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In first-line antiretroviral therapy (ART) for human immunodeficiency virus (HIV) treatment, some subgroups of
patients may respond better to an efavirenz-based regimen than an integrase strand transfer inhibitor (InSTI)-
based regimen, or vice versa, due to patient characteristics modifying treatment effects. Using data based
on nearly 16,000 patients from the North American AIDS Cohort Collaboration on Research and Design from
2009-2016, statistical methods for precision medicine were employed to estimate an optimal treatment rule that
minimizes the 5-year risk of the composite outcome of acquired immune deficiency syndrome (AIDS)-defining
illnesses, serious non-AlDS events, and all-cause mortality. The treatment rules considered were functions that
recommend either an efavirenz- or InSTl-based regimen conditional on baseline patient characteristics such as
demographic information, laboratory results, and health history. The estimated 5-year risk under the estimated
optimal treatment rule was 10.0% (95% confidence interval (Cl): 8.6, 11.3), corresponding to an absolute risk
reduction of 2.3% (95% CI: 0.9, 3.8) when compared with recommending an efavirenz-based regimen for all
patients and 2.6% (95% CI: 1.0, 4.2) when compared with recommending an InSTl-based regimen for all.
Tailoring ART to individual patient characteristics may reduce 5-year risk of the composite outcome compared
with assigning all patients the same drug regimen.

antiretroviral therapy; efavirenz; human immunodeficiency virus; integrase strand transfer inhibitors; optimal
treatment rule; precision medicine

Abbreviations: AIDS, acquired immune deficiency syndrome; ART, antiretroviral therapy; Cl, confidence interval; HIV, human
immunodeficiency virus; InSTI, integrase strand transfer inhibitor; NA-ACCORD, North American AIDS Cohort Collaboration on
Research and Design; SAGA, smoothed and augmented genetic algorithm.

First-line antiretroviral therapy (ART) for human immun-
odefficiency virus (HIV) has shifted from nonnucleo-
side reverse transcriptase inhibitor (NNRTI)-containing
regimens to integrase strand transfer inhibitors (InSTI)-
containing regimens, based on evidence from clinical
trials that demonstrated InSTIs led to more rapid viral
suppression, fewer side effects, and less drug resistance
(1-3). When examining long-term patient outcomes, a
recent observational study found no appreciable difference
between regimens based on efavirenz (an NNRTI) and
InSTI (4). Other observational studies have been limited

by insufficient sample size or follow-up, precluding precise
estimation of treatment effects for long-term outcomes (5,
6). However, there may exist variability in treatment effects,
whereby patients with certain characteristics may benefit
more from one treatment over another. Under sufficient
treatment effect heterogeneity, there may exist a treatment
rule (i.e., a function that recommends treatment based on
patient characteristics such as demographic information,
laboratory results, or health history) that improves patient
outcomes compared with assigning all patients the same
treatment.
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Certain statistical methods for precision medicine attempt
to find an optimal treatment rule that recommends different
treatments to subgroups of patients using data based on
patient characteristics in order to best improve patient out-
comes (7, 8). In clinical practice, medical providers consider
individuals on a case-by-case basis and recommend treat-
ments accordingly. However, this clinician-level process is
difficult to evaluate and scale. Precision medicine methods,
on the other hand, can estimate treatment rules that, when
followed, may improve average patient outcomes on a pop-
ulation basis, under some requisite assumptions.

In this study, statistical methods for precision medicine
were applied to an observational data set of nearly 16,000
adult patients diagnosed with HIV to estimate an optimal
treatment rule that minimizes 5-year risk of the composite
outcome of acquired immune deficiency syndrome (AIDS)-
defining illnesses, serious non-AIDS events, and all-cause
mortality. Two treatment groups were considered: those who
initiated an efavirenz-based drug regimen and those who
initiated an InSTI-based drug regimen.

