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Abstract

Modeling to Inform the Delivery of HIV Pre-Exposure Prophylaxis in Sub-Saharan Africa

David Allen Roberts

Chair of the Supervisory Committee:
Ruanne Barnabas

Departments of Epidemiology, Global Health, and Medicine

Daily oral tenofovir disoproxil fumarate and emtricitabine (TDF/FTC) as HIV pre-exposure
prophylaxis (PrEP) is a safe and effective method for HIV prevention and offers potential to
substantially reduce HIV incidence in sub-Saharan Africa. Mathematical models are commonly
used to project the cost-effectiveness of investments in PrEP in comparison to alternative
resource allocation strategies. Predictive modeling can also identify individuals at elevated risk
who may benefit most from PrEP. The studies contained in this dissertation address fundamental
issues in estimating the cost and potential impact of PrEP implementation in sub-Saharan Africa.

First, we estimated the cost of routine PrEP delivery through maternal and child health
(MCH) and family planning (FP) clinics in western Kenya (Chapter 1). PrEP delivery through MCH
and FP leverages existing service delivery platforms that reach a large fraction of women at
elevated HIV risk. Using data from over 20,000 PrEP encounters through 16 clinics, we estimated
that the cost per client-month of PrEP dispensed to be $26.52 (2017 USD), with personnel (43%),
drugs (25%), and laboratory testing (14%) accounting for the majority of costs. Postponing

creatinine testing from PrEP initiation to the first follow-up visit could save 8% of total program



costs. Under Ministry of Health implementation, we projected costs would decrease by 38%, but
estimates were sensitive to changes in PrEP uptake and retention.

Second, we used an individual-based transmission model calibrated to Eswatini to
evaluate the sensitivity of model projections of PrEP impact and efficiency to specification HIV
exposure heterogeneity (Chapter 2). A common method for introducing HIV exposure
heterogeneity into a model is to stratify the population into “risk group” categories with different
average sexual behavior parameters, allowing PrEP coverage to vary by risk group without having
to explicitly represent individual partnerships. We found that this specification leads to a sharp
tradeoff between total impact and efficiency depending on PrEP coverage levels in each risk
group. In comparison, PrEP use among the general population is projected to be two times more
efficient if PrEP use is prioritized during partnerships and over six times more efficient if use is
further prioritized among individuals with HIV-positive partners. In addition, large incidence
reductions can be achieved at low levels of PrEP coverage if PrEP use in the general population
is concentrated when HIV exposure is more likely, but high levels of PrEP coverage are needed
if time-varying individual risk is ignored.

Third, we developed and validated HIV risk prediction models incorporating individual-
level and geospatial covariates using data from nearly 20,000 individuals in a population-based
cohort in rural KwaZulu-Natal, South Africa (Chapter 3). Individual-level predictors included
demographic, socioeconomic, and sexual behavior measures, while geospatial covariates
included local estimates of community HIV prevalence and viral load. We compared full models
to simpler models restricted to only individual-level covariates or only age and geospatial
covariates. Models using only age group and geospatial covariates had similar performance
(women: area under the receiver operating characteristic curve (AUROC) = 0.65, men: AUROC
= 0.71) to the full models (women: AUROC = 0.68, men: AUROC = 0.72). In addition, geospatial

models more accurately identified high incidence regions than individual-level models; the 20%



of the study area with the highest predicted risk accounted for 60% of the high incidence areas
when using geospatial models but only 13% using models with only individual-level covariates.
These findings have implications for PrEP policies. Our primary costing study identified
service delivery bottlenecks and cost drivers that can inform efforts to streamline PrEP delivery.
By ignoring the alignment of PrEP use with time-varying individual HIV exposure, models using a
risk group specification may overestimate the cost and underestimate the impact of widespread
PrEP availability. Finally, local estimates of HIV prevalence can help identify individuals and areas

to prioritize for PrEP services to maximize impact.
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INTRODUCTION

Human immunodeficiency virus (HIV) is a leading cause of mortality in sub-Saharan Africa,
resulting in an estimated 460,000 deaths in 2020 [1]. Despite the advent of effective prevention
and treatment methods, HIV incidence in sub-Saharan Africa remains high, with an estimated
870,000 people newly infected in 2020 [1]. Rapid scale-up of treatment and prevention is a global

moral imperative to alleviate morbidity and mortality.

Background on HIV prevention methods

Several effective HIV prevention methods have been established. Male circumcision
reduces the risk of HIV acquisition among men by 60% [2—4]. Antiretroviral therapy (ART), a
lifesaving treatment for people living with HIV (PLHIV), also drastically reduces transmission to
partners. Initially, ART was recommended only among PLHIV who had evidence of severe
immunosuppression, either by clinical staging or by CD4+ immune cell count (e.g., < 200 cells/uL).
In a landmark randomized trial among serodiscordant couples first published in 2011, early ART
initiation (CD4 > 350) in the partner living with HIV reduced HIV transmission risk to their
uninfected partner by 93% [5]. Subsequent cohort studies of over 2,000 serodiscordant couples
with over 150,000 reported condomless sex acts found zero cases of phylogenetically-linked HIV
transmission when the partner living with HIV was virally suppressed [6,7]. The evidence for HIV
“treatment as prevention”, in addition to accumulating evidence that earlier ART initiation reduces
morbidity and mortality [8,9], spurred guidelines that recommended immediate ART initiation for
all PLHIV as well as ambitious global treatment targets, such as the 2014 UNAIDS target of 90-
90-90 (90% of PLHIV knowing their status, 90% of those knowing their status linked to care, and

90% of those linked to care virally suppressed) by 2020 [10].



In addition to reducing transmissibility among PLHIV, antiretroviral drugs can also be used
as pre-exposure prophylaxis (PrEP) among HIV-negative individuals. In 2010, a trial of daily oral
tenofovir disoproxil fumarate (TDF) and emtricitabine (FTC) among men who have sex with men
(MSM) and transgender women reported that randomization to the TDF/FTC arm reduced HIV
incidence by 44% relative to the placebo arm [11]. In 2012, a randomized trial among
serodiscordant heterosexual couples in sub-Saharan Africa found a 75% reduction in incidence
in the PrEP arm [12]. However, in the same issue of the New England Journal of Medicine, a
separate randomized trial reported that the same intervention had no effect on HIV incidence
among African women aged 18-35 [13]. The discrepant results between PrEP trials among MSM
and serodiscordant couples compared to those among young African women were reproduced in
subsequent trials [14]. Meta-analyses of PrEP trials found that medication adherence strongly
predicted efficacy, such that young women with high adherence (>75%) had an estimated 61%
risk reduction [15,16]. A sub study within the Partners PrEP trial found 100% efficacy (95% CI:
83.7%-100%) among participants with very high adherence (> 97% by electronic monitoring and
by unannounced pill counts) [17]. Taken together, oral TDF/FTC as PrEP is a safe and highly
efficacious HIV prevention intervention when taken regularly.

Despite the initial results from randomized trials, PrEP offers particular promise as a
prevention tool for women. Circumcision, ART, and condom use require partner action to achieve
prevention, whereas PrEP is controlled by the user. HIV incidence is disproportionately high
among young women due to low ART use among male partners [18] as well as several interacting
biological, behavioral, and structural factors [19]. Therefore, high uptake of effective HIV
prevention strategies among young women would have considerable impact. Furthermore, the
low adherence observed in placebo-controlled randomized trials of an unproven product tends to
improve with open-label access and counseling on efficacy, and steep declines in incidence have
been observed in open-label extensions and demonstration projects [20]. However, several of the

same factors that increase vulnerability to HIV, including poverty, gender inequity, and intimate



partner violence, also act as barriers to regular PrEP use [21]. PrEP research has thus shifted to
the development of new formulations and improved service delivery strategies that can

circumvent barriers to use [22].

PrEP implementation

Following the clinical trial results, demonstration projects and implementation studies have
studied PrEP delivery to subpopulations at elevated HIV risk, including serodiscordant couples,
adolescent girls and young women (AGYW), pregnant and postpartum women, female sex
workers (FSW), and MSM. By the end of 2019, PrEP was approved by drug regulatory authorities
in 12 African countries, and over 130,000 individuals had initiated PrEP [23]. Early observations
from implementation studies have shown considerable uptake of PrEP but high rates of
discontinuation by six months after initiation. Reasons for discontinuation include low perceived
risk, pill burden, side effects, stigma, or travel time [24-26]. However, predictors of initiation,
continuation, and adherence include reporting a partner whose status is HIV-positive or unknown
and perceiving to be at risk for acquiring HIV [24,25,27-30]. Additionally, many individuals who
discontinue PrEP return to restart it later, suggesting a change in their perception of its benefits
[31,32].

An important feature of PrEP is that high adherence is only necessary during periods of
HIV exposure, and discontinuation is recommended when risk is low. This paradigm, known as
“prevention-effective adherence” [33], complicates evaluation of the performance of PrEP
programs, as the denominator for who should use PrEP requires some assessment of risk. Unlike
ART programs, in which all PLHIV should initiate and adhere to treatment, PrEP programs may
be highly effective even when a minority of HIV-negative individuals are highly adherent, if
adherence is closely aligned with HIV exposure. Clinical risk prediction tools have been developed
to guide PrEP delivery in sub-Saharan Africa, and several have been validated against HIV

incidence [34—42]. These studies have informed screening tools to help providers counsel clients



on PrEP [43]. A major challenge with these tools is their reliance on self-reported sexual behavior
measures, which are prone to misclassification and are also dynamic, requiring frequent
reassessment [44]. Another approach has been to geographically prioritize resources for PrEP
based. For example, national PrEP rollout in Kenya in 2017 considered county-level estimates of
HIV incidence in order to determine where PrEP programs would focus on key populations and

where it would be available to all [43].

Health economic evaluation of PrEP

The mix of benefits and challenges of PrEP implementation raise the question of how
much spending should be allocated to PrEP versus other interventions, such as improving ART
programs. With stagnating funding for HIV programs [45], policymakers need to determine how
to best use resources to maximize impact on new infections and deaths. Mathematical models
are an important tool for estimating the population-level impact of scaling up HIV interventions
and have been widely used to inform funding decisions [46—51]. Modeling studies can account
for the benefits conferred to both those receiving interventions as well as their contacts. For
example, PrEP use among HIV-negative women can protect not only those women from HIV
infection but also their partners and their children. By including both costs and health benefits,
mathematical models can estimate the cost-effectiveness of interventions like PrEP. A health
intervention is considered to be cost-effective if the additional health benefits provided by the
intervention outweigh the incremental cost required to implement it [52]. The relation of costs to
benefits is usually expressed in an incremental cost-effectiveness ratio (ICER) which divides the
change in costs by the change in health benefits, generally measured in disability-adjusted life-
years (DALYs) [53]. Determination as to whether an intervention is cost-effective requires
comparing the associated ICER with a decision threshold. Such a threshold generally reflects the
opportunity cost of health benefits foregone due to the addition of the intervention in question [52].

Selection and estimation of cost-effectiveness thresholds continue to be debated and revised:;



recent analyses in sub-Saharan Africa have used thresholds of $500-$750/DALY averted [54—
59]. Additionally, models can estimate the overall budget impact of scaling up an intervention,
informing policymakers as to whether an intervention is affordable [60].

Numerous mathematical modeling analyses have estimated the cost-effectiveness and
affordability of PrEP use in sub-Saharan Africa [61]. Several models have estimated that PrEP
may be cost-effective if prioritized for key populations (small high incidence subgroups such FSW
or serodiscordant couples) but that PrEP use in the general population is not [56,62—-68]. These
results have shaped World Health Organization (WHO) guidelines that recommend PrEP for
populations with average annual HIV incidence of at least 3% [69]. A recent review of the modeling
literature summarized that evidence for the affordability and cost-effectiveness of PrEP use in the
general population is limited, especially in an era of expanding ART coverage and when
thresholds of $500 or $750/DALY averted are used [61]. In modeling analyses of optimal
prevention portfolios, PrEP is only included when the budgets are large, as other interventions
(e.g., expanded ART coverage, male circumcision, or behavioral interventions) are estimated to
be more cost-effective and are thus prioritized earlier [62,63,70-72].

To estimate the PrEP cost-effectiveness, models must specify the cost of PrEP. However,
few studies have collected primary data on the cost to deliver PrEP services, and most of the
evidence has come from programs for serodiscordant couples or sex workers [71,73,74]. In
addition to drug costs and laboratory testing, PrEP delivery programs also incur costs for
engagement and counseling. The cost may also depend on the platform used to deliver PrEP
services. A program that integrates PrEP into schools or clinics may benefit from economies of
scope, whereas an outreach program for key populations may incur additional costs. Primary
costing data from PrEP programs can therefore fill a key evidence gap for cost-effectiveness

analyses and budgetary planning.



In addition to PrEP costs, models must also specify how PrEP use aligns with HIV
exposure. To understand this issue, it is first necessary to review how heterogeneity in HIV risk

is specified in mathematical models.

Structure of HIV transmission models

HIV transmission models can be broadly classified into population-based (e.g.,
compartmental) or individual-based approaches [75]. Population-based models stratify the
simulated population into mutually exclusive and exhaustive compartments based on
characteristics such as age, sex, HIV status, and intervention use. During the simulation, the
model keeps track of the size of each compartment (states) and the rate at which the size is
changing over time (flows). Within each compartment, all individuals are assumed to be
homogeneous, and the status of distinct individuals is not explicitly tracked. Population
characteristics of interest are calculated directly from states (e.g., HIV prevalence) or flows (e.g.,
HIV incidence or mortality) for time points of interest.

In contrast, individual-based models (sometimes referred to as agent-based models or
microsimulations) explicitly represent each individual in a simulated population [76]. Each
individual is assigned a set of characteristics, such as age or HIV status, which can change over
time based on interactions with other individuals or with the environment. Functions that govern
changes in characteristics are defined at the level of the individual, and population measures of
interest such as prevalence or incidence are computed directly by aggregating over individuals.
Therefore, individual-based models represent a “bottom-up” approach, in which population-level
phenomena emerge from the interactions and behaviors of individual units.

Modeling individual agents provides significant flexibility that can be useful for HIV
applications. HIV transmission is influenced by numerous factors, including sexual behavior,
intervention use, biological cofactors, demography, and geography. In compartmental models,

each factor adds substantial model complexity, as the number of items that must be tracked by



the model increases exponentially [77]. In contrast, each additional attribute does not increase
the number of agents that an individual-based model needs to track. Therefore, when
heterogeneous transmission dynamics are important for the scientific question at hand, individual-
based models may be preferred. However, computational requirements for individual-based
models can be immense if on the number of agents and interactions to be simulated is large [78].
Compiled languages with efficient memory allocation like C or C++ can improve runtimes but may
require user interfaces for wide applicability. Parallelization can speed up some processes,
especially for assessing parameter uncertainty or sensitivity analyses, but requires distributed
computing systems. If population totals are of interest, the number of simulated individuals can
sometimes be substantially downscaled to speed up run time, but stochastic effects may become
problematic as the simulated population becomes smaller. Therefore, compartmental models may

be preferred when simpler approaches can address the scientific question of interest.

Representation of HIV exposure heterogeneity

Partnership dynamics are of particular importance in the modeling of sexually transmitted
diseases. The number and types of partnerships an individual has primarily determines their
baseline HIV risk, and the distribution of partnerships influences how heterogeneous HIV risk is
in the population. Furthermore, decisions about intervention use are often made based on the
number of partnerships (e.g., interventions for female sex workers) or the types of partnerships
(e.g., interventions for serodiscordant couples). In individual-based models, partnership
characteristics are modeled explicitly and can influence individual behaviors or interventions.
Partnership patterns represented in individual-based models can also provide insight into
transmission dynamics and population-level behavior. Additionally, network-level effects, such as
network size, concurrency, centrality, and density, can dramatically affect transmission rate [79—
82]. Network structures can be explicitly represented using individual-based models, with

individuals serving as nodes and partnerships representing edges.



Compartmental models can also include heterogeneous partnership features, but
implementation can be cumbersome for complex dynamics. To incorporate heterogeneity,
compartmental models often stratify the population into 2-4 “risk groups”, in which higher risk
groups have greater partner turnover and sexual frequency [83]. Within each risk group, all
individuals are homogenous, giving them the same risk of transmission. Assortativity in sexual
behavior can be represented with mixing matrices, which become exponentially more complex
with each added feature (e.g., age, sex, race, or HIV status) [84]. Furthermore, network-level

effects are ignored in compartmental models since specific partnerships are not represented.

