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Antiretroviral preexposure prophylaxis (PrEP) is highly effective in preventing human immunodeficiency virus
(HIV) infection, but uptake has been limited and inequitable. Although interventions to increase PrEP uptake are
being evaluated in clinical trials among men who have sex with men (MSM), those trials cannot evaluate effects
on HIV incidence. Estimates from observational studies of the causal effects of PrEP-uptake interventions on HIV
incidence can inform decisions about intervention scale-up. We used longitudinal electronic health record data
from HIV-negative MSM accessing care at Fenway Health, a community health center in Boston, Massachusetts,
from January 2012 through February 2018, with 2 years of follow-up. We considered stochastic interventions
that increased the chance of initiating PrEP in several high-priority subgroups. We estimated the effects of
these interventions on population-level HIV incidence using a novel inverse-probability weighted estimator of
the generalized g-formula, adjusting for baseline and time-varying confounders. Our results suggest that even
modest increases in PrEP initiation in high-priority subgroups of MSM could meaningfully reduce HIV incidence in
the overall population of MSM. Interventions tailored to Black and Latino MSM should be prioritized to maximize
equity and impact.

causal inference; HIV; inverse probability weighting; men who have sex with men; preexposure prophylaxis;

stochastic interventions

Abbreviations: Cl, confidence interval; EHR, electronic health record; HIV, human immunodeficiency virus; IPW, inverse
probability weighting; MSM, men who have sex with men; PrEP, preexposure prophylaxis; TMLE, targeted maximum likelihood

estimation.

Antiretroviral preexposure prophylaxis (PrEP) is highly
effective in preventing human immunodeficiency virus
(HIV) acquisition (1-6). However, of the 1.2 million people
in the United States who are likely to benefit from PrEP, only
25% were prescribed it in 2020, ranging from 66% of White
people to 9% of Black people with indications for PrEP
use (7, 8). Men who have sex with men (MSM) account
for 70% of new HIV infections annually and comprise the
vast majority of PrEP users, but uptake remains limited and
inequitable even in this population (9, 10).

Interventions to increase PrEP uptake—such as mobile
applications, telehealth services, and behavioral counseling
(11-15)—are being evaluated in clinical trials among MSM,
with some interventions tailored specifically to subgroups

placed at increased risk of HIV infection (16, 17) and
underrepresented among PrEP users, such as Black and
Latino MSM. These trials measure effects of interventions
on the outcome of PrEP uptake, rather than HIV incidence,
given limited follow-up time, small sample sizes, and the
rarity of HIV infection. Few full-scale trials of PrEP-uptake
interventions have been completed (18), but pilot trial
results suggest that interventions will yield only modest
increases in PrEP uptake (e.g., 12% over 3 months, 24%
over 6 months) (14, 19-21), with unknown effects of
those increases on population-level HIV incidence. To
prioritize scaling up PrEP-uptake interventions, policy-
makers need estimates of the effects of these interventions
on both cumulative PrEP uptake and HIV incidence;
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however, estimates of effects on HIV incidence will need
to be obtained outside of the clinical trial setting.

Agent-based mathematical models have been used to
project the impact of increases in PrEP uptake, overall
and within high-priority subgroups, on HIV incidence
among MSM (22-26). Mathematical modeling studies
are useful for projecting effects of interventions on rare
outcomes over longer time frames and allow for the
consideration of an interference structure wherein the
treatment of one individual may affect another individual’s
outcome (27). However, this approach to causal inference
has several limitations, including reliance on numerous
model assumptions for the full joint distribution of the
underlying data generating process (28). Additionally, the
model parameters for this joint distribution are typically
not estimated from a single data source but instead derived
from multiple data sources, complicating interpretation with
regard to any particular target population (29).

An alternative approach to estimating effects of PrEP-
uptake interventions is to conduct observational studies
using empirical data, such as data from electronic health
records (EHRs). However, valid causal inference from such
data requires appropriately accounting for time-varying
confounders that are affected by prior PrEP uptake (30).
For example, rectal sexually transmitted infection (STI)
testing—a proxy for condomless anal sex, a risk factor for
contracting HIV—is a time-varying confounder of the effect
of PrEP initiation on HIV incidence, but rectal STI testing
is also affected by prior PrEP use. Methods that derive from
Robins’s g-formula (31) can account for complex time-
varying data structures. These methods, sometimes referred
to as g-methods (32), include inverse probability weighting
(IPW), parametric g-computation, targeted maximum
likelihood estimation (TMLE), and related methods (33, 34).

