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ABSTRACT
Tiffany Lyn Breger: Estimating the Impacts of Interventions on Non-AIDS Risk Factors in Observational
HIV Cohorts
(Under the direction of Stephen R. Cole)

Non-AlIDS risk factors contribute to persisting health disparities between people with HIV and
the general population in the current era of effective combination antiretroviral therapy (ART). However,
the optimal combination of interventions used in conjunction with ART to improve long-term outcomes
remains unclear. In Aim 1, we used the parametric g-computation estimator to estimate the effects of
combined interventions on non-AlDS risk factors on the risk of all-cause mortality among 1016 ART-
naive women enrolled in the Women’s Interagency HIV Study (WIHS) between 1998 and 2017. Modeled
interventions on alcohol and smoking combined with prompt initiation of modern ART decreased the 8-
year risk of mortality compared to intervening solely on ART. Strategies that eliminated these non-AlDS
risk factors achieved greater improvements in survival than strategies that reduced the prevalence of
alcohol and smoking based on the expected efficacy of existing, real-world interventions.

In Aim 2, we developed and validated two-stage g-computation estimators that leverage partially
observed information in the full study sample with complete exposure information available in a subset.
Using a hypothetical cohort simulated to represent women with HIV enrolled in waves 2-4 of the WIHS,
we illustrated a two-stage extrapolation g-computation estimator of the population average treatment
effect and two-stage inverse probability weighted and exposure imputation g-computation estimators for
the population average intervention effect. In 10,000 Monte Carlo simulations, two-stage approaches
approximated the true values of the parameters of interest, considerably reduced bias and root mean
squared error, and improved 95% confidence limit coverage compared to the naive g-computation

estimator fit to complete cases.



While modern ART has transformed the prognosis of HIV to a manageable chronic condition,
non-AlIDS risk factors remain significant contributors to early mortality. Our results suggest that
interventions targeting alcohol and smoking may further reduce the risk of mortality. Achieving optimal
health outcomes, however, will require more efficacious interventions as well as evaluation of
interventions on other non-AlIDS-related exposures that may not be completely measured in existing
cohorts. While missing data threaten validity and precision, proposed two-stage g-computation estimators

can be used to make progress in the face of these challenges.
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CHAPTER 1: INTRODUCTION

A. Moving Beyond Antiretroviral Therapy: Intervention Portfolios Among People with HIV

Health disparities persist between people with human immunodeficiency virus (HIV) and the
general population. Though acquired immunodeficiency syndrome (AIDS)-related mortality has
dramatically declined in the United States (US) since the availability of highly effective combination
antiretroviral therapy (ART), other causes of morbidity and mortality disproportionately affect those with
HIV. * Compared to the general US population, those with HIV experience a higher prevalence of
comorbidities including hypertension,® cardiovascular disease,®® diabetes,>* liver disease,**? and
pulmonary disease.**** Up to 65% of people with HIV experience the co-occurrence of 2 or more chronic
conditions (i.e., multimorbidity).*® In addition to this high burden of comorbidities, people with HIV
experience accelerated aging with an onset of multimorbidity occurring a decade earlier than those
without HIV."-*° Consequently, the widespread adoption of ART has not closed the gap in survival for
people with HIV who continue to die from non-AIDS causes 8 to 9 years earlier than those without
HIV.ZO—ZZ

Further improvements in the health status and survival of people with HIV will require greater
attention to non-AlIDS risk factors. Cigarette smoking, substance use, and chronic inflammation are
highly prevalent among HIV-positive populations and may contribute to a larger proportion of excess
morbidity and mortality in the modern ART era. In a nationally representative US survey, over 40% of
adults with HIV reported current smoking, compared to 20% of the general population.?® The proportion
of adults with HIV reporting any alcohol consumption in the last month has ranged from 40-53% in US
based cohorts, with an estimated prevalence of heavy drinking twice that of the general population.?*2’

Additionally, chronic inflammation persists even after successful viral suppression and might increase the



risk of cardiovascular disease as people live longer with HIV.28%

Cigarette smoking and alcohol are important risk factors for many chronic conditions in the
general population. Both smoking and heavy alcohol use have been associated with elevated risks of
hypertension,® cardiovascular disease,* and liver disease.*** Furthermore, smoking and alcohol increase
inflammation, which is a known marker of early mortality.>*° In addition to cigarette smoking being an

established risk factor for pulmonary diseases,*®

it has also been identified as a risk factor for Type 2
diabetes. 394

While tobacco, alcohol, and inflammation are recognized as significant risk factors in the general
population, their adverse effects may be more pronounced among those with HIV. Several studies have
reported a higher risk of respiratory tract infections, chronic obstructive pulmonary disease, and lung
cancer among smokers with HIV, suggesting a synergistic relationship between cigarette smoking and
HIV infection.®*-%¢ In the Veterans Aging Cohort Study, HIV status appeared to interact with alcohol
consumption in increasing the risk of adverse health outcomes among men; those with HIV experienced
an increased risk of physiologic injury and mortality at lower thresholds of alcohol consumption than
their HIV-negative counterparts.” With people now less likely to die of AIDS and living longer with HIV
in the modern ART era, these non-AlIDS risk factors are becoming important determinants of excess
morbidity and mortality.

Though there have been calls for a more comprehensive approach to HIV care management,
several limitations to the evidence base have impeded public health action. First, existing observational
studies have primarily focused on quantifying the magnitude of the relationship between specific non-
AIDS risk factors and mortality. Considerable effects have been reported in select populations, including
a two-fold increase in mortality with smoking,*? a 40% higher hazard of mortality associated with heavy
alcohol consumption,?” and a 2.6-2.7-fold higher odds of mortality associated with fibrinogen and C-
reactive protein inflammatory markers.*® However, it is not possible to infer from these studies the
potential reduction in mortality that would be achieved by interventions that combine prompt initiation of

modern ART with the elimination or reduction of the prevalence of these risk factors relative to the status



quo.*4*! The estimated effect of a risk factor on an outcome cannot be interpreted as the effect of
intervening on that risk factor given potential unmeasured, indirect effects of the intervention on the
outcome and imperfect intervention efficacy.>

While randomized controlled interventions targeting non-AlDS risk factors have demonstrated
some promising results they have largely been conducted among those without HIV.
Immunocompromised health status is a common exclusion criteria in trials which has led to an existing
evidence base that is more applicable to relatively healthy, non-pregnant adult populations. In a meta-
analysis of smoking cessation randomized interventions, nicotine replacement therapy treatments,
bupropion, varenicline, and cytisine demonstrated efficacy in quitting rates.>® However, these
interventions may have differing effects among those with HIV, or in some cases, be inadvisable. For
example, in several studies varenicline has been associated with increased psychiatric symptoms among
those with depression® — a comorbidity that is extremely common among those with HIV.% Furthermore,
pharmacological based interventions may not be appropriate for women of reproductive age, particularly
if pregnancy is likely. The U.S. Preventive Services Task Force has declared that there is insufficient
evidence to evaluate the benefits versus harms of pharmaceutical smoking cessation aids during
pregnancy.*®

Most alcohol consumption interventions have also been conducted among non-generalizable
study populations. Some cognitive-behavioral therapy and pharmacological-based interventions have
demonstrated efficacy in short-term reductions in alcohol consumption as well as lower rates of relapse.>”
% However, studies have been conducted primarily among those with alcohol dependence or alcohol
consumption levels far beyond the national recommended safe limits.

Studies of similar interventions among people with HIV have either been absent or enrolled
small, highly selective (often majority male) samples of HIV-positive individuals and evaluated only
short-term effects. In behavioral smoking cessation trials,®® interventions have been highly variable and
endpoints have typically been smoking cessation at 6 or 12 months, making it difficult to draw

conclusions about the long-term real-world effectiveness of various strategies. Trials evaluating the



efficacy of interventions targeting alcohol use have been conducted among high risk groups and yielded
mixed results;®* no studies have evaluated the impact of lowering alcohol consumption to national
recommended limits among the majority of those who consume alcohol but are not classified as heavy
drinkers. Similar to the challenge of randomized controlled trials outside of HIV settings, women are
often underrepresented in trials of interventions on non-AlDS-related risk factors.

Further evidence of the real-world effectiveness of existing interventions among those with HIV
is necessary to guide clinical decision making. However, even in observational HIV cohorts in which
collected exposure and risk factor information may enable a more accurate depiction of the experience of
those with HIV in the US and improve target validity,% women are underrepresented. Many existing
studies have been restricted to men or are conducted in cohorts that include an overwhelming majority of
men. The Veteran’s Aging Cohort Study is composed of 97% men which made it necessary to restrict to
men while studying the interaction between HIV and alcohol consumption on physiologic injury and
mortality.*” No analogous study has been conducted among women with HIV. Other large cohorts of
HIV-positive individuals in the US, such as the CFAR Network of Integrated Clinical Systems, are
composed of over 80% men.®® Thus, results from studies conducted in these cohorts are not necessarily
generalizable to women with HIV who experience a different distribution of risk factors than men with
HIV® and may also experience differing intervention efficacy. Yet women with HIV experience far
greater multimorbidity® and have seen less improvement in life expectancy with ART than men with
HIV? which makes it imperative to study multiple interventions on non-AIDS risk factors in this group
using information collected in HIV cohorts that have enrolled large samples of women.

Few studies to date, however, have looked at effects of sets of interventions or compared
interventions targeting different risk factors in a given population of HIV-positive individuals either
generally or among HIV-positive women specifically. In both randomized trials and observational cohort
settings, researchers have often focused on estimating the effect of a particular intervention in isolation, or
less frequently, the effect of a pair of interventions.®*®> However, given the clustering of several risk

factors and comorbidities among those with HIV (especially women), information about more



comprehensive intervention strategies is important. It is possible that improvements in survival may
require more than one intervention. For example, those who quit smoking but still engage in regular,
heavy drinking may not experience a substantial delay in mortality that would otherwise be observed by
intervening on both risk factors together. Synergistic relationships between interventions might also exist,
with early intervention on more than one risk factor yielding a greater improvement in clinical outcomes
than intervening on each risk factor separately. Comparisons of intervention combinations are critical to
clinicians and policymakers in prioritizing strategies for comprehensive HIV care management.

Traditional study approaches cannot provide clinicians and policymakers with estimates of the
potential improvements in outcomes among those with HIV that can be achieved by various combined
interventions. Ideally, a factorial randomized trial would be conducted to evaluate sets of interventions on
multiple risk factors. In light of constrained resources, the large sample size and length of follow-up
period required preclude these studies from being conducted. While observational studies offer a plethora
of longitudinal data on an often less selective study population, confounding is a major concern due to
nonrandomized treatment. Additionally, standard approaches using multivariable regression models to
address confounding fail to provide valid estimates in the presence of time-varying confounders® and
often do not give covariate marginal effects.

Recent advances in statistical software and causal inference methods offer a unique opportunity
to leverage observational data to quantify the impact of potential intervention portfolios (i.e.,
combinations of interventions). Marginal structural models, most commonly estimated with inverse
probability of treatment weights, can appropriately control time-varying confounding and provide
estimates of causal effects when sufficient conditions are met.®® However, inverse probability of treatment

weighting is not always conducive to providing estimates of intervention contrasts,***

especially when
multiple, combined interventions are being assessed. The parametric g-computation estimator is a
particularly flexible estimator of the parameters of a marginal structural model which can be used to

estimate population-level effects of various changes to exposure distributions.****¢7® Because the

estimator is fully parametric, it can achieve improved efficiency compared to inverse probability



weighting in some settings.®*®® Recent illustrations of its application using available statistical software
packages have now made it a viable analytic tool.*0:6>%8-7>
B. Development and Assessment of Novel Statistical Methods: A Brief History

Causal inference methods are increasingly applied to observational data to answer pressing
research questions and guide clinical decision making. For both HIV-positive populations and other
vulnerable groups, there is an urgency to identify and rigorously evaluate interventions that can improve
patient health outcomes. Randomized controlled trials are costly, inefficient, and infeasible in many
settings. Consequently, causal inference methods play an important role in providing answers to these
guestions. Examples have demonstrated that under a set of “identification” assumptions, these methods
can be applied to existing observational data to yield results comparable to those that would be obtained
with a randomized controlled trial %:6875.76

The parametric g-computation estimator is one such causal inference method that is likely to
become a more popular approach to assessing potential impacts of interventions. Until recently, a major
barrier to the adoption of the parametric g-computation estimator was the absence of examples of its
implementation using available statistical software. However, a PubMed search reveals that since
Taubman et al. provided an illustration in 2009,% there have been 75 published studies using this
estimator in analyses. Given the unique flexibility of the parametric g-computation estimator and
additional guidance published in 2012% and 2014, it will likely become a more common analytic choice.

Approaches to implement the parametric g-computation estimator in analyses assume complete
exposure information; yet, missing data are extremely common in epidemiologic research.”” In previous
studies using HIV observational data, this has not presented a substantial problem. This is due to the fact
that in many instances to date, the research question has focused on ART based interventions.®®"*
Because many existing observational HIV cohorts were established to study the natural and treated
progression of HIV, ART information tends to be very well measured with few missing data.

However, with persisting health disparities between ART-treated people with HIV and the

general population, attention is shifting to evaluating impacts of interventions on non-AlDS risk factors.



Further improvements in the health outcomes and survival of people with HIV will require more
comprehensive interventions that additionally target non-AlIDS risk factors; yet, sparsely collected data on
non-ART exposures in existing observational data sources leaves investigators without validated
approaches to quantify such intervention effects.

In both existing HIV cohorts as well as other observational studies, exposure information may be
missing by design or missing for unknown reasons. Missing data may occur by design when data
collection is expensive or was only performed on a subset of the cohort. For example, the Women’s
Interagency HIV Study has additional detailed biomarker and behavioral data collected on a sample of

cohort members as part of previous and ongoing substudies. (See: http://statepiaps.jhsph.edu/wihs/invest-

info/dossier.pdf) Additionally, linkages to claims databases or electronic medical records can provide
more detailed exposure information but may only be possible for a subset of the cohort due to cost or
other barriers such as only being able to link records for people who are in regular care. To avoid loss of

11981 investigators need guidance regarding

efficiency and potential threats to the validity of results,
approaches that may be used to address missing data in the parametric g-computation framework.
Neyman introduced two-stage study sampling designs as an approach to improve accuracy of
estimators when information on a particular variable may be difficult or costly to measure among the total
population of interest.®? “Two-stage” study designs have since been illustrated using standard regression
models to recover valuable information from partially observed cases, particularly in the context of case-
control and case-cohort data.®*#8” While such study designs have improved the accuracy of regression
coefficients estimated under various missing data structures, these parameters do not approximate the
population-level intervention effects needed to inform policy.*58 Importantly, existing two-stage
methods have not been adapted to compare counterfactual outcome distributions using the parametric g-
computation estimator when exposure is partially missing. As a result, parametric g-computation
estimator analyses have been limited to 1) address questions in which exposure information is always

complete, limiting the types of questions that can be answered (particularly in regards to non-AIDS risk

factors); 2) include only individuals with complete exposure information, reducing external validity of
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findings; or 3) use ad-hoc methods to account for missing data which have not been systematically
validated for g-computation.

New extensions to rigorous counterfactual-based approaches will be imperative to leverage
underused observational data to evaluate and compare interventions on non-AIDS risk factors.
Furthermore, such approaches are necessary to guide efficient, cost-effective design of future studies that
have the potential to improve healthcare delivery strategies and ultimately reduce the burden of morbidity

and early mortality among those with HIV.



CHAPTER 2: STATEMENT OF SPECIFIC AIMS

A. Overview

The overall objectives of this work were to 1) leverage observational data and novel quantitative
methods to estimate the impact of combined interventions to delay mortality among women with HIV and
2) refine these methods to accommodate missing exposure information that is likely to hamper crucial
future studies of interventions on non-AlIDS risk factors. To meet these objectives, we carried out the
following specific aims using longitudinal data from HIV-positive women participating in the Women’s
Interagency HIV Study (WIHS)®* ' the largest ongoing interval cohort of HIV-positive women in the
United States.
B. Aim1

We aimed to estimate the effects of alcohol consumption and smoking cessation interventions
combined with prompt initiation of ART in the modern treatment era on the 8-year cumulative incidence
of all-cause mortality in the WIHS between 1998 and 2017 using the parametric g-computation algorithm.
Our goal was to use this approach to estimate the risks of all-cause mortality under two sets of
intervention portfolios (i.e., combined interventions) where Set A interventions were specified as the
elimination of these non-AlIDS risk factors and Set B interventions were specified as the reduction in the
prevalence of these non-AlIDS risk factors based on the expected efficacy of existing, real-world
interventions. We further aimed to estimate the impact of each intervention portfolio compared to an
intervention only on prompt initiation of ART in the modern era using risk differences and ratios.

Hypothesis: We hypothesized that interventions on non-AlDS risk factors in addition to prompt

initiation of ART would reduce the risk of all-cause mortality and that interventions that eliminated,



rather than reduced the prevalence of, non-AIDS risk factors would achieve the greatest improvements in
survival.

Rationale: There is a high prevalence of smoking and alcohol consumption in the WIHS*** and
other HIV-positive populations,??*% both of which are known risk factors for mortality and have
potentially more pronounced adverse effects among those with HIV. #4547 With ART-treated HIV-
positive individuals now less likely to die from AIDS, these non-AlIDS risk factors may contribute to a
greater proportion of excess morbidity and mortality. Consequently, eliminating or reducing the
prevalence of smoking and alcohol consumption may improve survival in the modern ART era. Because
eliminating risk factors assumes interventions with 100% efficacy and no side effects® and existing
interventions have much lower efficacy, the smaller reduction in the prevalence of smoking and alcohol
consumption with real-world interventions will likely have attenuated effects on survival.

C. Aim?2

We aimed to develop, validate, and illustrate approaches to constructing two-stage g-computation
estimators of the total population-level treatment and intervention effects in the presence of missing
exposure information. Using a simulation study design and a hypothetical cohort simulated to represent
HIV-positive women enrolled in the WIHS, our goal was to validate the following two-stage estimators.
For the estimator of the average treatment effect, our goal was to construct and validate a two-stage
extrapolation approach in which conditional probabilities are estimated from parametric models fitto a
subset of study participants with complete exposure data; in the second stage, conditional probabilities are
directly extrapolated to the full cohort. For the estimators of the average intervention effect, our goal was
to construct and validate two-stage inverse probability weighted g-computation and exposure imputation
g-computation approaches. We further aimed to compare the performance of each of the proposed
estimators in terms of bias, standard error, 95% confidence limit coverage, and root mean squared error.

Hypothesis: We hypothesized that when exposure information is not missing completely at
random, the naive g-computation algorithm fit to complete cases will provide biased estimates of absolute

and relative risks in the population of interest; however, the two-stage extrapolation g-computation
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estimator will provide unbiased estimates of the absolute and relative risks for an “always treated” and
“never treated” population, provided all covariates predicting both missingness and the outcome are
included in models. Similarly, the two-stage inverse probability weighted and exposure imputation g-
computation estimators will provide unbiased estimates of risks for an “always treated” population
compared to the population under the “natural treatment course” (i.e., no imposed intervention).
Rationale: When exposure information is missing not at random, absolute and relative risks
estimated from those with complete information will not necessarily equal those that would have been
observed among the full cohort of interest. Two-stage g-computation approaches that leverage available
covariate and outcome information from all individuals, including those with missing exposure
information, will improve precision and consistency, as has been illustrated in other analytic
settings.®*#384% Because the inverse-probability weighted and exposure imputation g-computation
approaches include a model for the exposure, the outcome distribution under the natural treatment course

can be recovered.
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CHAPTER 3: METHODS

A. Overview

This chapter presents the study design, data source, assessment of measures, and statistical
methods as they relate to Aims 1 and 2. The chapter is organized as follows. Section A presents a brief
overview of the parametric g-computation algorithm — the approach that is used in Aim 1 analyses to
estimate the effects of interventions on non-AlIDS risk factors and extended in Aim 2 to accommodate
missing exposure information when estimating treatment and intervention effects. In Section B, we
outline the study sample, variable measurement, and analyses for Aim 1. In Section C, we outline the
study design, developed estimators, and analyses for Aim 2.

Al. Parametric G-computation Estimator of the Parametric Generalized-Formula

In this document, we make the following distinction between the terminology “g-formula” and
the “parametric g-computation estimator.” We use “g-formula” to refer to an equation that is used to
express the observed data distribution as the distribution of the data that would have been observed under
an alternative treatment plan. We use “parametric g-computation estimator” to refer to a parametric
estimator of the g-formula equation. We also use “algorithm” interchangeably with “estimator.”

The parametric g-computation formula estimator®’ is a recently illustrated approach®597178.97-9 g
estimating the parameters of a marginal structural model. Analogous to an inverse probability of
treatment weighted (IPTW) estimator of the parameters of a marginal structural model,?61% the g-
computation estimator is a generalization of standardization. In longitudinal observational study settings
subject to time-varying confounding, both IPTW and g-computation estimators can provide valid
estimates of the total treatment effect that would otherwise be biased with the use of traditional regression

estimators.®”10!
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Three particular advantages of the parametric g-computation estimator are its flexibility in
estimating population-level effects of realistic changes to exposure distributions,*64%°1.6574102103 gpjlity to
estimate effects of interventions that depend on the natural value of exposure,***!% and efficiency in
quantifying impacts of multiple interventions.®%® Whereas the IPTW estimator has been widely used to
obtain contrasts of an “always treated” versus “never treated” population, this is often not representative
of the scenarios that policymakers are considering.“*>* For example, in deciding whether more resources
should be allocated to smoking cessation interventions, the alternative to targeting more smokers for
treatment is not “take away treatment from all smokers”; rather, it is more likely that the alternative is
“maintain the status quo.” The parametric g-computation estimator can easily be specified to provide such
contrasts. The extended parametric g-computation estimator can also be used to specify interventions that
involve changes to exposure that depend on the natural value of exposure that would be observed if
intervention were discontinued immediately before measurement.'®**% An example of an intervention
that depends on the natural value of exposure is “intervene to eliminate depression with probability 66%
if depression occurs without intervening immediately before this timepoint.”®* Finally, while the IPTW
estimator can become inefficient when estimating multiple joint interventions, the g-computation
estimator relies on more parametric models, and consequently, may maintain a higher level of
efficiency.®+1%

A2. ldentification Conditions

Under a sufficient set of conditions, the g-computation formula re-expresses the distribution of
the data under the observed treatment (i.e., the factual) as the distribution of the data that would have been
observed under a potentially alternative treatment (i.e., the counterfactual). Mathematically, this can be
written in a simplified, time-fixed setting as shown below where the left-hand side of the equation
represents the observed expectation, the right-hand side represents the counterfactual expectation, random

variables are denoted with uppercase letters, realizations of those variables are denoted with lowercase

letters, the outcome is denoted Y, the treatment is denoted A, and covariates are denoted W.
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Z E(Y = y|A = a,W = w)P(W = w) = E{Y(a) = y}

The identification conditions are as follows:

1) No measurement error of treatment, covariates, or outcome.*®” More specifically, we assume
that the treatment and outcome are measured without error while covariates might be
mismeasured but that the observed covariate values are those that inform the treatment plan.
For example, a laboratory measurement of CD4 cell count might be 220 for a patient whose
true CD4 cell count is 235; however, the 220 value the clinician sees is the value that is used
to determine whether or not to initiate ART.

