
Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Latt, PM;Soe, NN;Fairley, CK;Chow, EP;Johnson, CC;Shah, P;Maatouk, I;Zhang, L;Ong, JJ

Title:
Machine learning for personalized risk assessment of HIV, syphilis, gonorrhoea and
chlamydia: A systematic review and meta-analysis

Date:
--

Citation:
Latt, P. M., Soe, N. N., Fairley, C. K., Chow, E. P., Johnson, C. C., Shah, P., Maatouk, I.,
Zhang, L. & Ong, J. J. (). Machine learning for personalized risk assessment of
HIV, syphilis, gonorrhoea and chlamydia: A systematic review and meta-analysis.
International Journal of Infectious Diseases, , pp.-. https://doi.org/./
j.ijid...

Persistent Link:
https://hdl.handle.net//

License:
CC BY-NC-ND

CC%20BY-NC-ND


International Journal of Infectious Diseases 157 (2025) 107922 

Contents lists available at ScienceDirect 

International Journal of Infectious Diseases 

journal homepage: www.elsevier.com/locate/ijid 

Machine learning for personalized risk assessment of HIV, syphilis, 

gonorrhoea and chlamydia: A systematic review and meta-analysis 

Phyu M. Latt 1 , 2 , ∗, Nyi N. Soe 

1 , 2 , Christopher K. Fairley 

2 , 3 , Eric P. F. Chow 

2 , 3 , 4 , 
Cheryl C. Johnson 

5 , Purvi Shah 

5 , 6 , Ismail Maatouk 

5 , Lei Zhang 

1 , 2 , 7 , # , Jason J. Ong 

2 , 3 , 8 , # 

1 Artificial Intelligence and Modelling in Epidemiology Program, Melbourne Sexual Health Centre, Alfred Health, Melbourne, Australia 
2 School of Translational Medicine, Faculty of Medicine, Nursing and Health Sciences, Monash University, Melbourne, Australia 
3 Melbourne Sexual Health Centre, Alfred Health, Melbourne, Australia 
4 Centre for Epidemiology and Biostatistics, Melbourne School of Population and Global Health, The University of Melbourne, Melbourne, Australia 
5 Global HIV, Hepatitis and STIs Programmes, World Health Organization, Geneva, Switzerland 
6 Regional Support Team, Asia Pacific, UNAIDS, Bangkok, Thailand 
7 Clinical Medical Research Centre, Children’s Hospital of Nanjing Medical University, Nanjing, Jiangsu, China 
8 Department of Clinical Research, London School of Hygiene and Tropical Medicine, London, UK 

a r t i c l e i n f o 

Article history: 

Received 12 February 2025 

Revised 21 April 2025 

Accepted 30 April 2025 

Keywords: 

Machine learning 

HIV 

Sexually transmitted infections 

Risk assessment 

Systematic review 

Meta-analysis 

a b s t r a c t 

Background: Machine learning (ML) shows promise for sexually transmitted infection (STI) risk predic- 

tion, but systematic evidence of its effectiveness remains fragmented. 

Methods: We systematically searched six electronic databases, three preprint archives and conference 

proceedings (January 2010-April 2024). Studies reporting quantitative performance metrics for supervised 

ML-based STI risk prediction models were included. We used a bivariate random-effects model to esti- 

mate pooled sensitivity, specificity and area under the curve (AUC). The risk of bias was assessed using 

the Prediction model Risk of Bias Assessment Tool. We conducted sequential analyses of studies with 

complete and reconstructed confusion matrices. Subgroup analyses and meta-regression explored poten- 

tial sources of heterogeneity. 

Results: Among 3877 records screened, 25 studies comprising 45 unique models met inclusion criteria. 

For HIV, analysis of studies with complete confusion matrices (7 studies, 9 contingency tables) demon- 

strated summary AUC of 0.91 (95% CI: 0.88-0.93), pooled sensitivity 0.84 (0.76-0.90) and specificity 0.84 

(0.70-0.93). Substantial heterogeneity persisted across subgroups ( I ² > 98%). For other STIs, individual 

studies reported AUCs ranging from 0.75-0.87 for syphilis ( n = 5), 0.73-1.00 for gonorrhoea ( n = 6) and 

0.67-1.00 for chlamydia ( n = 6). 

Discussion: While ML models show promising performance, particularly for HIV, significant heterogeneity 

complicates interpretation. Future research should prioritize external validation, standardized guidelines 

and multi-centred robust implementation studies to evaluate clinical impact. 

© 2025 Published by Elsevier Ltd on behalf of International Society for Infectious Diseases. This is an 

open access article under the CC BY-NC-ND IGO license 

( http://creativecommons.org/licenses/by-nc-nd/3.0/igo/ ) 
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Sexually transmitted infections (STIs) represent a major chal- 

enge to global health, with the World Health Organization report- 

ng over a million new infections occurring daily and an annual 

otal of approximately 374 million curable STI cases worldwide as 
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f 2020 [ 1 ]. Among these, syphilis, gonorrhoea and chlamydia are 

articularly prevalent and impactful [ 2 ]. In 2022, syphilis affected 

pproximately 8 million adults, and in some settings, congenital 

yphilis cases increased, while gonorrhoea and chlamydia account 

or a substantial portion of new STI cases, with estimates of 82 

illion and 129 million new infections in 2020, respectively [ 3 ]. 

imilarly, HIV continues to be a major challenge, with approxi- 

ately 39.9 people globally living with HIV in 2023 [ 2 ]. The im-

act of these infections extends beyond individual health, affecting 

ommunities and straining healthcare systems [ 4 ]. 