METHODS
Study population and eligibility criteria

This study used data from the North American AIDS
Cohort Collaboration on Research and Design (NA-
ACCORD), a collaboration of prospective cohort studies
that collects data on adults living with HIV. The analysis data
set included 15,993 patients who were HIV-seropositive,
ART-naive, and at least 18 years old, and who had initiated
an efavirenz- or InSTI-based regimen between July 2009 and
December 2016. The class of InSTIs included raltegravir
(RAL), dolutegravir (DTG), and -elvitegravir-cobicistat
(EVG/COBI). The backbones for both regimens consisted of
emtricitabine and one of either tenofovir disoproxil fumarate
or tenofovir alafenamide. Patients with a history of acute
myocardial infarction or stroke, end-stage renal disease
(ESRD), or end-stage liver disease (ESLD) were excluded
since these conditions are long-term or recurring and were
part of the composite outcome of interest.

The study sample, as well as the outcome definition and
covariates (described below), were similar to a previous
analysis of the NA-ACCORD (4). A brief comparison of the
previous study with the analysis presented here is included
in Web Appendix 1 (available at https://doi.org/10.1093/aje/
kwad057).

Outcome

The composite outcome was defined analogously to other
recent studies on ART and included the first occurrence
of an AIDS-defining illness, serious non-AIDS event, or
all-cause death (4, 9, 10). An AIDS-defining illness was
defined according to the criteria published by the Centers
for Disease Control and Prevention in 1993 (11), and serious
non-AIDS events consisted of acute myocardial infarction
or stroke, ESRD, and ESLD. ESRD was defined as an
estimated glomerular filtration rate consistently less than 30
mL/minute/1.73 m? for at least 3 months, and ESLD was

defined to be 2 fibrosis-4 scores greater than 3.25, more than
6 months apart (4).

Covariates

Three sets of covariates were used in this analysis: one set
for baseline confounding adjustment, one set for differential
loss to follow-up adjustment, and one set for treatment
rule inputs. Covariates considered as potential confounders
included baseline measurements of: CD4 T-cell count, HIV
viral load, age, body mass index, calendar year at initiation,
and indicators of female sex, Black race, Hispanic ethnicity,
men who have sex with men, injection drug use, risky hetero-
sexual sex, history of any clinical AIDS diagnosis, hepatitis
B infection (a positive antigen test, a positive surface antigen
test, or a positive DNA test result), hepatitis C infection
(presence of hepatitis C genotype test, detectable RNA, or a
positive antibody test), depression diagnosis, anxiety diag-
nosis, diabetes mellitus (glycosylated hemoglobin at least
6.5%, medication specifically for diabetes, or a diagnosis
with a diabetes-related medication), hypertension (clinical
diagnosis and prescription of antihypertensive medication),
elevated total cholesterol (at least 240 mg/dL), and statin
prescription (4). Since the focus of this study is on the effect
of ART initiation, only baseline covariates were consid-
ered as potential confounders. The set of covariates used
to correct for differential loss to follow-up included the
baseline covariates and time-varying measurements of CD4
T-cell count, HIV viral load, diabetes mellitus, depression,
anxiety, hypertension, elevated total cholesterol, and statin
prescription (4). Since censoring occurred at various times
after baseline, time-varying measurements were included to
adjust for differential loss to follow-up. Covariates consid-
ered possible effect modifiers were inputs for the treatment
rules and included antidepressant use (see Web Table 1
for the list of antidepressants) at baseline and all the other
baseline covariates except calendar year at initiation, since
the goal of developing an optimal treatment rule is to inform
treatment selection prospectively. Measurements of age, sex,
race, ethnicity, and behavior were collected at enrollment.
Baseline measurements of CD4 T-cell count and HIV viral
load were collected from 90 days before to 7 days after ART
initiation. All other baseline covariates were measured at
ART initiation.

Missing covariates were imputed using a random forest—
based approach (12). The analysis was also performed after
using multiple imputations by chained equations to handle
missing data, and results were similar (not shown). Web
Table 2 provides a summary of missingness for each covari-
ate. CD4 T-cell count and HIV viral load were missing
for 22% and 25% of participants, respectively; there was
a negligible amount of missingness for other covariates.
Since measurements for CD4 T-cell count and HIV viral
load occurred within a window around ART initiation, it
is plausible that missingness was completely at random for
patients who did not have a clinical appointment in that
window. For patients who did have appointments but missed
them, it is plausible that the missing data was missing at
random conditional on controlling for measured medical
conditions and illnesses.
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Statistical methods for precision medicine