2) Counterfactual consistency (also described as treatment version irrelevance and no
interference). %1% |f the observed treatment of patient i is equal to the treatment of interest
(i.e., A; = a), then the observed outcome of patient i is equal to the outcome that would have
been observed if treatment was set to the treatment of interest (i.e., ¥; = Y;(a)).

3) Conditional exchangeability or no unmeasured confounding.** The probability of treatment
conditional on a set of covariates is independent of the potential outcome (i.e.,

P(A=alW =w,Y(a)) = P(A =a|lW =w)).

4) Positivity, also described as the experimental treatment assignment assumption.'** The
conditional probability of receiving treatment is nonzero within all strata of covariates (i.e.,
P(A=alW =w)>0).

5) Correct specification of parametric models.

B. Aim 1: Interventions on Non-AIDS Risk Factors among Women with HIV
The overall goal of Aim 1 was to use the parametric g-computation estimator to quantify the
impact of combined interventions on non-AlDS risk factors and prompt initiation of modern ART on the

risk of all-cause mortality in the Women’s Interagency HIV Study.
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B1l. Data Source and Study Population

The Women’s Interagency HIV Study (WIHS) is an ongoing, multisite prospective cohort study
of HIV-positive and HIV-negative women in the US.2%*! Though the WIHS was initially established in
1993 to study the progression of HIV infection in women,® its research focus has since expanded to other
areas including aging, behavioral and social health determinants, comorbidities, and epidemiologic
methods.®* As shown in Figure 3.1, the WIHS includes 10 consortia of contributing sites, 6 of which
began in 1994 (Bronx/Manhattan, NY’; Brooklyn, NY; Chicago, IL; Los Angeles/Southern CA/Hawaii;
San Francisco/Bay Area, CA; Washington, DC) and 4 of which were added in 2013 (Atlanta, GA;
Birmingham, AL/Jackson, MS; Chapel Hill, NC; Miami, FL). The Baltimore, MD site has served as the

data coordinating center since 1997.

Figure 3.1. Women’s Interagency HIV Study and data coordinating center sites.

Bronx, NY
Brooklyn, NY
Chicago, IL
Baltimore, MD
Francisco, CA ?’%Washing(on, DC

Angeles, CA el Hill, NC

Source: https://wihs.gumc.georgetown.edu/aboutwihs/partnersites

Women with HIV and women at risk of acquiring HIV were enrolled during 4 recruitment waves
(Wave 1: 1994-1995; Wave 2: 2001-2002; Wave 3: 2011-2012; Wave 4: 2013-2015) and have since been
followed at visits every 6 months. Women were recruited from a wide range of clinical, research, and
community outreach sites which has improved representation of women with HIV, especially those who
are not in regular HIV care and are harder to reach.®® Because of its recruitment strategies, the WIHS has

an age and racial/ethnic distribution that is representative of women with HIV in the US;* it is the largest
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and longest ongoing prospective cohort study of women with HIV in the US. In other large clinical
cohorts of people with HIV in the US, women (especially non-White women) are a small minority,
limiting generalizability among this population. Thus, the WIHS is one of the leading cohorts for studies
among women with HIV in the US.

WIHS participants attend study visits every 6 months, during which they contribute extensive
demographic, medical history, medication use, health service utilization, and behavioral data through in
person interviews. During visits, participants also undergo clinical examination including vital sign
measurements, anthropometric measurements, and a gynecological exam. Blood, urine, and
cervicovaginal swab samples are collected. Data from study visits are supplemented with medical record
abstractions and linkages to cancer and death registries.

B2. Study Inclusion and Exclusion Criteria

Since 1994, the WIHS has enrolled 4982 women, 3703 of whom were HIV-positive at baseline or
seroconverted over follow-up. Eligibility for Aim 1 of the proposed study was restricted to HIV-positive
women with a study visit on, or after, 1 April 1998 and who had not previously initiated ART (N=1033).
The analysis baseline for each woman was defined as the woman’s first HIV-positive WIHS study visit
on, or after, 1 April 1998. For women enrolled in Wave 1 (1994-1995), the analysis baseline date
occurred after the date at which they entered the WIHS. For women enrolled in all other waves, the
analysis baseline date was equal to the WIHS entry date if they were HIV-seropositive at entry;
otherwise, it occurred after their WIHS entry date if they seroconverted over follow-up.

We defined the baseline visit as occurring on, or after, 1 April 1998 because our research
guestions were relevant to the calendar period in which highly effective, triple therapy combination ART
was widely available. It was after the introduction of these regimens in 19972 that AIDS-related
morbidity and mortality most significantly declined. Thus, we focused on the calendar period from 1998
onward since this is when women initiating ART would be most likely to initiate triple combination

regimens as opposed to less effective 2-drug therapy. The beginning of 6-month intervals for WIHS study

16



visits occur on 1 April and 1 October each year — hence, the inclusion of visits occurring at/after 1 April
1998. All follow-up visits after each woman’s analysis baseline date were included.

Women who had already initiated 3-drug combination ART prior to the analysis baseline date
were not included. This was to accommodate a new-user design in regards to ART treatment.**® In
observational study settings, new-user designs are recommended to eliminate biases that arise when
prevalent users are included in analyses. Namely, new-user designs prevent survivor bias in regards to
prevalent users that survive early periods of pharmacotherapy and bias resulting from confounders that
are affected (i.e., mediated) by the treatment.

Among 1033 HIV-positive combination ART-naive women with a study visit on/after 1 April
1998, we excluded 2% of the sample for missing information on key baseline variables. We excluded
women with missing baseline information on depression (n=17), alcohol consumption (n=9), and
smoking status (n=8). In the remaining sample of 1016 HIV-positive women, we imputed 5 (0.5%)
missing baseline CD4 counts and 18 (1.8%) missing baseline viral load counts by simulation from log
normal distributions with mean and standard deviation equal to that of the observed WIHS sample at
baseline. The final sample for analysis included N=1016 HIV-positive, combination ART-naive, women.
B3. Exposures and Outcome

Information on ART, alcohol consumption, and smoking exposures have been collected on WIHS
participants via in-depth interviews at all baseline and follow-up visits. Combination ART is determined
using a definition based on Department of Health and Human Services/Kaiser Panel guidelines.***
Women are considered to be on combination ART if they report use of 3+ antiretroviral drugs, one of
which is a protease inhibitor (PI), a non-nucleoside reverse transcriptase inhibitor (NNRT]I), an integrase
inhibitor (I1), or an entry inhibitor (EI). During interviews, women also reported the number of drinks
consumed on average per week and smoking status since the last visit.

The WIHS has confirmed deaths through medical records, state death certificates, and the
National Death Index Plus (NDI+) for all women who have been enrolled in the WIHS. State death

certificate data are available from 1994 until state death registry queries were discontinued in 2015. NDI+
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data are available from 2000 until present. In both state and national death registries, data include the date
and location of death as well as the International Classification Diseases (ICD) codes for the underlying
and contributing causes of death. Our outcome of interest was all-cause mortality and was defined as a
documented death from any cause.
B4. Interventions

Our primary objective was to estimate the risk'*>**® of all cause-mortality in the WIHS under
hypothetical intervention portfolios (i.e., intervention combinations) targeting prompt initiation of modern
ART, alcohol, and smoking. In our base scenario (Portfolio 1), we considered an intervention solely on
prompt initiation of modern ART to represent the “status quo” in regards to the current recommended
healthcare guidelines among people with HIV. We defined modern ART as combination ART initiated
on/after 1 October 2001. This date coincides with the period after which tenofovir had been approved and
became a common drug in combination ART regimens.'** “Prompt” initiation was defined as initiation of
ART by 6 months of baseline (i.e., being on ART at the first follow-up visit). This definition was
influenced by the structure of the WIHS as an interval cohort with exposure status documented at the time
of each 6-month follow-up visit. Because ART initiation dates are documented as the first WIHS study
visit date at which an individual reported being on ART, it was not possible to decipher the exact point at
which the individual initiated ART in the period between the last ART-naive study visit and the next
follow-up.

In our other three scenarios, we considered portfolios combining prompt initiation of modern
ART with: an intervention on alcohol (Portfolio 2), an intervention on smoking (Portfolio 3), and
interventions on both alcohol and smoking (Portfolio 4). Specifically, we defined interventions on non-
AIDS risk factors in two ways. Set A intervention portfolios were those that combined prompt initiation
of modern ART with near elimination of alcohol consumption and/or smoking whereas Set B portfolios
were those that combined prompt initiation of modern ART with realistic reductions in the prevalence of

alcohol consumption and/or smoking based on the expected efficacy of real-world interventions.
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Set A intervention portfolios were defined as follows. Portfolio 2A was an intervention to
eliminate alcohol consumption of over 1 drink per week among women without an indication of hepatitis
C virus (HCV) and eliminate all alcohol consumption among women with an indication of HCV. HCV
status was determined based on bloodwork performed on all WIHS participants at baseline. If women
were positive for HCV antibody, they received testing for HCV RNA to determine whether the infection
was active. Here, we defined an indication of HCV to be a positive antibody test and a positive or missing
HCV RNA test. We chose a limit of 1 drink per week instead of complete abstinence among those
without HCV due to potential protective effects of alcohol at low levels'*” but did not define the
intervention to increase drinking among those who were already abstainers. Because alcohol is
particularly harmful for those with hepatitis C infection,™® the intervention dictated complete abstinence
from alcohol for these women. Portfolio 3A was defined as an intervention to eliminate smoking among
all smokers. Finally, Portfolio 4A was an intervention that imposed both alcohol elimination and smoking
cessation strategies.

Set B intervention portfolios combining prompt initiation of modern ART with realistic
reductions in the prevalence of alcohol consumption and/or smoking were defined as follows. Portfolio
2B combined prompt initiation of modern ART with an intervention to reduce alcohol consumption of
over 3 drinks per week to a 3 drink per week limit among those without an indication of HCV. While
current guidelines classify alcohol consumption of over 7 drinks per week for women as “heavy drinking”
beyond safe limits,*!° they refer to the general population and are not specific to those with HIV. Thus, to
account for recent evidence suggesting that those with HIV are adversely impacted by alcohol at lower
thresholds of consumption than the general population,*” we considered women consuming over 3 drinks
per week for this intervention.

For those with an indication of HCV at baseline, we based our intervention on a brief alcohol
treatment program.*?° The intervention was conducted among patients reporting current drinking when
they entered a Veterans Administration HCV clinic. Patients received brief alcohol counseling by trained

HCV clinicians that included assessment of alcohol use, feedback regarding personal risk, education
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regarding the interaction between alcohol and HCV on liver fibrosis and effects of alcohol on antiviral
treatment, and advice regarding changes to consumption. Patients had a follow-up visit 4 to 8 weeks later
with a psychiatric clinical nurse specialist at which they were provided cognitive-behavioral therapy
techniques and motivational enhancement therapy for coping with cravings and preventing relapse.
Among those who received the intervention, 36% achieved abstinence and 26% achieved >50% reduction
in drinking levels after 8 months of follow-up.'® Thus, we defined our intervention among those with an
indication of HCV at baseline as a 0.36 probability of quitting alcohol, 0.26 probability of reducing
consumption by 50%, and 0.38 probability of no change in alcohol consumption levels.

Portfolio 3B was defined as a behavioral smoking cessation intervention described by Hoffman et
al'?! and tested in the WIHS. The intervention consisted of stage-based Transtheoretical model (TTM)
tailored health communications on smoking cessation delivered via computer expert systems in waiting
rooms at primary care clinics. The intervention was delivered at baseline, 3 months, and 6 months.
Participants also received audiotapes relevant to their stage of change. At six months, 16.3% of
participants had quit smoking. Thus, we defined our intervention among smokers as a 0.16 probability of
quitting smoking.

The combination of the alcohol and smoking cessation interventions described above was defined
as Portfolio 4B.

B5. Covariates of Interest

Demographic, laboratory, and risk factor data collected during WIHS semi-annual study visits
were included in models as potential confounders. We selected covariates based on hypothesized
relationships between the interventions and the outcome depicted by causal diagrams.'?*> A simplified
version of the causal diagram used to select time-fixed and time-varying confounders is shown in Figure
3.2. While the figure includes all exposures, it does not depict interactions between exposures. Time-fixed
confounders included baseline age, race, level of education, history of injection drug use (IDU), prior
exposure to 2-drug antiretroviral therapy, wave of WIHS enrollment, CD4 cell count, viral load, and

smoking status. To simplify the representation of these relationships, the full set of time-fixed
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confounders is shown in the figure though various elements from this set functioned as subsets of
confounding variables for each exposure. Time-varying covariates included CD4 count, viral load, and
depression.

We also considered a time-updated measure of visit number, interactions between time and each

of the exposures (i.e., ART, alcohol, smoking) and interactions between exposures.

Figure 3.2. Causal Diagram of ART, Non-AIDS Risk Factors, and Mortality.*

CD4 count; CD4 count,
—
Viral load, Viral load,
ART,
Depression; Depression,

/ Deathz \ Death3
Alcohol,;

»{ Alcohol,

Smoking; Smoking,

1 1

Baseline covariates: age,, racey, history of injection drug use,, educationy,
CD4,, viral loady, AZT,, WIHS enrollment wave,, HCV,, visit number

* Relevant exposures are displayed in green, time-fixed and time-varying confounders are shown in blue,
and the outcome is shown in red.
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B6. Treatment Decision Design

The overall analytic goal of Aim 1 was to use rich, longitudinal data collected from the WIHS to
obtain estimates of the potential reductions in the cumulative incidence of mortality that could be
achieved by multiple interventions on non-AlDS risk factors. A defined set of criteria was used to
determine eligibility for intervention among each WIHS participant at each study visit, with analyses
structured in the format of a treatment decision design.'?® The treatment decision design is a

generalization of the new-user design*'®

which anchors a cohort’s follow-up to times at which treatment
decisions are made. While all WIHS participants meeting the inclusion criteria defined in Section B2
were eligible for inclusion in the analysis sample, only WIHS participants with a specific risk factor at a
given visit were considered eligible for the intervention at that visit. We used semi-annual study visits to
represent the timepoints at which intervention decisions were made. At each visit, women’s risk factor
information was used to determine eligibility for each intervention as described below.

ART: Because all women in the analysis sample were ART-naive at baseline, they were all
considered eligible for the intervention on prompt initiation of ART in the modern treatment era. Thus, all
women were eligible to initiate ART by the first follow-up visit. Once women initiated ART, they were
assumed to remain on ART and were no longer considered for ART initiation at later semi-annual visits.

Alcohol reduction: Both HCV status and alcohol consumption levels determined eligibility for the
alcohol reduction intervention. Specifically, women with an indication of HCV at baseline were eligible
for the alcohol intervention if they reported consumption of any alcohol at a given visit. Women without
an indication of HCV at baseline were considered for the alcohol elimination intervention (Portfolio 2A)
if they reported consumption of over 1 drink per week and for the alcohol reduction intervention
(Portfolio 2B) if they reported consumption of over 3 drinks per week at a given visit. Women could
receive this intervention multiple times.

Smoking cessation: Women reporting current smoking at a study visit were considered eligible at
that visit as well as at all subsequent visits at which smoking was reported. Thus, women could receive

this intervention multiple times.
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B7. Notation and Parameters of Interest

Let uppercase letters denote random variables and lowercase letters denote potential realizations
of those variables. Let i index 1, ..., 1016 women in our study sample, j index 1, ..., J completed visits
of follow-up, and Y;; represent an indicator of death for woman i at time j. The maximum number of
follow-up visits is ] = 16; as WIHS visits occur every 6 months, this corresponds to 8 years of follow-up
since study baseline. We use A;; to represent a binary indicator of antiretroviral therapy (ART) treatment,
D;; to represent categorical indicators for average drinking level per week since the last study visit and S;;
to represent a binary indicator of smoking. We use Z;; to represent a vector of time-varying covariates for
woman i measured at time j (i.e., CD4 count, detectable viral load, and depression) and W;; to represent
a vector of time-fixed demographic and clinical characteristics for woman i measured at baseline (i.e., j =
0). The vector W;; includes baseline age, race, level of education, history of injection drug use (IDU),
prior exposure to dual therapy zidovudine (AZT), wave of WIHS enrollment, CD4 count, viral load, and
smoking status. Finally, we use C;; to represent a binary indicator of being censored due to being lost to
follow-up which we defined as having two consecutive missed WIHS visits. All women were
administratively censored after a maximum of 8 years of completed follow-up due to sparse data at later
time points. To accommodate sporadic missing data for time-varying covariates and exposures in the
observed data, we used a last observation carried forward approach.

At each timepoint j, the temporal ordering of variables is: W;;; C;;; Y;j; Aij, Dyj, Sij; Z;j. The
values of the time-fixed covariates W;; remain constant for each woman throughout the study period so
that for a given woman i, w;, = w;; =...= w;;. Among those who remained uncensored and alive by
visitj (i.e., C;; = Y;; = 0), values of ART (i.e., 4;;), drinking level (i.e., D;;), and smoking (i.e., S;;) were
measured based on self-report corresponding to the 6-month period between j — 1 and j.

It should be noted that while exposures to ART, drinking level, and smoking occurred between
j— 1and j, they were only documented at time j due to the nature of the WIHS as an interval cohort. It is

unknown from the observed data whether, among those who die before a given follow-up visit, there was
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a change in exposure status in the time period between the last follow-up visit at which they remained
alive (and uncensored) and their death date. ART initiation dates are recorded as the first WIHS visit date
at which individuals report having initiated ART, while death dates are recorded as actual dates of death.
Therefore, we assume that those who had not initiated ART at the last visit at which they remained alive
and uncensored did not do so before a death occurring before the next scheduled follow-up visit.
Similarly, we assume drinking and smoking status did not change between the last visit at which women
remained alive and uncensored and their death. Or rather, in both cases, we assume that any change in
ART, drinking, or smoking between the last follow-up visit and a death occurring less than 6 months later
was too short of an exposure period to notably affect the risk of death.

Among those who remain alive and uncensored at time j, measured values of time-varying
covariates (i.e., Z;;) correspond to real time, or nearly real time, measures at j. Specifically, CD4 cell
count and viral load were measured by laboratory tests conducted at the time of the WIHS visit.
Depression was measured by a validated questionnaire'?* that asked women to report symptoms
experienced during the last week. In the remaining text we suppress subscript i.

The cumulative incidence of mortality in the WIHS under the observed exposure history (i.e., no

intervention on ART initiation or non-AlIDS risk factors) at time j can be expressed as Equation 1:

P(Yesr = 1|4k = @ Dy = di, S = 51y Zye = 2y Wie = Wy, G = ¥ = 0) %
f(ZmlAm—l =an-1,Dm1=dn-1,5m-1=5m-1 Z;m-1=Zmn-1 Wi =Wy, Cpn = ¥ = 0) X
P(Sm = Smle—l =dm-15m-1=5m-1Zm1=Zn-1, Wi =Wp, Cy = ¥ =0) X

F(j) = ZZZZZE ﬁ P(Dyy = dp|Dpey = Aty Zipey = Zipey, Wy = Wy, G = ¥y = 0) X

ZjSp dj a5 wy k=0 m=0 P(Am = amlg‘m—l =Am-1, 5'm—l = &m—llgm—l = Sm-1, Zm—l =Zp- W =wn, Em = Ym = 0) X
P(Ym = OlAm—l =01, Dm-1=dm-1,5m-1 = 5m-1Z;m-1 = Zm- 1, Wi =Wy, Cpoy = Yy = 0) X

Lrw,) x

The cumulative incidence of mortality in the WIHS under universal, prompt initiation of ART in
the modern treatment era can be expressed by adapting the above equation to set A = 1. Specifically, this
indicator represents initiation of therapy by the time of the first follow-up visit (i.e., A = 0 for all women
atj =0and A = 1 for all women at j = 1 and all visits thereafter). This is akin to an intent-to-treat
analysis in which we assume that, once therapy is initiated, it is continued throughout the study period. It

should be noted that women enrolled in the WIHS prior to 1 October 2001 and set to initiate ART by the
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follow-up visit could not have initiated modern ART. This is based on our definition of modern ART
initiation as initiation of ART on, or after, 1 October 2001 (the period after which tenofovir had been
approved and became a common drug in combination ART regimens).*** However, we used observed
exposure information from those in the modern treatment era to extrapolate modern ART to this earlier

time period. The adapted equation is written as Equation 2:

P(Yeyr =149, = ak,ﬁk =d, S, =5, W, =w,C, =% =0)x
f(ZmlA - m 1’ Dm—l = dm—lfsm—l = §m—1' Zm—l = 2m—ll Wm =Wn Cm = ym = 0) X
P(Sm - Smle—l - dm—lfsm—l = §m—1'Zm—1 = zm—l' Wm =Wn Cm = Ym =0)x

Fe @) ZZZZZ l_[ P(Dyy = dm|Dies = A1y Zino1 = Zi1, Wiy = Wiy, Gy = ¥y = 0) X

zj 55 dj wj k=0 1x
— 19 — 79 ) — A -3 -7 — -V —
P(Ym - OlAm—1 - am—1'Dm—1 - dm—lf Sm—l - Sm—l'Zm—l - Zm—ll Wm - wml Cm—l - Ym—l - 0) X

fWon)

where we use superscript g to convey that the value of A is being set according to the intervention plan.

Equation 2 can be further adapted to express the cumulative incidence of mortality in the WIHS
under universal, prompt initiation of ART in the modern treatment era combined with various
interventions on alcohol consumption and/or smoking. Because these interventions depend on the natural
value of alcohol consumption and smoking, this requires use of the extended version of the parametric g-
computation estimator. %% This facilitates the expression of interventions that are implemented based on
the values of alcohol and smoking that would be observed if intervention were discontinued immediately
before measurement at time j. The incidence function under these additional interventions can be

expressed with the extended parametric g-formula as Equation 3:

F(u,d,s)g (1)

P(Vess = 1|47 —ak,Dg—dg 3¢ =50, Z, =2, W, =w,, C, = ¥, = 0) x

f(zmlAm—l = am 1 Dg = dm 1 Sfrlz 1= §1€z—1' Zyy =2 Wi =Wy, G = ¥y = 0) X
PI(SS =salsy = sm,Dg =d?_, 88 =59 Zpn1 =Zm-1,Wi—1 = Wy_1,Cpp = ¥, = 0) X
o [P (Sm = smlDy = d;‘; 1,59 =59_ 1,z,,,_1 =Zp, Wiy = Wp_y, Gy = ¥, = 0) x
ZZZZZ 1_[ PI(Dg = dJ|D;, —d,*n, —dm v Zpy = Zp Wiy =Wy, G = ¥, = 0) X
7S djowy k=0 m=0 Pabs(Dr*n = d;n = dm 1L =2y, Wiy = Wppg, C‘m = ?m = 0) X
1x
P(Ym = Olg‘rgn—l =Gn_y Dpy=di s Spo1 =51 Zmo1 = Zm oy Wi 1 = Wi 1, Gy = Ty = 0) x

Lf (W)
We use superscript g to convey that the values of D and S (i.e., alcohol consumption and
smoking) are being set according to the intervention plan while we use an asterisk to denote the values

that would be observed if the intervention plan were discontinued immediately before measurement of
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these variables. The value d]?" is set to 1 across all j > 1 for each set of intervention portfolios while the
values of df’ and §jg are set according to the plans described in Section B4.
B8. Implementation of Parametric G-computation

We used the parametric g-computation estimator®’ 6%71.727899.105 44 estimate the equations in
Section B7. Namely, we estimated the 8-year cumulative incidence of all-cause mortality under the
natural course, the 8-year cumulative incidence of all-cause mortality under prompt initiation of modern
ART, and the 8-year cumulative incidences of all-cause mortality under each set of intervention
portfolios. Furthermore, we estimated the 8-year risk differences and ratios contrasting each intervention
portfolio to an intervention solely on prompt initiation of modern ART. The steps to using the g-
computation estimator to parametrically estimate the g-computation formula have been previously
described.®3%°" Briefly, we implemented g-computation in our setting as follows.