One of the primary challenges in effectively managing STIs is 

heir asymptomatic nature. Many individuals infected with those 
us Diseases. This is an open access article under the CC BY-NC-ND IGO license 
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TIs may not exhibit noticeable symptoms, leading to an inad- 

ertent transmission to other vulnerable populations. This silent 

pread can result in severe health complications, including infer- 

ility and increased susceptibility to HIV infection [ 5 ]. Therefore, 

arly detection and prompt treatment are crucial in preventing 

hese adverse outcomes. 

Since the early 2010s, machine learning (ML), a subset of arti- 

cial intelligence, has emerged as a promising approach to health- 

are. Supervised ML uses labelled datasets to train algorithms to 

lassify data or predict outcomes [ 6 ]. The application of ML in in-

ectious disease prediction and diagnosis has garnered increasing 

nterest, driven by its ability to process large volumes of complex 

ata and identify subtle patterns that might elude traditional ana- 

ytical methods [ 7 ]. However, the application of ML to STI risk as-

essment is not without challenges, including issues of data quality 

nd relevance given evolving risk patterns over time, model inter- 

retability and potential biases in training data [ 8 ]. 

While ML has shown promise in various medical fields, its ap- 

lication to HIV/STI risk assessment presents unique opportuni- 

ies and challenges. The empirical evidence supporting these appli- 

ations remains fragmented, with significant gaps in understand- 

ng implementation effectiveness across different healthcare set- 

ings and populations. Questions persist regarding model general- 

zability, real-world performance metrics and the impact on clin- 

cal decision-making processes. Several studies have explored the 

pplication of ML in HIV/STI risk estimation, reporting promising 

esults [ 9 , 10 ]. 

While previous reviews have examined the role of ML in HIV 

esting [ 8 , 11 ], no comprehensive synthesis exists evaluating ML 

erformance in risk assessment across HIV, syphilis, gonorrhoea 

nd chlamydia collectively. Moreover, no previous reviews have in- 

luded a meta-analysis of ML approaches for STIs. This gap is par- 

icularly important given the increasing adoption of ML-based tools 

n clinical practice and the need for evidence-based implementa- 

ion guidelines. 

To address these gaps, we conducted a systematic review and 

 meta-analysis of studies applying supervised ML techniques to 

he risk assessment for HIV, syphilis, gonorrhoea and chlamydia. 

his review aims to evaluate the performance of ML models in es- 

imating individual risk for HIV/STIs and explore the current land- 

cape of ML applications, identifying potential gaps in the liter- 

ture, particularly regarding clinical implementation studies. The 

ndings could inform future research directions and contribute to 

eveloping more effective, personalized STI prevention and control 

pproaches. 

ethods 

rotocol registration and study design 

We conducted a systematic review and meta-analysis in line 

ith the Cochrane Handbook for Systematic Reviews of Interven- 

ions [ 12 ]. Our reporting adheres to the Preferred Reporting Items 

or Systematic Reviews and Meta-Analyses (PRISMA) guidelines 

Supplementary Table S1). Before starting the review, we registered 

ur protocol in PROSPERO (CRD42024532154). 

earch strategy and selection criteria 

We conducted a comprehensive literature search across mul- 

iple electronic databases, including Embase, MEDLINE, Scopus, 

INAHL, Web of Science and IEEE, for studies published from Jan- 

ary 1, 2010, to April 26, 2024. The search strategy was built 

round three overarching concepts: ML (e.g. ‘machine learning’, ‘ar- 

ificial intelligence’), risk assessment (e.g. ‘risk assessment’ ‘predic- 

ion model’) and STIs (e.g. ‘sexually transmitted diseases’, ‘HIV’, 
2

syphilis’, ‘gonorrhoea’, ‘chlamydia’). Full search strings are given 

n the Supplementary Material. We also searched three preprint 

rchives: medRxiv, bioRxiv and SSRN. Additionally, we manually re- 

iewed the proceedings of key conferences, including the Interna- 

ional AIDS Society, the International Union Against Sexually Trans- 

itted Infections and the Conference on Retroviruses and Oppor- 

unistic Infections, for all available years. 

