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Abstract

Mental health disparities among those who self-identify as gay men in Peru remain a
pressing public health concern, yet predictive models for early identification remain limited.
This research aims to (1) develop machine learning and deep learning models to predict
mental health issues in those who self-identify as gay men, and (2) evaluate the influence of
demographic, economic, health-related, behavioral and social factors using interpretability
techniques to enhance understanding of the factors shaping mental health outcomes. A
dataset of 2186 gay men from the First Virtual Survey for LGBTIQ+ People in Peru (2017)
was analyzed, considering demographic, economic, health-related, behavioral, and social
factors. Several classification models were developed and compared, including Logistic Re-
gression, Artificial Neural Networks, Random Forest, Gradient Boosting Machines, eXtreme
Gradient Boosting, and a One-dimensional Convolutional Neural Network (1D-CNN).
Additionally, the Shapley values and Layer-wise Relevance Propagation (LRP) heatmaps
methods were used to evaluate the influence of the studied variables on the prediction
of mental health issues. The results revealed that the 1ID-CNN model demonstrated the
strongest performance, achieving the highest classification accuracy and discrimination
capability. Explainability analyses underlined prior infectious diseases diagnosis, access to
medical assistance, experiences of discrimination, age, and sexual identity expression as
key predictors of mental health outcomes. These findings suggest that advanced predictive
techniques can provide valuable insights for identifying at-risk individuals, informing
targeted interventions, and improving access to mental health care. Future research should
refine these models to enhance predictive accuracy, broaden applicability, and support the
integration of artificial intelligence into public health strategies aimed at addressing the
mental health needs of this population.

Keywords: mental health; gay men; machine learning; deep learning; Shapley values;
LRP; Peru

1. Introduction

Mental health refers to a person’s emotional and psychological state, influencing
their ability to cope with stress, maintain relationships, and carry out daily activities [1].
Mental health disorders can manifest through emotional distress, cognitive difficulties,
and behavioral changes, often requiring professional intervention when they interfere
with daily functioning [2]. External stressors such as trauma, chronic stress, and social
adversity are commonly associated with the onset or exacerbation of such conditions [3].
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A multifaceted understanding of mental health allows for more effective identification of
risks, the development of targeted interventions, and improved treatment outcomes [4].

Social identity significantly shapes mental health outcomes, particularly by influenc-
ing exposure to stress and access to support. For sexual minorities, these psychosocial
stressors are often magnified, increasing vulnerability and creating unique challenges
that impact psychological outcomes [2,3,5]. Although many non-heterosexual individuals
maintain overall well-being, studies consistently show elevated risks of psychological
distress, depression, anxiety, and substance use in these populations. These disparities are
largely explained by minority stress theory, which attributes mental health differences to
stressors unique to stigmatized social communities—including enacted stigma (such as
social rejection, discrimination and victimization) and institutional stigma (including legal
exclusion and restricted access to healthcare) [5,6]. Across various sociocultural contexts
where such stigma persists, mental health disparities may further be exacerbated [6].

In Peru, structural inequality and social exclusion remain significant barriers to mental
health for LGBTIQ+ populations. Mental health issues have become an increasing public
health concern in Peru, with anxiety and depression affecting nearly a third of the general
population [7]. Suicide rates have also seen a steady rise, particularly among young
people [7]. However, these challenges are markedly intensified among Lesbian, Gay,
Bisexual, Transgender, Intersex, Queer, and non-binary, pansexual, and asexual (LGBTIQ+)
individuals, who face unique psychosocial stressors that place them at a heightened risk for
mental health disorders. According to the 2017 First Virtual Survey for LGBTIQ+ People
in Peru, 54.4% reported having mental health problems, with anxiety and depression
being the most prevalent conditions [8]. Discrimination, reported by 63% of respondents,
acts as a chronic source of emotional distress, social isolation, and internalized stigma [7].
Additionally, the lack of inclusive and affirming mental health services severely limits
access to care, further reinforcing health disparities [9].

Among sexual minorities, gay men in Peru face disproportionately high rates of
psychological distress. Research conducted by Més Igualdad Pert reveals that nearly
30% of gay men report suicidal ideation, and a significant portion suffer from depression
and anxiety disorders [9]. Experiences of family rejection, workplace discrimination,
and social stigma exacerbate these outcomes. Alarmingly, harmful practices such as sexual
orientation conversion efforts remain prevalent, with 36.2% of gay men reporting having
been subjected to such interventions [9]. These experiences, compounded by fear of
discrimination in clinical settings, not only cause profound emotional trauma but also often
discourage individuals from seeking professional help.

The intersection of stigma and systemic healthcare shortcomings exacerbates these
issues. Over half (58.4%) of gay men in Peru report having encountered prejudice or
misinformation from mental health professionals, reflecting a systemic lack of cultural com-
petence [9]. Additionally, the country’s underfunding of mental health services, allocating
only 0.1% of its Gross Domestic Product (GDP), limits the availability of specialized psycho-
logical care [9]. The combination of social exclusion and institutional neglect increases the
risk of chronic mental health conditions and self-harm among vulnerable populations [7].

Given these challenges, there is an urgent need for more effective strategies to
detect and manage mental health disorders in this population. The implementation
of affirmative psychological care, community-based mental health programs, and tar-
geted policy reforms could significantly improve outcomes for gay men and the broader
LGBTIQ+ community [7]. Without immediate intervention, mental health disparities will
continue to deepen, leaving vulnerable populations without the necessary support to
ensure their well-being.
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Currently, traditional statistical approaches in healthcare often offer only broad and
linear assessments, limiting their capacity to capture the multifactorial nature of men-
tal health problems [10]. These limitations underscore the need for more sophisticated
analytical frameworks capable of integrating diverse types of data and uncovering com-
plex associations. In this context, emerging developments in Machine Learning (ML) and
Deep Learning (DL) have introduced new opportunities to enhance prediction, diagnosis,
and decision-making in health research [10,11].

ML and DL methods have shown growing promise in the mental health domain.
By learning from large and heterogeneous datasets, these techniques can support early
detection of mental health risks, guide treatment strategies, and help identify at-risk
individuals more effectively than conventional tools [12,13]. DL models in particular
can model nonlinear relationships and capture hidden patterns across high-dimensional
data—properties that are especially relevant in understanding the complexity of mental
disorders [14]. These capabilities offer complementary insights to traditional analyses.

Recently, ML and DL have also been applied to better understand mental health
outcomes among LGBTIQ+ populations [15]. The psychosocial stressors affecting these
communities are often underrepresented in traditional datasets, making predictive model-
ing an appealing strategy to reveal underlying risk structures. Although this line of research
remains relatively new, several studies have explored how Al can assist in identifying
high-risk profiles and informing inclusive public health responses [15,16].

Nonetheless, considering the existing literature, only a limited number of mental
health problems have been addressed across the few relevant ML /DL studies conducted
to date. Although there is evidence of a higher prevalence of mental disorders among the
LGBTIQ+ population compared with cisgender and heterosexual counterparts, a small
number of studies have been conducted on these issues [15]. In light of this, to the best of
our knowledge, no study in Peru has explored Al techniques to predict mental health prob-
lems among gay men. Therefore, this study addresses that gap by integrating predictive
modeling and explainability methods to enhance the understanding of factors associated
with mental distress in this population.

This study addresses that gap by leveraging data from the First Virtual Survey for
LGBTIQ+ People in Peru to: (1) develop machine learning and deep learning models that
predict mental health problems in individuals who self-identify as gay men, and (2) apply
explainability techniques to evaluate the influence of demographic, economic, behavioral,
and psychosocial factors. By uncovering hidden patterns in the data, our approach seeks
to improve early identification of high-risk individuals and inform policies that more
effectively address the specific mental health challenges faced by this population.

2. Literature Review
2.1. Sexual Stigma and Social Determinants of Mental Health

Sexual stigma, societal bias against non-heterosexual orientations, shapes mental
health outcomes by exposing individuals to chronic stressors such as rejection, discrim-
ination, and institutional heterosexism [5]. Although many sexual minorities maintain
overall well-being, they face higher rates of depression, anxiety, and substance use when
compared to heterosexual peers, a gap that narrows once discrimination is accounted
for [5,17]. Beyond external prejudice, internalized negativity, often termed internalized
homophobia or heterosexism, fosters low self-esteem, demoralization, and relationship
instability, further elevating psychological risk [18,19].
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These identity-related pressures intersect with wider social determinants. Economic
hardship, limited education, and job insecurity correlate strongly with common mental
disorders, with the poorest groups bearing the greatest burden [6]. In older adults, social
isolation compounds these effects, while women often experience steeper socioeconomic
gradients in mental health [20,21]. The relationship is bidirectional: mental illness can
impair work and earning capacity, which, in turn, deepens vulnerability to distress and
illness [6]. At the same time, community and institutional supports—such as social net-
works, inclusive policies, and accessible services—play a protective role, buffering the
impact of adversity and sustaining well-being over the life course.

Crucially, access to mental healthcare remains uneven. Populations in rural or low-
income settings confront shortages of services and financial barriers, leading to untreated
conditions and worse outcomes [6]. Addressing these gaps requires not only expanding
clinical capacity but also integrating mental health into primary care and community
programs. Reducing disparities demands collaboration across sectors—health, education,
housing, and social welfare—to tackle both immediate care needs and the upstream factors
that shape psychological well-being throughout life [22,23].

2.2. Machine Learning and Deep Learning for Prediction of Mental Health

ML has been applied to multiple areas of psychological treatments and has demon-
strated significant potential in predicting and diagnosing mental health conditions, includ-
ing depression, anxiety, and schizophrenia, and related health outcomes [12]. Among the
various ML methods, supervised learning is widely used for the prediction of mental
illnesses. These techniques build predictive models to detect patterns linked to mental
health disorders, enabling early risk assessment and tailored treatment strategies [12].

Researchers have applied supervised algorithms in mental health studies by evaluating
behavioral and physiological data [12,24]. It is a growing trend in analyzing data from elec-
tronic health records (EHRs) to assist with diagnosing mental health conditions. Likewise,
classification models analyze structured datasets, such as sleep patterns, speech characteris-
tics, and social interaction frequencies, to measure depressive symptoms. Supervised meth-
ods interpret text responses from mental health assessments, identifying linguistic markers
of anxiety and depression. Diagnostic models that integrate sensor-derived data with self-
reported information enhance predictions of mental health deterioration [24]. Probabilistic
models estimate relapse risk by monitoring routine behavioral changes. Mobile-health
applications collect continuous behavioral data, enabling real-time adjustments in thera-
peutic interventions. These approaches support early detection by flagging deviations from
established patterns, reinforcing preventive care [24].