Ten different statistical methods for precision medicine
were used to estimate the treatment rule that minimizes
the 5-year composite disease risk: penalized Cox regres-
sion (with ridge, lasso, and elastic net penalties) (13, 14),
causal survival forests (15), a method using a genetic algo-
rithm (with 4 variations) (16), outcome-weighted learning
(17), and residual-weighted learning (18). An evaluation
procedure, described below, was used to select the preci-
sion medicine method that minimized estimated risk. For
methods that produced similarly low risk estimates, con-
fidence interval width was used as a secondary criterion.
The selected method was then used to estimate the optimal
treatment rule, which was encoded in an Excel (Microsoft,
Redmond, Washington) file, provided in Web Appendix 2.

The penalized Cox regression and causal survival-forests
methods model the outcome to estimate the optimal treat-
ment rule. These outcome regression methods rely on correct
model specification but may be statistically more efficient
than the other methods considered if the model specification
is correct. The genetic algorithm method uses computational
techniques to directly optimize a risk estimator with respect
to a class of treatment rules. Four variations of the genetic
algorithm were employed. The smoothed and augmented
genetic algorithm (SAGA) method employs a risk estimator
with a smoothed version of the treatment rule and with
augmentation using an outcome regression model. The 3
other variations include only smoothing, only augmentation,
or neither. Outcome-weighted learning estimates optimal
treatment rules by transforming the optimization problem to
one solvable using support vector machines, and residual-
weighted learning extends outcome-weighted learning to
incorporate an outcome regression model.

The outcome of optimization for the penalized Cox re-
gression and genetic algorithm methods was the 5-year risk
of the composite outcome, while causal survival forests and
outcome-/residual-weighted learning targeted the related
measure of restricted mean survival time with respect to the
same composite indicator. All methods under consideration,
except the causal survival forests, require a class of treatment
rules to be prespecified, and the class of linear treatment
rules was chosen.

See Web Appendix 3 for detailed descriptions of the
implemented statistical methods for precision medicine.
SAS, version 9.4 (SAS Institute, Inc., Cary, North Carolina),
or R, version 4.1.0 (R Foundation for Statistical Computing,
Vienna, Austria), was used for all data cleaning or analysis.

Evaluation

The 5-year composite disease risk was estimated using
an inverse probability of treatment and censoring—weighted
Kaplan-Meier (IPW-KM) estimator that corrects for base-
line confounding and differential loss to follow-up (16). The
IPW-KM estimator estimates risk as a function of treatment
rules, and the mathematical expression of the estimator can
be found in Web Appendix 3. The risk under the estimated
optimal treatment rule was estimated and compared with
the estimated risks under the specific treatment rules where
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all patients are assigned to an efavirenz-based regimen, all
patients are assigned to an InSTI-based regimen, and all
patients are assigned according to their observed treatment
decisions. In addition to estimating risks for the composite
outcome, cumulative incidence functions were estimated to
assess the performance of the estimated optimal treatment
rule on each component of the composite outcome (19).

The optimal treatment rule is the treatment rule resulting
in the lowest risk of the 5-year composite outcome. For each
of the 10 precision medicine methods, the optimal treatment
rule was estimated using a cross-validation procedure to
avoid overfitting. The sample splitting procedure separated
data used to estimate treatment rules and risk (20). Missing
data imputation and models for correcting baseline con-
founding and differential loss to follow-up were computed
before the cross-validation procedure. The procedure was
used for all methods, with the exception that optimization
starting values for the genetic algorithm methods were based
on the whole data set.

The cross-validation procedure split the data into 10
groups, where one group was considered the test set and
the remaining 9 groups were considered the training set. A
treatment rule was estimated using each training set and then
used to output treatment assignments in the corresponding
test sample. The process was then repeated with a different
group as the test set until each of the 10 groups was
considered a test set exactly once. The cross-validated
risk estimate was then computed by evaluating the IPW-
KM estimator under the test set treatment assignments.
Standard errors were estimated using 500 bootstraps
(without bias correction) where each bootstrap resampled
the data randomly with replacement. Only estimation of
treatment rules and risk were included in each bootstrap
resample; missing data imputation was performed prior
to the bootstrap procedure. A sensitivity analysis was
performed to account for uncertainty of the missing data
imputation; see Web Appendix 4 and Web Table 3 for
more details. In a simulation study (details provided in
Web Appendix 5 and Web Table 4; see data availability
statement for code), Wald confidence intervals (CIs) based
on bootstrap standard error estimates were shown to have
nominal to slightly above nominal coverage at the 95%
level. Given the computational burden of estimating standard
errors and the analysis objective of minimizing 5-year risk,
standard errors were estimated for only the efavirenz risk,
InSTI risk, observed treatment risk, and the smallest risk
estimates produced by a precision medicine treatment rule.

