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Abstract
Background and Objectives: Some medications require specific medical procedures in the weeks before their start. Such procedures
may meet the definition of instrumental variables (IVs). We examined how they may influence treatment effect estimation in propensity
score (PS)-adjusted comparative studies, and how to remedy.

Study Design and Setting: Different covariate assessment periods (CAPs) did and did not include the month preceding treatment start
were used to compute PS in the French claims database (Syt�eme National des Donn�ees de Sant�e-SNDS), and 1:1 match patients with met-
astatic castration resistant prostate cancer initiating abiraterone acetate or docetaxel. The 36-month survival was assessed.

Results: Among 1, 213 docetaxel and 2, 442 abiraterone initiators, the PS distribution resulting from theCAP [-12; 0months] distinctly sepa-
rated populations (c5 0.93; 273matched pairs). The CAPs [-12;-1months] identified 765 pairs (c5 0.81). Strong docetaxel treatment predictors
during the month before treatment start were implantable delivery systems (1% vs. 59%), which fulfilled IV conditions. The 36-month survival
was not meaningfully different under the [-12; 0 months] CAP but differed by 10% points (38% vs. 28%) after excluding month �1.

Conclusion: In the setting of highly predictive pretreatment procedures, excluding the immediate pre-exposure time from the CAP will
reduce the risk of including potential IVs in PS models and may reduce bias. � 2023 Elsevier Inc. All rights reserved.
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What is new?

Key findings
� Inclusion into propensity score of instrument-

acting variable may have limited impact on bias in-
crease, but may affect precision of the generated
point estimates, jeopardizing potential comparison.

� Ideally, propensity score index date should be set at
the time treatment is decided.

What this adds to what was known?
� Pre-treatment procedures can result in strong in-

struments, especially when comparing different
modalities of treatment.

� In settings of highly predictive pre-treatment pro-
cedures, excluding the immediate pre-exposure
time from the propensity covariate assessment
period can reduce the risk of including potential in-
struments in propensity score models and may
reduce bias.

What is the implication and what would change
known?
� Presence of instruments should be carefully as-

sessed in propensity score construction, and
removed whenever possible.
1. Introduction

Nonexperimental and pharmacoepidemiological studies
relying on longitudinal health care databases are considered
as a valuable complementary source of evidence to random-
ized controlled trial (RCT) evidence. Measurement issues
aside, inferring causality from nonexperimental studies re-
quires adjustment for confounding, i.e., the potential distor-
tion of the true relationship between the assessed drug and
the outcome of interest that may result from imbalance in
outcome predictors between the treatment groups [1e3].
Propensity scores (PSs) are frequently used to minimize
confounding in the analysis of health care databases as they
can adjust for many proxies of the patients’ health status
observable in secondary data [4]. A variety of ways to
implement PS analyses in nonexperimental studies exists,
including matching, weighting, stratification, and modeling
[5e8]. A PS is defined as the probability for a patient to
start a treatment according to its baseline characteristics.
Under some assumptions [5], the PS can act as a balancing
score that mimics randomization in RCTs conditional on
the observable factors, resulting in comparative cohorts
with similar distribution of baseline characteristics.

At the time of comparing the effect of two treatments,
pharmacy dispensing records and by extension their
associated claims are considered reliable markers for drug
exposure [9]. Consequently, in comparative cohort studies
based on claims data, dates of initial dispensing are usually
used as the beginning of exposure, as well as the end of the
covariate assessment period (CAP) essential to the con-
struction of a PS [6,10]. However, it is worth remembering
that in its original definition, PS refers to the ‘‘probability
of assignment to a particular treatment’’ [5], and so, to
the time when the decision to treat was made. In some sit-
uations, this decision to treat may occur well before the
actual treatment onset because of a specific pretreatment
check (e.g., specific laboratory tests), or drug
administration-related medical procedure (e.g., implantable
chamber for chemotherapy). In such situations, treatment-
specific services occurring in patient journeys before the
treatment start but after the decision to treat was made
may be strongly associated with the exposure (i.e., treat-
ment proxies) but poorly associated with patient character-
istics. Measurements of such pretreatment services
therefore have properties similar to instruments (or instru-
mental variableseIVs) [11].