Steps 1 — 3: First, we fit pooled person-visit logistic and linear models to the observed data
across all visits j > 1 to estimate the conditional probability or density of each exposure, time-varying
covariate, and outcome. Specifically, we fit models for ART initiation, alcohol consumption, smoking,
CD4 cell count, viral load, depression, and death. Second, we estimated conditional probabilities or
densities from these models. Third, we drew a large Monte Carlo sample of N = 100,000 women at
baseline (i.e., j = 0) with replacement.

Step 4: We used the estimated conditional probabilities or densities and observed values of
exposures and covariates at the baseline visit to simulate the values of exposures, covariates, and
outcomes in the temporal order they would have occurred at j = 1 by drawing values from a Bernoulli
distribution in the case of binary variables and multinomial distributions in the case of categorical
variables. We then used the estimated conditional probabilities or densities and simulated values of
exposures, covariates, and outcomes at j = 1 to simulate the values of these variables at j = 2, continuing

this process for a maximum of 16 follow-up visits to ultimately generate a dataset representing the
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outcome distribution under the natural course (Equation 1 in Section B7). By natural course, we mean no
intervention (i.e., no manipulation of treatment status).

To achieve this, we first fit intercept only models to the pooled person-visit data for each time-
varying covariate, exposure, and outcome with indicator variables for visit number as the only predictor.
We then compared the distribution of each variable at each visit in the Monte Carlo dataset with the
distribution of each variable at each visit in the original WIHS dataset. Further complexity was then
incorporated into each of the models by adding relevant covariates (e.g., hypothesized confounders,
predictors of the dependent variable) and interactions and adapting functional forms. After each
specification of the set of models, conditional probabilities or densities were estimated and saved from
each model, a Monte Carlo sample of size 100,000 was drawn from the baseline data with replacement,
follow-up data were generated at each follow-up visit from the saved conditional probabilities or
densities, and the distribution of variables in the Monte Carlo dataset were compared with the distribution
in the WIHS dataset using figures and summary statistics (e.g., frequencies, mean/median/standard
deviation). We also assessed interaction terms using Likelihood Ratio Tests for interaction.

We estimated the cumulative incidence of mortality at each time point using the complement of

the Kaplan-Meier*® (product-limit) estimator of the survival function. The estimator can be expressed as:

where d,, denotes the number of deaths at discrete time k, n;, denotes the number at risk at discrete time
k, and S(j) denotes the estimated survival at time j.

If parametric models are correctly specified, the cumulative incidence of mortality estimated in
the Monte Carlo dataset under the natural course (i.e., no intervention on exposures) should be equivalent
to the cumulative incidence of mortality observed in the WIHS dataset. Similarly, the distribution of each

exposure and time-varying covariate in the Monte Carlo sample should be equivalent to the distributions
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in the observed WIHS data. Discrepancies can arise from improper model specification as well as finite
sample bias resulting from sparse data.

Thus, to improve model fit, we repeated the above Steps 1 — 4 using flexible specifications of
continuous and categorical variables, interaction terms, and various sets of covariates for each model until
we 1) had included all hypothesized confounders relevant to each exposure, and 2) were able to replicate
distributions observed in the WIHS sample in the Monte Carlo sample. The variables and models that
were selected for final analyses are described in Appendix A of the Supplemental Text.

Step 5: Once we were able to replicate the empirical distribution of covariates and outcome in the
Monte Carlo sample, we used the finalized models to simulate outcomes under the interventions of
interest. We repeated Steps 1 — 4, altering exposure values according to the defined interventions and
simulated follow-up data using the saved conditional probabilities or densities.

Step 6: We estimated the cumulative risk of all-cause mortality at each follow-up visit in each
dataset using the complement of the Kaplan-Meier'?® (product-limit) estimator of the survival function.
We censored all women at a maximum of 16 follow-up visits (i.e., 8 years of follow-up) due to sparse
data at later time points. We output the cumulative risks at each timepoint and concatenated datasets. To
guantify the impact of scaling up interventions on non-AlIDS risk factors, we contrasted the estimated risk
of all-cause mortality under each intervention portfolio with the estimated risk under intervening on
prompt initiation of ART in the modern treatment era alone using risk differences and risk ratios.

Step 7: We repeated the above steps on 1000 nonparametric bootstrap*?®

samples to obtain
standard errors calculated as the standard deviation of point estimates across bootstraps. We used standard
errors to calculate 95% confidence intervals.
C. Aim 2: Development and Implementation of Two-Stage G-computation Estimators

The overall goal of Aim 2 was to develop and assess two-stage g-computation estimators of

treatment and intervention effects in a given HIV cohort when exposure information is missing for a

subset of the sample.
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C1. Motivating Example

The primary example for our development and assessment of two-stage g-computation estimators
focused on a simplified time-fixed scenario. In the first part of the scenario, interest was in obtaining
unbiased estimates of the covariate vector W standardized risk of an outcome Y in an HIV cohort under
scenarios in which the entire cohort did not receive versus did receive a harmful treatment A. This
parameter is known as the average treatment effect.*®“°#81% |n the second part of the scenario, interest
was in obtaining unbiased estimates of the covariate vector W standardized risk of an outcome Y in the
HIV cohort under a scenario in which an intervention removed treatment A versus treatment practices
remained the same (i.e., the natural course or status quo). This parameter is known as the average
intervention effect.¢49°1881% More specifically, it represents a special case of an generalized intervention
effect in which the intervention is 100% efficacious.>*

While it is straightforward to implement the parametric g-computation estimator to obtain
estimates of these parameters when data are complete, this is no longer the case when faced with partially
missing exposure information. If estimates are desired for the total study population but treatment status
is only observed on a subset (i.e., where R = 1) complications arise, especially if there are other variables
associated with the outcome that additionally influence whether or not treatment status is observed; in
other words, if there exists a variable Z associated with both R and Y.

To concretize this scenario, we considered a hypothetical study in which the objectives were to
estimate the average treatment and intervention effects*®4%5181% of gpjoid prescription duration in the
Women'’s Interagency HIV Study (WIHS) on the 12-month risk of hospitalization/emergency room visit
or death from any cause. Opioids are prescribed at a higher rate among those with HIV*?” whom already
experience a higher prevalence of substance abuse and addiction.® Initial opioid prescribing practices

influence long-term opioid use*?®

with duration of initial prescription being the strongest predictor of
opioid use disorder and overdose.*® Thus, it is reasonable that investigators might be interested in
outcomes under various opioid duration prescribing strategies among those with HIV who receive opioid

prescriptions. Therefore, we considered a case in which our goal was to estimate the average treatment
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effect of shortening versus lengthening the duration of initial opioid prescriptions among all women and
the average intervention effect of shortening the duration of initial prescriptions versus status quo
prescribing practices.

C2. Study Data

We based our example on a hypothetical cohort simulated to represent HIV-positive women
enrolled in the WIHS (described in Section B1). We created our dataset such that the full sample size was
equal to the number of HIV-positive women enrolled in waves 2-4 of WIHS (i.e., N = 1623) and the
incidence of hospitalization/emergency room visit or death over 12 months was similar to that observed in
a sample of outcome data from the most recent wave of enrollees and which has been reported in previous
HIV studies™ (i.e., approximately 30%).

While information on opioid use has been collected on WIHS participants, this information has
primarily been based on self-reported use of illicit or recreational drugs. Because our objective was to
estimate the effect of a clinical intervention in which guidelines dictate that physicians shorten the period
over which initial opioid prescriptions are provided, we considered a scenario in which it was possible to
supplement the existing WIHS cohort data with linkages to electronic medical record databases to obtain
detailed dosage and duration information for individuals receiving prescriptions. Theoretically, this could
be done for the WIHS, but data linkages are expensive and often cannot be performed for the entire study
sample. Thus, it is more likely that only a sample of linkages would be performed. Specifically, we
considered a case in which it was possible to link prescription information for a nonrandom subset of 30%
of the simulated cohort, particularly members receiving HIV care at 10 clinics proximal to the WIHS
sites.

A causal diagram*? for our research scenario is shown in Chapter 5, Figure 5.1. Receipt of an
initial long duration opioid prescription at baseline (i.e., A) increases the risk of emergency room/hospital
visit or death by 12 months (i.e., Y). History of substance use (i.e., W) represents one potential
confounder increasing the probability of receiving an initial long duration prescription and the risk of

emergency room/hospital visit or death. Not receiving regular HIV care (i.e., Z), while not a confounder
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and therefore often omitted from the causal diagram, decreases the probability of having observed
exposure information (i.e., R = 1) from linked electronic medical records and also increases the risk of
hospitalization or death (i.e., Y).

According to this scenario, we generated n = 1 to 1623 independent and identically distributed
sets {W,A,Z,R,Y*=0,Y%=1 Y}, representing the N = 1623 members in the full population of interest. A
represents exposure to long (i.e., A = 1) versus short (i.e., A = 0) duration of opioid prescription; W
represents history of substance use (history: W = 1; no history: W = 0); Z represents lack of engagement
in regular HIV care (lack of engagement: Z = 1; engagement: Z = 0); R represents observed exposure
information (i.e., selection into the sample of complete cases, R = 1); Y*=° represents the potential
outcome for emergency room visit or death under short term opioid exposure; Y %=1 represents the
potential outcome for emergency room visit or death under long term opioid exposure; and Y represents
the factual outcome for emergency room visit or death given the exposure received.

For each record, covariate values were simulated in SAS 9.4 in the following order:

w drawn from a Bernoulli distribution with a marginal prevalence of 0.44
i.e., w=rand("BERNOULLI",0.44);

Z drawn from a Bernoulli distribution with a marginal prevalence of 0.4
z = rand("BERNOULLI",0.4);

R drawn from a Bernoulli distribution as a function of Z and with a marginal prevalence of 0.3
r = rand("Bernoulli",1/(1+exp(-(-log(1/0.26-1)-log(8)*z+10g(8)*0.4))));

Y2=0  drawn from a Bernoulli distribution as a function of Wand Z and with a marginal incidence of
0.19
y0 = rand("BERNOULLI",1/(1+exp(-(-log(1/.19-1)-log(1.5)*0.44+log(1.5)*w1-
log(1.5)*0.4+log(1.5)*2))));

Y%=1  drawn from a Bernoulli distribution as a function of Wand Z and with a marginal incidence of

0.37
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y1 = rand("BERNOULLI",1/(1+exp(-(-log(1/.35-1)-log(1.5)*0.44+log(1.5)*w1-
109(10)*0.4+l0g(10)*2))));
A drawn from a Bernoulli distribution as a function of W and with a marginal prevalence of 0.6
a =rand("BERNOULLI",1/(1+exp(-(-log(1/.6-1)-log(2)*0.44+log(2)*w1))));
Y set according to realized value a
if a then y=y1,; else y=y0;
The potential outcomes Y%=9 and Y %=1 were generated as a way of directly setting the truth by
which to evaluate the performance of estimators. Setting observed Y to Y or Y° according to observed a
is an application of the consistency assumption (discussed in Chapter 3, Section A2). The true risks and
risk differences were determined using the potential outcomes Y4=1, Y4=0 and Y from the full cohort
prior to imposing missing exposure information.
C3. Estimators
Let A denote a binary time-fixed exposure, W denote a vector of confounders, Y denote an
outcome, uppercase letters denote random variables, and lowercase letters denote possible values of
variables or constants. To simplify notation, we assume W to be a finite dimension vector of categorical
covariates. When the vector includes continuous covariates equations are written as integrals. The

expected value of the potential outcome Y under a time-fixed exposure plan a can be written as,

(€3.1) E[Y*] = Z E(Y|A=a W=w)PW =w)

where we define E[Y %=1] as the expected outcome distribution under a plan in which the full study
sample receives exposure and E[Y %=°] as the expected outcome distribution under a plan in which the
full study sample does not receive exposure. The expected value of the outcome under the natural course

(i.e., observed exposure plan) can be written as,

(C3.2) E[Y]= Z E(Y|A=a W =w)P(A=a|lW =w)P(W =w).
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The process of estimating the above g-formula expressions by g-computation has been described in detail
in the literature®®®"1% and was reviewed in the application in Aim 1 (Chapter 3, Section B8). As a brief
review as it applies to this simplified time-fixed setting, exposure and covariate conditional probabilities
or densities of the outcome are estimated from models fit to the full study sample, a large Monte Carlo
sample is drawn from the original study population at baseline, exposure values for each individual in the
Monte Carlo sample are set according to the exposure plan, and outcomes are simulated in the Monte
Carlo sample using the set exposure value a, realized covariate values w, and conditional probabilities
that were estimated in the first step. To obtain the outcome distribution in the total study population,
outcomes are summed across the population’s distribution of w. It is standard practice to estimate the
outcome distribution under the natural course with g-computation regardless of whether it is a parameter
of interest; comparison of the observed natural course to the g-computation simulated natural course is
used as a check on model specification prior to using the models to simulate outcome distributions under
altered exposure plans.

When exposure plan information for some participants is missing, missing data prohibit the use of
the above approach. Instead, under an assumption that patients with (i.e., R = 1) and without (i.e., R = 0)
complete exposure information are exchangeable within levels of confounders W, investigators often use
a complete case analysis. Under this assumption, the g-formula equations for the potential outcome under

exposure plan a and under the natural course can be written as:

(C3.3) E[Y?]= ZE(YIA =a, W=w,R=1)PW=w,R=1)

(C3.4) E[Y]= ZE(YIA =a, W=w,R=1)PA=alW=w,R=1)PW=w,R =1).

The estimation of conditional outcome probabilities or densities is restricted to the subsample with
observed exposure (i.e., complete information), and the outcome distribution is summed over the

distribution of w among those with complete information. However, E[Y¢|W = w] will only be
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approximated by E[Y¢|W = w, R = 1] if exposure information is missing completely at random or
missing at random given the vector of confounders W.

Two-stage g-computation estimator of average treatment effect E[Y 4=° — Y%=1]

We proposed a g-computation extrapolation estimator of the average treatment effect which
combines partial information on the full study sample with complete information on the subset of
participants with observed exposure. We rewrite the g-formula to 1) include Z in our outcome model,
where Z is a vector of covariates associated with R and Y that allows us to meet the assumption that
presence of exposure information is independent of Y given W and Z (i.e., E[Y%|a,w, z] =
E[Y%|a,w,z, R = 1]), and 2) sum outcomes over the joint distribution of W and Z instead of only W in
the subset with complete exposure information. The g-computation extrapolation estimator is written as:

(C35) Eext [YO - Yl] =

Zﬁ(y=1|A=o, W=wZ=2zR=1)PW=w,Z =2)

w,z

—Zﬁ(Y=1|A=1, W=wZ=z R=1)PW=w2Z=2).

w,z
Stage 1 consists of estimating P(Y = 1|4 = a, W = w,Z = z,R = 1) from a logistic model fit to
complete cases; stage 2 consists of (a) simulating outcomes under plans a = 0 and a = 1 among Monte
Carlo resamples taken from the full population (i.e., not only sampling complete cases) and then (b)
summing over the full population’s joint distribution of w and z. We obtain the average treatment effect
by taking the difference E[Y° — Y].

Two-stage g-computation estimators of average intervention effect E[Y%=° — V]

The risk under the natural course is estimated by additionally summing over the full population’s
distribution of observed exposure. Because the intervention effect contrasts the outcome distribution
under an altered exposure distribution to the outcome distribution under the observed exposure
distribution, an additional step is needed when exposure status is missing for a subset of the sample and

the outcome distribution differs among the subset with observed information versus the full sample.
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Similarly, this is needed for interventions that depend on the natural value of exposure® such as for the
effect estimated by Lesko et al.** in which intervening on depression depended on the natural value (i.e.,
observed level) of depressive symptoms.

We proposed two-stage inverse probability-weighted (IPW) and exposure imputation g-
computation estimators of the average intervention effect. As with the extrapolation g-computation
estimator, IPW and imputation g-computation include Z in the outcome model as well as the additional
model specified for missing data.

IPW g-computation estimator:

(C3.6) Epw[Y°—-Y]=

z PYy=1A=0,W=w,Z=2z, R=1)PW=w,Z=2z|R=1)
£ PR=1W=w,Z=2)

z Pv=1A=a, W=w,Z=2z R=1)PA=a|lW=w,Z=2zR=1D)PW =w,Z=2z|R=1)
PR=1W=w,Z=2) '

wz,a
Stage 1 consists of estimating the probability of being a complete case (i.e., P(R = 1 | W =
w,Z = z))"* in the full population in addition to estimating P(Y = 1|{A = a,W =w,Z =z, R = 1) in
the complete cases as in the extrapolation approach. In stage 2, we (a) simulate outcomes setting a = 0
and A = a under the observed exposure value among Monte Carlo resamples taken from the complete
cases, (b) weight simulated outcomes by the inverse probability of being a complete case, (¢) and sum
over the joint distribution of W and Z in the complete cases.
Exposure imputation g-computation estimator:

(C3-7) Eimpute [YO - Y] =

Zﬁ(yznA:o, W=wZ=2z R=1D)PW=w,Z=2)

w,z

- Z PY=1A=a W=wZ=2z R=1DPA* =alW=wZ=2)P(W=wZ=12)

w,z,a
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where a denotes the realized value of observed exposure or imputed exposure (where missing). A
separate model is specified in stage 1 to estimate the conditional probability of exposure among those
with complete information, (i.e., P(A = 1|W =w,Z = z,Y = y, R = 1)); in stage 2, (a) values of
exposure are imputed for each woman with missing exposure information in the Monte Carlo resamples
taken from the full population using the conditional probabilities estimated in stage 1, and (b) outcomes
are simulated under the full joint distribution of imputed or observed a*, w, and z. Because no values for
a are imputed when a is set to 0, the first part of the equation for Y° in equation C3.7 is identical to that
of the extrapolation approach in C3.5.

C4. Statistical Analyses

We used proposed two-stage g-computation estimators as well as the naive, complete case g-
computation estimator to estimate parameters of interest in our simulated cohort of 1623 HIV-positive
women. In our generated cohort, we set exposure to missing where R = 0. We fit the following logistic
model for the outcome among complete cases to estimate the conditional probability of
hospital/emergency room visit or death at 12-months P(Y = 1|[A=a, W =w,Z =2z, R=1) =
expit(ay + a;a + a,w + asz), where expit = exp(a) /[1 + exp(a)]. We used a Firth correction'* to
improve model convergence. We also fit the following logistic model for the probability of being a
complete case (i.e., having complete prescription duration information) P(R = 1|W =w,Z = z) =
expit(ty + T,w + T,z) and took the inverse of the probability for the complete case weight.** Finally,
we fit the following logistic model for the conditional probability of receiving a long duration opioid
prescription for >7 days P(A = 1|W = w, Z = z) = expit(8y + ;W + 5,2).

After saving the estimated conditional probabilities, we took a Monte Carlo sample of size 10,000
of the full cohort. In the Monte Carlo sample, we used the two-stage extrapolation, inverse probability
weighted, and exposure imputation g-computation estimators to estimate the 12-month probability of
hospital/emergency room visit or death if all women were to receive short duration opioid prescriptions

for <7 days (i.e., E[Y*=°] and if all women were to receive long duration opioid prescriptions for >7
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days (i.e., E[Y%=1] ). We contrasted these two estimates to obtain risk differences for the average
treatment effect. We additionally used the two-stage inverse probability weighted and exposure
imputation g-computation estimators to estimate the risk if prescription practices were to remain
unchanged (i.e., E[Y]) and the average intervention effect if all women received short duration opioid
prescriptions versus the status quo. We estimated the standard error based on the standard deviation of
200 nonparametric bootstrap resamples to obtain 95% confidence intervals.*?® We accounted for error in
the estimation of inverse probability weights and exposure imputation by performing these steps within
the bootstrap samples.

To assess estimator performance, we repeated analyses in 10,000 simulation trials to compute
bias, standard error, root mean squared error, and confidence limit coverage. We defined bias as the
difference between the value of the parameters of interest estimated with each approach and the true value
of the parameters of interest obtained from the potential outcomes prior to imposing missing data.
Standard errors of the risks, risk differences, and bias were calculated based on the standard deviation of
the point estimates of the values for these parameters across all trials. The root mean squared error was
calculated as the square root of the estimated sum of the squared bias and variance. 95% confidence limit
coverage was defined as the proportion of times the 95% confidence limit trapped the true parameter
value across the 10,000 simulation experiments.

To further assess the operating characteristics of proposed estimators, we repeated 10,000
simulation trials under varying sample conditions and analogously estimated bias, standard error, root
mean squared error, and confidence limit coverage in these settings. We varied the percentage of
complete exposure data in 5% increments from 10-90% to assess the robustness of estimators to the
proportion of missing data as well as to determine the point at which the naive g-computation estimator fit
to complete cases may be minimally biased. We also repeated simulation trials excluding the covariate Z
from the outcome model to test our hypothesis that all two-stage estimators would require the inclusion of
this covariate in the outcome model in addition to standard confounders. We simulated data under the null

treatment and intervention effects to confirm estimators were valid (i.e., we simulated the risk under
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shortened, lengthened, and natural course opioid durations to be equal so that the risk differences for the
average treatment and intervention effects were 0). In another scenario, we simulated missing data
independent of Z so that data would be missing completely at random. This was to test our hypothesis that
the standard g-computation estimator would be unbiased in this restrictive setting. We increased the
strength of modification of the treatment and intervention effects by Z to assess whether there would be a
greater improvement in bias with two-stage g-computation estimators over the standard g-computation
estimator in these cases. Finally, in small samples sizes, large proportions of missing data are likely to
create issues of data sparsity. Because our base scenario included a cohort of 1623 women and small
proportions of completely observed exposure, we wanted to assess whether any potential bias in estimates
may be due to finite samples. Thus, we repeated trials in an increased cohort size of 7500 women to

assess the operating characteristics of estimators in settings without possible violations in positivity.
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CHAPTER 4: ALL-CAUSE MORTALITY UNDER MODELED INTERVENTIONS ON
ANTIRETROVIRAL THERAPY, ALCOHOL, AND SMOKING AMONG HIV-POSITIVE
WOMEN IN THE UNITED STATES, 1998 — 2017

A. Overview

People with HIV experience a higher prevalence of multimorbidity, accelerated aging, and
decreased survival compared to the general US population despite two decades of effective antiretroviral
therapy (ART). Yet, the improvement in survival that may be achieved by targeting non-AIDS risk
factors among those who initiated antiretroviral therapy (ART) remains unclear.

