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Abstract

Background: Due to unique psychosocial stressors, men who have sex with men (MSM) are at a substantially higher risk of
developing depressive symptoms compared with the general population. However, commonly used depression screening tools
are primarily designed for the general population and fail to adequately account for MSM-specific stressors, limiting accurate
risk identification in this group. In the Chinese context, the mental health of MSM is often underestimated, and there is a lack of
precise assessment tools that integrate multidimensional psychosocial variables. This study aims to develop an interpretable
machine learning framework to identify key risk factors for depression and enable risk stratification, thereby detecting MSM
individuals at high risk for depressive symptoms and supporting timely early intervention.

Objective: This study aimed to develop machine learning models and tools to identify MSM at high risk of depression and to
assess their depression risk.

Methods: Between November and December 2022, this study recruited 1,369 MSM using a non-probability sampling approach.
Based on the Minority Stress Model, candidate risk factors were collected, encompassing sociodemographic characteristics,
MSM-related stigma, psychological resilience, social support, and MSM sexual identity, with depressive symptoms as the
primary outcome. 3 feature selection methods combined with ten machine learning algorithms were employed to construct
predictive models, and model performance was evaluated to identify the optimal model. SHAP analysis was then applied to
interpret the contributions of individual risk factors. To enhance clinical applicability, the risk probabilities of the optimal model
were defined as risk scores (RS), which were subsequently used for risk stratification.

Results: Following feature selection, 8 potential risk factors significantly associated with depressive symptoms were identified,
which were then used to construct a depression risk identification model. Among all compared algorithms, the LightGBM model
demonstrated the best performance, achieving an AUC of 0.945 and exhibiting superior overall performance across multiple
evaluation metrics. Key risk factors included psychological resilience, identity superiority, experiences of stigma, and
internalized homophobia. Risk stratification analysis revealed that individuals in the high-risk group had a significantly higher
prevalence of depressive symptoms compared with those in the low-risk group (P < 0.001). Visualization tools were employed to
intuitively illustrate the model’s classification threshold and its potential practical utility.

Conclusions: Machine learning models can effectively identify MSM individuals at high risk for depressive symptoms by
integrating multidimensional features. Risk stratification based on model-derived probability scores facilitates early detection
and targeted interventions, thereby supporting personalized mental health screening for this vulnerable population.
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Abstract

Background  Due to unique psychosocial stressors, men who have sex with men (MSM) are at a

substantially higher risk of developing depressive symptoms compared with the general population.

However,  commonly  used  depression  screening  tools  are  primarily  designed  for  the  general

population  and  fail  to  adequately  account  for  MSM-specific  stressors,  limiting  accurate  risk

identification  in  this  group.  In  the  Chinese  context,  the  mental  health  of  MSM  is  often

underestimated,  and  there  is  a  lack  of  precise  assessment  tools  that  integrate  multidimensional

psychosocial variables. This study aims to develop an interpretable machine learning framework to

identify  key  risk  factors  for  depression  and  enable  risk  stratification,  thereby  detecting  MSM

individuals at high risk for depressive symptoms and supporting timely early intervention. 

Objective This study aimed to develop machine learning models and tools to identify MSM at high

risk of depression and to assess their depression risk.

Methods Between November and December 2022, this study recruited 1,369 MSM using a non-

probability sampling approach. Based on the Minority Stress Model,  candidate risk factors were

collected,  encompassing  sociodemographic  characteristics,  MSM-related  stigma,  psychological

resilience,  social  support,  and  MSM  sexual  identity,  with  depressive  symptoms  as  the  primary

outcome.  3  feature  selection  methods  combined  with  ten  machine  learning  algorithms  were

employed to  construct  predictive  models,  and model  performance was  evaluated  to  identify  the

optimal  model.  SHAP analysis  was then applied to  interpret  the contributions  of  individual  risk

factors. To enhance clinical applicability, the risk probabilities of the optimal model were defined as
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risk scores (RS), which were subsequently used for risk stratification.

Results Following feature selection, 8 potential risk factors significantly associated with depressive

symptoms were identified, which were then used to construct a depression risk identification model.