Heterogeneity and intervention impact

A maijor area of research for HIV epidemic models has been to estimate the population-
level impact of expanding ART coverage [85-90]. Several types of models have been used, and
differences between modeled estimates have been attributed more to assumptions about
infectivity in acute HIV infection and ART coverage by age and sex than to whether the model
was compartmental or individual-based [85,91]. Several features may explain why simpler models
can perform reasonably well for modeling ART coverage. Mechanistic HIV transmission models
are generally underdetermined by the available data, with many more parameters than data points
to fit to [92]. As such, simple compartmental models with basic risk heterogeneity can closely fit
time trends in HIV prevalence [93]. Since HIV-infection is an absorbing state, and ART is
recommended for all HIV-positive individuals for their lifetime, models of ART coverage can
generally be simpler than models of interventions of shorter durations and for which eligibility is
dynamic. However, in the era of universal test-and-treat, accurate representation of individual
characteristics of those not engaged in care, such as mobility and sexual networks, may become
increasingly important, and more flexible models may be desired [94,95].

Modeling PrEP coverage has several challenges that may be more amenable to

individual-based approaches. Unlike ART, the appropriate duration of PrEP use varies for each



individual depending on number of partnerships, partner HIV status, partner viral suppression,
sexual frequency, condom use, and other factors [73,96]. As discussed previously, dynamic
partnership factors are difficult to represent in compartmental models, which have instead
generally investigated PrEP coverage prioritized to specific risk groups [61]. Models estimate that
PrEP use among subsets of the population at highest risk for infection, such as sex workers,
greatly increases cost-effectiveness but limits overall impact, since the proportion of the
population covered is small [97]. In contrast, models of widespread PrEP use in the population,
including models focused on adolescent girls and young women, have not found PrEP to be cost-
effective [61]. However, the structure of these models does not allow for dynamic changes in risk
within strata defined by age, sex, and risk group. For example, the largest fraction of the
population is usually assigned to the lowest risk group, with low rates of partner turnover.
However, such categorization masks substantial within-group heterogeneity based on factors
such as partner HIV status, viral load, and condom use. Since the cost-effectiveness of PrEP
delivery is highly dependent on how well PrEP use is aligned with HIV risk [68], accurate modeling
of partnership dynamics in generalized epidemics is essential. If PrEP use is correlated with
transient periods of HIV exposure, widespread PrEP availability may both have substantial impact
and be cost-effective.

Individual-based models have also been used to model PrEP delivery to MSM in the US
based on specific guidelines. One study estimated the impact of CDC guidelines for PrEP use,
which included number of partnerships (sexual network degree), knowledge of partner HIV status,
serodiscordancy, and history of unprotected anal intercourse [98]. This analysis required an
individual-based model that tracked each of these partnership characteristics and allowed them
to influence the probability of PrEP use. However, individual-based models have seen
comparatively little use for modeling PrEP use in sub-Saharan Africa. A notable exception is a
recent analysis from South Africa used an IBM to estimate the cost-effectiveness of PrEP use

concentrated during periods of condomless sex [99]. Contrary to the results of most prior



analyses, they found that PrEP use among 15-64-year-olds was cost-effective across all
simulations, whereas simulations that assumed that PrEP use was unrelated to condomless sex
were never cost-effective. This model allows time-varying individual HIV risk to influence PrEP
use, but it does not explicitly represent partnerships formed between individuals and therefore
does not allow partner HIV status to impact PrEP coverage.

In summary, individual-based models offer a promising approach for realistically modeling
PrEP usage. Since partnerships can be explicitly tracked, characteristics such as number of
partners, partner HIV status, and condom usage can serve as triggers for PrEP use or
discontinuation, reflecting either guideline-based delivery strategies or merely individual self-
selection based on HIV risk. Compartmental models can also incorporate risk heterogeneity, but
specific partnership characteristics are much more difficult to include. The extent to which model
structure matters will depend on the specific of the research question of interest, and direct

comparisons of model structure have not been conducted for PrEP specifically.

Aims of this dissertation

This dissertation contains three studies to inform the delivery of PrEP in sub-Saharan Africa. In
Chapter 1, we estimate the cost of PrEP delivery to women accessing maternal and child health
and family planning clinics in Kenya. In Chapter 2, we investigate how model representation of
HIV exposure heterogeneity influences estimates of PrEP impact and efficiency. In Chapter 3, we
develop and evaluate HIV risk prediction tools that incorporate geospatial data to identify

individuals and areas at the highest risk for HIV infection in South Africa.
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CHAPTER 1
Cost of HIV pre-exposure prophylaxis delivery through routine

maternal and child health and family planning clinics in western Kenya

Published citation: Roberts DA, Barnabas RV, Abuna F, Lagat H, Kinuthia J, Pintye J, Bochner
AF, Forsythe S, Gomez GB, Baeten JM, John-Stewart G, Levin C. “The role of costing in the
introduction and scale-up of HIV pre-exposure prophylaxis: evidence from integrating PrEP into
routine maternal and child health and family planning clinics in western Kenya”. J Int AIDS Soc.

2019 Jul;22 Suppl 4(Suppl Suppl 4):e25296. doi: 10.1002/jia2.25296.
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Abstract

Introduction

Understanding the cost of strategies to reach and deliver pre-exposure prophylaxis (PrEP) to
priority populations is essential to assess the cost-effectiveness and budget impact of HIV
prevention programs. Providing PrEP through maternal and child health and family planning
clinics offers a promising strategy to reach women in high HIV burden settings. We estimated
incremental costs and explored the cost drivers of integrating PrEP delivery into routine maternal

and child health and family planning services in Kenya.

Methods

We conducted a costing study from the provider perspective within the PrEP Implementation for
Young Women and Adolescents program in western Kenya. We identified all within- and above-
facility activities supporting PrEP delivery and measured clinical service time using time-and-
motion studies. We obtained input costs from program budgets, expenditure records and staff
interviews. We estimated changes in costs if creatinine testing were postponed from initiation to
first follow-up visit and if PrEP were prioritized to clients at high HIV risk using a behavioral risk
assessment tool. We also projected costs under Ministry of Health (MOH) implementation
assuming MOH salaries and program supervision. We estimated annual numbers of PrEP visits
from program data abstracted from 16 facilities between November 2017 and June 2018. We

report the cost per client-month of PrEP dispensed in 2017 USD.

Results

For an annual program output of 24,005 screenings, 4198 PrEP initiations and 4427 follow-up
visits, the average cost per client-month of PrEP dispensed in the study was $26.52. Personnel,
drugs and laboratory tests comprised 43%, 25% and 14% of program costs respectively.

Postponing creatinine testing and prioritizing PrEP delivery to clients at high HIV risk reduced total

12



program costs by 8% and 14% respectively. In the MOH scenario assuming no changes in
outputs, the projected cost per client-month of PrEP dispensed decreased to $16.54 and total

program costs decreased by 38%.

Conclusions

Incremental PrEP costs are sensitive to the service delivery strategy used to engage priority
populations. Postponing creatinine testing and prioritizing PrEP delivery to clients at high HIV risk
may reduce costs. Context-specific cost data are crucial to assess the cost-effectiveness and

affordability of PrEP delivery models.
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Introduction

Despite remarkable progress in expanding access to antiretroviral therapy (ART), an
estimated 200,000 women aged 15 to 24 in sub-Saharan Africa were newly infected with HIV in
2017 [100]. Pre-exposure prophylaxis (PrEP) prevents HIV infection and offers promise as a
female-controlled HIV prevention strategy [15,21]. Effective models for PrEP delivery to young
women are needed to maximize population-level benefits. Budgets have competing demands,
and evidence on the cost, affordability and potential impact of PrEP programs is necessary to
guide policy decisions about the choice and implementation of prevention interventions [22].

PrEP programs that achieve widespread coverage and adherence among individuals at
high risk of acquiring HIV infection (priority populations) will maximize population-level impact
[46,63,65,66,101-103]. However, the cost and yield of engaging priority populations will vary
across settings, affecting cost-effectiveness and budget impact conclusions [68]. While several
studies have projected the potential cost-effectiveness of PrEP delivery in sub-Saharan Africa,
few service delivery models for identifying and providing PrEP to priority populations have been
defined that could substantiate the costs assumed in modelling studies [62,70,104—107]. Primary
costing studies of PrEP delivery are sparse, and research describing how costs vary across
outreach and service delivery strategies is limited [73,71,74].

Integrating PrEP into other medical and nonmedical services may be an efficient strategy
for reaching priority populations. For example, offering PrEP to women through maternal and child
health (MCH) or family planning (FP) programs may have low incremental costs. Pregnant and
postpartum women in sub-Saharan Africa have high HIV incidence, and recent evidence suggests
that HIV risk may be elevated in pregnancy and postpartum periods [108—110]. However, no prior
studies have estimated the cost of delivering PrEP to women through MCH and FP clinics. A
previous modelling study of PrEP administration to pregnant and breastfeeding women varied
PrEP program costs per patient-year from $80 to $720 per year, reflecting large uncertainty in the

absence of data [111].
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We present the results from a costing study for the PrEP Implementation for Young
Women and Adolescents (PrlYA) program, an implementation project delivering PrEP in 16 MCH
and FP clinics in western Kenya. We estimated the incremental cost of integrating PrEP delivery
into routine MCH and FP services. Furthermore, we explored the cost implications of service
delivery modifications such as timing of creatinine monitoring and prioritized delivery to women

identified as having high risk for HIV infection.

Methods
Study setting

The PrlYA program is an implementation project to evaluate PrEP delivery strategies to
young women through MCH and FP clinics in Kenya [112]. PrlYA is part of the DREAMS
Innovation Challenge funded by the U.S. President's Emergency Plan for AIDS Relief (PEPFAR)
and managed by JSI Research & Training Institute, Inc. In collaboration with Department of Health
and Sanitation, Kisumu County and the Kenya National AIDS and STI Control Program
(NASCOP), PrlYA has been implemented in 16 facilities (nine public hospitals, four mission
hospitals, one private hospital, one health center and one dispensary) in Kisumu County and
involves centralized supervision and administration by program staff. This region has an
estimated adult HIV prevalence of 16% and high incidence of HIV among pregnant women
[113,114]. Women attending MCH and FP clinics are screened by nurses for behavioral risk
factors for HIV and willingness to consider PrEP. All medically eligible (HIV-negative and
creatinine clearance <50 mL/min by national guidelines) women who are interested in PrEP are
offered same-day PrEP initiation and can return to the same clinic for monthly follow-up visits and
refills [115]. PrEP is delivered either by the same nurse providing routine MCH and FP services
or by a separate nurse in an adjoining room. Nurses perform point-of-care creatinine testing at
initiation and dispense medication directly to clients. Additional program details have been

described elsewhere [116]. The PrlYA protocol was approved by the University of Washington
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Human Subjects Division and the Kenyatta National Hospital/University of Nairobi Ethical Review

Committee. Participants provided oral informed consent.

Costs

We estimated the incremental economic cost of PrEP delivery from the provider
perspective following the principles outlined in the Global Health Cost Consortium Reference
Case [117]. We categorized costs as either fixed (constant irrespective of program output over
the course of one year) or variable (costs directly related to program output). To estimate variable
costs, we measured resource use at a sample of eight facilities representative of clinic size,
ownership (public, mission or private), and type (MCH vs FP). For each PrEP clinical activity
(behavioral screening and counselling, initiation, and follow-up visits), we measured the cost of
drugs, clinical personnel, laboratory testing and other supplies. We estimated clinical personnel
unit costs using time-and-motion studies and multiplying the average time spent in each activity
(in minutes) by the cost per minute (including both salary and benefits). For supplies and
commodity costs, we observed resource use for each activity and multiplied the relevant quantity
by input costs obtained from program budgets or centralized price lists. Drug costs for oral co-
formulated tenofovir disoproxil fumarate/emtricitabine ($6.75 per 30 days) included the cost of
purchase from the manufacturer as well as central storage and distribution costs. Fixed costs
included centralized start-up costs (microplanning and training), capital (equipment, furniture),
overheads (e.g., building costs, transportation and airtime) and administrative and supervisory
personnel supporting PrEP delivery. We annualized start-up and capital costs over the expected
useful life (assumed to be five years or fewer) using a discount rate of 3% [117]. We allocated
building space based on the proportion of all MCH or FP visits that included a PrEP encounter.
We multiplied the average size of the room in which PrEP screening and initiation were conducted
by a rental rate estimated from nearby commercial properties. This analysis excludes the cost of

any research activities that would not be part of routine PrEP service delivery.
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We calculated program-level average unit costs for each clinical activity (screening,
initiation, and follow-up visits) by allocating fixed costs to each activity and adding the activity's
average variable cost. Fixed costs that could not be assigned exclusively to a single activity were
apportioned using hourly rate allocation based on clinical service time [118]. We adjusted all costs
to 2017 currency using GDP deflators and converted to US dollars (USD) using the 2017 average
exchange rate (1 USD = KSh 103.40) [119]. We analyzed costs in Excel 2018 (Microsoft,
Redmond, USA). Additional details about the costing methodology are available in Appendix A.

The Excel file used for the analysis is available at:

https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1002%2Fjia2.25296 &file=jia

225296-sup-0002-Spreadsheet.xlsx

Program volume

We used data collected as part of routine monitoring to estimate the numbers of women
screened, initiated, and dispensed PrEP over a one-year period. Study staff abstracted
standardized client records in all 16 facilities from 20 November 2017 to 15 June 2018. We
extrapolated program volume to one year assuming no changes in the pattern of visits. We
analyzed program volume using R version 3.5.1 [120]. Further details are available in Appendix

A

Cost metrics
We estimated the total program cost (across 16 facilities) by multiplying the number of
screening, initiation and follow-up visits by their respective average unit costs and summing the

total. We then calculated the cost per client-month of PrEP dispensed as follows:
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Total program cost
# months of PrEP dispensed

Cost per client-month of PrEP dispensed=

Scenarios

To evaluate the potential cost ramifications of different delivery scenarios, we projected
costs incurred under the following conditions: (1) postponing creatinine testing to the first follow-
up visit rather than initiation; (2) restricting PrEP initiation to clients identified as having high risk
for acquiring HIV; and (3) if the program were entirely implemented through the Ministry of Health
(MOH).

The first scenario (postponing creatinine testing) is motivated both by the low prevalence
(8/4007) of ineligible creatinine tests among PrlYA clients at initiation as well as the considerable
proportion of clients who choose to discontinue PrEP within a month after initiating. This scenario
is expected to decrease program costs by reducing the number of creatinine tests conducted. For
the second scenario, we categorized clients as having high risk of HIV infection based on reporting
at least one of the following risk factors assessed at their first PrEP screening visit: (1) current
partner with unknown or positive HIV status; (2) positive rapid plasma regain syphilis test; or (3)
reporting at least one of the following in the prior six months: (a) exchanging sex for money or
other favors; (b) diagnosis or treatment for a sexually transmitted infection; (c) forced to have sex
against will; (d) experiencing intimate partner violence; (e) sharing needles while engaging in
injection drug use; or (f) using post-exposure prophylaxis more than twice. Assessment of these
specific risk factors for PrEP consideration is recommended as part of national guidelines [115].
This scenario is expected to decrease total program costs by reducing the number of clients who
initiate and continue on PrEP.

In the third scenario, we revised costs to reflect a program implemented entirely through
the MOH. First, we adjusted clinical personnel salaries to reflect government cadre-specific salary

scales (including benefits). Second, we estimated the cost of facility, sub-county and county
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supervisory activities that are planned to subsume PrlYA administrative staff responsibilities. Last,
we replaced the cost of the point-of-care assay used in PrIYA with the average facility price for
creatinine testing. These projections assume no changes in program output. We conducted a
sensitivity analysis under the MOH scenario to explore how costs might change with varying

uptake and retention, assuming constant fixed costs.

Results

Overall program costs and unit costs

For an annual program output of 24,005 screenings, 4,198 PrEP initiations, and 4,427
follow-up visits, the estimated total annual program cost as implemented was $204,253 (Table
1.1). Personnel (43%), drugs (25%), and lab tests (14%) comprised the largest cost categories.
Supervision and administration accounted for nearly two-thirds of personnel costs. The average
cost per client-month of PrEP dispensed was $26.52. The unit costs of PrEP screening, initiation,

and follow-up encounters were $2.91, $19.18, and $12.16, respectively (Table 1.2).

