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Abstract

Objective: To identify predictors of HIV acquisition in Botswana.

Design: We applied machine learning approaches to identify HIV risk predictors using existing 

data from a large, well-characterized HIV incidence cohort.
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Methods: We applied machine learning (randomForestSRC) to analyze data from a large 

population-based HIV incidence cohort enrolled in a cluster-randomized HIV prevention trial 

in 30 communities across Botswana. We sought to identify the most important risk factors for HIV 

acquisition, starting with 110 potential predictors.

Results: During a median 29-month follow-up of 8,551 HIV-negative adults, 147 (1.7%) 

acquired HIV. Our machine learning analysis found that for females, the most important variables 

for predicting HIV acquisition were the use of injectable hormonal contraception, frequency of 

sex in the prior 3 months with the most recent partner and residing in a community with HIV 

prevalence of 29% or higher. For the small proportion (0.3%) of females who had all three risk 

factors, their estimated probability of acquiring HIV during 29 months of follow-up was 34% 

(approximate annual incidence of 14%). For males, non-long-term relationships with the most 

recent partner and community HIV prevalence of 34% or higher were the most important HIV risk 

predictors. The 6% of males who had both risk factors had a 5.1% probability of acquiring HIV 

during the follow-up period (approximate annual incidence of 2.1%).

Conclusions: Machine learning approaches allowed us to analyze a large number of variables to 

efficiently identify key factors strongly predictive of HIV risk. These factors could help target HIV 

prevention interventions in Botswana.

Clinical Trials Registration:  NCT01965470
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BACKGROUND

Despite significant global progress in reducing HIV incidence and HIV-related mortality, 

new infections continue to undermine efforts to end the HIV epidemic by 2030 [1]. 

Sub Saharan Africa (SSA) is the region most severely affected by HIV/AIDS. Many 

SSA countries have provided antiretroviral treatment (ART) to all people diagnosed with 

HIV since approximately 2016 (“treat all” approach). Despite progress in ART coverage 

[2], global HIV incidence is only 43% lower than a decade ago [3]. HIV pre-exposure 

prophylaxis (PrEP) is an important and highly effective HIV prevention tool. However, 

in the context of generalized HIV epidemics (such as in SSA), it is challenging to 

identify individuals at highest risk for HIV who may benefit the most from PrEP. While 

adolescent girls and young women and sero-discordant couples remain at higher risk of 

HIV acquisition in SSA, exclusive focus of HIV prevention efforts on these groups may 

miss other individuals with elevated HIV risk. This is important especially important in 

generalized epidemic settings such as Botswana, which has an estimated HIV prevalence of 

20.8% among persons aged 15–64 years [4].

In recent years, machine learning algorithms, with their ability to capture complex 

interactions within data, have shown promise for identifying predictors of HIV infection 

risk [5–7], compared with traditional mathematical models. They have been shown to be 

both efficient and sensitive in classifying and quantifying HIV risk in both high-income and 

low/middle-income settings [7–9] and to be useful in decision-making around prioritizing 
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PrEP [10–12]. Some of the advantages of the random forest approach include the ability to 

handle highly correlated variables; robustness to data noise, missing data, and outliers; and 

lack of assumptions regarding distribution of data [13, 14]. Random forest models are free 

from the assumptions of generalised linear models. Traditional models are not efficient in 

handling large numbers of variables and hence assumptions are made or an a priori selection 

of variables is required [13–15].

We applied machine learning techniques to data from a nationwide community-randomized 

HIV prevention trial in Botswana that prospectively followed a large population-based 

HIV incidence cohort in which a large number of potential predictor variables were 

systematically collected. Our goal was to identify the most important individual-level and 

community-level risk factors for HIV acquisition in the context of high community-level 

HIV diagnosis and ART rates.

METHODOLOGY

Study population

We used data from the completed Botswana Combination Prevention Project (BCPP), also 

known as Ya Tsie [16, 17] (NCT01965470). BCPP was a pair-matched, cluster-randomized 

trial in communities across Botswana that tested whether a combination of measures 

in the intervention communities reduced population-level cumulative incidence of HIV 

infection [17]. The intervention included intensive HIV testing campaigns, rapid universal 

ART initiation with active linkage to care, and enhanced voluntary male circumcision 

services. The trial was conducted from 2013–2018 in 30 rural and peri-urban communities 

(15 intervention, 15 standard of care) across Botswana. BCPP enrolled a prospective 

cohort of all consenting persons aged 16–64 years residing in a random 20% sample 

of households in each of the 30 communities. A baseline participant survey collected 

extensive sociodemographic information, self-reported HIV risk behavior, HIV testing and 

treatment history, and health history. All participants without documentation of a prior 

positive HIV test underwent HIV testing. We followed each cohort participant prospectively 

at approximately 12 and 29 months after enrollment, and re-tested HIV-negative persons for 

HIV at each visit.