Among  all  compared  algorithms,  the  LightGBM  model  demonstrated  the  best  performance,

achieving an AUC of 0.945 and exhibiting superior overall performance across multiple evaluation

metrics.  Key  risk  factors  included  psychological  resilience,  identity  superiority,  experiences  of

stigma, and internalized homophobia.  Risk stratification analysis  revealed that  individuals  in the

high-risk group had a significantly higher prevalence of depressive symptoms compared with those

in the low-risk group (P < 0.001). Visualization tools were employed to intuitively illustrate the

model’s classification threshold and its potential practical utility.

Conclusion Machine learning models can effectively identify MSM individuals at high risk for 

depressive symptoms by integrating multidimensional features. Risk stratification based on model-

derived probability scores facilitates early detection and targeted interventions, thereby supporting 

personalized mental health screening for this vulnerable population. 

Keywords Men who have sex with men (MSM); Depression; Mental health; Sexual Minority Stress 

Theory; Risk prediction; Machine learning
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1 Introduction

Depression  is  a  common  mental  health  disorder  affecting  individuals  across  all  populations,

primarily characterized by a persistent low mood or a loss of interest or pleasure in activities[1].

Studies  have  shown  that  men  who  have  sex  with  men  (MSM)  exhibit  a  significantly  higher

prevalence  of  depression  compared  with  the  general  population[2].  Globally,  the  prevalence  of

depression among MSM is approximately 35%, with the highest rates observed in Asia, reaching up

to 37%[3]. In China, the prevalence of depression or depressive symptoms among this population

ranges from 19.0% to 60.2%[4]. 

Influenced by Confucian filial piety and parental reproductive expectations, contemporary sexual

minorities in China often experience conflicts between their sexual identity and societal roles[5].

This  cultural  tension  exacerbates  negative  labeling  and  stigmatization[5],  further  increasing  the

psychological burden on MSM populations. Compared with the general population, MSM are more

likely  to  experience  adverse  mental  health  outcomes  such  as  depression,  anxiety,  and  suicidal

behaviors[6]. Depression, in particular, not only substantially reduces quality of life[7], but is also

frequently  associated  with  increased  high-risk  sexual  behaviors[8],  thereby elevating  the  risk  of

sexually  transmitted  infections,  including  HIV[9,  10].  Timely  identification  and intervention  for

depressive symptoms can reduce engagement in high-risk sexual behaviors and thereby contribute to

controlling HIV transmission among MSM[11, 12]. 

The Sexual  Minority Stress Model provides a  key theoretical framework for understanding the

mechanisms underlying depression among MSM[13]. According to the model, in addition to general

environmental stressors, MSM experience stressors unique to their sexual minority status, including

distal stressors (e.g., prejudice, discrimination, and violence) and proximal stressors (e.g., anticipated

rejection,  identity  concealment,  and  internalized  homophobia).  These  stressors  not  only  directly

impact mental health outcomes but are also moderated by sexual minority identity characteristics
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(e.g., identity salience, affective evaluation, and integration) as well as coping strategies and social

support at both individual and community levels. The interplay of these factors collectively shapes

the psychological health risks in MSM populations, with depression being the most common and

detrimental negative outcome.

Widely used depression screening tools, such as the Center for Epidemiologic Studies Depression

Scale (CES-D)  [14] and the Patient Health Questionnaire-9 (PHQ-9)[15], provide effective means

for  assessing  depression  risk  in  the  general  population;  however,  their  applicability  to  MSM

populations is limited. These instruments were not specifically designed to capture stressors unique

to  MSM,  such  as  identity  conflicts[16],  social  stigmatization[17]and  lack  of  social  support[18],

which  are  recognized  as  key  contributors  to  depression  in  this  population  and  can  directly  or

indirectly affect mental health. Additionally, experiences of discrimination and stigma[19], historical

pathologization of homosexual identity[20] and concerns about privacy and safety often discourage

MSM individuals from seeking mental health services, further limiting the effectiveness of screening

and intervention. Moreover, existing public health resource allocation mechanisms lack risk-based

prioritization[21], hindering precise intervention for high-risk groups. Therefore, developing targeted

risk assessment tools to identify and intervene with high-risk individuals is of critical importance.

