
Original Paper

Predicting the Risk of HIV Infection and Sexually Transmitted
Diseases Among Men Who Have Sex With Men: Cross-Sectional
Study Using Multiple Machine Learning Approaches

Bing Lin1,2, MD; Jiaxiu Liu3, MD; Kangjie Li1,2, MD; Xiaoni Zhong1,2, MM
1School of Public Health, Chongqing Medical University, Chongqing, China
2Research Center for Medicine and Social Development, Chongqing Medical University, Chongqing, China
3School of Medical Informatics, Chongqing Medical University, Chongqing, China

Corresponding Author:
Xiaoni Zhong, MM
School of Public Health
Chongqing Medical University
No.1 Medical College Road
Yuzhong District
Chongqing, 400016
China
Phone: 86 13527545050
Email: zhongxiaoni@cqmu.edu.cn

Abstract

Background: Men who have sex with men (MSM) are at high risk for HIV infection and sexually transmitted diseases (STDs).
However, there is a lack of accurate and convenient tools to assess this risk.

Objective: This study aimed to develop machine learning models and tools to predict and assess the risk of HIV infection and
STDs among MSM.

Methods: We conducted a cross-sectional study that collected individual characteristics of 1999 MSM with negative or unknown
HIV serostatus in Western China from 2013 to 2023. MSM self-reported their STD history and were tested for HIV. We compared
the accuracy of 6 machine learning methods in predicting the risk of HIV infection and STDs using 7 parameters for a comprehensive
assessment, ranking the methods according to their performance in each parameter. We selected data from the Sichuan MSM for
external validation.

Results: Of the 1999 MSM, 72 (3.6%) tested positive for HIV and 146 (7.3%) self-reported a history of previous STD infection.
After taking the results of the intersection of the 3 feature screening methods, a total of 7 and 5 predictors were screened for
predicting HIV infection and STDs, respectively, and multiple machine learning prediction models were constructed. Extreme
gradient boost models performed optimally in predicting the risk of HIV infection and STDs, with area under the curve values
of 0.777 (95% CI 0.639-0.915) and 0.637 (95% CI 0.541-0.732), respectively, demonstrating stable performance in both internal
and external validation. The highest combined predictive performance scores of HIV and STD models were 33 and 39, respectively.
Interpretability analysis showed that nonadherence to condom use, low HIV knowledge, multiple male partners, and internet
dating were risk factors for HIV infection. Low degree of education, internet dating, and multiple male and female partners were
risk factors for STDs. The risk stratification analysis showed that the optimal model effectively distinguished between high- and
low-risk MSM. MSM were classified into HIV (predicted risk score <0.506 and ≥0.506) and STD (predicted risk score <0.479
and ≥0.479) risk groups. In total, 22.8% (114/500) were in the HIV high-risk group, and 43% (215/500) were in the STD high-risk
group. HIV infection and STDs were significantly higher in the high-risk groups (P<.001 and P=.05, respectively), with higher
predicted probabilities (P<.001 for both). The prediction results of the optimal model were displayed in web applications for
probability estimation and interactive computation.

Conclusions: Machine learning methods have demonstrated strengths in predicting the risk of HIV infection and STDs among
MSM. Risk stratification models and web applications can facilitate clinicians in accurately assessing the risk of infection in
individuals with high risk, especially MSM with concealed behaviors, and help them to self-monitor their risk for targeted, timely
diagnosis and interventions to reduce new infections.
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Introduction

HIV Infection and Sexually Transmitted Disease
Situation of Chinese Men Who Have Sex With Men
Men who have sex with men (MSM) are at high risk of
contracting HIV infection and other sexually transmitted
diseases (STDs), and the number of infections is growing fast.
The latest report released by the Joint United Nations Program
for HIV and AIDS 2023 stated that HIV prevalence was 11
times higher among MSM compared to adults in the general
population [1]. According to the results of the current large-scale
systematic analysis study in China, the national HIV prevalence
rate in the MSM population from 2001 to 2018 was 5.7%,
compared to 0.037% in the general population in 2014 [2,3].
At the same time, the burden of other STDs (eg, syphilis,
gonorrhea, and condyloma acuminata) among MSM was also
high and increasing [4]. The prevalence of syphilis in the MSM
population was as high as 35%, comprising both known and
newly diagnosed cases [5]. The prevalence of gonorrhea and
chlamydia among MSM in Southern China has been reported
to be as high as 12.5% and 18.2%, respectively [6,7]. In addition,
these STDs have the potential to facilitate HIV transmission
and infection [8]. Therefore, given the severe HIV infection and
STD situation of Chinese MSM, improving risk perception
strategies and developing accurate risk prediction tools can help
to prevent and control these infections, thereby improving their
quality of life.