Ethics

Participants 16–18 years of age provided written assent (with parent/guardian written 

permission). Adult participants provided written informed consent. The study was approved 

by the Botswana Health Research and Development Committee and US Centers for Disease 

Control and Prevention IRB.

Machine Learning Modelling

We used information on individual HIV infection status over time in the HIV incidence 

cohort to build an interpretable prediction model for predictors of HIV seroconversion 

based on 110 potential predictors collected in the baseline household survey in the study 

(Supplemental Table S1). We excluded persons documented as living with HIV at baseline 

from this analysis. Missing data were processed by multiple imputation using missForest 
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[18] with maximum number of iterations of 10 and 50 trees to grow in each forest. We 

stacked 5-fold imputed datasets together to build the random survival forest model, resulting 

in 25,995 females and 16,760 males included in the machine learning analysis.

We then considered decision trees and random forest to build risk scores, using 

randomForestSRC [19] and following rpart function in the rpart [20] R package to grow 

our decision tree model. A natural risk score was defined as the estimated probability of 

HIV seroconversion during the follow-up period. We used a two-step tree-based algorithm to 

build our prediction model. The first step was to run a random survival forest to obtain the 

variable importance of each covariate. We first screened the variables by selecting the top-K 

variables (10% of the variables with highest variable importance for predicting the risk of 

HIV acquisition). The variable importance is defined as the difference between prediction 

error when a variable is “permuted” versus the prediction error otherwise [21]. The second 

step was to build a classification tree based on the top-K important variables to predict the 

risk score. The obtained tree is interpretable and provides a flowchart-like structure in which 

each internal node represents a homogeneous group.

Measures of risk score

We stratified analyses by sex, as the applicability and importance of some potential HIV 

incidence predictor variables differs by sex (e.g., male circumcision is relevant only to men, 

and hormonal contraception only to women). We defined the risk of an individual instance 

as the percentage of participants within the same terminal node who acquired HIV.

Logistic regression

We then performed univariate logistic regression to further validate our tree model, using 

glm function [22], including variables that were identified by our tree models (Table 1, 

Supplemental Tables S2 and S3). The regression analysis was done using the full dataset.

RESULTS

Study population

We enrolled 12,610 individuals in the prospective cohort (in randomly selected households 

from the 30 communities): 3,596 (29%) people with HIV and 8,974 (71%) people without 

HIV at enrollment (the HIV incidence cohort). Most HIV incidence cohort participants were 

female (60%) with median age 29.6 years (IQR 22.5, 43.2). Retention of the HIV incidence 

cohort was high: 8551 (95%) of the 8974 HIV-negative participants were-tested for HIV at 

12 and/or 29 months after enrollment [16].

During the median 29 months of follow-up of the HIV incidence cohort, 147 HIV 

seroconversions were observed (i.e. 1.72% of the HIV incidence cohort members 

seroconverted during follow-up). Annual HIV incidence was lower in the intervention 

(0.59%) than in the standard of care arm (0.92%), and higher in females (0.71%) than 

in males (0.40%) [16].
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Top-K important variables

The top 11 (10%) variables, ranked by variable importance, are shown in Figures 1A and 1B 

for females and males, respectively.

For females, the top 11 variables that most strongly predicted HIV acquisition risk were: 

education level, age category, alcohol use during last sexual encounter, community HIV 

prevalence, use of injectable hormonal contraception, type of relationship with 2nd most 

recent partner in past 12 months, energy source, frequency of alcohol use in past 12 months, 

marital status, perception about whether people work together to solve neighborhood 

problems, and frequency of sex in last 3 months with most recent sexual partner (Figure 

1A).

For males, the top 11 variables that most strongly predicted HIV acquisition risk were: type 

of relationship with most recent sexual partner, community HIV prevalence, education level, 

type of relationship with 3rd most recent sexual partner in past 12 months, region of country, 

frequency of sex in past 3 months with second most recent partner, age of most recent 

partner, reason for most recent HIV test, whether second most recent partner lived within 

community, age, and timing of most recent HIV test (Figure 1B).

Interpretable classification tree model

Figures 2A and 2B present the tree models for females and males, respectively. The decimal 

numbers refer to the estimated probability of acquiring HIV over the follow-up period in the 

node, and percentages refer to the percentage of the population that is represented in that 

node. For example, in Figure 2A, the root node includes 100% of female participants, and 

the estimated probability of overall HIV seroconversion in females is 2.3%.