Applications of g-methods have historically focused on
effects of deterministic interventions, under which treat-
ment can take only one possible value within levels of past
measured confounders. In the PrEP context, examples of
deterministic interventions include ‘“Never initiate PrEP”
and “Ateach time ¢ of follow-up, if an individual has a recent
STI, initiate PrEP at ¢; otherwise do not initiate at z.”” These
interventions are too strict to inform realistic policy deci-
sions when many individuals, even those who are most likely
to benefit from PrEP, will not initiate it because of barriers
to access, competing priorities, or personal preference. Like-
wise, the impact of such unrealistic interventions may be
difficult to estimate because of a lack of real-world data (35).

Several authors have recently proposed g-methods
focused on effects of stochastic interventions, under which
treatment is assigned based on a random draw from a
distribution that may depend on an individual’s measured
confounder history (36—41). These constitute methods
for estimating the so-called generalized g-formula (31).
Stochastic interventions have an advantage in semiparamet-
ric or nonparametric estimation of the g-formula because
they provide inherent weight stabilization and can be
designed to rely on weaker conditions for positivity. Par-
ticularly relevant to the current application are incremental
propensity score interventions that shift the probability of
observed treatment by a specified amount (40).
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Here, we apply IPW to EHR data to estimate the effects
of time-varying, incremental propensity score interventions
to increase PrEP initiation on the cumulative incidence of
HIV diagnosis in a cohort of MSM. The goals of this study
were to: 1) estimate population-level effects of a range
of increases in PrEP initiation on HIV incidence among
MSM and 2) illustrate a computationally straightforward
approach to estimating the causal effects of time-varying
stochastic interventions on a survival outcome in real-world
longitudinal data.

METHODS
Study population and follow-up

Using the Electronic Medical Record Support for Public
Health (ESP) platform (42-44), we extracted data from
EHRs to construct a cohort of HIV-negative MSM accessing
primary care at Fenway Health, a community health center
in Boston, Massachusetts, that specializes in care for sex-
val and gender minorities and is the largest PrEP provider
in New England (45). People eligible for our study were
MSM aged 15 years or older with a negative HIV test from
January 1, 2012, through February 28, 2018, and no PrEP
prescription in the prior 12 months. We defined MSM as
cisgender men (male gender identity and assigned male sex
at birth) who identified as gay or bisexual or were tested
for rectal or pharyngeal gonorrhea or chlamydia in the past
12 months, suggesting reported anal or oral sex with other
males. Follow-up was measured in weeks and started at
baseline, defined as the week of the first negative HIV test
during the study period. Follow-up ended at the earliest
week of HIV diagnosis, end of study (104 weeks), or death,
whichever occurred first. A total of n=11,055 MSM met the
eligibility criteria.

Outcome, exposure, and confounders

HIV diagnosis was defined as a positive enzyme-linked
immunosorbent assay, Western blot, HIV RNA viral load
(>200 copies/mL), qualitative polymerase chain reaction
and antigen/antibody test, or a visit record with HIV diag-
nosis identified by the following International Classification
of Diseases (ICD) codes: 042, V08, 079.53 (ICD-9) or B20,
B97.35, 721 (ICD-10).

PrEP initiation was defined as the first PrEP prescription
after baseline for tenofovir disoproxil fumarate coformu-
lated with emtricitabine. To avoid misclassifying the use
of this medication for postexposure prophylaxis (PEP) as
PrEP, prescriptions for 28 or fewer days or in conjunction
with other antiretroviral medications were not classified as
PrEP (6).