Cost implications of service delivery modifications

Table 1.3 shows the estimated impact of postponing creatinine testing to the first follow-
up visit or prioritizing PrEP initiation to clients at high risk of HIV infection on the total program
cost and cost per month of PrEP dispensed. Postponing creatinine testing would reduce the
annual number of tests by two-thirds (from 4,198 to 1,370) and decreases estimated program
costs by 7.5%, resulting in a cost of $24.53 per client-month of PrEP dispensed. Clients at high
risk for HIV infection (at least one baseline risk factor) accounted for 34% of screening encounters
but 68% of PrEP initiations. The most common risk factor was having a partner of unknown status
(89% of clients with at least one baseline risk factor). Restricting PrEP initiation to clients at high
risk of HIV lowered total program costs by 14%. Under this scenario, the cost per client-month of

PrEP dispensed only to clients with high risk of HIV infection was $31.88.
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Projected costs under MOH implementation

We projected how program costs might change under Kisumu County MOH
implementation assuming no changes in outputs. Substituting public-sector clinical staff salaries
for PrlYA nurse salaries decreased the cost per client-month of PrEP dispensed from $26.52 to
$25.92 (Table 1.4). Using the estimated cost of planned MOH supervision in place of PrlYA
administration lowered the cost per client-month of PrEP dispensed from $25.92 to $18.00.
Replacing the cost of the point-of-care creatinine assay with facility creatinine prices further
decreased the cost per client-month of PrEP dispensed to $16.54. Overall, we estimated the total
program cost under the MOH scenario to be $127,421, which constitutes a 38% decrease
compared to PrlYA implementation, and the average cost per client-month of PrEP dispensed
decreased to $16.54. The largest cost components were drugs (41%), personnel (33%), and lab
tests (15%) (Figure 1.1 and Appendix A, Figure A.3). Overall personnel costs were 52% lower
under the assumption that project coordinator staff activities would be subsumed under existing
facility and above-facility supervisory structures.

We evaluated the sensitivity of costs under the MOH scenario to assumptions about
program output. Doubling both the proportion of screening encounters that result in an initiation
(from 17% as observed to 34%) and the average number of follow-up visits within a year among
clients with at least one follow-up visit (from 2.6 as observed to 5) increases estimated program
costs by 224% and lowers the cost per client-month of PrEP dispensed to $12.96. In comparison,
halving both uptake and retention increases the cost per client-month of PrEP dispensed to

$25.31 while reducing total program costs by 42%.

Discussion
We explored the relationship between costs and service delivery strategies using primary

data from an implementation study of integrating PrEP into MCH and FP clinics, as part of the
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DREAMS Innovation Challenge funded by PEPFAR. Offering PrEP to women through MCH and
FP clinics as done in this study would cost on average $26.52 per client-month of PrEP dispensed,
with personnel and drugs accounting for 43% and 25% of program costs, respectively. In
comparison, an analysis of PrEP delivery to female sex workers and men who have sex with men
(MSM) in Nairobi that found that drugs accounted for 15-19% of total costs [71]. The Nairobi study
estimated higher unit costs ($33-44 per client-month of PrEP dispensed) than our study despite
similar drug unit costs. The difference in the two program costs may reflect the increased
resources used in outreach efforts needed to contact FSW and MSM compared to a clinic-based
strategy that integrated PrEP within existing services. However, our estimated unit costs are
higher than analyses among FSW and MSM conducted in South Africa, which estimated costs
per client-month of $17-18 [65,73]. This program had substantially lower drug costs (< $5 per
month) as well as high uptake and retention, both of which contributed to lower unit costs.
Additional efforts are needed to better understand differences between delivery strategies and to
standardize cost reporting.

Prioritizing PrEP delivery to clients at high risk for HIV infection can reduce total costs if
these clients are easily identified. In our study, total program costs decrease by 14% if initiation
occurs only among clients with baseline behavioral risk factors. Clients with baseline risk factors
were more likely to initiate PrEP, demonstrating that risk prioritization is to some extent occurring
as these clients self-select to initiate PrEP when universally offered [112]. Eighty-nine percent of
clients with a baseline risk factor had a partner with unknown HIV status, highlighting that
increasing partner testing could improve client risk assessment. Given the low cost of HIV self-
test kits ($2 as negotiated by the Bill and Melinda Gates Foundation), providing HIV self-test kits
to promote partner testing might be an efficient method for refining client decisions about PrEP
[121,122]. The utility of these strategies will depend on the how well risk can be evaluated by both
client and provider. An ongoing randomized trial using an HIV risk assessment tool designed for

peripartum women and self-testing to guide PrEP delivery among pregnant women will help
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evaluate the potential impact of this strategy [34,123]. In the process of risk assessment, it is also
important that PrEP delivery programs do not stigmatize women or suggest they are the primary
population responsible for HIV prevention. Validated and context-specific risk assessment tools
for a range of populations, including men, are needed to guide prevention programs.

Creatinine testing consumed significant resources, and previous studies of reducing the
frequency of kidney function monitoring have not shown harm [124]. Due to high numbers of
clients discontinuing PrEP after initiation, deferral of creatinine testing from initiation to the first
follow-up visit would save an estimated 7.5% of overall program costs. Notably, only 0.2% of
clients in the program had creatinine clearance measured at less than 50 mL/min at initiation (the
NASCOP threshold for PrEP ineligibility). Postponing creatinine testing by one month does not
present a major departure from Kenya national guidelines, which recommend baseline and then
annual testing but permit PrEP delivery without testing if laboratory facilities are unavailable [115].

Implementation projects are essential for demonstrating the impact and costs of strategies
for introducing PrEP to at-risk populations; however, their costs may not reflect typical MOH
settings. Our analysis projects overall program costs could decrease by 38% under routine MOH
implementation. This large potential cost reduction is consistent with previous PrEP costing
studies that have compared observed costs to projections in an MOH scenario. A demonstration
project of PrEP as a bridge to ART among serodiscordant couples in Uganda reported estimated
unit costs of $408 (as studied) and $92 (MOH scenario) per couple per year [74]. However, the
projected costs in the MOH scenario were highly sensitive to assumptions about program volume.
The degree to which unit costs will change will depend on how program output is affected by
changes in staff and supervision.

Within a facility-based setting, additional service delivery modifications may affect PrEP
costs. For example, providing multiple months of PrEP prescription for established clients could
improve retention by requiring fewer visits, as has been demonstrated in some ART programs

[125,126]. Additionally, task shifting PrEP screening counselling to HTS counsellors may reduce
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costs and alleviate nurse time burden. HIV testing provides a natural entry point for discussions
about HIV prevention and PrEP use, as PrEP initiation is contingent upon a negative test and
behavioral assessment. While task shifting HIV services has demonstrated efficiency gains
across a wide variety of settings [127,128], it is possible that program output would be affected.
Implementation studies are needed to evaluate the utility of these models.

Our analysis has several limitations. The baseline behavioral risk factors used to classify
clients are not based on a validated risk score and may not fully capture HIV risk. The unit cost of
client-month of PrEP dispensed reflects neither the client’s true HIV risk nor drug adherence, both
of which are crucial parameters for cost-effectiveness studies. In addition, our assumption of
constant volume with reduced costs under MOH implementation may be unrealistic. Program
output may decrease without PrlYA clinical staff and program support. Alternatively, PrEP uptake
and retention may increase over time with expanded community awareness and sensitization,
and counselling time may decrease as clients become more familiar with the intervention.
Improving demand generation, messaging, and support strategies will be critical to increasing
PrEP usage in this population [21,129]. We did not address whether additional MOH clinical staff
would be required to support PrEP initiation, which would add human resource costs. Last, the
16 facilities involved in PrIYA were primarily hospitals in urban and semi-urban environments that
may benefit from economies of scale. These facilities may not be representative of all MCH and
FP clinics in western Kenya, so caution must be taken in generalizing these cost estimates to
other settings. We were not able to address facility-level variation in PrEP service delivery costs
given the centralized implementation of the program; further research under routine conditions is
needed to identify facility-level drivers of service delivery costs.

Despite these limitations, cost projections are useful to evaluate the relative impact that
program modifications may have on budgets. Benefits of offering PrEP through MCH and FP
services include potential economies of scope and convenient access to a priority population,

without ancillary outreach activities to needed reach them. However, the degree to which women
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perceive themselves at risk and choose to take PrEP as part of routine MCH and FP services will
critically affect costs, coverage, and impact. While our study focused on a PrEP delivery strategy
for women, ongoing cost data collection efforts nested in implementation science evaluations are
needed to provide up-to-date evidence on the costs of delivery strategies to reach other priority
populations, including adolescents, serodiscordant couples, FSW and MSM. Such data will be
critical for understanding the potential success of PrEP programs at the country level and will
serve as invaluable inputs to mathematical models that aim to produce more accurate estimates

of potential cost-effectiveness.

Conclusions

MCH and FP services offer a potential PrEP delivery platform to efficiently reach large
numbers of at-risk women in high HIV burden settings. Postponing creatinine testing and
prioritizing PrEP delivery to clients at high HIV risk are potential strategies to reduce costs.
Subpopulation-specific costing studies are needed to evaluate the costs of delivering PrEP to
priority populations in other settings. Cost-effectiveness studies of PrEP scale-up need context-

specific costing data in order to accurately inform policy.
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Table 1.1: Total program cost and average cost per client-month of PrEP dispensed (2017 USD)

Average cost per

Total annual cost client-month of
(USD) PrEP dispensed
(USD)
Variable
Personnel (clinical) 37,535 4.87
Drugs 51,997 6.75
Laboratory testing 27,830 3.61
Other supplies 3,616 0.47
Sub-total 120,978 16.71
Fixed
Microplanning 1,366 0.18
Training 2,898 0.38
Personnel (supervision and administration) 50,924 6.61
Capital (e.g., creatinine machines, furniture) 3,925 0.51
Overhead (e.g., building, airtime, transportation) 24,162 3.14
Sub-total 83,275 10.81
Summary 204,253 26.52

Table 1.2: Unit cost breakdown by clinical activity (2017 USD)

Screening Initiation Follow-up'

Variable unit cost

Personnel (clinical) 0.91 1.47 214

Drugs 0.00 6.75 5.34

Laboratory testing 0.00 5.76 0.83

Other supplies 0.02 0.32 0.41
Sub-total 0.93 14.30 8.71
Fixed unit cost 1.98 4.88 3.45
Total unit cost (variable + fixed) 2.9 19.18 12.16
Number 24,005 4,198 4,427
Total annual cost 69,876 80,525 53,852

TFollow-up unit costs are weighted averages of the costs of visits with (79%) and without (21%) PrEP

dispensation
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Table 1.3: Estimated cost implications of service delivery modifications

S . Total annual cost Cost per client-month of
cenario

(USD) PrEP dispensed (USD)
As implemented 204,253 26.52
Postponed creatinine’ 188,932 24.53
Prioritized delivery to clients at high risk for 175.793 31887

HIV infection*
TCreatinine testing postponed from initiation to first follow-up visit

* High risk is defined as having at least one of the following risk factors at baseline: Current partner with
unknown or positive HIV status, positive rapid plasma reagin syphilis test, or reporting at least one of the
following in the prior six months: exchanging sex for money or other favors, diagnosis or treatment for a
sexually transmitted infection, forced to have sex against will, experiencing intimate partner violence (IPV),
sharing needles while engaging in injection drug use, using post-exposure prophylaxis more than twice
fUnit cost is calculated by dividing the total program cost by the number of person-months of PrEP
dispensed to clients at high risk of HIV infection

Table 1.4: Cost projections under Ministry of Health (MOH) implementation assuming constant

output
Cost per client-
Scenario T:::l ?Sgg?l month of PrEP
dispensed (USD)
As implemented 204,253 26.52
With public-sector clinical staff salaries 199,613 25.92
. . . T . _ . .
With MOH supervision' and public-sector clinical 138,609 18.00

staff salaries

With facility creatinine testing*, MOH
supervision®, and public-sector clinical 127,421 16.54
staff salaries

TPrlYA administrative staff responsibilities are subsumed into routine facility, sub-county, and county

supervision

*Using prices for facility-based creatinine testing instead of a point-of-care assay
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Figure 1.1: Total annual program cost (2017 USD) by category as implemented and in the
Ministry of Health (MOH) scenario. The MOH scenario assumes public sector clinical staff salaries
instead of study salaries; study administrative staff responsibilities are subsumed into routine

facility, sub-county, and county supervision; and facility-based creatinine testing instead of point-
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CHAPTER 2
The impact of prevention-effective PrEP use on HIV incidence: A mathematical modeling

study
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Abstract

Introduction

Models that project the impact and cost-effectiveness of HIV pre-exposure prophylaxis (PrEP)
must specify how PrEP use aligns with HIV exposure. We hypothesize that varying PrEP use
according to individual-level partnership dynamics rather than prioritization to population
subgroups based on average risk will result in larger HIV incidence reductions and greater

efficiency.

Methods

We used an individual-based network transmission model calibrated to HIV dynamics in Eswatini
to simulate PrEP use among individuals ages 15-34 between 2022 to 2031 under two paradigms
of PrEP delivery: “Risk Group” and “Partnership.” In the “Risk Group” paradigm, we varied PrEP
coverage by risk groups (low, medium, and high) defined by average partnership frequency and
concurrency. In the “Partnership” paradigm, all individuals are potentially eligible for PrEP, but we
assumed use occurs only during partnerships and varied prioritization by partner HIV status (no
prioritization to high prioritization with HIV-positive partners). We calculated person-time on PrEP
and incidence relative to a no PrEP scenario and estimated efficiency as the person-years of

PrEP needed to avert one additional infection (NNT).

Results

In the Risk Group paradigm, restricting PrEP to the high-risk group was the most efficient (NNT =
17), but the number of infections averted was limited by the small size of the high-risk group.
Expanding PrEP use to all risk groups averted up to three times more infections but with lower
efficiency (NNT = 202). PrEP use under the Partnership paradigm was 2 to 6 times more efficient
(NNT =33 to 102) than the Risk Group paradigm with all groups eligible for PrEP. A 33% reduction

in incidence among 15-34-year-olds was achieved at 46% (95% CI: 39%-52%) PrEP coverage in
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the Risk Group paradigm and 6% (95% ClI: 5%-7%) to 17% (95% CI: 14%-20%) in the Partnership

paradigm.

Conclusions

Modeling PrEP use based on risk groups resulted in a sharp tradeoff between PrEP efficiency
and impact, whereas PrEP use predicated on partnerships resulted in much higher efficiency for
widespread PrEP availability. Model estimates of PrEP impact and cost-effectiveness in
generalized epidemics are strongly influenced by assumptions about how PrEP use aligns with

individual-level HIV exposure heterogeneity.

30



Introduction

HIV incidence remains high in sub-Saharan Africa, with an estimated 870,000 people
newly inflected in 2020 [1]. Daily oral tenofovir disoproxil fumarate (TDF) in combination with
emtricitabine (FTC/TDF) as HIV pre-exposure prophylaxis (PrEP) is a safe and effective
prevention strategy, and early implementation has begun in sub-Saharan Africa [15,23,130].
Policymakers must decide how to allocate finite HIV budgets to PrEP programs versus other
interventions to maximize impact on HIV incidence and mortality. To guide policy, mathematical
modeling analyses have estimated that PrEP may be cost-effective if prioritized to subgroups with
higher risk (e.g., female sex workers). However, widespread PrEP use in generalized epidemics
is seen as prohibitively expensive, because the eligible population is large and the average
incidence rate is lower [61,104]. These results have influenced World Health Organization (WHO)
guidelines that recommend PrEP for populations with average HIV incidence of at least 3 per 100
person-years (PY), as well as national guidelines that specify risk criteria for PrEP eligibility [131].

To estimate the cost-effectiveness of PrEP use among subgroups with different levels of
risk, mathematical models must specify heterogeneity in HIV exposure. A common approach is
to stratify the simulated population into a few broadly defined “risk group” categories with different
average levels of partnership turnover, mixing patterns, sexual frequency, and condom use
[83,132]. As a result, strata (e.g., age/gender/risk group) with unique sets of sexual activity
parameters have different HIV incidence rates, but all individuals within a given stratum are
subject to the same average incidence rate. This specification is common in compartmental
models because it introduces some HIV exposure heterogeneity without needing to explicitly
represent individuals in computer memory.

Despite its convenience, the risk group approach imposes restrictions for modeling PrEP.
HIV exposure is highly dynamic depending on an individual’'s current number and types of
partnerships, partner HIV status, or use of other preventive interventions. In the “prevention-

effective” paradigm, these time-varying behaviors also influence individual decisions to start and
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stop PrEP [33]. Individual partnerships are not explicitly simulated in the risk group approach,
removing a component of heterogeneity that may be important for modeling PrEP. If, within risk
groups, PrEP use is higher among individuals with higher probability of HIV exposure, then
models ignoring this heterogeneity may overestimate the cost and underestimate the impact of
PrEP use. Individual-based models that allow PrEP use to be contingent on dynamic partnership
characteristics have been used for men who have sex with men in the US [98] but rarely in
generalized epidemics in sub-Saharan Africa.

Here, we use an individual-based model calibrated to the HIV epidemic in Eswatini to
evaluate the effect of aligning PrEP use with HIV exposure on estimates of impact and efficiency
of PrEP scale-up in young men and women. We compared models in which PrEP coverage varies
by risk group to models in which PrEP use occurs only while individuals are in partnerships and
varies by partner HIV status. We estimated HIV incidence and person-years on PrEP for each
PrEP implementation paradigm at increasing levels of PrEP coverage and compared the

projected relationship between additional PrEP use and impact across model assumptions.