Adjusting for preexposure patient characteristics that
have properties of instruments may amplify any residual
confounding [12e14], especially strong treatment predic-
tors [15]. In practical settings, it is sometimes difficult to
identify such IVs and if so then the impact on treatment ef-
fect estimates remains unclear. Although the theoretical
process of variable selection in PS construction have been
broadly discussed [13,16e18], few illustrative examples
of results issued from designs based on an IV-biased PS
have been published and contextualized. The objective of
this article is to illustrate a situation of strong treatment
predictors in oncology through a comparative cohort
study conducted in the French Nationwide health care data-
base (Syt�eme National des Donn�ees de Sant�eeSNDS)
[19,20], to exemplify how including IVs in a PS can alter
the composition of the comparator groups and impact effect
estimates, and to introduce solutions to address this issue.
2. Methods

2.1. General design

As part of the project ‘‘TherapeutiC strAtegy in MEtasta-
tic castration-Resistant pRostate cAncer’’ (CAMERRA), a
comparative cohort study was setup to assess the effective-
ness of two first-line treatments used for metastatic
castrationeresistant prostate cancer (mCRPC) management
in association with prednisone/prednisolonedabiraterone
acetate and docetaxel [19,20]. Patients with mCRPC and
initiating abiraterone acetate or docetaxel as first-line treat-
ment in 2014 were identified and extracted from the SNDS
with up to 5 years of history and 3 years of follow-up. Patients
were then 1:1matched based on high-dimensional PS (hdPS)
and potentially other clinically pertinent variables, before
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performing comparative analyses. The hdPS construction
and hdPS assessment stages of CAMERRA were used
throughout this article as example.

2.2. Syt�eme National des Donn�ees de Sant�e (SNDS)

The SNDS currently covers 98.8% of the French popu-
lation. Health care resource consumption by each benefi-
ciary can be tracked from birth (or immigration) to death
(or emigration) using a unique national pseudonymized
identifier [21,22]. All reimbursed resource consumptions
in the community sector are documented as well as hospital
discharge summaries. For each expenditure, dates, associ-
ated costs, prescriber, and caregiver information are pro-
vided. Though, neither medical indications nor results are
recorded, the level of details of the captured information,
enable an accurate characterization of patient health care
journeys [23].

Access to SNDS data for the purposes of CAMERRA
project was approved by the French national data protection
agency (Commission nationale de l’informatique et des lib-
ert�es), after positive opinion from the committee in charge
of the ethical and scientific evaluation at the time of the
study, the Institut des Donn�ees de Sant�e.

2.3. Population

Patients with prostate cancer aged �40 years covered by
the general health insurance scheme were identified in 2014
based on specific prostate cancer drug dispensing or pro-
cedures, long-term registration and hospital stays for pros-
tate cancer over a 5-year medical history period. A
validated algorithm was then applied to detect castration
resistance and metastasis management, and thus mCRPC
status (positive predictive value 5 97%) [19]. Patients with
mCRPC initiating docetaxel or abiraterone acetate in 2014
were included in the cohort entering the day of treatment
start (date of dispensing).

2.4. Exposure

Abiraterone acetate exposure was captured through
outpatient pharmacy dispensing. Docetaxel was identified
through hospital stays with ‘‘chemotherapy session for
neoplasm’’ (International Classification of Diseases10 5
Z51.1) as principal diagnosis and prostate cancer (C61)
as related one, as long as any other identifiable chemo-
therapy was mentioned on the same date. This proxy was
applied to patients with multiple cancers only when
androgen deprivation therapy or surgical castration was re-
corded in their historic.

