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ABSTRACT
Objective  This study aimed to develop machine learning 
(ML) models to predict HIV status and assessed the factors 
associated with HIV infection among young men who have 
sex with men (MSM) under the Universal Health Coverage 
(UHC) programme in Thailand.
Methods  Young MSM aged 15–24 years who underwent 
HIV testing through the UHC programme from 2015 to 
2022 were included. Data were divided into training 
(70%) and testing (30%) sets, with the Synthetic Minority 
Oversampling Technique (SMOTE) applied to address data 
set imbalance. ML models, including logistic regression, k-
nearest neighbour (KNN), random forest, extreme gradient 
boosting (XGB) and AdaBoost, were used to predict HIV 
infection.
Results  Among 146 813 young MSM, 11% were 
diagnosed with HIV. While KNN initially outperformed other 
ML models, the sensitivity of all models using the original 
data set was low due to imbalanced data. After applying 
SMOTE, the XGB model showed the best performance with 
an accuracy of 0.72, sensitivity of 0.73, specificity of 0.72 
and the area under the curve of 0.72. The top predictors of 
HIV infection were the year of HIV testing (68%), age (55%) 
and targeted HIV testing (54%).
Discussion  This study demonstrates the potential of 
ML models, particularly XGB, in predicting HIV infection 
among young MSM in Thailand under the UHC programme. 
The application of SMOTE improved model sensitivity, 
addressing data imbalance and enhancing predictive 
accuracy.
Conclusions  ML models have the potential to enhance 
HIV risk assessment and inform targeted prevention 
strategies for high-risk populations.

INTRODUCTION
In 2022, there were an estimated 480 000 
new HIV infections among individuals aged 
10–24, with 140 000 of these cases occurring 
mainly in people aged 10–19, which increas-
ingly represented a significant segment of 
the global population with HIV.1 2 Despite 
declining HIV infections in Asia-Pacific, trans-
mission among key populations (KPs) remains 
a concern, especially among men who have 
sex with men (MSM) with high and rising 
prevalence in some countries. A previous 

study reported a 2.5-fold increase in HIV 
prevalence among young MSM in Malaysia 
between 2014 and 2017.3 A recent study from 
Indonesia conducted a respondent-driven 
sampling survey of 211 young MSM between 
2018 and 2019 to estimate HIV prevalence 
and associated risk factors, finding that 30% of 
young MSM were HIV antibody positive.4 HIV 
surveillance has shown an increasing preva-
lence among Bangkok MSM aged 22 years or 
younger, rising from 13% in 2003 to 22% in 
2007, and 24% in 2014.5 Briefly, the Universal 
Health Coverage (UHC) programme in Thai-
land offers free HIV testing two times a year 
as a target HIV test to early detect HIV infec-
tion.6 7 Scaling up HIV testing among KPs in 
Thailand has resulted in an increase in the 
diagnosis of new HIV infections among young 
MSM.8 In 2018, approximately 45.1% of MSM 
who were diagnosed with HIV infections were 
at age 15–24 years in Thailand, which had the 
highest proportion compared with other age 
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groups.9 There have been limited studies on HIV preva-
lence in Thailand in recent years.

Previous studies employed logistic regression (LR) 
models to predict HIV infection and its associated factors 
among MSM in cross-sectional studies,4 10–12 as well as 
Poisson regression and survival analysis to assess newly 
HIV infections in cohort studies.13 14 Recently, machine 
learning (ML) algorithms have seen widespread use 
in the medical field, particularly for HIV infection risk 
research.15 16 Several studies indicate that ML algo-
rithms are advantageous over multivariable LR models 
in predicting HIV infection.15–17 Previous study, based 
on 5 yearly surveys from Zimbabwe, applied supervised 
ML models to predict HIV status, reporting that extreme 
gradient boosting (XGB) was the best-performing algo-
rithm for identifying HIV infection.18 Similarly, a study 
from China indicates that ML algorithms have been used 
to predict HIV infection among MSM using cross-sectional 
data, demonstrating that ML models with random forest 
(RF) algorithms after adjusting the Synthetic Minority 
Oversampling Technique (SMOTE), which is applied to 
solve the problem of unbalanced data, perform signifi-
cantly better than conventional LR models. 19These algo-
rithms could be applied to all populations including the 
general population and KPs, with variations depending 
on the characteristics and dynamics of the epidemic and 
the behaviour risks.20 However, ML techniques have not 
yet been used to predict HIV infections among MSM 
in Thailand. This study aims to apply ML algorithms to 
predict HIV status among young MSM and to assess HIV 
infection and its associated factors through the UHC 
programme in Thailand.

