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Abstract

Background: Adolescent girls and young women (AGYW) aged 15–24 years are more likely to 

acquire HIV than their male counterparts, and well-targeted prevention interventions are needed. 

We developed a method to quantify the risk of HIV acquisition based on individual risk factors 

and population viral load (PVL) to improve targeting of prevention interventions.

Setting: This study is based on household health survey data collected in 13 sub-Saharan African 

countries, 2015–2019.

Methods: We developed a Bayesian spatial model which jointly estimates district-level PVL 

and the probability of infection among individual AGYW, aged 15–24 years, based on individual 

behavioral/demographic risk factors and area-level PVL. The districts (second subnational level) 

typically comprise the areas of estimation. The model borrows strength across countries by 

incorporating random effects which quantify country-level differences in HIV prevalence among 

AGYW.

Results: The combined survey data provided 52,171 questionnaire responses and blood tests 

from AGYW, and 280,323 blood samples from all respondents from which PVL was estimated. 

PVL was—by far—the most important predictor of test positivity (aOR = 70.6; 0.95-probability 

credible interval 20.7‒240.5). Having a partner with HIV increased the odds of testing positive 

among AGYW who were never (aOR = 12.1; 7.5‒19.6) and ever pregnant (aOR = 32.1; 23.7–

43.4). The area under the cross-validated receiver-operating characteristic curve for classification 

of test positivity was 82%.
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Conclusion: The fitted model provides a statistically principled basis for priority enrollment 

in HIV prevention interventions of those AGYW most at risk of HIV infection and geographic 

placement of prevention services.
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Introduction

Adolescent girls and young women (AGYW) in many sub-Saharan African (SSA) countries 

remain at high risk of acquiring HIV compared to their male counterparts1. In 2022, SSA 

AGYW aged 15–24 years were more than three times more likely to acquire HIV than their 

male counterparts and accounted for over 77% of new infections among persons of this 

age group worldwide1. There is substantial variation in risk and in opportunities to reach 

those AGYW most at risk of HIV infection2–4. A UNAIDS goal is to achieve HIV epidemic 

control by 2030, but the current trajectory of new infections could far exceed the benchmark 

goal of having reduced new infections to 370,000 incidents in 20255. It will be paramount 

for HIV prevention and treatment efforts to reach those AGYW who are most vulnerable to 

HIV infection in SSA if the goal of reaching epidemic HIV control is to become a reality.

The President’s Emergency Plan for AIDS Relief (PEPFAR) funds programs focused on 

reducing HIV infection among AGYW in SSA. Such efforts include the Determined, 

Resilient, Empowered, AIDS-free, Mentored and Safe (DREAMS) and the Orphans and 

Vulnerable Children (OVC) programs6,7, and also increasing uptake of pre-exposure 

prophylaxis (PrEP). Although all these efforts have shown promise in reducing HIV risk and 

infections among AGYW8–11, one key ongoing challenge has been identifying and reaching 

those AGYW who are most vulnerable to infection with HIV.

Data on district- or county-level HIV-related epidemiological indicators are most often used 

to inform placement of HIV prevention and treatment strategies for AGYW. Such indicators 

include HIV incidence rates, numbers of AGYW at-risk, availability of HIV prevention 

or treatment interventions and healthcare services, and prevalence of viral suppression 

among persons living with HIV. The predominant metric examined for program placement is 

district- or county-level HIV incidence, which was highly useful for placing services at the 

peak of the epidemic. Now that district-level HIV incidence rates have declined to low levels 

in most PEPFAR-supported countries, it is becoming more challenging to use this indicator 

to identify hotspots of HIV transmission or to describe specific groups of vulnerable people.

To improve programmatic impact, it may be time to explore other or additional methods 

for placing interventions and identifying those AGYW most vulnerable to HIV5. It is also 

essential to understand the most salient vulnerabilities to ensure that interventions and 

services are appropriately designed to address them. Past efforts have attempted to estimate 

the numbers of AGYW who would be considered eligible for the DREAMS program using 

criteria from existing programmatic guidance, and found that the majority of AGYW in 

priority countries met at least one criterion12. A 2021 review of 17 AGYW HIV prevention 
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screening tools in use across ten countries found that the number of questions ranged from 5 

to 73, indicating a need to assess the predictability of criteria in use13 .