However, within the unique sociocultural context of China, the mental health challenges of MSM

are often underestimated,  and there is  a lack of risk assessment tools and intervention strategies

tailored  to  local  cultural  characteristics.  Previous  studies  on  depression  risk  identification  have

primarily relied on traditional regression methods or single machine learning algorithms, which are

limited in capturing complex nonlinear relationships and potential interactions among variables, and

often focus on data from demographics, neuroimaging[22], or social media behaviors[23]. Currently,

there is a scarcity of research that systematically integrates multidimensional psychosocial variables

to identify MSM individuals at  high risk for depression. To address these limitations,  this study,

based on the Sexual Minority Stress Model, integrates multiple psychosocial scale data relevant to
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MSM and constructs an interpretable machine learning framework to identify key risk factors for

depression  and  perform  risk  stratification.  This  approach  aims  to  enable  early  and  precise

identification  of  high-risk  individuals  and  provide  scientific  evidence  to  inform  targeted  and

equitable mental health interventions and resource allocation.

2 Method

2.1 Study Design

This cross-sectional observational study was conducted between November and December 2022

using  a  structured  questionnaire  among  MSM.  The  survey  covered  a  range  of  demographic

characteristics and validated psychosocial scales, aiming to identify subgroups of MSM at high-risk

for depressive symptoms.

2.2 Participants

A total  of  1,369 MSM participants  were  recruited  using  a  non-probability  sampling  approach,

including online media promotion (e.g.,  WeChat, QQ), peer referral,  and collaboration with non-

governmental  organizations  (NGOs).  The  structured  questionnaire  was  distributed  via  WeChat.

Participants completed the survey anonymously and were informed that they could withdraw at any

time. All responses were kept strictly confidential. To ensure data quality, 278 questionnaires were

excluded for the following reasons: (1) participants were under 18 years of age; (2) completion time

was  less  than  two  minutes;  or  (3)  failed  logical  consistency  checks.  Ultimately,  1,091  valid

questionnaires were retained, and each participant received 15 RMB (approximately 2.18 USD) in

compensation.

2.3 Measures

2.3.1 Outcomes

All participants completed the Center for Epidemiologic Studies Depression Scale (CES-D) [14], a
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self-report instrument for assessing depressive symptoms. The scale employs a 4-point Likert scoring

system ranging from 0 (rarely or none of the time, less than 1 day) to 3 (most or all the time, 5–7

days). The total score ranges from 0 to 60, with scores above 16 indicating the presence of depressive

symptoms.

2.3.2 Predictors

22 variables reflecting individual characteristics of MSM were included, covering five domains: (1)

demographic  characteristics;  (2)  MSM-related  stigma;  (3)  psychological  resilience;  (4)  social

support;  and  (5)  MSM  sexual  identity.  Demographic  characteristics  included  age,  household

registration, education level, employment status, marital status, and income. MSM-related stigma

was measured using the multidimensional MSM stigma scale[24], which comprises four dimensions:

enacted  stigma,  anticipated  stigma,  identity  concealment,  and  internalized  homophobia.  Enacted

stigma and identity concealment were assessed using a 4-point scale, whereas anticipated stigma and

internalized homophobia were assessed using a 5-point scale, with higher scores indicating more

frequent experiences of stigma. Psychological resilience was measured using the 10-item Connor-

Davidson Resilience Scale (CD-RISC-10)  [25]. The scale consists of 10 items, rated on a 5-point

Likert  scale  ranging from 1  (never)  to  5  (always).  The total  psychological  resilience  score  was

calculated as the sum of all item scores, with higher scores indicating greater resilience. Perceived

social support was measured using the Multidimensional Scale of Perceived Social Support (MSPSS)

[26]. The scale consists of 12 items assessing social support from three domains: family, friends, and

others. Items are rated on a 5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly

agree), with higher scores indicating higher levels of perceived social support. Sexual identity among

MSM  was  assessed  using  the  Lesbian,  Gay,  and  Bisexual  Identity  Scale  (LGBIS)  [27],  which

includes  the  following  dimensions:  concealment  motivation,  identity  uncertainty,  internalized

homonegativity,  difficulty  with  identity  acceptance,  acceptance  concerns,  identity  superiority,

identity centrality, and identity affirmation. Items are rated on a 5-point Likert scale ranging from 1
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(strongly disagree) to 5 (strongly agree). 

2.4 Model Development

The dataset was randomly divided into training and validation sets in an 8:2 ratio. The training set

was used for feature selection and model development, while the validation set was reserved for

evaluating model performance and conducting interpretability analyses.

2.4.1 Feature Selection

We employed an  integrated  feature  selection  strategy combining 3 distinct  methods:  univariate

analysis, the least absolute shrinkage and selection operator (LASSO), and the Boruta algorithm.