2.5. Outcome

Outcomes of interest were overall survival probability at
36 months following initiation of abiraterone acetate or
docetaxel.
2.6. Propensity score construction, assessment, and
matching

In this study, the hdPS represents the probability of be-
ing treated by abiraterone acetate vs. docetaxel as first-line
treatment of mCRPC. Unlike classical PS for which the co-
variates are ‘‘manually’’ selected when they relate to the
outcome even if they are unrelated to treatment assignment,
the hdPS uses an automatized variable selection method to
empirically rank and select covariates with the highest con-
founding potential to be included in the score [6,24]. This
large number of considered covariates acts as a proxy for
unmeasured confounders and so, may reduce residual con-
founding (e.g., tobacco consumption may not be captured
but all diseases and cares resulting from heavy smoking
are).

2.6.1. High-dimensional propensity score construction
The hdPS algorithm from the Pharmacoepidemiology

Toolbox, version 2.4.15 [25] was used to examine all cova-
riates among different fixed patient characteristics (e.g., age
and gender) and the five main SNDS data dimensions:
long-term disease registration, hospital discharge diagno-
ses, drug dispensing, laboratory test, and medical and imag-
ing procedure. From each dimension, the top 200 most
prevalent codes were transformed into binary covariates ac-
cording to three levels of within-patient frequency of occur-
rence. These binary covariatesd3 000 in totalewere then
individually assessed for inclusion into the hdPS using an
unconditional binary logistic regression model. The algo-
rithm prioritized each of these variables by its potential to
bias the exposure-outcome relationship using Bross’s bias
formula, and includes the top 100 in the final model [24].
Upon recommendation of clinicians, age at treatment initi-
ation, disease stage before treatment initiation, Charlson
comorbidity index, and total health care costs were added
to the 100 empirically selected covariates. The predicted
probabilities for patients to initiate abiraterone acetate
rather than docetaxel were then separately derived.

Key to this investigation is that we considered two CAPs
to investigate the impact of the time window running from
treatment decision to treatment startei.e., the treatment im-
plementation periodeon the resulting hdPS distribution and
treatment effect estimate (Fig. 1) [1]: from 12 months
before the treatment dispensing date to treatment
dispensing date [-12m; 0m] [2], from 12 months before
treatment dispensing date to 1 month before treatment
dispensing date [-12m; -1m]. Sensitivity analyses involving
other lengths of CAP were performed: [-12m; -2m],
[-24m; -1m].

2.6.2. High-dimensional propensity score assessment
and 1:1 matching

Quality of the resulting hdPS models was assessed based
on the overlap between the hdPS distribution of the two
comparative groups. Prematching C-statistic was calculated



Fig. 1. Study design diagram representing the different covariate assessment periods used to compute high-dimensional propensity scores.
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to inform on the ability of the model to predict treatment
status (the closer to 1, the more discriminant). The distribu-
tion was trimmed, excluding values below the hdPS 2.5th
percentile observed in the abiraterone acetate group and
values above the hdPS 97.5th percentile observed in the do-
cetaxel group. Treated patients from both groups were then
1:1 matched based on the hdPS 60.01. The C-statistic
of each hdPS model was then calculated in the matched
population, i.e., postmatching. The closer to 0.5 is the
C-statistic, the less discriminative is the model between
treatment groups in the matched population [16]. The num-
ber of variables over the patient history with a standardized
difference (SDif) �10% post matching was also calculated
[26,27]. Association of these variables to the outcome of in-
terest was assessed using a Cox proportional hazard regres-
sion model. Note that for similar post matching C-statistic,
preference should be given to the settings with the lowest
number of post matching SDif �10% associated to the
outcome post matching, since they are the more likely to
bias analyses [26,27].