Using Machine Learning for Accurate Risk Assessment
Establishing accurate risk assessment and prediction tools for
the MSM population is beneficial for clinical services to identify
high-risk individuals and prioritize resources. Currently, existing
models, such as multivariate logistic regression, Poisson
regression, and Cox proportional hazards regression, have been
widely used in the context of HIV infection or other STDs
[9-11]. However, data structures that were often nonlinear,
anomalous, and heterogeneous could lead to poor prediction
performance. Despite the existence of traditional statistical
methods, research exploring more sophisticated analytical
approaches to enhance disease classification and predictive
capabilities among the MSM population has been limited.
Machine learning provides an innovative perspective on
evaluating the risk of infections in population with high risk,
allowing more flexibility in handling complex, nonlinear
relationships between the variables, thus minimizing error [12].
Furthermore, machine learning is composed of a set of powerful
algorithms that have the ability to acquire knowledge, predict
outcomes, and review data. The use of these algorithms has
attracted great attention in the development of patient-centered
predictive models, which can provide valuable clinical insights
[13]. However, currently, there are few studies using machine
learning methods to predict the risk of HIV infection and STDs
in China, and our study extended the literature in this context.

Risk Prediction for Serving Clinical Applications
The ultimate goal of risk prediction is intended to serve clinical
applications prioritizing the screening of high-risk individuals
in need of intervention. However, if too many predictors were
included in the prediction model, it would not be conducive to
collecting and applying them in clinical situations. In addition,
there were various feature selection methods, each offering
unique advantages but also having inevitable drawbacks. If
multiple methods were used, the likelihood of screening for
excellent predictors could be increased. Therefore, when faced
with a large number of variables or when trying to construct a
predictive model with a small number of predictors, a combined
feature screening method was necessary. This method could
help to decrease the data dimensions, reduce the amount of
computation, and increase the applicability while eliminating
some irrelevant or redundant variables and improving the
prediction effect [14]. In addition, due to the “black box” of
machine learning algorithms, understanding why a specific
prediction was made for an individual or how a particular
characteristic of an individual influenced a prediction was
challenging [15]. The lack of interpretability limited the
widespread use of more robust machine learning methods to
support medical decision-making [16]. The limited intuitive
understanding of machine learning models was still a significant
barrier to their implementation in health care due to their
inability to reflect the true correlation between individual
characteristics and predicted outcomes [17]. As a result, the
ability to correctly interpret predictive model outputs is
important for generating appropriate user trust, providing
insights to improve the model, and supporting an understanding
of the modeling process to leverage the potential and
productivity benefits of machine learning approaches. Moreover,
some studies have failed to effectively address the data
imbalance issues in their datasets, and further efforts to address
this imbalance may improve model performance [18].

Developing Risk Screening Tools
To address the limitations of previous research, our study
comprehensively considered feature selection, model
interpretability, and strategies for handling class imbalance in
the data. First, we applied a “combined” feature selection
process using 3 methods, including univariate analysis, least
absolute shrinkage and selection operator (LASSO), and Boruta,
to select features and incorporate variables common to each
method. At the same time, a series of data processing techniques
and machine learning methods were used to identify individuals
at risk for HIV infection and STDs in the MSM population. The
risk factors for infection were analyzed, and interpretations were
supported by the use of partial dependence plots (PDPs), which
were designed to provide theoretical support for targeted
screening strategies and risk management. Our study had a more
comprehensive modeling strategy than previous studies.
Moreover, our study did not incorporate difficult-to-obtain
clinical information, such as blood-related, immunologic, or
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cytologic data. All predictors were relatively easy to assess,
making them more suitable for widespread use in screening
studies among the MSM population. Finally, regarding clinical
applications, the deployment of machine learning predictions
into web applications showed good potential and application
value. The user-friendly web applications served as pioneering
digital tools that have been widely used in managing diabetic
blood glucose, analyzing gliomas, and predicting early mortality
in patients with bone metastases; however, in MSM populations,
the risk of HIV infection and STDs has had limited application
[19-21]. At the same time, the MSM population may conceal
their sexual behavior due to external pressures from family
members, traditional social attitudes, and fear of discrimination
and stigmatization [22]. Web applications can help MSM
conduct real-time, interactive self-monitoring anytime,
anywhere, serving the sexual minority individuals and helping
to protect their privacy. These web applications are a simple,
practical, and effective risk management tool that can be widely
used by clinicians and MSM individuals, and web applications
offer advantages such as time efficiency, user-friendliness, and
privacy protection. In summary, our study aimed to use machine
learning methods to develop accessible, user-friendly web
applications and tools to provide valuable insights into the risk
factors influencing HIV infection and STDs, as well as to tailor
screening models for the MSM population to accurately predict
the risk of HIV infection and STDs in this population.

Methods

Study Design and Participants
Our study was a multistage, multicenter cross-sectional survey
conducted from 2013 to 2023, based on the key projects of
infectious disease research funded by the Chinese Ministry of
Science and Technology during the 12th Five-Year Plan and
13th Five-Year Plan periods. Because of the particularity of the
MSM population as sexual minority individuals, we used a
nonprobability sampling method to recruit MSM in Western
China (ie, Chongqing, Xinjiang, Guangxi, and Sichuan) through
collaboration with nongovernmental organizations.

