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Hydroxychloroquine (HCQ) was proposed as an early therapy for coronavirus disease 2019 (COVID-19) after
in vitro studies indicated possible benefit. Previous in vivo observational studies have presented conf licting
results, though recent randomized clinical trials have reported no benefit from HCQ among patients hospitalized
with COVID-19. We examined the effects of HCQ alone and in combination with azithromycin in a hospitalized
population of US veterans with COVID-19, using a propensity score–adjusted survival analysis with imputation of
missing data. According to electronic health record data from the US Department of Veterans Affairs health care
system, 64,055 US Veterans were tested for the virus that causes COVID-19 between March 1, 2020 and April
30, 2020. Of the 7,193 veterans who tested positive, 2,809 were hospitalized, and 657 individuals were prescribed
HCQ within the first 48-hours of hospitalization for the treatment of COVID-19. There was no apparent benefit
associated with HCQ receipt, alone or in combination with azithromycin, and there was an increased risk of
intubation when HCQ was used in combination with azithromycin (hazard ratio = 1.55; 95% confidence interval:
1.07, 2.24). In conclusion, we assessed the effectiveness of HCQ with or without azithromycin in treatment of
patients hospitalized with COVID-19, using a national sample of the US veteran population. Using rigorous study
design and analytic methods to reduce confounding and bias, we found no evidence of a survival benefit from
the administration of HCQ.

COVID-19; gradient boosting; hydroxychloroquine; pharmacoepidemiology; propensity score; survival analysis;
treatment outcome

Abbreviations: CI, confidence interval; GBM, gradient boosting machine; HCQ, hydroxychloroquine; HR, hazard ratio; SARS-
CoV-2, severe acute respiratory syndrome coronavirus 2; VA, Veterans Affairs.

In the swell of the coronavirus disease 2019 (COVID-19)
pandemic, the world rushed to find therapies and prophylac-
tic treatments, and hydroxychloroquine (HCQ) became an
early front-runner (1, 2). HCQ is a common antimalarial and
antirheumatologic drug with immunosuppressive functions.
Results of early in vitro studies suggested HCQ might be
repurposed to treat infections with a strong immune com-
ponent (1, 3, 4), such as COVID-19. This was appealing,
considering its low cost and widespread availability. The US

Food and Drug Administration issued an emergency use
authorization for HCQ on March 28, 2020 (5), prior to the com
pletion of a randomized controlled trial, only to revoke it less
than 3 months later, following concerns about HCQ-associa-
ted adverse events reported from observational studies (6, 7).

At about the same time as the US Food and Drug
Administration’s retraction, 3 randomized controlled trials—
Outcomes Related to COVID-19 Treated With Hydroxy-
chloroquine Among Inpatients With Symptomatic Disease
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(ORCHID), Randomized Evaluation of COVID-19 Therapy
(RECOVERY), and World Health Organization Public Health
Emergency "Solidarity" Clinical Trial for COVID-19 Treat-
ments (SOLIDARITY)—discontinued their HCQ arms be-
cause interim analyses showed no benefit in reducing deaths
among inpatients with COVID-19 (8–10). The results of
these trials recently were made public (11–13). Although
randomized controlled trials are the gold standard for
evaluating the effectiveness of a drug (14), none of the trials
investigating HCQ treatment explored the combination with
azithromycin in their study design. Azithromycin has also
been given to patients with COVID-19, and in 1 small obser-
vational study, researchers hypothesized that the combina-
tion of the 2 drugs reduced viral load (1).

Results from observational studies of HCQ in treating
COVID-19 have been inconsistent and subject to bias
(15–19). Early studies claiming a benefit were from small
samples with limited data and little control of potential
confounders. Timing of treatment during hospitalization
was often poorly defined, no studies appeared to control
for secular trends in the timing of treatment, and several
studies used data from HCQ use before the US Food and
Drug Administration’s initial emergency use authorization
(20). Particularly, the study design and analytic techniques
may not have been able to account for the various sources
of potential and residual confounding (21–23).