Variables identified by all three methods were considered the most robust and consistent risk factors.

Only those selected by all three approaches were retained. This rigorous process ultimately yielded

eight variables for inclusion in the risk identification models, ensuring both statistical relevance and

model parsimony.

2.4.2 Modeling

Ten  machine  learning  algorithms  were  employed  to  develop  risk  identification  models  for

depressive symptoms among MSM: decision tree (DT), random forest (RF), logistic regression (LR),

ridge  regression  (RR),  extreme  gradient  boosting  (XGBoost),  light  gradient  boosting  machine

(LightGBM),  support  vector  machine  (SVM),  multilayer  perceptron  (MLP),  k-nearest  neighbors

(KNN),  and  elastic  net  regression  (ENR).  For  each  algorithm,  a  randomized  grid  search  was

conducted to determine the optimal combination of hyperparameters.

2.4.3 Model Evaluation

Model performance was evaluated using sensitivity,  specificity, positive predictive value (PPV),

balanced accuracy (Bal. Acc), F1 score, area under the ROC curve (AUC-ROC), and area under the

precision-recall curve (PR-AUC). Ten-fold cross-validation was applied to improve generalizability
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and reduce overfitting. Performance heatmaps were generated to compare models and identify the

most suitable one for further analysis.

2.4.4 Model Interpretation

SHapley  Additive  exPlanations  (SHAP),  a  game-theoretic  method,  was  used  to  interpret  the

contribution of each risk factor to model predictions. Analyses included SHAP summary plots to

assess global feature importance, SHAP beeswarm plots to visualize feature effects across samples,

SHAP dependence plots to examine relationships between features and their SHAP values as well as

interactions with depression outcomes, and SHAP force plots to illustrate feature contributions at the

individual prediction level.

2.5 Risk Stratification

To enhance clinical applicability, risk probabilities from the optimal machine learning model were

defined as risk scores (RS). Individuals were classified into high-risk (RS ≥ cutoff) and low-risk (RS

<  cutoff)  groups,  with  the  cutoff  explicitly  determined  based  on  model  performance.  Boxplots

illustrated  the  probability  distributions,  while  bar  plots  with  statistical  tests  (e.g.,  chi-square)

compared observed depression prevalence between groups. Individual-level risk curves were also

plotted  to  visualize  the  relationship  between  the  performance-derived  threshold  and  observed

depressive outcomes.

2.6 Sensitivity Analysis

Considering that young MSM are at higher risk of depression due to psychological vulnerability

and less mature sexual identity[28, 29], the optimal model was further applied to this subgroup to

assess its performance and confirm the stability of the model. The results were then compared with

those of the main analysis. Figure 1 illustrates the overall analytical workflow of this study.

https://preprints.jmir.org/preprint/83147 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Liu et al

Figure1 The  analysis  workflow for  the  development  and evaluation  of  models.  UA: Univariate
Analysis;  LASSO:  Least  Absolute  Shrinkage  and Selection  Operator.  The  ten  machine  learning
algorithms employed are:  decision tree (DT), random forest (RF), logistic regression (LR),  ridge
regression  (RR),  extreme  gradient  boosting  (XGBoost),  light  gradient  boosting  machine
(LightGBM),  support  vector  machine  (SVM),  multilayer  perceptron  (MLP),  k-nearest  neighbors
(KNN),  and  elastic  net  regression  (ENR).  Key  metrics  used  for  evaluation  include:  the  ROC
(Receiver  Operating  Characteristic)  curve  and  a  Metric  Heatmap,  which  comprises  multiple
performance  indicators  such  as  sensitivity,  specificity,  positive  predictive  value  (PPV),  balanced
accuracy (Bal. Acc), F1 score, area under the ROC curve (AUC-ROC), and area under the precision-
recall curve (PR-AUC).

2.7 Statistical Analysis

All  analyses  were  conducted  using  R  software  (version  4.4.3).  The glmnet,  caret,  and  MASS

packages were applied for feature selection to implement the LASSO and Boruta algorithms. The

tidymodels framework  (a  collection  of  R  packages  for  modeling  and  machine  learning)  was

employed  to  develop  and  evaluate  various  risk  identification  models.  Data  visualization  was

performed using the ggplot2 package to generate clear and customizable plots. Model interpretability
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was assessed using the fastshap package for computing SHAP values, and feature-level contributions

were further visualized using ggbeeswarm.

