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Foreword 

 

Dear Readers, Contributors, and Colleagues, 

 

It is with great pleasure that I introduce Volume 4, 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, interdisciplinary, 

and socially meaningful domains. 

A notable feature of this issue is its strong emphasis on the use of artificial intelligence 

to address complex human and societal challenges. Several contributions focus on 

mental health and well-being, including the detection of suicidal ideation through 

machine learning and the assessment of purpose in life among university students 

using a contextual and data-driven approach. These articles reflect the growing 

importance of AI-supported tools for understanding psychological risk, contextual 

opportunity, and student well-being, while also emphasizing that artificial intelligence 

should complement, rather than replace, human judgment, care, and institutional 

responsibility. 

This issue also broadens the scope of JAICA by including short narrative reviews that 

examine emerging applications and challenges of artificial intelligence across 

different fields. One article analyzes the current role of AI in cyberattacks, 

highlighting both the defensive and offensive implications of intelligent systems in 

cybersecurity. Another explores the automated generation of multiple-choice 

questions using large language models, with particular attention to soft skills 

development and the need for expert validation. A further contribution reviews the 

application of LSTM models and recurrent neural networks in flood detection using 

satellite imagery, situating AI within the urgent context of environmental monitoring 

and hydrometeorological risk management. 

Taken together, the articles in this issue illustrate the breadth of contemporary applied 

AI research. They show how artificial intelligence can support mental health 

screening, educational innovation, cybersecurity analysis, and environmental risk 

detection, while also reminding us of the methodological, ethical, and social 

responsibilities that accompany these technologies. 

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. 



ii 
 

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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Research article

Purpose in life assessment with artificial intelligence: a
contextual approach to mental health in university students

Guillermo Alfredo Arrioja-Carrera 1,*, Eduardo Roldán-Reyes 1, Pedro Humberto Velázquez-
Morales 2, and Vı́ctor Méndez-Garćıa 1

1Tecnológico Nacional de México - Tecnológico de Orizaba
2Universidad Veracruzana

A B S T R A C T

The Purpose in Life Questionnaire (PIL) assesses life purpose and its connection to depression, anx-
iety and other mental disorders. This exploratory, longitudinal study investigates the sense of life
purpose among 114 university students from three institutions in Mexico, using the PIL and 18 addi-
tional context-based questions. These extra items were grouped into a Contextual Opportunity Index
consisting of four dimensions: demographics, academic-cultural background, access to public-private
services, and lifestyle. Results show that 57% of participants reported a defined life purpose, 26.3%
experienced existential uncertainty, and 16.7% showed signs of an existential void. The lifestyle di-
mension showed the strongest correlation with life purpose—particularly “nuclear family situation” (r
= 0.431, p < 0.000001) and “structured vacation time” (r = 0.263, p = 0.005). Predictive modeling
using Naive Bayes and Decision Tree classifiers revealed that students’ attitudes toward death accep-
tance, heavily influenced final PIL scores. Additionally, the dimensions Access to private services and
Demography variables were linked to a higher PIL score. These findings suggest that both internal
and contextual factors contribute to students’ psychological well-being and life meaning.

Keywords: purpose in life, predictive modeling, mental health

1. Introduction

Mental health plays a crucial role in the development
of college students. The World Health Organization de-
fines mental health as “a state of well-being in which in-
dividuals are fully aware of their abilities, can cope with
the normal stresses of life, work productively, and con-
tribute actively to their communities” [1]. Nevertheless,
this integral definition of mental health is constantly
challenged by the increase of mental disorders in young
adults.

In Mexico, the prevalence of mental disorders has
increased significantly in recent decades. The Gac-
eta Médica de México, reported in 2021 that 18.1 mil-

lion people suffered from some form of mental disor-
der that year, reflecting a 15.4% increase compared to
2019. This phenomenon is especially pronounced among
young adults aged 20 to 29, particularly vulnerable to
conditions such as anxiety and depression. According
to the Mexican Observatory of Mental Health and Ad-
dictions [2], in this age group, anxiety affects 23% of
women and 19.9% of men.

Regarding depression, nearly 3.6 million Mexican
adults reported suffering from it in 2021, with 1% of
cases being cataloged as severe enough to require spe-
cialized care. The Mexican National Survey of Self-
Reported Well-Being [3] reported depressive symptoms
in 15.4% of adults, with a higher prevalence among
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women (19.5%) than men. The COVID-19 pandemic
exacerbated this situation, by 2020, 28% of the adult
population exhibited symptoms of depression, showing
a strong upward trend compared to previous years. Sur-
veys conducted during the pandemic indicated that 64%
of adolescents and 71% of young people showed depres-
sive traits. This deterioration highlighted the structural
limitations of psychological and psychiatric care in the
country. Especially considering that only one in five
individuals with mental disorders receives timely treat-
ment, while 75% of severe cases go untreated [4].

The Mexican National Health and Nutrition Survey
in 2021 emphasized that young people aged 18 to 29
are particularly vulnerable to experiencing existential
voids, hopelessness, and risk behaviors [5]. Research
by Hernández-Torrano et al. [6] reveals that a low
sense of life purpose and lack of defined personal goals
are associated with higher substance use and school
dropout rates. Similar studies by Salazar-Pousa et al.
[7] in Colombia and Gutiérrez-Garćıa and Londoño [8]
in Peru, reinforce the need to address the existential di-
mension of student well-being as a preventive measure.

The hypothesis of this work is that the structural
and contextual characteristics of income and opportu-
nity inequality of Latin American countries might have
relevant social effects in the student’s sense of life pur-
pose. Therefore, it is important to take a comprehen-
sive approach to mental health issues, where universities
play a key role to the identification and prevention of
these conditions within their communities.

From a technical perspective, surveys are an af-
fordable option to take on that task. The Purpose
in Life Questionnaire (PIL), designed by Crumbaugh
and Maholick [9], has been widely used to assess life
purpose and its association with emotional well-being.
The framework developed by Viktor Frankl’s logother-
apy, holds that the pursuit of personal life purpose
can reduce anxiety and depression, serving as a protec-
tive factor against existential emptiness [10]. According
to the author, Logotherapy not only seeks to alleviate
symptoms but also provides a personal framework that
strengthens resilience in the face of life’s challenges.

The PIL test is a tool that has also being used in ad-
dition to in-depth interviews and other types of tests,
reportedly by psychologists and psychiatrists, to con-
firm signs of depression and other mental disorders that
find the logotherapy’s framework useful. For this re-
search, a set of selected questions from the in-depth
interviews are suggested as an addition to the original
questionnaire to integrate set contextual variables into
the analysis.

This study adopted a mixed methodological ap-
proach combining psychometric evaluation and predic-
tive modeling. First, the PIL was administered to three
groups of university students, alongside 18 additional
questions designed to capture contextual factors (Con-
textual Opportunity Index, COI). These questions were
organized into four categories: demographics, academic-
cultural background, access to services, and lifestyle.
Second, the collected data was analyzed using both tra-

ditional statistical methods and machine learning tech-
niques. The ML Predictive models were a Naive Bayes
classifier and a decision tree; both trained with data
from the PIL and COI to assess whether student’s sense
of life purpose could be influenced on their environmen-
tal and social conditions.

2. Theoretical and conceptual frame-
work

Life purpose is a central concept in humanistic and exis-
tential psychology and represents the clarity with which
a person identifies their goals, values, and meaning in
life. In clinical and educational contexts, this construct
has been considered a protective factor against various
mental health issues, including anxiety, depression, and
suicidal ideation [11]. From a medical and psychosocial
perspective, exploring life purpose can enrich the under-
standing of an individual’s emotional history and guide
preventive strategies.

One of the most recognized tools for assessing this
construct is the PIL, developed by Crumbaugh and Ma-
holick [9]. The PIL consists of 20 Likert-scale items
designed to measure an individual’s perception of life
purpose, existential direction, clear goals, and personal
satisfaction. Its theoretical foundation lies in the princi-
ples of logotherapy developed by Viktor Frankl in 1984,
which argues that the search for meaning is a primary
human motivation. This perspective is particularly rel-
evant in the context of college student’s mental health,
where a sense of purpose can act as a buffer against
emotional suffering.

Hernandez-Torrano et al. [6] conducted a bibliomet-
ric mapping study of “Mental Health and Well-Being
of University studies”. Their study covered more than
5000 journal articles from a Web of Science database for
the period 1975-2020. Their key findings showed that
studies about mental health of university students have
been increasing in the last decades, having an important
increase since 2010. Also, that while there are inter-
national studies, more than half have been conducted
in the United States, recognizing there are multiple re-
search groups participating on psychology, psychiatry
and education publications.

2.1 Logotherapy and the existentialist ap-
proach in multiple contexts

Logotherapy approaches “life’s purpose” as a fundamen-
tal force that enables individuals to resist hopelessness
and reframe suffering. Frankl [10] argues that even in
extreme conditions, it is possible to find meaning, which
strengthens coping and resilience mechanisms. In this
regard, the PIL provides a way to operationalize the
search for meaning through a quantitative evaluation
that has been validated across diverse populations.

Existential emptiness, or the lack of meaning, of-
ten manifests through demotivation, emotional isola-
tion, and a sense of disorientation. Heisel and Flett [11]
have shown that low PIL scores are associated with high
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levels of depression, hopelessness, and suicidal risk. In
the university setting, these manifestations are particu-
larly relevant due to the inherent pressures of transition-
ing into adult life and how it affects not only their learn-
ing capabilities and student performance, but also their
social skills and college experience. From a philosophi-
cal standpoint, logotherapy shares foundations with the
existentialist thinking of authors like Kierkegaard, Ni-
etzsche, and Sartre, who emphasize freedom, the will
to meaning, and self-determination as essential human
dimensions. These notions have been incorporated into
the development and interpretation of the PIL, broad-
ening its clinical and educational usefulness [12].

Schulenberg and Melton [12] found that college stu-
dents with greater clarity of purpose reported lower
stress levels and higher subjective well-being. Stud-
ies by Steger et al. [13] and Schnell et al. [14] have
shown that a strong sense of life purpose is associated
with greater resilience in adversity and lower emotional
exhaustion in work environments, respectively. Their
findings highlight the importance of strengthening ex-
istential life purpose as a priority for the university ed-
ucative models. Van der Walt [15], described that while
the PIL test results also have to be interpret according
to the moment of life of the participants, describing that
first year students are less likely to be able to have a de-
fined life purpose; but still, their findings on freshman
students are relevant to the universities to take actions
that guide students in this process.

Despite its psychometric validity, the PIL has lim-
itations when applied in sociocultural contexts differ-
ent from where it was developed. Vázquez and Castilla
[16], noted that in Latin American environments, it
was necessary to complement the PIL test with con-
textual variables; mostly, because of a cultural environ-
ment in which students are strongly influenced by fam-
ily, economic, and community values. The findings of
Hernandez-Torrano et al. [6] backs up this perspective
as specific traditions of Western countries tend to lead
these studies [17] Also considering that our cultural val-
ues and traditions do shape how mental health and men-
tal illness are conceptualized [18]; and how individuals
manifest communicate and cope with their symptoms
as well as the access to different types of treatments.

2.2 AI approaches in mental health

The use of AI tools in data processing has extended
broadly in the health field in recent years. Regarding
mental health, this data process has different charac-
teristics according to the data type, collection method
and processing algorithm that has been chosen to fulfill
a specific task. Muetunda et al. [19], explored several
examples in which the use of AI algorithms has been
used in mental health. Their first classification is re-
garding the type of AI learning process and algorithm,
dividing them in two categories: a) Machine Learning
(ML), in which a set of algorithms enable computers to
learn from and make predictions or decisions based on
selected data sets; and Deep Learning (DL), considering

the use of neural networks to model complex patterns
in large amounts of data, including unstructured data
as audio, images and multiformat text.

Muetunda’s second classification, compared various
automatic mental diagnosis solutions: a) Using ML
methods for automatic diagnosis with self-reported re-
ported questions; b) Using DL methos to study analysis
behavior by studying video files of computer vision: c)
Using ML algorithms to detect variables, studying stress
in working employes to highlight factors of general men-
tal stress; d) Using ML random forests to identify hid-
den patterns between variables to predict anxiety disor-
ders; and e) Sensor based apps and gadgets as warning
systems using biometrics. This examples also have dif-
ferent objectives as diagnostic, predictive or monitoring
tools. Finally, as a third remark regarding the type of
question in the tools, considered the difference between
the type of questions as factoid (closed and specific) and
non-factoid (open and more extensive) are also impor-
tant considerations.

According to the data recollection and the main ob-
jective of this study, the possibility to have access to
self-reported tests from college students was the ideal
option to explore the general state of mind of this pop-
ulation. As the results might add new information to
the university’s crew of experts and give them a set of
topics for their internal prevention campaigns, the gen-
eral approaches to increase the community’s well-being
must remain as the main objective of this study rather
than an automatic individual diagnostic tool. Neverthe-
less, for health professional within the universities, the
PIL and the COI questionaries, might be useful together
as a complement to depth interviews, personal student
work sessions and other complementary techniques.

3. Materials and methods

This exploratory and longitudinal study was designed to
analyze the relationship between life purpose definition
and various contextual privilege factors among Mexican
university students. The main instrument was the PIL,
developed by Crumbaugh and Maholick [9], which con-
sists of 20 items distributed across dimensions such as
existential direction, goal clarity, life satisfaction, and
motivation. Interpretation followed the ranges estab-
lished in the literature, grouping participants by their
scores into three categories: defined life purpose, unde-
fined perception, and existential vacuum [20].

To quantify contextual opportunities among univer-
sity students, a composite index named COI was con-
structed by 18 complementary questions. The items
were grouped into four conceptual categories: a) de-
mographics (sex, age, marital status, economic depen-
dents); b) academic and cultural background (semester,
university, field of study, indigenous background, Multi-
lingualism); c) access to public-private services (stream-
ing, cellphone credit, healthcare, transportation, Pass-
port status), and (4) lifestyle (family situation, struc-
tured free time, structured vacation time, interpersonal
relationships). Each response was converted into an in-
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teger value and then multiplied by the number of items
in its respective category. These category scores were
then normalized to a 7-point scale, aligned with the PIL
test format.

A group of students from three universities was se-
lected through non-probability quota sampling to an-
swer the questionnaire. This method was chosen due
to its logistical feasibility and its ability to represent
groups with heterogeneous academic and socioeconomic
characteristics. Data collection was carried out over a
12-month period using Google Forms, ensuring an effi-
cient systematization of the process.

In the first interpretation stage, the data was ana-
lyzed using conventional statistical tools and the MAT-
LAB software. The later to perform descriptive and
inferential analyses, including correlations between PIL
scores and the contextual variables. Subsequently, in
the second interpretation stage, two predictive mod-
els using machine learning in RapidMiner using Naive
Bayes classifier and decision tree. The goal of this stage
was to explore the potential of data analysis to automat-
ically predict the level of defined life purpose based on
the 18 contextual variables or its four dimensions. Then,
a supervised learning approach was used to compare the
life purpose categories with the contextual ones, using
final score and interpretation of the PIL test as the tar-
get variable.