To control confounding, we adjusted for baseline and
time-varying measured covariates hypothesized a priori to
be associated with subsequent PrEP initiation and incident
HIV diagnosis. Baseline covariates included age, race,
ethnicity, and indicators of any of the following during
the 12 months prior to baseline: health-care (ambulatory)
encounters, laboratory testing (HIV, STI, hepatitis B or C),
prescriptions (PEP, erectile dysfunction), and diagnoses
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(depression, smoking or tobacco use, alcohol dependence,
opioid dependence, “high-risk sexual behavior,” “exposure
to venereal disease”). STIs included gonorrhea, chlamydia,
and syphilis. Gonorrhea and chlamydia tests may have been
conducted using samples from the rectum, pharynx, or ure-
thra. An STI case was defined in accordance with guidelines
from the Centers for Disease Control and Prevention (46)
as implemented in the Electronic Medical Record Support
for Public Health platform (47). Hepatitis B infection
was based on a positive surface antigen, viral DNA, or
immunoglobulin-M antibody test, and hepatitis C infection
on a positive enzyme-linked immunosorbent assay or viral
RNA test. We adjusted for an HIV risk index that provides
a probability of HIV acquisition based on predictors of HIV
risk from EHR data. The index was previously validated
among MSM at Fenway Health (48). We divided this index
into 4 categories (low, medium, high, missing). Time-
varying covariates included weekly indicators of any of
the following: encounter at Fenway Health, laboratory
tests, positive tests, prescriptions, and diagnoses, as listed
in Table 1 and Web Table 1 (available at https://doi.
org/10.1093/aje/kwad097).

Notation, intervention definitions, and causal effects

Letk =0,...,K + 1 denote weekly follow-up intervals,
with £ = 0 corresponding to baseline and the interval k =
K + 1 = 104 the end of the study follow-up. Let Ay denote
an individual’s observed indicator of whether PrEP was
initiated by week k and Ly the measured confounders in week
k, with Lo additionally including the baseline confounders.
Let Y and Dy denote indicators of incident HIV diagnosis
and death due to any cause by week k, respectively. By
definition, Yo = Dy = 0 because the study population
is restricted to surviving HIV-negative MSM. During any
given interval k > 0, we assume the temporal ordering
(Dk, Yk, Ly, Ay). We denote the history of a random variable
up to and including interval k using overbars; for example
A = (Ao, . .., Ay) is the observed treatment history through
the end of week k.

Denote the propensity score (49) as:

b1 (Zk) =Pr (Ak =1 |Zk,Kk_1 =0,Y, =Dy = O). (1)

This is the probability of initiating PrEP in week k among
surviving individuals who have not yet been diagnosed with
HIV or initiated PrEP, conditional on measured confounder
history. 1 can also be understood as a (discrete) hazard of
initiating PrEP at k. In turn, we will define

g (L) = min {1, e (L) +8 (L)} @

as the intervention propensity score, which is the analogous
probability of initiating PrEP under a stochastic intervention,
with PrEP initiation status at k assigned by a random draw
among those who have not initiated by week k— 1 given their
particular confounder history. This intervention propensity
score is guaranteed to be larger than or equal to the propen-
sity score. In equation 2, § is a positive, known function of
the measured confounder history. Throughout, we will refer

to the propensity score in equation | as the natural propensity
score to distinguish it from the intervention propensity score.

Interventions characterized by equation 2 are similar to
the incremental propensity score interventions posed by
Kennedy (40). Both ensure that, for any measured con-
founder history, the chance of receiving treatment under
intervention will be at least as large as under no intervention
or the natural course (50). However, Kennedy (40) defined
these interventions such that the natural and intervention
propensity scores relate through a fixed shift on an odds
scale, ranging in (0,00). We consider the class of inter-
ventions specified by equation 2 because they conveniently
constrain possible choices of 3, capturing deterministic rules
when we select 8(Z;) at an extreme. For example, when we
select (L) = 1 for all levels of Ly, then equation 2 coin-
cides with the (static) deterministic rule “always initiate.”
Alternatively, when we select S(Ly) =1 only under the con-
dition that Ly includes a recent rectal STI test, and 8(Z;) = 0
otherwise, then equation 2 coincides with the (dynamic)
deterministic rule “initiate PrEP for all individuals at k with
a recent rectal STI test; otherwise, do not intervene.” An
interesting property of the interventions posed by Kennedy
(40) is that they ensure the required positivity condition
cannot be violated no matter the properties of the natural
propensity score in a given study (see further discussion in
Web Appendix 1).