3 Results

3.1 Participant Characteristics

A  total  of  1,091  MSM  participants  were  included  in  the  final  analysis.  The  demographic

characteristics and depression status of the study participants are shown in Table S1 in Multimedia

Appendix. Among them, 744 participants (68.2%) were identified as having depressive symptoms

(CES-D score≥  16),  while  347 (31.8%)  were  classified  as  non-depressed.  Table  1  presents  the

demographic  characteristics  and  psychosocial  scale  scores  of  the  study  population,  stratified  by

depression status.

Table 1 Baseline characteristics of the whole dataset

Characteristic Total(n=1091)
Depression （
n=744）

Non-
depression(n
=347)

P-
value

Demographic factors
Age, mean (SD) 26.34 (6.32) 26.11 (6.43) 26.84 (6.08) .07
Household registration, n (%) .03

City 757 (69.4) 501 (67.3) 256 (73.8)
Town 334 (30.6) 243 (32.7) 91 (26.2)

Education, n (%) <.001
Illiterate and semi-illiterate 8 (0.7) 8 (1.1) 0 (0.0)
Primary school 16 (1.5) 16 (2.2) 0 (0.0)
Junior high school 60 (5.5) 53 (7.1) 7 (2.0)
Senior high school/ vocational high
school/ secondary technical school

179 (16.4) 145 (19.5) 34 (9.8)

Junior college 291 (26.7) 207 (27.8) 84 (24.2)
Bachelor's degree and above 537 (49.2) 315 (42.3) 222 (64.0)

Employment, n (%) <.001
Employed 728 (66.7) 480 (64.5) 248 (71.5)
Retired 28 (2.6) 28 (3.8) 0 (0.0)
Student 269 (24.7) 184 (24.7) 85 (24.5)
Unemployed or jobless 66 (6.0) 52 (7.0) 14 (4.0)

Marital status, n (%) .01
Unmarried 761 (69.8) 502 (67.5) 259 (74.6)
Married 293 (26.9) 210 (28.2) 83 (23.9)
Married/ Widowed 37 (3.4) 32 (4.3) 5 (1.4)

Income, n (%) .04
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<1000 49 (4.5) 39 (5.2) 10 (2.9)
1000-3000 234 (21.4) 159 (21.4) 75 (21.6)
3001-5000 344 (31.5) 246 (33.1) 98 (28.2)
5001-10000 346 (31.7) 231 (31.0) 115 (33.1)
>10000 118 (10.8) 69 (9.3) 49 (14.1)

Scale scores
Enacted stigma, mean (SD) 10.64 (4.21) 11.95 (4.05) 7.82 (3.00) <.001
Perceived stigma, mean (SD) 16.17 (5.54) 17.27 (4.79) 13.80 (6.26) <.001
Identity concealment, mean (SD) 9.35 (3.43) 10.27 (3.15) 7.40 (3.19) <.001
Internalized homophobia, mean (SD) 11.37 (4.41) 12.88 (3.92) 8.12 (3.56) <.001
Psychological resilience, mean (SD) 36.38 (8.55) 34.89 (7.80) 39.55 (9.20) <.001
Family support, mean (SD) 14.76 (3.79) 14.15 (3.55) 16.07 (3.94) <.001
Friend support, mean (SD) 14.98 (3.71) 14.30 (3.50) 16.44 (3.72) <.001
Others support, mean (SD) 15.10 (3.76) 14.33 (3.54) 16.77 (3.69) <.001
Concealment motivation, mean (SD) 10.80 (3.07) 11.08 (2.56) 10.18 (3.88) <.001
Identity uncertainty, mean (SD) 11.79 (4.38) 13.16 (3.69) 8.84 (4.29) <.001
Internalized homonegativity, mean (SD) 9.32 (3.22) 10.12 (2.83) 7.61 (3.33) <.001
Difficulty  with  identity  acceptance,  mean

(SD)
9.01 (2.23) 10.26 (2.46) 8.33 (2.90) <.001

Acceptance attention, mean (SD) 10.26 (2.92) 10.73 (2.50) 9.27 (3.48) <.001
Identity superiority, mean (SD) 7.97 (3.45) 9.10 (3.21) 5.55 (2.58) <.001
Identity centrality, mean (SD) 13.00 (3.61) 13.64 (3.32) 11.63 (3.81) <.001
Identity affirmation, mean (SD) 6.70 (2.17) 6.76 (2.03) 6.56 (2.45) .15