In another perspective, within ML, DL has gained considerable attention for its men-
tal illness diagnostic applications [12]. This set of methods extracts high-dimensional
features from data, advancing data-driven healthcare solutions [13], extending beyond
single-disorder prediction to identify comorbidities and interconnected conditions [14].
Complex neural architectures (CNNs, RNNSs, transformers, among others) identify intricate
relationships within neuroimaging, EEG, and textual data from patient records or social
media [14]. Recent applications include automated detection of depression, anxiety, bipolar
disorder, and schizophrenia. For instance, CNNs examine neuroimaging to detect structural
and functional brain anomalies with high accuracy. RNNs and transformer-based language
models (e.g., BERT) parse text to uncover disorder-specific linguistic signals. In this sense,
the combination of DL and traditional ML models also shows encouraging accuracy results
when trained on small datasets without overfitting, pointing to a productive intersection of
both methodologies in similar environments [12].
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Within this context, ML and DL have become valuable tools in public health informat-
ics, particularly in studying mental health issues among the LGBTIQ+ population [15]. This
community often faces challenges such as stigma and social exclusion, which traditional
research methods may not fully capture. ML and DL approaches help identify hidden pat-
terns in data and improve predictive modeling capabilities, with several studies exploring
and forecasting mental health distress among the community [15].

These investigations have primarily examined depression, suicide, mood disorders,
and minority stress, mostly relying on supervised learning techniques to make predictions
in this research area. Models such as conventional logistic regressions, ensemble methods
(Random Forest, Decision Trees, Gradient Boosting and its variants, among others) and
support-vector machines appear to be the most commonly applied classification techniques
to analyze demographic details, behavioral patterns, and historical mental health records
to generate accurate risk estimates. This approach has proven effective in identifying indi-
viduals at high risk of developing mental health conditions, enabling timely intervention.
ML and, particularly, DL models have also been employed to examine how minority stress
affects mental health in the LGBTIQ+ community. Based on discrimination experiences,
social support systems, and coping mechanisms, these models estimate the likelihood of
mental health challenges resulting from minority stress [15]. Furthermore, integration of
these algorithms into mobile-health platforms enables continuous monitoring and early
detection, offering a comprehensive view of real-world mental health trajectories.

2.3. Advancements in One-Dimensional Convolutional Neural Networks Architectures for Mental
Health Research

Research in mental health modeling has evolved from traditional ML to DL methods,
making One-dimensional Convolutional Neural Networks (1D-CNNs) a distinct focus.
1D-CNNs have recently gained substantial traction as a model fitted for analyzing sequen-
tial and complex data. Originally designed for tasks like speech recognition, their use
has expanded across domains involving temporal, signal-based or static data and makes
them particularly suitable for real-world applications where data arises from physiological,
behavioral, or acoustic sources. Compared to other DL architectures, 1D-CNNSs offer a
better balance between expressiveness and computational efficiency, enabling the extraction
of local temporal patterns with fewer parameters and faster convergence times [25,26].
Their applicability spans a wide range of domains, but their role in health-related data
modeling—especially for mental health—has been particularly promising.

Within this domain, 1D-CNNs have shown increasing value in modeling the dynamics
of emotional and cognitive states [27]. Unlike traditional ML pipelines, 1D-CNNs can
directly model temporal variations in physiological, acoustic, or behavioral signals that
reflect psychological states. Awan et al. [27] proposed a hybrid deep learning architecture
that combines 1D-CNNs with Vision Transformers to classify emotional states. Their
findings highlight the suitability of 1D-CNNSs as effective temporal feature extractors in
affective computing tasks, outperforming more conventional classification techniques,
underscoring the relevance of 1D-CNNs for modeling internal psychological states that
manifest through physiological responses.

Further evidence of the relevance of 1D-CNNs in mental health research can be found
in their application to depression detection [28]. 1D-CNNs have been successfully incor-
porated into systems that analyze speech patterns, social media activity, and biosignals to
identify early markers of psychological distress. For instance, a BERT-based approach that
integrates 1D-CNNs has been used for depression and suicide identification by extracting
temporal features from user-generated content and emotional expressions. Similarly, speech
emotion recognition systems utilizing 1D-CNNs have demonstrated strong performance in
capturing subtle vocal cues linked to affective disorders.
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Complementary insights reinforce the importance of selecting architectures capable of
modeling temporal changes in both linguistic features and physiological data [25]. Mental
health states—especially those involving acute risk like suicidal ideation—have been
encoded in sequences of linguistic or behavioral features that unfold over time. In such
cases, convolutional architectures like 1D-CNNs, with their capacity for local pattern
detection and hierarchical feature learning, were particularly well suited. Moreover, in the
context of depression detection from biosignals, there has been an increasing use of deep
convolutional models to analyze EEG and ECG data [25]. Although a range of models
including DNNs and LSTMs are discussed, the growing shift toward architectures that can
process temporal dependencies efficiently—such as 1D-CNNs—is evident. These models
have shown promising results in detecting depressive symptoms from multimodal inputs
without requiring extensive feature engineering, making them both practical and scalable
for real-world deployment.

Altogether, these developments establish 1D-CNNs as a methodologically justified
and empirically validated choice for applications in psychological and emotional health
assessment. Their versatility in processing physiological, acoustic, and textual signals
aligns directly with the demands of mental health modeling, where capturing dynamic,
context-sensitive patterns is essential.

3. Materials and Methods
3.1. Study Data and Design

This study draws on data from the 2017 First Virtual Survey for LGBTIQ+ People
in Peru, conducted nationwide—across urban and rural areas in all 24 departments and
the Constitutional Province of Callao [8]. Carried out between 17 May and 17 August
2017, the survey sought to generate statistical information on factors affecting LGBTIQ+
individuals, with particular emphasis on mental health and its determinants. A total of
12,026 people aged 18 or older participated, all of whom either identified as LGBTIQ+ or
whose gender identity or expression diverged from binary norms; 72% (8630) of respon-
dents were aged 18-29. Given the vulnerability of sexual and gender minorities, Peruvian
government agencies implemented rigorous ethical protocols to ensure confidentiality,
anonymity, and respect for participants’ identities. All data were fully anonymized, with no
personally identifiable information collected, and responses were secured via encrypted
user codes to safeguard privacy and minimize risk.

This study employed a non-probabilistic convenience sampling approach due to the
absence of official demographic data on the size and distribution of Peru’s LGBTIQ+ popu-
lation. Methodologically, this strategy was justified by the exploratory nature of the survey
and the lack of a reliable sampling frame; accordingly, the results apply only to participants
and should not be generalized to the broader LGBTIQ+ community. The survey was
disseminated via a broad array of digital platforms, including social media, institutional
websites, and civil society organization networks, to reach diverse geographic and socioe-
conomic segments of the LGBTIQ+ population [8]. Self-administration likely increased
participation among individuals who might otherwise have been reluctant to disclose
sensitive personal information.

The survey instrument comprised 76 questions organized into thematic modules:
geographic and housing data (3 items), respondent identification (7 items), and the primary
research domain (66 items), covering sociodemographics (36 items); experiences of discrim-
ination and violence (11 items); knowledge of LGBTI rights (3 items); civic participation
(2 items); perceptions of LGBTIQ+ identities (4 items); and household information (5 items).
Regarding feature selection, we selected 12 variables based on theoretical relevance [29],
including one primary analytic variable, self-reported mental health problems, and 11 auxil-
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iary explanatory variables spanning demographic, economic, health, behavioral, and social
factors. The dataset also includes a unique identifier for each respondent, used solely for
internal tracking and omitted from all statistical analyses. The detailed process of feature
selection is provided in Section 3.3.1. Moreover, sample preprocessing included simpli-
fying variable structures, eliminating overlaps across thematic sections, and excluding
incomplete or inconsistent responses. First, we removed 13 participants who were missing
the main outcome variable, resulting in a sample of 12,013. Next, we excluded 7064 cases
with missing values in any of the study variables. Finally, to focus on the subgroup of gay
men, we removed 2786 participants who did not identify as such, yielding a final sample of
2186 individuals with complete data. The thorough process of sample selection is provided
in Section 3.3.2.

Variables were encoded as follows: categorical variables underwent label encoding,
with ascending integers assigned to each category level, while numerical variables remained
in their original form. Missing-data rates varied widely across variables, from 0% up to
97%, averaging 26.3% overall. In many cases, high levels of missingness resulted from
the survey’s skip patterns, whereby subsequent items were shown only if respondents
answered certain preceding questions. Accordingly, these omitted values were treated
contextually rather than as standard non-responses.

3.2. Machine and Deep Learning Models

ML methods, including Random Forest (RF), Artificial Neural Networks (ANN),
Logistic Regression (LR), eXtreme Gradient Boosting (XGBoost), and Gradient Boosting
Machine (GBM), as well as a DL One-Dimensional Convolutional Neural Network (1D-
CNN), were used to predict mental health problems among self-identified gay men.

3.2.1. XGBoost

The eXtreme Gradient Boosting (XGBoost) algorithm is a decision tree-based ensemble
method that builds models in a stage-wise manner using gradient descent to minimize
a loss function [30]. By sequentially combining weak learners, it improves classification
performance through error correction. Its scalability, regularization mechanisms, and ability
to model complex feature interactions make it effective for structured and high-dimensional
data, especially in settings prone to overfitting or noise [30]. Shrinkage and column
subsampling further enhance its generalization capacity, balancing precision and efficiency
in heterogeneous or imbalanced inputs.

3.2.2. Random Forest

Random Forest is an ensemble classifier made up of multiple decision trees trained on
bootstrap samples and random feature subsets [31]. Final predictions are based on majority
voting across trees. It is robust to overfitting, handles multicollinearity well, and performs
reliably in high-dimensional spaces. Its capacity to model nonlinear relationships and
assess feature importance is useful in datasets with heterogeneous variables or minimal
preprocessing [31]. The combination of data and feature randomness stabilizes predictions,
especially in the presence of noise or missing values.