RESULTS

There were 10,169 (63.6%) participants who initiated an
efavirenz-based regimen and 5,824 (36.4%) who initiated an
InSTI-based regimen. The percentage of participants who
initiated each drug regimen varied over calendar time as
guidelines evolved. In 2009, only 9.2% of patients initiated
an InSTI-based regimen, but by 2016, 90.9% of patients
initiated an InSTI-based regimen. Summary statistics of
nonimputed patient characteristics for each treatment group
are given in Table 1. Of the 5,824 patients assigned to
InSTI, 1,840 (31.6%) initiated raltegravir, 623 (10.7%)
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Table 1.

Characteristics of 15,993 Adults Living With HIV, Who Initiated an Integrase Strand Transfer Inhibitor-Based or Efavirenz-Based

Antiretroviral Therapy Regimen in the North American AIDS Cohort Collaboration on Research and Design, 2009-2016

Participants According to Observed Regimen

Characteristic

InSTI-Based? (n = 5,824)

EFV-Based? (n = 10,169) Overall (n = 15,993)

No. % No. %

No. %
Age, years® 37 (28.0-48.0)
Female sex 894 15.3
Black race 2,351 40.4
Hispanic ethnicity 722 12.4

Body mass index®:°

25.1 (22.3-28.7)

Injection drug use 566 9.7
Male-to-male sexual contact 3,209 55.1
Heterosexual behavior 1,349 23.2
Previous AIDS diagnosis 480 8.2
Hepatitis B 214 3.7
Hepatitis C 564 9.7
Previous depression diagnosis 859 14.7
Previous anxiety diagnosis 692 11.9
Diabetes mellitus 284 4.9
Hypertension 817 14.0
Statin prescription 340 5.8
Elevated total cholesterol 224 3.8
Anti-depressant use 709 12.2

Baseline CD4 T-cell count, cells/L?
Baseline viral load (log10), copies/mL® 4.6 (3.9-5.1)

Calendar year at initiation®

349 (173.0-524.0)

2014 (2013-2015)

41.0 (31.0-50.0) 40.0 (30.0-50.0)

1,101 10.8 1,995 125
4,611 453 6,962 43.5
1,350 133 2,072 13.0
25.1 (22.3-28.6) 25.1 (22.3-28.6)
1,033 10.2 1,599 10.0
4,523 445 7732 48.3
2,030 20.0 3,379 21.1
735 7.2 1,215 7.6
426 4.2 640 4.0
1,123 1.0 1,687 10.5
1,038 10.2 1,897 1.9
727 7.1 1,419 8.9
545 5.4 829 5.2
1,792 17.6 2,609 16.3
806 7.9 1,146 7.2
508 5.0 732 4.6
781 7.7 1,490 9.3
323.0 (178.0-461.0) 332.0 (177.0-485.0)
4.6 (3.9-5.1) 4.6 (3.9-5.1)

2011 (2010-2012) 2012 (2010-2014)

Abbreviations: AIDS, acquired immune deficiency syndrome; EFV, efavirenz; HIV, human immunodeficiency virus; InSTI, integrase strand

transfer inhibitor.