Methods

Model description

We used Epidemiological MODelling Software (EMOD), an open-source, stochastic
individual-based model that simulates demography, disease progression, partnership networks,
and intervention use among a collection of individuals [77]. For this analysis, we used a model
recently calibrated to transmission dynamics in Eswatini, which has been described in detail
previously [133]. Individuals in this model are stratified into three risk groups with different sexual
activity parameters: a small “high-risk” group intended to represent sex workers and clients, a
“medium-risk” group with short-term partnerships, and a large “low-risk” group with fewer, longer-
term partnerships. Additional details on risk group sizes, incidence rates, and partnership

dynamics are provided in Appendix B (Tables B.1-B.3). HIV transmission occurs through
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heterosexual partnerships formed between individuals, which are governed by age, sex, and risk
group-specific pair formation parameters [134,135]. Partnerships formed between individuals are
stratified by types with specific duration distributions, condom use probabilities, and concurrency
propensity. Marital partnerships are of longer duration and involve older individuals, while informal
and transitory partnerships are shorter and tend to involve younger individuals. Commercial
partnerships are the shortest and can be formed between individuals in the highest risk group,
with high turnover and concurrency. Among 15-34-year-olds, on average 35% of men and 52%
of women in the model have at least one partner at a given moment in time, similar to observed
data from cohorts in southern Africa [136,137]. Partnership dynamics in EMOD also recapitulate
age-specific transmission patterns observed in from cohort studies conducted in KwaZulu-Natal,
South Africa [18,138,139]. The model was calibrated using a parallel simultaneous optimization
algorithm, and 250 sets of 24 fitted parameters were selected using roulette resampling in
proportion to the likelihood to capture stochastic and parameter uncertainty [140]. We assume
that antiretroviral therapy (ART) coverage reached UNAIDS 90-90-90 targets by 2020 and
voluntary medical male circumcision (VMMC) coverage remains constant at 2016 levels [10].
Transmission from individuals on ART is assumed to be reduced by 92% per coital act [141].

Further details on the model parameters and calibration are available in Appendix C.

PrEP paradigms and scenarios

We focused this analysis on individuals ages 15-34 and restricted our analyses to a 10-
year period from 2022 through 2031. We simulated PrEP use among 15-34-year-olds according
to two paradigms (Figure 2.1). In the “Risk Group” approach, PrEP coverage can vary by risk
group, but PrEP use within risk group is independent of partnership status. In the “Partnership”
approach, low- and medium-risk individuals are assumed to only use PrEP while in a partnership.
Furthermore, because reporting a partner with HIV or a partner of unknown status is a strong

predictor of PrEP use [24,25,27,28], we allow partner HIV status to modify the probability of PrEP
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use. Specifically, we applied a multiplier for PrEP coverage among individuals with HIV-positive
partners relative to those with only HIV-negative partners. We varied this multiplier from 1 (partner
HIV status has no impact on PrEP coverage) to 5 (individuals with an HIV-positive partner are
five times more likely to use PrEP than individuals with only HIV-negative partners) (Table 2.1),
reflecting uncertainty in the relationship between actual HIV partner status and PrEP use. These
multipliers lead to different levels of prioritization of PrEP use during periods of HIV exposure
(Appendix B, Figure B.1). In sensitivity analyses, we apply this multiplier only to individuals in
partnerships with HIV-positive individuals who have been diagnosed. Based on our model
parameterization, high-risk individuals are nearly always in partnerships and cycle in and out of
short-term commercial partnerships on a faster time scale than PrEP refill schedules (typically
one to three months), making the Partnership paradigm infeasible for the high-risk group. Instead,
we assigned high-risk individuals the same PrEP coverage as low- and medium-risk individuals
with an HIV-positive partner. Therefore, the Partnership paradigm differs from the Risk Group
paradigm primarily in how low- and medium-risk individuals (~95% of the population) are assumed
to use PrEP. For each scenario, we systematically vary PrEP coverage from low levels up to a
maximum 90% coverage in any subgroup (Appendix B, Tables B.4 and B.5). In all scenarios,
PrEP use occurs in month-long intervals according to the timestep of the model; therefore,
initiation and discontinuation on shorter time scales (e.g., “on-demand PrEP”) is not modeled. We
assumed that PrEP confers a 75% reduction in HIV acquisition risk per coital act [12]. We
simulated each PrEP coverage level under each PrEP scenario, as well as a scenario without

PrEP, for each of the 250 parameter sets.

Analysis
For each PrEP simulation, we calculated total person-time on PrEP, PrEP coverage
among 15-34-year-olds, the percentage of infections averted relative to a scenario without PrEP,

and the relative risk (RR) of infection among 15-34-year-olds compared to a scenario without
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PrEP (Table 2.2). As a proxy for cost-effectiveness, we estimated the relationship between
person-time on PrEP (cost) and infections averted (impact) for each PrEP scenario by fitting a
one-knot natural spline regression model with a random intercept on parameter set (Appendix B,
Figure B.2). We used an analogous model to describe the relationship between PrEP coverage
and RR among 15-34-year-olds. We calculated the additional person-years of PrEP needed to
avert one infection (number needed to treat, NNT) as the average slope between infections
averted and person-years on PrEP (Appendix B, Figure B.3). We summarized parameter and
stochastic uncertainty by calculating 95% credible intervals (Cl) for each metric. We additionally
conducted stratified analyses by gender. All statistical analysis was conducted in R version 4.0.2

[142].

Results

PrEP scenario results

The relationship between additional person-time on PrEP and infections averted
depended strongly on the PrEP scenario assumed (Figure 2.2). In the Risk Group scenarios,
prioritizing PrEP to the high-risk group was most efficient (NNT = 17, Table 2.3), but the
percentage of infections averted at the highest PrEP coverage modeled (90% of high-risk
individuals) was limited to 9% (95% CI: 6% — 12%). The percentage of infections averted at 90%
coverage was higher with PrEP uptake among other risk groups (high and medium: 19% (95%
Cl: 16%-21%); all: 25% (95% CI: 22%-27%)), but the efficiency was lower (high and medium:
NNT = 86; All: NNT =202). In the Partnership paradigm, the efficiency depended on the
multiplier governing the prioritization of PrEP during periods of higher risk (multiplier = 1: NNT =
102; multiplier = 5: NNT = 33). The Partnership scenarios were 2-6 times more efficient than the
Risk Group scenario with all individuals eligible for PrEP. However, the total impact of the
Partnership scenarios (>25% of infections averted at the highest coverage modeled in all

scenarios) was not limited by the size of the risk groups, since all individuals are potentially eligible
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for PrEP. The contrast between the Risk Group and Partnership paradigms was similar when
stratified by gender (Appendix B, Figure B.4 and Table B.6).

The incidence reduction among 15-34-year-olds at given PrEP coverage levels also
depended strongly on the assumed PrEP scenario (Figure 2.3). To achieve a RR of 0.67 (a 33%
reduction in incidence relative to a no PrEP scenario) in the Risk Group scenario with equal
coverage across risk groups, PrEP coverage needed to reach 46% (95% Cl: 39%-52%). In the
Partnership scenarios, the same incidence reduction was achieved at 17% coverage (95% CI:
14%-20%) with a multiplier of 1 and 6% coverage (95% CI: 5%-7%) with a multiplier of 5. At 10%
coverage, the impact on incidence was smaller in the Risk Group scenarios (high and medium:
RR = 0.83 (95% CI: 0.79-0.88); all: RR = 0.92 (95% CI: 0.88-0.97)) than in the Partnership
scenarios (multiplier = 1: RR = 0.78 (95% ClI: 0.74-0.83); multiplier = 5: RR = 0.52 (95% CI: 0.48-
0.57). In the Risk Group scenario in which PrEP is restricted to the high-risk group, the largest
impact on incidence (RR = 0.82, 95% CI: 0.77-0.87) occurred at 90% coverage among high-risk
HIV-negative individuals, which corresponded to 3% coverage among HIV-negative 15-34-year-
olds. Similar patterns were observed when stratifying by gender (Appendix B, Figure B.5). In the
Partnership scenario, incidence reductions were larger among men than among women at the
same level of coverage. A 50% reduction in incidence (RR = 0.5) was achieved at 9% (multiplier
=5;95% Cl: 8%-11%) to 21% (multiplier = 1; 95% CI: 17%-25%) coverage among men and 11%
(multiplier = 5; 95% CI: 10%-13%) to 41% (multiplier = 1; 95% CI: 35%-46%) among women.

The distribution of averted infections by risk group also depended on the assumed PrEP
scenario (Appendix B, Figure B.6). In the Risk Group scenario in which all individuals were eligible
for PrEP, 41% of the infections averted were among low-risk individuals and 41% among medium-
risk individuals. In contrast, restricting PrEP to either the medium- and high-risk groups or just the
high-risk group primarily averted infections among high- and medium-risk individuals, with only 8-

13% of averted infections among low-risk individuals. In the Partnership scenarios, PrEP use
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primarily averted infections among low- (39%) and medium-risk (42%) individuals, similar to the

Risk Group scenario in which all individuals were eligible for PrEP.

Sensitivity analysis

The results from the Partnership scenarios were similar when we restricted the multiplier
on PrEP coverage among individuals with HIV-positive partners to only be applied when the
partner had previously been diagnosed (Appendix B, Figure B.7). Since over 90% of HIV-positive
individuals are assumed to know their status by 2020, changing this assumption had little impact

on the distribution of PrEP person-time (Appendix B, Figure B.8).

Discussion

Our results indicate that model projections of the impact and efficiency of PrEP programs
are highly sensitive to how closely PrEP use is assumed to align with HIV exposure. Compared
to a model that ignores partnerships, PrEP use among the general population is projected to be
two times more efficient if PrEP use is prioritized during partnerships and over six times more
efficient if use is further prioritized among individuals with HIV-positive partners. In addition, large
incidence reductions can be achieved at low levels of PrEP coverage if PrEP use in the general
population is concentrated when HIV exposure is more likely, but high levels of PrEP coverage
are needed if time-varying individual risk is ignored.

The differences in the results from the Risk Group and Partnership paradigms are driven
by the low- and medium-risk groups, which represent most of the population but collectively have
lower average incidence rates (0.29/100 PY for men and 1.04/100 PY for women). These average
incidence rates determine the efficiency of PrEP use in the Risk Group paradigm, whereas the
Partnership paradigm prioritizes PrEP use during times of higher HIV risk by further considering
whether the individual has a partner and the partner’s HIV status. This model specification allows

individuals to cycle on and off PrEP in accordance with their time-varying HIV risk.
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Estimates of the cost-effectiveness of PrEP use in sub-Saharan Africa will depend on the
assumed alignment of PrEP use and HIV risk. While most prior models of PrEP use in sub-
Saharan Africa have used risk groups to reflect HIV exposure heterogeneity, a recent analysis
from South Africa used an individual-based model to estimate the cost-effectiveness of PrEP use
concentrated during periods of condomless sex [99]. Under this paradigm, PrEP use among 15—
64-year-olds was cost-effective across all simulations, whereas simulations that assumed that
PrEP use was unrelated to condomless sex were never cost-effective. As with the Partnership
paradigm in our analysis, their model allowed time-varying individual HIV risk to influence PrEP
use. Our model differs by explicitly representing a network of partnerships formed between
individuals, allowing partner HIV status to impact PrEP coverage. Taken together, our results
indicate that PrEP may be more cost-effective than previously estimated if use aligns with
potential HIV exposure.

Evidence from PrEP implementation studies suggest that the Partnership paradigm may
better reflect patterns of PrEP use compared to the Risk Group paradigm. PrEP uptake,
continuation, and adherence is higher among clients who report a partner with known HIV-positive
status or of unknown status [24,25,27,28] or who have higher predicted risk using validated risk
scoring tools [30,35]. Common reasons for PrEP discontinuation include low perceived HIV risk
or reporting a known HIV-negative partner [24,27,143—-146]. Furthermore, HIV incidence in many
PrEP implementation studies has been substantially lower than expected in the absence of PrEP
despite a minority of participants adhering to PrEP. HIV incidence among all participants was 55%
lower after PrEP became available during the Evidence for Contraceptive Options in HIV
Outcomes (ECHO) trial in South Africa despite only 26% of participants reporting PrEP use [147].
In a study of young women in South Africa and Zimbabwe, only 21% of participants had high
adherence (> 700 fmol/punch by dried blood spot) at six months after initiation, but observed

incidence (1.0/100 PY) was 73% lower than expected based on a modeled counterfactual
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[148,149]. Our modeling results suggest that such incidence reductions at low coverage levels
are possible when PrEP use is concentrated during times of higher HIV risk.

To achieve the impact estimated in the Partnership scenarios, individuals must be able to
start and stop PrEP in accordance with HIV risk. Therefore, PrEP must be widely available in
convenient locations with minimal barriers to use. Increased distance to PrEP services is a barrier
to use [26,150], and PrEP delivery at community locations (e.g., pharmacies) may facilitate
access [151]. Increased awareness and normalization of PrEP use, as well as new formulations
that may mitigate adherence challenges, may increase uptake among those who need it
[152,153]. Furthermore, risk perception must align with underlying HIV risk, and PrEP must be
perceived as a means to achieving sexual health and relationship goals [154]. Partner HIV testing,
including secondary distribution of HIV self-testing kits, can also improve prioritization of PrEP
use during times of HIV exposure [155]. Furthermore, high rates of discontinuation and re-
initiation that have been observed in PrEP implementation studies [31] may in part reflect episodic
use in accordance with risk rather than low adherence. In contrast, the Risk Group scenarios
imply that a small subpopulation of “high-risk” individuals should be prioritized for PrEP use. Even
if such a subgroup can be identified and engaged in PrEP services, the population-level impact
is projected to be much smaller than if PrEP is used more generally due to the relatively smaller
size of the high-risk population. Furthermore, policies that associate PrEP with specific key
populations may introduce stigma for other users [156].

Our results have several limitations. First, we chose a model recently calibrated to
Eswatini that allowed comparative modeling of PrEP use based on risk groups versus individual
partnerships across a wide range of scenarios in a high HIV incidence setting. As such, our results
do not correspond to a specific PrEP delivery program in Eswatini. For this reason, we did not
produce formal cost-effectiveness estimates, as program costs will depend on the platform used
to provide PrEP services [157]. Second, we did not explicitly model knowledge of partner HIV

status; instead, we allowed the true HIV status of partners to affect PrEP uptake. Knowledge of
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partner HIV status is low in southern Africa [158], so individuals considering PrEP often make
decisions with considerable uncertainty about their HIV risk. However, quantitative and qualitative
evidence supports that beliefs about partner status, even in the absence of disclosure, are strong
determinants of PrEP use [24,25,27,28,143,144]. For this reason, we varied the multiplier for
PrEP uptake by partner HIV status across a wide range, including scenarios in which partner HIV
status had no impact on PrEP use. Further research is needed to understand the degree to which
decisions about PrEP use align with HIV exposure and to incorporate them into mathematical
models. Third, the Partnership paradigm does not capture many of the reasons that individuals
may choose to start or stop PrEP. Within partnerships, PrEP use is assumed to be independent
of condom use and partner viral suppression. Our model may underestimate efficiency and impact
if PrEP is preferentially used during periods of condomless sex or with partners with
unsuppressed viral loads. Additionally, pill burden, side effects, travel times, stigma, or fear of
intimate partner violence act as barriers to PrEP use [25,28,144,145,159], which may limit
prioritization of PrEP use with HIV exposure. Finally, our model also does not include HIV drug
resistance; however, prior analyses have estimated limited impact of drug resistance on PrEP

cost-effectiveness estimates when dolutegravir is used in first-line ART regimens [99].

Conclusions

Model assumptions that govern the alignment of PrEP use with HIV exposure strongly
influence projections of PrEP impact. Prioritizing PrEP use based on risk groups results in a
substantial tradeoff between infections averted and efficiency and may underestimate cost-
effectiveness. Assuming instead that PrEP use is prioritized based on partnership characteristics
results in much higher efficiency for use in the general population. Individual-based models may
allow better representation of the dynamics of PrEP use in relation to time-varying individual-level

heterogeneity in HIV exposure to improve estimates of the cost-effectiveness of PrEP programs.

40



Acknowledgements

We thank Clinton Collins and Clark Kirkman from the Institute for Disease Modeling (Seattle, WA,
USA) for providing computational support.

Funding: DAR received support from the US National Institute Health (NIH) [F30MH122300]. This
work is based on research funded in part by the Bill & Melinda Gates Foundation, including models
and data analysis performed by the Institute for Disease Modeling at the Bill & Melinda Gates
Foundation.