Sensitivity analyses were performed forcing different
variables in the hdPS, as well as trying different matching
strategies using hdPS and other fixed variables based on
medical expert recommendations.
2.7. Description of health care utilization during the
month before treatment start

In order to identify which treatment-specific medical
services were performed during the interval between treat-
ment decision and treatment start, we listed the prevalence
of select services and computed the prevalence differences,
including drug dispensing (Anatomical Therapeutic Chem-
ical - Classification System level 2 and 5), medical and im-
aging procedure (Classification commune des actes
m�edicaux codes), and laboratory tests ordered (Nomencla-
ture des actes de biologie m�edicale codes) during the
month (30 days) before treatment start and PS matching
[28].
3. Results

3.1. Population

A total of 386,127 prevalent prostate cancer cases were
identified in the French population covered by the general
health insurance scheme in 2014, including 12,951
mCRPC. Among them, 1, 213 initiated docetaxel and 2,
442 abiraterone acetate, with a similar distribution of initi-
ation according to calendar months (chi-Square test P-
value 5 0.52).

3.2. High-dimensional propensity score assessment

The two different CAPsewhose only difference is the
ending pointewere used to compute the hdPS and to
execute the 1:1 matching on hdPS 60.01.

The CAP [-12m; 0m] that includes the month before
treatment initiation gave a poor overlap of hdPS distribu-
tion, clearly indicating two dissimilar populations (Fig. 2)
with a prematching C-statistic of 0.931. Matching on hdPS
led to 273 potential patient pairs with a postmatching C-sta-
tistic of 0.713.

Overlap between the two groups was clearly improved
when the month before treatment initiation was excluded
from the CAP [-12m; -1m]. Prematching C-statistic was
0.813. The number of potential matched-patient pairs was
almost three times higher, attaining 765, and the post
matching C-statistic was improved, getting to 0.614.
Fifty-two variables remained with a SDif �10% post
matching, including 14 variables statistically associated
with the outcome. The resulting overlap after trimming
and matching is plotted on Figure 3.

Using the same hdPS model and matching strategy,
sensitivity analyses showed that the exclusion of the



Fig. 2. Histogram describing the overlap between the hdPS distribu-
tions of both docetaxel and abiraterone acetate groups for the CAP
[-12m; 0m] where 0 denotes the treatment dispensing date. hdPS,
high-dimensional propensity score; CAP, covariate assessment period.
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2 months before the index date of the CAP [-12m; -2m] led
to a slightly higher number of matched patient pairs (865)
and a post matching C-statistic of 0.578 with 39 SDif
�10%, including 12 associated with the outcome.

The lowest post matching C-statistic (0.603) and number
of variables with a SDif �10% statistically associated with
the outcome [5], leading to 716 patient pairs, was reached
using a hdPS model excluding total health care costs and
forcing cancer management specific variables, a CAP
running from 2 years to 1 month prior to index date
[-24m; -1m], and matching on hdPS 60.01, previous stage
of prostate cancer and prostate cancer diagnosis date
61 year (for more details see Appendix A).

3.3. Survival probabilities

Overall survival probabilities corresponding to the
different CAPs are provided in Table 1. Overall survival
probabilities appear as significantly different between
Fig. 3. Histogram describing the overlap between the hdPS distribu-
tions of both docetaxel and abiraterone acetate groups for the CAP
[-12m; -1m]. hdPS, high-dimensional propensity score; CAP, covari-
ate assessment period.
abiraterone acetate and docetaxel for all CAPs except
[-12m; 0m]. The full final results of this comparative study
have been published elsewhere [20].
3.4. Description of health care utilization during the
month before treatment start

Important discrepancies were observed between abira-
terone acetate vs. docetaxel groups in terms of drug
dispensing, performed laboratory tests and procedures dur-
ing the month prior to index date (see Appendix B). More
patients received drugs for functional gastrointestinal disor-
ders (7.6% vs. 29.2%) and antiemetics (1.2% vs. 32.0%),
such as aprepitant, in the docetaxel group than in the abir-
aterone acetate group. Similar trends were also noticed for
anesthetics (2.5% vs. 32.4%), antiseptics (4.8% vs. 41.2%),
systemic corticosteroids (10.9% vs. 56.7%), and sodium bi-
carbonate (0.4% vs. 19.4%). Much more placements of
subcutaneous implantable delivery system were observed
in the docetaxel group than in the abiraterone acetate group
(0.7% vs. 58.5%), as well as chest X-ray (5.1% vs. 34.3%).
Laboratory tests such as blood and platelets count, pro-
thrombin time, and activated cephalin time were also more
present in docetaxel group (respectively 59.5% vs. 85.6%,
9.0% vs. 31.4%, and 10.6% vs. 37.0%).
4. Discussion