METHODS
Data source
Briefly, the UHC programme serves as the primary health 
insurance initiative for HIV testing in Thailand, providing 
HIV care services to people living with HIV.7 The database 
collects information as the basis for reimbursing hospitals 
for laboratory tests. HIV tests are free two times a year 
for all Thai people. The data is required for reimburse-
ment under the UHC programme in Thailand. If the 
information is incomplete, data monitoring processes are 
implemented to recheck and validate it. The data set has 
already been cleaned, and missing data were addressed by 
removing rows with missing values when the proportion 
of missing data was small (eg, <5%), ensuring minimal 
impact on the analysis. For variables with a higher propor-
tion of missing data (eg, >15%), the missing values were 
categorised as unknown. The management of the data-
base is overseen by the National Health Security Office 
(NHSO).7

Study population
This cross-sectional study included young MSM aged 
15–24 years who received HIV testing through the UHC 
programme in Thailand between 2015 and 2022. HIV 

status was defined as HIV infection based on a positive 
result recorded by hospitals using the testing algorithms 
implemented at each facility. Individuals with HIV were 
those diagnosed as HIV-positive for the first time, while 
individuals without HIV were those diagnosed as HIV-
negative during their most recent HIV test when they 
returned for testing. HIV prevalence was defined as the 
proportion of young MSM diagnosed with HIV divided 
by the total number of young MSM who underwent HIV 
testing during the study period.

Study covariates
The main predictors of this data include age, year at HIV 
testing, targeted HIV testing, main insurance care system, 
President’s Emergency Plan for AIDS Relief (PEPFAR) 
in Thailand, region of resident, non-occupational post-
exposure prophylaxis (nPEP), number of HIV testing, 
partner of people with HIV and prisoners. Age was cate-
gorised into adolescents and young adults (15–19 years) 
and those aged 20–24 years, respectively. We classified 
individuals into two groups for targeted HIV tests, along 
with offering free testing through the UHC benefits as yes 
for clients who had HIV tests for 1–2 times in a year and 
defined as no for those who did not do a test based on 
programme offering. Year at HIV testing was categorised 
into 2015–2017, 2018–2020 and 2021–2022 and main 
insurance care system was categorised into four classes 
based on the predominant insurance care system: Social 
Security Scheme (SSS), Universal Coverage Scheme 
(UCS), Welfare Scheme (WEL) and others. We also clas-
sified the number of HIV testing into three groups (1, 
2 and more than 3) during study periods. There was no 
missing data in this study.

STATISTICAL ANALYSIS
The characteristics of young MSM were described by 
HIV status (young MSM with HIV vs young MSM without 
HIV). Categorical characteristics were compared using 
Pearson’s Chi-square (χ²) test, and continuous character-
istics were compared using the Wilcoxon rank-sum test, 
as appropriate.

Model establishing
First, the data set was randomly divided into two groups 
using stratified random sampling for training data (70%) 
and testing data (30%). We used the fivefold cross-
validation method within the training set by dividing the 
data into five groups for ensuring that each group repre-
sented a proportional distribution of individual charac-
teristics. Each group was used as the internal validation 
set for one of the five replications. This approach helps 
evaluate the ability of the model to generalise to unseen 
data and provides a robust estimate by reducing vari-
ability.21 22 This study used SMOTE, which is a method 
for balancing the training data set to improve the ability 
of classification and reduce the risk of overfitting for the 
minority class sample.23 Second, five ML algorithms were 
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compared for predicting HIV infection among young 
MSM including LR, k-nearest neighbour (KNN), RF, XGB 
and AdaBoost (ADB). These algorithms are widely used 
and effective for classification problems, each offering 
unique features and advantages. The hyperparameters 
of each model were optimised using Grid-search to iden-
tify the optimal configuration. The RF and XGB models 
were tuned with the hyperparameters ‘n_estimators’ and 
‘max_depth’; the ADB model was tuned with ‘n_estima-
tors’ and ‘learning_rate’; the LR model was tuned with 
‘C’; and the KNN model was tuned with ‘n_neighbors’.