4. Results

4.1 PIL results and individual interpretation

The first part of the analysis focused on the results of
the PIL test and its original items. Of the 114 valid
responses, 57% of the students demonstrated a defined
life purpose, while 26.3% showed existential uncertainty,
and 16.7% reported levels related to an existential void.
A basic report was created to reflect these results using
heatmap tables and circular graphs as shown in Fig-
ure 1. A second collection of graphs shows how three
subcategories that group some of the items were able
to influence the final scores and its interpretation: 1)
Cognitive component (1,2,4,6,8,12,16,18); Motivational
component (3,5,9,10,11,13,14,17,20); and Affective com-
ponent (7,15,19), taken from [21].

The original scale of each one of the items remained
calculated as in the original test, with a Likert 1 to
7 value response. The final score was interpreted in
this study, the overall score on the PIL was interpreted
based on a widely used three-level classification system
applied in previous research.

Considering the maximum score of 140 points (20
items rated on a 7-point Likert scale); individuals scor-
ing below 90 points are understood to experience a
state of existential void, while scores between 90 and
105 reflect uncertainty regarding life purpose. In con-
trast, scores above 105 indicate a clearly defined sense
of meaning and life purpose. This interpretative frame-
work has been adopted in several studies [16, 20].

After the initial results of the test were calcu-

lated, an additional correlation process started using
the MATLAB software. The 18 additional questions
were tested for relevant correlations with the final three
value scale of the PIL’s interpretation of the scores.
In this case, the variable “nuclear family situation”
showed a moderate positive correlation with the PIL
score (r = 0.431788, p < 0.000001), indicating that
students with stable family relationships tend to report
a higher sense of life purpose. Likewise, the variable
“structured vacation time” showed a low but significant
positive correlation (r = 0.262523, p = 0.004776), indi-
cating that recreation also influences, though to a lesser
extent, existential perception.

Figure 2 presents two boxplots that explore key
associations between life purpose and contextual vari-
ables. Subfigure 2a shows the relationship between life
purpose definition groups and family situation. A clear
upward trend is observed: as family ratings increase,
so do the PIL scores. Groups 1 and 2 exhibit medi-
ans above 106, indicative of a well-defined life purpose,
while lower-rated groups cluster in the range associated
with existential uncertainty. Subfigure 2b illustrates the
correlation between structured vacation time and life
purpose. Groups 1 and 2 display higher medians, sug-
gesting a stronger sense of life purpose among individ-
uals with more organized vacation habits. In contrast,
Group 1 shows greater variability, indicating a broader
range of purpose-related experiences.

4.2 COI results and Individual Interpretation

The COI was designed with the aid of two medical spe-
cialists to integrate a multidimensional assessment of
structural and material conditions affecting the mental
health and life purpose of university students. This in-
dex took a critical approach to inequality and considers
how each variable reflects disparities in the student’s
college experience opportunities. The COI scoring is
grounded in intersectional and cumulative inequality
frameworks, where multiple disadvantage dimensions
compound mental health outcomes [22, 23, 24]. Also,
some empirical precedents include the Multidimensional
Poverty Index; the Social Depravation Index and the
School Climate Index [25, 26, 27].

To calculate the COI, a four-step method was con-
ducted. First, the complementary items were divided
into four dimensions of structural disadvantage: demo-
graphics, academic-cultural background, access to pub-
lic/private services, and lifestyle. The items were pre-
sented in a questionnaire with two types of answers:
binary and ordinal. The item descriptions and score
ranges are shown in Table 1.

For instance, “multilingualism” and “passport sta-
tus” exemplify markers of privilege tightly linked to eco-
nomic stability and social capital in a highly unequal
country like Mexico. Multilingual ability points to ac-
cess to quality education, immersion programs, or pri-
vate language schools, which are predominately avail-
able to students from higher-income families. Simi-
larly, holding a passport not only reflects financial sol-
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Figure 1. PIL interpretation analysis by final scores and internal dimensions. Heatmap and sector charts
created in Microsoft Excel.

(a) Life purpose definition groups vs. Family situation. (b) Life purpose definition groups vs. Structured vaca-
tion time.

Figure 2. Boxplots comparing life purpose definition groups with contextual variables.
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Table 1. COI dimensions and item descriptions (2025)

Dimension Item description

Demographics Sex; age; marital status; economic dependents
Academic-Cultural Con-
text

University type; field of study; semester; multilingualism;
indigenous identity; passport status

Access to Services Digital services; cellphone coverage/data; health services;
transport services

Lifestyle and Routines Family situation; interpersonal relationships; rest; struc-
tured vacation time

vency but also indicates greater economic mobility and
exposure to international experiences, elements that
foster broader perspectives and opportunities for self-
actualization.

The items including marital status, economic de-
pendents, and age group were selected considering that
students who bear financial or caregiving responsibil-
ities may face greater challenges in dedicating time
and resources to their personal development. Similarly,
to reflect academic and cultural background variables,
their field of study and indigenous identity, might il-
luminate inequalities within educational pathways and
cultural capital. Students from underrepresented or
marginalized groups, such as those from indigenous
backgrounds, often encounter systemic obstacles that
limit access to resources, mentorship, or academic op-
portunities.

Secondly, all these dimensions were chosen to col-
lectively capture different aspects of contextual oppor-
tunity. Each dimension was first scored separately and
then normalized to a 1–7 scale. Together, these dimen-
sions reveal how the intersection of privilege and access
creates stratified experiences of meaning-making among
university populations.

Thirdly, to quantify contextual differences in oppor-
tunity, each response was converted into an integer value
and aggregated within its corresponding dimension. To
align the dimensions with the PIL test’s 7-point scale,
each raw dimension score was normalized as shown in
Equation 1:

Normx = 1 + 6× Rx −Rmin

Rmax −Rmin
(1)

where Rx is the raw score for category x, and Rmin and
Rmax are the theoretical minimum and maximum pos-
sible values, respectively.

This transformation ensures that each dimension
contributes equally to the composite score and reflects
the cumulative impact of contextual opportunity on
well-being [28].

Finally, the four resulting scores were added to pro-
duce a total index score ranging from 4 to 28, to facili-
tate analysis and interpretation. The normalized scores
for the four dimensions were summed as shown in Equa-
tion 2:

COITotal = ND +NC +NS +NL (2)

whereND, NC , NS , NL are the normalized scores for
the Demographics, Cultural/Academic, Services, and
Lifestyle dimensions, respectively.

COITotal ∈ [4, 28] (3)

The continuous index was then scaled to a [0–1]
range and grouped into five bands of contextual oppor-
tunity according to the results in: Low (0.00–0.15),
Moderate (0.16–0.41), Reasonable (0.42–0.58), High
(0.59–0.74), and Very high (0.75–1.00) contextual op-
portunity. Table 2 shows the general results by category
and percentage.

The results on Table 2 show that Low and Moderate
opportunities are more common in the student sample
and while it might not necessarily affect their life pur-
pose directly, the next section allowed us to find hidden
relations between both PIL and COI results.

After collecting and interpreting the data from all
the students, an internal validation of the COI was
also conducted. To improve the internal consistency of
the COI, a psychometric refinement using a correlation
analysis revealed that five items—specifically items 4,
6, 7, 9, and 16—showed weak or even negative corre-
lations with the overall index score. When these items
were removed from the scale, it resulted in an increase
of the Cronbach’s alpha from 0.58 to 0.60. This value
represents the minimum threshold commonly accepted
for exploratory research and supports the internal co-
herence of the remaining items. While item 4 and 6 are
still relevant for general statistic purposes according to
the mental health experts, they might not be part of
an updated COI; and items 9 and 16 should be sub-
stituted. This refinement serves as a preliminary step
toward transitioning from an exploratory framework to
a more robust descriptive or explanatory study design
in future research, larger groups of students and using
probabilistic sampling methods.

4.3 Machine learning algorithms

To explore the predictive relationship between contex-
tual variables and the presence of life purpose among
university students, this study employed two supervised
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Figure 3. COI scores by category in a 7-point scale created in Microsoft Excel.
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Table 2. Opportunity bands by percentage results (2025).

Opportunity Band Percentage

Low Opportunity 47%
Moderate Opportunity 47%
Reasonable Opportunity 3%
High Opportunity 3%
Very High Opportunity 0%

machine learning models: Naive Bayes and decision tree
classifiers. These models were selected for their inter-
pretability and suitability for categorical and ordinal
data, which matched the structure of the survey re-
sponses.

The Naive Bayes model, grounded in probabilistic
reasoning, was particularly useful for handling multidi-
mensional categorical data efficiently and offered rapid
results even with a relatively small sample size. In par-
allel, the decision tree modeling allowed for the iden-
tification of nonlinear patterns and interaction effects
between COI dimensions as variables, offering inter-
pretable decision rules that aligned with the exploratory
goals of the research.

4.3.1 Naive Bayes model in Rapid Miner

In this exploratory sample, the Naive Bayes model
demonstrated high classification performance across
both iterations. In a first implementation, it achieved
an accuracy of 94.05%, with near-perfect classification
for the “Defined Life Purpose” and “Existential Vac-
uum” categories, and minor confusion between “De-
fined” and “Undefined” cases. The second, improved
model reached an accuracy of 96.67%, correctly classi-
fying all cases of “Existential Vacuum” and “Undefined
Purpose,” with only one misclassification in the “De-
fined Life Purpose” group. The full process of the im-
plementation is shown in Figure 4. From left to right,
1) an Excel file was imported as a database with four
variables, the three categories of the PIL test and the
total score of the sum of the COI dimensions, 2) the
data was distributed to train the model (70%) and to
test it (30%) using two performance tests.

The report visualization tool of RapidMiner showed
interesting results, especially in the combination of the
PIL results classification (color dots), the COI dimen-
sion score and the death acceptance affective compo-
nent. The results are shown in Figure 5.

4.3.2 Decision tree model in RapidMiner

The decision tree model further reinforced these insights
by identifying Services, Demography, Lifestyle, and Cul-
tural engagement, as the most relevant predictors in
that order. Participants with greater access to public
and private services and with the higher demographic
indicators were more likely to exhibit a defined sense

of life purpose. In contrast, limited access to services
and less structured lifestyle patterns, tended to asso-
ciate with existential ambiguity. While the visual rep-
resentation of Figure 6 might be difficult to read, the
path from the service access and the demography di-
mensions at the left side, shows a shorter route.

The Access to private / public services variable
serves as a strong initial discriminator, while Aca-
demic/Cultural and Lifestyle help refine the classifica-
tion deeper in the tree. According to the results and
considering the 7-scale normalization of the data, a
Defined Life Purpose is strongly associated with High
levels of Services (> 3.5) and Demography (> 1.5);
while with moderate to high levels of Lifestyle and Aca-
demic/Cultural scores, especially when Service dimen-
sions is between 2.5 and 3.5 points. It is relevant to
see that even when services access might be low, a high
Lifestyle score can still predict a defined purpose, po-
tentially linked with the first part of our analysis.

5. Conclusions

The incorporation of the COI alongside the PIL deep-
ened the understanding of university students’ sense of
purpose by systematically integrating contextual vari-
ables, including demographics, academic-cultural back-
ground, access to services, and lifestyle. This novel
methodological expansion provided an enriched, cul-
turally relevant perspective, allowing the study to link
life purpose to broader social and material dimensions.
By quantifying the contextual opportunities available
to students, the COI highlighted structural inequalities
that shape their psychological well-being and existential
outlook.

The findings of the study strongly align with Vik-
tor Frankl’s logotherapy principles and the existentialist
perspective, emphasizing the central role of meaning-
making as a protective factor against mental health
challenges. Frankl’s concept of the will meaning posits
that a clear sense of purpose enables individuals to resist
despair and find resilience in the face of adversity. This
theoretical foundation is evident in the results, which
demonstrate how family relationships, structured va-
cation time, and access to private and public services
related to life quality, correlate positively with higher
scores of life purpose.

The significant influence of contextual variables,
such as structured vacation patterns and nuclear fam-
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Figure 4. RapidMiner Process Interface with Naive Bayes model.

Figure 5. Scatter bubble plot graph generated by RapidMiner comparing COI total score with PIL Score
in three colors.

9

http://maikron.org/jaica


Journal of Artificial Intelligence and Computing Applications (2026) 4(1)

Figure 6. RapidMiner Decision tree results focusing on Services > Demography > Defined Life Purpose.
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ily situations, underscores that existential well-being
does not arise solely from intrinsic personal effort but
is deeply shaped by external social and material condi-
tions. By incorporating the COI, the study not only
validates the core tenets of logotherapy but also ex-
pands its applicability to diverse cultural and socioeco-
nomic settings, illustrating how structural factors can
either hinder or facilitate the pursuit of life purpose.
This integration reaffirms the need for culturally in-
formed approaches in applying logotherapy to address
mental health issues, particularly within university set-
tings where uncertainty is often magnified.

Regarding key findings for decision-making, the re-
sults suggest that access to private and public services,
cultural engagement, and structured lifestyle elements
may support collaborations with local businesses to of-
fer low-cost transportation, campus food services, and
campus life activities. A student life department could
directly address these possibilities. Other important el-
ements are the role of the “nuclear family situation”
showed a moderate positive correlation with PIL scores
(r = 0.431), while structured vacation patterns demon-
strated a smaller but significant impact (r = 0.263).
These results underscore the interplay between affec-
tive, economic, and organizational factors in cultivating
a sense of purpose, emphasizing the need to address
these dimensions in university mental health strategies.
In this case, the promotion of family activities as com-
munity members and of weekend and leisure activities
could be added to the list. A list of potential projects
for universities is condensed in Table 3.

The study’s application of advanced machine learn-
ing techniques, including Naive Bayes and decision tree
classifiers, validated the relevance of contextual vari-
ables in predicting life purpose outcomes. In this ex-
ploratory sample, the Naive Bayes model achieved an
accuracy of 96.67%, correctly classifying most cases
across “Defined Life Purpose,” “Existential Vacuum,”
and “Undefined Purpose” categories. Similarly, decision
tree analysis revealed actionable patterns, with “Ser-
vices,” “Demographics,” and “Lifestyle” emerging as
the most predictive dimensions. These findings suggest
the potential of machine learning to generate actionable
insights for early identification of at-risk groups and the
development of targeted interventions.

As an exploratory study, the 16.7% of participants
that experienced significant levels of existential void is
an important group to look up for. With broader con-
textual issues such as lack of support networks, emo-
tional isolation, and limited structured rest contribut-
ing to this state, the psychology departments might also
consider implementing similar studies to find student
with specific need. Overall, these insights call for insti-
tutional policies prioritizing connection, belonging, and
personal growth within the student body. The results
also indicate that high COI scores linked to better access
to resources and structured routines can buffer existen-
tial uncertainty, reinforcing the importance of address-
ing structural inequities that impact well-being.

All universities have the potential to replicate this,
and other mixed-methods approaches, combining diag-
nostic tools with machine learning and predictive mod-
eling, to guide innovative and data-driven mental health
strategies. These methodologies provide a replicable
framework, offering institutions the ability to scale di-
agnostics from individual interventions to larger pop-
ulations using digital methods to keep nourishing AI
algorithms.