3.2.3. Gradient Boosting Machines

Gradient Boosting Machines (GBM) iteratively combine weak learners, typically shal-
low trees, using an additive model optimized via gradient descent [32]. Each model fits
the residuals of the previous one to gradually reduce loss. This allows fine-tuned adjust-
ments to hard-to-classify cases and is especially useful in imbalanced datasets. GBM's
flexibility and accuracy make it effective for capturing complex patterns in tabular data.
Regularization parameters such as learning rate and tree depth help control model com-
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plexity, while iterative updates refine local decision boundaries [32]. Despite its complexity,
the method remains computationally tractable for moderately sized datasets due to shallow
tree structures and parallel training capabilities.

3.2.4. Artificial Neural Networks

Artificial Neural Networks (ANNSs) consist of interconnected layers of processing units
that transform input data via weighted links and nonlinear activation functions [33]. This
architecture supports modeling of complex, nonlinear relationships, especially when linear
methods are insufficient. ANNs adapt well to high-dimensional, multi-variable data and
learn latent representations useful in abstract pattern detection [33]. By tuning topology
and training parameters, ANNs can capture both subtle trends and large-scale variation.
While less interpretable than linear models, they offer scalability and efficient learning via
batch-based optimization and GPU acceleration.

3.2.5. Logistic Regression

Logistic Regression is a statistical technique used for classifying binary or categorical
data. It relies on the sigmoid function, which converts a linear combination of predictor
variables into a probability [34]. It is valued for its interpretability and efficiency in estimat-
ing associations between variables and outcomes. Often used as a baseline for comparison
with other techniques, it offers consistent performance and clear benchmarks for more
complex models. Its simplicity makes it practical when transparency is important, and its
probabilistic outputs allow for flexible decision thresholds and calibration [34].

3.2.6. One-Dimensional Convolutional Neural Network (1D-CNN)

One-dimensional Convolutional Neural Networks (1D-CNNs) are a class of deep
learning models designed to process ordered, one-dimensional data using a sequence of
convolutional, pooling, dropout, and dense layers [35]. Their structure enables automatic
extraction of relevant patterns by applying filters that scan across the input to generate
feature maps, followed by nonlinear transformations such as the ReLU activation function
to improve learning efficiency and gradient flow. Their convolutional filters are designed
to capture local dependencies by sliding across input sequences and detecting patterns that
might not be evident through manual feature engineering. This makes them effective in
identifying hierarchical representations directly from the raw data.

The architecture offers a favorable trade-off between representational power and
computational cost, particularly in contexts where input features exhibit sequential, spatial,
or structured relationships [35]. Pooling layers contribute to translational invariance and
dimensionality reduction, while dropout introduces robustness through regularization. 1D-
CNN:s are also applicable to structured datasets when the ordering of features or proximity
conveys meaningful correlations, justifying their inclusion in classification tasks involving
dense, fixed-length inputs [35]. Their parameter sharing and local connectivity significantly
reduce the number of computations compared to fully connected architectures, improving
training efficiency on structured datasets.

3.3. Methodology
Figure 1 illustrates the methodology employed to achieve the study objectives.
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Figure 1. Methodology for mental health problems prediction.

3.3.1. Variable Identification and Selection

This study utilized self-reported data from a nationwide survey designed to in-
vestigate factors associated with mental health outcomes among Peru’s LGBTIQ+ pop-
ulation. The original instrument comprised 76 items organized into thematic mod-
ules—sociodemographic characteristics; experiences of discrimination and violence; per-
ceptions of LGBTIQ+ identities; civic participation; legal awareness; and household context.
To prepare for predictive modeling, we applied a multi-step variable-selection procedure
to isolate a focused set of predictors, as illustrated in Figure 2.
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health issues or
socio-demographic

* Why the respondent didn't look for medical assistance
Whether the respondent changed their name and gender on 1D

Reduction of 7

variables with too « Consequences of unemployed
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12 variables

« Mental Health Problems

Health Insurance

Number of sexual partners
Residence

Education level

« Infectious Diseases Diagnosis
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* Occupation

Sex Work

Medical assistance
Discrimination
Age

Figure 2. Flow diagram of variable selection within the study.
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In the first step, survey items unrelated to mental health or sociodemographic charac-
teristics were excluded on theoretical grounds, reducing the initial pool from 76 to 37 items.
In the second step, we removed variables with very low variance or high rates of missing
data, yielding a subset of 30 items. In the third step, the remaining variables were evaluated
via bivariate analyses, consultation of the literature [29], and expert input to identify those
with substantive associations with the dependent variable, current mental health status,
resulting in 11 variables. Finally, by consensus of the co-authors, one additional variable
was added, bringing the total to 12 variables that met the established criteria. Appendix A
lists all selected variables with their operational definitions, as summarized in Table A1.

To assess participants’ mental health, they were asked: “Do you have any physical
or mental health conditions or illnesses lasting or expected to last 12 months or more that
affect you and interfere with your normal activities?”. One of the response options was
“mental health condition”. Based on this, the dependent variable, mental health problems,
was measured dichotomously. Individuals who reported experiencing mental health issues
were coded as “yes” (1), while those who did not were coded as “no” (0).

The explanatory variables included a range of demographic, economic/occupational,
health-related, behavioral, and social factors.

Demographic variables covered age (categorized into 18-24, 25-34, 3544, and 45+),
highest level of education attained, and place of residence, distinguishing between individu-
als living in Lima and those in other regions. Economic and occupational variables captured
whether respondents had engaged in paid work in the past 12 months and whether they
had ever participated in sex work. Health-related predictors included whether the respon-
dent had health insurance, had sought medical care or used medical services in the past
12 months, and whether they had been diagnosed with, or currently had, an infectious
disease (such as tuberculosis, HIV, or other sexually transmitted infections) within the past
12 months. Behavioral and social factors included the number of sexual partners in the past
12 months, whether individuals openly expressed their sexual identity, and whether they
had experienced discrimination based on their sexual orientation or gender identity.

3.3.2. Study Sample Preprocessing

As the Peruvian LGBTIQ+ survey was organized into thematic sections addressing
structural determinants, we carefully selected and organized the relevant study variables,
outlined previously in Section 3.3.1, to ensure analytical consistency. Following that pro-
cedure, we conducted a data-cleaning and filtering process, as depicted in Figure 3. We
simplified the dataset by removing redundancies and excluding cases with missing or
inconsistent data for key variables, retaining only information relevant to our analysis and
aligned with our inclusion criteria.

First, records lacking complete information on the primary outcome, self-reported
current mental health issues, were removed, reducing the sample from 12,026 to
12,013 participants. Next, to preserve analytic robustness and mitigate bias from par-
tial responses, we excluded 7064 participants missing data on any explanatory variable,
yielding a final sample of 4949 participants with complete data across all selected study
variables. Likewise, to align the sample with the study’s target population, a final filtering
step was applied: we retained only participants who self-identified as gay men, excluding
2763 individuals whose sexual orientation or gender identity did not meet this criterion.
Thus, the resulting final study sample comprised 2186 self-identified gay men.
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12,026 LGBTIQ+ individuals were
interviewed, comprising the study
sample
Excluded cases
P 13 LGBTIQ+ individuals who did not respond or had
' incomplete information on current mental health issues
12,013 LGBTIQ+ individuals with complete
information on current mental health issues
Excl cases
| 7064 LGBTIQ+ individuals with incomplete or missing
' records for at least one of the study variables considered

4949 LGBTIQ+ individuals with complete
records for all study variables considered

Excluded cases
P-| 2786 LGBTIQ+ individuals with sexual orientations
other than homosexual

2186 gay men with complete information on current
mental health issues and complete records for the study
variables

Figure 3. Flow diagram of sample selection within the study.

This filtering process was essential not only for maintaining statistical rigor but also
for preventing misclassifications and controlling for potential confounders in our predictive
models. Our inclusion and exclusion criteria were applied systematically, guided by
theoretical considerations and previous empirical research [36]. Although complete-case
analysis reduces sample size, it was necessary to preserve the internal validity of our
models and to minimize bias arising from missing-data mechanisms.

3.3.3. Data Analysis

We conducted univariate and bivariate analyses to explore each features’ relationship
with mental health problems. Because all variables were categorical, we summarized
univariate distributions using counts and proportions. For bivariate analyses, we applied
two-tailed chi-square tests to assess each predictor’s association with the dependent vari-
able, treating p < 0.01 as statistically significant. To detect potential redundancies and assess
predictor independence, we examined interactions and multicollinearity via Generalized
Variance Inflation Factors (GVIFs) and computed a Cramer’s V-based correlation matrix.

3.3.4. Data Preparation

To ensure robust model development and generalization, the dataset of 2186 observa-
tions was randomly split into training and testing subsets using an 80-20% ratio. Details
of this split—designed to optimize both model training and evaluation while preserving
sample representativeness—are provided in Appendix A and summarized in Table A2.

3.3.5. Models Construction and Optimization

In the initial phase, we constructed each ML model’s architecture and set its core pa-
rameters. Once the models were built, we optimized their performance via hyperparameter
tuning. Table 1 presents the hyperparameters evaluated for each model along with their
tested values. Logistic Regression required no hyperparameter tuning, as it depends solely
on a link function and has no additional parameters that affect predictive performance.
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Table 1. Definition of hyperparameters for ML models.

Algorithm Hyperparameter Definition
LR - -
max_iter Defines the maximum number of iterations the model will run before stopping
hidden_layer_sizes Specifies the number of neurons in the hidden layer of the network
ANN momentum Controls the momentum factor used in the gradient descent update
learning rate Determines the step size for updating the model’s weights during training
n_estimators Specifies the number of decision trees in the forest
RE max_features Defines the number of features considered for finding the best split
max_depth Sets the maximum depth allowed for each tree in the forest
criterion Determines the function used to evaluate the quality of a split
max_depth Defines the maximum depth of individual estimators
XGBoost n_estimators Specifies the number of boosting iterations to be performed
learning_rate Scales the contribution of each tree to the overall model
min_split_loss Regularization parameter that sets the minimum loss reduction required to allow a split
learning_rate Controls the contribution of each tree to the final prediction
GBM max_depth Sets the maximum depth of each tree
subsample Defines the fraction of training data used per boosting iteration
n_estimators Specifies the number of boosting iterations (trees)

Model training and validation were performed using a grid search algorithm combined
with 10-fold cross-validation on the training subset. This approach involved iteratively
fitting models with various hyperparameter combinations to identify the most effective
configuration for each algorithm, thereby ensuring optimal performance.