3.2 Feature Selection

A total of 22 candidate variables were evaluated using three feature selection methods: Boruta,

LASSO and UA. The selection results for each method are illustrated in Figure 2. Variables that

were selected by at least three methods were considered as final predictors, including age, enacted

stigma,  Internalized  homophobia,  psychological  resilience,  others  support,  identity  uncertainty,

internalized  homonegativity  and  identity  superiority.  Ultimately,  these  eight  variables  were

incorporated  into  model  development  to  ensure  both  statistical  reliability  and  practical

interpretability.
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Figure 2 Upset plot of interactions between the predictors:  A Age, Enacted stigma, Internalized
homophobia,  Psychological  resilience,  Others  support,  Identity  uncertainty, Internalized
homonegativity,  Identity  superiority. B Perceived  stigma,  Identity  concealment,  Friend  support,
Concealment motivation,  Acceptance attention,  Identity centrality,  Identity  affirmation. C Family
support, Difficulty with identity acceptance D Household registration. 

3.3 Model Performance

A comparison of demographic characteristics between the training and testing sets is presented in

Table  S2  in  Multimedia  Appendix.  As  shown  in  Figure  3A,  all  models  demonstrated  strong

discriminative ability, with AUC-ROC values exceeding 0.87. The support vector machine (SVM)

achieved  the  highest  AUC (0.948),  followed closely  by  LightGBM (AUC = 0.945).  Figure 3B

presents a heatmap of performance metrics for each model, highlighting that LightGBM achieved the

highest overall score, indicating the most balanced performance across all evaluation criteria. Cross-

validation results in  Figure 3C further confirm the robustness of model discrimination, with both

LightGBM and SVM maintaining high AUC values. Regarding calibration,  Figure 3D shows that
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LightGBM  attained  the  lowest  Brier  score  (0.064),  reflecting  high  accuracy  in  its  probability

estimates. The confusion matrices for all depression identification models are provided in Figure S1

in  Multimedia Appendix.  Considering that  the primary goal  was to  accurately identify high-risk

individuals  and  provide  reliable  risk  estimates,  LightGBM  was  selected  as  the  optimal  model,

reflecting a favorable balance between classification performance and calibration, and supporting its

practical application in identifying MSM at elevated risk of depression. 

Figure  3 Performance  comparison  of  different  machine  learning  models  for  depression  risk
prediction: (A) Receiver operating characteristic (ROC) curves of ten machine learning models, with
corresponding  AUC  values.  (B)  Heatmap  ranking  the  performance  of  different  models  across
multiple evaluation metrics, including sensitivity, specificity, PPV, balanced accuracy, F1 score, ROC
AUC, and PR AUC. (C) Distribution of ROC AUC values from cross-validation for each model
shown  as  violin  plots.  (D)  Calibration  curves  for  the  ten  models,  with  Brier  scores  indicating
calibration performance.

3.4 Model Interpretation with SHAP

SHAP  values  were  used  to  interpret  the  optimal  model.  Figure  3A presents  global  feature

importance ranked by mean absolute SHAP values. Psychological resilience and identity superiority

emerged as the most influential predictors, followed by enacted stigma, internalized homophobia,
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and others support.  In contrast,  features such as internalized homonegativity and age contributed

relatively little. Figure 3B visualizes the direction and magnitude of SHAP values across individuals.

Higher psychological resilience was associated with negative SHAP values, indicating a protective

effect  against  depression,  whereas  higher  identity  superiority  and  enacted  stigma  acted  as  risk

factors. Figure 3C shows SHAP dependence plots for the top four features. A nonlinear protective

effect  of  psychological  resilience  was  observed,  particularly  for  scores  above  40.  Furthermore,

identity superiority and internalized homophobia were positively associated with depression risk.

Enacted stigma also exhibited a strong monotonic effect, with SHAP values increasing as the level of

stigma rose. Figure 3D illustrates a SHAP force plot for a high-risk individual with a risk probability

of 0.972. The main drivers of increased risk included higher identity superiority, greater internalized

homophobia,  and  lower  psychological  resilience,  while  features  such  as  age  and  internalized

homonegativity contributed minimally.