We included studies that developed, validated or compared 

L-based risk prediction models for HIV, syphilis, gonorrhoea or 

hlamydia. We focused on traditional supervised ML methods. For 

his systematic review, we defined supervised ML as computa- 

ional methods incorporating automated feature selection, regular- 

zation techniques and/or iterative optimization procedures beyond 

raditional statistical approaches. We recognize that methods like 

east Absolute Shrinkage and Selection Operator (LASSO) exist on 

 continuum between classical statistics and ML, sharing charac- 

eristics of both fields. Beyond author self-identification, we classi- 

ed methods as ML when they incorporated automated feature se- 

ection, complex regularization, ensemble approaches and/or non- 

arametric predictive algorithms. This classification aligns with 

urrent methodological frameworks, distinguishing statistical from 

L approaches [ 13 ]. Regularized regression methods (such as 

ASSO, Ridge and Elastic Net) were included when they employed 

hese ML characteristics, reflecting their dual positioning in both 

tatistical and ML literature. 

This review did not include studies using advanced deep learn- 

ng techniques, including complex neural network architectures, 

mage-based deep learning and generative AI models. Eligible 

tudies reported at least one predictive performance metric (e.g. 

rea under the receiver operating characteristic curve [AUC], sen- 

itivity, specificity, positive predictive value or negative predic- 

ive value). All original research studies were eligible, including 

andomized controlled trials, cohort studies, case-control studies, 

ross-sectional studies and external validation studies. We placed 

o restrictions on publication language. We excluded studies that 

id not focus on risk estimation for HIV and three STIs, those using 

nly traditional regression methods without ML enhancements, de- 

ned as those using maximum likelihood estimation without reg- 

larization, automated feature selection, or cross-validation proce- 

ures, and those not reporting our outcomes of interest. Studies es- 

imating re-infection or non-primary/secondary syphilis infections 

e.g. neurosyphilis) were also excluded. Non-original studies such 

s opinion pieces, editorials or narrative reviews were not consid- 

red. 

tudy selection and data extraction 

We exported the search results from each database as RIS files 

nd imported the data into Covidence, where duplicates were re- 

oved. Two independent reviewers (PL and NS) screened titles and 

bstracts. Discrepancies were resolved by consensus with a third 

enior researcher (JJO). Following initial screening, we conducted 

 full-text review of potentially eligible studies. A third reviewer 

JJO) checked the process, excluding further duplicates and non- 

ligible articles. 

Following study selection, two researchers (PL and NS) inde- 

endently extracted data using a standardized form based on the 

HARMS (Checklist for Critical Appraisal and Data Extraction for 

ystematic Reviews of Prediction Modelling Studies) framework 

 14 ]. The primary outcomes included performance metrics (AUC, 

ensitivity, specificity), model validation results (internal and ex- 

ernal validation outcomes) and confusion matrices where avail- 

ble. Secondary outcomes included model development character- 

stics and implementation metrics, such as the feasibility of inte- 

rating the ML models into clinical workflows. For each study, we 

lso extracted the following variables: study design characteristics 
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setting, sample size), participant demographics (age, risk factors), 

odel development features (algorithm type, type of predictors) 

nd validation methods. 

ritical appraisal of papers 

To evaluate the risk of bias in the included studies, we 

mployed the Prediction model Risk of Bias Assessment Tool 

PROBAST) [ 15 , 16 ]. We evaluated the risk of bias for each of the

our domains, categorizing it as low, high or unclear. Additionally, 

e assessed concerns regarding the study’s applicability to our re- 

iew questions for the first three domains, again using the cate- 

ories of low, high or unclear. Two researchers (PL and NS) in- 

ependently conducted the quality assessment for each included 

tudy. In cases of disagreement, we reached a consensus through 

horough discussion and, when necessary, consulted with a third 

enior researcher (JJO). 

tatistical analysis 

We used descriptive statistics to summarize study characteris- 

ics and model performance metrics. We calculated pooled sensi- 

ivity, specificity and AUC with 95% confidence intervals using a bi- 

ariate random-effects meta-analysis model. We conducted two se- 

uential analyses: first with studies providing complete confusion 

atrices (7 studies, 9 contingency tables), then expanding to in- 

lude studies where matrices could be reconstructed from reported 

etrics (11 studies, 14 contingency tables). For studies reporting 

ender-stratified results, we maintained separate contingency ta- 

les to examine performance differences between male and female 

opulations. 

We conducted subgroup analyses across three domains: study 

opulation (general vs specific populations), sample size ( < 50,0 0 0 

s ≥50,0 0 0 participants) and income level settings (high-income 

s low and middle-income). We assessed heterogeneity using the 

iggins I ² statistic, with values above 75% indicating high het- 

rogeneity. To explore heterogeneity sources, we performed meta- 

egression analysis across subgroups. We visualized study-specific 

nd pooled estimates using forest plots and assessed publication 

ias using Deeks’ funnel plot asymmetry test. All analyses were 

onducted using STATA version 17 (StataCorp, College Station, TX, 

SA). 

esults 

tudy selection 

We identified 3877 records through database searching and 

ther sources. We assessed 70 full-text articles for eligibility. Of 

hese, 46 were excluded due to irrelevance (29), duplicates (6) or 

naccessible full texts (11). Finally, 25 publications met the inclu- 

ion criteria and were included in the review (see Figure 1 ). 