Conversely, the DL approach involved building and training a 1D-CNN tailored
to extract relevant features from the dataset. Model development was structured in
two phases [37]: first, tuning network parameters associated with the model construc-
tion such as the number of filters, kernel size, and hidden layer configuration; and second,
adjusting the training process parameters, including the number of epochs and batch size.
This systematic optimization aimed to enhance feature extraction and generalization [37].

A baseline architecture was initially implemented, comprising convolutional, pooling,
and dense layers, as illustrated in Figure 4, and subsequently refined through iterative
tuning to boost classification performance.

J”f N \\
" i
-+ > - - - + > >
Dataset
| e e o Dense —
Input o : Pooling ' layer / Output
shape \ layer Global Average J/ layer
AN ' Pooling layer 7

Figure 4. Proposed base architecture for the ID-CNN construction and optimization. The dashed-line
frame represents the internal layer configuration of the model.
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Moreover, Table 2 presents the initial parameters used in the baseline model.

Table 2. 1D-CNN base parameters.

Parameter Value
Optimizer Adam

Batch size 32

Kernel size 2
Epochs 200
Loss Binary Cross-Entropy
o vation fanctions ReLu
Fully connected layers Sigmoid
activation function

Learning rate 0.001

The construction phase involved systematically varying key hyperparameters using
10-fold cross-validation on the baseline model. First, the number of filters in the convolu-
tional and dense layers was adjusted, testing values of 10, 25, 50, and 100, to balance feature
extraction and model complexity. Subsequently, kernel sizes of 2, 3, 5, 7, and 11 were evalu-
ated to optimize the trade-off between local pattern detection and computational efficiency.
Finally, the overall architecture was improved by including batch normalization, dropout,
and flatten layers, as well as reconfigurations of convolutional and dense layers aimed at
improving generalization and classification accuracy. The final architecture resulted from
iterative tuning of convolutional structures to balance accuracy and stability.

Subsequently, once the CNN architecture and structural parameters were fully op-
timized, training hyperparameters were tuned to improve convergence and efficiency.
Different numbers of epochs, such as 50, 100, 150, 200 and 250, were tested to avoid un-
derfitting and overfitting, while various batch sizes, including 32, 64, 96, 128 and 160,
were evaluated to maximize learning efficiency and model robustness. Smaller batch
sizes tended to improve stability and generalization, whereas larger ones had a noticeable
impact on convergence dynamics. This process yielded a CNN model optimized in both
architecture and training configuration for reliable performance evaluation.

3.3.6. Model Performance Comparison

Model performance was evaluated using metrics derived from the confusion matrix,
which quantifies correct and incorrect classifications, as shown in Table 3.

Table 3. Confusion matrix for models’ evaluation.

Predicted Class
True Class Negative Positive
Negative True Negative (TN) False Positive (FP)
Positive False Negative (FN) True Positive (TP)

We used standard classification metrics, namely, accuracy, precision, recall, specificity,
F1-score, and AUROC, for model comparison. Their formulas, based on the elements of
the confusion matri, are presented below:

TP+ TN
TP+TN+FP+FN

)

Accuracy =
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TP
Recall = m (2)
s TN
Specificity = TN - ED ©)
TP
Precision = m (4)
F1 Score — 2 x (Precision x Recall) 5)

Precision + Recall

3.3.7. Feature Importance

To ensure consistent interpretation of feature importance in the best-performing
model, we used SHAP (Shapley Additive exPlanations), which decomposes predictions
into additive contributions from each input feature, quantified as Shapley values [38,39].
This enhances clarity on feature influence while enabling localized and model-agnostic
comparisons [38,39].

To further improve explainability, particularly for deep learning models, SHAP was
complemented with Layer-wise Relevance Propagation (LRP), a neural network-specific
method that produces relevance heatmaps by tracing feature contributions across layers [40].
LRP supports both local and global interpretability by offering input features most critical
to predicting True Positives and True Negatives, enhancing transparency in model decision-
making, to capture feature relevance in a way that is structurally aligned with the internal
mechanics of the neural network [40].

3.3.8. Statistical Analysis

Univariate and bivariate analyses were conducted in R (v4.4.3). Model develop-
ment combined a 1D-CNN implemented with Keras and TensorFlow in Python (v3.13.2),
and ML models were built using scikit-learn and XGBoost. Performance was compared
using scikit-learn metrics, while SHAP and iNNvestigate libraries were used to assess
feature importance.

4. Results
4.1. Univariate and Bivariate Analysis of Study Sample

Considering sociodemographic, economic, and health factors, Table 4 presents the
univariate analysis of the explanatory variables among respondents with and without
mental health problems, along with the results of the chi-square (x?) tests and GVIF values.

Table 4. Descriptive statistics of the study variables.

Mental Health Problems

Yes (1=847) No(n=1339) x?>Test GVIF

Characteristics nl% nl% p-Value Value

Health Insurance
Yes
No

576 (68.0%) 1036 (77.4%) <0.01**  1.03
271 (32.0%) 303 (22.6%)

Number of sexual partners
No sexual partners
One sexual partner

539 (63.6%) 748 (55.9%)

*%%
297 (3510/0) 573 (4280/0) <001 102

More than one sexual partner 11 (1.3%) 18 (1.3%)
Residence
Lima 573 (67.7%) 956 (714%)  <0.01**  1.02

Inland regions

274 (32.3%) 383 (28.6%)
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Table 4. Cont.
Mental Health Problems
Yes 1 =847) No (n=1339) x2Test GVIF
Characteristics nl% nl% p-Value Value
Education level
No education to incomplete elementary school 1(0.1%) 4 (0.3%)
Complete elementary school to incomplete high school 10 (1.2%) 9 (0.7%) <0.01**  1.05
Complete high school to incomplete superior education 444 (52.4%) 567 (42.3%)
Complete superior education to postgraduate education 392 (46.3%) 759 (56.7%)
Infectious diseases diagnosis
Yes 155 (18.3%) 712 (53.2%)  <0.01**  1.02
No 692 (81.7%) 627 (46.8%)
Sexual identity expression
Yes 335 (39.6%) 625 (46.7%)  <0.01**  1.01
No 512 (60.4%) 714 (53.3%)
Occupation
Yes 500 (59.0%) 911 (68.0%)  <0.01**  1.09
No 347 (41.0%) 428 (32.0%)
Sex Work
Yes 106 (12.5%) 195 (14.6%)  <0.01**  1.03
No 741 (87.5%) 1144 (85.4%)
Medical assistance
Yes 627 (74.0%) 1297 (96.9%)  <0.01 **  1.02
No 220 (26.0%) 42 (3.1%)
Discrimination
Yes 720 (85.0%) 1039 (77.6%)  <0.01 ***  1.01
No 127 (15.0%) 300 (22.4%)
Age
18-24 years 399 (47.1%) 407 (30.4%)
25-34 years 326 (38.5%) 610 (45.6%)  <0.01**  1.05
35-44 years 82 (9.7%) 218 (16.3%)
More than 45 years 40 (4.7%) 104 (7.8%)

*** highly significant values p < 0.01, GVIF: Generalized Variance Inflation Factors.

Health insurance coverage was lower among individuals with mental health problems
(68.0%) compared to those without (77.4%). Similarly, higher education was more common
in the group without mental health problems (56.7%) than in the group with mental health
problems (46.3%). Health disparities were evident: a higher prevalence of infectious disease
diagnoses occurred among individuals without mental health problems (53.2%), while
medical assistance was more frequently reported in this group (96.9%) compared to those
with mental health problems (74.0%). Experiences of discrimination were more common
among individuals with mental health problems (85.0%) than among those without (77.6%).
Employment rates were lower among individuals with mental health problems (59.0%),
whereas those without such problems had higher employment levels (68.0%). Younger
participants, especially those aged 18-24 years, reported mental health problems more
frequently (47.1%) than older age groups.

All variables showed p-values below 0.01, indicating statistically significant associ-
ations with the dependent variable and confirming that each independent variable was
meaningfully related to the outcome. Additionally, multicollinearity was assessed using
Generalized Variance Inflation Factors (GVIFs), with all values close to 1, indicating low
shared variance among predictors and supporting the interpretability and reliability.

To further assess potential dependencies, a correlation matrix using Cramer’s V was
computed, as shown in Figure 5. The strongest associations were observed between Age
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and Occupation (0.32) and between Occupation and Education level (0.30). All other
pairwise correlations were lower, indicating limited redundancy. Together with the low
GVIF values, these results suggest acceptable independence among the predictors.

Correlation Matrix (Cramer's V Value)
Q N
PPPLLPRL PP

X1 0.09 0.04 0.18 0.04 0.15 0.13 0.06 0.08 0.04 0.08
X2 0.03 0.05 0.07 0.24 0.12 0.03 0.04 0.06 0.08 09
X3 0.06 0.05 0.09 0.06 0.05 0.06 0.05 0.04 08
X4 0.18 0.05 0.08 0.02 0.07 0.32 0.02 0.30 0.10 0.05 0.7
X5 0.04 0.07 0.05 0.02 0.010.02 0.020.180.190.11 | [ 06
X6 0.15 0.24 0.09 0.07 0.01 0.13 0.06 0.10 0.06 0.10 | 0.5
X7 0.13 0.12 0.06 0.32 0.02 0.13 011024010011 | [ 04
X8 0.06 0.03 0.05 0.02 0.02 0.06 0.11 0.020.05001 | | g3
X9 0.08 0.04 0.06 0.30 0.19 0.10 0.24 0.02 0.2
X10 0.04 0.06 0.05 0.10 0.19 0.06 0.10 0.05 0.11 Yy
X11 0.08 0.08 0.04 0.05 0.11 0.10 0.11 0.01 0.10 0.08 070

Figure 5. Correlation matrix based on Cramer’s V values of independent variables. Labels represent
the following factors: X1 = Health Insurance, X2 = Infectious Disease Diagnosis, X3 = Sexual Identity
Expression, X4 = Occupation, X5 = Sex Work, X6 = Medical Assistance, X7 = Age, X8 = Discrimination,
X9 = Education Level, X10 = Number of Sexual Partners, X11 = Residence.