Figure  4  SHAP-based  interpretation  of  the  optimal  machine  learning  model  (LightGBM)  for
depression risk identification.  (A) Global  feature importance ranked by mean SHAP values.  (B)
SHAP beeswarm plot  illustrating feature effects  across all  samples.  (C) SHAP dependence plots
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showing the marginal effects of the top four features (psychological resilience, identity superiority,
enacted  stigma,  and internalized  homophobia)  on  the  prediction  outcome.  (D)  SHAP force  plot
displaying feature contributions for the 125th sample.

3.5 Risk Stratification

Figure 5A depicts the distribution of risk probabilities for the high- and low-risk groups, showing a

clear separation in risk scores between the two groups.  Figure 5B compares depression screening

outcomes,  with  91.5%  (118/129)  of  individuals  in  the  high-risk  group  screened  positive  for

depression, compared to only 30.0% (27/90) in the low-risk group; this difference was statistically

significant (P < 0.0001).  Figure 5C further illustrates risk stratification based on risk scores (RS).

Using a  cutoff  of  RS =  0.695,  the  high-risk group closely  corresponded with  actual  depression

screening outcomes, as visually demonstrated in the bar plot above.
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Figure  5 Evaluation  of  the  predicted  risk  scores  of  the  optimal  model  in  the  testing  set.  (A)
Distribution  of  predicted  probabilities  and  depression  risk  groups.  (B)  Comparison  of  actual
depression  prevalence  between the  risk  groups.  (C)  Risk  stratification  plot  showing the  optimal
cutoff  (0.695)  for  separating  high-  and  low-risk  groups,  with  individual  depression  outcomes
displayed above.

3.6 Sensitivity analysis

The optimal model was further applied to the young MSM dataset,  yielding an AUC of 0.943,

which indicates that the model was also effective in identifying high-risk individuals within this

subgroup (Figure S2 in Multimedia Appendix). Moreover, comparisons between young MSM and

the  training  and  testing  sets  (Tables  S3–S4 in  Multimedia  Appendix)  showed  no  significant
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differences, except for age.

4 Discussion

4.1 principal findings

Based on the minority stress model[13]，this study comprehensively considered both proximal and

distal  stressors,  integrating  multidimensional  variables  such  as  internalized  homophobia,  social

support,  and experiences  of  stigma.  10 machine  learning  algorithms  were  employed  to  develop

classification  models  aimed at  identifying  individuals  at  high  risk  of  depressive  symptoms.  The

results indicated that the models effectively distinguished individuals at risk of depressive symptoms,

and the derived risk scores enabled meaningful population-level risk stratification. This approach

demonstrates  potential  as  a  screening  tool  in  public  health  practice Notably,  within  the  MSM

population—where the prevalence of depressive symptoms is considerably higher than in the general

population—the model can identify potential cases that may be overlooked by conventional methods,

thereby  facilitating  early  detection,  the  implementation  of  individualized  interventions,  and  the

development of targeted mental health strategies.

In this  study, 68.2% of MSM self-reported depressive symptoms, consistent with findings from

recent research[30]. In contrast, a meta-analysis of MSM studies conducted between 2004 and 2018

reported a pooled prevalence of 40.0% (95% CI: 37.9%–45.0%)  [4], indicating that our observed

prevalence is substantially higher and suggesting a potential increase in the psychological health

burden among MSM in recent years. This discrepancy may be closely related to both temporal and

sociocultural factors. On one hand, with increasing societal attention to sexual minorities, individuals

may be more willing to report psychological distress accurately in surveys. On the other hand, MSM

in southwestern China continue to face challenges such as uneven economic development, limited

mental  health  resources,  social  discrimination,  and internalized stigma.  Above all,  these findings

further highlight the heightened vulnerability of MSM in terms of mental health and underscore the
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need for early identification and individualized interventions within this population.

In this study, the LightGBM model demonstrated the best performance, achieving an AUC of 0.945

and  a  well-balanced  between  performance  and  stability  across  multiple  metrics.  Its  advantages

include the ability to process high-dimensional data, capture nonlinear relationships among variables,

and maintain robustness in the presence of outliers and missing values.  Key predictors included

psychological resilience, identity superiority, experiences of stigma, and internalized homophobia,

consistent with previous research on depression risk among MSM populations[31-34].

Among  the  key  predictors,  psychological  resilience  emerged  as  the  most  influential  variable.