For females, a combination of using injectable hormonal contraception, frequency of sex 

with the most recent partner in the past 3 months, and community HIV prevalence of 29% or 

higher were the most important variables for predicting risk of HIV acquisition.

In the tree model for females, the estimated probability of acquiring HIV was 5.1% 

for females using injectable hormonal contraception (who comprised 10% of female 

participants) (Figure 2A). Among the 90% of women who did not use injectable hormonal 

contraceptives, who had a lower risk of HIV, the most important variables identified were 

energy source (not gas or electricity) and being less than 35 years of age (Supplemental 

Figure S1). Among females using injectable hormonal contraception who reported having 

sex less than 1.5 times in the past 3 months with their most recent sexual partner, their 

estimated probability of acquiring HIV was 13%. Among females using injectable hormonal 

contraception who reported having sex less than 1.5 times in the past 3 months with their 

most recent sexual partner and who lived in a community with HIV prevalence of at least 

29%, their estimated probability of acquiring HIV was 34% over the 29-month study period 

(which translates to approximately 14.1% annual HIV incidence). It is important to note 

that this latter group that had all 3 of these characteristics comprised only 0.28% of female 

participants.
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For males, reporting that they were in a non-long-term relationship with their most recent 

partner and living in a community with HIV prevalence >34% were the most important 

variables for predicting HIV risk.

In the male group tree model, the estimated probability of acquiring HIV was 1.7% for 

males reporting that they were in a non-long-term relationship with their most recent 

partner (Figure 2B). Among males reporting that they were in a non-long-term relationship 

with their most recent partner, their estimated probability of acquiring HIV during the 

29-month follow-up period was 5.1% if their community HIV prevalence was at least 34% 

(approximate annual incidence 2.1%).

Factors associated with HIV acquisition—In the univariate logistic regression 

analysis of the variables identified in our tree models, we confirmed that female participants 

using injectable hormonal contraception (odds ratio (OR) = 2.4; 95% confidence interval 

(CI): 1.9–2.9) and community HIV prevalence of >30% (OR = 1.7; 95% CI: 1.3–2.3) were 

associated with increased odds of acquiring HIV during the follow-up period (Table 1). 

While the frequency of sex with the most recent partner was important in identifying the 

next most important factor in the tree model, this variable had a wide confidence interval 

(high uncertainty) and was not itself a significant predictor of HIV risk in the logistic model.

We also confirmed that males whose most recent sexual partner was a boyfriend/girlfriend 

(OR = 4.1; 95% CI: 2.6–6.4), most recent sexual partner was non-long-term (OR = 9.4; 95% 

CI: 5.5–16.0), and living in a community with HIV prevalence of >30% (OR = 2.2; 95% CI: 

1.3–3.9) were each associated with increased odds of acquiring HIV during the follow-up 

period (Table 1).

Among female participants, HIV acquisition was associated with being aged 16–24 years, 

using an energy source other than gas or electricity, and a partner using alcohol in the 

last sex encounter. Married female participants had reduced odds of HIV acquisition 

as compared to single or never-married participants (OR = 0.36; 95% CI: 0.31–0.67) 

(Supplemental Table S2).

Among male participants, HIV acquisition was associated with having either non-formal 

education (OR = 5.64; 95% CI: 1.82–17.46) or junior secondary education (OR = 3.15; 95% 

CI: 1.22–8.11), as compared to having primary education; with being aged 25–34 years (OR 

= 2.02; 95% CI: 1.34–3.05), as compared to 16–24 years; and with having an unknown 

casual partner (OR = 13.24; 95% CI: 3.14–55.88), as compared to having a long-term 

partner (Supplemental Table S3). However, among female participants, those aged 25–34 

years (OR = 0.81; 95% CI :0.66–0.99) and greater than 35 years (OR = 0.55; 95% CI: 

0.40–0.75) had a reduced likelihood of HIV acquisition compared to those aged 16–24 years 

(Supplemental Table S2).

DISCUSSION

Using machine learning to analyze 110 diverse potential HIV risk predictors in a large, 

population-level prospective HIV incidence cohort from across Botswana, we identified 

several factors that were strongly predictive of actual HIV acquisition. In females, the 
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combination of using injectable hormonal contraception, reporting less frequent sex with 

their most recent sexual partner, and living in a community with high HIV prevalence was 

associated with HIV seroconversion. And for females, reporting less frequent sex with the 

most recent partner may be a proxy for that partner being a casual sexual relationship. 