In a recent meta-analysis of HCQ and death in patients
hospitalized with COVID-19 (16), observational data were
used in 25 of the 29 studies, and 10 of these peer-reviewed
and preprint publications used some form of propensity
adjustment. One main goal of propensity analysis is to
balance confounding factors to emulate a randomized con-
trolled trial setting (24). Recent studies on propensity scor-
ing have shown that machine learning methods can achieve
better balance than traditional regression methods in obser-
vational studies (25–29). Gradient-boosted modeling using
decision trees allows for interactions among the variables
used in propensity score calculation and makes no assump-
tions about the shape of the relationship between the con-
founder and treatment received (25).

In this article, we apply careful study design and sta-
tistical analytic approaches, using machine learning meth-
ods, to evaluate the effectiveness of HCQ, with or without
azithromycin, in the treatment of COVID-19 in the US vet-
eran population. We empirically assess the bias of the results
by considering a priori–defined clinical confounders and a
range of sensitivity analyses. Finally, we compare our ana-
lytic results with the existing literature on HCQ effectiveness
for COVID-19 and draw conclusions about the implications
for confounding in the context of an evolving pandemic.

METHODS

Veteran Affairs health care cohort

The US Department of Veterans Affairs (VA) is the largest
single-payer US health care system, with 6 million veterans
under care in the past 2 years. Structured electronic health
records in the VA’s Corporate Data Warehouse include all
clinical encounters. Record domains include demograph-

ics, laboratory results, vital signs, health factors, pharmacy
prescription fills, hospitalizations, and outpatient visits. A
COVID-19–specific research database was constructed in
the Knowledge, Discovery, and Innovation computing envi-
ronment at the Department of Energy’s Oak Ridge National
Laboratory. The work for this analysis under the US Food
and Drug Administration–led COVID-19 Insights Partner-
ship projects was approved by both Department of Energy
and VA institutional review boards and is a joint activity
involving VA and Department of Energy investigators.

Study design

We designed our study cohort to mimic criteria that might
be expected in a clinical trial setting (Figure 1). Key vari-
ables, index date, and exposure criteria follow a template
developed for communicating reproducible, observational
study designs in pharmacoepidemiology (30). Day 0, or the
index date, was classified as the day of first hospitalization
on the same day or after first positive diagnosis for severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
the virus that causes COVID-19.

Identification of COVID-19 cases

The VA COVID-19 research cohort includes individuals
who were tested for SARS-CoV-2 inside or outside of a VA
facility. We used the VA’s National Surveillance Tool, the
authoritative data source for defining positive and negative
SARS-CoV-2 cases (31), to identify COVID-19 case patients
as veterans who had a positive diagnosis.

Inclusion criteria

We restricted the sample to individuals hospitalized within
the VA only, because of limited HCQ use and outcomes data
for patients outside of VA hospitals. The base cohort in-
cluded case patients with COVID-19 before April 30, 2020,
after which HCQ use dramatically decreased (Figure 2). We
included case patients for whom onset of infection was no
later than hospital admission or June 1, 2020. We excluded
patients who had received HCQ or azithromycin for non–
COVID-19 illnesses (i.e., anyone using HCQ in the year
prior to or using azithromycin within 14 days before the
index date). We also excluded patients who were discharged,
intubated, or died within 48 hours of admission, to avoid
immortal time bias. We removed patients who received care
at hospitals that were not prescribing HCQ, to ensure all
individuals had a nonzero probability of receiving treatment.

Exposure assessment

Initiation was defined as the date of first inpatient pre-
scription fill from index date until the end of follow-up. For
an intention-to-treat analysis, we classified individuals into
the following 4 groups on the basis of those initiating 1 or
both of the drugs within the first 48 hours of hospitalization:
HCQ plus azithromycin, HCQ alone, azithromycin alone,
and neither drug. For example, any individuals who received
only HCQ within the 48-hour window but later were
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Figure 1. Study design diagram of a national sample of hospitalized US veterans with coronavirus disease 2019 (COVID-19) (n = 1,769)
between March 1, 2020 and April 30, 2020. HCQ, hydroxychloroquine.

prescribed azithromycin after 48 hours were categorized
in the HCQ-alone group.

Outcomes assessment

Outcome: death VA all-cause mortality information was
based on the Beneficiary Identification Records Locator
Subsystem, clinical records, and Social Security Death Index
data (32). Time to death was measured from the index date
and censored anyone who remained alive at 30 days.