2 Both regimens included the same backbone of tenofovir disoproxil fumarate (or tenofovir alafenamide) and emtricitabine.

b Values are expressed as median (interquartile range).
¢ Weight (kg)/height (m)?2.

dolutegravir, and 3,361 (57.7%) elvitegravir-cobicistat. The
composite outcome was experienced by 1,052 (10.3%)
patients in the efavirenz-initiation group, where 650 (61.8%)
had an AIDS-defining illness, 192 (18.3%) had a serious
non-AIDS event, and 210 (20.0%) died from any cause.
In the InSTI-initiation group, the composite outcome was
experienced by 433 (7.4%) patients, where 281 (64.9%)
had an AIDS-defining illness, 64 (14.8%) had a serious
non-AIDS event, and 88 (20.3%) died from any cause.
Additionally, 2,120 (20.8%) patients who initiated an
efavirenz-based regimen and 752 (12.9%) patients who
initiated an InSTI-based regimen were lost to follow up.
There were 35,849 patient-years in the efavirenz group and
12,893 patient-years in the InSTI group.

The 5-year efavirenz risk estimate of the composite
outcome was 12.3% (95% CI: 11.5, 13.1), and the InSTI
risk estimate was 12.6% (95% CI: 11.0, 14.2). Under the
observed treatment rule, the risk estimate was 12.5% (11.6,
13.4). The 5-year cross-validated risk estimates for the

estimated optimal treatment rules found by each candidate
precision medicine method is shown in Table 2. The
absolute risk reduction of each treatment rule compared with
recommending all patients an efavirenz-based regimen and
recommending all patients an InSTI-based regimen is also
shown in Table 2. Two of the 4 genetic algorithm methods
produced the smallest risk estimates (or equivalently, the
largest absolute risk differences) with similar standard
errors. The smallest risk estimate was 10.0% (95% CI:
8.6, 11.3) using the SAGA method. The corresponding risk
difference was 2.3% (95% CI: 0.9, 3.8) when comparing the
estimated optimal treatment rule with efavirenz-only and
2.6% (95% CI: 1.0, 4.2) when comparing with InSTI-only.
Compared with the observed treatment rule, the estimated
optimal treatment rule reduced estimated risk by 2.5% (95%
CI: 1.3, 3.7). These absolute risk reductions are equivalent
to about an 18%-21% relative risk reduction.

Figure 1 shows the cross-validated risk curves over 5
years for the efavirenz-only, InSTI-only, observed treatment
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Table 2. Summary of Implemented Statistical Methods for Precision Medicine and 5-Year Cross-Validated Risk?® Estimates Using Data From
the North American AIDS Cohort Collaboration on Research and Design, 2009-2016

Absolute Risk Absolute Risk Absolute Risk

i a
Method Details 5RI::rs a:/ Difference vs. Difference vs. Difference vs.
years, 7% EFV® InSTIP Observed®
Outcome regression
Penalized Cox regression L2 penalty (ridge) 1.7 0.6 0.9 0.8
L1 penalty (lasso) 12.1 0.3 0.6 0.4
Mixed penalty (elastic net) 12.5 -0.2 0.1 -0.1
Causal survival forests Number of trees was 5,000; 12.2 0.1 0.4 0.3
7 covariates considered
at each split
Direct value search
Genetic algorithm Nonsmooth, nonaugmented 11.8 0.5 0.8 0.7
Smooth, nonaugmented 10.5 1.8 2.1 2.0
Nonsmooth, augmented 1.4 1.0 1.2 1.1
Smooth, augmented 10.0 2.3 2.6 25
Outcome-weighted learning Tuning parameter chosen by 12.0 0.3 0.6 0.5
cross-validation
Residual-weighted learning Tuning parameter chosen by 12.0 0.3 0.6 0.5
cross-validation,
accelerated failure time
model chosen for
outcome model
Indiscriminate
All EFVP N/A 12.3 0.0 0.3 0.2
All InSTIP N/A 12.6 -0.3 0.0 -0.1
Observed® N/A 12.5 -0.2 0.1 0.0

Abbreviations: AIDS, acquired immune deficiency syndrome; EFV, efavirenz; InSTI, integrase strand transfer inhibitor.

2 Risk is with respect to risk of the composite of AIDS-defining illnesses, serious non-AIDS events, and all-cause mortality.

b EFV and InSTI refer to the indiscriminate treatment rule where all patients are recommended an EFV-based drug regimen or all patients
are recommended an InSTl-based drug regimen, where both regimens include the same backbone of tenofovir disoproxil fumarate (or tenofovir
alafenamide) and emtricitabine. Observed refers to the treatment rule where patients are recommended their observed drug regimen.

rule, and SAGA-estimated optimal treatment rule. The opti-
mal treatment risk curve tracks closely with the efavirenz
risk curve initially but then gradually separates after about
2 years. Web Figure 1 shows the risk curves separately with
95% Cls.