While this represents 25 distinct studies, our analysis captured 

5 unique predictive models. The best-performing model was cho- 

en based on the reported AUC or, if unavailable, the highest re- 

orted performance measure (e.g. sensitivity). 

tudy characteristics 

The 25 included studies comprised data from 14 countries, with 

 significant representation of the United States of America (6/25, 

4.0%), Australia (4/25, 16.0%) and various African countries. The 

ample size for the studies ranges from 547 to 4384,178 partic- 

pants. While most studies focused solely on HIV estimation (17 

tudies), seven studies investigated multiple infections. Positive 
3

ase proportions ranged from 0.1% to 40%. Details of the included 

tudies are provided in Supplementary Table S2. 

Of the 25 included studies, the majority (23/25, 92.0%) were 

etrospective analyses, with data sources primarily consisting of 

lectronic health records (8/25, 32.0%), national health surveys 

6/25, 24.0%) and specialized clinical databases. Laboratory con- 

rmation was the predominant reference standard in 21 stud- 

es (84.0%). Common ML algorithms included XGBoost (6 studies), 

radient Boosting Machine (4 studies) and ensemble methods (4 

tudies). For model validation, most studies (22/25, 88.0%) imple- 

ented internal validation procedures, with 5-fold (8 studies) and 

0-fold (10 studies) cross-validation being the most common ap- 

roaches. External validation was relatively uncommon, with only 

 studies (24.0%) conducting either temporal [ 17–20 ] or geographic 

alidation on independent datasets [ 21 , 22 ]. Input features typically 

ncluded a combination of demographic, behavioural and clinical 

haracteristics (see Table 1 ). 

odel performance and reporting 

Sensitivity/recall was the most commonly reported performance 

etric, available in 40 models (88.9%), followed by AUC in 37 mod- 

ls (82.2%) and specificity in 23 models (51.1%). Where reported, 

ensitivity ranged from 0.39 to 1.00 and specificity from 0.64 to 

.98, depending on the probability thresholds used for classifica- 

ion. Only 14 models (31.1%) explicitly reported their threshold cut- 

ff values. Complete confusion matrices were available for 10 mod- 

ls for HIV and 2 models for syphilis, gonorrhoea and chlamydia, 

espectively (Supplementary Table S3). Performance varied across 

nfection types. HIV prediction models demonstrated AUCs rang- 

ng from 0.72 to 0.98, with the Optimized Ensemble Learning 

odel (XGBoost and Random Forest) achieving particularly high 

erformance (AUC = 0.94-0.98). Gender-stratified analyses demon- 

trated consistent performance across male (AUC = 0.94) and fe- 

ale (AUC = 0.92) populations [ 28,37,41 ]. 

Other STIs showed varying results. Syphilis models ( n = 5) 

chieved AUCs of 0.75-0.87, while gonorrhoea and chlamydia mod- 

ls ( n = 6 each) showed AUCs of 0.73-1.00 and 0.67-1.00, respec- 

ively. One study reported perfect discrimination (AUC = 1.00) us- 

ng the CatBoost Classifier, suggesting potential overfitting. Four 

tudies evaluated all four infections comprehensively. Detailed per- 

ormance metrics are presented in Supplementary Table S3. 

ooled performance of AI algorithms 

In our meta-analysis of HIV prediction models, 11 studies 

ielded 14 contingency tables for analysis. The SROC curve analysis 

f studies reporting complete confusion matrices (7 studies with 9 

ontingency tables) demonstrated a summary AUC of 0.91 (95% CI: 

.88-0.93) ( Figure 2 a), with a pooled sensitivity of 0.84 (0.76-0.90) 

nd specificity of 0.84 (0.70-0.93) ( Figure 3 ). When we expanded 

he analysis to include studies where confusion matrices could be 

econstructed (11 studies with 14 contingency tables), the model 

erformance remained robust, with a summary AUC of 0.91 (0.88- 

.93), pooled sensitivity of 0.84 (0.77-0.89) and specificity of 0.85 

0.76-0.91) ( Figure 2 b and Figure 4 ). Both analyses demonstrated 

ubstantial heterogeneity ( I ² > 98%). 

ubgroup analyses 

We conducted subgroup analyses across the study popula- 

ion, sample size and country income level classifications. For the 

tudy population, we defined general populations as community- 

ased samples without demographic restrictions. Specific popula- 

ions comprised specific groups (MSM, male-only or female-only 
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Table 1 

Model development and validation characteristics of 25 included studies. 