Leveraging observational data from 1016 HIV-positive women participating in the Women’s
Interagency HIV Study between 1998 and 2017, we estimated the mortality risk under modeled
interventions targeting alcohol consumption and smoking with ART initiation. We used parametric g-
computation to estimate effects of combining ART with interventions eliminating or reducing the
prevalence of alcohol and/or smoking compared to an intervention solely on universal initiation of ART
in the modern treatment era.

Among 1016 women at baseline, 59% reported smoking and 23% reported consuming over 3
drinks per week. The observed 8-year risk of mortality was 22.5% compared to an estimated 10.4% (95%
Cl: 6.3, 14.5) risk under universal initiation of ART in the modern treatment era. The 8-year risk
differences contrasting universal initiation of modern ART and elimination of non-AIDS risk factors, with
intervening on ART alone, were -0.5% (95% CI: -1.2, 0.3) with near elimination of alcohol, -1.8% (95%
ClI: -3.6, 0) with 100% smoking cessation, and -2.0% (95% CI: -3.9, -0.2) with both. Under interventions
where the probability of abstaining from alcohol or quitting smoking was less than 1, reflecting the reality
that interventions rarely eliminate exposures entirely, reductions in the 8-year risks of mortality were less

pronounced but still suggested improvements in survival compared to intervening on ART alone.
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While modern ART has transformed the prognosis of HIV to a manageable chronic condition,
smoking and alcohol remain significant contributors to early mortality. Interventions that target these risk
factors, particularly smoking, may further reduce the risk of mortality, but more efficacious interventions
are needed.

B. Introduction

Non-AIDS causes of morbidity and mortality disproportionately affect those with HIV, despite

two decades of effective antiretroviral therapy (ART).** Compared to the general US population, people

17719 and decreased life

with HIV experience a higher prevalence of multimorbidity,*® accelerated aging,
expectancy, dying from non-AIDS causes 8 to 9 years earlier than those without HIV.*®%?! Thus, further
improvements in the health status and survival of those with HIV will require greater attention to non-
AIDS risk factors.

Cigarette smoking, heavy alcohol consumption, and chronic inflammation are highly prevalent

among those with HIV and may contribute to a large proportion of excess mortality.?*25-2830.133.13% gy djeg

1541-4446 a5 well as an

suggest a synergistic relationship between cigarette smoking and HIV infection
increased risk of physiologic injury and mortality at lower thresholds of alcohol consumption among
those with HIV.*" Yet, the improvement in long-term outcomes that may be achieved by targeting non-
AIDS risk factors along with prompt initiation of modern ART regimens remains unclear.

Here, we estimate the 8-year risks of all-cause mortality in the Women’s Interagency HIV Study
(WIHS) under proposed interventions that combine 1) prompt initiation of ART in the modern treatment
era with 2) alcohol reduction, 3) smoking cessation, and 4) both alcohol reduction and smoking cessation.
We quantify the improvement in survival that may be achieved by each intervention combination
compared to intervention on prompt ART initiation alone.

C. Methods
Cl. Study Sample

The Women’s Interagency HIV Study (WIHS) is an ongoing, multisite prospective cohort study

of HIV-positive and HIV-negative women in the United States.®**! The WIHS includes 10 consortia of
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contributing sites (Bronx/Manhattan, NY’; Brooklyn, NY; Chicago, IL; Los Angeles/Southern
CA/Hawaii; San Francisco/Bay Area, CA; Washington, DC; Atlanta, GA; Birmingham, AL/Jackson, MS;
Chapel Hill, NC; Miami, FL). Women were enrolled during 4 recruitment waves (1994-1995, 2001-2002,
2011-2012, and 2013-2015) and have since been followed every 6 months for documentation of
sociodemographic information, risk behaviors, lab measurements, medications, physical exams, and
clinical events. Since 1994, the WIHS has enrolled 4982 women, 3703 of whom were HIV-positive at
baseline or seroconverted over follow-up. Institutional review boards at each WIHS site approved the
WIHS and all women provided written informed consent for participation.

Eligibility for analysis was restricted to HIV-positive women with a study visit on, or after, 1
April 1998, and who had not previously initiated combination ART (N=1033). We excluded 2% with
missing baseline information on depression (n=17), alcohol consumption (n=9), and smoking status
(n=8). In the remaining sample of 1016 HIV-positive women, we imputed 5 (0.5%) missing baseline CD4
counts and 18 (1.8%) missing baseline viral load counts by simulation from log normal distributions with
mean and standard deviation equal to that of the observed WIHS sample at baseline. The final sample for
analysis included N=1016 HIV-positive, combination ART-naive, women. This analysis was deemed
exempt from review by the Office of Human Research Ethics at the University of North Carolina-Chapel
Hill.
C2. Exposures and Outcome

Information on ART, alcohol consumption, and smoking has been collected on WIHS
participants via in-depth interviews at baseline and follow-up visits. Combination ART is determined
using a definition based on Department of Health and Human Services/Kaiser Panel guidelines.***
Participants are considered to be on combination ART if they report use of 3+ antiretroviral drugs, one of
which is a protease inhibitor (PI), a non-nucleoside reverse transcriptase inhibitor (NNRT]I), an integrase
inhibitor (1), or an entry inhibitor (EI). Here, we defined modern ART as combination ART initiated

on/after 1 October 2001. This date coincides with the period after which tenofovir had been approved and
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became a common drug in combination ART regimens.*** During interviews, participants also reported
the number of drinks consumed on average per week and smoking status since the last visit.

The outcome of interest was death due to any cause. The WIHS confirms deaths for all women
who have been enrolled in the cohort through regular queries of state death certificates and the National
Death Index Plus.

C3. Intervention Portfolios

Our primary objective was to estimate the risk'>*'® of all cause-mortality in the WIHS under
hypothetical intervention portfolios (i.e., intervention combinations) targeting ART, alcohol, and
smoking. In our base scenario (Portfolio 1), we considered an intervention that solely targeted prompt
initiation of modern ART, where “prompt” initiation was defined as initiation of ART by the first follow-
up visit (i.e., 6 months after the baseline visit). In our three other scenarios, we considered portfolios
combining prompt initiation of modern ART with an intervention on: alcohol (Portfolio 2), smoking
(Portfolio 3), and both alcohol and smoking (Portfolio 4). Specifically, we defined interventions on non-
AIDS risk factors in two ways. Set A intervention portfolios combined ART with near elimination of
alcohol consumption and/or smoking whereas Set B intervention portfolios combined ART with realistic
reductions in the prevalence of alcohol consumption and/or smoking based on the expected efficacy of
real-world interventions.

Set A intervention portfolios were defined as follows. Portfolio 2A was an intervention to
eliminate alcohol consumption of over 1 drink per week among women without hepatitis C virus and
eliminate all alcohol consumption among women with hepatitis C virus (i.e., positive antibody and
positive or missing RNA status at baseline). We chose a limit of 1 drink per week instead of complete
abstinence due to potential protective effects*'” of alcohol at low levels but did not define the intervention
to increase drinking among those who were already abstainers. Because alcohol is particularly harmful for
those with hepatitis C infection,™® the intervention dictated complete abstinence from alcohol for these

women. Portfolio 3A was defined as an intervention to eliminate smoking among all smokers. Finally,
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Portfolio 4A was an intervention that imposed both near alcohol elimination and smoking cessation
strategies.

Set B intervention portfolios to reduce, rather than eliminate, non-AIDS risk factors were
specified to facilitate estimation of generalized intervention contrasts®* and were defined as follows.
Portfolio 2B combined prompt initiation of modern ART with an intervention to reduce alcohol
consumption of over 3 drinks per week to a 3 drink per week limit among those without hepatitis C virus.
This limit was chosen to account for recent evidence suggesting that those with HIV are adversely
impacted by alcohol at lower thresholds of consumption than the general population.*” Consequently,
current guidelines™ that classify alcohol consumption of over 7 drinks per week for women in the
general population as “heavy drinking” beyond safe limits are likely too lenient for those with HIV. For
those with hepatitis C virus at baseline, we based our intervention on a brief alcohol treatment program
that resulted in alcohol abstinence among 36% of participants and >50% reduction in drinking levels
among 26% of participants.*?® Portfolio 3B was defined as a behavioral smoking cessation intervention

tested by Hoffman et al.**

in which smokers had a 0.16 probability of quitting by 6 months. The
combination of the alcohol and smoking cessation interventions described above was defined as Portfolio
4B.

C4. Analyses

We used the parametric g-computation algorithm,7-6°71.73.75.98.104,105

a generalization of
standardization, to estimate the mortality risk under each intervention portfolio. Under a sufficient set of
conditions, 719111135 this approach re-expresses the mortality distribution under the observed
treatments/exposures as the mortality distribution that would be observed under the intervention
portfolios. Technical details are provided in the supplement. Briefly, we specified pooled logistic and
linear person-visit models to estimate the probability or density of each exposure (i.e., antiretroviral
therapy, level of alcohol consumption, smoking status), time-varying covariate (i.e., CD4 count,

detectable viral load, depression), and outcome (i.e., mortality) conditional on observed values of

covariates at each time period. Time-fixed covariates included baseline age, race, CD4 count, viral load,
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education, history of injection drug use, WIHS recruitment wave, and prior exposure to 2-drug
antiretroviral therapy.

For all analyses, we estimated the mortality risk using the complement of the Kaplan-Meier'®
survival function and administratively censored women at 8 years of follow-up due to sparse data at later
time points. We used risk differences and ratios to quantify the impact of jointly targeting non-AIDS risk
factors by comparing the 8-year risks of mortality under each portfolio to the 8-year risk of mortality with
an intervention on prompt initiation of modern ART alone. We estimated 95% confidence intervals from
the standard deviation of 1000 nonparametric bootstrap resamples.*?®
D. Results

Among 1016 HIV-positive women in the WIHS, the median age at study entry was 38
[Interquartile Range (IQR): 32, 45], median CD4 cells/mm?® was 452 [IQR: 273, 655], and median logso
viral load copies/mL was 3.6 [IQR: 2.8, 4.4] (Table 4.1). Almost 70% of the cohort was Black, half
reported depressive symptoms, 33% had a history of injection drug use, and 33% had evidence of
hepatitis C virus. The smoking prevalence was 59% with an additional 15% of women reporting former
smoking. Nearly half the study population abstained from alcohol consumption while 23% reported
consuming over 3 drinks on average per week, the majority of whom were heavy drinkers (i.e.,
consuming over 7 drinks per week). The 8-year risk of all-cause mortality under the observed initiation of
ART and no additional intervention on non-AlIDS risk factors was 22.5% (Figure 4.1).

The risk of all-cause mortality was 10.4% (95% ClI: 6.3, 14.5) under an intervention on prompt
initiation of modern ART alone. Figure 4.2 displays the 8-year risk functions of all-cause mortality under
interventions that combined prompt initiation of modern ART with near elimination (Panel A) or
reduction (Panel B) of alcohol and smoking; numerical results are presented in Tables 2 and 3
respectively. Overall, the risk of all-cause mortality was lower under each intervention combining prompt
initiation of modern ART with interventions on non-AlDS risk factors than under prompt initiation of

modern ART alone. In both elimination and reduction strategies, interventions that targeted smoking were

more beneficial than those that targeted alcohol consumption.
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The risk of all-cause mortality by 8 years was 9.9% (95% CI: 5.9, 14.0) with near elimination of
alcohol consumption, 8.6% (95% CI: 5.1, 12.1) with 100% smoking cessation, and 8.4% (95% ClI: 4.3,
11.9) with near elimination of both alcohol and smoking (Figure 4.2, Panel A; Table 4.2). Targeting
smoking cessation led to a -1.8% (95% CI: -3.6, 0; Risk Ratio [RR]: 0.83; 95% CI: 0.64, 1.0) reduction in
the 8-year risk of mortality while targeting both alcohol and smoking risk behaviors led to a -2.0% (95%
ClI: -3.9, -0.2) reduction (RR: 0.81; 95% CI: 0.62, 0.99).

Results were attenuated with more realistic reductions in alcohol and smoking based on the
efficacy of existing interventions (Figure 4.2, Panel B; Table 4.3). The 8-year risk of mortality was 10.1%
(95% CI: 6.1, 14.2) with alcohol reduction, 9.5% (95% CI: 5.8, 13.3) with reduction in the smoking
prevalence, and 9.3% (95% CI: 5.2, 13.0) with both alcohol and smoking reduction interventions. The
combined alcohol and smoking reduction intervention reduced the risk of mortality by -1.1% (95% CI:
-2.1,-0.1) (RR: 0.89; 95% CI: 0.81, 0.98).

E. Discussion

Proposed interventions on non-AlDS risk factors notably reduced the estimated risk of all-cause
mortality among HIV-positive women enrolled in the WIHS. All interventions that eliminated or reduced
alcohol consumption and/or smoking improved survival compared to intervening only on prompt
initiation of ART during the modern treatment era, though confidence intervals for alcohol interventions
did not exclude the null. Strategies that eliminated rather than reduced alcohol and smoking achieved the
greatest decreases in the 8-year risk of all-cause mortality. Nearly eliminating alcohol and smoking
reduced the 8-year risk of mortality by 20%.

While modern ART has transformed the prognosis of HIV to a manageable chronic condition,
non-AlIDS risk factors remain significant contributors to early mortality. Yet, it has been unclear what
long-term improvements in survival may be achieved by interventions that combine initiation of ART
with interventions on non-AIDS risk factors. Two recent studies used observational data from the WIHS
to evaluate the reduction in the mortality risk that may be achieved by combining ART with depression

treatment’* and combining ART with treatment of hepatitis C infection.® Using the parametric g-
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computation algorithm to estimate the risks of mortality under modeled interventions, the authors
demonstrated improved survival in both settings.

Similar to depression and hepatitis C infection, alcohol consumption and smoking are common
non-AlDS risk factors among people with HIV. The estimated prevalence of smoking and heavy alcohol
use in those with HIV is over twice as high as in the general population.?®** Furthermore, these risk
factors have especially pronounced adverse effects among those with HIV,***" decrease the likelihood of

136137 and negatively impact adherence to HIV treatment.**”*3® However, survival under

viral suppression,
interventions combining initiation of ART in the modern treatment era with interventions on alcohol
and/or smoking have not been assessed or compared to determine which strategies should be prioritized.

Our finding that interventions on smoking in combination with modern ART achieved greater
reductions in the 8-year risk of mortality than interventions on alcohol in combination with modern ART
is likely influenced by the large proportion of smokers compared to drinkers in the WIHS. At baseline,
there were over 2.5 times as many women reporting smoking than alcohol consumption of over 3 drinks
per week. In fact, smoking was more common than consuming any alcohol or over 1 drink per week (59%
versus 51% or 34%). Thus, interventions that reduced or eliminated smoking in the WIHS affected a
greater proportion of the study sample than those that nearly eliminated or reduced drinking. In other HIV
cohorts with varying distributions of these risk factors, the impacts of interventions eliminating or
reducing smoking versus alcohol may differ. However, in the US HIV clinical setting, smoking is more
common than at-risk alcohol use among HIV patients.**

While interventions on smoking as opposed to alcohol consumption in the WIHS achieved the
greatest reductions in the mortality risk by 8 years, this finding was not consistent across the entire
follow-up period. For interventions reducing the prevalence of alcohol and/or smoking, risks of all-cause
mortality under each portfolio were similar for the first two years. After this time point, interventions on
smoking (or both smoking and alcohol) combined with prompt initiation of modern ART progressively

reduced the risk of mortality compared to intervening on modern ART alone. While the intervention on

alcohol combined with ART increasingly improved survival over the remaining follow-up period, this
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improvement was more modest. For interventions eliminating alcohol and smoking, the elimination of
alcohol appeared slightly more effective during the first two years, after which the estimated risks of
mortality progressively diverged to reveal greater improvements in survival with interventions on
smoking (or both smoking and alcohol) than with interventions on alcohol use. It is possible that smoking
cessation may take a longer time to affect the risk of mortality than changes in alcohol consumption.
Thus, while eliminating or reducing alcohol may convey similar short-term benefits in the WIHS,
smoking cessation is critical to achieve optimal long-term outcomes.

Though all intervention portfolios reduced the risk of all-cause mortality in the WIHS, near
elimination of alcohol and/or smoking resulted in a two times greater reduction in the mortality risk as
compared to interventions reflecting more realistic reductions in the prevalence of risk factors. Risks
estimated under elimination strategies offer a promising benchmark for the improvements in survival that
may be achieved by interventions with 100% efficacy. However, perfectly efficacious interventions
against smoking and alcohol use do not currently exist.

Therefore, we estimated risks under Set B intervention portfolios to provide a more realistic view
of what may be achieved with existing interventions.*®**-* The reduction in alcohol consumption and
smoking prevalence that we modeled in the WIHS was based on efficacy estimates from actual
interventions assessed in trials. The smoking cessation strategy we modeled in the WIHS was based on a
computer expert system behavioral intervention delivered in physician waiting rooms that achieved only a
0.16 probability of smoking cessation by 6 months. ! Yet, the low probability of sustained smoking

60,140 and

cessation is similar to that estimated in other behavioral and nicotine replacement therapy studies
highlights the need for more efficacious smoking cessation interventions among those with HIV.
We modeled the expected efficacy of alcohol reduction among those with hepatitis C virus based
on a brief counseling intervention conducted in a hepatitis C clinic.*?® While the intervention achieved
reductions in alcohol consumption among 62% of participants, it was not tested specifically among those

with HIV. For those with HIV but not hepatitis C virus, most trials have been conducted among those

with an indication of alcohol dependency or hazardous levels of consumption well beyond the national
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recommended safe limits.**** However, with potential for physiologic injury and increased mortality at
lower thresholds of alcohol consumption among those with HIV,*" it is necessary to reassess safe limits
for this population and evaluate interventions tailored to reduce lower levels of drinking.

We made several assumptions in our analyses, including no measurement error of exposures,

107 135 111

covariates, or outcome;**’ counterfactual consistency;®** no unmeasured confounding;** positivity;
and correct specification of parametric models for g-computation. Information on alcohol and smoking
were self-reported in the WIHS, and as such, may be underreported. In practice though, the provision of
alcohol and smoking cessation interventions will likely depend on self-report of these risk behaviors.
Unmeasured confounding is always a threat to observational studies; however, the rich data collected by
the WIHS allowed us to address key baseline and time-varying confounders. In our models, we improved
positivity (i.e., nonzero probability of exposures within all strata of covariates) by careful selection of
covariates, functional form, and interaction terms to avoid cells with sparse data. We assessed
specification of parametric models by comparisons of the modeled data distribution to that observed in
the WIHS cohort (Figure 4.3). For alcohol and smoking interventions, we assumed no relevant side
effects on risk of mortality through pathways other than those we modeled.®? Further, due to the nature of
the WIHS as an interval cohort with measures of ART, alcohol, and smoking documented at 6-month
follow-up visits among those who remain alive, we assumed that any change in exposure necessitated at
least a 6-month period to affect the risk of mortality.

Finally, there are several noteworthy strengths of our study. The WIHS is the largest interval
cohort of HIV-positive women in the United States. Many studies conducted among those with HIV have
been restricted to men or cohorts that are over 75-80% men such as the United States CFAR Network of
Integrated Clinical Systems (https://www.uab.edu/cnics/).®® However, women experience a different
distribution of non-AIDS risk factors than men, including a higher prevalence of multimorbidity.®
Evaluating the impact of interventions on non-AlDS risk factors among this group is necessary to

improve health outcomes and prevent disparities from growing.>*** We also used the WIHS to compare

multiple sets of interventions on non-AlIDS risk factors. Few studies have examined sets of interventions
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or compared interventions targeting different risk factors in a given HIV-positive population. Given the
clustering of comorbidities among those with HIV, comparisons of interventions are critical to prioritize
strategies for improved healthcare delivery.
F. Conclusion

Closing the remaining gap in the health status and survival of those with HIV in the modern ART
era requires comprehensive approaches to HIV care management. Interventions that target smoking and
alcohol may achieve significant reductions in the mortality risk of women with HIV who have received
combination ART. To fully recognize these improvements, more efficacious interventions may be

necessary, particularly to achieve higher proportions of smoking cessation.
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Table 4.1. Characteristics of 1,016 HIV-positive combination antiretroviral therapy (ART) naive women
in the Women'’s Interagency HIV Study (WIHS) at analysis baseline.

Characteristics

No. of women 1,016
Age, y, median [IQR] 38 [32, 45]
CD4 count, cells/mm?, median [IQR] 452 [273, 655]
Viral load, logio copies/mL, median [IQR] ® 3.6 [2.8,4.4]
AIDS-defining illness 323 (31.8)
Average alcohol consumption
Abstain 496 (48.8)
1 drink per week 174 (17.1)
2-3 drinks per week 117 (11.5)
4-7 drinks per week 81 (8.0)
7+ drinks per week ° 148 (14.6)
Black race 696 (68.5)
Depressive symptoms ° 513 (50.5)
Education
Less than high school 381 (37.5)
High school graduate 328 (32.3)
Some college 307 (30.2)
Hepatitis C virus ° 333 (32.8)
Hypertension 257 (25.5)
Injection drug use history 338 (33.3)
Smoking status
Current 595 (58.6)
Former 155 (15.3)

Data are presented as No. (%) unless otherwise specified.

& Missing for 4 women.

® Missing for 16 women.

¢ Above national recommended safe limits.

4 Score >16 on the Center for Epidemiologic Studies Depression
Scale (CES-D).

¢ Antibody positive and RNA positive or missing RNA value.

f Any indication of hypertension defined as systolic blood pressure >140,
diastolic blood pressure >90, self-report of hypertension, or use of anti-
hypertensive medications.
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Table 4.2. Risk of all-cause mortality under hypothetical intervention portfolios to eliminate non-AlIDS
risk factors among 1,016 HIV-positive, combination ART-naive women enrolled in the Women’s
Interagency HIV Study, 1998 — 2017.

Risk Ratio Risk Difference

. _ H 0, _ 1 0,

Intervention 5-year risk, %  8-year risk, % (8 years) (8 years)
Natural course ART 13.6 225
initiation

1) Zﬁ?gt initiation of modern 7.4(47,10.1) 10.4 (6.3, 14.5) 1.00 0.0
Strategy 1 & alcohol -0.5 (-

(23)  limination ® 7.1(43,98) 99(59,140) 0.95(0.88,1.02) -0.5(-1.2,0.3)

N .

(3a) SUaedy1&100%smoking 6537 89) 86(51,121) 083(0.64,100) -18(-36,0.0)
cessation

(4a) All of the above 6.3(35,88) 84(43,11.9) 0.81(0.620.99) -2.0(-3.9,-0.2)

Abbreviations: ART, antiretroviral therapy; HIV, human immunodeficiency virus.

aPrompt initiation of modern ART was defined as initiation of ART in the treatment era after which tenofovir was
available and within 6 months of the analysis baseline.

b The alcohol elimination intervention was specified as eliminating alcohol consumption >1 drink per week
among women without hepatitis C virus and complete abstinence among women with hepatitis C virus.

Table 4.3. Risk of all-cause mortality under hypothetical intervention portfolios to reduce the prevalence
of non-AlIDS risk factors among 1,016 HIV-positive, combination ART-naive women enrolled in the
Women’s Interagency HIV Study, 1998 — 2017.