In males, the combination of having a non-long-term relationship with their most recent 

sexual partner and high community HIV prevalence was most predictive of HIV risk. 

These predictors could conceivably be used by clinicians and HIV prevention programs in 

Botswana, using readily available and regularly updated nationwide and community-specific 

prevalence data, to help target PrEP to HIV-negative women and men who have a higher risk 

for HIV infection.

Machine learning is a powerful approach to evaluating predictors of HIV infection risk when 

large numbers of individual-level sociodemographic and behavioral factors and community-

level factors are available. Tree-based methods in machine learning, including algorithms 

like decision trees, random forests, and boosting, offer several advantages. Unlike parametric 

models, tree-based methods can capture nonlinear relationships between features and the 

response [23]. In addition, random forests and boosting leverage ensemble learning by 

combining multiple trees to improve predictive accuracy. This ensemble approach helps to 

reduce overfitting and enhance generalizability. Furthermore, decision trees are interpretable 

models in the sense that they mimic human decision-making processes by partitioning the 

feature space into segments that are easy to understand [24]. This makes it easier to explain 

the machine learner’s predictions to practitioners.

While both random forests and boosting usually perform similarly in terms of predictive 

accuracy, random forests might be more robust to overfitting, especially when dealing with 

noisy data or datasets with a large number of predictors. Moreover, random forests provide a 

built-in feature, variable importance, which measures the importance of variables in making 

predictions [15].

Few prior studies have used machine learning approaches to construct risk profiles or 

risk scores [7, 25]. These analyses compared the performance of several machine learning 

algorithms to conventional logistic regression methods and found machine learning methods 

to be superior for identifying individuals at risk for HIV. Previous observational evidence 

provided mixed evidence showing a higher risk of HIV acquisition in women using 

injectable hormonal contraceptive [26–30] (although the randomized ECHO trial did not 

observe increased risk [31]). The other risk factors identified by our machine learning 

analysis are generally also plausible in the context of the regional HIV epidemic.

Our study had several strengths. We collected a rich and broad complement of 

sociodemographic and behavioral factors and followed a large, population-based, 

representative sample of adults from across Botswana to ascertain HIV incidence. We had 

high (95%) follow-up and HIV re-testing rates and high data completeness for relevant 

variables. Our study also has limitations: it was focused on rural/peri-urban areas and 

enrolled more females than males.
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The top 11 variables and the final variables selected by our tree model were consistent with 

known or potential risk factors for HIV acquisition. However, some of the detailed variables 

would not likely have been included a priori in conventional logistic regression models. In 

summary, this machine learning approach allowed efficient identification of risk factors that 

could conceivably be ascertained in a clinical setting in Botswana and even used to help 

direct and offer interventions such as PrEP.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Top 11 most important variables for females (A) and males (B)

CUI et al. Page 11

AIDS. Author manuscript; available in PMC 2026 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



CUI et al. Page 12

AIDS. Author manuscript; available in PMC 2026 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. 
Tree models for estimated probability of acquiring HIV for females (A) and males (B)
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Table 1.

Odds ratios for variables predicting HIV seroconversion in females and males (with a focus on variables 

included in the tree models)

Predictor variable Odds Ratio 95% Confidence Interval P-value

Females

Using injectable hormonal contraception (reference: not using injectable hormonal 
contraception)

2.4 1.9–2.9 <0.001

Had sex with their most recent partner more than 1.5 times in last 3 months, on average 

(reference: all others*)

0.9 0.7–1.2 0.37

Community HIV prevalence 20%−30% (reference <20%) 1.3 0.98–1.8 0.07

Community HIV prevalence 30%−50% (reference <20%) 1.7 1.3–2.3 <0.001

Males

Most recent sexual partner was boyfriend/girlfriend (reference: most recent sexual 
partner was a long-term partner)

4.1 2.6–6.4 <0.001

Most recent sexual partner was casual** (reference: most recent sexual partner was a 
long-term partner)

9.4 5.5–16.0 <0.001

Community HIV prevalence 20%−30% (reference <20%) 0.7 0.4–1.3 0.3

Community HIV prevalence 30%−50% (reference <20%) 2.2 1.3–3.9 .005

*
“All others” reference group includes people having sex with their most recent partner ≤1.5 times in last 3 months and people who did not report 

having a sexual partner in the past year.

**
Casual sexual partner defined in analysis as: casual partner who is known to the respondent; one-time partner; commercial sex worker; or other 

type of casual partner (predictor and reference variables both exclude boyfriend/girlfriend for this specific comparison).
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