No Study Best ML model Data source Study setting Input features Reference 

standard 

Type of internal 

validation 

External 

validation 

Target 

infection 

1 Ahlström 

et al. [23] 

Logistic 

Regression 

with Ridge 

Regulariser 

(GLM Ridge) 

Retrospective study; Danish 

National Hospital Registry (DNHR), 

Danish Civil Registration System, 

Employment Classification 

Module, Educational Classification 

Module 

Population- 

based 

registry 

Demographics and 

clinical features 

HIV diagnosis 

during the 

index visit 

(ICD8: 07983 

or ICD10: 

B20-B24.9) 

10-fold cross- 

validation 

No HIV 

2 Alehegn 

et al. [24] 

SVM World Data 

( https://data.world/datasets/hiv ) 

Open data 

repository 

Demographics and 

clinical features 

Not specified Not specified No HIV 

3 Balzer 

et al. [25] 

Super Learner 

(Ensemble 

Machine 

Learning 

method) 

Retrospective study; SEARCH 

Study (16 communities in rural 

Uganda and Kenya) 

Population- 

based 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

4 Bao et al. 

[ 7,26 ] 

GBM Retrospective study; Electronic 

health records (EHR) from the 

Melbourne Sexual Health Centre 

(MSHC), Australia 

Sexual health 

clinic 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

Syphilis 

Gonorrhoea 

Chlamydia 

5 Belete 

et al. [27] 

GBM Retrospective study; Ethiopian 

Demographic and Health Survey 

(EDHS) 

Population- 

based 

Not specified Not specified 10-fold cross- 

validation 

No HIV 

6 Birri 

Makota 

et al. [ 28 ] 

XGBoost Retrospective study; Zimbabwe 

Demographic Health Survey 

(ZDHS) 

Population- 

based 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

7 Burns et al. 

[29] 

XGBoost Retrospective study; Electronic 

Health Records (EHR) from Duke 

University Health System (DUHS), 

North Carolina 

Hospital-based 

EHR 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed Random 

split-sample 

validation 

No HIV 

8 Chingombe 

et al. [30] 

GBM Retrospective study; Secondary 

data from a 2018 prevalence study 

conducted by ICAP 

Community- 

based survey 

(MSM 

population) 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 10-fold cross- 

validation 

No HIV 

9 Duthe 

et al. [31] 

Combined 

model (LASSO, 

RF and GLM) 

Retrospective study; Electronic 

Health Records (EHR) from the 

eHOP Clinical Data Warehouse of 

Rennes University Hospital 

(France) 

Hospital-based 

EHR 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed Not specified No HIV 

10 Fernandez 

et al. [32] 

k-NN Retrospective, cross-sectional 

study; Screening program data 

from the Tropical Medicine Unit of 

the Hospital Universitario Central 

de Asturias, Spain 

Specialised 

clinic (Tropical 

Medicine Unit) 

Demographics and 

clinical features 

Lab-confirmed Leave-one-out 

cross- 

validation 

(LOOCV) 

No HIV 

Syphilis 

11 Gruber 

et al. [ 17 ] 

LASSO Retrospective study; Electronic 

Health Records (EHRs) from Atrius 

Health, a clinical network in 

Massachusetts 

Primary care 

network EHR 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 10-fold cross- 

validation 

Applied to 

Atrius Health 

EHR data from 

2016 

HIV 

( continued on next page ) 

4
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Table 1 ( continued ) 

No Study Best ML model Data source Study setting Input features Reference 

standard 

Type of internal 

validation 

External 

validation 

Target 

infection 

12 He et al. 

[ 18 ] 

RF Retrospective study; data from 

MSM sentinel surveillance in 

Zhejiang province, China 

Sentinel 

surveillance 

(MSM 

population) 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

Prospective 

validation with 

2020 data from 

Zhejiang 

province 

HIV 

13 Hu, M 

et al. [33] 

CatBoost 

Classifier 

Retrospective study; data from the 

National Health and Nutrition 

Examination Survey (NHANES) 

Population- 

based 

Demographics, 

behavioural and 

clinical features 

Self-reported 

diagnoses 

10-fold cross- 

validation 

No Gonorrhoea 

Chlamydia 

14 Krakower 

et al. [ 21 ] 

LASSO Retrospective Study; Electronic 

Health Records (EHR) Data from 

Atrius Health, Massachusetts 

(2007-2015) 

Primary care 

network EHR 

Demographics and 

clinical features 

Lab-confirmed 10-fold cross- 

validation 

Prospective 

Validation: 

Atrius Health 

data from 2016 

External 

Validation: 

Fenway Health 

data from 2011 

to 2016 

HIV 

15 Latt et al. 

[ 34,35 ] 

Ensemble (HIV) 

GBM (Syphilis) 

RF 

(Gonorrhoea) 

GBM 

(Chlamydia) 

Retrospective study; Electronic 

health records (EHR) from the 

Melbourne Sexual Health Centre 

(MSHC), Australia 

Sexual health 

clinic 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

Syphilis 

Gonorrhoea 

Chlamydia 

16 Majam 

et al. [ 22 ] 

GBM Digital survey responses from two 

sequential studies (in 

Johannesburg, Gauteng (urban), 

Tshwane, Gauteng (urban); Gert 

Sibande, Mpumalanga 

(semi-urban); and Ugu, Kwa-Zulu 

Natal (rural)) 

Community- 

based 

survey 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 10-fold cross- 

validation 

Trial 2 data 

was used as an 

external test 

set 

HIV 

17 Marcus 

et al. [ 19 ] 

LASSO Retrospective study; Electronic 

Health Records (EHR) from Kaiser 

Permanente Northern California 

(KPNC) 