The use of predictive models to identify AGYW most vulnerable to HIV has potential to 

complement current strategies that inform the placement and content of HIV prevention 

services for AGYW. Efforts to both identify areas of concentration of predefined risk 

groups of AGYW14 and to identify individual AGYW at elevated risk2,15–18 have been 

undertaken. Among the latter, only a single study from South Africa produced an area 

under the receiver-operating characteristic curve (AUC) that exceeded 75%17. That model 

incorporated individual-level behavioral and demographic predictors, but not measures of 

local HIV burden. More work is needed to explore the use of predictive modeling for 

HIV acquisition among AGYW based on a broader spectrum of predictors relevant to 

individual predisposition and the interactions they have with their environment19. Models 

should aim to include factors associated with HIV vulnerability at the individual- (e.g., 

age, education, employment, substance abuse/misuse, being sexually active, orphanhood, 

early pregnancy), relationship- (i.e., person-to-person), transmission- (e.g., having forced 

or coerced sex, unable to enforce condom use, having a partner with HIV, engaging in 

transactional sex, experiences of sex-based violence), community/environment- (e.g., the 

amount of virus exposure in one’s community or environment), and societal (e.g., sex norms, 

polices, and laws which can reduce agency among girls and women) levels. Although data 

are not available to include all factors in one model, we took an initial step to improve 

identifying AGYW at high risk of HIV by using a more comprehensive predictive model 

that incorporates predictors at multiple levels of the social and ecological context.

Our objective was to develop a model which predicts probabilities of acquiring HIV among 

the AGYW of 13 sub-Saharan African countries based on individual- and relational-level 

risk factors, and a key environmental risk―the severity of the local epidemic as measured 

by population viral load. HIV prevention resources are limited, and we propose the use 

of such models to identify priority areas for placement of prevention interventions and 

to prioritize HIV-negative AGYW having the highest probabilities of HIV infection for 

enrollment.

Methods

Data sources

Population-Based HIV Impact Assessment (PHIA)20 surveys were our source of data for 

putative risk factors and HIV test results among AGYW of ages 15–24 years, and HIV viral 

load assay results among all survey respondents regardless of age or sex. The PHIA surveys 

are multi-stage stratified household-based surveys designed to estimate HIV viral-load 

suppression with specified precision at the stratum level. The PHIA surveys were reviewed 

and approved by the CDC and the institutional review boards of each partner implementing 

the surveys. We combined data from 13 surveys completed between 2015–2019 (Table 1). 

The numbers of respondents tested for HIV ranged from 11,682–31,579 per country and 

totaled 280,323, including 52,171 AGYW of ages 15–24 years. Additional details, including 

blood-sampling procedures are provided in the survey-specific manuals20. Estimated HIV 

prevalence among AGYW in 2023 ranged from 0.3% in Ethiopia to 7.5% in Eswatini21.
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PEPFAR-supported prevention services are typically provided at the second subnational 

administrative level, herein named target subnational units (TSNUs). Eswatini, Kenya and 

Lesotho are exceptions, where our TSNUs were the first subnational administrative units. 

We located the masked centroid coordinates of the PHIA clusters within TSNUs using 

the 2023 UNAIDS Combined Geographic Health Boundaries file (see Data Availability). 

The numbers of TSNUs per country ranged from 4−178 and totaled 1,044 (Table 1; see 

Supplemental Digital Content 2 for the complete list of TSNUs). We also used TSNU-level 

estimates of the total numbers of AGYW and AGYW living with HIV from Naomi22 model 

output for 2023 to estimate the numbers of at-risk (HIV-negative) AGYW.