Outcome: invasive ventilation/intubation We considered
only invasive ventilation in our outcomes assessment, using
diagnostic International Classification of Diseases, Tenth
Edition, codes (0BH13EZ, 0BH17EZ, 0BH18EZ, 5A1935Z,
5A1945Z, 5A1955Z) and current procedural terminology
code 31500. Among hospitalized patients with COVID-19,
more than 95% of the intubations occurred within 21 days
of admission, thus we analyzed the outcome using time to
intubation during this 21-day period, with censoring at death
or discharge.

Covariates and confounders

Potential confounders were assembled in clinically mean-
ingful identification time frames (Figure 1). For uncommon

laboratory tests that were measured acutely (e.g., lactate
dehydrogenase, C-reactive protein, d-dimer, ferritin), we
used evidence of measurement as the covariate of interest.
Patient demographics (i.e., age, sex, region of the United
States, urbanicity), height and weight, smoking status, alco-
hol use disorder, and evidence of recent long-term care
were taken from data prior to the index date. Additional
variables considered potential confounders of treatment and
both primary outcomes were chronic medications, concur-
rent inpatient treatments (for COVID-19 or HCQ contraindi-
cations), chronic conditions (based on diagnostic codes and
including a frailty score (33)), and acute laboratory results
and vital signs (those related to acute illness). All poten-
tial confounders were included in the propensity model.
Complete descriptions of diagnostic and medication codes
are provided in Web Tables 1 and 2 and Web Appendix 1
(available at https://doi.org/10.1093/aje/kwab183).

Statistical analyses

All analyses were performed using R software (R Foun-
dation for Statistical Computing, Vienna, Austria) (34) and
publicly available packages.

Missing data Missing covariate information was imputed
using the multiple imputation from the chained equations
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Figure 2. New-user hydroxychloroquine (HCQ) prescriptions over time in a national sample of hospitalized US veterans with coronavirus
disease 2019 (COVID-19) (n = 1,769) between March 1, 2020, and April 30, 2020. Important dates, as annotated on the plot, are: A) March
18, 2020: pharmacy benefits management (PBM) literature summary of off-label COVID-19 therapeutic options posted; B) March 23, 2020:
PBM HCQ prioritization criteria posted; C) March 28, 2020: US Food and Drug Administration (FDA) approves HCQ under emergency use
authorization; D) March 30, 2020: PBM HCQ safety document posted; E) April 20, 2020: PBM HCQ prioritization criteria archived (lack of
effectiveness data); F) April 23, 2020: PBM HCQ safety document updated; G) April 24, 2020: FDA drug safety communication.

“mice” package in R (35, 36). Ten imputed data sets were
generated, analyzed separately, and the final results were
subsequently combined using Rubin’s rules to determine
final effect sizes and confidence intervals (CIs) (37).

Propensity score calculation Propensity scores for each
treatment were estimated from a gradient boosting machine
(GBM) (38), an ensemble of models that takes baseline mea-
sures and characteristics as inputs and outputs the patient’s
predicted probability (or propensity score) for receiving
each treatment (both HCQ and azithromycin, HCQ alone,
azithromycin alone, or neither). We used decision trees as
base learners for GBM, using the “gbm” and “WeightIt” R
packages to fit our models (39, 40). The hyperparameters
were set as an interaction depth of 4, a maximum of 5,000
trees, and shrinkage of 0.1. We optimized the maximum
of standardized mean differences between potential con-
founders across the treatment arms.

For each patient, the propensity score was converted to
a stabilized inverse probability of treatment weight. We
evaluated the propensity scores using the “cobalt” package
in R to look at the distributions of average standardized
mean differences between each pair of treatments (41). The
relative influence (42) was calculated as the normalized
amount of change in the balance metric for each variable
when it was used to split a node.

Outcome models The stabilized inverse probability of
treatment weights from the propensity modeling steps were

included as subject-level weights in Cox proportional haz-
ards multivariable models for estimating treatment effects
on death and intubation using the “survival” package (43) in
R. An α level of 0.05 was used.