Model evaluation
The performance of the ML models was evaluated using 
various metrics including accuracy, precision, recall, 
F1-score, sensitivity, specificity and the receiver oper-
ating characteristic (ROC) curve by calculating the area 
under the curve (AUC). F1-score, precision and recall 
with weighted average were used as evaluation metrics 
to account for class imbalance, as the data set used in 
HIV prediction was imbalanced. The performance of 
these models was evaluated on the testing data (figure 1). 
SHapley Additive exPlanations (SHAP) were used to 
calculate the contribution of each feature to the model’s 
prediction, providing SHAP values that indicate the 
importance of individual features. SHAP is a powerful 
tool for interpreting complex ML models, as it helps to 
understand how input features influence predictions. In 
this study, SHAP was applied to identify the key predic-
tors of HIV infection by ranking features based on their 
contribution to the performance of the best-performing 
ML models.24 LR analysis was used to calculate odd raito 
(OR) with a 95% CI for interpreting the association 
between risk factors and HIV infection among young 
MSM in Thailand.

ML analyses were performed using Python (V.3.9), 
and statistical analyses were conducted using Stata (V.18, 
StataCorp, MP). Statistical significance was defined as a 
two-sided p value of less than 0.05.

RESULTS
Population characteristics
A total of 146 813 individuals were included, 11% (16 268) 
were people with HIV. Characteristics of participants are 
shown in table 1, stratified by people with or without HIV. 
The median age was 20 years (IQR: 17–22), with 49% (71 
850) aged between 15 and 19 years, and 51% (74 963) 
aged between 20 and 24 years. 11% (15 484) were tested 
between 2015 and 2017, 35% (51 454) between 2018 and 
2020 and 54% (79 875) between 2021 and 2022. Most 
young MSM were diagnosed with HIV through targeted 
HIV testing (92%).

HIV prevalence outcome
The HIV prevalence among young MSM was 11%. We 
found that HIV prevalence was higher among young 
MSM aged 20–24 years compared with those aged 15–19 

years (16% vs 6%). Online supplemental figure 1 shows 
the prevalence of HIV across provinces in Thailand by 
calendar year of HIV testing. There was a decreasing trend 
in HIV prevalence over time by year of HIV testing: 32% 
in 2015–2017, 14% in 2018–2020 and 4% in 2021–2022. 
The highest HIV prevalence among young MSM was 
found in Bangkok, followed by the Northeastern region.

Performance comparison of the models
The model construction approach involves three stages. 
We performed the original data set by stratified randomly 
sampling for model development by splitting into training 
set and testing set. The training set was then prepared in 
two forms: the original data set and the SMOTE-processed 
data set (online supplemental table 1 and 2) to address the 
issue of data set imbalance. The performance of five ML 
classification models in predicting HIV infection among 
young MSM is described in table 2. For models trained 
on the original imbalanced data set, KNN, RF, XGB, ADA 
and LR demonstrated AUC values ranging from 0.52 to 
0.57. Precision values ranged from 0.35 to 0.55, indicating 
a moderate ability to correctly identify HIV-positive cases. 
Notably, recall values were low for all models (0.04–0.16) 
along with F1-score in a range of 0.07–0.22, suggesting 
poor detection of positive cases in the imbalanced data set. 
After addressing the imbalance using SMOTE-processed 
data, model performance improved significantly, partic-
ularly in sensitivity and recall. The RF, XGB and ADA 
models achieved the highest AUC values (0.72), while LR 
had an AUC of 0.70. Sensitivity increased notably across 
all models, with RF, XGB and ADA achieving 0.72–0.73. 
This improvement was reflected in a slight increase in the 
F1-score (0.23–0.37), while precision values decreased 
slightly (0.24–0.30) due to the increased identification 
of positive cases. Overall F1-scores average improved to 
0.76–0.85, indicating a better balance between precision 
and recall with weighted average for imbalance data. 
Among the models evaluated, XGB and ADA achieved 
the best overall performance, with an AUC of 0.72 and 
sensitivity of 0.73, while the confusion matrix showed that 
the XGB model had higher true positive and true nega-
tive values than the ADA model (online supplemental 
figure 2 and 3). The ROC of the five ML algorithms using 
both the original and SMOTE-processed data is shown in 
figure 2.