We conceptualized 5 interventions characterized by equa-
tion 2 that would be implemented at each time k among
MSM meeting the following conditions, respectively:
1) MSM with arecent rectal STT test (suggesting condomless
receptive anal sex), 2) MSM with a recent health-care
encounter, 3) MSM with a recent positive STI test, 4) non-
Hispanic Black MSM with a recent health-care encounter,
and 5) Black or Latino MSM with a recent health-care
encounter. For all interventions 1-5, we defined “recent” as
any time within the 6 weeks prior to k. Intervention 3 would
increase the hazard of receiving PrEP in more individuals
than 1 or 2 but would include many who would not benefit
from PrEP. Given the national racial and ethnic disparities in
PrEP uptake (51, 52), we considered interventions 4 and 5 to
evaluate equitable approaches that focus on populations with
the greatest unmet need. A summary of the conditions defin-
ing interventions 1-5 can be found in Table 2. Formally, an
individual meeting the conditions for intervention at k would
be assigned treatment from the distribution in equation 2 for
achoice of §(L;) > 0. By contrast, an individual not meeting
the conditions at k would be assigned treatment from this
distribution but for §(Z;) = 0.

The target causal effects of interest are contrasts in risk
of incident HIV diagnosis under an intervention relative to
the natural course (no intervention). For each intervention
we considered various magnitudes of the shift in propen-
sity score, 8§ € [0,1], for those meeting the interven-
tion conditions. Death from other causes is a competing
event for HIV, and the risk in this case coincides with the
cause-specific cumulative incidence (53) of HIV. Contrasts
in counterfactual cause-specific cumulative incidence func-
tions under different interventions capture the total effect of
treatment on the outcome of interest in that they may capture
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Table 1. Baseline Characteristics of MSM, Stratified by PrEP Initiation During Follow-up, Fenway Health,

Massachusetts, 2012-2018

No PrEP PrepP Overall
. (n=8,180) (n=2,875) (n=11,055)
Variable
No. % No. % No. %

Race

White 5,863 7.7 2,062 7.7 7,925 7.7

Black 473 5.8 163 5.7 636 5.8

Asian 531 6.5 191 6.6 722 6.5

Unknown 660 8.1 216 7.5 876 7.9

Other 653 8.0 243 8.5 896 8.1
Ethnicity

Not Latino/Hispanic 6,102 74.6 2,161 75.2 8,263 74.7

Latino/Hispanic 877 10.7 403 14.0 1,280 1.6

Unknown 1,201 14.7 311 10.8 1,512 13.7
HIV risk index

Low 1,884 23.0 630 21.9 2,514 22.7

Medium 4,712 57.6 1,671 58.1 6,383 57.7

High 676 8.3 354 12.3 1,030 9.3

Missing 908 1.1 220 7.7 1,128 10.2
Health-care encounter 3,149 38.5 869 30.2 4,018 36.3
Tests

Hepatitis C 349 4.3 117 41 466 4.2

Hepatitis B 189 23 78 2.7 267 2.4

STI (rectal) 317 3.9 173 6.0 490 4.4

STI (other) 1,008 12.3 356 124 1,364 12.3
Positive tests

STI (rectal) 51 0.6 32 1.1 83 0.8

STI (other) 136 1.7 71 25 207 1.9
Prescriptions

STI treatment 345 4.2 133 4.6 478 4.3

Erectile dysfunction 156 1.9 42 1.5 198 1.8
Diagnoses

“Exposure to venereal disease” 64 0.8 37 1.3 101 0.9

“High-risk sexual behavior” 176 2.2 139 4.8 315 2.8

Depression 563 6.9 161 5.6 724 6.5

Smoking/tobacco use 153 1.9 53 1.8 206 1.9

Alcohol dependence 96 1.2 26 0.9 122 1.1

Opioid dependence 18 0.2 2 0.1 20 0.2
Age, years? 34.7 (12.2) 32.0 (9.9) 34.0 (11.7)

Abbreviations: HIV, human immunodeficiency virus; MSM, men who have sex with men; PrEP, preexposure

prophylaxis; STI, sexually transmitted infection.

@ Values are expressed as mean (standard deviation).

treatment effects on the outcome of interest via mechanisms
that include the treatment’s effects on death (54). In this
case, there is no evidence to suggest that PrEP affects
mortality beyond its effects on the outcome of interest, HIV.
In a setting with interference, such that one individual’s
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treatment may affect another individual’s outcome in the
study population, our target effects best align with so-called
overall effects as defined by Halloran and Struchiner (55).
To understand the efficiency of an intervention, research-
ers and policymakers may be interested in effects on not only
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Table 2.