Specifically, we advertised on websites, QQ (Shenzen Tencent
Computer System), and WeChat (Tencent Holdings Ltd) groups,
and we collaborated with local nongovernment organizations
to provide information on HIV prevention, counseling, and
testing for lesbians, gay men, bisexual, and transgender
individuals on each platform. We used this approach to present
the details of the study (ie, objectives, procedures, potential
benefits, and risks) to the leaders to gain their support and, with
their help, recruit participants from the organizations. MSM
were included in our study to complete the questionnaire if they
were aged ≥18 years, had sexual contact with a man in the past
12 months, and had negative or unknown HIV serostatus.
Participants who met the requirements went to local hospitals
or community centers with which we had collaborated, where
our researchers conducted face-to-face questionnaires and
performed the appropriate tests. If participants encountered any
unclear terms, trained investigators explained their meaning to
them. All questionnaires were subsequently checked for
completeness and consistency.

Outcomes
We tested MSM for HIV to determine whether they had
experienced HIV infection. Those who were previously infected
with STD among MSM were measured by the question, “In the
last six months, have you been diagnosed by a doctor with the
STD (for example, syphilis, gonorrhea, condyloma acuminatum,
genital herpes, non-specific urethritis, and so on)?” On the basis
of HIV test results, patients who obtained positive results were
labeled as positive outcome indicators, and those who obtained
nonpositive results were labeled as negative outcome indicators.
Those who were previously infected with an STD were labeled
as positive outcome indicators. and those who were never
infected with an STD were labeled as negative outcome
indicators. Predictive models were developed based on each of
the 2 outcome indicators, HIV and STD.

Predictors
A total of 24 variables were selected for the personal
characteristics of MSM, including four main aspects: (1)
demographic characteristics; (2) HIV-related knowledge,
behavior, and risk perception; (3) sexual behavior–related
characteristics; and (4) substance use. Among them,
demographic characteristics included age, household registration
location, ethnicity, degree of education, employment situation,
marital status, and monthly disposable income. HIV-related
knowledge, behaviors, and risk perception included HIV
knowledge scores (≥11 was defined as “high level” [22]), HIV
testing and counseling, and HIV risk perceptions. Sexual
behavior–related characteristics included sexual role (ie, the
insertive partner and the receptive partner), number of sexual
partners, high-risk sex, and condom use. Substance use included
internet dating (ie, finding sexual partners through the internet),
alcohol use, commercial sexual services (eg, offering and
receiving sexual services), and recreational drug use. We
excluded samples with too much missing data or where the
presence of HIV infection or STD could not be determined.
After a preliminary analysis, all variables had a missing rate of
<10%, so we used the multiple imputation method to fill in the
missing values.

Feature Selection
Redundant information in survey data from the MSM population
may lead to suboptimal categorization of HIV infection or STD,
as excessive dimensions in the data can reduce the accuracy
and validity of the models [15]. Therefore, it is promising to
use the “combined” feature selection method to select variables
for the raw data. Univariate analysis, LASSO, and Boruta were
used in our study. In this study, variables with P<.10 were
included in the univariate analysis; variables with regression
coefficients not equal to 0 were included in LASSO; and
variables that were classified as confirmed or tentative were
included, while rejected variables were excluded in Boruta.
Using 3 different methods for feature selection, we ultimately
included factors common to all these methods as predictors in
the predictive models.

Prediction Models
Our dataset showed a significant imbalance in the number of
individuals with and without HIV and STDs. Data-level
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resampling techniques have been increasingly used to address
unbalanced datasets due to its simplicity and ease of
implementation. Therefore, our study used the synthetic minority
oversampling technique to deal with the unbalanced dataset.
This method oversampled the minority class samples in the
boundary region, and it expanded the decision space of the
minority class samples with little effect on the decision space
of the majority class samples.

Logistic regression, decision tree, random forest, K-nearest
neighbor, light gradient boosting machine, and extreme gradient
boosting (XGBoost) were used to predict the risk of HIV
infection or STDs in the MSM population. To train, construct,
and evaluate the 6 predictive models, we divided 75%
(1499/1999) of the data into a training set, 25% (500/1999) into
a testing set, and used the data from the Sichuan MSM as an
external validation set. Using the training data, a cross-validation
grid search was conducted to determine the optimal
hyperparameters for the predictive model. In this study, we used
7 standard performance metrics, including accuracy, balanced
accuracy, sensitivity, specificity, positive predictive value,
negative predictive value, and area under the receiver operating
characteristic curve, to evaluate the classification performance
of the prediction model. Meanwhile, 10-fold cross-validation
was used to assess the stability of several machine learning
prediction models. These evaluation metrics were calculated
from a binary confusion matrix, and based on the results of
previous studies, these metrics were ranked according to their
predictive performance [21,23]. On the basis of each evaluation
metric, the highest score was assigned to the best-performing
model, followed by the next best-performing model. The total
score of the model was the sum of the scores for each metric.
The data were heat mapped using the pheatmap package in R
(R Foundation for Statistical Computing).