The evaluation of feature importance
The evaluation of SHAP was conducted using the 
XGB model, which outperformed other ML models. 
Figure  3 displays the ranked features, ordered from 
highest to lowest importance, highlighting their signif-
icance in predicting HIV infection. Features impor-
tance included the year of HIV testing, age, targeted 
HIV testing, region of residence, primary insurance 
care system, PEPFAR support, number of HIV tests, 
prisoner status, nPEP usage and having a partner 
living with HIV. The top five important features in 
the model, including the year of HIV testing (68%), 

https://dx.doi.org/10.1136/bmjhci-2024-101189
https://dx.doi.org/10.1136/bmjhci-2024-101189
https://dx.doi.org/10.1136/bmjhci-2024-101189
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age group (55%), targeted HIV testing (54%), region 
of residence (46%) and the primary insurance care 
system (35%), all of which demonstrate high impor-
tance but contribute negatively to the model’s predic-
tions. In contrast, the age feature (55%) also shows 
high importance but contributes positively to the 
model’s predictions.

Interpretation of factors associated with HIV infection
A multivariate LR analysis was performed to study the 
predictors associated with HIV infection (online supple-
mental table 3). Young MSM aged 20–24 years (aOR 2.63, 
95% CI 2.53 to 2.74) demonstrated higher odds of HIV 
infection compared with those aged 15–20 years. Young 
MSM who received HIV testing in the calendar year 

Figure 1  Study flow diagram of data preparation and model prediction. AUC, area under the curve; ADB, AdaBoost; KNN, k-
nearest neighbor; LR, logistic regression; RF, random forest; SMOTE, Synthetic Minority Oversampling Technique; XGB, extreme 
gradient boosting.

https://dx.doi.org/10.1136/bmjhci-2024-101189
https://dx.doi.org/10.1136/bmjhci-2024-101189
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Table 1  Characteristics of HIV infection in young men who have sex with men (MSM)

Young MSM without HIV Young MSM with HIV Overall P value

N (%) 130 545 (89) 16 268 (11) 146 813 (100)

Median (IQR) age (years) 19 (17–21) 21 (19–23) 20 (17–22) <0.001

Age group (years) <0.001

15–19 years 67 385 (52) 4465 (27) 71 850 (49)

20–24 years 63 160 (48) 11 803 (73) 74 963 (51)

Year at HIV testing <0.001

2015–2017 10 596 (8) 4888 (30) 15 484 (11)

2018–2020 44 428 (34) 7026 (43) 51 454 (35)

2021–2022 75 521 (58) 4354 (27) 79 875 (54)

Targeted HIV testing <0.001

No 36 119 (28) 1354 (8) 37 473 (26)

Yes 94 426 (72) 14 914 (92) 109 340 (74)

Main insurance care system <0.001

SSS 13 382 (10) 3488 (22) 16 870 (12)

UCS 88 594 (68) 10 806 (66) 99 400 (68)

WEL 22 546 (17) 1596 (10) 24 142 (16)

Others 6023 (5) 378 (2) 6401 (4)

PEPFAR in Thailand <0.001

No 59 430 (46) 6416 (39) 65 846 (45)

Yes 71 115 (54) 9852 (61) 80 967 (55)

Region of resident <0.001

Bangkok 16 946 (13) 4396 (27) 21 342 (15)

Central 15 785 (12) 1693 (10) 17 478 (12)

Eastern 12 875 (10) 1312 (8) 14 187 (10)

Northern 28 085 (22) 2610 (16) 30 695 (21)