Risk Ratio Risk Difference

H i i 0, _ i 0,
Intervention 5-year risk, %  8-year risk, % (8 years) (8 years)
!\Igt_urgl course ART 136 225
initiation
(1) hromptinitiation ofmodem 7 4(47,100) 10.4(63,145) 1.00 00
(2p) Strategy 1 &alcohol 73(46,10.0) 101(6.1,142) 0.98(0.92,1.03) -0.3(-0.9,03)
reduction
Strategy 1 & smoking - 17 -
(3b) cessation © 6.9(43,95) 95(58,133) 0.91(0.84,0.99) -0.9(-1.7,-0.1)
(4b)  All of the above 6.9(4.1,94) 93(52,13.0) 0.89(0.81,098) -1.1(-2.1,-0.1)

Abbreviations: ART, antiretroviral therapy; HIV, human immunodeficiency virus.

aPrompt initiation of modern ART was defined as initiation of ART in the treatment era after which tenofovir
was available and within 6 months of the analysis baseline.

b The alcohol reduction intervention was defined as reducing alcohol intake to 3 drinks per week among those
without hepatitis C virus; among those with hepatitis C virus, the intervention was defined as a 0.36 probability
of abstaining from alcohol, 0.26 probability of reducing drinking levels by 50%, and a 0.38 probability of no
change in alcohol consumption based on the intervention described by Dieperink et al.*?

¢ The smoking cessation intervention was defined as a 0.16 probability of quitting smoking by the next follow-up
visit based on the intervention described by Hoffman et al.*?
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Figure 4.1. Risk of all-cause mortality under four antiretroviral therapy initiation strategies in the
Women's Interagency HIV Study, 1998 — 2017.
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Figure 4.2. Risk of all-cause mortality under hypothetical interventions to eliminate (Panel A) or reduce (Panel B) the prevalence of non-AIDS risk
factors in the Women's Interagency HIV Study, 1998 —2017.
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Figure 4.3. Observed versus g-computation simulated cumulative incidence of all-cause mortality under
the natural course of antiretroviral therapy initiation among 1016 HIV-positive women enrolled in the
Women's Interagency HIV Study between 1998 — 2017, 200 bootstrap samples of observed data.
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CHAPTER 5: TWO-STAGE G-COMPUTATION: EVALUATING TREATMENT AND
INTERVENTION IMPACTS IN OBSERVATIONAL COHORTS WHEN EXPOSURE
INFORMATION IS PARTLY MISSING

A. Overview

A barrier to implementing the g-computation algorithm to evaluate average treatment effects and
intervention impacts using observational data is that the approach assumes complete information on
exposures. We develop two-stage g-computation estimators that leverage partially observed information
on the full study sample and complete exposure information on a subset. In a hypothetical cohort of 1623
HIV-positive women with 30% complete opioid prescription information, we illustrate a two-stage
extrapolation g-computation estimator for the average treatment effect of shortening versus lengthening
the duration of all opioid prescriptions; we further illustrate two-stage inverse probability weighted and
exposure imputation g-computation estimators for the average intervention effect of shortening the
duration of all prescriptions versus the status quo. Two-stage extrapolation g-computation approximated
the true -18.6% risk difference for the average treatment effect while two-stage inverse probability
weighted and exposure imputation g-computation estimators approximated the true -10.4% risk difference
for the average intervention effect. For both parameters, g-computation fit to the subset of complete cases
was biased. In 10,000 Monte Carlo simulations, two-stage approaches considerably reduced bias and
mean squared error and improved 95% confidence limit coverage. While missing data threaten validity
and precision, proposed two-stage g-computation designs can be used to make progress in the face of
these challenges.
B. Introduction

The generalized computation formula algorithm®’ (g-formula) is increasingly applied to

observational data to answer pressing public health questions, especially when conducting a randomized
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controlled trial may be costly, inefficient, or infeasible. Under a set of conditions,'®"%9 11114 the g-
formula re-expresses the data distribution under the observed (or factual) exposure plan as the distribution
that would have been observed under an alternative (or counterfactual) exposure plan. Recent papers have
illustrated how the g-formula can be estimated parametrically using available statistical
software,®®%™-73% with applications highlighting the versatility of the g-formula in estimating both: 1)
the “treatment/exposure effect” (i.e., a contrast of the average outcome distribution when the full
population is exposed versus unexposed) and 2) “intervention effects” (i.e., contrasts of the population
average outcome distribution under a realistic change in the exposure distribution versus no
change).*¢498193 Intervention effect estimates are particularly important to inform clinical guidelines and
policy decisions.>**

Applications of the parametric g-formula assume complete information on exposures, but missing
data are extensive in observational studies.””®" A key barrier to implementing this powerful analytic tool
in many research settings is the lack of high quality data on exposures or interventions in the entire study
sample. Exposures may not be observed in the full sample when information is costly or difficult to
measure on everyone, data linkages are only performed for a subset, or information collected has changed
across time or study sites.

As Lash and Schisterman noted in their call for “New Designs for New Epidemiology,”
answering important scientific questions in settings with constrained resources and fragmented real-world
data requires novel study designs.**® Two-stage sampling designs formalized by Neyman® and developed
in traditional regression analyses®®®*®"% have improved efficiency and validity of estimators when
information on an important variable is incomplete among the total sample; however, analogous
extensions for comparing counterfactual outcome distributions with the parametric g-computation
algorithm when exposure is partially missing have yet to be developed.

Here, we extend two-stage analytic design and missing data methods to develop two-stage g-
computation estimators of the average treatment and intervention effects that leverage exposure

information on a subset of participants along with covariate information observed for the full study
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sample. We propose and implement estimators in an example motivated by a hypothetical HIV-positive
cohort in which information on exposure to the candidate intervention is only available for a subset. We
assess the operating characteristics of the proposed estimators with simulation and evaluate estimators
under varied sample conditions.

C. Methods

C1. Motivating Example Data

Our objectives are to estimate the average treatment and intervention effects*®*°81% of opioid
prescription duration among HIV-positive women on the 12-month risk of emergency room/hospital visit
or death from any cause. Specifically, our goal is to estimate the average treatment effect of shortening
versus lengthening the duration of initial opioid prescriptions among all women and the average
intervention effect of shortening the duration of initial prescriptions versus status quo prescribing
practices. To illustrate two-stage estimation of parameters, we base our example on a hypothetical cohort
simulated to represent HIV-positive women enrolled in the Women’s Interagency HIV Study (WIHS). 8-
%t The WIHS is a United States-based prospective interval cohort study of HIV-positive and HIV-negative
women enrolled beginning in 1994 and followed at semiannual study visits for behavioral and clinical
data. We created our dataset such that the full sample size was equal to the number of HIV-positive
women enrolled in Waves 2 — 4 of the WIHS (i.e., N = 1623) and the incidence of emergency
room/hospital visit or death over 12 months was similar to that observed in a sample of outcome data
from the most recent wave of enrollees and which has been reported in previous HIV studies™® (i.e.,
approximately 30%).

While information on opioid use has been collected on WIHS participants, this information has
primarily been based on self-reported use of illicit or recreational drugs. Our objective is to estimate the
effect of a clinical intervention in which guidelines dictate that physicians shorten the period over which
initial opioid prescriptions are provided. Linkages to electronic medical record databases could provide
detailed dosage and duration information for individuals receiving prescriptions; however, because data

linkages are expensive and often cannot be performed for the entire study sample, we consider a scenario
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in which it is possible to link prescription information for a nonrandom subset of 30% of the simulated
cohort, particularly members receiving HIV care at 10 clinics proximal to the WIHS sites.

A causal diagram*? for our research scenario shown in Figure 5.1 guided our generation of data
for analyses. Receipt of an initial long duration opioid prescription at baseline (i.e., A) increases the risk
of emergency room/hospital visit or death over 12-months (i.e., Y). History of substance use (i.e., W)
represents one potential confounder increasing the probability of receiving an initial long duration
prescription and the risk of emergency room/hospital visit or death. Not receiving regular HIV care (i.e.,
Z), while not a confounder and therefore often omitted from the causal diagram, decreases the probability
of having observed exposure information (i.e., R = 1) from linked electronic medical records and also
increases the risk of hospitalization or death (i.e., Y). Complete details on the data generation process are
available in Appendix B of the Technical Supplement.

C2. G-computation

Let A denote a binary time-fixed exposure, W denote a vector of confounders, Y denote an
outcome, uppercase letters denote random variables, and lowercase letters denote possible values of
variables or constants. To simplify notation, we assume W to be a finite dimension vector of categorical
covariates; in practice, the vector may include continuous covariates in which case the equations would be
rewritten as integrals. The expected value of the potential outcome Y under a time-fixed exposure plan a

can be written as,

(2.1) E[Y9] = Z E(Y|A=a W=wPW =w)

where we define E[Y %=1] as the expected outcome distribution under a plan in which the full study
sample receives exposure and E[Y %=°] as the expected outcome distribution under a plan in which
exposure is removed from the full study sample. The expected value of the outcome under the natural

course (i.e., observed exposure plan) can be written as,

(2.2) E[Y]= Z E(Y|JA=a, W=w)P(A=a|lW =w)P(W = w).
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The process of estimating the above expressions (referred to as the g-formula) by g-computation
has been described in detail °8%97*% Brigfly, this is performed by first estimating the conditional
probabilities or densities of the outcome given exposure and confounders from models fit to the full study
sample. Next, a large Monte Carlo sample is drawn from the original study population. The exposure
values for each individual in the Monte Carlo sample are set according to the exposure plan. Then,
outcomes are simulated in the Monte Carlo sample using the set exposure value a, realized covariate
values w, and conditional probabilities that were estimated in the first step. For each individual, the
exposure value set by plan a may differ from the observed exposure value. Finally, outcomes are summed
across the distribution of w. In special cases, the Monte Carlo simulation step may be avoided.™ It is
standard practice to estimate the outcome distribution under the natural course with g-computation
regardless of whether it is a parameter of interest; comparison of the observed natural course to the g-
computation simulated natural course is used as a check on model specification prior to using the models
to simulate outcome distributions under altered exposure plans.

When exposure plan information for some participants is missing, missing data prohibit the use of
the above approach. Instead, under an assumption that patients with (i.e., R = 1) and without (i.e., R = 0)
complete exposure information are exchangeable within levels of confounders W, investigators often use
a complete case analysis. Under this assumption, the g-formula equations for the potential outcome under

exposure plan a and under the natural course can be written as:

(23) E[Y9] =ZE(Y|A =a, W=w,R=1)PW=w,R=1)

(24) E[Y] =ZE(Y|A =a, W=w,R=1)PA=alW=w,R=1)PW=w,R =1).

w,a
The estimation of conditional outcome probabilities or densities is restricted to the subsample
with observed exposure (i.e., complete information), and the outcome distribution is summed over the

distribution of w among those with complete information. However, E[Y¢|W = w] will only be
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approximated by E[Y¢|W = w, R = 1] if exposure information is missing completely at random or
missing at random given the vector of confounders W.
C3. Two-stage G-computation Estimator of Average Treatment Effect E[Y2=0 — y¢=1]

We propose a g-computation extrapolation estimator of the average treatment effect which
combines partial information on the full study sample with complete information on the subset of
participants with observed exposure. We rewrite the g-formula to 1) include Z in our outcome model,
where Z is a vector of covariates associated with R and Y that allows us to meet a weaker assumption that
presence of exposure information is independent of Y given W and Z (i.e., E[Y%|a,w, z] =
E[Y%|a,w, z, R = 1]), and 2) sum outcomes over the joint distribution of Wand Z instead of only W in
the subset with complete exposure information. The g-computation extrapolation estimator is written as:

(3-1) Eext [YO - Yl] =

Zﬁ(y=1|A=o, W=wZ=2zR=1D)PW=w,Z =2)

w,z

—Zﬁ(Y=1|A=1, W=wZ=z R=1)PW=w,2Z=2).

w,z

Stage 1 consists of estimating P(Y = 1|4 = a, W = w,Z = z,R = 1) from a logistic model fit to
complete cases; stage 2 consists of (a) simulating outcomes under plans a = 0 and a = 1 among Monte
Carlo resamples taken from the full population (i.e., not only sampling complete cases) and then (b)
summing over the full population’s joint distribution of w and z. We obtain the average treatment effect
by taking the difference E[Y° — Y].

C4. Two-stage G-computation Estimators of Average Intervention Effect E[Y*=0 — Y]

The risk under the natural course is estimated by additionally summing over the full population’s
distribution of observed exposure. Because the intervention effect contrasts the outcome distribution
under an altered exposure distribution to the outcome distribution under the observed exposure
distribution, an additional step is needed when exposure status is missing for a subset of the sample and

the outcome distribution differs among the subset with observed information versus the full sample.
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104 such as for the

Similarly, this is needed for interventions that depend on the natural value of exposure
effect estimated by Lesko et al.** in which intervening on depression depended on the natural value (i.e.,
observed level) of depressive symptoms.

We propose two-stage inverse probability-weighted (IPW) and imputation g-computation
estimators of the average intervention effect. As with the extrapolation g-computation estimator, IPW and
imputation g-computation include Z in the outcome model as well as the additional model specified for
missing data.

The IPW g-computation estimator is written as:

(4.1) EIPW[YO -Y]=

z PYy=1A=0,W=w,Z=2z, R=1)PW=w,Z=2z|R=1)
£ PR=1W=w,Z=2)

Z PY=1A=a, W=w,Z=z R=1)PA=aW=w,Z=2zR=1D)PW=w,Z=2zR=1)
PR=1W=w,Z=2) '

wz,a
Stage 1 consists of estimating the probability of being a complete case (i.e., P(R = 1 | W =
w,Z = z))"* in the full population in addition to estimating P(Y = 1|{A = a,W =w,Z =z, R = 1) in
the complete cases as in the extrapolation approach. In stage 2, we (a) simulate outcomes setting a = 0
and A = a under the observed exposure value among Monte Carlo resamples taken from the complete
cases, (b) weight simulated outcomes by the inverse probability of being a complete case, (c) and sum
over the joint distribution of W and Z in the complete cases.
The imputation g-computation estimator is written as:

(4‘-2) Eimpute [YO - Y] =

Zﬁ(yznA:o, W=wZ=2z R=1D)PW=w,Z=2)

w,z

- Z PY=1A=a W=wZ=2z R=1DPA* =alW=wZ=2)P(W=wZ=12)

w,z,a
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where a denotes the realized value of observed exposure or imputed exposure (where missing). A
separate model is specified in stage 1 to estimate the conditional probability of exposure among those
with complete information, (i.e., P(A = 1|W =w,Z = z,Y = y, R = 1)); in stage 2, (a) values of
exposure are imputed for each woman with missing exposure information in the Monte Carlo resamples
taken from the full population using the conditional probabilities estimated in stage 1, and (b) outcomes
are simulated under the full joint distribution of imputed or observed a*, w, and z. Because no values for
a are imputed when a is set to 0, the first part of the equation for Y° in equation 5.1 is identical to that of
the extrapolation approach in 3.1.
C5. Analyses of Example Cohort

We used proposed two-stage g-computation estimators as well as the naive, complete case g-
computation estimator to estimate parameters of interest among our simulated cohort of 1623 HIV-
positive women. We estimated 12-month absolute risks of emergency room/hospital visit or death if all
women were to receive short duration opioid prescriptions for <7 days (i.e., £[Y*=°] if all women were
to receive long duration opioid prescriptions for >7 days (i.e., E[Y%=1] ), and if prescription practices
were to remain unchanged (i.e., E[Y]). We estimated risk differences contrasting the average treatment
effect if all women received short duration versus long duration opioid prescriptions as well as the
average intervention effect if all women received short duration opioid prescriptions versus the status quo.

Because two-stage IPW and imputation g-computation can also estimate the average treatment
effect, we used them in addition to the extrapolation estimator to compare approaches. In all analyses, we
used a Firth correction'® to improve model convergence. We estimated the standard error based on the
standard deviation of 200 nonparametric bootstrap resamples to obtain 95% confidence intervals.*® To
propagate the error in the estimation of IP weights and exposure imputation, weight estimation and

imputation were performed within bootstrap resamples.
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C6. Simulation Experiments

To assess estimator operating characteristics, we repeated analyses of the example cohort in
10,000 simulation experiments performed under the same conditions. Additionally, we varied the
percentage of complete exposure data from 10-90%. Using the proposed g-computation approaches, we
estimated absolute risks and risk differences as the average point estimate across the 10,000 experiments.
The true risks and risk differences were determined using the potential outcomes Y4=1, Y2=0 ‘and Y from
the full cohort prior to imposing missing exposure information. Bias was defined as the difference
between the estimated and true risk or risk difference. Root mean squared error was computed as the
square root of the sum of the squared bias and variance. 95% confidence limit coverage was defined as
the proportion of times the 95% confidence limit trapped the true parameter value across the 10,000
simulation experiments.

Furthermore, we conducted 10,000 simulation experiments on four cohorts generated under
scenarios in which all but one of the conditions remained the same as in our motivating example. In the
first scenario, to confirm that estimators are valid, we simulated the cohort under the null opioid treatment
and intervention effects, meaning that the risk under shortened, lengthened, and natural course opioid
durations were equal and the risk differences were 0. In the second scenario, we generated the cohort
under a case in which opioid information was missing completely at random to confirm standard g-
computation works in this restrictive setting. In the third scenario, to assess performance of two-stage
versus complete case approaches in the presence of strong modification, we generated the cohort under a
case in which there was stronger modification of the opioid intervention effect by Z than in the base case.
Finally, in the fourth scenario, to minimize finite sample bias, we increased the cohort size from 1,623 to
7,500 women.

D. Results
D1. Motivating Example Cohort
Table 5.1 presents the observed and complete data from one draw of 1623 HIV-positive women

from our simulation experiments, of whom 30% (n = 512) had complete information on opioid
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prescription duration. In the full cohort and the sample with complete exposure data, about 46% of
women had a prior history of substance use. The prevalence of substance use history was higher among
those receiving long duration versus short duration opioid prescriptions (53% versus 34%). About 42% of
the full cohort was not engaged in regular HIV care compared to only 14% of those with complete data,
due to lack of engagement in regular HIV care decreasing the likelihood of successful prescription record
linkages. The 12-month risk of emergency room/hospital visit or death was higher in the full cohort
(31%) compared to the sample with complete data (21%).

Table 5.2 presents the 12-month risks and risk differences for emergency room/hospital visit or
death estimated by each of the g-computation approaches. The true risk of emergency room visit or death
was 38.9% if all women received long duration opioid prescriptions, 20.3% if all women received short
duration opioid prescriptions, and 30.7% under the natural course (i.e., status quo) in which 60% of
women received long duration prescriptions and 40% received short duration prescriptions. Estimates
obtained with the naive complete case g-computation approach were biased downward and did not
include the true value in the 95% confidence limits with the exception of the absolute risk under short
duration prescriptions. The IPW and imputation g-computation estimators addressed missing values of
opioid prescription duration to recover the risk under the natural course.

D2. Simulation Experiments

We repeated simulation and analyses of a cohort of 1623 HIV-positive women in 10,000
experiments. Figure 5.2 displays the risk differences estimated across 10,000 simulation experiments with
30% complete opioid prescription data. The true risk difference contrasting the provision of short duration
versus long duration opioid prescriptions to all women (i.e., the average treatment effect) was -18.1%. All
two-stage g-computation approaches except the complete case g-computation estimator yielded valid
estimates. The IPW and imputation estimators, which can additionally be used to estimate the average
intervention effect, performed well in estimating the true -11.1% reduction in the risk of emergency

room/hospital visit or death.
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The additional models specified for two-stage estimators of the average treatment effect resulted
in larger standard errors than the complete case approach (Extrapolation SE: 5.1; IPW SE: 5.2; Imputation
SE: 5.1; Complete Case SE: 3.7; Table 5.3a) as did the IPW and imputation g-computation estimators of
the average intervention effect (IPW SE: 3.4; Imputation SE: 3.3; Complete Case SE: 2.3; Table 5.3b);
however, root mean squared error was lower with two-stage estimation of the average treatment and
intervention effects due to the large reduction in bias achieved by these estimators; confidence limit
coverage was 94%. Two-stage approaches yielded estimates that were less biased than those from the
complete case approach across all levels of complete data, and standard error decreased with increasing
percentage of complete data (Figures 5.3 and 5.4).

Two-stage approaches performed well under the four scenarios incorporating null treatment and
intervention effects, data missing completely at random, strong effect measure modification by Z, and
large sample size (Tables 5.4a and 5.4b). When data were missing completely at random, the complete
case g-computation estimator yielded valid estimates of the average treatment and intervention risk
differences as expected, though there was a slight improvement in standard error with two-stage
approaches as a result of the additional covariate information leveraged from the full sample. In all other
scenarios, the complete case g-computation estimator failed to provide valid estimates.

E. Discussion

In our hypothetical HIV-positive cohort and varied simulation scenarios, two-stage g-
computation estimators successfully leveraged completely observed exposure information on a subset of
the cohort along with partially observed information on the full sample to provide valid population-level
estimates of parameters of interest. Analogous to existing two-stage sampling designs for traditional
regression estimators of conditional parameters,®®"% two-stage g-computation estimators of risks and
risk differences reduced bias compared to the traditional g-computation estimator fit to complete cases.

In all two-stage g-computation approaches, we included the covariate Z in the outcome model.
Although Z was not a confounder, it was a predictor of complete information and the outcome.

Consequently, conditioning on Z in the outcome model was necessary for d-separation of completeness
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and the outcome,**’

as well as the models for IPW or exposure imputation to take into account the missing
information.™*® When Z was left out of the outcome model, all two-stage approaches failed to provide
unbiased effect estimates (Appendix B of the Supplemental Text; aFigure 1). Planning of studies should
therefore include data collection on not only potential confounders but also additional covariates that are
likely to predict both the outcome and having complete exposure.

It should be noted that we correctly specified IPW and imputation models for missing data in our
simulation experiments. In determining which approach to use to estimate the average intervention effect,
it will be important to consider one’s ability to correctly model either the mechanism of complete
information (for IPW) or the missing exposure values (for imputation). In practice, investigators might
have better insight into one of these models. In validation studies relying on protocols for sampling a
subset of the full population for improved exposure measurement, knowledge of the sampling mechanism
can be leveraged in IPW. Alternatively, in circumstances where treatment is measured haphazardly, it
might be easier to specify the imputation model.

Although two-stage approaches reduced bias across all levels of complete exposure data
compared to the complete case estimator of average treatment and intervention effects, point estimates for
the risk differences were not unbiased at lower percentages of complete data. This is likely due to finite
sample bias imposed by the sample conditions of our simulation scenario. Bias decreased with decreasing
percentage of missing data, and this pattern was less pronounced with a larger cohort size of N = 7500
(Appendix B of the Supplemental Text; aFigure 2). Nonetheless, even at low percentages of complete
data in the original cohort of N = 1,623, two-stage approaches dramatically reduced bias compared to the
complete case approach.