Mental health is not as an individualized challenge
but as a collective institutional responsibility encom-
passing education, family involvement, workload opti-
mization, and normalized self-care practices. The need
for cross-cutting institutional strategies that bridge aca-
demic, family, and social dimensions is evident to foster
meaningful life purpose and emotional resilience among
students. As scholars, these conclusions are an invita-
tion to replicate and expand this methodology to addi-
tional contextual dimensions, refine intervention mod-
els, and promote holistic well-being as a foundational
aspect of higher education. By leveraging tools like
the COI and predictive analytics, institutions can con-
tribute to addressing the broader systemic challenges
impacting mental health and existential purpose in the
academic environment.
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Table 3. Potential strategies for university projects, a preventive approach from the results (2025).

Key Finding Associated Variable Implication Institutional Recommen-
dation

57% of students show a de-
fined life purpose, but 16.7%
report an existential void

PIL total score A significant group of stu-
dents is at risk of existential
crisis

Implement periodic PIL
screenings to identify at-risk
groups and refer them to
counseling services

Moderate correlation be-
tween family situation and
life purpose (r = 0.43)

Nuclear family situation Family environment directly
influences life purpose per-
ception

Develop family engagement
programs and invite fam-
ily members to wellness and
mental health events

Structured vacation habits
positively correlate with life
purpose (r = 0.26)

Structured vacation time Rest routines strengthen ex-
istential well-being

Establish official academic
disconnection weeks and pro-
mote healthy leisure planning
workshops

94% of the sample showed
low or moderate contextual
opportunity

COI total score Students face considerable in-
equality in material and cul-
tural conditions

Design social mobility pro-
grams: transportation, food,
scholarships, and access to
extracurricular activities

Access to services strongly
predicts life purpose accord-
ing to the decision tree

Access to services (COI) Basic economic infrastruc-
ture enhances sense of life
purpose

Provide support for health-
care, internet access, food,
and transportation for vul-
nerable students

Students with high PIL and
COI scores show greater well-
being

PIL and COI integrated Psychological well-being
and life purpose are deeply
shaped by structural factors

Integrate the COI as an in-
stitutional well-being indica-
tor to monitor student living
conditions

High predictive accuracy of
Naive Bayes and decision tree
models

AI application AI can efficiently identify risk
profiles

Implement early warning
dashboards using AI algo-
rithms to enable personalized
prevention
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The role of main sociodemographic variables in suicide
ideation detection using machine learning
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A B S T R A C T

This study investigates the role of key sociodemographic variables in the detection of suicidal ideation
within a Yucatán population, employing machine learning (ML) classification models. Data were ob-
tained from the APPSI platform, encompassing psychological assessments (C-SSRS, DASS21, EAYIE)
and sociodemographic information (age, gender, municipality, etc.). Ten classification algorithms were
trained and evaluated to predict suicidal ideation. The Logistic Regression model demonstrated the
strongest performance, achieving an F1 score of 0.77 and an accuracy of 79%, achieving a recall of 74%
for the at-risk group. Results highlight the potential of ML to support mental health decision-making
and the importance of sociodemographic factors in suicidal ideation detection.

Keywords: sociodemographic, mental health, suicidal ideation

1. Introduction

The application of machine learning (ML) algorithms
for the early detection and prediction of mental disor-
ders has become an increasingly important area of re-
search. This surge in interest is fueled by the growing
availability of large datasets, advancements in compu-
tational power, and the pressing need to address public
mental health challenges.

Several studies have demonstrated the potential of
ML in this domain. For instance, [1] explored five ML
techniques to predict risk factors for depression and
anxiety in Palestinian students, achieving high accu-
racy with Support Vector Machine (SVM) and Random
Forest (RF) models. Other research has shown the ef-
fectiveness of neural networks in predicting depressive
episodes and the utility of ensemble learning methods
in capturing emotional variability. Furthermore, stud-
ies have utilized longitudinal data to predict suicide risk

and explored the use of biomarkers in conjunction with
psychological tests.

While much of the existing research has focused on
identifying individuals with mental health disorders or
predicting the severity of their symptoms using ma-
chine learning, the role of sociodemographic variables
in predicting suicidal ideation is less understood. This
study aims to address this gap by evaluating the predic-
tive power of sociodemographic variables in conjunction
with psychological assessments for the detection of sui-
cidal ideation.

This paper begins by presenting a list of recent work
or research related to the use of machine learning-based
classification models for the detection of different men-
tal health factors or variables, such as depression, anx-
iety, and stress. The greatest risk for an individual
suffering from these conditions is self-harm or suicide.
Therefore, in this paper, ten classification algorithms
were trained and tested, focused on detecting individu-
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als without risk (Class 0) and at risk (Class 1) of self-
harm based on the C-SSRS Columbia psychological test,
which measures suicidal ideation at four levels.

The following section explains the methodology,
which consists of the phases of data collection using the
APPSI platform, extraction of labeled data from the
database, data cleaning and preparation, class balanc-
ing, and finally, model training and testing.

The results section below shows the performance
of the models after being trained with and without so-
ciodemographic variables. The conclusion section em-
phasizes the best performing model and explains the
importance of the results.

2. Background

In recent years, the use of machine learning (ML) algo-
rithms for the early detection and prediction of mental
disorders has gained increasing relevance in scientific
research, driven by the availability of large volumes of
data, advances in computing, and the urgent need to
improve public mental health.

One of the pioneering studies in this field was con-
ducted by [1], who applied five ML techniques: Ran-
dom Forest (RF), neural networks, decision trees, Sup-
port Vector Machine (SVM), and Naive Bayes to pre-
dict risk factors associated with symptoms of depres-
sion and anxiety in Palestinian students aged 10 to 15.
Using a longitudinal database of school behavior, they
found that the SVM and RF models achieved remark-
able accuracy (SVM: 92.5% for depression and 92.4%
for anxiety). Among the most influential factors, they
identified school and domestic violence, academic per-
formance, and family income, demonstrating the use-
fulness of ML for the early prediction of psychological
symptoms in school contexts.

That same year, [2] explored the ability of different
ML algorithms to predict depressive episodes, finding
that neural networks outperformed other models with
an accuracy of 97.2%. This study highlights the poten-
tial of deep algorithms for classifying complex clinical
conditions such as depression, while suggesting the need
to incorporate more contextual variables in future mod-
els.

Simultaneously, [3] analyzed a dataset based on the
results of the DASS42 psychometric test along with de-
mographic variables, comparing multiple ML and en-
semble learning algorithms such as AdaBoost, Cat-
Boost, and XGBoost. SVMmodels achieved the best F1
scores for depression (94%), anxiety (95%), and stress
(91%), demonstrating the effectiveness of ensemble and
optimal margin models in capturing emotional variabil-
ity in post-pandemic population contexts.

In another longitudinal study from Japan, [4] devel-
oped an ML model based on data from two time points
(2016 and 2017) from the National Stress and Health
Survey. They trained a suicide risk prediction model
using 65 trauma and stress-related variables, achieving
an AUC of 0.830. The most relevant risk factors were
scores on scales such as the Suicidal Ideation Attributes

Scale, the Sheehan Disability Scale, and the PHQ-9.
This study not only validated classic risk factors but
also proposed new measures related to traumatic expe-
riences as relevant for predicting suicide risk.

Subsequently, [5] used handgrip strength (HGS)
readings in combination with the DASS test to detect
stress levels. They applied RF and SVM models, con-
cluding that RF performed best with an accuracy of
93.75%. This innovative approach of using physical
biomarkers alongside subjective questionnaires offers a
path toward more accurate multimodal assessments.

In the work of [6], classical algorithms such as K
Nearest Neighbors (KNN), logistic regression, decision
tree, Naive Bayes, and SVM were applied to classify
anxiety, stress, and depression severity levels in univer-
sity students. The KNN algorithm proved to be the
most effective, highlighting that even traditional meth-
ods can yield good results with well-structured data.

In the context of unstructured data analysis, [7] de-
veloped deep models to analyze Reddit posts from the
“Suicide Watch” and “Depression” communities. With
these data, they built models that achieved 95% ac-
curacy in predicting depression. This paper highlights
the importance of social media as a valuable source for
monitoring psychological risks and proposes an anony-
mous predictive analytics framework for alerting about
suicidal tendencies online.

Karak et al. [8] applied multiple regression and lo-
gistic analysis to assess the relationships between suici-
dality, depression, anxiety, daily stress, and substance
use. The analysis revealed a strong positive association
between suicidal ideation and depression, followed by
anxiety and stress, with a predictive accuracy of 84%.
While traditional statistical techniques were used, their
work offers key variables to inform more complex ML
models in future research.

In a more recent proposal, [9] introduced a longitu-
dinal dataset labeled with DASS21 scores, using acous-
tic speech samples to predict the severity of depression,
anxiety, and stress. They used a one-dimensional con-
volutional neural network trained on features extracted
from the VGG19 model. This approach achieved accu-
rate predictions and suggested that vocal behavior can
be a reliable biomarker of psychological disturbances,
with potential applications in automated clinical set-
tings.

To improve diagnostic personalization and accuracy,
[10] proposed a model based on a multimodal dataset
from the NHANES, including demographic, dietary, so-
cioeconomic, and medical data. Five supervised algo-
rithms were implemented: linear regression, SVM, XG-
Boost, RF, and LASSO. The Random Forest model
excelled with an R2 of 0.93, identifying general and
personalized risk factors. This work demonstrates the
power of ML in real-life clinical settings and its poten-
tial to guide more tailored medical interventions for each
patient.

Finally, [11] applied ML and deep learning tech-
niques to detect anxiety in students from EEG signals.
They used the BiLSTM algorithm and achieved accu-
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racies of up to 98% on their own database. The find-
ing of increased gamma activity in individuals with high
stress highlights new possibilities in computational neu-
roscience for the study of emotional states.

Taken together, this research demonstrates that ma-
chine learning algorithms offer promising solutions for
the detection and prediction of mental disorders. The
most widely used models include Support Vector Ma-
chines, Random Forest, deep neural networks, and en-
semble techniques, all of which have been successfully
applied in diverse contexts such as school populations,
digital platforms, and clinical surveys. The methodolog-
ical evolution toward the use of longitudinal data, bio-
metric signals, and multimodal analysis reflects a trend
toward more accurate, personalized, and clinically ap-
plicable models.

3. Methodology

To generate the models presented in this paper, the
methodology was divided into several phases.

The first phase consists of data extraction through
the APPSI platform. This web-based platform has been
adapted to the needs of different institutions but retains
the C-SSRS Columbia psychological tests for measuring
suicidal ideation, the DASS21 for measuring depression,
anxiety, and stress levels, and, finally, the EAYIE (Yu-
catan Self-Reported Scale of Emotional Intelligence) for
detecting protective factors. In addition, the platform
includes questionnaires that collect general data such
as age, gender, municipality, marital status, number
of children, eating habits, sleep, and physical activity,
among others.

This information is instantly stored in a relational
database, and the responses to the psychological tests
are reviewed and scored in real time, making it possible
to provide users with their results immediately. Like-
wise, a data visualization platform was created for each
institution, which functions as a mental health observa-
tory for its staff.

The data flow of the APPSI platform can be seen
in Figure 1.

Having this information made it possible to select
the sociodemographic variables that were used as a basis
for defining the characteristics used during the experi-
ments.

The second phase consisted of selecting the sociode-
mographic variables of greatest interest and extracting
information from the database in the tables containing
these variables. It is important to note that, as men-
tioned above, the platform has been used by several
institutions, so it was necessary to extract the data sep-
arately into CSV files.

Subsequently, using Google Colab, the CSV files
were concatenated into a single data frame.

The third phase consisted of cleaning the data to
eliminate null data and duplicate records. Because
each individual APPSI user is assigned an identification
number, this criterion was used to eliminate duplicate
records. Furthermore, categorical variables were con-

verted to numeric variables, for example, for the gender
and municipality fields.

Because the number of municipalities represented
in the sample was large, participants were grouped into
two categories: urban and rural. This classification
made it possible to compare average levels of depression,
anxiety, and stress between both groups. As shown in
Figure 2, Figure 3, and Figure 4, participants living in
urban areas tended to present higher average scores for
depression, anxiety, and stress than those living in rural
areas.

These figures report the mean values obtained from
the Depression, Anxiety, and Stress Scale–21 (DASS-
21). In all three dimensions, scores were represented
on a scale from 0 to 4, where 0 indicates the absence
of symptoms, 1 indicates mild symptoms, 2 indicates
moderate symptoms, 3 indicates severe symptoms, and
4 indicates extremely severe symptoms. Therefore, Fig-
ure 2, Figure 3, and Figure 4 illustrate that, within the
studied population, urban residence was associated with
higher average levels of depression, anxiety, and stress
compared with rural residence.

Similarly, for the gender field, only the majority
classes, i.e., male and female, were retained because the
other classes had limited data and could cause bias.

Furthermore, considering that the Columbia C-
SSRS test generates results at four levels of suicidal
ideation (0 = No, 1 = Low, 2 = Moderate, 3 = High)
and that psychological intervention is necessary at the
lowest level, the data were also divided into two classes.
Class 0 represents those without risk, and Class 1 rep-
resents those at risk (i.e., those with low, moderate, or
high levels of ideation).

Finally, given that Class 0 had many more records
than Class 1, the final step in this phase consisted of
balancing the classes, leaving n = 919 records for each
class.

The final phase consisted of conducting the exper-
iments. To do this, the selected characteristics were
divided into:

• Sociodemographic variables (age, municipality,
gender)

• Mental health variables obtained from DASS21
(depression, anxiety, stress)

• Mental health variables obtained from EAYIE
(f1, f2, f3)

Due to the differences in the scales, the data were
normalized. Ten classification algorithms were tested
on these data. The results are shown in the following
section.

Using the prepared data, ten classification models
were trained using their standard configuration. The
results are presented below.

4. Results

This section presents the performance metrics of the
ten machine learning classification models evaluated for
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Figure 1. APPSI Data Flow Diagram.

Figure 2. Depression levels difference between rural and urban population.

suicidal ideation detection. The results are divided into
two primary experiments: one excluding and one includ-
ing key sociodemographic variables (age, gender, and
municipality). The classification task was binary: Class
0 (without risk) and Class 1 (at risk).

4.1 Model Performance without Sociodemo-
graphic Variables

Tables 1 and 2 summarize the performance of the mod-
els when trained exclusively on psychological assessment
data (DASS21 and EAYIE scores).

In medicine, security, and justice, even small errors
can be critical. Sometimes, accuracy is sacrificed to in-
crease recall or precision in the most important class.
In Table 1 we can see that the highest recall value is
obtained with the Logistic Regression and Naive Bayes
models (recall = 0.83), however, the highest accuracy
value is 0.78 with the AdaBoost model. Nevertheless,
this model generates a recall value of 0.80.

On the other hand, the highest precision and F1-

score values were obtained with the SVM and MLP
models (precision = 0.78) and Logistic Regression and
AdaBoost (F1-score = 0.79).

When evaluating the critical “at risk” (Class 1) cat-
egory, the highest recall value of 0.77 was achieved by
the SVM, MLP, and Random Forest models. The Ad-
aBoost model, however, demonstrated the highest over-
all accuracy at 0.78.

Table 2 shows the values of the metrics for the “at
risk” class after training the models with no sociodemo-
graphic variables.

4.2 Model Performance Including Sociodemo-
graphic Variables

After training and testing the models without taking
into account sociodemographic variables (age, gender,
and the urban/rural municipality), these variables were
added and the models were retrained. Tables 3 and 4
show the performance metrics after this inclusion.

Table 4 shows the values of the metrics for the “at
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Figure 3. Anxiety levels difference between rural and urban population.