Northeastern 33 359 (26) 4596 (28) 37 955 (26)

Southern 17 218 (13) 1230 (8) 18 448 (12)

Western 6277 (4) 431 (3) 6708 (4)

nPEP use 0.012

No 130 438 (99) 16 246 (99) 146 702 (99)

Yes 107 (1) 4 (1) 111 (1)

Number of HIV testing (times) <0.001

1 82 125 (63) 13 180 (81) 95 305 (65)

2 30 196 (23) 1913 (12) 32 109 (22)

More than 3 18 224 (14) 1175 (7) 19 399 (13)

Partner of people with HIV <0.001

No 130 447 (99) 16 216 (99) 146 663 (99)

Yes 98 (1) 52 (1) 150 (1)

Prisoners status <0.001

No 130 188 (99) 16 259 (99) 146 447 (99)

Yes 357 (1) 9 (1) 366 (1)

Categorical characteristics were compared using Pearson’s χ² test, and continuous characteristics were compared using the Wilcoxon rank-
sum test.
nPEP, non-occupational postexposure prophylaxis; PEPFAR, President's Emergency Plan for AIDS Relief; SSS, Social Security Scheme; UCS, 
Universal Coverage Scheme; WEL, Welfare Scheme.
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periods of 2015–2017 (aOR 6.31, 95% CI 6.01 to 6.63) and 
2018–2020 (aOR 2.51, 95% CI 2.41 to 2.62) had higher 
odds of being diagnosed with HIV infection compared 
with those in the period 2021–2022. Young MSM who had 
targeted HIV testing (aOR 3.23, 95% CI 2.99 to 3.49) were 
more likely to be diagnosed with HIV infection than those 
without routine HIV testing. The clients who had SSS as 
main insurance (aOR 2.26, 95% CI 2.01 to 2.53) and UCS 
(aOR 1.56, 95% CI 1.39 to 1.74) were more likely to be 
diagnosed with HIV infection compared with those in 
others. Moreover, residents of Bangkok had the highest 
OR of HIV infection compared with those residing in the 
Western region.

DISCUSSION
Our study shows that ML models can aid HIV epidemic 
control using real-world data. Among the evaluated 
models, XGB with SMOTE-processed data achieved the 
highest accuracy in predicting HIV infection among 
young MSM. SHAP analysis identified key risk factors: 
earlier calendar year, older age at diagnosis and targeted 

HIV testing. These findings support the use of ML for 
HIV prediction, targeted interventions and prevention 
planning in Thailand. Integrating ML with real-world 
data can enhance prediction accuracy, inform public 
health strategies and optimise prevention efforts for KPs.

In our study, we used electronic health record data from 
the UHC programme, which showed low precision after 
applying SMOTE, likely due to the low prevalence of HIV 
and high engagement in HIV testing. Similar findings 
from studies in the USA25 and Denmark15 highlight the 
challenge of class imbalance in predicting HIV infection. 
To address this, we applied a weighted average approach, 
adjusting class weights inversely to their frequencies. 
This improved sensitivity to rare HIV-positive cases while 
maintaining balance with precision. In health settings, 
minimising both false positives and false negatives is 
crucial. The F1-score with weighted average accounts 
for both errors, making it a better metric for assessing 
model performance in HIV prediction than accuracy 
alone.26 Our model has the potential to support clini-
cians in identifying individuals at higher risk of acquiring 

Figure 2  The receiver operating characteristic (ROC) curves of five models for predicting HIV infection for original unbalanced 
data (A) and SMOTE-processed data (B). Note: these models include k-nearest neighbour (KNN), random forest (RF), extreme 
gradient boosting (XGB), AdaBoost (ADA) and logistic regression (LR). SMOTE, Synthetic Minority Oversampling Technique.