Because we generated our original cohort of N = 1623 with a 40% (n = 649) prevalence of short
duration prescriptions and a 19% (n = 123) marginal risk of the outcome in this group, the number of
observed events became small at low percentages of complete data (e.g., 10% complete data: about 12
events; 20% complete data: about 25 events; 30% complete data: about 37 events). Thus, in some of these

scenarios, we had fewer than 10 events per variable in the model. Though we used a Firth correction**? to
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improve model convergence, consideration of the number of events within strata of exposure and
covariates is important in analyses and might be used to motivate sampling designs that enrich for the
outcome and covariates needed to ensure positivity. The covariates used to define these sampling designs
would then become a part of the vector Z used to address partially observed data in two-stage g-
computation estimation of parameters of interest. Further exploration of finite-sample properties of
complete case and two-stage g-computation estimators would guide investigators in best practices for
study planning and design.

We estimated a special case of an intervention effect in which it was possible to shorten the
duration of initial opioid prescriptions among all HIV-positive women.** An example of an intervention
that achieves this might be a change in electronic medical systems that prohibits physicians from
submitting an opioid prescription for a patient that exceeds 7 days. However, in many clinical and public
health policy settings, it might not be possible or desirable to completely eliminate an exposure through
intervention. For example, in our study, we might also consider the same intervention to prohibit
prescriptions exceeding 7 days but modified with an option for the physician to override this if patients
are receiving the prescription for recovery from a specific type of surgical procedure. In this type of
targeted dynamic intervention,® we could similarly use two-stage IPW or imputation g-computation
estimators to recover the risk of the outcome under interventions that eliminate exposure among specific
subgroups.

Finally, the proposed two-stage g-computation approaches for missing information are also
methods to estimate the g-formula for generalizability.'***% The causal structure considered in this paper
is identical to that which is considered in generalizability studies; the subset of those with complete
information in our example (i.e., R = 1) is akin to those selected for the study (i.e., S = 1), while those
with partially observed information in the full sample are akin to those with partially observed
information in the target population. Therefore, two-stage designs could be applied to generalize
estimated effects from a study sample to a target population of interest if information on the context (i.e.,

W and Z) is available.
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F. Conclusion

Advancements in methods and available statistical software programs as well as increasing access
to fragmented, real-world data provide new opportunities to answer pressing public health questions
among vulnerable populations. While missing data threaten validity and precision of estimates, two-stage
study sampling designs have been employed in traditional regression analyses to overcome these
challenges. Our study demonstrates that such designs can be extended to parametric g-computation
estimation to quantify impacts of potential interventions and make progress in the face of these

complexities.
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Figure 5.1. Causal diagram used to generate a hypothetical cohort of 1,623 HIV-positive women where A
represents initial opioid prescription duration, Y represents emergency room visit or death from any
cause, W represents history of substance use, Z represents not being established in regular HIV care, and
R is an indicator of having observed opioid prescription information with R = 1 indicating observed
status and, therefore, selection into the sample of complete cases.

R=1|- Z
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Figure 5.2. Risk difference estimated by g-computation approach contrasting provision of short duration versus long duration opioid prescriptions
(Panel A) and provision of short duration prescriptions versus the status quo prescribing practice (Panel B) among 1,623 HIV-positive women with
30% complete opioid information, 10,000 simulation experiments.
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Figure 5.3. Bias (Panel A) and standard error (Panel B) for the average treatment effect of shortening versus lengthening opioid prescription
duration among 1,623 HIV-positive women estimated by g-computation approach to address missing opioid data, 10,000 simulation experiments
with complete opioid data varying from 10-90%.
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Figure 5.4. Bias (Panel A) and standard error (Panel B) for the average intervention effect of shortening opioid prescription duration versus the
status quo prescribing practice among 1,623 HIV-positive women estimated by g-computation approach to address missing opioid data, 10,000
simulation experiments with complete opioid data varying from 10-90%.
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Table 5.1. Observed and complete data for a simulated cohort of 1,623 HIV-positive women. ?

Full Cohort Sample with Complete Exposure Data
. Overall Overall Opioid RX 7+ days Opioid RX <7 days

Characteristic (N = 1,623) (n=512) (n=337) (n=175)

No. % No. % No. % No. %
Substance use history 747 46.0 238 46.5 178 52.8 60 34.3
Not receiving regular 674 415 70 13.7 41 12.3 29 16.6
HIV care
Emergency room visit 498 30.7 109 21.3 83 24.6 26 14.9

or death

2 One draw from our simulation scenario when complete opioid information is available for 30% of the cohort.

Table 5.2. Estimates of the twelve-month risks (95% confidence intervals)® of emergency room visit or
death in a cohort of 1,623 HIV-positive women, by g-computation approach to address missing opioid

information. °

Prescription duration

Truth

Complete Case

Extrapolation

IPW

Imputation

Absolute risks, %
>7 days
<7 days
Status quo

Risk differences, %
<7 vs. >7 days

<7 days vs. status
quo

38.9

20.3

30.7

-18.6

-10.4

24.6 (20.4, 28.9)
17.2 (11.3, 23.1)

21.6 (18.1, 25.0)

-7.4(-14.6, -0.2)

-4.4.(-9.4,0.7)

39.2 (32.6, 45.8)

20.7 (12.9, 28.5)

-18.5 (-28.4, -8.6)

39.1(32.1,46.1)
20.2 (12.6, 27.9)

30.4 (24.6, 36.3)

-18.9 (-28.6, -9.2)

-10.2 (-16.6, -3.8)

39.2 (32.6, 45.8)
20.7 (12.9, 28.5)

30.7 (25.9, 36.1)

-18.5 (-28.4, -8.6)

-10.3 (-16.8, -3.9)

Abbreviations: IPW, inverse-probability weighting.

aStandard error calculated as the standard deviation of the point estimate across 200 nonparametric bootstrap

samples.

®Based on one draw from our simulation scenario with the study characteristics provided in Table 1 and where
complete opioid information is available for 30% of the cohort.
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Table 5.3a. Performance of g-computation approaches addressing missing data to estimate average treatment effect of shortening versus
lengthening opioid prescription duration among a cohort of 1,623 HIV-positive women, 10,000 simulation experiments. ?

Complete Case Extrapolation IPW Imputation
Estimate Monte Carlo Estimate Monte Carlo Estimate Monte Carlo Estimate Monte Carlo
error error error error

Bias® 12.4 (0.037) 0.8 (0.052) 0.9 (0.053) 0.8 (0.052)
Standard deviation of bias ¢ 3.7 5.2 5.3 5.2

Average standard error ¢ 3.7 (0.003) 5.1 (0.005) 5.2 (0.005) 5.1 (0.005)
Mean squared error © 1.8 (0.010) 0.5 (0.004) 0.6 (0.004) 0.5 (0.004)
Root mean squared error f 13.0 (0.036) 7.0 (0.022) 7.1 (0.023) 7.0 (0.022)
Confidence limit coverage ¢ 8.0 94.2 94.1 94.2

Abbreviations: IPW, inverse-probability weighting.

2 Complete opioid information is available for 30% of the cohort.

b Defined as the difference between the estimated and true risk difference.

¢ Defined as the standard deviation of the bias across 10,000 simulation experiments.

9 Defined as the standard error based on the standard deviation from 200 nonparametric bootstrap resamples averaged across 10,000 simulation experiments.
¢ Defined as the sum of the squared bias and variance.

f Defined as the square root of the sum of the squared bias and variance.

9 Defined as the proportion of times the 95% confidence limit trapped the true parameter value across the 10,000 simulation trials.
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Table 5.3b. Performance of g-computation approaches addressing missing data to estimate average intervention effect of shortening opioid
prescription duration relative to the status quo among a cohort of 1,623 HIV-positive women, 10,000 simulation experiments. ?

Complete Case IPW Imputation
Estimate Monte Carlo Estimate Monte Carlo Estimate Monte Carlo
error error error

Bias® 7.4 (0.023) 0.5 (0.034) 0.5 (0.034)
Standard deviation of bias © 2.3 3.4 34

Average standard error ¢ 2.3 (0.002) 3.4 (0.004) 3.3 (0.003)
Mean squared error © 0.7 (0.004) 0.2 (0.002) 0.2 (0.002)
Root mean squared error f 7.8 (0.022) 4.7 (0.015) 4.5 (0.014)
Confidence limit coverage ¢ 9.9 93.7 93.6

Abbreviations: IPW, inverse-probability weighting.

2 Complete opioid information is available for 30% of the cohort. Extrapolation approach is not shown because only the average treatment effect is estimated
with this approach.

b Defined as the difference between the estimated and true risk difference.

¢ Defined as the standard deviation of the bias across 10,000 simulation experiments.

4 Defined as the standard error based on the standard deviation from 200 nonparametric bootstrap resamples averaged across 10,000 simulation experiments.
¢ Defined as the sum of the squared bias and variance.

f Defined as the square root of the sum of the squared bias and variance.

9 Defined as the proportion of times the 95% confidence limit trapped the true parameter value across the 10,000 simulation trials.
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Table 5.4a. Performance of g-computation estimators of the average treatment effect under varied sample conditions with 30% complete opioid

information.
Null Intervention Effect @ Missing Completely at Random ®
Parameter
Truth CcC Extrap IPW Impute Truth CcC Extrap IPW Impute

Risks

>7 days 30.5 18.0 30.9 305 30.6 37.9 37.9 38.0 38.0 38.0

<7 days 30.5 28.3 30.6 30.8 30.9 194 19.8 19.9 19.9 19.9
Risk difference
<7 vs >7 days 0.0 10.3 0.3 0.3 0.3 -18.6 -18.3 -18.1 -18.1 -18.1
Performance ©
Bias' 10.3 0.3 0.4 0.3 0.3 0.5 0.5 0.5
STD of bias ¢ 3.9 5.6 5.6 5.6 4.4 4.2 4.2 4.2
Average SE " 3.9 5.6 5.6 5.6 4.3 4.1 4.1 41
MSE | 1.4 0.6 0.6 0.6 0.4 0.3 0.3 0.3
RMSE | 11.2 7.6 7.6 7.6 5.9 5.6 5.6 5.6
CoverageX 24.6 94.4 94.5 94.4 94.5 94.6 94.6 94.6
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Table 5.4a (continued)

Increased Effect Measure Modification © Increased Sample Size ¢
Parameter
Truth CcC Extrap IPW Impute Truth CcC Extrap IPW Impute

Risks

>7 days 37.9 23.9 37.9 37.9 37.9 37.9 23.9 37.9 37.9 37.9

<7 days 19.7 22.7 19.9 19.9 19.9 19.4 17.7 19.5 19.5 19.5
Risk difference
<7 vs >7 days -18.2 -1.3 -18.0 -18.0 -18.0 -18.5 -6.3 -18.4 -18.3 -18.4
Performance ©
Biasf 16.9 0.2 0.2 0.2 12.3 0.2 0.2 0.2
STD of bias ¢ 1.8 2.3 2.6 2.3 1.8 2.5 2.6 2.5
Average SE " 1.8 2.3 2.6 2.3 1.7 2.4 2.6 2.4
MSE ! 2.9 0.1 0.1 0.1 1.6 0.1 0.1 0.1
RMSE ! 17.0 3.2 35 3.2 124 3.3 35 3.3
CoverageX 0.0 94.7 95.1 94.7 0.0 94.2 94.6 94.2

Abbreviations: CC, complete case; Extrap., extrapolation; IPW, inverse-probability weighting; STD, standard deviation; SE, standard error; MSE, mean squared error; RMSE,
root mean squared error.

2Cohort of 1,623 HIV-positive women where shortening duration of opioid prescription has no effect on 12-month risk of emergency room/hospital visit or death.

b Cohort of 1,623 HIV-positive women where opioid information is missing completely at random.

¢ Cohort of 1,623 HIV-positive women where the presence of covariate Z (which also influences the probability of complete information and the outcome) modifies the
relationship between opioid duration and the outcome in opposite directions; Z increases risk of outcome for those with long duration opioid prescriptions and decreases the
outcome for those with short duration opioid prescriptions.

dCohort of 7,500 HIV-positive women.

¢ Presented for estimates of the risk difference quantifying the effect of shortening opioid prescriptions among all women versus lengthening prescriptions among all women.
fDefined as the difference between the estimated and true risk difference.

9 Defined as the standard deviation of the bias across 10,000 simulation experiments. .

" Defined as the standard error based on the deviation from 200 nonparametric bootstrap resamples averaged across 10,000 simulation experiments.

i Defined as the sum of the squared bias and variance.

I Defined as the square root of the sum of the squared bias and variance.

k Defined as the proportion of times the 95% confidence limit trapped the true parameter value across the 10,000 simulation trials.
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Table 5.4b. Performance of g-computation estimators of the average intervention effect under varied sample conditions with 30% complete opioid

information. @

Null Intervention Effect ©

Missing Completely at Random ©

Parameter
Truth Complete Case IPW Imputation Truth Complete Case IPW Imputation

Risks

<7 days 30.5 28.3 30.8 30.9 19.4 19.8 19.9 19.9

Status quo 30.5 22.0 30.5 30.6 30.5 30.7 30.7 30.8
Risk differences
<7 vs status quo 0.0 6.3 0.3 0.3 -11.1 -10.9 -10.8 -10.8
Performance f
Bias? -8.4 0.1 0.1 0.2 0.3 0.3
STD of bias " 2.4 3.5 3.5 2.7 2.7 2.6
Average SE ! 2.5 35 35 2.7 2.6 2.6
MSE ! 0.1 0.2 0.2 0.1 0.1 0.1
RMSE X 6.8 4.7 4.7 3.7 3.6 3.5
Coverage' 27.4 95.0 94.9 94.6 94.7 94.6
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Table 5.4b (continued)

Parameter Increased Effect Measure Modification ¢ _ Increased Sample Size © _
Truth Complete Case IPW Imputation Truth Complete Case IPW Imputation
Risks
<7 days 19.7 22.7 19.0 19.0 19.4 17.7 19.5 19.5
Status quo 30.6 23.4 30.6 30.7 30.5 214 30.5 30.5
Risk differences
<7 vs status quo -10.9 -0.7 -10.7 -10.7 -11.1 -3.8 -10.9 -11.0
Performance f
Bias® 10.2 0.2 0.2 7.3 0.1 0.1
STD of bias " 11 1.8 1.6 1.1 1.8 1.6
Average SE ! 1.1 1.8 1.5 1.1 1.7 1.6
MSE 1.1 0.1 0.0 0.6 0.1 0.1
RMSE K 10.2 2.4 2.1 7.4 2.4 2.1
Coverage' 0.0 94.6 94,5 0.0 94.4 94.2

Abbreviations: IPW, inverse-probability weighting; STD, standard deviation; SE, standard error; MSE, mean squared error; RMSE, root mean squared error.
aExtrapolation approach is not shown because only the average treatment effect is estimated with this approach.

b Cohort of 1,623 HIV-positive women where shortening duration of opioid prescription has no effect on 12-month risk of emergency room/hospital visit or death.

¢ Cohort of 1,623 HIV-positive women where opioid information is missing completely at random.

d Cohort of 1,623 HIV-positive women where the presence of covariate Z (which also influences the probability of complete information and the outcome) modifies the
relationship between opioid duration and the outcome in opposite directions; Z increases risk of outcome for those with long duration opioid prescriptions and decreases the
outcome for those with short duration opioid prescriptions.

¢ Cohort of 7,500 HIV-positive women.

f Presented for estimates of the risk difference quantifying the effect of shortening opioid prescriptions relative to the status quo.

9 Defined as the difference between the estimated and true risk difference.

" Defined as the standard deviation of the bias across 10,000 simulation experiments. .

i Defined as the standard error based on the deviation from 200 nonparametric bootstrap resamples averaged across 10,000 simulation experiments.

i Defined as the sum of the squared bias and variance.

k Defined as the square root of the sum of the squared bias and variance.

I Defined as the proportion of times the 95% confidence limit trapped the true parameter value across the 10,000 simulation trials.



CHAPTER 6: DISCUSSION

A. Overview of Key Findings

The overall objectives of this work were to 1) use novel quantitative methods to estimate the
long-term impact of combined interventions on non-AlIDS risk factors among women with HIV and 2)
develop two-stage approaches to estimate treatment and intervention effects from observational HIV data
when exposure information is partially missing.

Al. Aim1

In Aim 1 we were able to use the parametric g-computation algorithm and nearly two decades of
observational data collected in the WIHS to estimate the risks of all-cause mortality that would be
observed under combined interventions on non-AlIDS risk factors. Much attention to date has focused on
evaluating ART-based interventions without considering intervention portfolios that more
comprehensively address the complex health threats experienced by those with HIV. Yet, ART treated
individuals with HIV still face greater health disparities and a higher burden of comorbidities than the
general population.*™* With 65% of those with HIV estimated to be affected by 2 or more chronic
conditions,'® morbidity solely attributable to HIV is the exception, not the norm. Thus, evaluating the
long-term impacts of interventions on non-AlDS risk factors is critical to the development of improved
healthcare delivery guidelines among those with HIV.

We estimated the risks of mortality in the WIHS under interventions on alcohol and smoking
combined with prompt initiation of ART in the modern treatment era. We estimated risks under
interventions (nearly) eliminating each of these risk factors as well as risks under more realistic
interventions that reduced the prevalence of these risk factors based on the expected efficacy of existing

interventions. To quantify the impact of additionally targeting non-AIDS risk factors compared to status
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guo healthcare delivery among those with HIV, we compared the risk of mortality under each intervention
portfolio with the risk of mortality under an intervention on prompt initiation of modern ART alone using
risk differences and ratios.

Our results suggest that while the risk of all-cause mortality in the WIHS dramatically decreases
with prompt initiation of modern ART, further reductions in the mortality risk are possible with
interventions on non-AlDS risk factors. We specifically evaluated the effects of interventions on alcohol
and smoking because previous research has shown more pronounced adverse effects of these factors
among those with HIV.***"4" Additionally, detailed information on alcohol and smoking has been
systematically collected in the WIHS since its outset which offers an ideal opportunity for leveraging rich,
longitudinal data from a generalizable study population to evaluate potential intervention effects.

The 8-year risk of all-cause mortality was lowest under interventions on smoking as opposed to
interventions on alcohol. This was unsurprising given that the prevalence of smoking in the WIHS is
much higher than that of alcohol use. Additionally, whereas the adverse effects of smoking on morbidity
and mortality among populations with HIV are strong,** the effects of various levels of alcohol
consumption among those with HIV, particularly women, are not as well-understood. It is possible that
the effects of alcohol consumption levels among women with HIV varies by characteristics other than
HCV status.

While all sets of intervention portfolios suggested improved survival in the WIHS, we found that
sets that eliminated rather than reduced the prevalence of non-AlDS risk factors were most effective. This
was particularly evident for the intervention on smoking. The intervention that combined universal
initiation of modern ART with elimination of smoking (which assumes an intervention with 100%
efficacy) reduced the 8-year risk of mortality by 18% compared to an intervention on modern ART
initiation alone. However, the intervention that combined universal initiation of modern ART with a real-
world behavioral smoking cessation intervention reduced the 8-year risk of mortality by 9%. The main

reason for this difference is that the existing intervention has only a 0.16 probability of achieving smoking
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cessation. Yet, this is more representative of the expected efficacy of many other existing smoking
cessation interventions.

Overall, our findings from Aim 1 suggest that noteworthy improvements in survival may be
achieved with interventions targeting alcohol and smoking risk behaviors among women with HIV. To
obtain the best outcomes, however, more efficacious interventions are needed. Additionally, interventions
targeting other non-AlIDS risk factors should be considered and may more significantly reduce the risk of
all-cause mortality as compared to interventions on alcohol.

A2. Aim 2

In Aim 2 we used missing data theory and two-stage study design approaches to develop two-
stage g-computation estimators of the average treatment and intervention effects that can be used in the
presence of missing exposure information. With attention shifting to more comprehensive healthcare
delivery strategies among those with HIV, existing observational cohorts will continue to be an important
source of information for generalizable and cost-effective studies of interventions on non-AIDS risk
factors. For example, it is likely that future studies will entail intervention trials nested in existing cohorts
or enhancing previously collected cohort data with data from other sources to form hybrid study designs.
While the parametric g-computation algorithm is a powerful tool in using observational data to estimate
intervention effects in a population of interest, it requires adaptations to accommodate challenges that will
arise with missing and imperfectly measured data in these situations.

We developed and validated an extrapolation g-computation estimator of the average treatment
effect and two-stage inverse probability weighted and exposure imputation g-computation estimators of
the average intervention effect in a simulation study motivated by the WIHS. We considered a
hypothetical scenario in which the goal was to estimate the effect of opioid prescription duration on the
12-month risk of hospital/emergency room visit or death in the WIHS, supplementing existing WIHS data
with electronic medical record linkages to obtain prescription information for a sample of WIHS
participants in regular HIV care. To illustrate and validate the two-stage approaches, we applied

estimators in a cohort simulated to represent 1623 women in the WIHS in 10,000 Monte Carlo simulation
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trials. We varied the percentage of missing opioid prescription information from 10-90% and examined
additional scenarios in which there was a null treatment effect, data were missing completely at random,
there was increased effect measure modification, and there was an increased sample size. To assess
operating characteristics of approaches, we estimated bias, average standard error, root mean squared
error, and confidence limit coverage.

Our results suggest that all two-stage estimators explored have good operating characteristics in
the presence of missing exposure information compared to a naive g-computation estimator fit to the
sample with complete data. The two-stage extrapolation g-computation estimator of the average treatment
effect was unbiased across all scenarios. While the average standard error was higher than that of the
complete case analysis, the reduction in bias resulted in a smaller root mean squared error. The two-stage
extrapolation estimator also approached the nominal 95% confidence limit coverage. Similarly, the two-
stage inverse probability and exposure imputation g-computation estimators of the average intervention
effect were unbiased, had increased average standard error but decreased root mean squared error, and
approached nominal 95% confidence limit coverage.

Overall, our findings in Aim 2 demonstrate that naive g-computation estimators fit to complete
cases can lead to significantly biased results in the presence of missing exposure information but two-
stage g-computation estimators can overcome this limitation. It is possible to leverage complete covariate
and outcome data on the total study population of interest along with partially observed exposure
information to estimate average treatment and intervention effects. This presents new avenues for cost-
effective, efficient study designs of non-AlDS-related interventions necessary to answer pressing
guestions regarding optimal healthcare delivery among those with HIV in the modern ART era.

B. Limitations

There are important limitations of our work. In Aim 1, these include imperfect measures and

variable definitions as well as potential violations in modeling assumptions. Aim 2 was primarily limited

by the structure of our simulation design.
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First, it should be noted that when estimating the effects of interventions on non-AIDS risk
factors in the WIHS in Aim 1, we used self-reported alcohol and smoking information. Alcohol
consumption and smoking status is reported by WIHS participants during semi-annual study visits and
may be subject to measurement error. Due to social desirability bias, it is possible that WIHS participants
may underreport alcohol and smoking. This may lead to underestimating alcohol use and smoking in the
WIHS in which case we would have intervened on fewer women than should have actually received
interventions based on their true risk factor status. However, in practice, it is the potentially mismeasured
self-reported risk factor information that clinicians will likely use to make intervention decisions.

Second, there were three main limitations specific to our interventions on alcohol use. Among
those with HCV, alcohol interventions were based on HCV status at baseline. Clinicians might be more
likely to use HCV status over time to make decisions about alcohol consumption at each time point. We
used baseline measures of HCV, because data were available for most WIHS participants at this visit.
However, future studies will likely benefit from accounting for HCV clearance or new infections.