Model Interpretation
Interpretable analyses of the model included both variable
importance ranking and PDP to identify key predictors of HIV
infection or STDs in the MSM population. Feature importance
refers to quantifying the contribution of each variable in the
predictive model to the prediction outcome and ranking them
accordingly, which reflects the magnitude of each predictor’s
influence on the model. Our study used PDP to conduct an
explanatory analysis of the predictive model, assessing the
degree and direction of influence of each variable on the
prediction outcome.

Risk Stratification
The probability of the optimal model output was defined as the
predicted risk score (PRS) [24]. The cutoff point could be used
as a basis for risk definition, and based on this threshold, MSM
were categorized into low-risk and high-risk individuals. MSM
with a predicted probability less than the threshold were assigned
to the low-risk group, while MSM with a predicted probability

greater than or equal to the threshold were assigned to the
high-risk group. This approach allowed differentiation of MSM
based on predicted risk, facilitating targeted interventions and
individualized management strategies.

Web Applications
Using the algorithm of the optimal model in this study, we
developed web-based calculators to predict the risk of HIV
infection or STDs in the MSM population. The applications
were composed of 3 main parts, which were the input box, the
prediction result, and the result box. The input box included the
predictors of the prediction model, and the user could input the
values of the predictors independently according to the
individual situation. This interactive panel allowed the user to
customize the prediction based on specific individual
characteristics. Clicking on the Predict button below the input
box displayed the predicted outcome under different conditions,
which was the probability of an individual MSM being infected
with HIV or STD. This information could provide valuable
insights for clinical decision-making, and web applications can
predict outcomes under different conditions and save these
multiple predictions in the results box.

Sensitivity Analysis
According to the sexual behavior–related characteristics, MSM
could be categorized into MSM and women (MSMW), MSM
only (MSMO) [25], men who have sex with multiple men
(MSMM), and non-MSMM [26]. Previous studies have found
differences between MSMW and MSMO in HIV-related
high-risk sexual behavior and HIV infection or STD prevalence
[27]. At the same time, MSMM had a higher risk of infection
than other men [28]. For these subgroups with different risks
of infection, we included MSMW and MSMO as well as MSMM
and non-MSMM into the optimal model to predict the risk of
HIV infection or STDs in these subgroups. This was done to
perform sensitivity analyses and validate the stability of the
prediction model.

Statistical Analysis
For all statistical analyses, we used SAS (SAS Institute) and R
software. Multiple imputation and univariate analysis were
accomplished using SAS. For continuous variables that did not
follow a normal distribution, we used nonparametric tests for
comparison; for comparisons involving categorical variables,
we used the chi-square test. If the expected count in 25% of the
cells was <5, the chi-square test was deemed ineffective, and
the Fisher exact probability test was used. LASSO, Boruta,
machine learning algorithms, and plotting were performed using
the glmnet, Boruta, tidymodels, and ggplot packages in R,
respectively. The model interpretability analysis was performed
using the dalex package for variable importance ranking and
PDPs, and the web applications used the shiny package in R.
The flowchart of the data analysis and machine learning
modeling process is presented in Figure 1.
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Figure 1. Flowchart of the data analysis and machine learning modeling process. DT: decision tree; KNN: K-nearest neighbor; LASSO: least absolute
shrinkage and selection operator; LightGBM: light gradient boosting machine; LR: logistic regression; RF: random forest; ROC: receiver operating
characteristic curve; STD: sexually transmitted disease; XGBoost: extreme gradient boosting.

Ethical Considerations
The study was approved by the Chongqing Medical University
Ethics Committee (reference numbers 2012010 for 12th
Five-Year Plan and 2019001 for 13th Five-Year Plan). Before
participating in this research, the participants were fully
informed about the purpose, significance, voluntary
participation, and confidentiality of the research. Each
participant signed an informed consent form and was also
compensated with RMB 80 (US $10.90) for transportation and
breakfast. The study data were anonymized and deidentified to
ensure participant privacy and confidentiality. All images in
the manuscript and Multimedia Appendix 1 were reviewed to
ensure that individual participants and users cannot be identified.

Results

Overview
In total, we collected individual characteristics from 2345 MSM
and excluded those who did not meet the requirements, resulting
in 1999 (85.24%) MSM being included in the analyses (refer
to Figure S1 in Multimedia Appendix 1 for a flowchart of the
participant screening process). The percentage of HIV-positive
MSM was 3.6% (72/1999), and the percentage of those who
self-reported as previously infected with STD was 7.3%
(146/1999). The basic demographic information of the 1999
MSM is shown in Table 1.
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Table 1. Description of basic demographic variables for the surveyed population of men who have sex with men (N=1999).