Disclaimer: The content is solely the responsibility of the authors and does not necessarily
represent the official views of the National Institute of Mental Health or the National Institutes of

Health

41



Figure 2.1: lllustration of PrEP use assumptions according to two model paradigms. Four example

individual trajectories over a ten-year period are shown in each paradigm. In the Risk Group

paradigm, PrEP coverage can vary according to behavioral risk group, but PrEP use within risk

group is independent of partnership status. In the Partnership paradigm, PrEP use occurs only

during partnerships and may be prioritized with HIV-positive partners. In this example, PrEP

coverage is twice as high during partnerships with HIV-positive individuals compared to during

partnerships with HIV-negative individuals. The high-risk group is not shown. PrEP coverage

levels are systematically varied in the main analysis. Pr(PrEP) = PrEP coverage.

Risk Group Paradigm

Pr(PrEP) = 0%

Low Risk
Pr(PrEP) = 0%
< Pr(PrEP) = 20%
Med Risk
ed Ris « Pr(PrEP) = 20%
2022 No partners Has HIV- partner Has HIV+ partner
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Partnership Paradigm

« Pr(PrEP) = 10%

Low Risk <—— Pr(PrEP)=20% —
Pr(PrEP) = 10% Pr(PrEP) = 10% Pr(PrEP) = 10%
Med Risk Pr(PrEP) = 10% Pr(PrEP) = 10% Pr(PrEP) = 20%
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Table 2.1: Model assumptions for PrEP use according to the Risk Group and Partnership

paradigms. In the Risk Group paradigm, PrEP use can differ according to risk group, but within

risk group PrEP use is assumed to be independent of partnerships and partner characteristics. In

the Partnership paradigms, PrEP use is assumed to only occur during partnerships, and a

multiplier is applied to PrEP coverage among individuals with one or more HIV-positive partners

relative to PrEP coverage among individuals with only HIV-negative partners.

Paradigm Risk Group Partnership Multiplier for PrEP use with HIV+
requirement partners relative to PrEP use with HIV-
partners
Risk Group All No -
Risk Group High and medium No -
Risk Group High No -
Partnership All Yes 1
Partnership All Yes 2
Partnership All Yes 3
Partnership All Yes 5
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Table 2.2: Metrics calculated for each PrEP simulation. Each metric represents a different

construct (e.g., impact, cost) through which PrEP programs are evaluated.

Metric Definition Interpretation
Person-time on  Total person-years of PrEP use from 2022-2031 Program cost
PreP

PrEP coverage

Proportion of HIV-negative 15-34-year-olds currently on
PrEP, averaged from 2022-2031

Reach among
potential users

% of infections

Percentage of total infections (all age groups) occurring

Total impact

averted between 2022 and 2031 in a simulation with no PrEP that
are averted in a given PrEP simulation
Relative risk ~ Average HIV incidence rate among all 15-34-year-olds Impact among
(RR) (regardless of PrEP use) between 2022 and 2031 in a potential users

given PrEP simulation divided by the same incidence
rate in a simulation with no PrEP

Number needed
to treat (NNT)

Average additional person-years of PrEP use in a given
PrEP simulation needed to avert one additional HIV
infection between 2022 and 2031 relative to a
simulation with no PrEP

Efficiency or
cost-
effectiveness
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Figure 2.2: Relationship between additional person-time on PrEP and percentage of infections
averted relative to a no PrEP scenario, by PrEP paradigm. Person-years on PrEP and percentage
of infections averted are cumulative across a ten-year period spanning 2022 to 2031. Shaded
regions indicate 95% credible intervals. Mult = multiplier on the probability that an individual with
an HIV-positive partner will use PrEP relative to the probability than an individual with only HIV-

negative partners will use PrEP.
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Table 2.3: Number of additional person-years of PrEP needed to avert one additional HIV
infection (number needed to treat, NNT), by PrEP scenario. Cl = credible interval. Mult = multiplier
on the probability that an individual with an HIV-positive partner will use PrEP relative to the

probability than an individual with only HIV-negative partners will use PrEP.

Paradigm Scenario NNT (95% CI)
Risk Group All 202 (200-204)
High and medium 86 (85-87)
High 17 (17-18)
Partnership Mult = 1 102 (101-103)
Mult = 2 58 (57-58)
Mult = 3 45 (44-45)
Mult =5 33 (32-33)
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Figure 2.3: Relationship between PrEP coverage among all HIV-negative 15-34-year-olds and

the relative risk of HIV infection compared to a no PrEP scenario, by PrEP paradigm. Relative

risk is averaged across 2022 to 2031. Shaded regions indicate 95% credible intervals. Mult =

multiplier on the probability that an individual with an HIV-positive partner will use PrEP relative

to the probability than an individual with only HIV-negative partners will use PrEP.
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CHAPTER 3

Predicting the risk of HIV-1 acquisition in rural South Africa using geospatial data
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Abstract
Background
Accurate HIV risk assessment can guide optimal HIV prevention. We evaluated the performance

of risk prediction models incorporating geospatial measures.

Methods

We developed and validated HIV risk prediction models in a population-based cohort in South
Africa. Individual-level covariates included demographic and sexual behavior measures, and
geospatial covariates included community HIV prevalence and viral load estimates. We trained
models on 2012-2015 data using LASSO Cox models and validated predictions on 2016-2019
data. We compared full models to simpler models restricted to only individual-level covariates or
only age and geospatial covariates. We compared the spatial distribution of predicted risk to that

of high incidence areas (> 3/100 person-years (PY)).

Results

Our analysis included 19,556 individuals contributing 44,871 PY and 1,308 seroconversions.
Incidence among the highest predicted risk quintile using the full model was 6.6/100 PY (women)
and 2.8/100 PY (men). Models using only age group and geospatial covariates had similar
performance (women: AUROC = 0.65, men: AUROC = 0.71) to the full models (women: AUROC
= 0.68, men: AUROC = 0.72). Geospatial models more accurately identified high incidence
regions than individual-level models; the 20% of the study area with the highest predicted risk
accounted for 60% of the high incidence areas when using geospatial models but only 13% using

models with only individual-level covariates.

Conclusions
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Geospatial models with no individual measures other than age group predicted HIV risk nearly as
well as models that included detailed behavioral data. Geospatial models may help guide HIV

prevention efforts to individuals and geographic areas at highest risk.
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Introduction

Despite progress in expanding access to treatment and prevention services, HIV
incidence in sub-Saharan Africa remains high. An estimated 870,000 people were newly infected
in 2020, and annual incidence among adults exceeds five per 1000 population in several countries
[1]. HIV prevention programs that prioritize services such as pre-exposure prophylaxis (PrEP) to
individuals at the highest risk of infection will maximize benefits given available resources. The
World Health Organization (WHO) has recommended that PrEP be offered to populations with
HIV incidence of at least 3 per 100 person-years (PY) [110].

Accurate and efficient identification of individuals at high risk remains a key challenge for
HIV prevention programs. Several model-based HIV risk prediction tools have been developed
for women [35,37,41], men who have sex with men [160], serodiscordant couples [38], pregnant
women [34], and the general population [39]. Existing tools rely primarily on age, sexual behavior,
alcohol and drug use, and testing for sexually transmitted infections (STls). These individual-level
measures have several limitations. Behavioral risk factors are dynamic, require frequent
reassessment, and are generally self-reported and thus prone to misclassification [161,162].
Nucleic acid amplification testing for STls is often not available outside of research studies or
specialized clinics. The importance of specific individual risk factors may also vary across settings
[163], which may diminish the performance of risk scores when applied in new populations [164].

Community-level measures of HIV prevalence, viral load, and treatment coverage offer an
alternative approach to identifying individuals at elevated HIV risk. These measures are
associated with HIV incidence [165-167] and act as proxies for local HIV transmission potential.
Models based on geospatial measures may allow prioritization of prevention interventions to
individuals and communities without the need to collect detailed behavioral data. However,
existing HIV risk scores have generally not incorporated community-level HIV indicators, and the

utility of geospatial measures in HIV risk prediction is unclear.
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Using population-based data from a large prospective HIV cohort in South Africa, we
developed and evaluated the predictive performance of gender-specific HIV risk prediction
models. We compared the performance of models including both geospatial and individual-level
covariates (full models) with models using only individual-level covariates (individual-level
models) and models restricted to age and geospatial covariates (geospatial models). We also
mapped the geospatial distribution of predicted risk from each model and compared the alignment

with high incidence areas, as defined by the 2015 WHO PrEP guidelines (> 3 per 100 PY).

Methods

Study population

We used data from a large demographic surveillance system (DSS) run by the Africa
Health Research Institute (AHRI) in the Hlabisa sub-district of KwaZulu-Natal, South Africa [168].
The southern surveillance area of the AHRI DSS, which has been followed since 2000, contains
about 90,000 individuals in 11,000 households over a 438 km? area. We excluded data from a
northern surveillance area that was added in 2017. The study area is primarily rural with several
peri-urban settlements and a single urban township. All households in the study area are
contacted three times each year to interview the household head, who provides information on
household attributes, births, deaths, and migration of residents. Since 2004, field workers have
conducted annual surveys among household participants aged 15 years or older to assess
demographics, sexual health, relationship history, and use of HIV prevention strategies.
Participants then provide a dried blood spot (DBS) sample for anonymized HIV testing. Viral load
testing has been conducted since 2011. In 2017, HIV prevalence among individuals aged 15-54
was 20% for men and 41% for women, and overall HIV incidence was 2.3 per 100 PY [169].

Eligible individuals for this analysis were aged 15-54 years with an initial HIV-negative test
and at least one subsequent HIV test. For individuals with a subsequent positive HIV test, we

randomly imputed a single seroconversion date from a uniform distribution defined between the
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last HIV-negative test and first HIV-positive test [170]. Follow-up time was right censored at the
earliest of the last HIV negative test, first HIV positive test, date of death, or 55" birthday. To train
the HIV risk prediction models, we used follow-up time occurring between January 1, 2012, and
December 31, 2015 (development dataset). We validated the models using follow-up time

occurring between January 1, 2016, and December 31, 2019 (validation dataset).

Covariates

We constructed our models using a suite of time-varying individual-level and geospatial
covariates. Individual-level predictors included five-year age group, gender, marital status,
education, employment, migration history, prior pregnhancies or children, circumcision status,
contraception use, number of sexual partners, and characteristics of the most recent partner. A
full list of covariates and missingness frequency is available in Appendix D, Table D.1. We
estimated missing covariate values using multiple imputation by chained equations with 10
imputations [171]. Multiple imputation was carried out separately for the development and
validation datasets to avoid bias from contamination between the two datasets [172]. Geospatial
covariates included local estimates of HIV prevalence and population prevalence of detectable
viremia (PPDV) [166], urban or rural designation, and distances from residence to the nearest
roads, clinic, and schools. We produced annual estimates of local HIV prevalence and PPDV
using moving two-dimensional Gaussian kernels of a 3-km search radius [173]. We chose the
kernel radius a priori based on extensive previous work in the study area [165,166,174]. For each
calendar year of follow-up time, we defined HIV prevalence and PPDV covariates by extracting

the value of the prior year’s estimated surface at the coordinates of each individual’s residence.

Model development and validation

We modeled time to seroconversion separately for men and women using Cox

proportional hazards with least absolute shrinkage and selection operator (LASSO) penalties
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[175]. We selected optimal LASSO penalties via 10-fold cross-validated mean area under the
receiver operating characteristic curve (cv-AUROC) evaluated at one year [176]. We fit four
models with different covariate restrictions: all covariates (full model), only individual-level
covariates, only age group and geospatial covariates, and only age group and local HIV
prevalence. We finalized our models by fitting to the full development dataset using the optimal
LASSO penalties and averaging the estimated hazard ratios across the 10 imputed datasets.
We validated each of the models by predicting hazard ratios in the validation dataset, and
we evaluated model discrimination using AUROC. We evaluated model sensitivity by calculating
the proportion of incident infections that occur within fixed percentiles of predicted risk for each
model. We also calculated HIV incidence rates across quintiles of predicted HIV risk for each

model.

Geospatial distribution of risk

We evaluated how well our models identified geographic areas of high HIV risk by
comparing the spatial distribution of predicted risk to the areas in which observed incidence
exceeded 3 per 100 PY. We estimated the spatial distribution of incidence by separately
smoothing counts of cases and total person-time at risk using Gaussian kernels and then dividing
the value from the cases surface by the value of the person-time surface across the study area.
Since the number of incident cases is smaller and therefore leads to noisier geospatial estimates,
we generated a single incidence surface across the study area by combining data from both men
and women from 2012 to 2019 and increased the kernel bandwidth to 10 km. We compared this
surface to the spatial distribution of predicted risk over the same time period from each of the four
models. For each modeled surface, we calculated the percentage of the area with incidence at
least 3 per 100 PY that was contained within the 20%, 40% or 60% of the area with the highest

predicted risk. We varied the incidence kernel bandwidth in sensitivity analyses. Geospatial
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analyses were conducted using ArcGIS (ESRI Inc, Redlands, USA), while all other analyses used

R version 4.0.2.

Ethics Approval

All participants provided written informed consent prior to the household-based interview
and collection of dried blood spots. Approval for data collection and use was obtained from the
biomedical and ethics committee (BREC) of the University of KwaZulu-Natal, Durban, South

Africa (BREC approval number BE290/16).

Role of the funding source

The funders of the study had no role in study design, data collection, data analysis, data

interpretation, or writing of the report.

Results

The development datasets contained 9,623 individuals (5,910 women and 3,713 men)
with 841 seroconversions (679 among women 162 among men) (Table 3.1). The validation
datasets included 9,933 individuals (6,023 women and 3,910 men) and 467 seroconversions (381
among women and 86 among men). Descriptive characteristics were similar between
development and validation datasets, except for increases in educational attainment,
circumcision, and contraception use (Table 3.2). Missingness was less than 5% for most variables
but ranged as high as 46% for condom use at last sex (Table D.1). HIV incidence was 3.34/100
PY in the development dataset and 2.37/100 PY in the validation dataset, reflecting recent
declines in incidence in the study area [169].

The full models retained 38 predictors for men and 28 predictors for women (Table D.2).
The strongest predictors included age group, marital status, circumcision (men), contraception

use (women), sexual debut, number of partners in the last 12 months, number of current
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relationships (men), most recent partner residing outside of the household, and PPDV (men). The
cv-AUROC for the full model in the development data was estimated as 0.74 (men) and 0.71
(women) (Table D.3). Models with covariate restrictions had cv-AUROC values ranging from 0.71
to 0.73 among men and 0.68 to 0.71 among women. In validation, the full models (AUROC = 0.72
for men and 0.68 for women) and models restricted to individual-level covariates (AUROC = 0.72
for men and 0.68 for women) had similar performance. Models restricted to age and geospatial
covariates (AUROC = 0.71 for men and 0.65 for women) or age and HIV prevalence (AUROC =
0.68 for men and 0.64 for women) had slightly lower performance.

The sensitivity of the models at varying predicted risk thresholds is shown in Figure 3.1.
Among the 40% of individuals with the highest predicted risk, the full model identified 77% of all
new infections among men and 65% of new infections among women. Sensitivity at the 40%
threshold was the same for models with only individual-level covariates (men: 77%, women: 65%)
and slightly lower for geospatial models without individual-level covariates other than age (men:
68%-72%, women: 60%). Incidence rates increased monotonically with increasing predicted risk
quintiles (Table 3.3). Among men, the incidence rate in the validation data (per 100 PY) among
the 20% of individuals with the highest predicted risks ranged from 2.1 (95% CI: 1.4-2.9) using
the age + HIV prevalence model to 2.8 (95% CI: 1.9-3.6) using the full model. Among women,
incidence in the highest predicted risk quintile ranged from 4.9 (95% CI: 4.0-5.7) using the age
and geospatial covariates model to 6.6 (95% CI: 5.4-7.5) in the full model (Table 3.3). These
incidence rates were between 5 and 11 times higher than the incidence rates in the lowest
predicted risk quintile among women and 7 to 9 times higher among men.

The geographic distribution of predicted risk from models incorporating geospatial
covariates aligned much more closely to the geographic distribution of observed HIV incidence
than predictions from models using only individual-level covariates (Figure 3.2). The 20% of the
map with the highest predicted risk captured 60% of the area with high incidence (> 3/100 PY)

when using the full model and 59-60% when using the models with only age and geospatial
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covariates (Figure D.1). In contrast, the geospatial distribution of predicted risk using the individual
model did not align closely with incidence, and the 20% of the map with the highest predicted risk
only accounted for 13% of the area with high incidence. These results were robust to varying the

incidence kernel bandwidth (Figure D.2).