Integrated 

health system 

EHR 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 10-fold cross- 

validation 

Prospective 

validation 

using data 

from 2015 to 

2017 

HIV 

18 May et al. 

[36] 

XGBoost Retrospective study; Two Data 

Sources: 

1. Optum’s de-identified 

Clinformatics Data Mart Database 

(CDM) – national de-identified 

database derived from 

administrative health claims 

2. UT Physicians (UTP) clinical 

data warehouse – EHR data from 

outpatient network in Houston, TX 

Mixed (Claims 

database and 

outpatient 

EHR) 

Demographics and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

( continued on next page ) 
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Table 1 ( continued ) 

No Study Best ML model Data source Study setting Input features Reference 

standard 

Type of internal 

validation 

External 

validation 

Target 

infection 

19 Mutai et al. 

[ 37 ] 

XGBoost Retrospective study; 

Population-based HIV Impact 

Assessment (PHIA) survey data 

from Tanzania (2016-2017), 

Zambia (2016), Malawi 

(2015-2016) and Eswatini 

(2016-2017) 

Population- 

based 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

20 Nisa et al. 

[38] 

RF Retrospective study; Electronic 

medical records of patients from 

Nai Zindagi Trust (NZ), Pakistan 

Specialised 

clinic (PWID 

treatment 

facility) 

Demographics, 

behavioural and 

biological features 

Lab-confirmed 10-fold cross- 

validation 

No HIV 

21 Saha et al. 

[39] 

Optimised 

Ensemble 

Learning (OEL) 

model with 

XGBoost as 

final classifier 

Retrospective study; Publicly 

available dataset from Kaggle 

Open data 

repository 

Demographics and 

behavioural 

features 

Not specified 10-fold cross- 

validation 

No HIV 

22 Xu et al. 

[ 20 ] 

Boosted GLM 

(HIV) 

Ensemble 

(ENR + GBM + RF) 

(Syphilis, 

Gonorrhoea, 

Chlamydia) 

Retrospective study; Electronic 

health records (EHR) from the 

Melbourne Sexual Health Centre 

(MSHC), Australia 

Sexual health 

clinic 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

No HIV 

Syphilis 

Gonorrhoea 

Chlamydia 

23 Xu et al. 

[ 20 ] 

Ensemble 

(ENR + GBM + RF) 

Retrospective study; Electronic 

health records (EHR) from the 

Melbourne Sexual Health Centre 

(MSHC), Australia 

Sexual health 

clinic 

Demographics, 

behavioural and 

clinical features 

Lab-confirmed 5-fold cross- 

validation 

Two temporal 

validations: 

1. Data from 

2019 

2. Data from 

2020 to 2021 

HIV 

Syphilis 

Gonorrhoea 

Chlamydia 

24 Dong et al. 

[40] 

LR Cross-sectional study; Survey of 

547 MSM in Shanghai, China 

Community- 

based survey 

(MSM 

population) 

Demographics, 

behavioural and 

psychosocial 

features 

Lab-confirmed 10-fold cross- 

validation 

No HIV 

25 Orel et al. 

[ 41 ] 

XGBoost Retrospective; Demographic and 

Health Surveys (DHS) from 10 East 

and Southern African countries 

Population- 

based 

Demographics and 

behavioural 

features 

Lab-confirmed Stratified 

5-fold cross- 

validation 

No HIV 

CDM, Clinformatics Data Mart Database; DNHR, Danish National Hospital Registry; EDHS, Ethiopian Demographic and Health Survey; EHR, electronic health records; ENR, elastic net regularisation; GBM, gradient boosting 

machine; GLM Ridge, generalised linear model with ridge regularisation; ICD: International Classification of Diseases; k-NN, k-nearest neighbours; LASSO, Least Absolute Shrinkage and Selection Operator; LR, logistic regression; 

MSM, men who have sex with men; NHANES, National Health and Nutrition Examination Survey; OEL, optimised ensemble learning; PHIA, Population-based HIV impact assessment; PWID, people who inject drugs; RF, random 

forest; SVM, support vector machine; UTP, UT physicians; XGBoost, extreme gradient boosting; ZDHS, Zimbabwe Demographic Health Survey. 
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Figure 1. PRISMA flowchart for systematic review. 
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tudies). Specific population studies ( n = 8) showed higher per- 

ormance (AUC = 0.94, 95% CI: 0.92-0.96) than general popula- 

ion studies ( n = 6, AUC = 0.85, 95% CI: 0.81-0.87). Smaller stud- 

es ( < 50,0 0 0 participants, n = 5) demonstrated higher AUC (0.94, 

5% CI: 0.91-0.95) compared to larger studies ( n = 9, AUC = 0.88, 

5% CI: 0.85-0.91). Studies from low and middle-income countries 

 n = 9) showed better performance (AUC = 0.94, 95% CI: 0.92-0.96) 

han those from high-income countries ( n = 5, AUC = 0.79, 95% CI:

.75-0.82). Detailed results are presented in Supplementary Figures 

2-S4. 

eterogeneity 

Studies with reconstructed confusion matrices showed high 

eterogeneity for both sensitivity ( I ² = 99.04%, 95% CI: 98.86%- 

9.23%) and specificity ( I ² = 100%). Similar patterns emerged in 

tudies with complete matrices. Meta-regression identified signifi- 

ant differences in heterogeneity for sample size ( P < 0.05), though 
7

igh heterogeneity persisted across all subgroups ( I ² > 97%) (Sup- 

lementary Figures S5-S7, Supplementary Table S4). 