In this comparative cohort study, two different treat-
ments against prostate cancer were compared using a PS
matching strategy. The CAP running over the year before
treatment initiation led to a poor overlap of the populations
to compare. The exclusion of the month prior to treatment
initiation drastically improved the overlap of the PS distri-
bution between the two groups.

The limited overlap between populations as observed on
Figure 2 should not stay unnoticed when performing
comparative analysis in practice, as either external validity
can be seriously compromised (i.e., there are two dissimilar
populations and the results will only be relevant to very
reduced proportion of selected patients) [29], or the PS
model is biased. As such, it is an important (nonspecific)
diagnostic and screening tool. The nature of the issue can
be elucidated by a close examination of the variables used
to construct the score and their clinical significance in the
light of the clinical recommendations and drug indications
in force at the time of the study. In 2014, abiraterone ace-
tate and enzalutamide were both indicated as first-line treat-
ment of mCRPC. Moreover, the review of the health care
utilization during the month before treatment start high-
lighted that many encounters were directly related with
the subcutaneous implantable delivery system required for
the chemotherapy administration (anesthetic and antiseptic
dispensing, hemostasis panel to prepare hospital visit, im-
aging procedure, and anesthesia during the intervention),



Table 1. Overall survival probabilities at 36 months according to the different covariate assessment periods

-

Model 1a Model 2a Model 3a Model 4b

CAP [ [-12m; 0m] CAP [ [-12m; -1m] CAP [ [-12m; -2m] CAP [ [-24m; -1m]

273 patient-pairs 765 patients-pairs 865 patients-pairs 716 patients-pairs

Abiraterone acetate

Survival probability % [95% CI] 31.5 [26.7; 37.2] 37.7 [34.5; 41.1] 37.3 [34.3; 40.5] 34.6 [31.5; 38.1]

Docetaxel

Survival probability % [95% CI] 27.8 [23.1; 33.3] 27.9 [25.0; 31.1] 26.9 [24.3; 29.9] 27.9 [25.0; 31.2]

P-valuec 0.2944 ! 0.0001 ! 0.0001 0.0027

CAP, covariate assessment period; CI, confidence interval; hdPS, high-dimensional propensity score; mCRPC, metastatic castration-resistant
prostate cancer.

a Forced covariates 5 age, disease stage before mCRPC status, Charlson comorbidity index, costs; Matching variable(s) 5 hdPS (60.01).
b Forced covariates 5 age, disease stage before mCRPC status, Charlson comorbidity index, �1 denosumab dispensing, �1 antineoplastic

agent dispensing, �1 urethrovesical fibroscopy; Matching variable(s) 5 hdPS ( 6 0.01), disease stage before mCRPC status, year of prostate can-
cer diagnosis (61 year).

c Log-rank test.
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or with the management of potential well-known chemo-
therapy side effects (setrons, aprepitant, metoclopramide,
or domperidone to relieve nausea and vomiting, and sodium
bicarbonate to treat mouth sores). Corticosteroid therapy is
supposed to be associated with both docetaxel and abirater-
one acetate, but future docetaxel patients took benefits from
the pharmacy visit prior to treatment initiation to receive
their corticoids, whereas future abiraterone acetate patients
must receive their corticoids along with abiraterone acetate
dispensing, which explains the observed imbalance. The
covariates listed above are strongly conditioned by the
treatment itself, but poorly associated with the outcome,
except through the treatment. They qualify as IVs in impor-
tant characteristics. The inclusion in the PS model of cova-
riates acting as IVs prior to the index date (here, the month
before treatment initiation), directly impacted the estimated
propensity for a patient to initiate a treatment. It is worth
noting that in the present case, the high prematching C-sta-
tistic value for [-12m; 0m] (0.931) probably reflects the
presence of these variables in PS model, and in no way
an indicator of its quality [16].