Description of Interventions of Interest to Increase Initiation of Preexposure HIV Prophylaxis

Baseline Intervention

Intervention Label o Time-Varying Intervention Condition
Condition
1 Rectal STI test All MSM Rectal gonorrhea or chlamydia test in the current week or prior
6 weeks
Any health-care encounter  All MSM Any health-care encounter in the current week or prior 6 weeks
Positive STI test All MSM Any positive gonorrhea or chlamydia test (rectal, pharyngeal,

Non-Hispanic Black
5 Black or Latino

Non-Hispanic Black MSM
Black or Latino MSM

or urogenital), or a positive syphilis serology test
Any health-care encounter in the current week or prior 6 weeks
Any health-care encounter in the current week or prior 6 weeks

Abbreviations: HIV, human immunodeficiency virus; MSM, men who have sex with men; STI, sexually transmitted infection.

HIV incidence but also cumulative PrEP initiation. Despite
the mathematical convenience of the shift parameter 3, it
does not directly translate into a population-level summary
metric of PrEP initiation. Thus, we also developed an [IPW
estimator for effects on cumulative incidence of PrEP initi-
ation under each intervention relative to the natural course.
This metric can be compared with results from analogous
trials of PrEP-uptake interventions and inform their corre-
sponding expected reductions in HIV incidence.

Identification and statistical methods

A counterfactual cause-specific cumulative incidence
under a time-varying stochastic treatment rule that depends
at most on measured variables in an observational study can
be identified by the generalized g-formula, a function of only
measured variables in that study (31). This identification
result depends on several assumptions that are reviewed in
Web Appendix 1. Importantly, this classical result requires
no interference, presenting a limitation of the proposed
methodology in the current application, as interference may
be present in this context.

We implemented an IPW estimator derived from a weight-
ed representation of the generalized g-formula indexed by
equation 2 (see Web Appendixes 1 and 2) according to
the following algorithm applied to a person-time data set
containing baseline and follow-up data for each of the i =
1,...,n = 11,055 MSM meeting eligibility criteria:

Step 1. Fitapooled over time logistic regression restricted
to records with A1 = Y = D; = 0 (those still
alive and HIV-negative at k, and who did not previously
initiate PrEP). The dependent variable in this regression is
A and independent variables a function y (k, L; 6) of the
measured confounder history L and time k, parameterized
by coefficients 6. From this model, for each individual
i = 1,...,n, we can estimate the time-varying propensity
score by

ok (Ligs @) = expit[y(k, Li; é)], 3)

with 6 the maximum likelihood estimator of 6. See Web
Table 2 for the form of y (k, Li; 0) assumed in our analyses.

Step 2. For each individual i and time k, calculate a weight
Wfk = ]_[f:() ‘TVE’J based on the estimated propensity scores
from step 1 such that, for all times j where A;;—1 = 0 (the
individual has not yet started treatment), set

o 2 At Cs0) + (- Ay 0 - E0)
Y AL 0) + (1— Ay) (1 — 7;(Lij30))

for a given choice of shift § € [0, 1]. Otherwise, for all times
J where A;j_; = 1 (the individual has previously started

treatment) set WZ =1.

Step 3. Given the weights from step 2, for k = 0,...,K,
estimate the intervention cause-specific hazard of HIV,

28 S Yikg1 (1= Yig) (1 = Digs1) Wfk )
b > (1 - Yi,k) (1 - Di,k+1) Wl-s,k ’

and death,

)A\g _ Z?:l Di,k+] (1 - Yi,k) (1 - Di,k) Wi%k
2 >y (1= Yig) (1= Dig) Wy

(6)

Step 4. Estimate the intervention cause-specific cumula-
tive HIV incidence by K + 1 by plugging in the weighted
time-varying hazard estimates

K k=1
P =2 M=) [T -2 H =330 @
k=0 j=0

By arguments in Web Appendix 3, we also implemented
the following IPW estimator of the intervention cumulative
incidence of PrEP initiation by k:

n k
1 A
=2 2 F (L )V (1= A (1 =Yi) (1=Dij) -

i=1 j=0
®)