The Deeks’ funnel plot suggested no publication bias for studies 

ith complete confusion matrices ( P = 0.39) (Supplementary Fig- 

re S8). They indicated potential publication bias for studies with 

econstructed confusion matrices ( P = 0.04) (Supplementary Figure 

9). 

uality assessment 

We assessed the risk of bias and applicability of included stud- 

es using the PROBAST, evaluating four domains: participants, pre- 

ictors, outcome and analysis (Supplementary Figure S1). Most 

tudies (16/25, 64.0%) demonstrated a low risk of bias across do- 

ains, particularly in participant and predictor selection. Nine 

tudies showed a high or unclear risk of bias primarily due to in- 

ufficient documentation of participant selection criteria and un- 

lear data sources. 
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a b

Figure 2. Pooled performance of machine learning algorithms for HIV risk prediction. (a) SROC curves of all studies with complete confusion matrices (7 studies with 

9 tables), (b) SROC curves of studies with reconstructed confusion matrices (11 studies with 14 tables). ML, machine learning; SENS, sensitivity; SPEC, specificity; SROC, 

summary receiver operating characteristic. 

Figure 3. Forest plot of all studies with complete confusion matrices included in the meta-analysis (7 studies with 9 tables). 
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Figure 4. Forest plot of all studies with reconstructed confusion matrices (11 studies with 14 tables). 
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iscussion 

Our systematic review and meta-analysis found substantial data 

n the role of ML in estimating individual risk for HIV, syphilis, 

onorrhoea and chlamydia. We found that ML models demon- 

trated high performance in estimating HIV risk, with pooled AUC 

alues of 0.91 (95% CI: 0.88-0.93). For the other three STIs, meta- 

nalyses were not feasible due to insufficient studies and individ- 

al studies demonstrating lower performance compared to HIV. 

ree-based algorithms, particularly XGBoost, emerged as the most 

requently used and best-performing approach, followed by Gradi- 

nt Boosting Machine and ensemble methods. However, we should 

nterpret these pooled performance metrics with caution due to 

he high heterogeneity among the included studies. Our findings 

lign with another systematic review [ 11 ], but extend current 

nowledge by examining ML applications across multiple STIs and 

ncorporating a meta-analysis for HIV risk estimation, which previ- 

us studies did not include. 

Our meta-analysis revealed substantial statistical heterogeneity 

 I ² > 97.0%) in ML model performance that persisted across all 

ubgroup analyses and could not be adequately explained through 

eta-regression, suggesting that pooled estimates should be in- 

erpreted with caution, as the true effect might vary considerably 

cross different settings and populations. This finding is not un- 

ommon and frequently reported by previous systematic reviews 

n ML-based risk prediction models for other conditions, report- 

ng similar unexplained heterogeneity ( I ² > 90%) despite compre- 
9

ensive subgroup analyses [ 42 , 43 ]. Several factors may contribute 

o this unexplained heterogeneity. First, fundamental differences in 

odel development approaches affect performance, including vari- 

tions in data quality, feature selection processes, model architec- 

ures and the number and types of parameters used for outcome 

rediction [ 42 , 44 ]. The diversity in validation strategies also im- 

acts performance assessment. Second, the lack of standardized 

eporting creates significant challenges for model comparison. No- 

ably, only one of the 25 included studies [ 21 ] followed the TRI- 

OD statement (Transparent Reporting of a multivariable predic- 

ion model for Individual Prognosis Or Diagnosis) guidelines, and 

one explicitly mentioned adherence to the more recent TRIPOD- 

I extension [ 45 ]. To address these challenges, we recommend that 

uture studies should adhere to the TRIPOD-AI guidelines [ 45 ]. 

Translating ML models from research to clinical practice re- 

ains a significant challenge in STI risk prediction. Notably, only 

our studies transformed their ML research into a single, accessible 

linical tool named ‘ MySTIRisk ’ [ 20 , 26,34,35,46,47 ], though no for- 

al implementation studies have yet evaluated its clinical impact. 

his limited translation to practice highlights the substantial gap 

etween model development and practical application in health- 

are settings. While other risk prediction tools for HIV exist, such 

s SexPro [ 48 ] and the San Diego Early Test Score [ 49 ], these rely

n traditional statistical methods and face sustainability challenges, 

ith their online platforms no longer accessible [ 50 , 51 ]. Imple- 

entation barriers are multifaceted: ML models often present in- 

erpretability challenges for healthcare providers, health system in- 
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egration demands robust technical infrastructure, and data privacy 

egulations and governance frameworks can significantly impede 

odel deployment and validation across different healthcare set- 

ings. Moreover, the lack of randomized controlled trials or imple- 

entation studies examining the clinical impact of these tools on 

atient outcomes and care pathways leaves uncertainty about their 

eal-world effectiveness. These observations align with broader 

hallenges in healthcare AI implementation, where promising re- 

earch often faces practical barriers to clinical integration [ 52 , 53 ]. 