Additionally, our specified interventions on alcohol consumption among those without HCV
relied on a somewhat arbitrary limit of alcohol consumption. National recommended safe limits for
women are no more than 7 drinks per week and no more than 3 drinks in one day.** In men with HIV,
however, lower thresholds of alcohol consumption result in higher risk of physiologic injury and
mortality than those without HIV.*" Analogous studies are absent for women, but we considered that they
may similarly be adversely affected by alcohol at lower thresholds of consumption than those dictated by
national recommendations for the general population. In sensitivity analyses, we assessed alternate cut
points but more restrictive limits did not meaningfully change results. Future research will be needed to
define appropriate alcohol consumption limits for both men and women with HIV.

Finally, the interventions we modeled to reduce the prevalence of alcohol consumption were less
well-defined than the intervention on smoking. We used the expected efficacy of an alcohol reduction
intervention among those with HCV, but these results were from a small sample of patients at HCV

clinics and was not specific to women with HIV.*?® Because alcohol interventions are typically conducted
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among those with more severe alcohol dependency, there was little information regarding the efficacy of
interventions to lower drinking among those without as extreme consumption levels. Thus, for those
without HCV, we modeled a hypothetical intervention in which it was possible to limit drinking to 3
drinks per week among all women reporting higher levels of consumption.

Third, our definition of prompt initiation of modern ART was broader than would have been
ideal. Because WIHS is an interval cohort and visits occur semi-annually, we needed to define “prompt”
initiation as initiation occurring by the first follow-up visit. This is a crude measure of time to ART
initiation, but we could not further distinguish time to initiation because initiation dates in the WIHS are
recorded as the first date observed to be on ART while under WIHS study. Currently, research is focusing
on “immediate” or “rapid” ART initiation strategies in which timing of ART initiation occurs within days
or weeks of HIV diagnosis.'****® This is likely a more relevant window and would have been considered
had data been available. Furthermore, we defined “modern ART” as initiation of ART at/after 1 October
2001 (the period after which tenofovir had been approved and became a common drug in combination
ART regimens).t** This is analogous to an intent-to-treat design in which we assume individuals initiating
ART in this time period initiated modern ART regimens. We did not specifically assess whether regimens
contained tenofovir, so it is possible that not all women initiating ART during this period initiated modern
regimens.

Fourth, we assumed a set of sufficient conditions for parametric g-computation estimation of the
effect of interventions on mortality in the WIHS which may have been violated to some extent. We
assumed consistency which is often described as no interference and no treatment version relevance. %1%
Consistency entails that the risk of mortality for WIHS participants who were observed to receive the
intervention of interest is equal to the risk of mortality that would be observed if the intervention status
was set to the value of interest. For example, the risk of mortality for women who were observed to
promptly initiate ART in the modern treatment era is equal to the risk of mortality for women if they had

not “naturally” promptly initiated ART in the modern treatment era but, rather, were set to do so.
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Interference is not a concern in this setting as it is unlikely a woman’s intervention portfolio (e.g.,
receiving the smoking cessation intervention combined with modern ART initiation) would affect another
woman’s risk of mortality. In evaluating the potential for treatment version relevance, we need to
consider whether varying versions of the intervention have differing effects on mediating variables and
outcomes. In regards to prompt initiation of modern ART, there might be some treatment version
relevance that is masked by our crude definition of ART timing. For example, initiating ART within 1
month versus 5 months of study entry likely has differing impacts on time-varying covariates (e.g., CD4
count and viral load) and outcomes. Because we cannot distinguish between these timing strategies,
however, our intervention represents an ART initiation time that is averaged over unobserved initiation
times. This may limit generalizability to a setting in which the distribution of unobserved initiation times
is different.

With smoking and alcohol interventions, assessing consistency is more complicated because we
used efficacy estimates from outside of the WIHS. Thus, we needed to make a further assumption that
there are no indirect pathways between the intervention and outcome that do not pass through the
exposure™ (i.e., the intervention exclusion restriction assumption); or, if there are indirect pathways, they
are appropriately modeled. For the smoking intervention, we assumed that the behavioral intervention did
not have effects on variables other than smoking status. For the alcohol intervention, we assumed that the
intervention did not have effects on variables other than alcohol intake (though we did allow changes in
alcohol intake to effect smoking status). However, we tried to select interventions that had minimal
effects on indirect pathways to mortality. Smoking and alcohol interventions that include more intensive
cognitive behavioral therapies or pharmacotherapies were likely to have greater potential for violations of
the intervention exclusion restriction assumption.

In using the parametric g-computation algorithm we also assumed conditional exchangeability
(i.e., no unmeasured confounding or selection bias).*'® Unmeasured confounding is always a threat to
observational studies. In our setting, there was likely a greater threat to conditional exchangeability for

smoking and alcohol interventions than for ART initiation. Because guidelines for smoking and
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especially alcohol reduction interventions are less well-defined than those for ART initiation in HIV
populations, it is possible uncontrolled confounding remains. However, the rich data collected by the
WIHS allowed us to address key baseline and time-varying confounders that would not otherwise have
been possible to account for in clinical settings. In evaluating the potential for selection bias, it is
important to consider those who were eligible for our study analysis but were excluded for missing
baseline information. As those excluded represented only 2% of the eligible sample, any differences

between those included and excluded likely have minimal impacts on results.
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We also assumed no measurement error,™" positivity, and correct specification of parametric
models. Potential issues with measurement error were described above in regards to self-reported alcohol
and smoking. To improve positivity (i.e., nonzero probability of exposures within all strata of covariates)
we carefully selected covariates, functional form, and interaction terms to avoid cells with sparse data.
While it is not possible to verify correct model specification, we compared the data distribution simulated
by g-computation to that observed in the WIHS cohort and confirmed we were able to replicate the
observed distributions.

In Aim 2, our main limitation was that our simulation was conducted in a limited region of the
possible parameter space (as is the nature of simulation studies). Therefore, our findings might not
generalize to all research settings. However, we considered a number of scenarios and clearly reported the
conditions under which simulations were performed.

Additionally, we considered a simplified scenario in which exposure was time-fixed, there were
not multiple points of study follow-up, and data were only missing for the exposure as opposed to both
exposure and covariate or outcome data. Because data were only missing for exposure, this also reduced
our scenario to an example of monotone missing data. Nonmonotonic missing data patterns are likely to
be encountered in HIV study settings and require nuanced approaches particularly when using inverse
probability weighting approaches to address missing information.**®**” Furthermore, in longitudinal

settings with missing exposure and/or covariate data at several timepoints, approaches to addressing

missing data become more complex. However, our work took the essential first step in addressing missing
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data within the parametric g-computation framework and will provide the foundation for further
extensions to these increasingly complex scenarios.
C. Strengths

Our work makes an important contribution to the literature as one of the only studies to evaluate
the long-term effects of combined interventions on non-AlDS risk factors among people with HIV as well
as the first to develop two-stage g-computation estimators that can be applied to estimate such effects
when exposure information is partially missing. With few exceptions,® the implementation of the
parametric g-computation algorithm in HIV settings has been restricted to the estimation of an
intervention on one risk factor at a time. In particular, most previous applications have focused primarily
on AIDS-related risk factors (i.e., ART treatment and timing of initiation).®®"® This is likely due to the
fact that AIDS-related comorbidities used to account for the majority of early mortality among those with
HIV.%8 10 Therefore, studies of effective HIV treatment and optimal timing of ART initiation were the
priority. Because ART has typically been a well-measured exposure captured throughout the last two
decades of clinical and observational cohort follow-up, this has presented an ideal scenario for evaluating
effects of ART-based interventions using the g-computation algorithm.

Yet, in the modern ART treatment era, it is now becoming clear that interventions on ART
initiation alone have not closed the gap in survival for those with HIV who continue to die from non-
AIDS causes 8 to 9 years earlier than those without HIV.?-? Given the complex clustering of multiple
comorbidities, it is necessary to evaluate and compare the long-term impacts of various interventions on
non-AlIDS risk factors to prioritize strategies and ultimately reduce persisting disparities. Additionally,
cost-effective and efficient evaluation of comprehensive interventions using existing cohorts requires
adaptations to the g-computation algorithm that can accommodate frequently missing and imperfectly
measured information on non-AlIDS risk factors.

Our work addressed both of the points above. First, we were able to use the g-computation
algorithm to evaluate and compare the long-term effects of interventions on alcohol and smoking.

Consequently, our study is one of the first to provide estimates of the potential long-term impacts that
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may be achieved with more comprehensive intervention portfolios. Second, we developed two-stage g-
computation estimators that can be used to estimate effects of interventions on risk factors that are less
well-measured or systematically collected in existing cohorts. Thus, our study was the first to provide
investigators with validated, sophisticated approaches to implement g-computation methods in the context
of missing data without sacrificing efficiency or validity.

Use of the WIHS for Aim 1 provided several noteworthy benefits. WIHS is the largest and
longest ongoing interval cohort study of women with HIV in the US. This provided us with a plethora of
longitudinal data that have been systematically collected at semi-annual study visits since 1998. In
particular, the WIHS has collected rich behavioral data that are not always available in clinical cohorts.
The length of follow-up time allowed us to evaluate impacts of interventions on long-term outcomes (i.e.,
8-year risk of mortality) rather than suboptimal short-term proxies as is often the case in randomized trial
settings. Finally, WIHS’s focus on women is especially important, given that most US-based HIV clinical

cohorts include over 75% men®16*

and randomized controlled trials frequently exclude or limit
enrollment of women; yet, it is women who experience the greatest burden of multimorbidity among
those with HIV.® Thus, WIHS is a critical source of information for studies examining multimorbidity
among those with HIV and providing results that can reduce disparities in comorbidities among women.
Furthermore, women enrolled in the WIHS have a race/ethnicity distribution representative of women
with HIV in the US which improves the generalizability of our findings.**

Another advantage of our work in Aim 1 is that we used prompt initiation of ART in the modern
treatment era as our reference for comparing portfolios combining ART with interventions on non-AIDS
risk factors. We chose this reference as opposed to the natural ART initiation course or prompt initiation
of ART which could have occurred before or after the availability of modern regimens because it is a
timelier, clinically relevant comparison.> Our research question was based on determining the additional
impact on survival that could be achieved by upscaling alcohol and smoking interventions compared to

the status quo healthcare delivery among those with HIV. Since the beginning of WIHS follow-up, ART

initiation guidelines have changed both in terms of timing of ART initiation and in regimen availability.
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Thus, we were more interested in contrasting interventions on non-AlDS risk factors with an intervention
that is founded in current HIV care guidelines — guidelines that focus on getting everyone on modern
ART regimens without delay. Effect contrasts (e.g., risk differences and the related “number needed to
intervene”) that leverage this reference are important to clinicians in making decisions and policymakers
for cost-effectiveness analyses.**>2

Our estimation of intervention portfolios both eliminating and reducing the prevalence of non-
AIDS risk factors is an innovative and highly significant approach. Many applications of the parametric
g-computation algorithm model hypothetical interventions that completely eliminate a risk factor or set a
risk factor to some threshold level among 100% of the study sample of interest.>¢1% While this can be
informative of the lower bound in mortality risk that could be achieved with perfectly efficacious
interventions (assuming no other effects of interventions on pathways to the outcome aside from those
modeled through exposure),*®*? its policy relevance is limited.**>* Perfectly efficacious interventions do
not exist in most cases. Thus, estimated effects of such hypothetical interventions do not correspond to
changes in outcomes that are likely to be observed when real-world interventions are implemented. This
makes it extremely difficult for clinicians to determine which risk factors are most important to target
with existing interventions to achieve optimal outcomes as well as for policymakers to assess the cost-
effectiveness of various interventions.

Westreich recently highlighted these challenges,***%*°

arguing for a new vocabulary for causal
contrasts with greater relevance to public health policy.>* He outlined several intervention contrasts that
are critical for implementation science, including the generalized intervention contrast in which outcomes
in the population are contrasted with outcomes under a scenario in which exposure is reduced but not
eliminated.>® This takes into account the fact that not everyone eligible for intervention may be reachable,
not everyone reachable may be willing to receive intervention, and importantly, that for all those
receiving intervention, the intervention will not perfectly eliminate the relevant risk factor. Thus,

generalized intervention contrasts provide a more realistic view of how changes in policy and clinical

guidelines may improve population-level outcomes in real-world settings.
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Our work contributes to the limited research to date that has provided estimates of generalized
intervention effects from observational data. In other settings, this has often been performed by using
reported efficacy estimates from trial data or meta-analyses to model reductions in the prevalence of risk
factors that are likely to be achieved by the given intervention.*®46°1% e used estimates from a
behavioral smoking cessation intervention implemented in a trial setting as well as an alcohol reduction
intervention implemented in an HCV clinic to model expected reductions in the prevalence of smoking
and alcohol that would be achieved with these interventions. These reductions of 16% and 36-62% for
smoking and alcohol interventions respectively were much smaller than the 100% efficacy assumed by
our elimination strategies. Consequently, while risks of mortality with interventions on non-AIDS risk
factors still suggested improved survival, improvements were much smaller than those under complete
elimination of risk factors (particularly for smoking). However, it is this information on which future
clinical guidelines and policy decisions relies. Our estimates of the mortality risk under both elimination
and realistic reduction of alcohol and smoking demonstrate that elimination of these risk factors can
improve survival but existing interventions are not efficacious enough to achieve these improvements.
Further research will be needed to identify better smoking cessation and alcohol elimination interventions.

Part of this further research will likely entail leveraging existing cohorts to assess additional
alcohol and smoking intervention effects and effects of interventions on other non-AIDS risk factors
using the parametric g-computation algorithm. A remaining barrier that needs to be confronted, however,
is frequently missing and imperfectly measured exposure information — both in existing cohorts as well as
hybrid study designs in which existing cohort data may be supplemented with other data sources.
Methods for accounting for missing data in the parametric g-computation framework have not been
outlined or validated. Thus, the validity of findings from parametric g-computation applications using ad-
hoc methods to account for missing data in these settings is questionable.

A major strength of our work in Aim 2 is that we adapted existing missing data theory and two-
stage analytic approaches for the parametric g-computation algorithm and validated these methods for

application in future studies. Our use and validation of existing methods applied to the parametric g-
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computation algorithm allows investigators to easily construct our developed estimators in common
statistical software programs for epidemiologic analyses. Therefore, these approaches are accessible and
immediately available to all those who may want to use them.

We also based our simulation example in a realistic setting and used the WIHS to inform
parameters. Thus, results have improved generalizability to the research scenarios investigators are likely
to encounter. The wide range of scenarios we assessed under varying sample conditions provides a
comprehensive picture of our estimators’ operating characteristics.

D. Summary and Public Health Significance

Despite over two decades of effective ART, people with HIV experience persisting disparities in
morbidity and mortality compared to the general US population, dying from non-AIDS causes 8 to 9
years earlier than those without HIV.?>?" Our work presents some of the first results regarding the
potential improvement in survival that may be achieved with comprehensive healthcare delivery strategies
that additionally target non-AIDS risk factors prevalent in populations with HIV. Given the complex
clustering of multiple comorbidities, especially among women with HIV,® it is necessary to evaluate and
compare the long-term impacts of various interventions on non-AIDS risk factors to prioritize strategies
and ultimately improve healthcare delivery.

We have illustrated how observational HIV cohort data and novel quantitative methods can be
leveraged to evaluate long-term impacts of interventions that would be difficult to assess in randomized
controlled trial settings. While randomized trials were essential in informing current ART treatment
policies including regimen and timing of ART initiation,*®*!** important limitations of this study design
have impeded its use in assessing and comparing the impact of interventions on non-AlDS risk factors.
These include (1) the large sample size required to conduct factorial randomized trials to assess multiple,
combined interventions, (2) the length of follow-up required to evaluate long-term effects on clinical
outcomes of interest rather than on their imperfect, short-term proxies, and (3) stringent inclusion and
exclusion criteria which limit generalizability of results — especially for women, racial and ethnic

minorities, and those with complex health histories who are most in need of intervention. Observational
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HIV cohorts, on the other hand, have followed large numbers of HIV-positive individuals in the US since
the early HIV epidemic. Yet, confounding remains a major concern when using traditional study
approaches in observational cohorts to quantify effects of treatments or interventions due to
nonrandomization of treatment.***

Recent illustrations of the parametric g-computation algorithm®:°737 now offer opportunities
to leverage observational data to quantify the impacts of interventions on non-AIDS risk factors, provided
that relevant exposures have been well-measured and documented over the course of cohort follow-up. In
Aim 1, we demonstrated such an application in an innovative manner that considered multiple
intervention portfolios and generalized intervention contrasts.****! Qur work provides investigators with
a framework for conducting comparative effectiveness studies in HIV cohorts as well an example of how
one can estimate effects of real-world interventions with imperfect efficacy using observational data. This
will be critical to addressing health disparities and improving health outcomes among ART-treated
women with HIV in the current treatment era. Additionally, our finding that reductions in the risks of all-
cause mortality were attenuated under real-world interventions on alcohol and smoking as compared to
the hypothetical elimination of these risk factors calls for identification of more efficacious interventions.
Our work illustrates both the potential improvement in survival that can be achieved with perfectly
efficacious interventions and the significant gap of existing interventions in terms of approaching this
100% efficacy.

While the parametric g-computation algorithm approach implemented in Aim 1 can be used by
investigators to further evaluate interventions on non-AIDS risk factors among those with HIV when
exposures have been well-measured and documented over the course of cohort follow-up, missing data
are extensive in epidemiologic studies.””*%® Complete case analyses can lead to imprecise and biased

results’®8013!

and presents a threat to the validity of results obtained when leveraging this powerful
analytic tool in frequently encountered settings of incomplete exposure information. Our work in Aim 2
has provided investigators with a framework for leveraging limited exposure information available on a

subset of the study population in two-stage g-computation estimation. Our developed estimators provide

93



investigators with improved approaches to implement causal inference methods in the context of missing
data without sacrificing efficiency or validity. Further, these approaches can guide more efficient study
design when resources are limited especially when considering nested trials and hybrid study designs in
which existing cohort data may be supplemented with other data sources.

In conclusion, this body of work provides a framework for producing clinical and policy-relevant
comparative estimates of the impact of potential comprehensive healthcare delivery strategies among
people with HIV using existing, imperfect longitudinal data sources. Our illustration, development, and
assessment of statistical approaches for leveraging observational data in realistic research settings will
facilitate the broader application of these methods to answer important public health questions among
HIV-positive and other populations. This can also improve the development of evidence-based
interventions in a timely manner, using the information presently available. Finally, our outlined

approaches can help researchers design more accurate studies in the future.
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APPENDIX A: SUPPLEMENTAL TEXT

Overview of the Parametric G-computation Algorithm

We estimated the cumulative incidence of all-cause mortality in the Women’s Interagency HIV
Study (WIHS)®°* under each set of intervention portfolios (i.e., intervention combinations) using the
parametric g-computation algorithm.®-%91%41% Analogous to inverse probability of treatment
weighting,”®%13 this approach is a generalization of standardization that may be applied to observational
data to re-express the outcome distribution under observed exposure as the outcome distribution that
would be observed under changes in, or interventions on, exposure. In longitudinal settings subject to
time-varying confounding, the parametric g-computation algorithm can provide valid estimates of the
exposure effect that would otherwise be biased with the use of traditional regression models.®"**

Applications of the parametric g-computation algorithm to estimate the risk of mortality under
interventions on antiretroviral therapy (ART) initiation using data from observational HIV cohorts have
yielded results comparable to those found in randomized controlled trial settings.®®’® Three noteworthy
advantages of this estimator are its flexibility in estimating population-level effects of realistic changes to
exposure distributions,*®**-! ability to estimate effects of interventions that depend on the natural value of
exposure,#1%41% and efficiency in quantifying impacts of multiple interventions.®*% Detailed
descriptions of the parametric g-computation and illustrations of its implementation are
available,*6:6516268-70.747597-99 Balow, we describe the implementation of this approach in our research
context.
Notation

Let uppercase letters denote random variables and lowercase letters denote potential realizations

of those variables. Let i index 1, ..., 1016 women in our study sample, j index 1, ..., J] completed visits

of follow-up, and Y;; represent an indicator of death for woman i at time j. The maximum number of
follow-up visits is ] = 16; as WIHS visits occur every 6 months, this corresponds to 8 years of follow-up

from study baseline. We use A;; to represent a binary indicator of antiretroviral therapy (ART) treatment,
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D;;j to represent categorical indicators for average drinking level per week and S;; to represent a binary
indicator of smoking. We use Z;; to represent a vector of time-varying covariates for woman i measured
at time j (i.e., CD4 count, detectable viral load, and depression) and W;; to represent a vector of time-
fixed demographic and clinical characteristics for woman i measured at baseline (i.e., j = 0). The vector
W ;; includes baseline age, race, level of education, history of injection drug use (IDU), prior exposure to
dual therapy zidovudine (AZT), wave of WIHS enrollment, CD4 count, viral load, and smoking status.
Finally, we use C;; to represent a binary indicator of being censored due to loss to follow-up which we
define as having two consecutive missed WIHS visits. All women are administratively censored after a
maximum of 8 years of completed follow-up due to sparse data at later time points.

Yii, A

At each time point j, the temporal ordering of variables is: W;; C;;; Yy;; D

is Yijs Aijs Dijs Siji Z3

(Supplemental Figure 1). The values of the time-fixed covariates W;; remain constant for each woman
throughout the study period so that for a given woman i, w;, = w;; =...= w;;. Among those who
remain uncensored and alive by visit j (i.e., C;; = Y;; = 0), values of ART (i.e., 4;;), drinking level (i.e.,
D;;), and smoking (i.e., S;;) are based on self-report corresponding to the 6-month period between j — 1
and j.

It is important to note that due to the nature of the WIHS as an interval cohort, exposure to ART,
alcohol, and smoking, while occurring between j — 1 and j, are documented at time j. It is unknown from
the observed data whether, among those who die before a given follow-up visit, there was a change in
exposure status in the time period between the last follow-up visit at which they remained alive (and
uncensored) and their death date. ART initiation dates are recorded as the first WIHS visit date at which
individuals report having initiated ART, while death dates are recorded as actual dates of death.
Therefore, we assume that those who had not initiated ART at the last visit at which they remained alive
and uncensored did not do so before their death. Similarly, we assume drinking and smoking status did
not change between the last visit at which women remained alive and uncensored and their death. Or

rather, in both cases, we assume that any change in ART, drinking, or smoking between the last follow-up
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visit and a death occurring less than 6 months later was too short of an exposure period to notably affect
the risk of death.

Among those who remain alive and uncensored at time j, measured values of time-varying
covariates (i.e., Z;;) correspond to real time, or nearly real time, measures at j. Specifically, CD4 cell
count and viral load are measured by laboratory tests conducted at the time of the WIHS visit. Depression
is measured by a validated questionnaire®® that asks women to report symptoms experienced during the
last week. In the remaining text we suppress subscript i.