Values, n (%)Variables

Age (y)

147 (7.35)18-25

732 (36.62)25-35

689 (34.47)35-45

431 (21.56)≥45

Household registration location

1430 (71.54)Urban

569 (28.46)Rural

Ethnicity

168 (8.4)Ethnic minority individuals

1831 (91.6)Han

Degree of education

42 (2.1)Primary education and lower

170 (8.5)Junior high school

955 (47.77)Senior high school

792 (39.62)Bachelor’s degree or higher

Employment

177 (8.85)Unemployed

1591 (79.59)Employed

231 (11.55)Student

Marital status

1685 (84.29)Unmarried

314 (15.71)Married

Monthly disposable income (RMB)

811 (40.57)1000 (US $137.20) to 3000 (US $411.50)

1088 (54.43)3000 (US $411.50) to 10,000 (US $1371.60)

100 (5)≥10,000 (US $1371.60)

Feature Selection
LASSO and Boruta were used for feature selection and
incorporating factors common to these methods, respectively
(refer to Tables S1 and S2 and Figures S2 and S3 in Multimedia
Appendix 1 for results of variable screening for each method).
On the basis of the results of the statistical analysis, 7 predictors
were finally included in the HIV prediction model: HIV

knowledge score, HIV testing, number of male partners, condom
use, internet dating, recreational drug use, and STD history. A
total of 5 predictors were included in the STD prediction model:
degree of education, number of male partners, number of female
partners, internet dating, and commercial sexual service. The
process of variable screening is presented in Figure 2. The
results of the selected predictors in the univariate analysis are
provided in Table 2.
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Figure 2. The process of variable screening (A) in the HIV prediction model and (B) in the sexually transmitted disease (STD) prediction model.
LASSO: least absolute shrinkage and selection operator; UA: univariate analysis.
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Table 2. Results of selected predictors in HIV and STDa prediction models in univariate analysis (N=1999).

P valueParticipants never
infected with STDs
(n=1853), n (%)

Participants previous-
ly infected with STDs
(n=146), n (%)

P valueParticipants tested
negative for HIV
(n=1927), n (%)

Participants tested
positive for HIV
(n=72), n (%)

Variables

.046—bDegree of education

38 (2)4 (2.7)——Primary education and lower

154 (8.3)16 (10.9)——Junior high school

911 (49.2)84 (57.5)——Senior high school

750 (40.5)42 (28.8)——Bachelor’s degree or higher

———<.001HIV knowledge scores

1041 (54)55 (76.4)<11

886 (46)17 (23.6)≥11

———<.001HIV testing

258 (13.4)20 (27.8)No

1669 (86.6)52 (72.2)Yes

.04.002Number of male partners

286 (15.4)12 (8.2)293 (15.2)5 (77)0

1048 (56.6)84 (57.5)1098 (57)34 (47.2)1

519 (28)50 (34.2)536 (27.8)33 (45.8)≥2

———<.001Condom use

1227 (63.7)31 (43)Use every time

547 (28.4)37 (51.4)Use sometimes or occasionally

153 (7.9)4 (5.6)Never use

.003—Number of female partners

1571 (84.8)108 (74)——0

246 (13.3)33 (22.6)——1

36 (1.9)5 (3.4)——≥2

<.001.01Internet dating

722 (39)33 (22.6)738 (38.3)17 (23.6)No

1131 (61)113 (77.4)1189 (61.7)55 (76.4)Yes

.09—Commercial sexual services

1771 (95.6)135 (92.5)——No

82 (4.4)11 (7.5)——Yes

———.08cRecreational drug use

1886 (97.9)68 (94.4)No

41 (2.1)4 (5.6)Yes

———<.001STD history

1795 (93.2)58 (80.6)No

132 (6.8)14 (19.4)Yes

aSTD: sexually transmitted disease.
bNot available.
cFisher exact probability test.
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Model Construction
We randomly divided the data according to a 75% (1499/1999)
training set and a 25% (500/1999) testing set, and comparisons
of each predictor between the training and testing sets of the
HIV and STD prediction models are provided in Tables S3 and
S4 in Multimedia Appendix 1. The synthetic minority
oversampling technique was used to balance against the

dependent variable of the training set. The balanced data were
used to predict the risk of HIV infection and STDs using 6
machine learning algorithms, and the predictions were applied
to the testing set. The evaluation indicators of the prediction
results of each model obtained through the confusion matrix
are provided in Table 3 (refer to Figures S4 and S5 in
Multimedia Appendix 1 for the confusion matrix of each
prediction model).

Table 3. The prediction results of each model obtained through the confusion matrix.

NPVc (%)PPVb (%)Specificity (%)Sensitivity (%)Balanced accuracy (%)Accuracy (%)AUCa (95% CI)Outcomes

HIV

0.9790.1290.8890.4710.6790.8740.766 (0.641-0.890)LRd

0.9790.0830.7950.5290.6620.7860.704 (0.545-0.862)DTe

0.9780.0920.8360.4710.6540.8240.723 (0.591-0.856)RFf

0.9730.1220.9250.2940.6100.9040.687 (0.562-0.811)KNNg

0.9830.0760.7240.6470.6860.7220.738 (0.592-0.884)LightGBMh

0.9870.1050.7890.7060.7470.7860.777 (0.639-0.915)XGBoosti

STDs j

0.9510.0930.5820.5880.6250.5820.624 (0.536-0.711)LR

0.9430.0830.5990.5000.5490.5920.536 (0.442-0.631)DT

0.9330.0700.5990.4120.5050.5860.566 (0.473-0.660)RF

0.9330.0880.9330.0880.5110.8760.511 (0.455-0.567)KNN

0.9400.0790.6010.4710.5360.5920.568 (0.466-0.671)LightGBM

0.9580.1090.6330.6180.5850.6320.637 (0.541-0.732)XGBoost

aAUC: area under the curve.
bPPV: positive predictive value.
cNPV: negative predictive value.
dLR: logistic regression.
eDT: decision tree.
fRF: random forest.
gKNN: K-nearest neighbor.
hLightGBM: light gradient boosting machine.
iXGBoost: extreme gradient boosting.
jSTD: sexually transmitted disease.