Figure 4. Stress levels difference between rural and urban population.

risk” class after training the models including the so-
ciodemographic variables.

The inclusion of sociodemographic variables pro-
duced modest changes in model performance and im-
proved some class-specific metrics, particularly recall
for the without-risk class. Random Forest achieved the
highest recall for the “at risk” class at 0.79, while Lo-
gistic Regression yielded the highest overall accuracy at
0.79. Most notably, the Logistic Regression model’s re-
call for the “without risk” class (Class 0) increased to
0.84.

5. Conclusion

Based on data obtained through the APPSI platform
that included psychological variables (depression, anx-
iety, stress, emotional intelligence) and key sociodemo-
graphic variables (age, gender, and urban/rural munici-
pality), ten classification models were trained to classify
suicidal ideation in Yucatan population. The classes
were balanced to ensure a robust and fair evaluation
of model performance. The Logistic Regression model
provided the best overall performance across the met-

rics. Its final metrics, incorporating sociodemographic
variables, are presented below in Table 5.

The results underscore the value of the recall metric
in this application, as a false negative (failing to iden-
tify an individual at risk) carries severe clinical conse-
quences. When models were trained without sociode-
mographic variables, the maximum recall for the “at
risk” class was 0.77. However, the inclusion of sociode-
mographic variables improved some class-specific met-
rics. This improvement highlights the critical role of
sociodemographic variables in enhancing the predictive
power of machine learning models for suicidal ideation
detection, placing the model within clinically acceptable
performance ranges.

When developing machine learning models to de-
tect individuals at risk of suicide using psychomet-
ric scales such as the DASS-21 (Depression, Anxiety,
and Stress Scales) and the C-SSRS (Columbia-Suicide
Severity Rating Scale), it is essential to evaluate their
performance using appropriate metrics. These metrics
not only quantify the model’s effectiveness but also en-
sure the clinical safety of its application, given the high
cost of a false negative in this field. The recall metric
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Table 1. Results for the without risk class excluding sociodemographic variables

Model Precision Recall F1-score Accuracy

Logistic Regression 0.75 0.83 0.79 0.77
Naive Bayes 0.72 0.83 0.77 0.75
KNN 0.70 0.71 0.70 0.69
SVM 0.78 0.77 0.77 0.77
MLP 0.78 0.77 0.77 0.77
CNN 0.76 0.77 0.76 0.76
Decision Tree 0.72 0.68 0.70 0.70
Random Forest 0.77 0.73 0.75 0.75
AdaBoost 0.78 0.80 0.79 0.78
XGBoost 0.70 0.70 0.70 0.69

Table 2. Results for the at risk class excluding sociodemographic variables

Model Precision Recall F1-score Accuracy

Logistic Regression 0.80 0.71 0.75 0.77
Naive Bayes 0.79 0.66 0.72 0.75
KNN 0.69 0.67 0.68 0.69
SVM 0.76 0.77 0.76 0.77
MLP 0.76 0.77 0.76 0.77
CNN 0.75 0.74 0.75 0.76
Decision Tree 0.68 0.72 0.70 0.70
Random Forest 0.73 0.77 0.75 0.75
AdaBoost 0.78 0.76 0.77 0.78
XGBoost 0.69 0.68 0.68 0.69

(Sensitivity or True Positive Rate) indicates how many
of the truly positive cases were correctly detected. In
mental health, and particularly in suicidology, this is
the most critical metric, as failure to detect a case of
suicidal risk can have fatal consequences. Clinical liter-
ature suggests prioritizing models with high recall, even
at the cost of increasing false positives [12].

The model showed useful preliminary screening per-
formance, with recall values of 84% for Class 0 and
74% for Class 1. It is important to note that while
artificial intelligence offers powerful support for techni-
cal tasks like screening and initial risk assessment, it
is not a substitute for the essential human element of
psychological practice, which is grounded in empathy,
consciousness, and the unique therapeutic relationship.
In later stages, the implementation of probabilistic cal-
ibration and stratified cross-validation techniques will
be explored to ensure its robustness in different cultural
contexts.

From a humanistic perspective, artificial intelligence
(AI) cannot replace the core essence of psychological

work, which is grounded in authentic human relation-
ships characterized by empathy, unconditional accep-
tance, and genuine presence. While AI can support
technical tasks such as data collection, initial screen-
ing, and clinical decision-making, it lacks subjectivity,
consciousness, and the ability to understand the emo-
tional, symbolic, and ethical depth of the therapeutic
encounter. Psychological practice also involves complex
moral decisions and a profound recognition of each in-
dividual’s uniqueness, which AI cannot replicate. Un-
conscious processes, symbolic communication, and emo-
tional resonance require sensitivity and self-awareness
that current AI systems do not possess. Therefore, the
most ethical and human-centered approach is not to re-
place therapists with AI, but to integrate it as a sup-
portive ally—expanding access, reducing technical bur-
dens, and reinforcing the relational core of care. AI
should be viewed as a complementary tool, not a sub-
stitute for the human therapeutic relationship.
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Table 3. Results for the without risk class including sociodemographic variables

Model Precision Recall F1-score Accuracy

Logistic Regression 0.77 0.84 0.80 0.79
Naive Bayes 0.74 0.84 0.79 0.77
KNN 0.74 0.79 0.77 0.75
SVM 0.76 0.79 0.78 0.76
MLP 0.76 0.79 0.78 0.76
CNN 0.77 0.79 0.78 0.77
Decision Tree 0.65 0.54 0.59 0.62
Random Forest 0.78 0.70 0.74 0.74
AdaBoost 0.78 0.80 0.79 0.78
XGBoost 0.78 0.75 0.77 0.76

Table 4. Results for the at risk class including sociodemographic variables

Model Precision Recall F1-score Accuracy

Logistic Regression 0.81 0.74 0.77 0.79
Naive Bayes 0.80 0.69 0.74 0.77
KNN 0.77 0.71 0.74 0.75
SVM 0.77 0.73 0.75 0.76
MLP 0.77 0.73 0.75 0.76
CNN 0.77 0.77 0.77 0.77
Decision Tree 0.60 0.71 0.65 0.62
Random Forest 0.72 0.79 0.76 0.75
AdaBoost 0.78 0.77 0.77 0.78
XGBoost 0.75 0.78 0.76 0.76
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Table 5. Best model results

Metric Without risk class At risk class

Precision 0.77 0.81
Recall 0.84 0.74
F1-score 0.80 0.77
Accuracy 0.79 0.79
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A B S T R A C T

Artificial Intelligence (AI) exerts a growing impact on the field of cybersecurity, which is character-
ized by increasing complexity resulting from system interconnectivity, the expansion of the Internet of
Things (IoT), and the rise in digital threats. While AI has been widely used to improve defense sys-
tems, its application in cyberattacks represents an emerging challenge. Malicious actors are leveraging
this technology to automate offensives, adapt to defenses in real time, and exploit vulnerabilities with
unprecedented efficiency, raising questions about how it is changing the dynamics of current attacks.
This review examines five recent empirical studies published between 2021 and 2025 that address the
offensive use of AI in cybersecurity, identifying key techniques such as automated code generation,
evasion of detection mechanisms, execution of targeted attacks, and the reduced technical skill re-
quirements for attackers. The results reveal that AI is transforming cybersecurity strategies, enabling
more sophisticated and adaptive attacks that pose significant challenges to current detection tools.
These threats are particularly critical in sectors such as healthcare, critical infrastructure, and public
administration, where disruptions can have systemic consequences. The results point to the need to
advance the development of more adaptable and scalable defense systems, as well as to identify key
research gaps in areas such as explainability, regulation, and real-time detection of AI-driven threats.

Keywords: artificial intelligence, cyber attacks, cybersecurity vulnerabilities

1. Introduction

Artificial Intelligence (AI) has been recognized for its
potential to optimize critical processes in areas as di-
verse as medicine, engineering, and finance [1, 2]. This
transformation is underpinned by its ability to process
large volumes of data, identify complex patterns, and
optimize decision-making [2]. However, the same po-
tential that drives these advances poses new challenges
when applied to the field of cybersecurity, where its ca-
pabilities can be leveraged for different purposes [3].

AI is not just a complementary tool in cybersecu-
rity, but a fundamental pillar to address the speed and

sophistication of current and future threats [4]. Despite
efforts to address this emerging trend, the scale and
pace of its implementation, the speed of its advance-
ment, and the specific methods used are not yet fully
understood [5, 6]. This lack of understanding highlights
the need for an analysis of how AI is redefining offensive
capabilities in the field of cybersecurity.

This review seeks to examine the current use of AI in
cyberattacks, with particular attention to how malicious
actors employ it to automate attacks, evade detection,
and exploit vulnerabilities in increasingly complex and
interconnected systems. This paper does not propose
defense mechanisms but rather synthesizes the current
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literature on the offensive use of AI. By analyzing re-
cent studies, it seeks to shed light on how these appli-
cations expand the reach and efficiency of cyberthreats,
challenging traditional security paradigms and showing
how AI improves the operational execution of modern
cyberattacks with minimal human intervention.

The remainder of this article is structured as fol-
lows: Section 2 details the approach used for litera-
ture selection and analysis, describing the databases
consulted, the inclusion and exclusion criteria, and the
search strategies employed. Furthermore, the use of the
PRISMA (Preferred Reporting Items for Systematic Re-
views and Meta-Analyses) model for literature selection
is presented, along with the criteria applied. Subse-
quently, Section 3 presents the main emerging trends
and techniques in the use of AI in cyberattacks, includ-
ing automation methods, detection evasion, and vulner-
ability exploitation. Section 4 delves into the impact of
these findings, assessing their implications for cyberse-
curity and considering the challenges posed by the use
of AI in malicious activities. Finally, Section 5 sum-
marizes the key points of the analysis, addresses poten-
tial mitigation strategies, and suggests future directions
for research in this field. This framework allows for a
comprehensive approach to the role of AI in cyberat-
tacks, combining a critical review of the literature with
an analysis of its practical and theoretical implications.

2. Methodology

To ensure an organized, transparent, and reproducible
approach to identifying relevant literature, this re-
view adopts the fundamental principles of the PRISMA
methodology [7]. While not a systematic review in the
strict sense, this framework serves as a methodological
guide to structure a clear and replicable selection pro-
cess, aiming to minimize potential bias in the synthesis
of information. The primary objective is to identify and
analyze recent relevant studies that significantly con-
tribute to the understanding of the role of AI in the
execution of cyberattacks. Through a rigorous selection
process, this review ensures that the included papers are
relevant, methodologically sound, and reflect the latest
advances in this emerging field.

The bibliographic search was conducted using
Google Scholar, selected for its broad coverage and ease
of access to locate academic articles in different areas
of knowledge. A specific search query was designed
to ensure the relevance of the retrieved studies: (“ar-
tificial intelligence”) AND (“cyberattacks”) AND (“au-
tomation OR detection evasion”) AND (“cybersecurity
vulnerabilities OR malicious actors”) AND (“emerg-
ing techniques OR cybersecurity trends”). This query
aimed to collect studies from 2021 onwards related
to AI-driven cyberattacks, with a particular focus on
emerging threats. This search yielded a total of 135
records, which formed the initial dataset for subsequent
analysis.

During the first selection phase, a thorough review
of the titles and abstracts of the retrieved studies was

conducted to eliminate those that did not meet the spe-
cific objectives of the review. Three main exclusion cri-
teria were established: first, studies that, although re-
lated to technological topics, did not explicitly address
the intersection between AI and cyberattacks were elim-
inated; second, works not published in scientific journals
were discarded, ensuring the reliability and quality of
the sources consulted; and third, review articles were
excluded, given that the purpose of this research was
to focus on primary research contributions that offered
empirical data and original results. This filtering pro-
cess ensured that only research of direct relevance to the
study of AI-motivated cyberattacks was selected, result-
ing in the exclusion of 117 studies and the inclusion of
18 articles, which were evaluated for further analysis.

During the eligibility phase, the 18 shortlisted arti-
cles were thoroughly reviewed to ensure their method-
ological rigor, thematic relevance, and potential impact.
In this second stage, 13 studies were excluded for the
following reasons: one article was excluded due to lan-
guage restrictions, eleven were not indexed in recog-
nized indexes such as Journal Citation Reports (JCR),
and one did not fit the thematic focus of this review.
As a result, the final set consisted of five articles that
fully met the established criteria. Figure 1 presents a
flowchart adapted from the PRISMA model that sum-
marizes the entire process of study identification, selec-
tion, eligibility assessment, and inclusion.

The five selected articles represent recent, high-
impact contributions at the intersection of AI and cy-
berattacks. Table 1 presents a detailed summary of
these studies, including the article title, journal of pub-
lication, and corresponding year. While this review
was developed following a structured approach based on
the principles of this established methodology, certain
methodological limitations were identified. The exclu-
sive use of Google Scholar as a search source could limit
the scope and comprehensiveness of the review. Like-
wise, the focus on research published in recent years
could have excluded relevant previous work. Similarly,
the exclusion of non-indexed journals could have over-
looked relevant contributions from emerging researchers
or from specialized fields. Despite these limitations, the
selection process, following a systematic approach, en-
sures that the final set of studies includes high-quality,
relevant, and methodologically sound research.

3. Thematic Overview

This section critically organizes, analyzes, and synthe-
sizes key findings from selected literature on the use of
AI in cyberattacks, with particular attention to emerg-
ing techniques and research gaps. Rather than simply
summarizing individual studies, this section identifies
key patterns, trends, and areas of debate that emerged
during the review. The thematic analysis focuses on
four major domains: the automation and escalation of
cyberattacks enabled by AI-driven orchestration; the
automated generation of malicious code through large
language models (LLMs); the use of adaptive AI tech-
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Figure 1. Flowchart of the literature identification, screening, eligibility assessment, and inclusion pro-
cess.

Table 1. The final list of articles used in this review, including information for title, journal, year of
publication and citation.

Title Journal Year Citation

Unleashing offensive artificial intelligence:
Automated attack technique code genera-
tion

Computers & Security 2024 [1]

Designing and Evaluating a Flexible and
Scalable HTTP Honeypot Platform: Archi-
tecture, Implementation, and Applications

Electronics 2023 [5]

ChatGPT or Bard: Who is a better Certi-
fied Ethical Hacker?

Computers & Security 2024 [8]

Leveraging Explainable Artificial Intelli-
gence in Real-Time Cyberattack Identifica-
tion: Intrusion Detection System Approach

Applied Sciences-Basel 2023 [9]

A CNN-based automatic vulnerability de-
tection

EURASIP Journal on Wireless Communi-
cations and Networking

2023 [10]

25

http://maikron.org/jaica


Journal of Artificial Intelligence and Computing Applications (2026) 4(1)

niques to evade intrusion detection and monitoring sys-
tems; and the challenges and opportunities for AI-Based
cyberattack detection and attribution. Each of these
themes is examined in depth in the following subsec-
tions, highlighting influential findings, unresolved ques-
tions, and areas where further research is necessary. A
summary of these thematic domains is presented in Ta-
ble 2.