Sensitivity analyses

We assessed design assumptions and data restrictions with
a series of sensitivity analyses to address questions regarding
timing, analytic design, and methods. To consider whether
timing of treatment initiation made a difference in survival,
we considered a shorter, 24-hour exposure window, with
corresponding adjustments in exclusions and outcomes. We
explored the effect of the secular prescribing trend(s) by
limiting analyses to time windows framed by regulatory
guidelines and patterns of use within the VA. The final set of
sensitivity analyses focused on the statistical and machine-
learning methods and assumptions. We also considered a set
of doubly robust models, with select confounders included in
both the propensity and outcome models (44, 45). Complete
details about cohort restrictions and sensitivity analyses per-
formed are provided in Web Table 3 and Web Appendix 2.

RESULTS

Characteristics of users

As of April 30, 2020, there were 7,193 SARS-CoV-2–
positive cases out of 64,055 individuals tested overall (46),
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yielding an analytic cohort of 1,769 individuals (Figure 3).
The mean number of days between a positive laboratory
result and hospitalization was 2.1 (Web Figure 1). In the first
48 hours of hospitalization, 429 individuals (24%) initiated
treatment with HCQ and azithromycin, 228 (13%) received
HCQ alone, and 342 (19%) received azithromycin alone;
770 patients (44%) were not prescribed either of these 2
treatment strategies (Table 1, Web Table 4).

Those who initiated azithromycin alone or in combination
with HCQ in the first 48 hours of hospitalization were
younger (mean ages, 67.6 and 67.8 years, respectively) than
those initiating HCQ alone (mean age, 70.2 years) or neither
treatment (mean age, 71.5 years) in the same exposure time
frame. Non-Hispanic Black patients were more likely to
receive at least 1 treatment than patients of other race/ethnic-
ity groups, and those in urban settings were more likely to be
prescribed some form of HCQ. Patients coming from long-
term care or nursing facilities were less likely to have either
treatment initiated within the first 48 hours of admission.
Acute laboratory measurements, such as lactate dehydro-
genase and C-reactive protein levels, were more commonly
available for patients those initiating both treatments.

Propensity model

Before weighting, the exposure groups differed with respect
to multiple covariates (Table 1). Overall, the GBM was able
to balance a large majority of the variables in the primary
analysis model. Complete love and balance plots can be
found in Web Figures 2–15. The week-of-admission variable
did not achieve the recommended threshold of 0.1 (47)
or even 0.2 for the average standardized mean difference
comparing those initiating both treatments with any of the
other 3 groups. Similarly, the average standardized mean
difference for week of admission comparing HCQ alone
with the neither-treatment or azithromycin-alone groups was
approximately 0.2. Figure 4 displays the average relative
importance or influence of a given predictor in the primary
propensity model. Notably, total station size and week of
admission were the most important factors across all impu-
tations and sensitivity analyses (Web Figures 16–18).

Primary analysis

Of the 429 individuals initiating both HCQ and azithro-
mycin in the first 48 hours after VA hospital admission, 90
(21%) died within 30 days after admission and 64 (15%)
were intubated within 21 days of admission (Table 2, Web
Table 5). After weighting, patients for whom both treatments
were initiated had a 22% increased hazard of death (hazard
ratio (HR) = 1.22, 95% CI: 0.91, 1.63) and 55% increased
hazard of intubation (HR = 1.55, 95% CI: 1.07, 2.24) com-
pared with patients receiving neither treatment within the
first 48 hours after hospitalization.

Comparing those exposed to HCQ alone with patients
who received neither treatment in the 48 hours following
admission, there were nonstatistically significant increased
risks of both death within 30 days of index (HR = 1.21,
95% CI: 0.82, 1.76) and intubation within 21 days of index

(HR = 1.33, 95% CI: 0.82, 2.15). Meanwhile, patients initi-
ating azithromycin alone in the first 48 hours had similar
hazards for death (HR = 0.90, 95% CI: 0.64, 1.27) and
intubation (HR = 1.03, 95% CI: 0.66, 1.61) compared with
patients receiving neither treatment. None of these analyses
indicated a benefit of HCQ or azithromycin.

Sensitivity analyses

There were few measurable changes in the effect esti-
mates and CIs of the 2 comparisons (i.e., both vs. neither;
HCQ alone vs. neither) for many of the sensitivity analyses.
Figure 5 summarizes the average treatment effect HR (95%
CI) for those initiating any combination of HCQ compared
with those receiving neither treatment in the 48 hours after
admission. Complete results, including event counts and
number exposed, from all sensitivity analyses can be found
in Web Tables 6–7.