The cumulative incidence of mortality in the WIHS under the observed exposure history (i.e., no

intervention on ART initiation or non-AlIDS risk factors) at time j can be expressed as Equation 1:

j = 5,|D; , ,
k — - — — _
F(]')=§ E E E § E ||P(Dm:dm|Dm—1:dm—1r L1 =Zyg Wy =wp, Gy = m=0)><

zj 55 d;j aj wj k=0

Parameters of Interest

For our base scenario (i.e., Portfolio 1), our parameter of interest is the cumulative incidence of
mortality in the WIHS under universal, prompt initiation of ART in the modern treatment era. We adapt
the above formula to reflect this parameter by setting A = 1, indicating that all women are being set to
initiate ART in the modern treatment era. Specifically, this indicator represents having initiated therapy
by the time of the first follow-up visit (i.e., A = 0 for all women atj = 0 and A = 1 for all women atj =
1 and all visits thereafter). This is akin to an intent-to-treat analysis in which we assume that, once
therapy is initiated, it is continued throughout the study period. It should be noted that women enrolled in
the WIHS prior to 1 October 2001 and set to initiate ART by the first follow-up visit could not have
initiated modern ART. This is based on our definition of modern ART initiation as initiation of ART on,
or after, 1 October 2001 (the period after which tenofovir had been approved and became a common drug

in combination ART regimens).*** However, we use observed exposure information from those in the
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modern treatment era to extrapolate modern ART to this earlier time period. Our adapted incidence
function is written as Equation 2:

P(Yeyr = 1]49_, = ak,Dk =d,Sc =5, W, =w,,C, =Y, =0)x
f(ZmlA m 1'Dm 1= dm 1'Sm 1= §m—1' Zm—l = zm—l' Wm =w 'Cm = ym = 0) X

m
Smle 1~ dm 1'Sm 1= §m—1'Zm—1 = zm—l' Wm = wm' Cm = ym = 0 X

Feo(j) zzzzz l_[ P(D = dp|Dpos = sy Zipoy = Zim1, Wiy = Wy, G = ¥y = 0) X
zj 55 d; wj k=0 1

P(Ym = Ol“f}qnq =am Doy =d

fWn)

where we use superscript g to convey that the value of A is being set according to the intervention plan.
Our other parameters of interest are the cumulative incidences of mortality in the WIHS under
universal, prompt initiation of ART in the modern treatment era combined with various interventions on
alcohol consumption and/or smoking. Because we are interested in interventions that depend on the
natural value of alcohol consumption and smoking (i.e., interventions that are implemented based on the
values of alcohol and smoking that would be observed if intervention were discontinued immediately
before measurement at time j), we use the extended version of the parametric g-computation
algorithm.'*% The incidence function under these additional interventions can be expressed with the

extended parametric g-formula as Equation 3:

F(u,d,s)g (1)

P(Yepy = 1|49 = ak,Dg =d!, 50 =502, =2, W, =w,,C;, =¥, =0) x

f(ZmlA _am 1'7 —dgz 1'59 —7;(,][_1,71,1 1= Zne gy Wiy = Wiy, Gy = Ty =0)X
Pg(Sg—s S‘—sm, —d;‘fL 088 =580 Zpy =2 Wiy =Wpy_1,Cpy = ¥, = 0) x
4 k Pabs(S* = d;‘il 1' = §7€L—1'7‘m—1 =Zm-1 W1 =W, Cp = T = 0)
=ZZZZZ 1_[ Pg(DrL?‘L = dg‘l. D‘ = d‘:n' = d‘gz 1 Zp1=Zp W1 =Wy 1,Cp= Yy = 0) x
L% 4w keo m=0 Pabs(D;‘L =d; = d‘rgz 1'7 1= Zy Wiy = Wm—llém = ym = 0) X
1x
P(Ym = ()|/f;‘7n_1 = 7;‘:1—11 Brfz = d;z! 1 Sfrlz 1= g—1' Zyy =2 Wi =Wy, Gy = Yy = 0) X
Lf (W)

We use superscript g to convey that the values of D and S (i.e., alcohol consumption and smoking) are
being set according to the intervention plan while we use an asterisk to denote the values that would be

observed if the intervention plan were discontinued immediately before measurement of these variables.

The value a a is setto 1 across all j > 1 for each set of intervention portfolios while the values of J}g and

sT].g are set according to the plans below.
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Set A Intervention Portfolios to Nearly Eliminate Non-AlIDS Risk Factors:

Portfolio 2A: Under this portfolio, if observed drinking level is greater than zero for those with an
indication of hepatitis C virus at baseline (i.e., positive antibody and positive or missing RNA status),
drinking level is set to zero with probability 1. For those without an indication of hepatitis C virus, if
observed alcohol consumption is above 1 drink per week, alcohol consumption is set to a limit of 1 drink
per week. Otherwise, alcohol consumption is set equal to that of observed consumption.

Portfolio 3A: Under this portfolio, all women reporting smoking are set to quit smoking by the
next follow-up visit.

Portfolio 4A: Under this portfolio, both Portfolio 2A and 3A are implemented.

Set B Intervention Portfolios to Reduce Non-AIDS Risk Factors:

Portfolio 2B: Among those with an indication of hepatitis C virus at baseline, drinking level is set
to zero with probability 0.36, reduced by 50% with probability 0.26, and set to the observed value with
probability 0.38 based on the reported efficacy of a brief alcohol counseling intervention.'?® Among those
without an indication of hepatitis C virus, drinking level is set to a limit of 3 drinks per week among those
observed to drink above this limit.

Portfolio 3B: Among those reporting smoking at a given visit, smoking status is set to zero with
probability 0.16 based on the reported efficacy of a behavioral smoking cessation intervention described
by Hoffman et al. and tested in the WIHS.*?

Portfolio 4B: Under this portfolio, both Portfolio 2B and 3B are implemented.

Identification Conditions

To consistently estimate our parameters of interest with the parametric g-computation algorithm,
we assume a set of sufficient conditions. First, we assume no measurement error of exposures, covariates,
or outcome.'®” More specifically, we assume that the exposures and outcome are measured without error
while covariates might be mismeasured but that the observed values are those that inform the intervention
plan. For example, a laboratory measurement of CD4 cell count might be 220 for a patient whose true

CDA4 cell count is 235; however, the 220 value the clinician sees is the value that is used to determine
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whether or not to initiate ART. Second, we assume counterfactual consistency (also described as
treatment version irrelevance and no interference).'%%#* If the observed exposure of woman i is equal to
the value of the exposure indicated by the intervention of interest (i.e., A; = a9), then the observed
outcome of woman i is equal to the outcome that would have been observed if exposure was set to the
value indicated by the intervention plan. Third, we assume conditional exchangeability or no unmeasured
confounding;™* the probability of exposures conditional on the set of modeled covariates is independent
of the potential outcome. Fourth, we assume positivity, also described as the experimental treatment
assignment assumption;** the conditional probability of receiving exposure is nonzero within all strata of
covariates. Finally, we assume correct specification of parametric models used to estimate the g-
computation algorithm formula.
Estimation Process

We followed the previously outlined steps for parametrically estimating the g-computation
formula.®®®*" Briefly, we fit pooled person-period logistic and linear models to the observed data across
all visits j > 1 to estimate the conditional probability or density of each exposure, time-varying covariate,
and outcome (Step 1). We then drew a large Monte Carlo sample of N = 100,000 women at baseline
(i.e., j = 0) with replacement (Step 2). In the Monte Carlo sample, we used the estimated conditional
probabilities or densities and observed values of exposures and covariates at the baseline visit to simulate
the values of exposures, covariates, and outcomes at j = 1 by drawing values from a Bernoulli
distribution in the case of binary variables and multinomial distributions in the case of categorical
variables. We then used the estimated conditional probabilities or densities and simulated values of
exposures, covariates, and outcomes at j = 1 to simulate the values of these variables at j = 2, continuing
this process for a maximum of 16 follow-up visits (Step 3). After completing the Monte Carlo simulation,
we estimated the cumulative incidence of mortality at each time point using the complement of the

125

Kaplan-Meier*= estimator of the survival function (Step 4). If parametric models are correctly specified,

the cumulative incidence of mortality estimated in the Monte Carlo dataset under the natural course (i.e.,
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no intervention on exposures) should be equivalent to the cumulative incidence of mortality in the WIHS
dataset. Similarly, the distribution of each exposure and time-varying covariate in the Monte Carlo sample
should be equivalent to the distributions in the observed WIHS data.

However, an important point is that we did not include a censoring model in our parametric g-
computation algorithm. Rather, we generated follow-up data for women at all visits at which they
remained alive and had completed less than 8 years under study since analysis baseline. Thus, in our
generation of data under the “natural course,” we use the definition of “natural course” provided by
Young et al.” in which loss to follow-up is eliminated but there is no intervention on exposure. Thus, we
assume conditional exchangeability for those lost and not lost to follow-up based on modeled covariate
history. Eliminating loss to follow-up in the g-computation simulated data may therefore result in a
different number of observed events than were observed in the WIHS data. These two numbers should not
be expected to be equal. However, the cumulative incidence function may still be equivalent, assuming no
informative censoring.

To achieve good model fit, we repeated the above steps using flexible specifications of
continuous and categorical variables, interaction terms, and various sets of covariates for each model until
we 1) had included all hypothesized confounders relevant to each exposure, and 2) were able to replicate
the cumulative incidence observed in the WIHS sample in the Monte Carlo sample. The variables and
models that were selected for final analyses are described below.

Time-fixed covariates measured at baseline (W;-,) included age, race, level of education, history
of injection drug use (IDU), prior exposure to dual therapy zidovudine (AZT), wave of WIHS enrollment,
CD4 count, viral load, and smoking status. In final models, age was included as linear and squared terms
(ageo, aged). Race was included as a binary indicator of Black race. Level of education was included as
indicators for having completed high school (Education, 1) or having some degree of college education
(Education, ,) with the reference category defined as not having completed high school. History of

injection drug use, prior exposure to AZT, and smoking were included as binary indicators. Wave of
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WIHS enrollment was included as a binary indicator of having been enrolled in WIHS during the first
recruitment wave between 1994 — 1995 (FirstWave,). CD4 and viral load at baseline were included as
categorical indicators using the same definitions described by Westreich et al.®® where CD4 categories
were <200 cells/ml (CD4 1) and >350 cells/ml (CD4, ,) with a reference category of 200-350 cells/ml
and viral load categories were <400 copies/ml (VL ;) and >10,000 copies/ml (VLo ;) with a reference
category of 401-10,000 copies/ml.

Time-varying covariates and exposures were CD4 cell count, viral load, depression, antiretroviral
therapy, alcohol consumption, and smoking. CD4 cell count was included as a linear term, viral load was
included as a binary indicator of having a detectable viral load (DVL), and depression was included as a
binary indicator of having a depressive symptom score indicating depression according to CES-D scale
scoring criteria.*** Antiretroviral therapy was included as binary indicators of being on a combination
ART treatment regimen (ART), having promptly initiated ART within 6 months of baseline
(PromptART), and having initiated ART in the modern treatment period on/after 1 October 2001
(ModernART). ART exposure was also included as indicator terms for time on ART at each visit to
allow for interactions between ART and time (ARTvisits). Alcohol consumption was included as a
binary indicator of any drinking (AnyD) as well as indicators for the average number of alcohol
consumed per week (Drinklevel) where 1=1 drink per week, 2=2 drinks per week, 3=3 drinks per week,
4=4-7 drinks per week, 5=8-12 drinks per week, and 6=over 12 drinks per week. Smoking was included
as a binary indicator of smoking since the last visit.

We also assessed interactions for smoking and high alcohol consumption as well as hepatitis C
virus and high alcohol consumption. High alcohol consumption was defined as a binary indicator of
consuming over 3 drinks per week. Hepatitis C virus was defined as having a positive antibody test and
positive or missing RNA test at baseline. Ultimately, we excluded the interaction term between smoking
and high alcohol consumption in our final models based on assessment of model fit. Estimates of the

cumulative incidence functions and risks obtained using models with and without the interaction term
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were similar but models were less stable with the inclusion of the interaction term and a likelihood ratio
test did not support significant interaction (p-value 0.7). In each model, we included time (i.e., visit
number) as restricted quadratic spline terms with 4 knots (k, k%, k2, k3).

Models: Final models used to estimate the conditional probability or density of each variable are

shown below where expit(a) = uixepx—% and error terms ¢ are normal.

Death

P(Yiyr = 1Ay =@, Dy =dy, S, =3y, Zi =7, Wi, =W, C, =Y, =0)
= expit[ay + a k + a, k' + azk? + a,k® + asage, + agaged + a;Race, + agIDUy + aqgEducationy
+ ajoEducationg, + a;;AZTy + a;,CD4y 1 + a13CD4g, + a14VE0o s + 15V, + ay6Smokeg
+ a,,CD4y + a13CD4y_1 + a19DVLy + aygDVLy_1 + @31 ART, + a3, ART,_; + ay,3ModernART,,
+ ay,PromptART), + a,5I(ARTvisitsy, = 2)
+ ay6 (ARTviIsits), = 3) + ay,I(ARTvisits, = 4) + aygl(ARTvisits, = 5) + a,9I(ARTvisits, = 6)
+ a3ol (ARTvisits, = 7) + as1 [(ARTvisits, = 8) + a3, [(ARTvisits; = 9)
+ a33I(ARTvisits, = 10) + a3, I (ARTvisits, = 11) + a3 I(ARTvisits, = 12)
+ a3l (ARTvisits, = 13)
+ a3, (ARTvisits, = 14) + a3gl (ARTvisits, = 15) + a3l (ARTvisits, = 16) + a,oAnyD;
+ ayqDrinklevely, + a,,High Alcoholy,_, + ay3Depressedy, + a,4(ART * Depressed); + aysSmoke;
+ ayeSmokey_y + a,;(HCV x High Alcohol)|

Alcohol consumption

Two models were specified for alcohol consumption. First, we estimated the probability of any
alcohol consumption as:

P(Anka = 1| Ek—l = Czk’ §k = S_k, Zk—l = Zk—l' Wk = Wk'ék = }7){ = 0)
= expit(By + B1k + Bk + Bsk? + B.k3 + Bsage, + Bsage? + B;Racey + fgIDUy + BoDepressed;_,
+ BioDrinklevel;,_,)

Among those who consumed alcohol, we estimated the probability of each drinking level from a

I(Level=level)xexp (a) . the

generalized logit model where probabilities of each drinking level are given by roxp (@)

numerator exp function includes all beta coefficients for the drinking level being estimated while the

denominator exp function includes beta coefficients for all non-reference categories. In our case, the
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reference category was a drinking level of 1. Here, we use a drinking level of 6 as an example of our

model.

P(Dk = 6|5k—1 = (Zk, §k = §k, 7}(_1 = Zk_l, Wk = Wk,fk = Yk = 0)

= I(Level = 6)

x {exp(Bos + Brsk + Bask + Bsgk? + Bi6k® + Bs sageo + Besaged + By gRacey + By 61DU,

+ PoeDepressed,_, + PyioeDrinklevel;_;)

/(1

+ exp[ﬁ% +Bos + Boa+ oz + Boz + Brek + Bisk+ Brak + Bisk + Bk + Bkt

+ Bask® + Baak! + Bogk® + Baok! + Bosk + By ek?

+ .33,5]‘2 + .33,4]‘2 + [;3,3]‘2 + ﬁ3,2k2 + ﬂ4,6k3 + ﬁzx,sk3 + ﬂ4,4k3 + [’)4,3’(3 + [”4,2]{3 + Bssageo

+ Bssageo + Psaagey + Pszagey + Psaage, + Besages + Pesage; + Psaages + Bezages

+ Bsraged + BycRacey + BysRacey + By4Racey + By3Racey + By Racey + BgelDUy + BgsIDU,
+ Bg4IDUy + Bg3IDUy + Bg,IDUy + fosDepressed,_, + PosDepressedy_; + [fqosDepressed;_,;
+ BozDepressed,_; + Pq,Depressedy_; + fqg¢Drinklevel,_; + ByqsDrinklevel,_;

+ ByoaDrinklevely_, + PyosDrinklevel,_, + By, Drinklevel,_,|)}

The probability of each drinking level except for that of the reference category was calculated in

the same manner using the appropriate beta coefficients in the numerator. The probability of the reference

drinking level was calculated as 1 minus the sum of all other drinking level probabilities.

Smoking (stratified by smoking at k — 1):

P(Sk = 1| Ek—l = d_k, §k = S_k, Zk—l = Zk—l' Wk = Wk' Ek = Yk = 0)

Depression:

= expit|yo + v1k + vk + vsk? + v, k® + vsage, + yeaged + y;Race, + vgIDUy + yoEducationg

+ vioEducationg, + y,,1(Drinklevel,_; = 0) + y;,I(Drinklevel,_y = 1) + y31(Drinklevely,_, = 2)
+ y1I(Drinklevel,_, = 3) + y s5I(Drinklevel,_, = 4) + yi¢l(Drinklevel,_, =5)

+ y171(Drinklevel,_, = 6)]

P(Depressedk = 1|Ak = C_lk ’Bk = Cik’ ‘§k = §k, zk_l = Zk—l' Wk = Wk'ék = ?k = 0)

= expit(0y + 01k + 0,k + 05k2 + 0,k% + O5age, + Ogage? + 6;,Racey + 03CD4g; + 05CD4 ,
+ 019ART, + 601,ARTy_4 + 01,Depressed,_, + 6 3Depressed;_, + 0;,5moke;,_,
+ 915HighAlcoholk_1)
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Detectable viral load (stratified by detectable viral load at k — 1):

P(DVL, =1|Ay = @, ,Dy = dy, S =35k, Zy—1 =2y, Wi =W, C, =T, = 0)
= expit[fy + 0,k + 0,k + ;K% + 0,k> + Osage, + Osage? + 6,Racey + 05CD4q 1 + 05CD4
+ 010VLoy +011VL0, + 0,3 FirstWave, + 013ART), + 0,4ModernARTy, + 0;5CD4y,_,
+ 0,4I(Drinklevel, = 0) + 6,,1(Drinklevel, = 1) + 0,5l(Drinklevel, = 2)
+ 0,9l(Drinklevel, = 3) + 0,9I(Drinklevel,_, = 4) + 0,,I(Drinklevel,_; = 5)
+ 6,,1(Drinklevel,_, = 6)]
CD4:
f(In (CD4)|Ay = @, Dy = dy, Sic = 510 Zi-1 = Zi—1, Wi = Wy, i = ¥, = 0) =
= exp[Po +pik + pok + psk? + pak® + psage, + pgaged + p;Racey + pgCD4y1 + pyCD4g,
+ p1oVLos + p11V0loo + p13ART, + p14ART,_1 + pysModernART),
+ p1gPromptARTy, + p1,InCD4;,_; + p1gInCD4y_5 + p1gDVLy_1 + pyoDVLk_,
+ py1I(Drinklevel, = 0) + p,,I(Drinklevel, = 1) + p,;1(Drinklevel, = 2)
+ poI(Drinklevel, = 3) + p,sI(Drinklevel,_; = 4) + p,gl(Drinklevel,_, = 5)
+ py71(Drinklevel,_, = 6)]

To estimate the cumulative incidence of mortality in the WIHS under each intervention portfolio,
we repeated the steps described in the Estimation Process for each intervention. However, we altered the
value of the exposures in the Monte Carlo sample in accordance with the criteria set forth by the
intervention definitions. We estimated the cumulative incidence of mortality with the complement of the
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Kaplan-Meier** survival function in each dataset. To calculate risk differences and risk ratios contrasting
the effect of each intervention portfolio with the base scenario of intervening only on prompt initiation of
modern ART, we concatenated datasets to subtract mortality risks under each intervention from the risks
estimated in the base scenario.

To obtain 95% confidence intervals, we repeated all steps for each intervention portfolio in 1000

nonparametric bootstrap resamples'?® taken of the original WIHS data. The standard error was calculated

based on the standard deviation of estimated risks and effect measures across all bootstrap resamples.
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APPENDIX B: SUPPLEMENTAL TEXT

Data generation for motivating example
Let A represent exposure to long (i.e., A = 1) versus short (i.e., A = 1) duration of opioid
prescription, W represent history of substance use (history: W = 1; no history: W = 0), Z represent lack
of engagement in regular HIV care (lack of engagement: Z = 1; engagement: Z = 0), R = 1 represent
observed exposure information (i.e., selection into the sample of complete cases), Y 4=° represent the
potential outcome for emergency room visit or death under short term opioid exposure, Y *=1 represent
the potential outcome for emergency room visit or death under long term opioid exposure, and Y
represent the factual outcome for emergency room visit or death given the exposure received.
We generated 10,000 simulation trials of n = 1 to 1,623 independent and identically distributed
sets {W, A, Z,R,Y?=0,Y%=1 Y}, representing the N = 1,623 members in the full population of interest.
For each record, covariate values were simulated in the following order:
W drawn from a Bernoulli distribution with a marginal prevalence of 0.44
Z drawn from a Bernoulli distribution with a marginal prevalence of 0.4
R drawn from a Bernoulli distribution as a function of Z and with a marginal prevalence of
0.3

Y2=0  drawn from a Bernoulli distribution as a function of Wand Z and with a marginal
incidence of 0.19

Y%=1  drawn from a Bernoulli distribution as a function of Wand Z and with a marginal
incidence of 0.37

A drawn from a Bernoulli distribution as a function of W and with a marginal prevalence of
0.6

Y setaccording to realized value a
SAS code used to generate the cohort and a graphical representation of the data generating mechanism

with chosen parameters are shown below.
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data cohort;
call streaminit(123);
do trial = 1 to 10000;
don= 1to1623;
w = rand("BERNOULLI",0.44);
*History of substance use;
z =rand("BERNOULLI",0.4);
*Not being established in regular HIV care;
r = rand("Bernoulli",1/(1+exp(-(-log(1/0.26-1)-log(8)*z+10g(8)*0.4))));
*Complete data;
y0 = rand("BERNOULLI",1/(1+exp(-(-log(1/.19-1)-log(1.5)*0.44+log(1.5)*w1-
log(1.5)*0.4+log(1.5)*2))));
*Potential outcome for ER visit or death under short duration opioid prescription;
y1l = rand("BERNOULLI",1/(1+exp(-(-log(1/.35-1)-log(1.5)*0.44+log(1.5)*w1l-
log(10)*0.4+l0g(10)*2))));
*Potential outcome for ER visit or death under long duration opioid prescription;
a = rand("BERNOULLI",1/(1+exp(-(-log(1/.6-1)-log(2)*0.44+log(2)*w1))));
*Long duration prescription;
if a then y=y1, else y=y0;
*Factual outcome, i.e., observed potential outcome given actual exposure;

output; end; end; run;
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R=1

P(R=1) = 1/(1+exp(-(-log(1/0.26-1)-log(8)*z+log(8)*0.4)))

YA

«

P(2=1)=0.4

P(A=1)=0.6

P(Y=1)=0.3

P(Y%)=1/(1+exp(-(-log(1/.19-1)-log(1.5)*0.44+log(1.5)*w1-log(1.5)*0.4+log(1.5)*z)))
P(Y1)=1/(1+exp(-(-log(1/.35-1)-log(1.5)*0.44+log(1.5)*w1-log(10)*0.4+log(10)*z)))
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Appendix Figure 1. Risk difference for the average treatment effect estimated by g-computation
approaches including and excluding covariate Z.
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Appendix Figure 2. Bias (Panel A) and standard error (Panel B) for the effect of shortening opioid prescription duration among 7,500 HIV-positive
women estimated by three g-computation approaches to address missing opioid data, 10,000 simulation experiments with complete opioid data
varying from 10-90%.
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