Risk covariates

The selection of behavioral and demographic predictors of HIV infection is described in 

detail in Supplemental Digital Content 1. Briefly, we extracted and recoded responses to 

PHIA survey questions to produce the categorical predictors: urbanicity (urban vs rural 

residence), age range (15−19 , 20−24 years), partner HIV status (no current partner, partner 

HIV negative, partner status unknown, partner HIV positive), educational attainment (never 

attended school or unknown, primary only, secondary, some post-secondary), sexual history 

(never had sex, sexual debut at age >16, sexual debut at age ≤ 16 yr), employment during 

past year (no, yes), history of pregnancy (no, yes), and history of transactional sex (no, 

yes). The covariates were selected following review by subject matter experts supporting 

AGYW prevention programs based on alignment with eligibility criteria measures in 

DREAMS program global guidance. Global DREAMS individual eligibility criteria were 

determined based on review of existing literature of factors associated with HIV infection 

among AGYW23. Our covariates span the individual (e.g., age, education, pregnancy etc.), 

relational- (sex partner characteristics) and community/environment (area of residence and 

population viral load; see below) levels.

Joint model of HIV risk and population viral load

We developed a Bayesian spatial model which jointly estimates the probability of HIV 

infection among individual AGYW and the TSNU-level population HIV viral load (PVL), 

defined as the TSNU-level posterior mean of log10(VL + 1), where VL is the number of 

RNA copies per ml of blood plasma. VL was measured among all HIV-positive survey 

participants and therefore we defined VL ≡ 0 for all HIV-negative participants. Individual 

probabilities of HIV infection among AGYW were modeled using a logistic component, 

which included the individual behavioral and demographic risk covariates and PVL as 

predictors. PVL cannot be observed directly but was instead estimated with error and 

included as a classical error-prone covariate24,25. The possibility of spatial correlation was 

accommodated using TSNU-level BYM226,27 spatial smoothing structures in the estimation 

of both HIV positivity among the AGYW and estimation of PVL. The BYM2 model 

extends the more popular BYM model28 by enabling scaling which facilitates hyperprior 

specification29.

It is important to accommodate, to the extent possible, features of the survey design in 

Bayesian model-based estimation and prediction from survey data30–33. Bayesian model-

based inference from survey data predicts outcomes by including the survey sampling 
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probabilities or weights as predictors31,34,35. Our models were fitted to pooled data from 

13 probability surveys and therefore we re-scaled the sampling weights so that their sums 

equaled the effective sample sizes for each survey36. The effective sample size for a survey 

was the actual sample size divided by the design effect for estimation of HIV prevalence.

We fitted model variations ignoring the re-scaled weights, and also followed Vandendijck et 

al. (2016)34 by including the re-scaled weights in B-spline basis functions37 in the predictor 

for HIV positivity. We chose B-splines having 3 degrees of freedom. We fitted eight possible 

model variations excluding and including country-level random effects cluster-level random 

effects and B-spline basis functions of the rescaled weights. Models were compared using 

the Watanabe-Akaike Information Criterion (WAIC)38 and area under the receiver-operating 

characteristic (ROC) curve39 for HIV status based on 10-fold cross-validation40,41 from each 

model (see Supplemental Digital Content 1).

Analysis

We began with a search for plausible interaction effects among the predictors using 

interaction plots. Pairs of predictors which showed evidence of non-parallel responses 

with HIV status were further examined using preliminary frequentist non-spatial mixed 

effects logistic models wherein TSNU was the sole random effect. Interactions for which 

P < 0.05 from the frequentist models were included, along with their main effects, in 

a preliminary full joint Bayesian spatial model which included country- and cluster-level 

random effects and B-spline basis functions of the rescaled weights. That full model 

was refitted sequentially eliminating unimportant interaction terms. The fixed-effect risk 

covariates and their interactions from the preliminary model having the smallest WAIC were 

retained for final fitting of the eight joint spatial models obtained by including/excluding 

country- and cluster-level random effects and the smoothed rescaled survey weights.

A detailed model description, including specifications of priors, hyperpriors and example 

model code, is given in Supplemental Digital Content 1. All computations were performed 

using R version 4.3.142. The joint spatial model variations were fitted using the Integrated 

Nested Laplace Approximation (INLA) package43, version INLA_2023-09-09.