Censoring at change in treatment (adding either azithro-
mycin or HCQ after 48 hours after hospitalization) pro-
duced substantially different results for death (for HCQ
vs. neither treatment, HR = 1.42, 95% CI: 0.92, 2.18; for
both treatments vs. neither treatment, HR = 1.63, 95%
CI: 1.18,2.25; Figure 5A). This corresponded to 75 fewer
“cases,” mostly from the neither-treatment group. A similar
pattern of inflated HRs and fewer cases can be seen for the
intubation outcome (Figure 5B).

Dropping the index dates that occurred before the Phar-
macy Benefits Management’s guidelines for HCQ emergency-
use authorization posted on March 30, 2020, left slightly
more than two-thirds of the total sample (n = 1,218). This
change did not affect the intent-to-treat HR for HCQ alone
versus neither drug in terms of death, but it did shift the final
estimate for both treatments versus neither treatment away
from the null (HR = 1.41, 95% CI: 0.98, 2.03), indicating
greater harm. For the intubation outcome, the HR shifted
again; however, these data may not be interpretable, due to
the small number of cases.

DISCUSSION

Key findings

We found no benefit in COVID-19 death and intuba-
tion from treatment with HCQ alone or in combination
with azithromycin when administered shortly after hospital
admission. The direction of the effect was consistent across
all models and comparable to findings of recent studies of
HCQ for the treatment of SARS-CoV-2 infection in the
inpatient hospital setting (11, 12, 48–50).

Research in context

A previous analysis of HCQ effectiveness among veterans
demonstrated no evidence of benefit for those prescribed
HCQ with or without azithromycin, with indication of harm
from HCQ alone (20). The sample size was small (n = 807),
with a restricted follow-up window for certain individuals.
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Veterans Tested March 1 Through
April 30, 2020 (n = 64,055)

Excluded Individuals (n = 56,862)
COVID-19 negative (n = 53,858)
Not in the case list (n = 3,004)

Individuals Who Were COVID-19
Positive (n = 7,193)

Excluded Individuals (n = 4,744)
No hospital admission around laboratory test

date (n = 4,384)
Admitted to the hospital before the

laboratory test date (n = 283)
Admitted after May 31, 2020 (n = 77)

Persons With Any Hospital 
Admission After a Positive 

Laboratory Result (n = 2,449)

Excluded Individuals (n = 557)
Died within 48 hours after admission (n = 24)
Discharged within 48 hours after admission

(n = 290)
Intubated within 48 hours after admission

(n = 243)

Inpatient 48 Hours After Admission 
(n = 1,892)

Excluded Individuals (n = 88)
Previously taking hydroxychloroquine (n = 18)
Taking azithromycin before hospitalization

(n = 70)

Persons Who Were Treatment 
Naive (n = 1,804)

Excluded Individuals (n = 35)
Patients from VA medical centers in which no   

one received hydroxychloroquine (n = 35)

Final Analytic Cohort (n = 1,769)

Figure 3. Study inclusion and exclusion criteria for the primary analysis of a national sample of hospitalized US veterans with coronavirus
disease 2019 (n = 1,769) between March 1, 2020, and April 30, 2020.

In contrast, authors of a study from the Henry Ford
Health System estimated that any form of HCQ led to
significant reductions of in-hospital deaths (for HCQ vs.
neither treatment, HR = 0.66; for both treatments vs.
neither treatment, HR = 0.71) (51). The study differed
in population demographics, size, and by the use of a
multivariate modeling approach that included a limited
number of confounders in the models. This study was
criticized for insufficiently controlling for confounding by
indication (i.e., sicker patients were less likely to receive
HCQ) (52). In addition, the Henry Ford study did not
account for secular trends, which we demonstrate here are
an important factor to include in analyses.