The area under the curve (AUC) values of each machine learning
model and the results of 10-fold cross-validation are presented
in Figures 3A-3D. Figures 3E and 3F show heat maps of the
predictive performance data in all models for HIV infection and

STD. The results indicated that XGBoost had the highest
combined predictive performance scores in the HIV infection
and STD prediction models, which were 33 and 39, respectively.
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Figure 3. Area under the curve (AUC) values for machine learning models, 10-fold cross-validation, and evaluation indicators: (A) AUC of the HIV
prediction model, (B) results of 10-fold cross-validation of the HIV prediction model, (C) AUC of the sexually transmitted disease (STD) prediction
model, (D) results of 10-fold cross-validation of the STD prediction model, (E) heat map visualization of the predictive performance of each indicator
in HIV prediction model, and (F) heat map visualization of the predictive performance of each indicator in STD prediction model. CV: cross-validation;
DT: decision tree; KNN: K-nearest neighbor; LightGBM: light gradient boosting machine; LR: logistic regression; NPV: negative predictive value;
PPV: positive predictive value; RF: random forest; ROC: receiver operating characteristic curve; XGBoost: extreme gradient boosting.

Interpretability Analysis
The XGBoost algorithm was chosen as the optimal model to
rank the importance of all predictors, and the top 4 variables
were analyzed for interpretability using the PDPs (Figure 4).
According to the results of the study, condom use, HIV
knowledge score, number of male partners, and internet dating
were the more important variables in the HIV risk prediction
model. Degree of education, internet dating, number of female

partners, and number of male sexual partners were the more
important variables in the STD prediction model. According to
the PDPs, MSM who sometimes or occasionally use condoms,
have an HIV knowledge score of <11, have ≥2 male partners,
and use internet dating reported a higher risk of HIV infection
than other MSM. MSM with a low degree of education, those
using internet dating, having a female partner, and having ≥2
male partners had a higher risk of STDs than other MSM.
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Figure 4. Interpretability analysis of optimal model: (A) importance ranking of variables for HIV prediction model, (B) importance ranking of variables
for sexually transmitted disease (STD) prediction model, and (C) partial dependence plots for each variable in the top 4 rankings. AUC: area under the
curve; STD: sexually transmitted disease.

Risk Stratification
On the basis of the cutoff points of the receiver operating
characteristic curves of the testing set prediction models, in the
HIV prediction model, we defined PRS<0.506 as the low-risk
group and PRS ≥0.506 as the high-risk group; in the STD
prediction model, we defined PRS<0.479 as the low-risk group
and PRS ≥0.479 as the high-risk group. The PRS and risk group
distribution of HIV infection and STDs among MSM in the
testing set are presented in Figures 5A and 5B. Of the 500 MSM,
386 (77.2%) were in the HIV low-risk group and 114 (22.8%)

were in the HIV high-risk group, and 285 (57%) were in the
STD low-risk group and 215 (43%) were in the STD high-risk
group. The actual number of HIV infections was statistically
different in the high- and low-risk groups (P<.001; Figure 5C),
and the predicted probability of HIV was significantly higher
in the high-risk group than in the low-risk group (P<.001; Figure
5D). In the high-risk group, the actual number of STDs was
higher than in the low-risk group (P=.05; Figure 5E), and the
predicted probability of STD was significantly higher in the
high-risk group than in the low-risk group (P<.001; Figure 5F).
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Figure 5. Evaluation of the predicted risk scores of the optimal model in the testing set: (A) distribution of predicted risk scores and risk groups among
men who have sex with men (MSM) in HIV prediction model, (B) distribution of predicted risk scores and risk groups among MSM in sexually
transmitted disease (STD) prediction model, (C) HIV predicted model’s actual number of infections compared among the risk groups, (D) HIV model’s
predicted probability compared among the risk groups, (E) STD predicted model’s actual number of infections compared among the risk groups, and
(F) STD model’s predicted probability compared among the risk groups.

Sensitivity Analysis and Web Applications
Applying the optimal model to an external validation set showed
that the model had a fair ability to predict the risk of HIV
infection and STDs, with AUC values of 0.627 (95% CI
0.518-0.836) and 0.687 (95% CI 0.528-0.846), respectively. A
comparison of differences in demographic characteristics
between the external and internal validation sets is provided in
Tables S5-S7 in Multimedia Appendix 1. Meanwhile, based on
the results of the sensitivity analysis, the optimal model was
applied to the MSMM, non-MSMM, MSMO, and MSMW
datasets, respectively, and the AUC values ranged from 0.634
to 0.839, indicating that the model was also capable of predicting
the risk of HIV infection and STDs in the subgroups (Figure
S6 in Multimedia Appendix 1). Finally, the prediction results
of the optimal model were displayed in the shiny web
applications for probability estimation and interactive
computation [29].