Previous studies  have generally identified resilience as a protective factor  against  depression[31,

35]，but rarely quantified the impact of different resilience levels on depression risk. Our findings

revealed that moderate-to-low levels of resilience provided significant protection, whereas extremely

high levels might yield diminishing returns or even mask underlying psychological distress, thereby

delaying help-seeking behaviors. This suggests that future interventions should prioritize fostering

adaptive coping skills  rather  than simply pursuing ever-higher  resilience.  The impact  of identity

superiority on depression risk followed an S-shaped trajectory, in which moderate-to-high levels of

self-identity were associated with a significantly increased risk of depression. This phenomenon may

reflect the cognitive and sociocultural conflicts that MSM individuals encounter during the process

of self-identity affirmation in the context of pervasive stigma and discrimination. At these levels of

identity,  individuals  may  become  more  sensitive  to  external  negative  evaluations  and  social

exclusion, which can heighten psychological stress and anxiety, thereby increasing the likelihood of

depression. In addition, experiences of stigma exhibited a positive linear association with depression

risk: the more frequent or severe the exposure, the greater the psychological burden and the higher

the  risk  of  depression.  Prolonged exposure  to  discrimination  and stigmatization  may  undermine

psychological resilience, foster negative psychological states such as internalized homophobia and

self-denial,  and  thereby  exacerbate  depressive  symptoms.  Based  on  these  findings,  future
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interventions could focus on supporting identity development and alleviating stigma-related stress.

Targeted approaches, such as cognitive-behavioral interventions, psychological health education, and

the  establishment  of  social  support  networks,  may help  MSM populations  effectively cope with

societal pressures and identity-related conflicts, ultimately reducing the risk of depression. 

This study developed a risk identification model intended as an auxiliary tool to assist mental health

professionals in detecting individuals at potential high risk, rather than serving as an independent

diagnostic instrument.  Compared with conventional  one-dimensional  questionnaire  screening, the

model  demonstrated  improved  accuracy  in  identifying  high-risk  populations  and  optimizing  the

allocation of limited mental health resources, thereby supporting personalized intervention. Through

SHAP-based interpretability analysis, the study quantified both the direction and magnitude of each

feature’s contribution to depression risk, shedding light on the underlying mechanisms driving model

predictions and informing the prioritization and design of intervention strategies. In practice, the risk

identification  results  should  be  regarded as  indicative  rather  than  deterministic  and followed by

professional evaluation conducted by trained specialists; clinical diagnosis should continue to rely on

standardized  psychiatric  assessments  and  expert  judgment.  Furthermore,  future  research  should

incorporate fairness audits to evaluate predictive performance across different population subgroups,

ensuring that the tool can be applied equitably and safely in real-world contexts.

4.2 Limitations

Despite  the progress made in this  study,  several limitations  should be acknowledged.  First,  the

cross-sectional design precludes establishing temporal sequences or causal relationships among the

risk factors.  Second,  all  variables  were self-reported,  which may introduce information bias  and

compromise data accuracy. Third, both the training and validation sets were drawn from the same

study sample,  limiting the assessment  of the model’s generalizability  using independent  external

datasets. Fourth, the study sample may not fully represent the broader MSM population, particularly
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individuals  with limited  internet  access,  lower educational  attainment,  or  those  residing  in  rural

areas. This limitation may restrict the applicability of the findings to more marginalized subgroups,

who may exhibit different depression risk profiles or data patterns. Future research should employ

multi-center, large-scale, longitudinal studies to further evaluate the stability and generalizability of

the model.

5 Conclusion

This study demonstrates that machine learning models can effectively identify MSM individuals at

high risk for depressive symptoms. Among the models, LightGBM exhibited the best performance,

and SHAP-based interpretability analysis provided key insights into the nonlinear relationships of

critical  risk  factors.  The  developed  model  can  be  applied  for  risk  stratification  within  MSM

populations,  offering clinicians  and individuals a  tool  for effective risk assessment  and enabling

more timely intervention and prevention.
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The analysis workflow for the development and evaluation of models.
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Upset plot of interactions between the predictors.
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Performance comparison of different machine learning models for depression risk prediction.
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SHAP-based interpretation of the optimal machine learning model (LightGBM) for depression risk identification.
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Evaluation of the predicted risk scores of the optimal model in the testing set.
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