Results

Interaction effects between covariates

Graphical analyses and preliminary frequentist models suggested the plausible existence of 

interaction effects between age and age of sexual debut, age group and partner HIV status, 

age of sexual debut and history of work during the past year, educational attainment and 

partner HIV status, and history of pregnancy and partner HIV status in the prediction of HIV 

status of AGYW (see Supplemental Digital Content 1). Therefore, we fitted preliminary full 

models, including those interaction effects, country- and cluster-level random effects and 

containing the smoothed rescaled survey weights to confirm the importance of any of those 

interactions. The age × partner HIV-status and education × partner HIV-status interactions 

were eliminated based on WAIC differences ≥ 10 between the full and reduced models.
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Final set of behavioral and demographic risk factors

Our final set of behavioral/demographic risk factors were age group, urban versus rural 

residency, educational attainment, history of pregnancy, partner HIV status, transactional 

sex during the past year, age category at sexual debut, employment during the past year, 

and age group × age at sexual debut, age group × employment, and partner HIV status × 

history of pregnancy interactions. Those risk factors were included in the eight joint spatial 

models defined by the inclusion or exclusion of the country-level and cluster-level random 

effects, and the B-spline basis function of the re-scaled survey weights for prediction of 

HIV status. The areas under the ROC curves (AUC) were similar across all models which 

included the country-level random effect (Table 2). Among those, models M100, M101 and 

M111 produced WAIC values which were equal for practical purposes. Therefore, we chose 

the simplest of those, M100, including the country-level random effects but excluding the 

cluster-level random effects and the smoothed weights, as our final model. The rescaled 

weights conveyed almost no information about HIV test positivity (Supplemental Digital 

Content Fig. 5).

Predictors of HIV positivity: Population level viral load

Area-level PVL was—by far—the most important predictor of HIV status among the 

AGYW. The adjusted odds ratio (aOR) for the effect of PVL (70.6; 0.95-probability 

credible interval 20.7‒240.5) represents the change in logit(positivity) for each ½-unit 

change in PVL (Table 3). The distribution of area-level PVL estimates was slightly skewed 

(Supplemental Digital Content 1) and ranged from 0–0.5449 log10(RNA copies·ml−1 + 1). 

The combination of joint estimation and spatial smoothing shrunk the highly unstable survey 

domain estimates of PVL, which ranged from 0–1.06 log10(RNA copies·ml−1 + 1) units, 

toward the mean as expected (Supplemental Digital Content 1).

Approximately 21% of the among-TSNU variation in PVL is attributable to spatial 

correlation, whereas essentially all the among-TSNU variation in HIV positivity is spatially 

independent (Table 3). Evidently the combination of fixed- and random-effect predictors, 

including PVL, exhausts the possibility for among-TSNU spatial correlation in the 

prediction of HIV positivity in this area-level model.

Strong spatial patterns in PVL are evident at both the subcontinental and national scales. 

Areas of higher PVL are more prevalent within the southern African countries of Malawi, 

Zambia, Zimbabwe, Lesotho and Eswatini than elsewhere (Fig. 1, Top). Visualization of 

PVL and the numbers of HIV-negative AGYW within countries provides a basis for aligning 

HIV prevention interventions to the geographic areas which might produce the greatest 

benefits in terms of infections averted (Fig. 1, bottom). Additional country-specific maps of 

PVL and numbers of at-risk AGYW are provided in Supplemental Digital Content 1.

Predictors of HIV positivity: Partner HIV Status and History of Pregnancy

Those AGYW who had both a partner with HIV and a history of pregnancy had the next 

strongest association with HIV positivity (aOR 32.06; 23.67–43.43), followed by those 

having a partner with HIV but no past pregnancy (aOR 12.12; 7.48–19.63) (Table 3). 

AGYW who reported having no partner but having a history of pregnancy, and AGYW 
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who had a partner of unknown HIV status regardless of history of pregnancy also incurred 

increased odds of HIV infection. There was no detectable association between history of 

pregnancy and HIV infection among AGYW who had HIV-negative partners.