Discussion

Principal Findings
Our study demonstrated the accuracy of machine learning
methods in the prediction of the risk of HIV infection or STDs
among MSM. Among the 6 machine learning methods, the
XGBoost model outperformed the others, achieving higher AUC
values as well as greater accuracy and sensitivity. Furthermore,
the most useful predictors were conventional and easy to collect.
Optimization-based models were able to stratify the risk of HIV
infection and STDs in MSM well. Sensitivity analyses showed
that the prediction models for HIV or STD also demonstrated
good performance in predicting MSM subgroups with different

risks of infection. In addition, the web-based calculators
developed in this study provided a valuable tool for clinicians
and MSM to make more informed behavioral decisions. These
data could guide prevention and intervention programs, allowing
users to tailor interventions to the risk profile of the individual.
The routine collection of data, the accuracy of the prediction
models, and the convenience of the web applications suggested
that machine learning methods may be of value in HIV infection
or STD risk assessment services.

Machine learning methods offer flexibility and scalability,
making them suitable for a variety of tasks, such as risk
stratification, especially when analyzing big data [30]. Risk
prediction models are widely used in clinical scenarios, and
clinicians may be able to use clinical prediction models to
quantify predictions and more intuitively present their risk of
infection and intervention options to the MSM population,
potentially moderating the information asymmetry between
physicians and patients to some extent. In addition, risk
prediction models can play a role in the tertiary prevention
system of diseases. For example, according to the individual
characteristics of high-risk groups, the risk of potential future
infections can be quantified, providing a more intuitive and
scientific reference for health education and behavioral
interventions, and noninvasive, cost-effective, and convenient
indicators can be used for risk screening, thus realizing
secondary prevention of “early detection, early diagnosis, and
early treatment.” Clinicians can more accurately screen
appropriate study participants, and government departments
and health management decision makers can better manage the
quality of health care and rationally allocate health care
resources. Meanwhile, for MSM, web applications enable
self-assessment of infection risk anytime and anywhere based
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on their individual situations, which is conducive to protecting
their privacy and strengthening awareness of self-management
and self-monitoring among high-risk groups.

In our study, for the MSM population in Western China, our
prediction results were consistent with previous prediction
studies and better predicted the risk of infection. A study
conducted to predict future occurrence of syphilis in a high-risk
cohort of MSM and transgender women in Peru reported an
AUC value of 0.690 [10]. In HIV diagnosis studies of MSM in
Australia, the AUC value of their prediction models ranged
from 0.698 to 0.763, and for the diagnosis of other STDs, the
AUC value ranged from 0.632 to 0.858 [31]. However, the STD
prediction model in this study had a slightly lower AUC value
(0.777 vs 0.637) compared to the HIV prediction model, which
may be related to the way the dependent variables were
collected. We objectively measured the HIV infection status of
MSM through HIV antigen-antibody testing, whereas the STD
history of MSM was obtained through subjective self-reports.
MSM may have chosen to conceal their infection history due
to social desirability bias, leading to an underestimation of
outcomes [32]. Although subjective measurements may lead to
a reduction in the efficacy of prediction models, their predictions
were generally reliable. At the same time, according to the
results of the HIV prediction model, STD history was also an
important factor in HIV infection, which was consistent with
the results of previous studies [10,33]. In our study, we
developed separate prediction models for HIV infection and
STDs, designed to function as a 2-step risk assessment tool.
The first step evaluates the risk of STDs in MSM, followed by
the second step, which assesses the risk of HIV, offering more
comprehensive information for HIV risk prediction.

Our results showed that the XGBoost algorithm performed
optimally in predicting the risk of HIV infection and STDs in
the MSM population in Western China. XGBoost is an enhanced
version of the gradient boosting machine. The optimal
performance of XGBoost has been reported in studies predicting
HIV infection in Zimbabwe from 2005 to 2015 and in studies
predicting timely clinic attendance and acceptance of HIV
infection or STD testing [34,35]. The XGBoost algorithm
incorporates regular terms to control the complexity of the
model, which can effectively prevent overfitting. In addition,
XGBoost modeling has been shown to gain signal from
missingness without resorting to imputation techniques [36].
In summary, in predicting the risk of HIV infection and STDs
in the MSM population in Western China, XGBoost has reported
the best prediction performance in terms of discriminative ability
and clinical application. XGBoost can be used as a prioritized
algorithm in future risk prediction tools.