Survival probabilities resulting from the populations
based on CAP [-12m; 0m] and [-12m; -1m] were slightly
dissimilar but had overlapping confidence intervals. These
results are consistent with Myers et al article, highlighting
that though estimate which are conditional on perfect IV or
near-IV may have larger bias and variance than the uncon-
ditional estimates, this increase of bias was generally small,
if not negligible, when residual confounding was small
[15]. Here, it can be assumed that whatever the CAP used,
the hdPS implementation achieved a correct control of
measured and unmeasured confounding, diminishing
strength of the IV association with exposure, and so dimin-
ishing its impact on the final estimate. However, the fact re-
mains that by limiting the number of patient-pairs eligible
for comparison, the inclusion of instruments in the PS
may sensibly alter the precision of the generated estimate,
which can impact results interpretation. In the present
example, [-12m; 0m] CAP led to a nonsignificant differ-
ence between abiraterone acetate and docetaxel overall sur-
vival probabilities (31.5% [26.7; 37.2] vs. 27.8% [23.1;
33.3], P ! 0.29), whereas the same comparison appeared
as significantly different with [-12m; -1m] CAP (37.7%
[34.5; 41.1] vs. 27.9% [25.0; 31.1], P ! 0.01), probably
by excluding instruments.

As our empirical example describes, the inclusion of
strong IVs into PS may have serious repercussion in
comparative effectiveness research. Since this induced bias
results from the characteristics of the included variables
[15], such repercussion could be observed in all approaches
relying on PS, whether automated or not, in secondary or
primary collected data. Therefore, it is important to identify
and exclude IVs at the stage of PS construction, especially
when comparing different modalities of treatment (e.g.,
infusion vs. oral therapy; surgery vs. nonsurgery). This
can be done by assessing the correlation between each po-
tential PS covariate, and (i) the exposure, and (ii) the
outcome. Only covariate associated with both the exposure
and the outcome should be included in a PS. This check
may be implemented manually in classical PS construction,
for instance relying on directed acyclic graphs [30,31], or
automated in package such as for hdPS. A flaw of this
approach is that incriminated variables will likely be
excluded over the whole CAP, and not only on the period
where it turns to be an IV, which may rule out potentially
relevant information. For instance, in the presented
example, the use of corticosteroids over the treatment im-
plementation period appears to act as an IV, but the use
of corticosteroids over the CAP is still a relevant informa-
tion. An alternative solution is to exclude from the CAP the
period running from treatment decision to treatment start.
This can be achieved by excluding a fixed period of time
consistent with the disease management process, as it was
done in this example, or ideally when available, by setting
the PS index date to the medical visit during which the
treatment was decided. In the latter case, dates of each
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treatment decision should be identified with the same pre-
cision in order to avoid introducing bias. Note that potential
IV anchored prior to the theoretical treatment decision will
not be affected by this alternative solution (e.g., distance to
care, regional variation, and provider preference) [32,33].
Therefore, inputs from medical experts and database ex-
perts relying on clinical judgment and epidemiologic argu-
ments are essential to assess the feasibility of the different
options, as excluding time before decision to treat or spe-
cific variables may deprive the PS of key elements for the
assessment of the true probability to be treated.
5. Conclusion

The current work illustrated that strong treatment pre-
dictors that act like IVs may be frequent in select condi-
tions especially when comparing different treatment
modalities like intravenous vs. oral oncology treatment,
and their adjustment in PSs or other models may lead to
biased findings. Excluding the immediate pre-exposure
time from the pre-exposure CAP is one option to reduce
the risk of bias. However, the suitability of this approach,
and where appropriate, the period of time to be excluded,
should be assessed in light of clinical context and empirical
diagnostics.
Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.jclinepi.2023.01.002.
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