Methodological differences

Using a sample twice the size of the prior VA study
(n = 1,769 vs. 807), we found similar average treatment
effects of HCQ with or without azithromycin compared
with neither treatment. The differences that exist in our
findings can likely be explained by our use of an adjudicated,
algorithm-based case definition (the VA’s National Surveil-
lance Tool) that captures laboratory-identified cases as well
as those not in the VA system. However, given the 95%
agreement between COVID-19 case definitions based on VA
laboratory test only and National Surveillance Tool positive
definitions, it is also possible that the search terms used in
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Triglycerides
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Long-term care

Frailty index
Low-density lipoprotein cholesterol

Acute lactate dehydrogenase (yes/no)
Acute aspartate aminotransferase

Station size
Week of admission

0 5 10 15 20 25 30 35
Relative Influence

P
re

di
ct

or
 o

f T
re

at
m

en
t

Figure 4. Relative inf luence plot of variables included in propensity model (primary analysis).

the prior study did not capture all SARS-CoV-2 positive
cases. Magagnoli et al. (20) additionally restricted follow-
up through April 29, 2020, meaning that the outcomes of
patients hospitalized toward the end of April would not have
had enough time to be observed. In a sensitivity analysis
using a similar enrollment restriction (i.e., hospitalized on
or before April 30), but with adequate follow-up time for all
individuals, we saw no change in our results or conclusions.

Strengths

Relative to other observational cohorts in the United
States, the VA has more longitudinal data and limited loss to

follow-up. These factors allow for a more complete assess-
ment of patients’ comorbidities and outcomes.

Chronological bias (53) is a challenging feature of research
related to HCQ. Chronological bias can be introduced by
variable prescribing patterns for the drug (54) in conjunction
with the geographic spread of the disease (55) and a con-
stantly evolving knowledge base about the disease and treat-
ments for it (52). We explored multiple sensitivity analyses
that demonstrated consistent results when timing of hospi-
talization and hospital size and capacity were accounted for
in the models.

We considered the importance of timing of treatment with
a sensitivity analysis setting the exposure window to 24
hours, as in other studies (48, 56). This resulted in similar

Table 2. Effect of HCQ With or Without Azithromycin on Death Over 30 Days and Intubation Over 21 Days in a National Sample of Hospitalized
US Veterans With Coronavirus Disease 2019 (n = 1,769) Between March 1, 2020, and April 30, 2020

Drug
No.

Exposed

Death Intubation

No. of
Cases

No. of
Person-Days

HR 95% CI
No. of
Cases

No. of
Person-Days

HR 95% CI

Neither drug 770 141 20,376 1.00 Referent 69 7,241 1.00 Referent

Azithromycin alone 342 56 9,174 0.90 0.64, 1.27 39 2,625 1.03 0.66, 1.61

HCQ alone 228 49 5,853 1.21 0.82, 1.76 32 1,897 1.33 0.82, 2.15

HCQ and azithromycin 429 90 11,153 1.22 0.91, 1.63 64 3,370 1.55 1.07, 2.24

Abbreviations: CI, confidence interval; HCQ, hydroxychloroquine; HR, hazard ratio.
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             Scenar
A)

B)

io

Primary analysis

Censoring analysis

24–Hour exposure window

Excluding azithromycin

Laboratory positive only

Excluding alternate treatments

Index after March 30, 2020

Index before May 1, 2020

No intensive care unit

HCQ HR (95% CI)

1.21 (0.82, 1.76)

1.42 (0.92, 2.18)

1.24 (0.81, 1.88)

1.20 (0.82, 1.75)
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Figure 5. Forest plots comparing A) death and B) intubation hazard ratios (HRs) across sensitivity analyses of a national sample of hospitalized
US veterans with coronavirus disease 2019 (N = 1,769) between March 1, 2020, and April 30, 2020. Squares with solid lines and diamonds with
dashed lines represent the HRs and 95% confidence intervals (Cis) corresponding to the average treatment effects of hydroxychloroquine (HCQ)
and HCQ with azithromycin (both) compared with neither treatment, respectively. Sensitivity analyses were conducted to determine differences
from primary analysis. The terms under “Scenario” in panels A and B refer to the following: censoring, when HCQ or azithromycin was added to
the patient’s treatment after the 48-hour exposure window; 24-hour exposure window, using a 24-hour window (from hospitalization) for exposure
definition and corresponding exclusions; excluding azithromycin, removing the azithromycin-alone group before propensity modeling; laboratory
positive only, restricting the cohort to only those with a positive laboratory test result in the Veterans Affairs laboratory records; excluding alternate
treatments, removing individuals taking dexamethasone, lopinavir-ritonavir, remdesivir, or tocilizumab in the 48-hour exposure window; index
after March 30, 2020, restricting index dates to after March 30, 2020 (or after the emergency use authorization was issued for HCQ use); index
before May 1, 2020, restricting index dates to April 30, 2020, or earlier; no intensive care unit, removing any individuals admitted to an intensive
care unit within the 48-hour exposure assessment window.