Estimated cumulative incidence functions for each of the
3 components of the composite outcome are shown in Web
Figure 2. The estimated optimal treatment rule had similar
or lower estimated 5-year risks for each of the composition
outcome components.

Since the SAGA method produced the smallest cross-
validated risk estimate, it was applied to the entire data set
to estimate the optimal treatment rule, which is reported
in Table 3 (see Web Tables 5-12 for the optimal treatment
rules estimated by the other methods, except causal survival
forests, which do not have an explicit form for a treatment
rule; Web Table 13 shows summary statistics of the optimal
treatment rule estimated by causal survival forests). The
estimated optimal treatment rule is a linear function of the
covariates. Continuous covariates were centered and stan-

Am J Epidemiol. 2023;192(8):1341-1349

dardized by 2 standard deviations (without stratification by
treatment group) to allow for interpretation on roughly the
same scale as the binary covariates (11). The treatment rule
is coded so that positive values correspond to recommending
an InSTI-based regimen, and an efavirenz-based regimen
is recommended otherwise. The SAGA-estimated optimal
treatment rule recommended an InSTI-based regimen for
about 57% of patients and differed from the observed treat-
ments for about 54% of patients.

To facilitate use of this study, an Excel (Microsoft) spread-
sheet that encodes the estimated optimal treatment rule is
provided in Web Appendix 2. As an example, consider a
hypothetical male patient with hepatitis C infection but no
other health conditions or behaviors listed in the covariate
column of Table 3, and whose age, body mass index, viral
load, and CD4 T-cell count equal the average of the NA-
ACCORD cohort. For this patient, the treatment rule would
sum the hepatitis C coefficient and the intercept coeffi-
cient, —0.451 4 0.153 = —0.298, which is negative, so an
efavirenz-based regimen would be recommended.
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Figure 1. Estimated 5-year cross-validated risk curves when rec-
ommending an efavirenz (EFV)-based regimen to all patients, an
integrase strand transfer inhibitor (InSTl)-based regimen to all
patients, according to the observed treatments, and according to the
optimal treatment rule estimated by the genetic algorithm method
with smoothing and augmentation (see Web Appendix 3 for details),
using data from the North American AIDS Cohort Collaboration
on Research and Design, 2009-2016. Risk is with respect to the
composite of acquired immune deficiency syndrome (AIDS)-defining
illnesses, serious non-AlDS events, and all-cause mortality. The opti-
mal treatment rule is a function that takes in patient characteristics
and outputs a recommendation for an EFV- or InSTl-based regimen
to minimize risk of the composite outcome.

DISCUSSION

Applying statistical methods for precision medicine to
observational data from a large collaboration of HIV cohorts
in the United States and Canada suggests that tailoring
efavirenz and InSTI regimens based on patient character-
istics could reduce absolute 5-year disease risk by about
2%, compared with recommending the same regimen for
all patients. Further studies that consider related clinical
outcomes or different populations are needed to validate
these results. For instance, complementary evidence would
be provided by a randomized clinical trial with biomarker
outcomes, such as viral load and CD4 count, where one arm
of the trial follows standard of care and the other arm follows
the estimated optimal treatment rule.

The strengths of this study include the large, representa-
tive data set and the use of modern statistical tools grounded
in a rigorous causal framework. The NA-ACCORD data
followed a diverse group of patients over a prolonged study
duration to observe outcomes of direct interest. Various
precision medicine methods to estimate the optimal treat-
ment rule were considered, and a sample splitting procedure
was used to mitigate the effect of overfitting. The meth-

Table 3. Estimated Coefficients of the Optimal Treatment Rule?
That Minimized the 5-Year Composite Disease Risk of AIDS-
Defining llinesses, Serious Non-AIDS Events, and All-Cause
Mortality Using Data From the North American AIDS Cohort Col-
laboration on Research and Design, 2009-2016

Covariate® Coefficient®
Hepatitis C infection —0.451
Statin prescription —0.381
Diabetes mellitus —0.286
Men who have sex with men —0.246
Risky heterosexual sex —0.213
CD4 T-cell count —0.198
Injection drug use —0.180
Female sex —0.126
Elevated total cholesterol —0.071
Hepatitis B infection 0.017
Body mass index? 0.032
Age 0.091
Viral load 0.102
Hispanic/Latino 0.124
Black race 0.126
Anxiety 0.126
Intercept 0.153
Depression 0.209
Hypertension 0.259
Antidepressant use 0.289
Prior AIDS diagnosis 0.293

Abbreviation: AIDS, acquired immune deficiency syndrome.