Predictors of HIV positivity: Education Status

Completion of secondary education (aOR 0.68; 0.54–0.87) and attainment of some post-

secondary education (aOR 0.35; 0.24–0.51) were protective (Table 3). Having engaged in 

transactional sex within the past year was associated with HIV acquisition (aOR 1.27; 1.08–

1.49). AGYW of ages 15–19 years who had their sexual debut at age 16 years or younger 

incurred increased odds of HIV acquisition (aOR 1.42; 1.10–1.84), as did those of age 

20–24 years who had their sexual debut later than age 16 (aOR 2.17; 1.72–2.74) or at 16 or 

younger (aOR 2.94; 2.33–3.70).

ROC Curves

The area under the subcontinental cross-validated ROC curve was 0.82 (95%CI 0.81–

0.83). Country-specific ROC curves varied; their AUC values ranged from 68.0–81.7% 

(Supplemental Digital Content 1). The model enables statistically principled classification of 

newly encountered AGYW with known sensitivity and specificity (Table 4). For example, 

enrollment in prevention interventions of all those HIV-negative AGYW who have a 

probability of test positivity of at least 0.0276 would select those for whom their risk 

profiles would predict positivity with 80% sensitivity and 66.1% specificity. The threshold 

probabilities of test positivity are easily computed from responses to the risk screening 

questions, country and TSNU of residence, the parameter estimates and country and TSNU 

random effect estimates (Supplemental Digital Content 1).

Discussion

HIV prevention programs in SSA may benefit from identification and enrollment of AGYW 

who are at high risk of HIV acquisition and thereby strengthen their resilience against HIV 

infection1,2,5,15–18 to reach epidemic control. Previous studies and initiatives have explored 

the use of such models to predict HIV acquisition among AGYW2,15–18. However, our 

model is the first to incorporate covariates at the individual, relationship and environmental 

levels, and produced the largest cross-validated AUC among those studies reporting that 

measure.

The inclusion of the environmental exposure PVL, a proxy of the amount of viral exposure 

in a geographic area, was an overwhelmingly important predictor of HIV positivity among 

AGYW and strengthened the predictive capability of our model. This strong association 

between area-level PVL and HIV-positivity among AGYW implies the importance of viral 

exposure in a geographic community. Strong spatial patterns in PVL are evident and 

visualization of PVL, along with the numbers of HIV-negative AGYW within countries, 

provides a basis for aligning HIV prevention interventions to high risk geographic areas that 

might produce the greatest benefits in terms of infections averted.

Other partner-relationship-level factors helped improve the prediction of HIV acquisition 

among AGYW. Viral exposure from a current partner (e.g., spouse or boyfriend) with HIV 
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had the second strongest association with HIV acquisition in our model. An AGYW being 

of age 20–24 years and having a male partner, regardless of whether he is cohabitating 

or is HIV positive, increased risk of HIV acquisition over younger AGYW who reported 

not having a partner. AGYW of age 20–24 years who had early sexual debut at age 16 or 

less, or engaged in transactional sex, or had early pregnancy were at higher risk of HIV 

acquisition than younger AGYW who did not have such experiences. These relationship-

level factors, along with the PVL environmental exposure, are vital to identifying HIV risk 

among AGYW.

Our model also showed that achieving secondary education was associated with decreased 

risk of HIV positivity. School attendance is inversely associated with engaging in risky 

sexual behavior among AGYW in SSA countries like South Africa44. Rudgard and 

colleagues45 showed that a lack of education is positively associated with HIV risk and 

poor HIV outcomes. Further, schools in and of themselves provide education to increase 

awareness of safe sexual behaviors while also strengthening peer support to help ensure safe 

sexual practices. One challenge in SSA has been to retain AGYW in secondary education, 

which is partly why they remain at higher risk of HIV when compared to their male 

counterparts. AGYW of school age who are caregivers or spouses are particularly vulnerable 

to dropping out of school because of competing demands on their time from their families46. 

Lack of funds to pay school fees and access to schools and educational facilities have also 

been barriers to completing a secondary education in SSA46.

The key strength of this study is that we used data from 13 countries to identify the 

most robust, cross-county risk predictors at the individual, interpersonal and environmental 

levels. The primary limitations of this study are the array of risk predictors available in 

the PHIA surveys and the temporally static nature of the model. We did not have access 

to consistent information about sex-based violence among AGYW, although the predictive 

capability of such violence has been mixed12,42. Use of our model to prioritize AGYW for 

enrollment in prevention interventions is limited to those who can adopt our risk-screening 

covariates within the 13 countries included in this study. The model fit is based on single 

PHIA surveys from each country and therefore cannot predict temporal changes. Like all 

similar efforts, the accuracy of voluntary responses to risk questions limits performance. 