4.2. Development and Optimization of Models
4.2.1. Optimization of ML Models

Table 5 summarizes the hyperparameter options tested for each ML model, the se-
lected optimal values, and the best validation accuracies obtained after tuning and cross-
validation, following the process described in Section 3.3.5. Subsequently, these models
with the specified parameters were applied to the testing subset to identify the best ap-
proach for classifying mental health problems.

Table 5. Hyperparameter tuning and selection of optimal values for the ML models.

Model Hyper-Parameter Tested Values Optimal Values Best Validation Accuracy
LR - - - 70.77%
Number of neurons 2-26 16
Max iterations 250-500-750-1000 500 o
ANN Learning rate 0.1-0.5-0.01 0.01 71.22%
Momentum 0.4-0.9 0.7
Number of estimators 100-200 160
Max features sqrt-log2 log2 o
RE Max depth 4-12 8 72.14%
Criterion Gini-Entropy Entropy
Learning rate 0.01-0.025-0.05-0.075-0.1 0.1
Max depth 2-10 4 o
GBM Subsample 0.5-1.0 0.9 72.77%
Number of estimators 10-100 10
Max depth 2-10 6
Number of estimators 20-220 100 o
XGBoost Learning rate 0.1-0.01-0.05-0.075 0.01 7248%
Min split loss 0-0.2-0.4-0.6-0.8-1.0 1.0

The bold values in the table body represent the optimal values selected after the cross-validation and grid search

process for each model.
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4.2.2. Optimization During CNN Construction

Initially, a simple 1D-CNN base architecture was proposed, consisting of two convolu-
tional layers, a max-pooling layer, another convolutional layer, a global average pooling
layer, and a dense layer, as depicted in Figure 4, to evaluate performance across hyperpa-
rameter settings. The first hyperparameter optimized was the number of filters per layer.
Table 6 lists the tested configurations for convolutional and dense layers to assess their
impact on network performance.

Table 6. Proposed models for assessment of filter values variations.

Model Filter Values

Model 1 Filter: 75-50-25 (Conv1D) & 25-1 (Dense)
Model 2 Filter: 50-25-10 (Conv1D) & 10-1 (Dense)
Model 3 Filter: 30-15-5 (Conv1D) & 10-1 (Dense)
Model 4 Filter: 20-10-5 (Conv1D) & 5-1 (Dense)
Model 5 Filter: 100-50-25 (Conv1D) & 20-1 (Dense)
Model 6 Filter: 120-100-120 (Conv1D) & 40-1 (Dense)
Model 7 Filter: 150-100-50 (Conv1D) & 25-1 (Dense)
Model 8 Filter: 20-10-5 (Conv1D) & 10-1 (Dense)

Table 7 presents the evaluation results of the proposed models across different filter
value variations.

Table 7. 1D-CNN evaluation accuracy for each proposed filter variant.

Iteration N° Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
1 72.60% 73.29% 70.09% 71.23% 71.92% 70.78% 71.23% 71.00%

2 71.23% 73.29% 68.49% 71.23% 71.23% 70.09% 70.55% 70.09%

3 71.92% 73.06% 70.55% 70.78% 71.46% 69.41% 69.86% 70.55%

4 71.92% 74.20% 71.00% 71.00% 71.23% 70.09% 69.86% 69.41%

5 72.60% 75.11% 71.23% 71.23% 70.55% 69.86% 70.78% 72.15%

6 71.92% 73.14% 71.92% 71.00% 71.00% 69.41% 70.09% 71.00%

7 72.60% 74.05% 72.60% 70.55% 71.46% 71.00% 71.92% 71.92%

8 72.29% 73.06% 70.09% 71.92% 71.23% 71.23% 72.15% 71.70%

9 73.00% 73.00% 70.55% 70.55% 70.78% 70.78% 72.29% 70.78%

10 71.23% 72.60% 71.92% 72.60% 71.92% 70.78% 70.55% 73.06%
Avg. acc. 72.13% 73.48% 70.84% 71.21% 71.28% 70.34% 70.93% 71.17%
Std. dev. +0.0060 40.0075 +0.0117 +0.0063 +0.0044 +0.0066 +0.0093 +0.0107

Avg. acc.: Average accuracy, Std. dev.: Standard Deviation. Bold values indicate the best filter values based on the

performance (highest accuracy and lowest std. dev.) achieved by Model 2.

Model 2 achieved the highest average accuracy (73.48%), balancing effective feature
extraction and stability. In contrast, Model 6 showed lower performance (70.34%), possibly
due to noise or overfitting, while Model 3’s smaller filter setup resulted in reduced accuracy
(70.84%), indicating insufficient pattern capture. Based on these results, we selected a
1D-CNN architecture balancing accuracy and stability: three convolutional layers with 50,
25, and 10 filters, followed by a dense layer with 10 neurons and an output neuron.

Next, kernel size was optimized to assess its effect on feature extraction. Table 8 shows
the tested kernel sizes and their corresponding accuracy values with standard deviations.
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Table 8. Evaluation accuracy of 1D-CNN with different kernel sizes.

Iteration N° Kernel =2 Kernel =3 Kernel =5 Kernel =7 Kernel =11

1 71.92% 73.06% 70.78% 71.00% 69.41%
2 74.43% 71.92% 73.29% 71.46% 70.55%
3 72.60% 74.89% 73.29% 71.92% 70.32%
4 73.52% 72.60% 71.92% 69.18% 70.09%
5 72.83% 74.20% 72.15% 70.09% 69.18%
6 72.60% 74.43% 70.55% 71.00% 71.00%
7 73.14% 73.14% 72.60% 71.46% 70.09%
8 73.06% 73.29% 73.14% 69.41% 70.75%
9 73.52% 72.60% 72.60% 71.92% 69.18%
10 73.00% 73.29% 72.52% 70.09% 69.00%
Avg. acc. 73.06% 73.34% 72.28% 70.75% 69.96%
Std. dew. +0.0067 40.0092 +0.0097 £0.0100 £0.0072

Avg. acc.: Average accuracy, Std. dev.: Standard Deviation. The values in bold indicate the optimal ker-
nel configuration based on the highest average accuracy and lowest standard deviation observed across the
evaluated iterations.

A kernel size of 3 yielded the highest average accuracy (73.34%), balancing feature
extraction and model stability. In contrast, a kernel size of 11 showed the lowest accuracy
(69.96%), likely due to poor capture of local dependencies. Thus, kernel size 3 was selected
as optimal for accuracy and consistent performance.

Finally, the 1D-CNN structure influences performance. Table 9 summarizes the pro-
posed model variations with their layer compositions and hyperparameters.

Table 9. Operational definition of the proposed architectures and hyperparameter values.

Architecture

Description Hyper-Parameters Values

Architecture 1 (Al)

2 successive convolutional layers followed by a

. . Filters: 50-25-10 (conv), 10 (dense).
max-pooling layer, a convolutional layer, a

global average pooling layer and a dense layer Kernel: 3.
Architecture 2 (A2) 2 additional consecutive convolutional layers Filters: 30'25'50'25'101FCOHV)'
and a max-pooling layer were added to Al 10 (dense). Kernel: 3.
i 2 additional consecutive dense layers were added Filters: 50-25-10 (conv),
Architecture 3 (A3) to Al Y 20-15-10 (dense). Kernel: 3.

Architecture 4 (A4)

2 additional consecutive convolutional layers,
a max-pooling layer and 2 additional consecutive
dense layers were added to Al

Filters: 50-25-50-25-10 (conv),
20-15-10 (dense). Kernel: 3.

Architecture 5 (A5) A dropout layer was added to Al after Filters: 50-25-10 (conv), 10 (dense).
the dense layer Kernel: 3. Dropout value: 0.1

Architecture 6 (A6) The dropout value was increased to 0.2 for Filters: 50-25-10 (conv), 10 (dense).
the A5 Kernel: 3. Dropout value: 0.2

Architecture 7 (A7) Batch normalization layers were added after Filters: 5(1).‘25‘];0 (conwv), 110 (Ciienzse)

each convolutional and dense layers for the A6 Kernel: 3. Dropout value: 0.

Architecture 8 (A8) A flatten layer was added after the global Filters: 5?.'25'10 (conw), 110 ((.:1ense).
average pooling layer for the A6 Kernel: 3. Dropout value: 0.2

Architecture 9 (A9) A flatten layer was added after the global FﬂtIErS: 5?'25'10 (conv), 110 ((.iense).
average pooling layer for the A7 ernel: 3. Dropout value: 0.2

Table 10 shows the evaluation results for the proposed model structure variations.
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Table 10. 1D-CNN evaluation accuracy for each proposed architecture.

Iteration Al A2 A3 A4 A5 A6 A7 A8 A9
1 73.29% 69.86% 72.60% 72.37% 72.37% 74.66% 73.97% 72.15% 72.37%
2 73.29% 73.74% 71.92% 72.15% 72.60% 73.97% 74.66% 72.15% 73.97%
3 73.06% 70.09% 72.15% 69.86% 72.60% 73.97% 73.97% 72.60% 73.06%
4 74.20% 68.72% 71.69% 70.32% 72.60% 73.52% 74.66% 73.52% 72.15%
5 75.11% 72.38% 72.83% 71.46% 76.03% 74.20% 73.97% 72.83% 73.52%
6 73.14% 69.86% 72.60% 72.60% 72.37% 74.20% 73.52% 72.37% 73.06%
7 74.05% 72.15% 71.92% 71.46% 72.15% 73.52% 73.97% 73.06% 72.15%
8 73.06% 73.29% 72.83% 70.09% 73.97% 72.97% 74.66% 72.37% 72.37%
9 73.00% 71.92% 71.46% 72.15% 72.60% 74.15% 74.20% 73.52% 73.74%
10 72.60% 73.74% 72.15% 71.92% 71.92% 74.66% 74.66% 73.66% 73.97%

Avg. acc. 73.48% 71.58% 72.22% 71.44% 72.92% 73.98% 74.22% 72.82% 73.04%

Std. dev. +0.0075 +0.0182 +0.0048 +0.0100 +0.0122 +0.0053 +0.0041 +0.0059 +0.0074

Avg. acc.: Average accuracy, Std. dev.: Standard Deviation.

Values in bold indicate the best-performing

architecture based on the evaluated iterations, considering both accuracy and standard deviation.

Performance variations across architectures indicate that structural choices impact
learning capacity and generalization. Architecture A7 achieved the highest accuracy
(74.22%), highlighting the benefit of batch normalization for performance and stability.
In contrast, A4, with more convolutional and dense layers, had lower accuracy (71.44%),
suggesting that added complexity may harm consistency. Thus, Architecture A7, combining
batch normalization with convolutional and dense layers, was selected as optimal for
balancing accuracy and stability.