Figure 3  The importance of features in the extreme gradient boosting (XGB) model by using SHAP. nPEP, non-occupational 
postexposure prophylaxis; PEPFAR, President’s Emergency Plan for AIDS Relief; SHAP, SHapley Additive exPlanations.
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HIV and linking them to preventive services such as 
the pre-exposure prophylaxis registry programme.27 
Moving forward, real-world validation and optimisation 
of ML algorithms will be crucial to improving their prac-
tical application in public health settings. Our findings 
show that the XGB model achieved a weighted average 
F1-score of 0.77, demonstrating its ability to balance 
precision and recall while also achieving the highest AUC 
and sensitivity. These results are consistent with previous 
studies that highlight the effectiveness of ML algorithms 
in predicting HIV infection.16 A study that applied ML 
approaches to predict HIV and sexually transmitted 
infections (STIs) among MSM in Australia reported that 
Gradient Boosting achieved the highest AUC for HIV 
prediction (76.3%), followed by XGB, RF, deep learning 
and LR. These results highlight the advantages of ML 
approaches over traditional LR models in predicting HIV 
among MSM.17 More recently, a study from Zimbabwe 
also found that the XGB model demonstrated the highest 
performance in predicting HIV infection in the general 
population.18 Similarly, our findings align with a study 
conducted among MSM in Zhejiang, China, from 2018 
to 2020, which applied SMOTE to address data set imbal-
ance. That study reported an HIV infection rate of 6% and 
identified the RF model as the best-performing algorithm 
(recall=0.775, and AUC=0.942) when compared with 
conventional LR models.19 The usefulness of the SMOTE 
process for generating synthetic samples and addressing 
imbalanced biomedical data is further supported by find-
ings from studies predicting HIV status in Danish regis-
tries.15 28

Additionally, our study observed an increasing trend 
in HIV testing among young MSM under the UHC 
programme in Thailand, accompanied by a decrease in 
the proportion of HIV infections during the study period. 
This decline is likely attributable to the effectiveness of 
the test-and-treat intervention and access to the PEPFAR 
programme in high-risk regions.29 30 Our findings indicate 
that HIV prevalence among MSM during the study period 
was lower than the prevalence reported in previous studies 
from China.19 31 Findings from conventional LR analysis 
further revealed that young MSM aged 20–24 years had 
higher odds of HIV infection, consistent with findings 
from studies conducted in China and Mozambique.11 31 
Moreover, the recent advancements in HIV testing and 
scaling up of treatment underscore the commitment to 
achieve better treatment coverage and higher long-term 
viral suppression rates among people with HIV in Thai-
land.7 32 These significant factors were also reflected in 
the feature importance rankings identified in our study 
using the XGB model. Targeted efforts for MSM, the most 
affected group, are crucial to reducing HIV transmission 
and achieving global targets.

Our study supports the existing ML research that 
focused on predicting HIV infection. These studies collec-
tively demonstrate the effectiveness of ML in detecting 
HIV infection among MSM through the real-world data 
sets. There were some limitations in our study. First, the 

inclusion of a limited number of variables, primarily 
demographic factors, restricted the utilisation of other 
important sexual behaviour factors such as condomless 
anal sex, substance abuse and history of STIs, which may 
have limited the depth of analysis in understanding the 
predictors for HIV infection among MSM. Second, ML 
models require large amounts of high-quality data and 
might not have exactly interpreted the association between 
outcome and predictors in detail as conventional regres-
sion analysis. Lastly, in low HIV positivity populations, ML 
models may have limited predictive power, especially with 
weak predictive features. Other sampling strategies, such 
as Adaptive Synthetic Sampling, were explored to over-
sample the minority class, but these resulted in lower accu-
racy. Additionally, adjusting decision thresholds (to better 
classify individuals at high risk for HIV), incorporating 
cost-sensitive learning (to minimise unnecessary testing 
and follow-up visits or prioritise detecting truer HIV-
positive cases) and optimising the F1-score or balanced 
accuracy could further enhance the utility of the model 
in real-world HIV screening programmes. Incorporating 
ML in HIV prediction enhances disease understanding 
and supports public health goals with guiding targeted 
interventions.

CONCLUSION
The widespread application of ML in the medical 
domain, particularly in diagnosis and predictive classifica-
tion, underscores its potential for enhancing healthcare 
outcomes. The XGB model and other ML techniques 
emerge as potentially effective tools for predicting HIV 
infection among young MSM in Thailand, enabling the 
implementation of timely interventions and tailored 
preventive measures.
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