Am J Epidemiol. 2024;193(1):6-16
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A) B)
Intervention RRR (95% ClI)
1 1 1 ——eo— 0.27 (0.08, 0.43)
2 — H 2 ° | 0.30 (-0.30, 0.70)
c
ie]
§
z 3 3 —e— 0.17 (0.01, 0.30)
[0}
k=
4 ] 4 —o—] 0.10 (0.03, 0.17)
5 ! 5 —e— 0.22 (0.06, 0.36)
T T T T T T 1 I T T T T 1
00 01 02 03 04 05 06 07 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8
Increase in 2-Year PrEP Initiation Relative Reduction in 2-Year HIV Risk
Figure 1. Estimated effects of interventions that increase the propensity score (hazard) for initiating preexposure prophylaxis (PrEP) by § = 0.1

in high-priority subgroups of men who have sex with men (MSM) relative to the natural course, Fenway Health, Massachusetts, 2012-2018.
A) Estimated increase in the 2-year cumulative proportion of the population initiating PrEP; B) estimated relative reduction in 2-year risk of
incident human immunodeficiency virus (HIV) diagnosis. The error bars show the 95% nonparametric bootstrap confidence intervals (Cls) of

the estimates. RRR, relative risk reduction.

Both (equations 7 and 8) rely on a correctly specified
propensity score model and ensure that cumulative inci-
dence estimates are monotonically increasing over time and
bounded by 1.

For a particular intervention with a specified 3, we estimat-
ed the relative risk reduction by computing 1 — ({® /{s*=0)
and the risk difference by 11/320 - IIIS. Ninety-five percent
confidence intervals (CIs) were obtained using nonpara-
metric bootstrap percentiles with 1,000 bootstrap samples.
Given the weight in equation 4, a small enough choice of
shift 8 will ensure the numerator does not become much
larger than the denominator, thus avoiding extreme weights
regardless of the data (also see Web Appendix 1).

We used R, version 4.1.3 (R Foundation for Statistical
Computing, Vienna, Austria), for the analyses.

RESULTS

Table | summarizes baseline characteristics for the
11,055 MSM included in the study, overall and by PrEP
initiation status by the end of the 2-year follow-up period.
Mean age was 34.0 years, 71.7% were White, 5.8%
were Black and 11.6% were Latino/Hispanic. Overall,
2,875 (26.0%) initiated PrEP during follow-up. MSM who
initiated PrEP had a lower incidence of HIV diagnosis
compared with those who did not initiate (0.5% vs 0.8%). On
average, MSM who initiated PrEP had a similar distribution
of age, race, and ethnicity relative to noninitiators.

Figure 1 displays effect estimates of the 5 examined inter-
ventions versus the natural course on the increase in PrEP

Am J Epidemiol. 2024;193(1):6-16

initiation and the risk of incident HIV diagnosis over 2
years for a fixed shift of 8 = 0.1. We focus on 8 = 0.1
as an illustration of a modest increase in the probability
of PrEP initiation. Results for a range of 3 values are pre-
sented in Web Tables 3—7. We estimated that the intervention
increasing the chance of initiating PrEP in individuals with
a recent rectal STI test (intervention 1) would result in an
increase in the proportion initiating PrEP of 22.0% (95% CI:
21.3%, 22.8%)—i.e., from the observed 26.0% to 48.0%—
and a relative reduction in 2-year HIV risk of 27.3% (95%
CI: 7.6%, 42.9%) compared with the natural course. The
intervention increasing the hazard of PrEP initiation among
Black or Latino MSM with a recent health-care encounter
(intervention 5) would result in an increase in the proportion
initiating PrEP of only 8.9% (95% CI: 8.0%, 9.7%) and a
relative reduction in 2-year HIV risk of 22.3% (95% CI:
5.8% to 35.6%). The intervention increasing the probabil-
ity of initiating PrEP in MSM with a recent health-care
encounter (intervention 2) would result in a similar reduction
in HIV risk (i.e., 29.9% (95% CI: —29.7% to 69.8%), while
resulting in a much larger increase in the proportion initiat-
ing PrEP (56.3%, 95% CI: 55.8% to 56.8%). Among the 5
hypothetical interventions, the intervention among Black or
Latino MSM with a recent health-care encounter would be
the most efficient, yielding the largest reduction in HIV risk
relative to the increase in the total proportion initiating PrEP.
We estimated the 2-year cumulative incidence of HIV
diagnosis for increasing values of 8 for the intervention
implemented among Black or Latino MSM with a recent
health-care encounter (intervention 5), ranging from § = 0
(i.e., the natural course) to 8 = 1 (i.e., “always-treat”),
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0.5