According to the interpretability analysis of the prediction
model, condom use was one of the important factors in
predicting the risk of HIV infection in the MSM population,
which was also consistent with the results of previous studies
[31]. High-risk sexual behaviors, such as unprotected sex and
inconsistent condom use, may accelerate HIV transmission
between MSM [37,38]. According to our findings, MSM who
sometimes or occasionally used condoms were predicted to
have a higher mean probability of infection than MSM who
used condoms every time. However, the probability of infection

among MSM who never used condoms was not high, and we
believe that it may be related to the social desirability bias of
MSM, which made them reluctant or afraid to admit that they
did not use condoms, leading to an underestimation of this
outcome.

In addition, our findings showed that MSM who found sexual
partners through the internet (ie, internet dating) had a higher
risk of both HIV infection and STD than MSM who did not.
Considering that individuals have free access to explicit sexual
content on the internet, coupled with the increased risk of MSM
infection, the role of the internet in sexual partner encounters
and its correlation with risky sexual behavior has become an
important topic [39]. The internet was known to be a popular
place for MSM to find sexual partners; for example, previous
studies found that 40% of MSM used the internet to find sexual
partners [40,41]. Previous studies have shown that MSM who
use internet dating are more likely to engage in psychotropic
drug use and unprotected intercourse compared to other MSM
[42]. This result was consistent with our findings. It is evident
that targeted measures should be taken to improve their attitudes
and perceptions and reduce their risk of infection.

A study in the United States showed that MSM with multiple
partners are at higher risk of HIV infection [43]. This finding
was confirmed by 2 national cross-sectional surveys conducted
in Brazil in 2009 and 2016 [44]. In addition, previous studies
in China have found that MSM with multiple sexual partners
and those having unprotected sex were at increased risk of HIV
infection [26]. These were consistent with our findings. It is
clear that MSM with multiple sex partners should be given
timely attention and education to reduce their risk of infection.
Moreover, our prediction model screened for variables such as
HIV knowledge score, degree of education, and HIV testing.
All of these variables were significant predictors of infection
risk, and interventions targeting these variables were also
important for HIV infection and STD prevention in the MSM
population.

Limitations
In summary, we have developed risk prediction tools that can
be widely used in real-life settings. All predictors are
self-reported risks, and a user-friendly, web-based
self-assessment tool has the potential to help MSM identify
their risk of HIV infection or STDs in a nonclinical setting,
which enables them to determine their risk of infection and seek
timely medical help. Meanwhile, in clinical scenarios, these
tools will help clinicians stratify high-risk individuals and be
more attentive to individuals who are potentially at high risk of
infection. However, there were some limitations in our study.
First, we recruited participants using nonprobability sampling,
which may have led to bias and limited the generalizability of
this study (refer to Multimedia Appendix 1 for the evaluation
of the bias in the data relative to the population). In addition,
our study relied on voluntary participation by MSM, and the
characteristics of participants may have differed from those of
nonparticipants, leading to self-selection bias. The validity of
risk prediction models depended on the accuracy of self-reported
information, which was influenced by MSM recall bias and
social desirability bias. In future research on MSM, some
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accurate and reliable information gathering tools are necessary,
for example, computer-assisted self-interview [31]. Our study
revealed significant spatial heterogeneity in the demographic
characteristics and the risk of HIV infection or STDs among
the MSM population in Western China. This heterogeneity
reflects regional differences in population structure,
socioeconomic conditions, behavioral patterns, and access to
health care services. Considering the epidemiological context,
these findings suggest the need to develop tailored prevention
and control strategies based on regional characteristics to
effectively reduce the risk of HIV and STD transmission in
various areas (Figure S7 and Table S8 in Multimedia Appendix
1). Second, the sample size of our study may be smaller than
that of other large-scale national survey studies. As the study
focused the MSM population, conducting a large-scale national
survey was difficult. However, the results of risk prediction
models and sensitivity analyses showed that, with the current
sample size, the predictions were considerable and could be
used in real-world applications. Third, we only used 6 machine
learning methods for risk prediction, and others may be explored
as part of future research. Fourth, although the optimal
prediction model performed moderately well in the MSM in
Sichuan (ie, the external validation set), our analysis, presented
in Tables S5-S7 in Multimedia Appendix 1, revealed significant
differences in demographic variables between the external and

internal validation sets. These discrepancies may have
contributed to inaccurate predictions, but they also highlighted
the authenticity of the external data used to test the risk
prediction model, as such differences in the external validation
dataset were unavoidable. Future attempts should be made to
apply external validation to data from multiple regions to
demonstrate the robustness of the prediction model. Finally,
our study represented risk projections of outcomes and
characteristics from cross-sectional surveys rather than
prospective cohort projects, and longitudinal projections will
be part of future surveys. As the models were constructed only
from Western China, further exploration and validation were
needed to generalize the optimal model to the whole country to
make it universally applicable.

Conclusions
Our results showed that the machine learning approach
demonstrated good performance in predicting the risk of HIV
infection or STDs in the MSM population in Western China.
The method could be used for the risk stratification of MSM,
which would help clinicians and MSM to conduct risk
assessment and intervene and prevent the risk in a timely
manner. At the same time, user-friendly and easily operated
web applications have important public health implications in
risk monitoring among the MSM population and can be widely
used in reality.
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