estimates to the primary analysis for death (for HCQ vs.
neither treatment, HR = 1.24; for both treatments vs. neither
treatment, HR = 1.15). Given that 11% of the sample added
1 or more of the treatments in the 24- to 48-hour window,

our use of the 48-hour window may be preferable because it
more effectively avoids misclassification. We excluded indi-
viduals who died, were intubated, or discharged within the
48 hours, because the patients would not have had enough
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time to experience benefit or harm from HCQ. Although
this ensured the circumvention of immortal time bias when
defining the group with neither treatment, we recognize this
approach may present additional limitations.

Limitations

Our results may not be generalizable to those intubated
before receiving treatment or to those with less severe illness
who are discharged almost immediately. Compared with the
overall US population, VA users are older, mostly male,
with more comorbidities and lower socioeconomic status
(55). Our results may differ from studies of younger and
healthier populations with a higher proportion of women.
However, older, male, and sicker individuals are at higher
risk for severe COVID-19, which warranted the study of this
drug early on, despite historical data indicating these might
also be the individuals most at risk for adverse events from
HCQ (3).

Propensity weighting did not completely eliminate covari-
ate imbalance across the treatment groups. To address this
limitation, we performed a series of doubly robust mod-
els (44, 45) (as described in Web Appendix 1) in which
covariates were included in both the propensity and outcome
models. The estimated HRs and CIs were similar to those
reported from the primary analysis, further confirming the
lack of benefit from HCQ.

Our analysis did not account for any changes in HCQ or
azithromycin status after the 48-hour exposure assessment,
such as new prescriptions or treatment discontinuation. We
attempted to address the change in treatment after 48 hours
through a sensitivity-analysis censoring at the addition of
another treatment. This per-protocol, on-treatment analysis
has been shown to confer bias in the clinical trial setting (57)
and thus is not preferred over the intention-to-treat method
used. In fact, we observed this bias in the shifted HRs and
CIs that made HCQ (with and without azithromycin) appear
harmful compared with receiving neither treatment.

After 48 hours from the index date, approximately 25%
of the patients in the combination-treatment group were in
the intensive care unit, compared with 5% of patients in
the neither-treatment group, 19% in the azithromycin alone
group, and 13% for those receiving HCQ alone. We did not
look at this particular outcome or adjust for it as a con-
founder in the propensity models. However, in a sensitivity
analysis from which these individuals were removed, the
HRs for both death and intubation of the combined treatment
group, relative to neither treatment, shifted completely to the
null, indicating that HCQ may have been seen as a “rescue”
therapy for patients in the intensive care unit. Of note, even
with this restriction, we found no evidence of benefit.

Despite our array of sensitivity analyses, we acknowledge
there is still a possibility of some unmeasured and residual
confounding we were unable to account for. However, the
GBM approach allowed us to control for many variables,
and any remaining unmeasured confounders would likely
require strong associations with both the treatment assign-
ment and outcomes, to explain away the null relationship
observed in the data.

Implications

In the early months of the pandemic, there was much
uncertainty about risk factors of COVID-19 and subse-
quent deaths, which translated to inconsistent results and
conclusions from studies with moderate to severe levels
of bias (16). With our best attempts to adjust for possi-
ble confounding, we found confirmatory evidence for an
increased risk of intubation for those who were treated with
the combination of HCQ and azithromycin for COVID-19
in a hospital setting. We found no inpatient survival benefit
to the administration HCQ, with or without concomitant
azithromycin.

Our study reflects the challenges of modeling effective-
ness during the start of a pandemic and demonstrates that
consistent data over time are critical for disentangling the
effects of confounding by indication. Although we cannot
account for compassionate use of HCQ, we do show that sen-
sitivity analyses in both study design and modeling can allow
researchers to account for many potential confounders using
electronic health record data when a priori relationships are
not well established.
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