0.4 —

Relative Reduction in 2-Year HIV Risk

0.0 SR
0.0 0.2 0.4

I I 1
0.6 0.8 1.0

Shift in Propensity of Initiating PrEP

Figure 2. Estimated relative reduction in 2-year human immunodeficiency virus (HIV) risk under a stochastic intervention that increases the
propensity (hazard) of initiating preexposure prophylaxis (PrEP) by 8 among Black or Latino men who have sex with men (MSM) with a recent
health-care encounter at Fenway Health compared with the natural course, Massachusetts, 2012-2018. The shaded area represents 95%
pointwise nonparametric bootstrap confidence bands of the estimates. The dashed lines relate to the intervention with the shift of § = 0.1

specified in Figure 1.

shown in Figure 2. A propensity score shift of 8 = 0.10
results in a22.3% reduction in HIV incidence over the 2-year
follow-up, as also shown in Figure 1. Similarly, we estimate
that HIV risk would be reduced by 25.8% (95% CI: 6.3%
to 40.4%) for a shift of 8 = 0.20, which would increase the
total proportion of individuals initiating PrEP by the end of
follow-up by 10.4% (95% CI: 9.5% to 11.3%) relative to
the natural course. Web Figure 1 analogously displays the
estimated relative reduction in HIV risk against cumulative
PrEP initiation by varying 8 under an intervention that
increases the propensity of initiating PrEP among MSM with
arecent rectal STI test (intervention 1) relative to the natural
course.

Figure 3 displays the estimated HIV risk difference per
1,000 individuals over time comparing the risk under the
natural course with the risk under intervention 5 for § =
0.10. Similarly, Web Figure 2 displays HIV risk difference
estimates over time for intervention 1. Corresponding effect
estimates for all interventions are summarized in Web Tables
3-7, with complete details on the range of 8 examined.

DISCUSSION

This study applied IPW methods to longitudinal EHR data
to estimate effects of hypothetical interventions to increase
PrEP initiation on the cumulative incidence of HIV diag-
nosis among MSM. Our results suggest that interventions
resulting in only modest increases in PrEP initiation in high-
priority subgroups of MSM could meaningfully reduce the
2-year incidence of HIV acquisition in the overall population
of MSM. We found that for particular interventions and
choices of 8, estimates of increases in PrEP uptake aligned
with published results of pilot trials. For example, interven-
tion 1 with a choice of 8 = 0.1 provided a stochastic inter-
vention analogue for a behavioral intervention to promote

PrEP uptake among MSM and resulted in a similar increase
in PrEP initiation (22.0% vs. 24.4%) (19).

In particular, our findings demonstrate that PrEP-uptake
interventions tailored to Black and Latino MSM, who are
placed at increased risk of HIV infection and have been
underserved by PrEP programs to date, may reduce not
only inequities in PrEP uptake but also population-level
HIV incidence among MSM. Our results support prioritizing
the scale-up of such interventions as part of the federal
Ending the HIV Epidemic initiative (56). Given that Black
MSM have been deterred from PrEP use by historical and
ongoing mistreatment in health-care settings, interventions
focused on Black MSM must be undertaken with recognition
of medical mistrust, cultural humility, and engagement of
community stakeholders (57).

The Ending the HIV Epidemic initiative aims to decrease
HIV incidence in the United States by 75% by 2025, and
by 90% by 2030. Our study suggests that these goals may
be approachable among MSM if there is substantial PrEP
uptake in high-priority groups. Under the various interven-
tions we considered, the largest estimated HIV relative risk
reduction was 66% for the intervention among MSM with
a recent rectal STI test, corresponding to 62% of all MSM
initiating PrEP (Web Table 3). This estimated reduction in
HIV risk does not meet the goal of a 75% reduction by 2025,
and does not even approach the 90% goal for 2030. However,
itis likely that some MSM in our cohort who were prescribed
PrEP did not initiate the medication, and that some who ini-
tiated did not continue after the first prescription. Thus, our
results may represent conservative estimates of the effects of
PrEP-uptake interventions on HIV incidence.