Our findings have important implications for HIV and STI risk 

rediction in both research and clinical practice. The pooled sen- 

itivity and specificity of 0.84 for HIV models indicate reasonable 

creening performance but require careful interpretation due to 

igh heterogeneity. These models can help prioritize resources and 

nable targeted interventions, especially in resource-limited set- 

ings, but false negatives must be considered in decision-making. 

uccessful clinical integration demands robust technical infras- 

ructure, standardized protocols and thorough evaluation of these 

ools’ impact on decision-making and healthcare access. Health- 

are systems need governance frameworks addressing technical 

nd ethical considerations for AI implementation. Local validation, 

ncluding clinician review of random cases, is essential to verify 

odel interpretations and identify biases. These factors should be 

ntegrated early in model development, along with system interop- 

rability, workflow integration and provider training. 

Several key research priorities emerge from our systematic re- 

iew. First, the field requires internationally agreed standards for 

valuating ML-based tools, including frameworks for external val- 

dation, minimum performance criteria and ongoing assessment 

echanisms. Second, implementation studies and randomized con- 

rolled trials are needed to evaluate the clinical impact, cost- 

ffectiveness and real-world performance of ML-based prediction 

ools. Third, research is also needed to determine how best to use 

hese tools, including what their individual and population objec- 

ives should be, how effective they are in this regard and whether 

hey cause any harm. Multi-centre collaboration can strengthen 

vidence by developing larger, diverse datasets and standardized 

eature sets. Additionally, research should expand beyond HIV to 

evelop robust prediction models for other STIs. Future studies 

hould adhere to standardized reporting guidelines like TRIPOD- 

I and address model interpretability and clinical integration chal- 

enges. 

This is the first comprehensive systematic review and meta- 

nalysis examining ML-based risk estimation models for multiple 

TIs. While a recent systematic review focused solely on the esti- 

ation of HIV risk, our study provides broader insights into ML ap- 

lications across HIV and three other STIs. Our review has several 

ey strengths. First, we included meta-analysis, offering quantita- 

ive evidence of ML model performance through rigorous statistical 

nalysis, including subgroup analyses and meta-regression. Second, 

ur review included a substantial combined sample size of over 

3 million participants and consultations across diverse healthcare 

ettings, enhancing the generalizability of our findings. Third, by 

xamining technical performance and implementation challenges, 

e provide practical insights for translating these models into clin- 

cal practice. Fourth, our review addresses the issue of model inter- 

retability and the need for standardized reporting in ML studies, 

hich is often overlooked in individual studies. Finally, by synthe- 

izing evidence from various ML techniques and comparing their 

erformance, our study provides valuable guidance for researchers 

nd clinicians in selecting appropriate ML approaches for STI risk 

stimation. 

Our study has several limitations. First, substantial statisti- 

al heterogeneity persisted despite subgroup analyses and meta- 

egression, suggesting pooled estimates should be interpreted with 

aution. The perfect discrimination (AUC = 1.00) reported for 
10
onorrhoea and chlamydia in one small study suggests potential 

verfitting and raises concerns about generalizability. Second, sig- 

ificant variations in analytical approaches and reporting quality 

ere observed, with some studies using rigorous cross-validation 

nd others basic train-test splits, which we accounted for us- 

ng PROBAST. Third, reporting standards varied, with many stud- 

es lacking complete confusion matrices, thresholds or confidence 

ntervals, complicating direct comparisons. We conducted separate 

nalyses for studies with complete and reconstructed matrices, but 

uture studies should adopt standardized reporting. Fourth, we ex- 

racted only the best-performing model based on AUC values, sug- 

esting future reviews might benefit from analysing all reported 

odels. Fifth, this review focused on traditional supervised ML 

ethods to ensure a comprehensive and methodologically consis- 

ent synthesis of the existing literature. However, we acknowledge 

he growing importance of advanced methods, such as deep learn- 

ng and generative AI. Future research should explore deep learn- 

ng in STI risk estimation and could expand the scope to explore 

he performance and applicability of these emerging techniques. 

inally, the scarcity of external validation studies limits our ability 

o assess the generalizability and robustness of these ML models 

cross different populations and settings. Given the rapidly evolv- 

ng nature of ML applications in STI risk prediction, future research 

ould consider adopting a living systematic review approach to 

ontinuously capture new developments and methodological ad- 

ances in this field. 

In conclusion, ML models for HIV/STI risk assessment show 

romise but face challenges due to methodological heterogene- 

ty and inconsistent reporting. Our analysis identifies three criti- 

al gaps: the need for standardized reporting, external validation 

nd real-world implementation frameworks. Future progress re- 

uires robust data standards, multi-centre collaboration and rigor- 

us studies to evaluate clinical impact, which is essential for trans- 

ating ML’s potential into effective STI prevention strategies. 
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