Discussion

We developed and validated HIV-1 risk prediction models using a suite of individual-level
and geospatial covariates to identify men and women at very high risk for HIV acquisition in rural
KwaZulu-Natal, South Africa. Men and women within the top 20% of predicted risk had incidence
rates of at least 2.1 and 4.9 per 100 PY, respectively, across all models. Simple models using
only age group and geospatial covariates (including a model with only age and local HIV
prevalence) predicted individual-level risk of HIV infection nearly as accurately as models that
included demographic, sexual behavioral, and socioeconomic predictors. Furthermore, spatially
smoothed predictions from models that included geospatial covariates aligned closely with high
incidence areas while predictions from models with only individual-level covariates did not.

Few HIV risk prediction models have incorporated geospatial measures, but those that
have considered HIV prevalence have consistently found it to be predictive. An analysis from the
communities in the vicinity of Rakai District in rural Uganda found that a one percentage point
increase in community HIV prevalence was associated with a three percent increase in the hazard
for HIV acquisition [177]. A risk score developed from the ECHO study, which used data from nine
South African sites spanning five provinces, found site-level HIV prevalence to be one of the
strongest predictors of HIV risk [37]. Our analysis, which used micro-scale spatial variation in HIV
prevalence and community viral load, extends these findings to a much smaller geographic scale,
allowing identification of “corridors of HIV transmission” with high incidence [178]. While
community viral load has been strongly associated with HIV incidence in multiple settings

[166,167], georeferenced viral load data is not widely available, and we found that predictive
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performance was largely maintained in a model with only age and HIV prevalence. This result
may reflect that PPDV is a function of HIV prevalence, and the two measures tend to be closely
correlated in settings with low ART coverage such as AHRI (51% among women and 38% among
men in 2017) [169]. However, as ART scales up, PPDV may become a more sensitive measure
of local transmission potential.

Risk scores based on detailed clinical and sexual behavior measures rely on accurate
reporting of sensitive and potentially stigmatizing behaviors. Such approaches are best suited to
clinical settings with sufficient resources for lengthy individual-based assessment. Our results
indicate that similar predictive performance may be obtained from models using age group and
smoothed HIV test results from population-based surveys. These models enable HIV prevention
strategies focused more on geographic context than on individual risk behaviors. Additional
investment in routine population-based HIV and viral load testing could facilitate resource
prioritization to communities with the highest need.

While our model identified individuals and geographic areas at the highest risk, incidence
was still elevated among women even at lower predicted risk thresholds. Women in the second
lowest quintile of predicted risk using the full model experienced an incidence rate of 1.9/100 PY
between 2016 and 2019, and women in the middle quintile had an incidence rate of 3/100 PY.
Our results indicate that, in a hyperendemic South African setting, incidence was high even
among women who reported few individual-level risk factors. Similar gender disparities have been
demonstrated across sub-Saharan Africa [179], and our findings underscore the continuing need
for widespread coverage of combination HIV prevention services, especially for women.

Our analysis has several strengths. We used a robust internal validation strategy on a
large dataset to develop our models, and we validated our predictions on data from subsequent
years that were not used in model development. This validation strategy was chosen to estimate
performance in prospective prediction, and our models performed well despite temporal changes

in incidence and risk factor distribution. For future predictions, the models can easily be retrained
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using the same methods on an updated dataset. Additionally, our suite of models with different
covariate restrictions allows for prediction in a variety of settings with different data availability.
Models based solely on individual-level covariates could be applied in a clinical setting where
geospatial covariates may not be available. In contrast, models based on age and geospatial
covariates could guide geographic prioritization of interventions, such as focused community HIV
testing campaigns, home-based antiretroviral therapy (ART) delivery, or community PrEP
services [28,180,181]. Approaches that combine both geographic and individual factors may be
needed to achieve both widespread coverage to those at risk as well as efficient resource
allocation. Additional research is needed to optimize implementation of risk prediction tools in low-
resource settings.

Our analysis also has limitations. Some of the sexual behavior variables had high amounts
of missing data, and we lacked other indicators that have been previously incorporated into risk
scoring tools, such as alcohol use, whether sex partners provide financial support, and whether
sex partners have other partners [35]. Therefore, our models based on individual-level covariates
may have lower performance than ones trained on richer data. We did not have STl testing, which
has been incorporated into risk scores trained using clinical trial data but is not widely available,
even in routine clinical care settings. We did not compare other algorithms for training our
predictive models. Even so, the predictive performance of our individual-level covariate models
(AUROC 0.68-0.71) was similar to the performance of models developed in other sub-Saharan
Africa settings (AUROC 0.67-0.73) [35,37,39]. We also did not validate our models using data
from other settings, so the generalizability of our findings is uncertain. Further research could
evaluate predictions in other locations with routine population-based HIV surveillance at small
spatial scales, such as ALPHA Network sites or universal test-and-treat trial locations [182,183].
Additionally, small area HIV prevalence estimates have been generated for all of sub-Saharan
Africa [184]; however these estimates derive from sparser data, and their predictive performance

at small geographic scales is unknown. Additional investment in population-based surveys and

59



surveillance may be needed to improve estimates of local HIV prevalence and viremia in other
settings. In addition to informing HIV risk prediction, these measures are directly applicable to HIV
treatment targets and would have tangible benefits to ART programs [185].

In summary, we developed and validated a suite of risk prediction models informed by
individual-level and geographic covariates that identified individuals and geographic areas at high
risk for HIV acquisition. These results may guide efforts to prioritize HIV prevention resources to

maximize impact.
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Table 3.1: Cohort sizes and HIV incidence rates

Development Validation
(2012-2015) (2016-2019)
Women # individuals 5,910 6,023
# seroconversions 679 381
# person-years 16,183 12,239
Incidence rate (per 100 PY) 4.20 3.1
Men # individuals 3,713 3,910
# seroconversions 162 86
# person-years 9,013 7,436
Incidence rate (per 100 PY) 1.80 1.16
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Table 3.2: Descriptive characteristics of individuals in the development and validation datasets.

Men Women
Dev. Val. Dev. Val.
Age 15-19 36.1% 33.9% 23.8% 25.3%
20-29 38.0% 37.5% 32.1% 32.0%
30-39 1.7% 15.7% 14.0% 16.3%
40-54 14.3% 12.8% 30.0% 26.5%
Education Less than primary 7.1% 4.6% 8.1% 4.9%
Primary 47.5% 39.6% 37.7% 31.0%
Secondary or greater  455% 55.8% 54.2% 64.1%
Married 58% 43% 17.3% 15.3%
Employed 274% 22.7% 225% 17.0%
Prior outmigration 83% 135% 83% 11.7%
Ever had sex 59.3% 59.4% 76.5% 75.5%
Ever fathered children 247% 27.7% - -
Ever pregnant - - 64.4% 64.9%
Circumcised 74% 28.7% - -
Prior contraception use - - 19.6% 44.1%
1+ partners in last 12 months 53.9% 52.7% 65.7% 65.2%
MRP casual* 30.1% 25.9% 18.4% 16.6%
MRP member of household* 20.6% 16.5% 39.9% 35.2%
Rural” 68.0% 66.0% 72.9% 70.0%
Mean local HIV prevalence** 246% 34.6% 23.8% 34.0%
Mean local PPDV*** 15.3% 145% 14.7% 14.1%

Percentages are averaged across 10 imputed datasets. Dev = development dataset (2012-2015); Val =

validation dataset (2016-2019); MRP = most recent partner; PPDV = population prevalence of detectable

viremia. *Evaluated among those reporting ever having sex. **< 400 residents per square km. ***Estimated

from a 2-dimensional Gaussian kernel with 3 km bandwidth
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Figure 3.1: Percentage of new infections identified (sensitivity) within varying percentages of the

population with the highest predicted risks. Estimated in the validation dataset (2016-2019). Full

= no covariate restriction; Individual = only individual-level covariates; Age + Geo = only age group

and geospatial covariates; Age + HIV prev = only age group and local HIV prevalence.
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Table 3.3: Incidence rate (per 100 person-years) in validation dataset by quintiles of predicted

risk. Parentheses indicate 95% confidence intervals. Full = no covariate restriction; Individual

only individual-level covariates; Age + Geo = only age group and geospatial covariates; Age +

HIV prev = only age group and local HIV prevalence

Full Individual Age + Geo Age + HIV prev

Men P.redict.ed.

risk quintile

1 (low) 0.3 (0.0, 0.5) 0.3(0.0,0.6) 0.3(0.0,0.6) 0.3 (0.0, 0.5)

2 0.5(0.1,0.9) 0.4 (0.1,0.8) 0.3(0.0,0.5) 0.3 (0.0, 0.5)

3 0.6 (0.1, 1.0) 0.6 (0.2,1.0) 1.0(0.5,1.6) 1.3 (0.7, 1.9)

4 1.7 (1.0, 2.5) 1.8(1.0,2.5) 1.7(1.0,2.3) 1.8 (1.1, 2.5)

5 (high) 2.8 (1.9, 3.6) 28(1.8,3.7) 24(1.7,3.2) 21(1.4,29)
Women

1 (low) 0.6 (0.3, 0.9) 0.5(0.2,0.8) 0.9(0.5,1.2) 0.8 (0.5, 1.2)

2 1.9(1.3,2.5) 22(1.6,28) 2.0(1.4,25) 21(1.5,2.7)

3 3.0 (2.3, 3.8) 29(2.2,36) 3.3(2.6,4.0) 3.3(2.6,4.1)

4 3.9 (3.0,4.7) 41(3.2,5.0) 4.8(4.0,5.7) 4.6 (3.7,5.4)

5 (high) 6.6 (5.4,7.5) 6.2(5.1,7.2) 4.9(4.0,5.7) 5.0 (4.1, 5.9)
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Figure 3.2: Geospatial distribution of predicted risk. A = full model (no covariate restriction); B =
only individual covariates; C = only age group and geospatial covariates. Maps include predictions
for both men and women from 2012-2019. Model predictions were spatially smoothed using a 2-
dimensional Gaussian kernel. Colors indicate quantiles of spatially smoothed model predictions.

Solid lines enclose areas with estimated incidence > 3 per 100 person-years.
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CONCLUSION

The studies included in this dissertation contribute to our understanding of PrEP delivery in sub-
Saharan Africa. Our primary costing study identified service delivery bottlenecks and cost drivers
that can inform efforts to streamline PrEP delivery. By disregarding the alignment of PrEP use
with time-varying individual HIV exposure, models using a risk group specification may
overestimate the cost and underestimate the impact of widespread PrEP availability. Finally, local
estimates of HIV prevalence can help prioritize for PrEP services to maximize impact. This section
summarizes implications for PrEP programs and outlines some future directions for research.

Together, these analyses have several implications for optimal PrEP delivery. In particular,
our results highlight the limitations of PrEP programs that are focused on specific subgroups who
meet certain criteria based on individual-level risk factors. In generalized epidemic settings,
restricting PrEP to a small fraction of the population based on risk group criteria is likely to have
limited impact. Furthermore, prospective identification of high incidence subgroups based on self-
reported individual-level risk factors is challenging, and targeted delivery platforms may incur
additional costs. When available, local estimates of community transmission may help PrEP
programs prioritize services in high incidence geographic areas. Nevertheless, widespread PrEP
availability is crucial to achieve substantial impact. This strategy allows individuals to choose
when to use PrEP in accordance with risk perception. Furthermore, widespread availability will
unlikely translate to widespread use among those not at risk, as evidenced by high rates of
discontinuation and episodic use observed in implementation studies. Additionally, if self-
selection leads to alignment of PrEP use with HIV exposure, then PrEP programs can have large
impacts even at low levels of coverage.

Widespread PrEP access may require program adaptations to maximize impact.
Integration of PrEP into existing clinic-based services has potential to reach large numbers

without requiring additional outreach and engagement activities. However, health facilities in sub-
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Saharan Africa are often understaffed and overburdened, and service delivery modifications to
reduce provider time may be necessary. Emerging evidence from differentiated care models may
inform PrEP service delivery. For example, multi-month prescribing for established clients could
simplify follow-up by requiring fewer visits. Additionally, task shifting PrEP screening to HIV test
counsellors may reduce costs and alleviate clinician time burden. HIV self-testing could potentially
allow clients to determine eligibility for PrEP initiation and continuation, although further research
is needed to evaluate concerns with decreased sensitivity during acute infection. In addition,
postponing creatinine testing from initiation to a follow-up visit may save costs in programs with
high rates of early discontinuation, especially when in settings with limited laboratory capacity.

Community-based PrEP services may also be needed to expand access, especially to
young, healthy people who are not in disclosed serodiscordant relationships [186]. Pharmacies
offer a promising venue for PrEP delivery, with numerous locations that cater to individuals
seeking sexual health services [187]. Other community approaches to delivering PrEP include
mobile health clinics and community health fairs [188—190]. In addition to providing services with
flexible hours and locations, community sensitization, education, and counseling efforts may
further improve individual decision-making around PrEP use. Additional implementation science
research is needed to develop effective and efficient PrEP delivery platforms that are acceptable
to a wide range of potential users.

Other formulations than daily oral tenofovir-based PrEP are forthcoming. A monthly
dapivirine-containing vaginal ring reduces HIV incidence by 30% compared to placebo is currently
under review by medical regulatory authorities in sub-Saharan Africa [191]. Intramuscular
injection of cabotegravir every 8 weeks reduced incidence by 76% compared to oral TDF/FTC
among cisgender MSM and transgender women and by 89% among African women [152,192].
Several other modalities are under investigation, including topical gels, implants, patches, and
vaginal films [193]. As with contraception, a broad mix of modalities may facilitate choice and

accommodate wide-ranging user preferences [194]. Delivery of these products will also incur
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different costs depending on drug prices, visit frequency, and monitoring and provider needs. By
facilitating adherence, long-acting PrEP formulations are likely to alter use patterns with respect
to HIV risk, which will need to be elicited in future research. Mathematical modeling analyses must
subsequently adapt to accurately reflect how PrEP use aligns with HIV exposure.

Future research can also extend the geospatial risk prediction analysis described in
Chapter 3. A logical first step would be to evaluate model performance at other sites with routine
population-based HIV surveillance at small spatial scales, such as ALPHA Network sites [182].
Such a validation exercise would test whether the geospatial distribution of HIV prevalence and
viral load is similarly predictive in other sub-Saharan Africa settings, or whether other covariates
are more important. The universal test-and-treat cluster-randomized trials may also provide
another setting for model validation [195]. For example, a pooled analysis of four trials found that
a 1% decrease in community-level viremia was statistically significantly associated with a
decrease in HIV incidence of 0.07/100 PY [183]. This analysis could be extended to test the
importance of HIV prevalence and population prevalence of detectable viremia in individual-level
prediction.

A further step would be to evaluate whether model-based predictions of local HIV
prevalence, which have been generated for all of sub-Saharan Africa [184], prospectively predict
HIV incidence and at what scale. Such an analysis would need to consider validation of the HIV
prevalence estimates themselves. Poor performance could be indicative of issues with the
predicted surfaces, the geographic scale used for the analysis, or limitations with the predictive
ability of geospatial covariates in general. More generally, our findings may motivate efforts to
better estimate local HIV prevalence and viremia at small scales. Additional investment in
population-based surveys and surveillance activities could inform efforts to map local HIV
prevalence and viremia. Estimates of HIV prevalence and viral suppression are directly applicable
to HIV treatment targets; therefore, investment in measuring the covariates needed for prediction

also has tangible benefits to treatment programs.
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Mathematical and predictive models are powerful tools with increasing influence on HIV
policy decisions. This dissertation contributes new insight into the development and evaluation of
models to inform PrEP programs in sub-Saharan Africa, with the goal of improving access to

effective HIV prevention.
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Costing methodology

Figure A.1: Overview of Costing Methodology

Variable Costs Fixed Costs
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Cost Metrics

Cost per client-month of PrEP dispensed =
Total program cost / # months of PrEP dispensed

Total program cost = Z}Z% unit costj*n;

where i indicates PrEP clinical activity
and n; = annual number of activity i conducted

Variable cost categories

1) Estimates of resource use for variable costs were obtained from a sample of eight of the
16 PrIYA facilities.

2) Personnel: Included clinical staff costs for PrEP screening, initiation, HIV testing, and
follow-up visits Personnel time was estimated via time-and-motion studies. In the MOH
scenario, PrlYA nurse salaries were replaced by MOH salaries.

3) Drugs: Drug costs for oral co-formulated tenofovir disoproxil fumarate/emtricitabine ($6.75
per 30 days) included the cost of purchase from the manufacturer as well as storage and
transportation costs (charged at 8% of the cost of the product).

4) Laboratory tests: Included the cost of the Determine HIV test to confirm HIV-negative

status for clients at initiation and follow-up visits as well as the cost of point-of-care
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creatinine test strips. Also included consumable supplies used in test administration (ie,
gloves, lancets, etc). In the MOH scenario, the point-of-care creatinine cost was replaced
by the average facility charge for creatinine testing across PrIYA facilities.