@ The treatment rule is linear in the covariates and was estimated
by the genetic algorithm method with smoothing and augmentation.
Negative values weight the treatment rule towards recommending
EFV-based regimens while positive values weight the treatment rule
towards recommending InSTl-based regimens. For a given patient,
the estimated treatment rule recommends an InSTl-based regimen
if the sum of all covariate-coefficient products is greater than or
equal to 0, and the treatment rule recommends an EFV-based
regimen otherwise.

b Age, body mass index, CD4 T-cell count, and viral load (log base
10 transformed) are continuous, and all other covariates are binary.
Continuous covariates were centered and scaled by 2 standard
deviations to allow for comparisons with the binary covariates (11).

¢ Coefficients were rounded to 3 decimal places.

d Weight (kg)/height (m)2.

ods implemented utilize consistent estimators of the causal
effects of different treatment rules, provided the assumptions
discussed below hold.

Assumptions of this analysis included (but are not limited
to) no unmeasured confounding and treatment positivity.
With observational data, the no-unmeasured-confounding
assumption is generally untestable and will be violated
if there is an unmeasured covariate that, conditional on
observed covariates, influences both treatment assign-
ment and the outcome. For instance, HIV genotype (not
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considered in this analysis) may have affected the treatment
assignment mechanism and interacted with treatment to
influence the composite outcome. Future analyses may
avoid the no unmeasured-confounding-assumption by using
data from clinical trials or methods that exchange the no-
unmeasured-confounding assumption for other assumptions
that may be more plausible under certain data-generating
mechanisms. Treatment positivity assumes that patients
within each covariate stratum have positive probability of
receiving either treatment. Comparison of the marginal dis-
tributions of each baseline covariate according to treatment
group status did not suggest violation of this assumption. See
Web Appendix 3 and Web Figure 3 for further discussion of
the assumptions employed in this analysis.

This study has limitations. Although the magnitude of
the estimated risk reduction from tailoring treatments is
potentially clinically relevant, the corresponding Cls were
wide, suggesting moderate uncertainty about the estimate.
There may also be residual model overfitting; although a
cross-validation procedure was used to reduce the amount
of overfitting, it does not eliminate the possibility. In other
words, the reported estimates may be too optimistic. Addi-
tionally, since the data are observational, neither the treat-
ment assignment or censoring mechanism are known, and it
is possible that there was unmeasured confounding, model
misspecification, or measurement error. This analysis also
did not consider the possibility that there are substantial
differences between drug regimens within the InSTI class.
This study focused only on the effect of the initial treatment
regimen; future analyses could investigate optimal treatment
rules that may vary treatment recommendations at different
time points, conditional on patient history up to that point.

Current guidelines for HIV treatment recommend InSTI-
based regimens for most patients who are ART-naive (1—
3, 6). Subject to additional evidence from similar analyses
on independent data sets or (ideally) a confirmatory clinical
trial, the results presented in this paper offer evidence for
potential updating of these guidelines. The estimated opti-
mal treatment rule from this study uses commonly collected
covariate data and would be straightforward for clinicians
to implement. We note that this tool should not replace
expert clinical judgment since this study does not con-
sider some relevant outcomes, such as side effect profiles,
costs of treatments, or drug resistance. Rather, the estimated
treatment rule reported here should be used in conjunction
with consideration of those other outcomes. For instance,
if concerns about side effects or costs were deemed to be
roughly equal for both treatments, the reported estimated
treatment rule could be used to make recommendations.
The estimated optimal treatment rule would serve as an
additional tool for medical practitioners and could help
standardize care.
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