3.1 Automation and escalation of AI-driven at-
tacks

Advances in AI have made it possible to automate mul-
tiple phases of the cyberattack lifecycle, including re-
connaissance, exploitation, and evasion of defense sys-
tems [8]. Generative models and adaptive architectures
allow attackers to dynamically modify their attack vec-
tors, making them difficult to detect by traditional sys-
tems [5]. Automation not only accelerates the deploy-
ment of attacks but also enables their mass replication
without human intervention [1, 8, 5]. This poses a sig-
nificant threat to environments that are not prepared
for immediate responses to thousands of simultaneous
events [5].

Current defensive capabilities do not adequately re-
spond to this level of adaptability. While attackers inte-
grate self-tuning and personalizing algorithms, defenses
remain reactive, slow, and structurally static, as many
intrusion detection systems lack simultaneous adapt-
ability and rely on outdated datasets that do not rep-
resent evolving threat patterns [9]. Furthermore, most
architectures still rely on fixed rules or non-adaptive
models, making them poor at responding to dynamic,
behavioral attacks generated by AI [10]. This asymme-
try creates an operational gap in cybersecurity that not
only compromises current defense strategies [1], but also
exposes a broader research challenge: while offensive ca-
pabilities are increasingly driven by adaptive automa-
tion, existing defensive models have not yet reached a
comparable level of responsiveness in concurrent envi-
ronments [9, 5].

3.2 Automated generation of cyberattack tech-
niques through large language models

AI has reached a point where it can be used not only to
automate defensive tasks in cybersecurity, but also to
facilitate the execution of cyberattacks [8]. The study
[1] shows how generative models like ChatGPT can
be prompted to produce malicious code aligned with
MITRE ATT&CK techniques. These models allow the
creation of specific code fragments to execute advanced
attack techniques such as defense evasion, privilege es-
calation, or initial access, with just a textual instruc-
tion [1]. This automation considerably reduces the ef-
fort required by attackers and eliminates the need for
specialized technical knowledge [1, 9], which broadens
the range of users capable of carrying out sophisticated
attacks.

In controlled tests, some LLMs have been shown to
autonomously generate attack code with a 16% success

rate, a figure that rises to 50% when guided by users
with cybersecurity expertise [1]. This result highlights
the tangible offensive potential of LLMs and the urgent
need to develop early mitigation mechanisms against
their malicious use [8].

The ability of these models to generate executable
code, adapted to different operating systems and offen-
sive tactics, also allows them to be integrated with au-
tomated breach and attack simulation platforms [9, 8].
This favors the customization of attacks according to
the target environment, making their detection and re-
sponse more difficult. Furthermore, the dynamic gener-
ation of variants of the same attack increases the com-
plexity of threats, forcing defensive systems to evolve
rapidly. In this context, LLMs represent a powerful tool
that is transforming the offensive cybersecurity land-
scape, both due to their speed and operational versatil-
ity [8].

3.3 Evasion of monitoring and detection sys-
tems in cyberattacks using AI

Evading monitoring and detection systems is one of the
most complex areas where attackers can leverage AI to
optimize their attacks [5]. Traditionally, intrusion de-
tection systems (IDS) and other monitoring tools have
been designed to identify anomalous behavior in net-
work traffic or unusual patterns in systems [5, 8]. How-
ever, with the use of AI, attackers can now generate
adaptive attacks that instantly modify their behavior
to evade defense strategies [1, 8].

One of the most advanced techniques is the use of AI
algorithms to anticipate defensive responses and adapt
attack strategies accordingly, enabling real-time evasion
of monitoring mechanisms [1, 8]. This type of dynamic
adaptation poses a critical problem for defenses: how to
anticipate and detect constantly changing threats. Tra-
ditional detection systems are not designed to react so
quickly or to predict changes in attack patterns [5, 9].
This creates a security gap, where attackers continue to
advance while traditional defenses fall behind.

3.4 Challenges and Opportunities for AI-Based
Cyberattack Detection and Attribution

The increasing sophistication of cyberattacks, driven by
the integration of AI, poses unprecedented challenges
in the detection and attribution of these threats. AI’s
ability to automate entire phases of the attack lifecycle,
from reconnaissance to evasion of defenses, requires a
deeper understanding of traditional security strategies
[8]. Unlike conventional attacks, the dynamic adapt-
ability inherent in AI-based offensive systems allows for
modification of tactics and vectors even during execu-
tion, making them considerably more difficult to iden-
tify using systems based on static signatures or prede-
fined rules [5]. Studies demonstrate that these adaptive
strategies weaken detection models by allowing attacks
to modify behavior in real time, circumventing tradi-
tional rule-based mechanisms [5].

In this scenario, where attackers are leveraging the
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automatic personalization and scalability offered by AI,
it is crucial to explore both the challenges inherent
in detecting and tracking these new forms of evasive
attacks and the opportunities that AI itself can of-
fer to develop more advanced, predictive, and effective
forensic techniques [9]. A proactive response to these
emerging threats lies in the implementation of machine
learning models such as convolutional neural networks
(CNNs)[10], which have proven effective in automati-
cally detecting vulnerabilities in source code. This tech-
nique represents a crucial tool for preventing exploits
before they materialize [10], thus helping to reduce the
gap in the AI-driven offensive-defensive cycle. How-
ever, despite recent advances, existing detection systems
still have limitations in real-time attribution, especially
when faced with rapidly evolving and adaptive attack
patterns [1].

As previously discussed, AI has brought about a
substantial shift in cybersecurity strategies, equally af-
fecting offensive and defensive approaches [10]. While
AI has improved the detection of and response to cy-
berthreats, it has also increased the sophistication of at-
tacks, increasing the need for more adaptable and scal-
able defenses [5]. As AI systems continue to develop,
addressing the implications of their use, especially in
terms of privacy, accountability, and autonomy, is crit-
ical to ensuring responsible and transparent use in cy-
bersecurity [8].

4. Discussion

This section seeks to critically interpret the previously
presented thematic findings, analyzing their strategic
implications for contemporary cybersecurity [10, 5].
These findings pose significant challenges for current de-
tection tools and, at the same time, suggest the need to
review the approach to defense strategies in a rapidly
evolving technological environment.

AI-powered cyberattacks not only increase their
destructive capacity, but also potentially change the
strategic balance between attackers and defenders [10].
The reduction in human intervention required, thanks
to intelligent automation, expands the scope and fre-
quency of attacks, opening the door to actors with less
technical expertise [1]. Taken together, these advance-
ments represent a paradigm shift in cybersecurity, indi-
cating that traditional static defense mechanisms are in-
creasingly ineffective against highly dynamic AI-driven
threats [5].

The practical implications of these findings are es-
pecially critical for sectors such as healthcare, critical
infrastructure, and public administration, where a dis-
ruption can have systemic consequences [9]. The use
of AI to increase the adaptability and potential person-
alization of cyberattacks poses a direct threat to the
operational and reputational integrity of organizations,
particularly given the potential misuse of sensitive data
[5, 1, 8].

This review is consistent with previous studies that
have documented the use of AI to increase the com-

plexity and effectiveness of cyberattacks, as well as the
limitations of traditional defense systems [8]. How-
ever, differences were identified in the methodological
approaches and timeframes used. While much of the lit-
erature has focused on theoretical analyses or hypothet-
ical scenarios, this work focuses on observable applica-
tions and techniques already implemented in actual con-
texts [5, 10]. The sectors analyzed also contributed to
notable differences in the findings, emphasizing the im-
portance of specific contexts in cybersecurity research.

Among the most significant methodological limita-
tions are the exclusive use of Google Scholar as a search
source, the exclusion of literature not indexed in JCR,
and the focus on recent studies. These restrictions
may have reduced the diversity of perspectives or ex-
cluded relevant previous references. However, although
the findings presented are representative of the current
state of the field, they should be interpreted within the
framework of these limitations.

There is a need to expand the study of AI-driven
cyberthreats to under-researched sectors such as educa-
tion and logistics, and to specifically focus on the devel-
opment of explainable defensive AI systems [9, 8]. Fur-
thermore, conducting larger collaborative reviews and
longitudinal empirical studies on real AI-driven cyberat-
tacks would significantly improve understanding. Like-
wise, emphasis should be placed on developing and re-
fining ethical and regulatory frameworks to guide the
responsible deployment of AI technologies in cyberse-
curity contexts [8].

AI-powered cyberthreats have pushed the tradi-
tional boundaries of digital defense, introducing more
complex, rapid, and adaptive attack scenarios [9, 10, 5].
Bridging this gap requires not only technical innovation,
but also international cooperation, proactive cyberse-
curity policies, and the urgent development of ethical
frameworks to guide the responsible use of AI in in-
creasingly interdependent digital environments [6, 8].

5. Conclusion

AI is radically transforming the cyberattack landscape.
Its ability to automate attacks, generate malicious code
using LLMs, adapt in real time, and reduce reliance on
human intervention has increased both the effectiveness
and scope of threats. These characteristics represent
a critical challenge for traditional detection systems,
which fail to keep up with the pace and variability of
AI-powered attacks [5].

The findings pose significant implications for cyber-
security, both practical and academic [1, 8]. AI-based
offensive technologies can mimic legitimate behavior,
dynamically adapt, and execute large-scale personal-
ized attacks, with potential impact not only technical
but also psychological, in terms of more effective au-
tomated persuasion, emotionally personalized attacks,
and reduced user ability to identify compelling decep-
tions. These advances demand a rethinking of current
methodologies for threat detection and assessment.

The offensive use of AI in cyberattacks represents
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Table 2. Key thematic domains and insights in AI-enhanced cyberattack research as identified in the
literature review, including automation and scaling of attacks, malicious content generation via LLMs,
evasion of detection systems, and challenges in attribution and defense.

Thematic Research Domain Summary of Key Findings and Strategic
Implications

Automation and Escalation of AI-Driven Attacks AI enables full-cycle automation of cyberattacks
(e.g., reconnaissance, exploitation, evasion), allowing
massive, scalable, and adaptive threats. Defensive
systems remain mostly static and reactive, resulting
in critical operational gaps and higher exposure to
AI-augmented offensive strategies.

Automated Generation of Cyberattack Techniques
via LLMs

LLMs like ChatGPT can be exploited to generate
malicious code and phishing content, lowering the
barrier to entry for less-skilled actors. These tools
are increasingly integrated into offensive platforms
like Breach and Attack Simulation (BAS) systems,
improving attack customization and stealth.

Evasion of Monitoring and Detection Systems AI-driven adversarial techniques allow real-time
behavioral adaptation to evade traditional intrusion
detection systems (IDS) and firewalls. These
strategies significantly reduce the effectiveness of
signature-based and rule-based defense models.

Challenges and Opportunities in Detection and
Attribution

While AI complicates traceability and undermines
conventional forensic methods, it also offers new
avenues for advanced threat attribution, behavioral
analytics, and proactive cyber defense strategies
using predictive models.
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a paradigm shift in how digital threats are configured.
Understanding its scope and consequences is essential
to assessing the risk posed by a technology that, while
designed to drive progress, can also be used to amplify
damage. Contemporary cybersecurity must recognize
this inherent duality of AI: its ability to protect, but
also to exploit.
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Automated multiple-choice question generation for soft
skills development using LLMs: a short narrative review
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A B S T R A C T

The development of soft skills is crucial in higher education and professional training, yet traditional
assessment methods often struggle to provide personalized and scalable solutions. This narrative re-
view explores the potential of Large Language Models (LLMs), specifically GPT-based models, in
generating multiple-choice questions (MCQs) aimed at soft skills development. A structured analysis
of recent adjacent literature suggests that LLMs may offer considerable promise for automating the cre-
ation of diverse, contextually relevant, and construct-specific MCQs across various domains, including
psychological assessments, medical training, and educational settings. Key techniques such as prompt
engineering, model fine-tuning, and retrieval-augmented generation are identified as effective methods
for enhancing the accuracy and relevance of AI-generated questions. However, challenges such as bi-
ases, factual inaccuracies, and the need for human oversight remain significant concerns. The reviewed
studies consistently highlight the importance of integrating human expertise to ensure the validity,
fairness, and quality of the generated content. Despite these challenges, the use of LLMs could stream-
line the creation of personalized learning tools, offering scalable solutions for soft skills assessment.
Future research should focus on refining AI techniques, developing robust evaluation frameworks, and
exploring the impact of AI-generated MCQs on learners’ skill development. This review emphasizes
the need for a hybrid approach, combining AI’s efficiency with expert validation, to fully realize the
potential of LLMs in soft skills education.

Keywords: large language models, multiple-choice questions, soft skills

1. Introduction

The development of soft skills, such as communication,
critical thinking, teamwork, and problem-solving, has
become increasingly crucial in today’s fast-paced and
dynamic workforce [1]. Unlike hard skills, which are
specific, teachable abilities or knowledge, soft skills are
more intangible and harder to quantify [2]. However,
they are essential for effective collaboration, leadership,
and adaptability in various professional settings [2]. As
organizations recognize the value of these competencies,
there is a growing demand for innovative methods to

nurture and assess them [3]. One promising approach
is the use of multiple-choice questions (MCQs), which
can be strategically designed to promote reflection and
learning [4]. With advancements in artificial intelligence
(AI), particularly in Large Language Models (LLMs),
there is potential to generate these MCQs using auto-
matic item generation (AIG), creating personalized and
effective tools for soft skills development [5].

Despite the recognized importance of soft skills, tra-
ditional methods of developing and assessing these com-
petencies often fall short in both engagement and effec-
tiveness [6]. Existing literature highlights several ap-
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proaches to soft skills development, including experien-
tial learning, role-playing, and self-assessment [4], yet
there remains a persistent challenge in creating scal-
able and personalized learning experiences [5]. Foun-
dational work has emphasized the necessity of integrat-
ing emotional intelligence and interpersonal skills into
professional training programs [3]. However, these ap-
proaches often rely on human-mediated interventions,
which can be resource-intensive and may lack consis-
tency [2]. More recent research has explored the po-
tential of using technology-based solutions, such as e-
learning platforms and virtual simulations [4], but these
too have limitations in adaptability and real-time feed-
back [7]. Notably, there is a limited body of research
examining the automatic MCQ generation specifically
aimed at soft skills development, particularly leveraging
advanced AI models like LLMs [5]. This gap presents
an opportunity to explore innovative approaches that
can bridge the existing limitations and provide scalable,
personalized solutions for soft skills acquisition [4].

The objective of this Short Narrative Review (SNR)
is to explore the potential of leveraging artificial in-
telligence, specifically LLMs, to automatically gener-
ate MCQs that facilitate the development of soft skills,
hereafter referred to as soft skills MCQs. By addressing
the identified gaps in the existing literature, this review
aims to provide insights into the capabilities and limi-
tations of LLMs in creating personalized, engaging, and
effective soft skills MCQs. The guiding research ques-
tion for this review is: “Can LLMs be utilized to auto-
matically generate MCQs that help individuals develop
specific soft skills?” Through a comprehensive analysis
of current AI methodologies, practical applications, and
case studies, this review seeks to uncover innovative ap-
proaches that can bridge the existing limitations in soft
skills development and offer scalable, technology-driven
solutions.

Given the vast landscape of research on soft skills,
AI, and assessment, this review adopts a focused ap-
proach, prioritizing the analysis of the most critical and
high-quality contributions to the field. To ensure a
rigorous and impactful synthesis, the selection process
involved a targeted search using Google Scholar, fol-
lowed by a meticulous screening of results. Only origi-
nal research articles indexed in the Journal Citation Re-
ports (JCR) and belonging to the top two quartiles (Q1
and Q2) were included. This deliberate strategy allows
for a concentrated examination of influential and peer-
validated studies, enabling a deeper and more insightful
appraisal of the current state of knowledge regarding
the automatic generation of soft skills assessment tools
using LLMs.