5) Other Supplies: Included printing cost of appointment cards, prescription pads, and PrEP

encounter records.

Fixed Cost Categories

1) Start-up (annualized over five years)

a. Microplanning: Included meetings with county-level officials (i.e., technical working
group and task force meetings), onboarding meetings with facility personnel, and
printing costs to update standardized MOH reporting tools in order to include
TDF/FTC.

b. Training: Included staff, venue, and supplies costs for initial nurse trainings as well
as commodities and logistics management and information systems (LMIS)
facilitation trainings for county and sub-county pharmacists and health records
officers.

2) Personnel: Included facility staff costs spent on routine reporting, drug accounting, and
conducting weekly phone meetings between nurses and program coordinators to debrief
on PrEP delivery. Also included the annual salaries and benefits of three PrlYA program
staff multiplied by the fraction of their time spent on service delivery management as
opposed to research-specific activities (estimated from staff interviews). In the MOH
scenario, weekly phone meetings between PrlYA staff were replaced by quarterly PrEP
refresher trainings at each facility and PrlYA coordinator salaries were replaced by
estimated costs for quarterly supervisory visits from county- and sub-county level health

management teams (estimated from interviews with MOH staff).
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3) Capital: Included the cost of creatinine machines, control solutions, and furniture used
during PrEP encounters. Furniture costs were multiplied by the fraction of all MCH and FP
encounters recorded at each facility that included PrEP activities. Useful life years
assumed to be five years for most items (select items that needed to be replaced yearly,
such as creatinine control solutions, were assigned useful life of one year).

4) Overhead: Included transportation costs for weekly facility visits conducted by PrlYA
program staff, airtime, printing costs for reporting tools, and building and utility costs
(estimated using nearby rental properties and multiplied by the fraction of all MCH and FP
encounters recorded at each facility that included PrEP activities). Weekly transportation
costs were excluded from the MOH scenario under the premise that PrEP supervisory
activities would be integrated within existing scheduled visits for PMTCT and reproductive

health supervision.

Key input costs

Table A.1: Input costs of key PrEP delivery components (2017 USD)

Item (201C7°lthSD) Source

30 days TDF/FTC 6.75 MOH Personal Communication
Point-of-care creatinine test strip" 4.50 Project budget
Determine HIV test 0.83 Project budget
:ﬁgﬁg:}gg?e monthly salary + 819 Project budget
Facility-based creatinine test* 2.51 PrlYA facility survey
MOH nurse monthly salary + allowances 718 Central MOH Salary Scale

"Purchase price from manufacturer of $6.25 per 30-day prescription plus 8% storage and distribution cost
TXPress StatSensor® Creatinine Meter

*Based on average charge for creatinine test across PrlYA facilities
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Time-and-motion studies

Time-and-motion studies were conducted in a sample of eight of the 16 PrIYA facilities
(Figure A.2). Facilities were selected to be representative of clinic size, ownership (public,
mission, or private), and type (MCH vs FP). A trained PrIYA staff member directly observed
screening, PrEP initiation, PrEP follow-up visits, and HIV testing and counselling sessions and
recorded the clinical provider time spent in each encounter. Time spent on any research-related
activities outside the scope of routine PrEP service delivery were excluded. The average
encounter time across all observations was multiplied by the hourly personnel cost to estimate
personnel costs per clinical encounter. Time-and-motion results are displayed in Table A.2. In
addition to personnel time, input resource usage (e.g., lab tests, consumables, etc) were observed

and combined with personnel costs to estimate variable unit costs.

Table A.2: Time (minutes) for clinical service delivery components estimated from time-and-

motion studies

- . 25t 75t
Activity Mean Median percentile percentile
Screening 8 7 4 11
Initiation® 13 11 8 15
Creatinine 4 3 2 4
HIV testing and counselling 13 12 10 15
Follow-up visit 9 9 8 10

fIncludes completing PrEP medical record, point-of-care creatinine testing, and medication dispensation

97



Figure A.2: Map of PrIYA health facilities in Kisumu County, Kenya
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Red markers indicate facilities visited for time-and-motion studies

Program Volume

We used data collected as part of routine monitoring to estimate the numbers of women
screened, initiated, and dispensed PrEP over a one-year period. Study staff abstracted
standardized client records in all 16 facilities from November 20, 2017 to June 15, 2018. These
records included behavioral risk assessment results for all clients counselled about PrEP and
standard Ministry of Health records recording PrEP initiation and follow-up visits. Initiation and
follow-up visit records included whether PrEP was dispensed as well as the next scheduled visit
date. Out of 2586 follow-up visit records, 1963 (76%) indicated that PrEP was dispensed. We
assumed that the remainder 24% of visits had no dispensation (regardless of whether
dispensation status was recorded or missing).

To estimate annual output, we extrapolated the seven months of data to a full year (until
November 19, 2018) assuming no temporal changes in volume. To do this, we created a synthetic
cohort of clients entering the program between June 16, 2018, and November 19, 2018 assuming

a pattern identical to the observed data starting November 20, 2017. However, the 248 clients
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who were continuing on PrEP as of June 15, 2018, were right censored. We assumed that right-
censored clients who had fewer than two consecutive follow-up visits did not return for additional
follow-ups, while right-censored clients who had at least two consecutive follow-up visits with
recorded dispensation (post initiation) would continue PrEP until November 19, 2018. Our results
were not sensitive to this assumption. Assuming instead that all right-censored clients never
return to the clinic changes the cost per client-month of PrEP delivered only slightly (from $27 to
$28).

To calculate the number of client-months of PrEP dispensed, we calculated the median
time between recorded visits with PrEP dispensation and the next scheduled follow-up visit to be
28 days (interquartile range: 28-31). Therefore, we assumed that one month of PrEP were
dispensed at each follow-up visit. As such, the total number of client-months of PrEP dispensed
was calculated by summing the number of PrEP initiations and the number of PrEP follow-up

visits with dispensation.
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MOH Scenario results

Table A.3: Total annual program cost and unit cost per client-month of PrEP dispensed (2017

USD) in Ministry of Health (MOH) scenario’

Total

Average cost per client-

annual cost month of PrEP dispensed

(USD) (USD)
Variable
Personnel (clinical) 32,895 4.27
Drugs 51,997 6.75
Laboratory testing 18,560 2.41
Other supplies 3,616 0.47
Sub-total 107,068 13.90
Fixed
Microplanning 843 0.11
Training 1,978 0.26
Personnel (supervision and administration) 9,438 1.23
Capital (e.g. creatinine machines, furniture) 2,065 0.27
Overhead (e.g. building, airtime, transportation) 6,029 0.78
Sub-total 20,353 2.64
Summary 127,421 16.54

"The MOH scenario assumes public sector clinical staff salaries instead of study salaries; study

administrative staff responsibilities are subsumed into routine facility, sub-county, and county supervision;

and facility-based creatinine testing instead of point-of-care
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Table A.4: Unit cost breakdown by clinical activity (2017 USD) under Ministry of Health (MOH)

scenario’

Cost by Clinical Activity (2017 USD)

Screening Initiation Follow-up'

Variable unit cost

Personnel (clinical) 0.80 1.29 1.87

Drugs 0.00 6.75 5.34

Laboratory testing 0.00 3.55 0.83

Other supplies 0.02 0.32 0.41
Sub-total 0.82 11.91 8.45
Fixed unit cost 0.43 1.37 0.97
Total unit cost (variable + fixed) 1.25 13.28 9.42
Number 24,005 4,198 4,427
Total annual cost 29,948 55,764 41,709

TFollow-up unit costs are weighted averages of visits with and without PrEP dispensation
"The MOH scenario assumes public sector clinical staff salaries instead of study salaries; study
administrative staff responsibilities are subsumed into routine facility, sub-county, and county supervision;

and facility-based creatinine testing instead of point-of-care
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Figure A.3: Percentage of total program cost across cost categories as implemented and under

Ministry of Health (MOH) scenario’
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"The MOH scenario assumes public sector clinical staff salaries instead of study salaries; study

administrative staff responsibilities are subsumed into routine facility, sub-county, and county supervision;

and facility-based creatinine testing instead of point-of-care
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Sensitivity analysis of As Implemented costing results using different discount rates (2017
USD)

Table A.5: 5% Discount Rate

Total Average cost per client-
annual cost month of PrEP
(USD) dispensed (USD)
Variable
Personnel (clinical) 37,535 4.87
Medication 51,997 6.75
Laboratory testing 27,830 3.61
Other supplies 3,616 0.47
Sub-total 120,978 15.71
Fixed
Microplanning 1,445 0.19
Training 3,066 0.40
Personnel (supervision and administration) 50,924 6.61
Capital (e.g. creatinine machines, furniture) 3,987 0.52
Overhead (e.g. building, airtime, transportation) 24,162 3.14
Sub-total 83,584 10.85
Summary 204,562 26.56
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Table A.6: 10% Discount Rate

Total Average cost per client-
annual cost month of PrEP
(USD) dispensed (USD)
Variable
Personnel (clinical) 37,535 4.87
Medication 51,997 6.75
Laboratory testing 27,830 3.61
Other supplies 3,616 0.47
Sub-total 120,978 15.71
Fixed
Microplanning 1,650 0.21
Training 3,501 0.45
Personnel (supervision and administration) 50,924 6.61
Capital (e.g. creatinine machines, furniture) 4,149 0.54
Overhead (e.g. building, airtime, transportation) 24,162 3.14
Sub-total 84,387 10.96
Summary 205,365 26.66
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Table A.7: 15% Discount Rate

Total Average cost per client-
annual cost month of PrEP
(USD) dispensed (USD)
Variable
Personnel (clinical) 37,535 4.87
Medication 51,997 6.75
Laboratory testing 27,830 3.61
Other supplies 3,616 0.47
Sub-total 120,978 15.71
Fixed
Microplanning 1,866 0.24
Training 3,959 0.51
Personnel (supervision and administration) 50,924 6.61
Capital (e.g. creatinine machines, furniture) 4,319 0.56
Overhead (e.g. building, airtime, transportation) 24,162 3.14
Sub-total 85,231 11.07
Summary 206,209 26.77
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APPENDIX B
Additional results from Chapter 2: The impact of prevention-effective PrEP use on HIV

incidence: A mathematical modeling study
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Table B.1: Population fraction and incidence rates among HIV-negative 15-34-year-old men and

women in the model in 2022, stratified by risk group. Cl = credible interval.

Men Women
Risk group P?pulgtion Incidenceoper 100 PY Populgtion Incidenceoper 100 PY
raction (95% ClI) fraction (95% ClI)
Low 0.66 0.26 (0.15-0.39) 0.72 0.84 (0.55-1.15)
Medium 0.26 0.59 (0.32-0.85) 0.27 2.29 (1.64-2.92)
High 0.08 2.70 (1.70-4.09) 0.01 12.12 (5.24-22.82)

Table B.2: Proportion of person-time spent in at least one partnership among HIV-negative 15-

34-year-olds between 2022 and 2031, stratified by risk group. Parentheses indicate 95% credible

intervals.
Risk Group Men Women
Low 0.33 (0.28-0.37) 0.48 (0.42-0.53)
Medium 0.36 (0.32-0.39) 0.55 (0.50-0.58)
High 0.85 (0.79-0.88) 1(1-1)

Table B.3: Proportion of relationship-time in which at least one partner was HIV-positive among
HIV-negative 15-34-year-olds between 2022 and 2031, stratified by risk group. Parentheses

indicate 95% credible intervals.

Risk Group Men Women

Low 0.08 (0.06-0.10) 0.07 (0.06-0.08)
Medium 0.13 (0.10-0.15) 0.12 (0.10-0.13)
High 0.24 (0.20-0.27) 0.39 (0.35-0.43)
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Figure B.1: Prioritization of PrEP use by multiplier value. In the Partnership scenario, prioritization
of PrEP use during periods of HIV exposure is governed by a multiplier relating PrEP coverage
among individuals with HIV-positive partners relative to those with only HIV-negative partners. As
the multiplier increases, PrEP is increasingly used when a low- or medium-risk individual has an
HIV-positive partner (turquoise bar), while use during HIV-negative partnerships (purple bar)
decreases. Since high-risk individuals cycle in and out of very short commercial partnerships, we
applied the same level of PrEP coverage as among low- and medium-risk individuals with an HIV-
positive partner. Therefore, PrEP use among high-risk individuals (yellow bars) also is prioritized

as the multiplier increases. Error bars indicate 95% credible intervals across 250 parameter sets.
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Table B.4: Simulated PrEP coverage levels for scenarios under the Risk Group paradigm.
Coverage was scaled from the lowest level to the highest level in even increments. Each coverage

level was simulated for each of 250 parameter sets to capture uncertainty.

PrEP coverage

Scenario Scale Low Risk Medium Risk High Risk
High Lowest 0 0 10%
High Highest 0 0 90%
Medium + High Lowest 0 10% 10%
Medium + High Highest 0 90% 90%
Low + Medium + High Lowest 10% 10% 10%
Low + Medium + High Highest 90% 90% 90%

Table B.5: Simulated PrEP coverage levels for scenarios under the Partnership paradigm.
Multiplier indicates the multiplier for PrEP coverage level for individuals with at least one HIV-
positive partner relative to PrEP coverage for individuals with only HIV-negative partners. The
same multiplier was applied to PrEP coverage among high-risk individuals. Coverage was scaled
from the lowest level to the highest level in even increments. Each coverage level was simulated

for each of 250 parameter sets to capture uncertainty.

PrEP coverage

Multiplier Scale All HIV- partners =1 HIV+ partner High Risk
1 Lowest 10% 10% 10%
1 Highest 90% 90% 90%
2 Lowest 5% 10% 10%
2 Highest 45% 90% 90%
3 Lowest 5% 15% 15%
3 Highest 30% 90% 90%
4 Lowest 3% 15% 15%
4 Highest 18% 90% 90%
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Figure B.2: Estimation of the relationship between additional PrEP use (x-axis) and percentage of infections averted relative to a
scenario without PrEP (y-axis). Risk Group scenarios are on the top row while the Partnership scenarios are on the bottom row. Each
black line represents one of 250 parameter sets. X-axis and y-axis scales vary for each plot to show model fit. The parameter set lines
connect simulations run at various PrEP coverage levels (Tables B.4 and B.5). The red lines show the fit of a mixed-effects regression

model using a natural spline with one knot and a random intercept for parameter set.
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Figure B.3: Estimation of the additional person-years of PrEP use needed to avert one additional infection relative to a scenario without

PrEP (number needed to treat, NNT). Caption continued
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(Figure B.3, continued): Risk Group scenarios are on the top row while the Partnership scenarios are on the bottom row. Each black
line represents one of 250 parameter sets. X-axis and y-axis scales vary for each plot to show model fit; note that the axes are reversed
compared with Figure B.2. The parameter set lines connect simulations run at various PrEP coverage levels (Tables B.4 and B.5). The
number needed to treat is estimated by fitting a linear model relating person-years on PrEP (as the outcome) to the number of infections
averted (as the predictor), again with a random effect for parameter set. The estimated coefficient on the number of infections averted

predictor indicates the NNT averaged across levels of PrEP coverage.
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Figure B.4: Relationship between additional person-time on PrEP and percentage of infections
averted relative to a no PrEP scenario, stratified by gender and by PrEP paradigm. Person-years
on PrEP and percentage of infections averted are cumulative across a ten-year period spanning
2022 to 2031. Shaded regions indicate 95% credible intervals. Mult = multiplier on the probability
that an individual with an HIV-positive partner will use PrEP relative to the probability than an

individual with only HIV-negative partners will use PrEP.
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Table B.6: Number of additional person-years of PrEP needed to avert one additional HIV

infection (number needed to treat, NNT), by PrEP scenario and by gender. Cl = credible interval.

For estimation details, see Appendix B, Figure B.3.

Paradigm Scenario Men Women
NNT (95% CI) NNT (95% CI)
Risk Group All 283 (279-287) 151 (150-152)
High and medium 118 (116-120) 60 (59-61)
High 31 (30-32) 3 (3-3)
Partnership Mult =1 121 (119-123) 89 (88-90)
Mult = 2 75 (74-76) 47 (47-48)
Mult = 3 61 (60-62) 34 (34-35)
Mult =5 48 (47-49) 24 (24-24)
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Figure B.5: Relationship between PrEP coverage among all HIV-negative 15-34-year-olds and
the relative risk of HIV infection compared to a no PrEP scenario, by PrEP paradigm and by
gender. Relative risk is averaged across 2022 to 2031. Shaded regions indicate 95% credible
intervals. Mult = multiplier on the probability that an individual with an HIV-positive partner will use

PrEP relative to the probability than an individual with only HIV-negative partners will use PrEP.