Our study has several strengths. We illustrated a novel
application of IPW to estimate effects of incremental pro-
pensity score interventions to increase PrEP initiation on
cumulative incidence of HIV diagnosis in a large observa-
tional cohort. This approach is particularly suited to settings
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Figure 3. Estimated 2-year human immunodeficiency virus (HIV) risk difference per 1,000 individuals over time under a stochastic intervention
that increases the propensity of initiating preexposure prophylaxis (PrEP) by 8 = 0.10 among Black or Latino men who have sex with men (MSM)
with a recent health-care encounter at Fenway Health versus under observed PrEP initiation, or the natural course, Massachusetts, 2012-2018.
The shaded area represents a 95% pointwise nonparametric bootstrap confidence band of the estimates.

where the most policy-relevant questions are about the ef-
fects of small-to-moderate increases in use of a treatment
on population health outcomes. Our methods appropriately
adjust for time-varying confounding and competing risk
events. We also developed an IPW estimator of cumulative
treatment uptake associated with such interventions, which
provides estimates of PrEP uptake on a more comparable
scale to those of ongoing pilot trials and may be more intu-
itive to subject-matter experts than hazard-based measures.

Our study also has limitations. First, while we adjusted
for measured proxies of condomless anal sex, these do not
perfectly capture recent or planned sexual activity. Thus,
exchangeability (no unmeasured confounding), at best, ap-
proximately holds. Second, we did not include prescriptions
for tenofovir alafenamide coformulated with emtricitabine,
which was approved for use as PrEP in October 2019.
However, our cohort was only followed for 4 months after
approval, and we previously observed a low frequency of
switching to the new formulation among male patients at
Fenway Health (58). Third, some patients may have trans-
ferred to a different care setting before the end of follow-
up, and these patients may have differed from those who
remained at Fenway Health. One approach to mitigating bias
from loss to follow-up is artificially censoring after a certain
amount of time without a health-care encounter (59), but we
chose not to do this given the limited duration of follow-up,
rarity of the outcome, and precision/bias tradeoff.

MSM receiving care at Fenway Health may not be repre-
sentative of all MSM, limiting generalizability. Most MSM
in our study were non-Hispanic White, and in contrast to
the racial and ethnic disparities in PrEP uptake observed in
other health-care systems (60) and nationally (51, 52), we
found no evidence of these disparities at Fenway Health.
Nevertheless, disparities in PrEP use are compounding racial
and ethnic inequities in HIV incidence in the broader pop-
ulation of MSM (61-63). Thus, PrEP-uptake interventions
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tailored to Black and Latino MSM, such as the hypothetical
interventions we considered, remain a high priority to maxi-
mize equity in PrEP use and population-level impact on HIV
incidence.

Our approach does not address interference, including
that the covariates of connected individuals may need to be
measured to ensure exchangeability (64, 65). Interference is
difficult to address in EHR-based studies because of a lack of
data on sexual contacts, making agent-based models a useful
complementary approach to causal inference in studies of
the population impact of PrEP. Future work for optimizing
g-methods with EHR data might include the development of
bounds for IPW estimates and related methods that consider
working assumptions related to the structure of interference,
particularly when the outcome is rare and treatment is highly
effective, as in the PrEP context.

Finally, our analysis used simple [IPW estimators, requir-
ing correct specification of a parametric propensity score
model. This is in contrast to TMLE, AIPW, and related meth-
ods based on the efficient influence function, which have
been developed for estimating effects of incremental propen-
sity score interventions (40, 66, 67). These approaches have
the advantage of maintaining ./n consistency when the
propensity score and other nuisance functions are estimated
at slower rates through machine learning methods (68—
70). Our IPW approach has the advantage of guaranteeing
monotonic cumulative incidence estimates over time in the
survival setting. To our knowledge, this is not guaranteed by
existing TMLE methods outside of the time-fixed treatment
setting (71, 72). Further, advanced computing resources are
necessary to implement these methods to full theoretical
advantage. Our simpler approach may encourage accessi-
bility and understanding of methods for causal inference in
complex longitudinal data for a more flexible class of causal
questions while computing options become more advanced
and accessible.
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As PrEP uptake increases, g-methods for stochastic inter-
ventions could be applied in studies of other populations,
such as Black women, who are underrepresented among
PrEP users and for whom PrEP-uptake interventions are a
high priority. These approaches could also be extended to
geographic regions with greater unmet need for PrEP, in-
cluding Southern states, and to other PrEP delivery settings.
Finally, approaches for targeting causal effects in longitudi-
nal EHR data are ideally positioned to evaluate interventions
tailored to the uptake of long-acting injectable PrEP, which
received regulatory approval in December 2021, and to
other long-acting PrEP modalities (e.g., monthly pills) as
they emerge. With this work, we intend to move the PrEP
implementation field forward, with the goal of maximizing
impact on the HIV epidemic.
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