This review systematically explores the potential of
leveraging LLMs for the automated generation of soft
skills MCQs. Section 2, Methodology, outlines the liter-
ature review process, detailing the databases searched,
keywords utilized, and selection criteria applied to en-
sure a transparent, replicable, and credible approach.
Section 3, Thematic Overview, synthesizes the main
findings, identifying emergent themes, trends, and pat-

terns in the use of LLMs for MCQ generation, while crit-
ically analyzing their applicability to soft skills devel-
opment and highlighting gaps in the existing literature.
Section 4, Discussion, interprets these findings, exam-
ining their implications for the use of AI in educational
contexts, particularly in designing soft skills MCQs, and
addresses limitations through comparative analysis. Fi-
nally, Section 5, Conclusion, consolidates the key in-
sights, underscores their significance for AI-driven edu-
cational tools, and proposes future research directions
to advance the development of LLM-generated soft skills
MCQs. Through this structured approach, the review
aims to contribute to the growing discourse on AI’s role
in enhancing educational methodologies for skills devel-
opment.

2. Methodology

The methodological framework for this review follows
a structured and transparent approach to synthesize
recent and relevant research in the field. While this
is not a systematic review, the study selection pro-
cess aligns with key principles of the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA) methodology to ensure clarity, rigor, and
replicability [8]. PRISMA guidelines provide a struc-
tured approach to literature identification, screening,
and inclusion, which enhances the reliability of narra-
tive reviews by minimizing selection bias [8]. Given the
SNR format, the focus is not on comprehensive cov-
erage but on curating a targeted subset of impactful
studies that provide valuable insights into the research
topic [9]. To achieve this, a systematic selection process
was implemented, emphasizing recent publications from
high-quality, peer-reviewed sources while maintaining
transparency in inclusion and exclusion criteria. This
methodological rigor ensures that the findings are based
on a well-defined and reproducible literature selection
process, strengthening the credibility of the review [9].

The identification phase involved a structured
search strategy to retrieve relevant studies on the re-
search topic. The search was conducted using Google
Scholar, a widely used academic search engine that
provides broad access to peer-reviewed journal articles
across various disciplines [10]. This platform was se-
lected for its comprehensive coverage of scholarly liter-
ature and its ability to index recent and high-impact
research in artificial intelligence and computing [11]. A
predefined search query, “intitle:(“soft skills” OR “so-
cial skills” OR “21st century skills” OR “interpersonal
skills” OR “skills” OR “skill”) AND intitle:(generation)
AND intitle:(“multiple choice questions” OR “Multiple-
choice questions” OR “automated item generation” OR
“MCQs” OR “AIG”) AND intitle:(LLM OR GPT OR
LLMs)”, was applied to ensure consistency in retrieval.
To maintain relevance, the search was restricted to stud-
ies published from 2020 onward, thereby focusing on re-
cent advancements in the field. This process yielded a
total of 184 records, which were subsequently assessed
through a multi-stage selection process to ensure that
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only high-quality and thematically relevant studies were
included in the review.

The screening phase aimed to refine the dataset by
eliminating studies that did not meet the relevance and
quality criteria [8]. The initial filtering process was
conducted through title and abstract screening, where
studies that were unrelated to the research topic were
excluded. Additionally, works not published in peer-
reviewed scientific journals were removed to ensure that
only rigorously vetted research was considered. Re-
view articles were also excluded to maintain a focus
on primary research studies that present original find-
ings rather than secondary analyses. As a result of
this screening process, 153 studies were excluded, leav-
ing 31 studies for further evaluation in the eligibility
phase. This step ensured that the remaining literature
was directly relevant, high-quality, and methodologi-
cally sound, aligning with the objectives of this Short
Narrative Review [9].

The eligibility phase involved a comprehensive full-
text assessment of the remaining studies to ensure their
alignment with the review’s objectives [12]. This stage
applied stricter exclusion criteria to further refine the
selection [13]. Studies were excluded if they were not
written in English, as language consistency is essential
for accurate interpretation and synthesis [14]. Addi-
tionally, articles that were outside the defined scope of
the review were removed to maintain thematic relevance
[15]. To ensure scientific rigor, only studies published in
journals indexed in the JCR within the first two quar-
tiles were retained [16]. Furthermore, studies with fewer
than nine citations per year were excluded to prioritize
research with established impact. As a result of this
assessment, 23 studies were excluded, leaving a final se-
lection of 8 studies for inclusion. These additional filters
ensured that the final dataset consisted of highly rele-
vant, peer-reviewed, and impactful research, strength-
ening the validity of the review’s findings [17].

Following the multi-stage selection process, a final
set of 8 studies was identified for inclusion in this re-
view. These studies represent recent, high-impact, and
thematically relevant contributions to the field, ensur-
ing that the review reflects the latest advancements. An
overview of the selected articles, including their titles,
journal names, and publication years, is provided in Ta-
ble 1. To enhance transparency, the study selection
process is visually summarized in Figure 1 (PRISMA
diagram), detailing the number of records screened, ex-
cluded, and retained at each stage. While this method-
ology ensures rigor and relevance, certain limitations
must be acknowledged. The exclusive use of Google
Scholar may have restricted the comprehensiveness of
the search, as other databases could yield additional
relevant studies [10]. Furthermore, the focus on recent
publications may have excluded historically significant
research, and the exclusion of lower-quartile or non-
indexed journals might have omitted valuable contri-
butions from emerging scholars or specialized domains
[18]. Additionally, the citation-based filtering may in-
troduce a bias favoring well-established studies while

potentially overlooking influential newer research [19].
Despite these limitations, the structured selection pro-
cess ensures a transparent, replicable, and methodolog-
ically rigorous approach to identifying the most impact-
ful literature for this review [12].

3. Thematic Overview

This section organizes and synthesizes the key findings
from the selected literature, grouping them into themes
that reflect the major topics, trends, and areas of con-
sensus or debate within the field. The focus is on the use
of LLMs such as different versions of GPT to automat-
ically generate soft skills MCQs. The selected articles
demonstrate the potential of LLMs to transform AIG
across various domains, including psychological assess-
ments, education, and medical training. By structuring
the discussion around these themes, we aim to provide
a cohesive narrative that highlights significant contribu-
tions, contradictions, and gaps in the literature.

The use of LLMs for automatic MCQ generation
has been explored in multiple contexts. For instance,
[20] demonstrates how GPT-3 can generate personality
test items with psychometric properties comparable to
human-authored items. Similarly, [21] introduces the
Psychometric Item Generator (PIG), which uses GPT-
2 to create diverse and high-quality psychological scale
items. These studies highlight the scalability and effi-
ciency of LLMs in generating diverse and contextually
relevant questions. The implementation of prompt tech-
niques on large language models can facilitate the gener-
ation of soft skills MCQs. This is supported by findings
from [23], which demonstrate that prompt engineering
significantly enhances the quality of AI-generated ques-
tions.

The psychometric properties of AI-generated MCQs
have been rigorously evaluated in several studies. For
example, [22] demonstrates that fine-tuned GPT-2 mod-
els can generate construct-specific personality test items
with high psychometric quality. Similarly, [24] evaluates
the difficulty and discrimination levels of ChatGPT-
generated medical questions, showing that they meet
acceptable psychometric standards. These findings un-
derscore the importance of construct-specificity in gen-
erating MCQs that align with specific soft skills, such as
communication, teamwork, and problem-solving. The
role of fine-tuning models and prompt engineering is
critical for ensuring that generated questions are both
relevant and effective for soft skills development.

The practical implications of using LLMs to gener-
ate soft skills MCQs are significant. For instance, [25]
provides actionable guidance for educators to use Chat-
GPT in generating high-quality medical questions, re-
ducing their workload and enabling personalized learn-
ing. Similarly, [26] demonstrates how LLMs can au-
tomate the creation of reading comprehension assess-
ments, saving time and resources. However, challenges
such as potential biases, factual inaccuracies, and the
need for human oversight are consistently highlighted
across studies. For example, [27] emphasizes the impor-
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Figure 1. Flowchart of the literature identification, screening, eligibility assessment, and inclusion pro-
cess.
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Table 1. The final list of articles used in this review, including information for title, journal, year of
publication and citation.

Title Journal Year Citation

A Paradigm Shift from “Human Writing”
to “Machine Generation” in Personality
Test Development: an Application of State-
of-the-Art Natural Language Processing

Journal of Business and Psychology 2023 [20]

Let the algorithm speak: How to use neural
networks for automatic item generation in
psychological scale development

Psychological Methods 2023 [21]

Transformer-based deep neural language
modeling for construct-specific automatic
item generation

Psychometrika 2022 [22]

Few-shot is enough: exploring ChatGPT
prompt engineering method for automatic
question generation in english education

Education and Information Technologies 2023 [23]

ChatGPT for generating multiple-choice
questions: evidence on the use of artifi-
cial intelligence in automatic item genera-
tion for a rational pharmacotherapy exam

European Journal of Clinical Pharmacology 2024 [24]

Twelve tips to leverage AI for efficient and
effective medical question generation: a
guide for educators using Chat GPT

Medical Teacher 2024 [25]

The interactive reading task: Transformer-
based automatic item generation

Frontiers in Artificial Intelligence 2022 [26]

Biomedical knowledge graph-optimized
prompt generation for large language
models

Bioinformatics 2024 [27]

tance of integrating knowledge graphs with LLMs to
improve accuracy and reduce biases in generated con-
tent.

The importance of AI-human collaboration is a re-
curring theme in the literature. The need for educators
to guide LLMs in generating high-quality questions is
highlighted in [25], ensuring scientific validity and con-
textual relevance. Similarly, [26] emphasizes the role
of human review in ensuring fairness and bias-free con-
tent in AI-generated reading comprehension tasks. Eth-
ical considerations, such as ensuring fairness, avoiding
biases, and maintaining transparency in AI-generated
content, are also critical. For instance, [27] discusses
the ethical implications of relying on LLMs for gener-
ating biomedical text and the need for domain-specific
knowledge to enhance accuracy.

The themes discussed in this section collectively
demonstrate the potential of LLMs to generate high-
quality soft skills MCQs. Areas of consensus include
the scalability and efficiency of LLMs, the importance of
construct-specificity, and the value of AI-human collab-
oration. However, ongoing debates about biases, factual
inaccuracies, and the need for human oversight high-
light the challenges that must be addressed to fully re-
alize the potential of AI in this domain. These findings
set the stage for the next sections of the review, which
will explore the implications of these insights for soft
skills development and future research directions. By
leveraging the strengths of LLMs while addressing their

limitations, we can create innovative and effective tools
for soft skills MCQ generation.

4. Discussion

The reviewed literature indicates a significant potential
for LLMs, including various GPT versions and Chat-
GPT, to enhance the efficiency of AIG across diverse
assessment domains such as personality testing, psycho-
logical scales, medical examinations, and language edu-
cation [20, 21, 22, 23, 24, 26, 25]. Key AI techniques
identified include prompt engineering, ranging from
few-shot learning to structured protocols and practical
tips [20, 23, 25], and the fine-tuning of pre-trained mod-
els for specific constructs [22]. Furthermore, approaches
like Knowledge Graph-enhanced Retrieval-Augmented
Generation (KG-RAG) are emerging to specifically ad-
dress the critical challenge of factual accuracy in LLM
outputs [27]. Evaluating the effectiveness of these
AI-generated items involves various methods, notably
quantitative psychometric analyses focusing on proper-
ties like factor structure, reliability, difficulty, and dis-
crimination [20, 22, 24], as well as qualitative expert
and user reviews assessing content validity, relevance,
fairness, and overall quality [23, 26, 25]. Despite the
promise, a consistent theme across the studies is the
necessity of expert review to address challenges such
as potential inaccuracies [24, 27, 25], biases inherited
from training data [20, 21, 26], and ensuring the over-
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all quality and appropriateness of the generated items
[22, 24, 26, 25]. The purpose of this discussion is there-
fore to interpret these findings in the specific context
of generating effective soft skills MCQs, consider the
broader implications, compare the observed methodolo-
gies, acknowledge limitations, and propose pertinent di-
rections for future research.

Interpreting these findings for the generation of
soft skills MCQs reveals both opportunities and
significant challenges. The identified AI tech-
niques—prompt engineering, fine-tuning, and poten-
tially RAG—demonstrate clear pathways for generating
assessment content using models like GPT-2, GPT-3,
and ChatGPT [20, 22, 23, 24, 25]. Methods empha-
sizing construct-specificity through fine-tuning [22] or
requiring precise, detailed instructions via prompt en-
gineering [23, 25] appear particularly relevant for align-
ing generated MCQs with specific, often nuanced, soft
skills competencies. Defining “effectiveness” for soft
skills MCQs, based on the reviewed literature, likely ne-
cessitates a hybrid approach; quantitative psychometric
properties like item difficulty and discrimination [24] are
important for assessment utility, but qualitative expert
judgment focusing on construct validity, contextual rel-
evance, fairness, and potential bias [23, 26, 25] is ar-
guably indispensable for ensuring the questions mean-
ingfully address soft skills. The primary challenge lies
in translating success from domains focused on cogni-
tive abilities or stable traits [20, 22, 21, 23, 24, 26] to
the dynamic, context-dependent, and often behavioral
nature of soft skills like communication, teamwork, or
problem-solving. It remains an open question how ef-
fectively the current methods can generate soft skills
MCQs beyond surface-level knowledge. Techniques en-
hancing factual accuracy, such as KG-RAG [27], might
prove valuable for creating reliable scenario-based ques-
tions common in soft skills training. Ultimately, the
consistent finding across diverse studies [22, 24, 26, 25]
that manual validation is essential underscores the in-
terpretation that current AI technologies serve as pow-
erful assistants rather than autonomous creators, par-
ticularly for complex and sensitive tasks like generating
materials for soft skills development.

The implications of leveraging AI for soft skills
MCQ generation are potentially far-reaching. Practi-
cally, the most significant implication, echoed across
nearly all reviewed studies, is the potential for sub-
stantial efficiency gains, saving educators, trainers,
and instructional designers considerable time and re-
sources in developing practice materials and assess-
ments [25, 26, 23, 22, 20]. This efficiency could facil-
itate the creation of larger, more diverse item banks
[22], enabling personalized learning pathways or adap-
tive testing systems tailored to individual soft skills
development needs. For the field of educational tech-
nology, these findings can guide the development of
more sophisticated authoring tools, perhaps integrat-
ing user-friendly interfaces similar to the PIG tool con-
cept [21] with robust back-ends for prompting, gener-
ation, and validation workflow support. Furthermore,

this line of research has implications for AI develop-
ment itself, highlighting the need for models with im-
proved capabilities in handling nuance, context, ethi-
cal considerations, and bias mitigation – all critical as-
pects when dealing with soft skills. Regarding readi-
ness for application, while studies show promise, such as
achieving acceptable psychometric properties for medi-
cal MCQs [24], the strong emphasis on mandatory ex-
pert review [26, 25, 24, 22] suggests that AI-generated
soft skills MCQs should perhaps be initially deployed in
lower-stakes formative assessment or practice contexts,
rather than high-stakes summative evaluations, pending
further validation. The potential beneficiaries include
learners gaining more practice opportunities, educators
saving valuable time, and organizations obtaining more
scalable tools for training and development.