Men Men

Risk Group Partnership

0.8 \
0.6
0.4

0.21

0.01

Women Women

Relative risk

Risk Group Partnership

0.8 1

0.6 1

0.4 1

0.2 1

0.0

0% 10% 20% 30% 40% 0% 10% 20% 30% 40%
% HIV-negative 15-34 on PrEP

— High Medium+High Low+Medium+High — Mult=5 — Mult=3 Mult = 2 Mult = 1

115



Figure B.6: Proportion of infections averted between 2022-2031 relative to a no PrEP scenario,
disaggregated by risk group of the averted infections and stratified by PrEP scenario. Mult =
multiplier on the probability that an individual with an HIV-positive partner will use PrEP relative

to the probability than an individual with only HIV-negative partners will use PrEP.
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Figure B.7: Sensitivity analysis of applying the multiplier on PrEP coverage only to individuals
with diagnosed HIV-positive partners but not undiagnosed HIV-positive partners. Plot displays the
relationship between additional person-time on PrEP and percentage of infections averted relative
to a no PrEP scenario in the Partnership paradigm. Solid lines indicate results when the multiplier
is applied to individuals with any HIV-positive partner (main analysis), whereas dotted lines
indicate that the multiplier is only applied to individuals with an HIV-positive partner who has
previously tested positive. Person-years on PrEP and infections averted are cumulative across a
ten-year period spanning 2022 to 2031. Shaded regions indicate 95% credible intervals. Mult =
multiplier on the probability that an individual with an HIV-positive partner will use PrEP relative

to the probability than an individual with only HIV-negative partners will use PrEP.
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Figure B.8: Sensitivity of PrEP person-time distribution to restricting the multiplier on PrEP
coverage among individuals with HIV-positive partners to require that the partner must have been
previously diagnosed. Mult = multiplier on the probability that an individual with an HIV-positive
partner will use PrEP relative to the probability than an individual with only HIV-negative partners

will use PrEP. Error bars indicate 95% credible intervals across 250 parameter sets.
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APPENDIX C
Model calibration details from Chapter 2: The impact of prevention-effective PrEP use on

HIV incidence: A mathematical modeling study
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Table C.1: Select model parameters used to fit the EMOD-HIV transmission model described in [133] to survey data on prevalence,

incidence, and ART coverage from the Kingdom of Eswatini. Median and interquartile ranges (IQRs) across 25 best-fitting parameter

sets are reported for the 24 dynamic parameters used in the calibration process. A full description of all parameters and references

available is at: http://idmod.org/docs/hiv/parameter-configuration.html

Parameter Description Dynamic Static value / fitted median Source
(IQR)

Acute_Duration_In_Months The time since infection, in months, over which no 3 [196]
the Acute_Stage_Infectivity_Multiplier is applied to coital acts
occurring in that time-period.

Acute_Stage_Infectivity_Multiplier Multiplier acting on Base_Infectivity to determine the per-act no 26 [196]
transmission probability of an individual during acute stage

AIDS_Duration_In_Months The length of time, in months, prior to an AlIDS-related death no 9 [196]
over which the AIDS_Stage_ Infectivity Multiplier is applied

AIDS_Stage_Infectivity_Multiplier Multiplier acting on Base_Infectivity to determine the per-act no 4.5 [196]
transmission probability of an individual during AIDS stage

ART_CD4_at_lInitiation_Saturating_Reduction_in_M The duration from ART enroliment to on-ART HIV-caused death no 350

ortality increases with CD4 at ART initiation up to a threshold
determined by this parameter value.

ART_dropout Exponentially distributed mean number of days from ART no 7300
initiation until ART dropout

ART_Link_Max The right asymptote for the sigmoid trend of probability of ART yes 0.952 (0.948 - 0.955)
linkage (given eligibility) over time.

ART_Link_Mid The time of the inflection point in the sigmoid trend of probability yes 2010.7 (2010.4 - 2010.9)
of ART linkage (given eligibility) over time.

ART_link_Min The left asymptote for the sigmoid trend of probability of ART no 0
linkage (given eligibility) over time.

ART_link_Rate The slope of the inflection point in the sigmoid trend of probability no 1

of ART linkage over time. A Rate of 1 sets the slope to a 25%
change in probability per year.
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ART_Viral_Suppression_Multiplier

Base_Infectivity

CD4_At_Death_LogLogistic_Heterogeneity

CD4_At_Death_LogLogistic_Scale

CD4_Post_Infection_Weibull_Heterogeneity

CD4_Post_Infection_Weibull_Scale

Circumcision_Reduced_Acquire

Coital_Act_Rate

Coital_Act_Rate_Commercial

Coital_Dilution_Factor_2_Partners

Coital_Dilution_Factor_3_Partners

Coital_Dilution_Factor_4_Plus_Partners

Commercial_Condom_Max
Commercial_Condom_Mid

Commercial_Condom_Min

Multiplier acting on Base_|Infectivity to determine the per-act
transmission probability of an individual on ART. Less-than-
perfect (<100%) reduction in risk is attributed to sub-optimal
adherence, drug resistance, and delay in viral load suppression
from ART initiation.

The probability of transmission when none of the transmission
multipliers apply to a coital act (or when all multipliers are set to
1).

The inverse shape parameter of a Weibull distribution that
represents the at-death CD4 cell count.

The scale parameter of a Weibull distribution hat represents the
at-death CD4 cell count.

The inverse shape parameter of a Weibull distribution that
represents the post-acute-infection CD4 cell count.

The scale parameter of a Weibull distribution that represents the
post-acute-infection CD4 cell count.

The reduction of susceptibility to HIV by voluntary male medical
circumcision (VMMC)

Number of coital acts per day for all relationships except
commercial ones
Number of coital acts per day for commercial relationships

The multiplicative reduction in the coital act rate for all
relationship types when an individual has exactly two current
partners. Represents coital dilution.

The multiplicative reduction in the coital act rate for all
relationship types when an individual has exactly three current
partners. Represents coital dilution.

The multiplicative reduction in the coital act rate for all
relationship types when an individual has exactly three current
partners. Represents coital dilution.

The maximum asymptote for commercial relationships
The year of the inflection point for commercial relationships

The minimum asymptote of the probability of condom use per
coital act for informal relationships for commercial relationships

no

yes

no

no

no

no

no

no

no

no

no

no

no
no

no

0.08

0.00233 (0.00231 -

0.00234)

0.7

2.96

0.2756

560.43

0.6

0.33

0.002739726
0.75

0.6

0.45

0.85
1999.5
0.5

[141]

[197]

[2-4]
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Commercial_Condom_Rate

Commercial_Form_Rate

Condom_Transmission_Blocking_Probability

Days_Between_Symptomatic_And_Death_Weibull_
Heterogeneity

Days_Between_Symptomatic_And_Death_Weibull_
Scale

Delay_Period_Mean

HIV_Adult_Survival_Scale_Parameter_Intercept

HIV_Adult_Survival_Scale_Parameter_Slope

HIV_Adult_Survival_Shape_Parameter

The rate proportional to the slope at the inflection point for
commercial relationships

Exponentially distributed mean number new relationships
formed per day for commercial relationships

The per-act multiplier of the transmission probability when a
condom is used

The time between the onset of AIDS symptoms and death is
sampled from a Weibull distribution; this parameter governs the
heterogeneity (inverse shape) of the Weibull.

The time between the onset of AIDS symptoms and death is
sampled from a Weibull distribution; this parameter governs the
scale of the Weibull.

Delay from HIV infection until ART initiation for future ART scale-
up scenarios, post 2016 (in days).

Determines the intercept of the scale parameter for the Weibull
distribution used to determine HIV survival time. Survival time
with untreated HIV infection depends on the age of the individual
at the time of infection, and is drawn from a Weibull distribution
with shape parameter
(see HIV_Adult_Survival_Shape_Parameter) and scale
parameter. The scale parameter is allowed to vary linearly with
age as follows
A = HIV_Adult_Survival_Scale_Parameter_Intercept + HIV_Adu
It_Survival_Scale_ Parameter_Slope * Age (in years).

This parameter determines the slope of the scale parameter for
the Weibull distribution used to determine HIV survival time.

This parameter determines the shape of the Weibull distribution
used to determine age-dependent survival time for individuals
infected with HIV.

no

no

no

no

no

no

no

no

no

0.15

0.8

0.5

618.34

180

21.182

-0.2717
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HIV_Age_Max_for_Adult_Age_Dependent_Survival

HIV_Age_Max_for_Child_Survival_Function

HIV_Child_Survival_Rapid_Progressor_Fraction

HIV_Child_Survival_Rapid_Progressor_Rate

HIV_Child_Survival_Slow_Progressor_Scale

HIV_Child_Survival_Slow_Progressor_Shape

Informal_Condom_Max
Informal_Condom_Mid

Informal_Condom_Min

Informal_Condom_Rate

Informal_Form_Rate

Survival time with untreated HIV infection depends on the age of
the individual at the time of infection, and is drawn from a Weibull
distribution with shape parameter and scale parameters
(See HIV_Adult_Survival_Scale_Parameter_Intercept, HIV_Ad

ult_Survival_Scale_ Parameter_Slope,
and HIV_Adult_Survival_Shape_Parameter).

Although the scale parameter for survival time declines with age,
it cannot become negative. To avoid negative survival times at
older ages, this
parameter, HIV_Age_Max_for_Adult_Age_Dependent_Survival
, determines the age beyond which HIV survival is no longer
affected by further aging.

The maximum age at which an individual’'s survival will be fit to
the child survival function. If the value of this parameter falls
between zero and the age of sexual debut, model results are not
sensitive to this parameter as there is no mechanism for children
to become infected between infancy and sexual debut.

The proportion of HIV-infected children who are rapid HIV
progressors.

The exponential decay rate, in years, describing the distribution
of HIV survival for children who are rapid progressors.

The Weibull scale parameter describing the distribution of HIV
survival for children who are slower progressors.

The Weibull shape parameter describing the distribution of HIV
survival for children who are slower progressors.

The maximum asymptote for informal relationships
The year of the inflection point for informal relationships

The minimum asymptote of the probability of condom use per
coital act for informal relationships

The rate proportional to the slope at the inflection point for
informal relationships

Exponentially distributed mean number new relationships
formed per day for informal relationships

no

no

no

no

no

no

yes

yes

no

yes

50

15

0.57

1.52

16

27

0.337 (0.321 - 0.355)

1992.6 (1992.2 - 1992.9)

0

3.003 (2.941 - 3.076)
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Figure C.1: Model HIV incidence rates per 100 person-years (colored lines) and 95% credible
intervals (shaded regions) by gender among adults ages 15-49 compared to observed data

(points and 95% confidence interval error bars). SHIMS = Swaziland HIV Incidence Measurement
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Figure C.2: Model HIV prevalence (colored lines) and 95% credible intervals (shaded regions) by gender and five-year age group

compared to observed data (points and 95% confidence interval error bars). DHS = Demographic and Health Survey; SHIMS =

Swaziland HIV Incidence Measurement Survey
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Figure C.3: Model ART coverage (colored lines) and 95% credible intervals (shaded regions) by
gender, for adults ages 15-49. Dashed lines indicate UNAIDS ART coverage target (90% of HIV+

knowing status * 90% of HIV+ with known status on ART = 81% ART coverage among HIV+) by

the year 2020.
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APPENDIX D
Supplementary material to Chapter 3: Predicting the risk of HIV-1 acquisition in rural

South Africa using geospatial data
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Table D.1: Missingness frequency for variables considered in prediction models. Only variables with at least 1% missingness shown.

Men Women
Development Validation Development Validation

Lifetime number of partners 31.3% 32.0% 32.5% 24.7%
Used condom at last sex with MRP 29.0% 38.1% 45.4% 45.6%
MRP member of household 17.9% 28.0% 19.5% 25.0%
MRP casual 17.7% 27.8% 19.3% 24.7%
# partners in last 12 months 17.6% 26.4% 18.6% 23.3%
# current relationships 17.1% 25.5% 17.6% 21.6%
Prior contraception use - - 5.3% 14.1%
Ever had sex 5.3% 9.1% 2.9% 5.4%
Married 3.4% 4.2% 2.5% 3.5%
Ever pregnant - - 2.3% 4.7%
Has fathered children 3.0% 8.0% - -

Is circumcised 2.8% 10.9% - -
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Table D.2: Hazard ratios from coefficients retained in the final models. Full = no covariate
restriction; Ind = only individual-level covariates; Age + Geo = only age group and geospatial
covariates; Age + HIV prev = only age group and local HIV prevalence; Ref = reference group;

SES = socioeconomic status; PPDV = population prevalence of detectable viremia

Men Women
Full Ind Age+ Age+ Full Ind Age+ Age+
Geo HIV prev Geo HIV prev
Individual covariates
Age (Ref = 15-19) 20-24 1.41 1.04 2.95 347 113 112 1.4 1.43
25-29 1.79 112 5.26 6.32 1.08 1.06 1.38 1.40
30-34 1.58 1.08 4.47 538 0.69 066 0.78 0.75
35-39 0.99 1.00 2.51 3.00 056 052 0.52 0.45
40-44 1.05 0.99 2.10 241 052 048 0.41 0.33
45-49 0.83 0.96 1.47 162 054 051 0.41 0.33
50-54 0.66 0.93 0.94 092 039 0.35 0.31 0.22
Education (Ref = < Primary) Primary 149 - - - 1.27 1.28 - -
Secondary + 1.6 - - - 1.02 1.01 - -
Married (Ref = No) 0.40 0.65 - - 0.50 0.49 - -
Employed (Ref = No) 0.87 - - - - - - -
Asset quintile (Ref = lowest) 2 099 - - - - - - -
3 095 - - - - - - -
4 0.80 - - - - - - -
5 (highest) 0.83 - - - - - - -
SES quintile (Ref = lowest) 2 1.20 - - - 1.00 1.00 - -
3 1.14 - - - 0.99 1.00 - -
4 1.23 - - - 0.99 0.99 - -
5 (highest) 1.00 - - - 0.99 0.99 - -
Prior non-resident (Ref = No) 110 - - - 1.09 1.10 - -
Prior outmigration (Ref = No) 112 - - - 1.28 1.27 - -
Ever had sex (Ref = No) 45 4.61 - - 1.34 1.33 - -
Ever pregnant (Ref = No) - - - - - - - -
Has fathered children (Ref = No) 125 - - - - - - -
Circumcised (Ref = No) 059 - - - - - - -
Prior contraception use (Ref = No) - - - - 147 148 - -
# Partners in last 12 months (Ref =0) 1 1.03 1.01 - - 115 117 - -
2+ 142 1.1 - - 1.98 2.13 - -
# Current relationships (Ref = 0) 1 1.15 1.04 - - 1.04 1.07 - -
2+ 1.87 1.34 - - 0.95 0.90 - -
MRP 5+ years younger (Ref = No) 097 - - - - - - -
MRP 5+ years older (Ref = No) - - - - - - - -
MRP casual (Ref = Regular) 0.77 0.99 - - 1.08 1.14 - -
MRP member of household (Ref = No) 0.79 0.97 - - 0.58 0.58 - -
MRP used condom last time (Ref = No) 092 - - - 0.99 0.98 - -
Geospatial covariates
HIV prevalence (per 10% increase) 1.09 - 1.06 1.39 1.08 - 1.09 1.16
PPDV (per 10% increase) 1.41 - 1.73 - - - 1.01 -
Rural (Ref = Urban) 0.81 - 0.88 - - - - -
Distance to clinic (per km) 1.09 - 1.09 - - - - -
Distance to level 1 road (per km) 099 - 0.99 - - - - -
Distance to level 2 road (per km) 095 - 0.97 - 0.92 - 0.94 -
Distance to primary school (per km) - - - - 0.95 - 0.97 -

Distance to secondary school (per km) - - - - - - - -
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Table D.3: Area under the receiver operating characteristic curve (AUROC) estimated in the
development and validation datasets. AUROC values are averaged over 10 imputed datasets.

AUROC in the development dataset was estimated through 10-fold cross-validation.

Men Women
Model Development Validation Development  Validation
cv-AUROC AUROC cv-AUROC AUROC
Full 0.74 0.72 0.71 0.68
Individual covariates only 0.73 0.73 0.71 0.68
Age + geospatial covariates 0.71 0.71 0.68 0.65
Age + HIV prevalence 0.71 0.68 0.68 0.64

Figure D.1: Percentage of high incidence area (> 3/100 PY) contained within varying percentages
of the map with the highest predicted risk. Incidence and predicted risk estimated for men and
women combined from 2012-2019 and smoothed using a 2-dimensional Gaussian kernel. Full =
no covariate restriction; Ind = only individual-level covariates; Age + Geo = only age group and

geospatial covariates; Age + HIV prev = only age group and local HIV prevalence
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