conservation of Resources (COR) frame-
works, suggesting that emotionally invested students ex-
hibit lower susceptibility to burnout [10], [9]. Notably,
cognitive engagement emerged as a positive antecedent
of emotional engagement, indicating that students who
go beyond basic academic requirements—by reflecting
critically and engaging in peer discussions—also tend to
report more positive academic emotions. These insights
align with prior research emphasizing the mediating role
of engagement in the relationship between personal re-
sources (e.g., psychological capital) and burnout [13],
(71, 19]-

Multigroup analysis revealed no statistically signif-
icant differences across gender or semester level, sug-
gesting the robustness of the model across demographic
subgroups. However, the absence of significant modera-
tion by these variables opens the door for future explo-
ration of alternative moderators, such as socioeconomic
status, attachment style, psychological capital, and in-
stitutional support systems.

In practical terms, the structural model validated
in this study provides a foundation for future work.
Pertinent research efforts may focus on operationaliz-
ing these findings through the development of predic-
tive models—such as binary or ordinal logistic regres-
sion—to classify students at risk of burnout based on
engagement profiles. Furthermore, longitudinal studies
are recommended to capture the dynamic evolution of
burnout and engagement over time, as cross-sectional
designs may obscure causal inferences.

Additionally, the implementation of targeted in-
terventions aimed at fostering emotional engage-
ment—such as mentorship programs, positive psychol-
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ogy training, or resilience workshops—should be prior-
itized and empirically evaluated within Mexican uni-
versities. These initiatives are particularly relevant in
the context of Mexico’s ongoing educational transforma-
tion, where digitalization and shifting pedagogical mod-
els are altering traditional student-instructor dynamics.
Institutional support for these programs is essential, as
engagement can be significantly disrupted by socioeco-
nomic disparities, limited student services, and incon-
sistent technological infrastructure—challenges that are
especially salient in public universities across the coun-
try.

For higher education practitioners and decision-
makers in the Mexican education system, the results
of this study offer actionable insights for designing poli-
cies and allocating resources to strengthen protective
factors against academic burnout. The validated SEM
framework not only deepens theoretical understanding
but also enables predictive diagnostics that can be em-
bedded into institutional early-alert systems. By identi-
fying students at risk through engagement profiles, uni-
versities can deliver timely, data-driven interventions,
thereby enhancing student retention, academic success,
and psychological well-being. In a national context
where dropout rates and mental health issues are press-
ing concerns, these findings provide a critical roadmap
for implementing evidence-based strategies that pro-
mote both educational quality and equity. Thus, this
research directly aligns with Mexico’s educational pol-
icy goals of improving inclusion, academic performance,
and long-term student development.
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