Comparing the findings of the eight reviewed ar-
ticles with the broader AIG landscape described by
recent reviews [28, 29] highlights both continuity and
rapid evolution. While [29] demonstrated that earlier
AIG methods could produce high-quality MCQs com-
parable to traditional ones, even for assessing higher-
order application of knowledge, the studies in this re-
view predominantly showcase the capabilities of newer
LLMs [20, 21, 22, 23, 24, 26, 25]. This focus aligns with
the trend towards advanced Natural Language Process-
ing (NLP) techniques noted [28]. Although these LLM-
based approaches demonstrate significant potential for
generating diverse items efficiently across various do-
mains, the consistent emphasis across multiple articles
[22, 24, 26, 25] on the necessity of rigorous expert vali-
dation due to concerns about accuracy [24, 27, 25] and
bias [20, 21, 26] suggests that achieving the quality par-
ity shown by [29] requires careful human-AI collabora-
tion. The diverse evaluation methods employed in the
reviewed articles—spanning psychometrics [20, 22, 24]
and expert judgment [23, 26, 25]—reflect the varied
evaluation landscape described by [28], reinforcing the
importance of expert review also highlighted by [29]
and underscoring the need for continued refinement of
these powerful but still maturing AI techniques for op-
erational use.

It is crucial to acknowledge the limitations present
both within the reviewed studies and in this narrative
review itself. A frequently reported limitation across
the primary studies is the indispensable need for human
expert review to ensure the quality, validity, fairness,
and accuracy of the AI-generated items [22, 24, 26, 25].
Concerns regarding factual inaccuracies or “hallucina-
tions” produced by LLMs were also noted [24, 27, 25],
alongside the potential for inherent biases present in
the models’ training data influencing the generated con-
tent [20, 21, 26]. Specific studies reported issues like
semantic redundancy or poor item quality [22], faced
constraints due to small sample sizes or limited scope
[24], or highlighted dependency on particular AI models
or knowledge graphs [27]. Furthermore, many studies
focused on domains other than soft skills or generated
item formats other than MCQs (e.g., [20] focused on
Likert-scale personality items). This review is also lim-
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ited by its narrative nature and the small sample size of
eight articles, which, despite the PRISMA methodology,
may not capture the full breadth of research. Key ques-
tions pertinent to the research objective remain largely
unanswered by this specific set of literature, including
how to reliably generate MCQs that assess higher-order,
context-dependent soft skills; how best to evaluate the
effectiveness of these soft skills MCQs; and how to sys-
tematically mitigate biases in AI-generated content tai-
lored for soft skills.

Based on the synthesis of findings and the iden-
tified limitations, several directions for future re-
search emerge. There is a clear need for research
directly comparing the efficacy of different AI tech-
niques—prompt engineering, fine-tuning, RAG, or hy-
brid approaches—specifically tailored for the complexi-
ties of generating soft skills MCQs, potentially building
upon the methods explored by [23, 22, 27]. Concur-
rently, robust evaluation frameworks must be developed
for this specific context, integrating appropriate psycho-
metric analyses with rigorous expert reviews that ex-
plicitly assess construct validity, contextual relevance,
fairness, and potential biases, going beyond the general
quality checks used in studies like [24, 26, 23]. Crucially,
future empirical studies should move beyond evaluating
item quality to investigating the actual impact of inter-
acting with AI-generated soft skills MCQs on learners’
skill development, ideally through longitudinal research
designs. Addressing the persistent challenges of bias
and inaccuracy is paramount; research should focus on
developing and testing methods for proactively mitigat-
ing bias in soft skills content generation and enhanc-
ing the factual consistency of scenario-based questions,
perhaps by refining KG-RAG techniques [27]. Finally,
future work could explore the generation of diverse item
formats suitable for soft skills, such as situational judg-
ment test items (as suggested by [20]), investigate the
integration of these tools into adaptive learning systems,
and develop specific ethical guidelines for the responsi-
ble use of AI in soft skills assessment and development.

Overall, the reviewed studies suggests that LLMs
offer considerable potential for streamlining MCQ gen-
eration, a potential that could, in principle, be extended
to the domain of soft skills development. Techniques
such as sophisticated prompt engineering, model fine-
tuning, and retrieval-augmented generation represent
key methodological avenues explored in related fields
[23, 22, 27, 25]. However, the reviewed literature con-
sistently underscores that realizing this potential effec-
tively and responsibly hinges upon careful implementa-
tion and, critically, the integration of human expertise.
Achieving desired levels of quality, accuracy, validity,
and fairness currently necessitates a hybrid approach,
with AI serving as a powerful assistant requiring human
guidance, refinement, and validation [22, 24, 26, 25].
Significant challenges remain, particularly concerning
the reliable generation and evaluation of content for nu-
anced soft skills and the mitigation of potential inaccu-
racies and biases. Addressing these challenges through
focused future research on tailored techniques, robust

evaluation methodologies, impact studies, and ethical
frameworks will be essential to fully harness the capa-
bilities of AI for soft skills MCQ generation. This re-
view contributes by synthesizing the current state, high-
lighting both the promise and the necessary precautions
based on recent studies investigating AI-driven AIG.

5. Conclusion

This narrative review examined the use of LLMs, par-
ticularly GPT-based architectures, for the automated
generation of soft skills MCQs. The synthesis of eight
recent studies identified core methodological trends,
including prompt engineering, model fine-tuning, and
RAG, primarily applied in domains such as cognitive
assessment, medical testing, and language education.
While these approaches demonstrate clear potential,
their direct application to soft skills remains underex-
plored and methodologically challenging due to the in-
herently contextual and behavioral nature of such com-
petencies.

Evidence from the reviewed literature suggests that
LLMs can significantly increase the efficiency of AIG,
particularly when integrated with structured prompt-
ing strategies or domain-specific fine-tuning. However,
ensuring the quality, relevance, and fairness of gener-
ated items necessitates rigorous human oversight. Eval-
uation frameworks that combine psychometric analysis
with expert review are essential, particularly when as-
sessing content aimed at complex constructs like com-
munication, teamwork, or ethical reasoning.

The primary implications concern both the scalabil-
ity of AI-assisted assessment development and the lim-
itations of current models. LLMs offer opportunities to
expand item banks and support adaptive learning envi-
ronments, but concerns about factual inaccuracies, se-
mantic redundancy, and embedded biases highlight the
importance of human-in-the-loop design. Current sys-
tems should therefore be deployed cautiously, preferably
in formative or low-stakes contexts pending further val-
idation.

This review is constrained by its limited sample size
and the narrative synthesis methodology, which may not
capture the full scope of relevant research. Additionally,
most studies reviewed focus on domains other than soft
skills or employ formats other than MCQs, limiting di-
rect generalizability. Key gaps remain regarding the re-
liable generation of context-sensitive items, the empiri-
cal evaluation of learning outcomes, and the mitigation
of AI-induced biases.

Future research should prioritize the development
of specialized generation and evaluation frameworks for
soft skills assessments. Comparative analyses of AI
techniques, longitudinal impact studies, and bias miti-
gation strategies are particularly needed. As LLMs con-
tinue to evolve, their effective integration into soft skills
development will depend on sustained interdisciplinary
collaboration, combining advances in AI with domain-
specific pedagogical and ethical expertise.
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Chavez 1, Máximo Arturo Guzmán-Ascencio 1, Raul Humberto Rodriguez-Mendez 1, Romell
Gerardo Mejia-Ramón 1, and Misael Garcia 1
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A B S T R A C T

The detection of floods using satellite imagery is essential for strengthening monitoring systems and
early-warning mechanisms in vulnerable regions. This Short Narrative Review examines the effective-
ness of Long Short-Term Memory (LSTM) models and other recurrent neural networks (RNNs) in
comparison with traditional methods and deep learning architectures based on convolutional neural
networks (CNNs). The reviewed studies indicate that CNNs remain the most widely used and report
strong performance in the spatial segmentation of flooded areas, particularly with architectures such as
U-Net and DeepLab. Moreover, some articles highlight that LSTMs provide advantages by integrating
temporal information and hydrological variations that CNNs do not capture, which may support the
interpretation of events with temporal dynamics. The most common limitations include environmental
variability, sensor dependence, and lack of methodological consistency across studies. Although the
evidence is still limited, the reviewed literature suggests that LSTMs may serve as a complementary
approach for flood detection based on satellite imagery.

Keywords: flood detection, recurrent neural networks, long short-term memory

1. Introduction

In the field of applied artificial intelligence, Recurrent
Neural Networks (RNNs) have become established as
one of the most effective architectures for processing
sequential data [1], enabling the modeling of complex
temporal dynamics in natural phenomena and physical
systems. Their ability to retain contextual information
and learn long-term dependencies has driven their adop-
tion across multiple areas of scientific computing [2],
ranging from weather forecasting [3] to environmental
monitoring [4]. Within this landscape, flood detection
using satellite imagery has emerged as a high-impact
field, where the automated analysis of time series is

essential for anticipating extreme events and reducing
human and material losses. In a global context marked
by the intensification of hydrometeorological disasters,
the integration of deep learning algorithms with Earth-
observation technologies in optical and satellite radar
sensors represents a promising pathway for strength-
ening early-warning systems and resilience to climate
change.

Despite advances in deep learning applied to Earth
observation, the automated detection of floods contin-
ues to face significant limitations in terms of accuracy,
generalization, and scalability. Recent literature reveals
that many traditional approaches, based on spectral
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thresholds or supervised classification algorithms, ex-
hibit inconsistent performance when confronted with
the spatial and temporal variability of satellite data.
Although RNNs and, in particular, Long Short-Term
Memory (LSTM) models have demonstrated notable
potential for capturing spatiotemporal relationships in
image sequences, their application in flood detection re-
mains fragmented and methodologically heterogeneous.
This dispersion of approaches hinders the comparison
of results and the consolidation of evaluation standards,
creating a knowledge gap regarding the actual effective-
ness of these architectures across diverse scenarios and
under changing environmental conditions. In this con-
text, it is necessary to conduct a critical and up-to-date
review that synthesizes the most relevant findings and
contributes to clarifying the role of RNNs and LSTM
models in improving flood detection systems using satel-
lite imagery.

In response to the identified limitations, this review
aims to analyze and synthesize recent scientific evidence
on the use of deep learning architectures for flood detec-
tion using satellite imagery, considering primarily con-
volutional neural networks (CNNs) based approaches,
which are the most representative in the reviewed litera-
ture, and also incorporating studies that employ LSTM
models and other RNNs when available. The analysis
seeks to examine the predominant methodological ap-
proaches, the types of satellite data used, and the per-
formance metrics reported, with the purpose of identify-
ing patterns, strengths, and persistent gaps in the field.
Under a Short Narrative Review framework, the study
prioritizes both the analysis and the critical synthesis of
high-quality research published over the past five years,
guiding the discussion toward understanding how differ-
ent architectures contribute to improving the accuracy
and predictive capacity of early-warning systems. In
this manner, the study is situated at the intersection of
artificial intelligence, remote sensing, and climate-risk
management, proposing an integrative perspective that
fosters future applied research directions.

The review attains scientific relevance by demon-
strating the lack of stable and comparable criteria in
the methods used for flood detection through satellite
imagery, particularly given the diversity of sensors, ar-
chitectures, and validation strategies employed in recent
literature. More than reiterating the potential of recur-
rent models, the central contribution of this work lies in
clarifying the current state of this methodological het-
erogeneity and in assessing its impact on reproducibility,
the generalization of results, and the operational capac-
ity of hydrometeorological monitoring systems. By or-
ganizing and contrasting dispersed approaches, the re-
view helps delineate actual advances, remaining chal-
lenges, and opportunities for standardizing analytical
processes in future studies. In this way, it provides
a conceptual foundation that guides the development
of more consistent and useful research for integrating
artificial intelligence techniques into flood-risk manage-
ment.

To contextualize the scope of the analysis developed

in the following sections, this article is structured in
a manner consistent with the objectives of the review.
Section 2, Methodology, details the procedure used for
the identification, selection, and critical evaluation of
the literature, specifying the criteria that allow for ex-
amining model performance, operational applicability,
comparison among architectures, and geographic trans-
ferability. In Section 3, Thematic Overview, the main
findings are presented, organized according to method-
ological trends, model types, and geospatial applica-
tions. Section 4, Discussion, provides an interpreta-
tive analysis that contrasts the results, identifies sig-
nificant advances, and discusses persistent limitations in
the field. Finally, Section 5, Conclusion, synthesizes the
central contributions of the review and outlines research
directions aimed at strengthening intelligent systems for
flood detection.

2. Methodology

The methodology employed in this review aims to en-
sure a fair, transparent, and replicable process for the
identification, selection, and analysis of the most rel-
evant literature related to the topic of study. Google
Scholar was used as the search engine due to its ex-
tensive repository of scientific articles and its accessible
interface, which facilitates the retrieval of up-to-date
academic sources. This platform is particularly useful
for locating works from diverse disciplines, including the
field of neural networks and machine learning, which
constitute the main focus of our research.

The search was conducted using specific keywords:
(“long short-term memory” OR “recurrent neural net-
works”) AND satellite AND “flood detection”, with the
aim of encompassing the available literature related to
the application of LSTM and RNN models in flood de-
tection using satellite imagery. The search strategy was
designed with clearly defined inclusion and exclusion
criteria to ensure the quality and relevance of the se-
lected articles.

Articles that met the following parameters were con-
sidered for inclusion:

Published in peer-reviewed scientific journals in-
dexed in the Journal Citation Reports (JCR), specifi-
cally in Q1 or Q2 journals written in English. Published
within the last five years, in order to include both foun-
dational research and the most recent advancements.
With a minimum of 10 citations per year, reflecting their
impact and recognition within the scientific community.

In the identification phase, 636 records were ob-
tained. After reviewing titles and abstracts, 592
records were excluded during the screening phase be-
cause they did not meet the initial relevance, language,
or publication-type criteria. The remaining 44 articles
were then evaluated in the eligibility phase according to
the predefined quality criteria. At this stage, 33 articles
were excluded: 12 were not classified as Q1 or Q2, and
21 had fewer than 10 citations per year. Ultimately, 11
articles met all the established parameters and were se-
lected for inclusion. Any discrepancies were reviewed by
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a team of seven evaluators, with disagreements resolved
through consensus.

Articles were excluded based on the following crite-
ria: Not written in English (n = 0). Not directly re-
lated to the topic after reviewing the title and abstract
(n = 0). Not indexed in the JCR or not meeting the
required quality level (n = 0). Not classified as Q1 or
Q2 (n = 12). Having fewer than 10 citations per year
(n = 21).

The selection process illustrated in Figure 1 de-
scribes the systematic filtering from the initial search
to the final inclusion of the studies. The selected arti-
cles were qualitatively analyzed to identify approaches,
methodologies, and relevant findings on the use of
LSTM and RNN networks in flood detection using satel-
lite imagery.