4.2.3. Optimization During CNN Training

Building on the optimized model, defined by the best filter numbers, kernel size, and layer
configuration, this section presents results on training-related hyperparameter tuning.

Batch size, which strongly affects training dynamics, was tested at various values.
Table 11 shows the corresponding accuracies and standard deviations.

Table 11. Evaluation accuracy output of 1D-CNN with different sizes of batches.

Iteration N° Batch = 32 Batch = 64 Batch =96 Batch = 128 Batch =160

1 72.83% 71.69% 73.52% 72.83% 72.60%

2 73.74% 72.15% 72.83% 70.32% 72.60%

3 73.29% 72.60% 73.06% 73.52% 71.23%

4 73.97% 73.74% 72.37% 72.83% 71.92%

5 73.06% 73.74% 73.06% 70.78% 73.52%

6 73.52% 71.23% 72.83% 71.23% 71.92%

7 73.74% 73.29% 73.29% 71.23% 72.23%

8 72.97% 72.37% 73.14% 72.83% 71.69%

9 72.97% 71.92% 72.37% 72.60% 72.83%

10 73.14% 73.06% 73.06% 72.15% 73.06%
Avg. acc. 73.32% 72.58% 72.95% 72.03% 72.36%
Std. dewv. +0.0039 +0.0086 +0.0037 +0.0107 +0.0069

Avg. acc.: Average accuracy, Std. dev.: Standard Deviation. Values in bold indicate the optimal batch size obtained
from the evaluated iterations, considering both accuracy and standard deviation.
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A batch size of 32 achieved the highest average accuracy (73.32%), indicating that
smaller batches promote stable learning and effective feature capture. Conversely, a batch
size of 128 showed the lowest accuracy (72.03%), suggesting larger batches may reduce gen-
eralization. Therefore, batch size 32 was selected to balance accuracy and training stability.

Next, the number of training epochs—key for learning and generalization—was
evaluated. Table 12 shows tested epoch values with their accuracy and standard deviation.

Table 12. Evaluation accuracy of 1D-CNN with different epochs.

Iteration N° Epochs =50 Epochs =100 Epochs =150 Epochs =200 Epochs =250

1 73.29% 72.60% 74.43% 72.60% 71.92%

2 75.11% 74.89% 72.83% 72.83% 72.60%

3 71.23% 73.06% 72.37% 73.52% 73.52%

4 73.52% 73.74% 73.06% 74.43% 72.83%

5 73.74% 73.97% 73.74% 73.97% 72.37%

6 73.74% 74.14% 73.06% 73.52% 72.14%

7 74.14% 73.52% 72.83% 74.14% 72.83%

8 71.92% 73.06% 74.14% 72.83% 72.60%

9 72.60% 74.89% 72.52% 72.60% 71.92%

10 73.60% 72.83% 73.37% 73.14% 73.60%
Avg. acc. 73.29% 73.67% 73.24% 73.36% 72.63%
Std. dev. + 0.0111 40.0081 +0.0068 +0.0066 +0.0059

Avg. acc.: Average accuracy, Std. dev.: Standard Deviation. Values in bold indicate the optimal number of epochs
obtained from the evaluated iterations, considering both accuracy and standard deviation.

The model trained with 100 epochs achieved the highest average accuracy (73.67%),
indicating stable learning and effective feature capture. Training for 250 epochs resulted in
lower accuracy (72.63%), suggesting overfitting. Thus, 100 epochs was selected to balance
accuracy, stability, and computational cost.

The optimized architecture, as depicted in Figure 6 and described in Table 13, includes
three convolutional layers with 50, 25, and 10 filters, all with kernel size 3. Batch nor-
malization follows each convolutional layer for stability. A max-pooling layer after the
second convolution reduces dimensionality, followed by global average pooling. Dense
layers have 10 neurons, batch normalization, and 0.2 dropout to reduce overfitting. Finally,
a single sigmoid neuron produces the output.
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Figure 6. Optimized structure for the 1D-CNN model for predicting mental health problems. The
dashed-line frame represents the internal layer configuration of the model.
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Table 13. 1D-CNN architecture parameters.

Layer Name Output Shape Number of Parameters

ConvlD (None, 11, 50) 200
BatchNormalization (None, 11, 50) 200

Conv1D (None, 11, 25) 3775
BatchNormalization (None, 11, 25) 100
MaxPooling1D (None, 5, 25) 0

Conv1D (None, 5, 10) 760
BatchNormalization (None, 5, 10) 40
GlobalAveragePooling1D (None, 10) 0

Dense (None, 10) 110
BatchNormalization (None, 10) 40
Dropout (None, 10) 0
Dense (None, 1) 11

Figure 7 shows the accuracy and loss curves during the model’s 100-epoch training.
Training accuracy steadily increased and stabilized around 75%, while loss decreased
consistently to around 50%, indicating effective learning with no signs of overfitting.

Model Accuracy and Loss

— Train Accuracy
Train Loss

0.75 9

0.70 4

0.65 1

Value

0.60 +

0.55

0.50 4

Epoch

Figure 7. Accuracy and loss plot for the optimized 1D-CNN model.

4.3. Comparison of Classifiers for the Prediction

The results of the training and generalization processes for both ML models and the
1D-CNN are summarized in Tables 14 and 15, respectively. Additional evaluation metrics
are provided in Supplementary Material S1 to support the robustness of these findings.

As shown in Table 14, training accuracy ranged from 70.77% to 74.71%, with the
1D-CNN achieving the highest accuracy. The 1D-CNN also demonstrated superior balance
between recall (55.07%) and specificity (87.62%). It yielded the highest F1-score (0.63), out-
performing GMB (0.58) and LR (0.57), indicating better overall balance between precision
and recall. These results suggest that the ID-CNN model delivers the strongest predictive
performance among the evaluated algorithms.
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Table 14. Performance comparison of ML and DL models in the training subset.
Metric/Model 1D-CNN XGBoost LR ANN RF GBM
Accuracy (%) 74.71 72.48 70.77 71.22 72.14 72.77
Precision (%) 74.51 78.95 67.54 79.93 75.52 73.48
Recall (%) 55.07 41.30 48.91 35.47 42.77 47.74
Specificity (%) 87.62 92.82 84.85 94.26 91.06 88.90
F1 Score 0.63 0.54 0.57 0.49 0.55 0.58
AUC 0.84 0.79 0.77 0.79 0.78 0.83

Values in bold represent the best obtained results according to each goodness-of-fit metric.

Table 15 shows that testing accuracy ranged from 70.55% to 77.17%, with 1D-CNN
achieving the highest accuracy, consistently outperforming all ML models. It also demon-

strated the highest specificity (89.93%) and precision (75.86%), indicating strong perfor-

mance in correctly identifying negative and positive cases, respectively. Although its recall
(55.00%) was moderate, 1ID-CNN attained the highest F1-score (0.64), reflecting the best
balance between precision and recall among the models. These results further support the
superior predictive capacity of the 1D-CNN for mental health distress.

Table 15. Performance comparison of ML and DL models in testing subset.

Metric/Model 1D-CNN XGBoost LR ANN RF GBM
Accuracy (%) 7717 70.55 71.69 70.78 71.46 72.15
Precision (%) 75.86 62.99 64.62 64.41 69.07 68.18
Recall (%) 55.00 49.38 51.85 46.91 41.36 46.30
Specificity (%) 89.93 82.97 83.33 84.78 89.13 87.32
F1 Score 0.64 0.55 0.57 0.54 0.52 0.55
AUC 0.78 0.74 0.75 0.75 0.75 0.75

Values in bold represent the best obtained results according to each goodness-of-fit metric.

Moreover, confusion matrices for all models on the testing set are presented in Figure 8.
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Figure 8. Testing confusion matrices: (a) 1D-CNN, (b) XGBoost, (c) LR, (d) ANN, (e) RF and (f) GBM.

Alternatively, Figure 9 presents the AUROC curves for each algorithm, offering a
comparative view of their predictive performance.
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Figure 9. ROC curves of ML and DL models for training subset (a) and testing subset (b).

In the training set, as illustrated in Figure 9a, the 1D-CNN model achieved the
highest AUROC at 0.839 (95% CI: 0.775-0.892), followed closely by GMB at 0.834
(95% CI: 0.819-0.857). XGBoost, ANN, and RF exhibited comparable AUROCs ranging
from 0.784 to 0.788. In the testing set, as shown in Figure 9b, 1D-CNN again outperformed
the other models with an AUROC of 0.782 (95% CI: 0.735-0.828), though the differences
with ANN, RF, and GMB were narrower. These findings highlight 1D-CNN'’s robust
discrimination capability and overall superior predictive performance.

The consistent superiority of the 1D-CNN across multiple evaluation metrics suggests
that this architecture is particularly well suited to capturing complex patterns in the data
that may underlie mental health distress. Its ability to maintain high performance in
both training and testing contexts indicates not only strong internal learning but also
robust generalization to unseen cases. This is especially relevant given the heterogeneity
typically present in mental health data, where subtle, distributed signals may not be
easily captured by traditional models. The results, therefore, point to the potential of
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convolutional approaches to support more reliable mental health screening tools, offering a
valuable direction for future applications in digital health settings.

4.4. Feature Importance

To assess the local and global relative effects of study features, SHAP values were com-
puted for the 1D-CNN model, which achieved the best overall performance. Local SHAP
explanations for one true positive and one true negative case are shown in Figure 10, illus-
trating how specific features influenced individual predictions. Global SHAP results are
presented in Figure 11a, summarizing feature importance, and Figure 11b, showing the di-
rection and distribution of effects across the test set. Feature importance analyses for the ML
models, which performed below the 1D-CNN, are provided in Supplementary Material S2,
offering additional comparison of the results and allowing for a more detailed validation of
variable influence and interactions across models.