Adolescence and early adulthood are associated with high vulnerability and risk47. Stigma 

related to adolescent sexuality and HIV risk may impede the sharing accurate responses to 

the screening questions about sexual behavior or factors associated with risk48.

Despite these limitations, the findings from this study can both help to inform the placement 

of HIV prevention interventions based on PVL, and to prioritize individual AGYW who 

are at highest risk of acquiring HIV for enrollment. For the latter, a screening threshold 

based on the predicted probability of infection could be chosen based on the ROC curve 

results from this study. Then, a web- or tablet-based application could be developed to insert 

responses to the questions used in this study and the country- and TSNU-level random 

effects into the predictor equation to estimate the probability of HIV infection among newly 

encountered AGYW. AGYW for whom their predicted probability of infection meets or 

exceeds the chosen threshold could be prioritized for enrollment in prevention interventions 

or additional services once enrolled. Our model indicates that, aside from age and area of 
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residence, as few as three and at most eight screening questions can classify risk among 

newly encountered AGYW with known sensitivity and specificity.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Spatial distribution of HIV population viral load, PVL, at the subcontinental scale (top) and 

within Kenya (bottom). The estimates of the numbers of uninfected adolescent girls and 

young women during 2022 (bottom) were obtained from the Naomi model22.
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Table 2.

Model comparison based on the Watanabe-Akaike Information Criterion (WAIC; smaller is better) and area 

under the cross-validated receiver-operating characteristic curves (AUC; larger is better) for candidate 

Bayesian joint spatial models of probability of HIV acquisition by adolescent girls and young women across 

13 sub-Saharan African countries, 2015–2019.

Random effects

Weighting‡Model Country Cluster WAIC AUC (95% CL)

M000 − − − 703598 81.75 (80.78–82.72)

M001 − − + 703601 81.48 (80.50–82.47)

M010 − + − 703571 81.63 (80.66–82.61)

M011 − + + 703599 81.68 (80.71–82.65)

M100 + − − 703552 82.05 (81.10–83.01)

M101 + − + 703551 82.04 (81.09–83.00)

M110 + + − 703560 82.04 (81.09–83.00)

M111 + + + 703548 82.05 (81.19–83.01)

‡
Inclusion of rescaled survey weights as smoothed B-spline basis functions (see Supplement.
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Table 4.

Estimated out-of-sample sensitivities and specificities (95% bootstrap confidence limits) attainable by 

prioritizing those adolescent girls and young women for enrollment who have predicted probabilities testing 

HIV positive that equal or exceed the Pr(positive) threshold. Out-of-sample performance was estimated from 

10-fold cross-validation.

Sensitivity (% Specificity (%) Pr(positive) threshold

90.0 (88.7‒91.4) 51.1 (47.2‒54.5) 0.0172

85.0 (83.5‒86.7) 59.7 (57.2‒62.4) 0.0225

80.0 (78.2‒81.7) 66.1 (64.5‒68.4) 0.0276

75.0 (73.2‒77.0) 71.0 (69.6‒73.1) 0.0323

70.0 (68.1‒72.0) 75.8 (74.1‒78.2) 0.0380

65.0 (62.9‒67.0) 81.1 (79.0‒82.8) 0.0467

60.0 (57.9‒62.1) 85.0 (83.3‒87.0) 0.0553

55.0 (52.8‒57.2) 88.6 (87.4‒89.8) 0.0665

50.0 (47.8‒52.2) 91.2 (90.0‒92.3) 0.0776

45.0 (42.9‒47.3) 93.4 (92.5‒94.2) 0.0918

40.0 (37.8‒42.2) 95.1 (94.4‒95.9) 0.1090

35.0 (32.8‒37.1) 96.5 (96.0‒97.1) 0.1292

30.0 (27.8‒32.1) 97.7 (97.2‒98.0) 0.1557
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