To ensure the rigor of the identification process, the
search was carried out in Google Scholar using the com-
plete strategy: (“long short-term memory” OR “recur-
rent neural networks”) AND satellite AND “flood de-
tection”, applying publication-year filters for the period
2020–2025. The query was conducted on January 15,
2025, and the results were cleaned through the man-
ual removal of duplicates before proceeding to the ini-
tial screening. Subsequently, it was verified that each
record met the methodological criteria previously de-
scribed, thus forming the final set of selected studies.
The articles that passed this process are presented in
Table 1, where their main characteristics are synthe-
sized to facilitate the subsequent comparative analysis.

3. Thematic Overview

The collection of analyzed studies focuses on the ap-
plication of artificial intelligence and deep learning for
advanced water-risk management, encompassing two es-
sential lines of research: post-disaster event detection
and mapping, and predictive monitoring or suscepti-
bility mapping. In remote sensing-based flood detec-
tion, the predominant methodological approach is the
implementation of CNNs for image classification and
segmentation [6]. U-Net and its variants have become
established as key tools for refining segmentation and
improving mapping accuracy [11, 14]. Regarding data
acquisition platforms and sensor types, the reviewed
studies show a clear diversity of sources: some em-
ploy unmanned aerial vehicles (UAVs) equipped with
RGB cameras to obtain high spatial resolution and
rapid response in targeted areas [6], while others rely on
SAR imagery, Sentinel-1 data, multisensor optical im-
agery, Very High Resolution (VHR) images, or Sentinel-
2 multispectral data to ensure broader coverage and
greater robustness under different environmental condi-
tions [11, 14]. Complementarily, the predictive axis in-
cludes the integration of Artificial Intelligence of Things
(AIoT) with in situ sensors for real-time overflow pre-
vention [8], as well as machine learning models such as
Random Forest (RF) for generating susceptibility maps
based on topographic, hydrological, and environmen-
tal variables derived from satellite or GIS-based data

[8, 15]. Based on the primary acquisition source re-
ported in each study, SAR or Sentinel-1 imagery repre-
sents 36.4% of the reviewed articles, followed by satel-
lite or GIS-derived environmental variables with 27.3%,
optical VHR or Sentinel-2 multispectral imagery with
18.2%, UAV or RGB imagery with 9.1%, and AIoT or in
situ sensing with 9.1%. This distribution, summarized
in Figure 2, shows that the analyzed literature is dom-
inated by satellite-based and geospatial data sources,
while UAV and in situ sensing approaches are less fre-
quent but operationally relevant.

In addition to the general trends observed, the com-
parative analysis reveals substantial methodological dif-
ferences that affect both model performance and the
comparability of results among studies. One of the most
relevant divergences concerns the balance between spa-
tial resolution and coverage extent. Some studies prior-
itize the high spatial resolution obtained through UAVs
equipped with RGB cameras, which facilitates detailed
flood characterization and damage assessment in local-
ized areas [6]. In contrast, other studies rely on satel-
lite sensors such as Sentinel-2, VHR, and SAR to en-
sure broader and more continuous regional observation,
although generally with a lower level of spatial detail
[11, 14]. At the algorithmic level, contrasts are also
observed: Random Forest exhibits better generaliza-
tion capacity in scenarios with significant geomorpho-
logical and climatic variability, particularly when envi-
ronmental and topographic factors derived from satel-
lite data are combined, whereas U-Net and related ar-
chitectures are more strongly oriented toward fine spa-
tial segmentation [15]. Similarly, the reviewed studies
differ in their operational objectives, since most focus
on post-disaster flood identification, while others adopt
preventive approaches through AIoT-based systems and
in situ sensors for real-time hydrological monitoring [8].
This methodological heterogeneity is especially relevant
for assessing LSTM and RNN architectures, because
their effectiveness depends on the availability of coher-
ent multitemporal series with stable acquisition frequen-
cies. Therefore, variability in spatial resolution, cov-
erage, data availability, and evaluation protocols lim-
its the possibility of directly comparing recurrent mod-
els with traditional spatial models or convolutional ap-
proaches.

The integrated analysis reveals that one of the most
significant gaps in the literature is the lack of well-
documented reference datasets, which hinders a rigor-
ous evaluation of model performance and stability [10].
This deficiency limits the ability to compare approaches
under homogeneous conditions and generates biases de-
rived from differences in resolution, spatial extent, and
atmospheric conditions, particularly affecting the trans-
ferability of the proposed methods [15]. At the method-
ological level, difficulties also persist in scenarios where
the hydrological signal is subtle, such as spectrally ho-
mogeneous landscapes, or where events occur at very
small scales [10], which restricts the generalization ca-
pacity of several architectures based on spatial segmen-
tation. From a critical perspective, it is observed that
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Table 1. List of analyzed articles on flood detection.

Title Journal Year Reference

Deep Learning-Based Improved WCM
Technique for Soil Moisture Retrieval with
Satellite Images

Remote Sensing 2023 [5]

Uavs in disaster management: Application
of integrated aerial imagery and convolu-
tional neural network for flood detection

Sustainability 2021 [6]

Sentinel-1 SAR Images and Deep Learning
for Water Body Mapping

Remote Sensing 2023 [7]

An Integrated Artificial Intelligence of
Things Environment for River Flood Pre-
vention

Sensors 2022 [8]

A Near-Real-Time Flood Detection
Method Based on Deep Learning and
SAR Images

Remote Sensing 2023 [9]

Flood Detection in Dual-Polarization SAR
Images Based on Multi-Scale Deeplab
Model

Remote Sensing 2022 [10]

Flood Detection Using Multiple Chinese
Satellite Datasets during 2020 China Sum-
mer Floods

Remote Sensing 2021 [11]

Flood Susceptibility Assessment Using Ar-
tificial Neural Networks in Indonesia

Artificial Intelligence in Geosciences 2021 [12]

Flood Susceptibility Mapping Using
Multi-Temporal Sentinel-1 Data and
eXtreme Deep Learning Model

Geoscience Frontiers 2024 [13]

Mapping Pluvial Flood-Induced Damages
with Multi-Sensor Optical Remote Sens-
ing: A Transferable Approach

Remote Sensing 2023 [14]

Integrating Satellite Images and Machine
Learning for Flood Prediction and Suscep-
tibility Mapping for the Case of Amibara,
Awash Basin, Ethiopia

Remote Sensing 2024 [15]

Figure 1. Flow diagram of the literature identification, selection, eligibility assessment, and inclusion
process.
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Figure 2. Distribution of the reviewed studies according to their primary acquisition platform or sensor
type. The categories summarize the dominant data source reported in each article.

most of the reviewed studies emphasize techniques ori-
ented toward spatial analysis, such as CNN, RF, or UAV
sensors, whereas temporal approaches based on LSTM
and RNN are constrained by the limited availability of
consistent multitemporal series, making it difficult to
properly contrast them with purely spatial models. This
methodological imbalance suggests the need to promote
more balanced experimental designs, as well as compar-
ative frameworks that integrate both spatial and tempo-
ral information. In this regard, the integration of com-
plementary sensors (radar, shortwave infrared) and the
expansion of AIoT systems for continuous monitoring
represent promising directions for generating more ro-
bust multitemporal datasets, a necessary condition for
more accurately evaluating the real potential of recur-
rent architectures in flood detection.

4. Discussion

The evidence gathered shows a significant advance in
the use of deep learning techniques for flood detection
through satellite imagery; however, the methodologi-
cal domain observed is strongly concentrated in convo-
lutional architectures oriented toward spatial analysis.
This predominance introduces a clear bias in the litera-
ture, as it limits the ability to fairly evaluate alternative
approaches such as recurrent neural networks, includ-
ing LSTMs, whose performance cannot be directly in-
ferred due to the absence of rigorous comparative stud-
ies within the analyzed corpus. Thus, although recur-
rent models are theoretically suitable for representing
the temporal evolution of hydrological variables, the re-
view indicates that their practical application remains
marginal and methodologically underexplored, which

prevents the formulation of conclusive claims regarding
their superiority or operational advantage. This lack
of empirical evaluation is complemented by recurrent
methodological limitations, data heterogeneity, scarcity
of consistent multitemporal series, and the absence of
comparable metrics that constrain critical analysis and
hinder the generalization of the findings. In totality,
these observations allow for a reinterpretation of the
study’s objective: rather than validating the perfor-
mance of LSTM/RNN architectures, the results reveal
a systematic gap in their implementation and evalu-
ation, underscoring the need for research that jointly
integrates temporal and spatial analysis to strengthen
future monitoring and early warning systems.

The comparison of the study’s findings with the an-
alyzed articles reveals a clear methodological conver-
gence, insofar as most investigations highlight the effec-
tiveness of convolutional models and multisensor fusion
strategies to improve accuracy in flood detection. This
trend aligns with the high levels of accuracy reported
in UAV-based applications [6], in SAR imagery from
Sentinel-1 [9], in Copernicus program products, and in
deep architectures such as U-Net or DeepLab [10], which
demonstrate a notable capacity to process complex spa-
tial information. However, a relevant divergence is ob-
served regarding temporal approaches: although several
studies employ historical data, multitemporal series, or
continuous monitoring [13], the explicit application of
RNNs or LSTMs is scarce, indicating a gap between
the potential identified in the present study and cur-
rent practices in the literature. Even so, the presence
of spatiotemporal dynamics in the reviewed procedures
suggests that the field is in a transitional phase toward
more integrated approaches, which reinforces the theo-
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retical relevance of recurrent models and their possible
contribution to future research.

The results of the study show that CNNs continue
to be the main theoretical reference in the literature
due to their high performance in extracting spatial pat-
terns, achieving reported accuracy values between 91%
and 95% in flood detection tasks using well-established
architectures such as U-Net or DeepLab [10]. (It should
be noted that these values correspond to general perfor-
mance metrics reported in the studies primarily accu-
racy and IoU which are not directly comparable across
publications due to differences in datasets and exper-
imental protocols.) Nevertheless, the increase in the
availability of multitemporal series highlights the need
to incorporate models capable of capturing temporal
dependencies, such as LSTM and RNN architectures,
whose theoretical benefits for modeling hydrological
variability are not yet reflected in the reviewed liter-
ature. This absence reveals a methodological gap: al-
though the studies work with sequential or multitempo-
ral data, few employ recurrent approaches, which limits
the exploitation of the dynamic component of flood pro-
cesses. At the practical level, the use of UAVs stands
out due to their ability to access hard to reach areas, re-
duce operational costs, and provide rapid and accurate
detections [6]. Likewise, the integration of sensors such
as Sentinel-1 and satellites from the Copernicus pro-
gram expands geographic coverage [11], although with
slight losses in spatial precision compared to very-high-
resolution sensors. These approaches allow affected ar-
eas to be identified, soil moisture to be estimated, and
water levels to be detected [5], thereby strengthening
early warning systems. However, limitations persist,
such as high computational requirements, sensitivity
to atmospheric factors, and dependence on extensive
and continuously updated databases. In summary, the
methodological advances enrich the understanding of
hydrometeorological processes and provide tools with
a direct impact on risk management.

The limitations identified in the literature signifi-
cantly affect the interpretation and scope of the results,
as numerous studies depend on favorable environmen-
tal conditions and extensive datasets to ensure adequate
performance. Factors such as variations in illumination,
the presence of clouds, shadows, or watermarks intro-
duce uncertainty that compromises the precise segmen-
tation of flooded areas [7], weakening the internal valid-
ity of the models. Added to this is the reduced trans-
ferability to regions with different hydrological, topo-
graphic, or climatic characteristics, which restricts the
generalization of the findings [14]. There also remains
a lack of homogeneous methodological criteria both in
the choice of sensors and in model design, which makes
it difficult to rigorously compare approaches based on
CNNs, LSTMs, or other deep learning architectures.
Taken together, these limitations outline a scenario in
which the effectiveness of the models depends closely on
the quality of the available data, the geographic context,
and the methodological consistency applied.

In totality, the evidence discussed demonstrates

that the field of flood detection is moving toward more
integrated approaches, where the combination of deep
models, heterogeneous sensors, and multitemporal mon-
itoring strategies constitutes the current axis of innova-
tion. Although convolutional architectures continue to
dominate due to their performance in spatial tasks, the
gaps identified regarding the treatment of the temporal
dimension reveal a clear opportunity for the systematic
incorporation of recurrent models such as LSTM and
RNN. At the same time, methodological limitations,
particularly the lack of standardization, variability in
data quality, and reduced geographic transferability in-
troduce constraints that must be considered in any at-
tempt at operational implementation. In this regard,
the review offers a decisive contribution by clarifying
the current state of the field, identifying its main gaps,
and establishing the elements necessary to empirically
strengthen future developments in monitoring and early
warning systems.

5. Conclusion

The review shows that, although recurrent models and
LSTM architectures possess theoretical potential for
capturing relevant temporal dynamics in hydrological
processes, CNNs and variants such as U-Net remain the
predominant techniques due to their strong performance
in spatial segmentation tasks. Likewise, the analyzed
studies highlight the usefulness of UAVs for acquiring
high-resolution imagery, the robustness of Sentinel-1 in
complex atmospheric scenarios, and the improvements
derived from multisensor integration. Cumulatively,
these advances confirm the central role of deep learn-
ing in the rapid and accurate detection of floods; how-
ever, the limited adoption of recurrent models reveals a
methodological gap that opens a clear avenue for future
research aimed at systematically evaluating the contri-
bution of RNNs and LSTMs in real operational contexts
and with more demanding multitemporal datasets.

In light of the central objective of this work to exam-
ine the current and potential role of LSTM and RNN
models in flood detection using satellite imagery the
findings indicate that the contribution of these archi-
tectures remains incipient within the high-impact lit-
erature analyzed and still underrepresented in top-tier
journals. Their limited adoption does not reflect a lack
of theoretical relevance, but rather the absence of rigor-
ous comparative studies that evaluate their usefulness
against established models such as U-Net. In this re-
gard, the review provides a conceptual clarification of
where the temporal capabilities of recurrent models are
actually positioned within the current methodological
landscape, offering a more precise foundation to guide
future research toward analytical frameworks that ex-
plicitly integrate the temporal and spatial dimensions
of the flood phenomenon.

The findings of the review show that the integra-
tion of deep learning techniques with satellite sensors
and UAV platforms constitutes an essential compo-
nent for strengthening hydrometeorological risk man-
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agement. The relevance of this approach responds to
the increase in flood events and the need for more pre-
cise and operational tools. Nevertheless, limitations
persist related to the dependence on large volumes of
data, sensitivity to environmental conditions, and the
limited generalization across regions with heterogeneous
characteristics.

Taken together, the review makes it possible to more
precisely delineate the incipient yet conceptually rele-
vant role of LSTM models and other recurrent architec-
tures within the current landscape of flood detection.
Rather than offering definitive conclusions, the findings
indicate the need for systematic comparative evalua-
tions, reproducible experimental frameworks, and stan-
dardized multitemporal datasets that allow for rigorous
measurement of the actual contribution of these models
relative to well-established architectures such as U-Net.
Based on this, several lines of future research are iden-
tified: (1) developing controlled studies that explicitly
compare CNNs and LSTMs in operational scenarios; (2)
expanding open repositories with high-quality temporal
annotations; (3) designing hybrid approaches that in-
tegrate spatiotemporal dynamics within a single model;
and (4) advancing toward unified methodological proto-
cols that facilitate transferability across regions. These
directions constitute necessary steps for consolidating
the application of deep models in monitoring and early
warning systems, contributing to a more robust and ver-
ifiable technological development.
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