Figure 10a shows a SHAP local feature importance plot for a TP case where the model
correctly predicted mental health problems. Positive contributions from Age, Education
Level, and Discrimination dominated the prediction, while a negative effect of STDs
Diagnosis counterbalanced but did not reverse the outcome. Minor effects from healthcare
and residence factors complemented the profile. The model associates older age, higher
education, and discrimination exposure with increased mental health vulnerability in
this case. Conversely, Figure 10b presents a local importance plot for a TN case where
the model correctly predicted absence of mental health problems. The prediction was
mainly driven by the absence of Discrimination, supported by negative contributions from
Medical Assistance, Occupation, and STDs Diagnosis. Minor positive effects from Age,
Sexual Identity Expression, and sexual behavior variables were present but outweighed by
protective factors. The model interprets this profile—marked by low discrimination, limited
healthcare reliance, and absence of STDs—as linked to lower mental health vulnerability.

STDs Diagnosis —0.12 _ STDs Diagnosis _ +0.18
Age — +0.05 Discrimination —0.09 _
Education Level _ +0.04 Age _ +0.09
Discrimination - +0.02 Sexual Identity Expression - +0.03
Medical Assistance -0.02 - Number of Sexual Partners i +0.02
Residence _ +0.01 Sex Work i +0.02
Health Insurance -0.01 i Medical Assistance —-0.02 i
Sexual Identity Expression -0.01 i Occupation —-0.01 i
Sex Work -0 i Residence i +0.01
Occupation -0 i Education Level i +0.01
Number of Sexual Partners -0 |‘ Health Insurance i +0
~0125 -0100 -0075 -0050 -0025 0.0100 0025 0050 —010 ~0.05 O.LD 005 0.10 015 020
SHAP value SHAP value
(a) (b)

Figure 10. Local importance plots for: (a) TP and (b) TN cases in the testing set.

Figure 11a presents the mean absolute SHAP values, reflecting each feature’s overall
importance in the prediction. Infectious disease diagnosis emerged as the most influential
variable, followed by medical assistance and age—highlighting the central role of health
and demographic factors. Sexual identity expression and discrimination also stood out as
meaningful predictors, emphasizing behavioral and social dimensions. Other variables,
including education, residence, sex work, and occupation, contributed to a lesser extent.
Figure 11b shows the distribution of SHAP values, revealing nuanced effects of specific
features on model predictions. For instance, younger age, absence of medical assistance,
and no infectious disease diagnosis were associated with a higher predicted likelihood of



Informatics 2025, 12, 60 25 of 35

Medical Assistance

. . ' , , , , L_,

mental health issues, whereas prior medical attention or infectious disease diagnoses linked
to lower risk, possibly reflecting healthcare access benefits. Sexual identity expression and
discrimination contributed positively to risk predictions, while education, health insurance,
and occupation showed minor and mixed effects.
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Figure 11. Global SHAP bar plot (a) and SHAP beeswarm plot (b) of 1D-CNN model.

Importantly, the 1D-CNN managed to capture interactions between the features,
beyond their individual effects, due to its ability to model complex and nonlinear depen-
dencies. The combined effect of discrimination and lack of medical assistance was linked
to a notably higher risk prediction for mental health problems. Similarly, age modulated
the impact of sexual identity expression, with younger individuals being more sensitive to
social factors. Additionally, interactions between infectious disease diagnosis and health
insurance likely influenced predictions, with limited coverage increasing risk for those
with health issues.

To further examine the effect and complexity of the interactions among features that
influence mental health problems, LRP heatmaps were generated from the trained 1D-CNN
model to interpret both local and global predictions. Relevance scores reflect each feature’s
impact—positive values (red) support the prediction, while negative values (blue) oppose
it. Figure 12a,b display local LRP explanations for individual TP and TN cases, respectively,
whereas Figure 12¢,d show global explanations summarizing relevance patterns across all
TP and TN samples in the study.

(a) Local LRP heatmap analysis of a TP sample

rl

SrDs Sex ual Qccupation Medical Age Discrimination Education Number of Residence
Diagnosis Identity \M]rk Assistance Level Sexual Partners
Expression

(b) Local LRP heatmap analysis of a TN sample

STDs Sexual Occupation Medical Discrimination Education Number of Residence
Diagnosis Identity \erk Assistance Level Sexual Partners
Expression

Figure 12. Cont.
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Figure 12. Visualizing LRP heatmaps for local (individual (TP (a) and TN (b))) and global (all (TP (c)
and TN (d))) samples in the Mental Health Problems testing set.

Figure 12a shows an LRP heatmap for a TP case where the model correctly predicted
mental health problems. This prediction was driven by higher levels of Health Insurance,
Occupation, and Discrimination, alongside lower Education and fewer Sexual Partners.
Age contributed moderately due to its relatively low value. These patterns suggest the
model interprets secure health coverage, employment, discrimination exposure, limited ed-
ucation, fewer sexual partners, and middle age as a profile linked to increased mental health
vulnerability. Similarly, Figure 12b shows an LRP heatmap for a TN case where the model
correctly predicted no mental health problems. Lower levels of Occupation, Medical Assis-
tance, Age, Discrimination, and Education strongly contributed, while Health Insurance
and STD diagnosis had moderate positive relevance. This indicates the model associates
limited discrimination, reduced healthcare use, lower education, younger age, combined
with health insurance access and STD diagnosis, with lower mental health vulnerability.

Globally, Figure 12¢ displays the LRP heatmap for all correctly classified TP cases.
Consistent positive relevance of Health Insurance, Medical Assistance, and Discrimination
highlights their key role in predicting mental health issues. Age and Education show mixed
relevance reflecting individual variability, while Sexual Identity Expression and Occupation
have more case-dependent contributions. Figure 12d shows the global heatmap for TN
cases. Features such as Age, Education Level, Sexual Identity Expression, and Discrimi-
nation exhibit strong negative relevance, indicating that lower values support predictions
of no mental health problems. Similarly, Medical Assistance, Occupation, Health Insur-
ance, and Infectious Disease Diagnosis show recurring negative relevance, consistent with
profiles linked to better mental health outcomes in this sample.

These results, along with the earlier SHAP-based findings, provide a comprehensive
understanding of the model’s behavior. The SHAP analysis indicated the role of infectious
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disease diagnosis, medical assistance, and age as the most influential predictors, followed
by sexual identity expression and discrimination—emphasizing the combined influence of
health, demographic, and social factors. These results align with the class-level relevance
patterns observed in the LRP heatmaps, revealing the model’s complex and nonlinear
behavior. Understanding which factors drive TP and TN predictions can guide more
effective policy design, targeted outreach, and risk assessment. Identifying socio-behavioral
variables that signal mental health risk helps prioritize screenings and interventions, while
recognizing features linked to TNs supports reinforcing protective factors.

5. Discussion
5.1. Summary of Findings

This study evaluated ML and DL models to predict mental health problems among
individuals who self-identify as gay men in Peru. A dataset of 2186 participants from the
2017 First Virtual Survey for LGBTIQ+ People in Peru was used to examine how demo-
graphic, economic, health-related, behavioral, and social factors influence mental health
outcomes, and to develop predictive models optimized for performance and generalizabil-
ity. In total, 38.7% of participants reported experiencing mental health problems in the past
12 months, suggesting that this population experiences significant psychological distress,
likely influenced by social and structural factors. Conversely, among the models evaluated,
the 1D-CNN achieved the best overall results, outperfoming Logistic Regression, Artificial
Neural Networks, and ensemble methods, such as Random Forest, XGBoost and GBM,
across training and testing phases, demonstrating improved accuracy and discrimination
compared to conventional ML approaches. Finally, explainability analyses based on SHAP
and LRP revealed that infectious disease diagnosis, access to medical assistance, and age
were the most influential predictors, followed by sexual identity expression and experiences
of discrimination. Together, these variables illustrate the combined influence of health,
demographic, and social dimensions on mental health vulnerability, and underscore the
model’s capacity to capture complex, nonlinear interactions among them. These findings
highlight the value of predictive modeling in recognizing patterns associated with mental
health concerns and improving early identification strategies for this population.

5.2. Mental Health Determinants and Predictive Modeling

The findings of this study reaffirm the significant mental health burden among self-
identified gay men in Peru, aligning with broader research on LGBTIQ+ populations.
National survey data reported that 23.8% of LGBTIQ+ respondents experienced mental
health problems in the past year, most commonly anxiety and depression [2]. Within this
population, bisexual and non-binary individuals have shown higher levels of distress [1],
while open expression of identity appears protective, reducing mental health problems
by 17% [4]. Conversely, discrimination and violence remain prevalent, reported by 69.1%
of participants—particularly transgender individuals—and are strongly associated with
poor mental health outcomes [41]. Among gay men, discrimination increased the preva-
lence of mental health issues by 72% [2], illustrating the compounded effect of stigma
and marginalization.

Health-related vulnerabilities also emerged as relevant predictors. MSM face elevated
rates of infectious diseases such as syphilis, gonorrhea, and HIV, which are frequently
linked to emotional distress and suicidal ideation [3,42,43]. These physical health chal-
lenges are further aggravated by structural barriers: individuals lacking access to medical
care or health insurance are more likely to report anxiety and depression [1,29], while dis-
criminatory attitudes from healthcare providers exacerbate mental health disparities [4,41].
Repeated exposure to exclusion in healthcare, education, and employment settings has been
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linked to cumulative psychological harm [3,4]. Moreover, age and identity expression inter-
act with mental health vulnerability: younger MSM are at greater risk of emotional distress
and suicidality [44,45], whereas older individuals may benefit from greater resilience [41].
Strong identification with one’s sexual orientation can intensify exposure to stigma [17],
while concealment is associated with higher rates of mental health problems [4]. No-
tably, non-binary individuals report significantly higher levels of anxiety and depression
compared to their cisgender counterparts [3].

Furthermore, predictive modeling offers valuable knowledge. Our DL) model—specifically,
a 1D-CNN—outperformed traditional ML classifiers, which already achieved robust results.
Over the past decade, research in mental health diagnosis has gradually shifted focus
toward the development of deep learning algorithms. Nonetheless, machine learning
methods have played, and still play, a significant role in this domain [12]. Previous studies
have reported 75-90% accuracy in predicting depression and anxiety using ML [46], and up
to 94% accuracy for psychiatric conditions using CNNs and ANNs [24]. ML has also
been successfully applied to behavioral data from smartphones, identifying depressive
symptoms with 83% accuracy based on indicators such as irregular sleep and reduced
activity [47]. Similarly, suicide risk prediction models that integrate clinical and behavioral
variables have surpassed 80% accuracy [48]. The strength of DL, and particularly 1D-CNN,
lies in their automatic feature learning and scalability to large, sequential datasets without
requiring manual feature engineering [49,50]. These models are also computationally
efficient [51,52], handle local and long-range dependencies [53], and are especially well
suited for vulnerable populations with complex health profiles [54]. Our findings support
the applicability of 1D-CNNs for mental health assessment in LGBTIQ+ subgroups and
underscore the importance of combining sociostructural insights with predictive modeling
in public health research.

6. Conclusions and Recommendations

This study explored the use of predictive models to assess mental health status among
individuals who self-identified as gay men in Peru, identify those at elevated risk based on
variables commonly included in health surveys, and examine the influence of social and
health-related factors on mental health outcomes in this population.

Machine learning and deep learning approaches, particularly the 1D-CNN model,
revealed patterns associated with psychological distress among the study population.
The application of explainability techniques, such as SHAP values and LRP heatmaps,
underscored the relevance of social and health determinants in predicting mental health
risks within marginalized communities. From a technical standpoint, these models demon-
strated their capacity to process complex relationships in large-scale datasets, enabling risk
stratification based on multiple interacting predictors.

6.1. Strengths and Limitations

As a key strength, this study is among the first to apply and compare multiple machine
learning and deep learning models to predict mental health problems among individuals
who self-identified as gay men in Peru. Through the analysis of a previously unexplored
dataset with relevant sociodemographic and psychological information, it provides a
structured evaluation of predictive approaches and offers a valuable baseline for future
research and public health initiatives focused on sexual minority populations in similar
sociocultural contexts.

Nonetheless, the study has several important limitations. First, the data were collected
in 2017 through the First Virtual Survey for LGBTIQ+ People in Peru, which remains the
only nationwide survey specifically addressing this population to date. The absence of more
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recent or longitudinal data limits the study’s capacity to capture dynamic sociopolitical,
cultural, or public health changes that may have affected mental health risk factors in the
intervening years. As such, the findings should be interpreted with caution regarding their
temporal generalizability, and causal relationships between predictors and mental health
outcomes cannot be inferred due to the cross-sectional nature of the data.

Second, the survey employed a non-probabilistic sampling strategy and relied on self-
reported data collected online, which may have influenced the composition of the sample.
Individuals with internet access and stronger ties to LGBTIQ+ networks are likely to be
overrepresented, limiting the representativeness of the findings, particularly regarding
more marginalized or digitally excluded groups.

Third, although the sample size and feature selection were adequate to support the
application of machine learning and deep learning models and inference from the models’
results, the original instrument lacked clinically and socially nuanced variables—such as
psychiatric history, coping strategies, or detailed exposure to minority stressors—that could
enhance model interpretability and predictive accuracy. The absence of such information
constrains the models’ capacity to fully capture the complexity of mental health outcomes
in this population.

Fourth, while the 1D-CNN model demonstrated superior performance, its evaluation
was limited to internal cross-validation within a single dataset. External validation with
independent and updated datasets is essential to assess the model’s robustness, fairness,
and generalizability across different subgroups and settings. Moreover, the practical imple-
mentation of such models may face barriers related to computational demands and ethical
concerns, including the risk of reinforcing stigma or excluding vulnerable individuals.

Lastly, while this study focuses specifically on individuals who self-identify as gay
men in Peru, several identified risk patterns and protective factors, such as socioeconomic
adversity, infectious disease diagnosis, access to medical care, experiences of discrimination,
and concealment of sexual identity, are also commonly reported across LGBTIQ+ popu-
lations in other low- and middle-income countries. Thus, the findings may generalize to
similar sociocultural contexts marked by structural stigma, healthcare barriers, and limited
access to mental health services. Nevertheless, generalization should be approached with
caution, as differences in structural conditions, cultural norms, and policy environments
may significantly influence mental health trajectories, the heterogeneity within other sexual
minority groups, and model performance. Thus, future studies should examine the applica-
bility of these frameworks using context-specific data from diverse vulnerable populations
to ensure context-sensitive interpretations.

6.2. Study Implications and Future Scope

While the primary dataset used in this study was collected in 2017, more recent
national reports indicate that the structural barriers and mental health disparities it captured
remain largely unchanged [7]. Persistent gaps in the availability and accessibility of mental
health services for LGBTIQ+ individuals in Peru continue to be documented [7]. Despite
increased public attention to mental health in recent years, the specific needs of sexual
minorities—particularly gay men—remain insufficiently addressed in both research and
policy. National evidence shows that this group continues to report elevated psychological
distress, limited access to supportive environments, and exposure to health services that
often lack training in affirmative practices [7]. Internationally, similar structural and clinical
limitations have been reported in comparable sociopolitical contexts, where health systems
have yet to fully integrate inclusive and non-pathologizing approaches [55].
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In this context, the present study offers an efficient application of machine and deep
learning models to predict mental health risk among gay men in Peru—a population
for which data-driven research remains scarce. The findings contribute to strengthening
local research capacity and provide a replicable framework for similar low- and middle-
income settings where traditional statistical methods have predominated. In addition
to its methodological contributions, the study produces interpretable outputs that can
inform targeted interventions. By identifying key predictors linked to mental health
outcomes, the analysis supports the development of more responsive programs and un-
derscores the potential of computational methods in public mental health research within
underrepresented populations.

The development of predictive models based on variables commonly collected in
health surveys suggests that these approaches could be integrated into routine screening
processes to identify individuals at higher risk of mental health problems. In Peru, where
mental health issues are frequently under-diagnosed and services are limited, such mod-
els could support early detection efforts and enhance resource allocation within already
overburdened mental health systems. Nevertheless, because the data were collected in
2017, future work should prioritize the use or collection of more recent datasets to ensure
that predictive models reflect current social conditions and determinants. Societal shifts in
attitudes, policy, and healthcare access may have altered risk patterns, making periodic
model retraining and temporal validation essential.

While additional validation is needed, the integration of predictive modeling into
Peru’s public health system could improve the targeting of interventions—particularly for
vulnerable groups such as gay men, who continue to face systemic and social barriers to care.
Early identification of high-risk profiles could enable the implementation of preventive
strategies, reduce the burden of untreated mental health conditions, and contribute to
narrowing health disparities. Furthermore, the modeling approach and interpretability
techniques employed here may be generalizable to similar populations in other low- and
middle-income countries, or to groups that face comparable structural vulnerabilities and
barriers to healthcare. The study also lays the groundwork for future research on the use of
artificial intelligence in mental health, suggesting that the incorporation of a broader range
of clinical, psychosocial, and contextual variables could enhance classification performance.
A richer understanding of mental health risks could, in turn, support the development of
culturally sensitive and population-specific interventions.

Longitudinal studies will also be critical to assess whether models retain predictive va-
lidity over time and can adapt to evolving epidemiological patterns, particularly within the
shifting landscape of public health in Peru. By demonstrating the potential of deep learning,
the study emphasizes the broader role of Al in complementing existing assessment tools
and public health strategies. With further development, predictive models could be embed-
ded in national mental health programs, facilitating more precise interventions, improving
early diagnosis, and expanding service access for marginalized groups. From a policy
standpoint, these findings underscore the need to invest in digital health infrastructure,
strengthen data collection systems, and promote the integration of Al-driven frameworks
in mental health surveillance and planning. Predictive analytics can inform more equitable,
evidence-based decision-making, helping to prioritize high-risk populations and optimize
the use of scarce mental health resources in Peru.

Finally, exploring lightweight or low-resource model variants could facilitate the
deployment of predictive tools in real-world healthcare settings with limited computational
infrastructure. Future research may also benefit from integrating multimodal data sources
and hybrid model architectures that could provide deeper knowledge of mental health
determinants, offering more robust tools for public health monitoring and decision-making.
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Incorporating recurrent architectures such as LSTM or GRU networks could enhance the
detection of temporal patterns in mental health data. In parallel, adaptive or heuristic-
based hyperparameter optimization strategies may further refine classification performance.
Continued exploration of artificial intelligence techniques is strongly encouraged given
their promising applications for strengthening public health responses, informing mental
health policy, and ultimately improving outcomes for vulnerable populations in Peru [56].

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/informatics12030060/5s1, Supplementary Material S1: Evaluation Metrics
for ML and DL techniques. Supplementary Material S2: Feature importance for ML techniques.
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Appendix A

Table Al. Operational definition of the factors used in the study.

Variable Definition Type Categories
Mental Health Problems In the las.t 12 months, the 1nd1\{1dual has Dependent 1=Yes
experienced mental health issues. 0=No
Health Insurance Whether fche respondent currently has Predictor 1=Yes
health insurance coverage or not. 0=No
. .. s 0 = No sexual partners
Indicates the extent of sexual activity within .
Number of sexual partners . . Predictor 1 = One sexual partner
the past 12 months of the interviewee.
2 = More than one sexual partner
. Refers to the location of the . 1=Lima
Residence , . . Predictor .
respondent’s primary residence. 0 = Inland regions
0 = No education to incomplete elementary school
Education level The highest level of education Predictor 1 = Complete elementary school to incomplete high school
that the respondent has. 2 = Complete high school to incomplete superior education
3 = Complete superior education to postgraduate education
In the last 12 months, the individual 1= Yes
Infectious Diseases Diagnosis (STDs diagnosis) has been diagnosed with infectious Predictor 0 - N
diseases such as tuberculosis, STIs and HIV. =No
Whether the respondent openly
. . . . . . . 1=Yes
Sexual identity expression expresses their sexual orientation Predictor 0=No
or gender identity. -
Indicates whether the respondent has
. . . 1="Yes
Occupation engaged in any form of remunerated Predictor 0=No
work within the past 12 months. B
Whether the respondent has
. . . 1="Yes
Sex Work engaged in any form of commercial Predictor 0=No
sexual activity for financial gain. -
Whether the interviewee utilized 1 = Yes
Medical assistance medical services for health-related Predictor B
. . 0=No
issues or not in the last 12 months.
Whether the respondent has 1 = Yes
Discrimination experienced discrimination due to their Predictor B
. L. 0=No
sexual identity in the past.
1=18-24 years
Age Age of the respondent Predictor 2 =25-34 years

3 = 35-44 years
4 = More than 45 years




Informatics 2025, 12, 60 33 of 35

Table A2. Dataset distribution for the study:.

Dependent Variable Instances Sample Size Class0 Class1
Training set (80%) 1748 1063 685
Mental Health Problems
Test set (20%) 438 276 162
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