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Comparative effectiveness research considered methodological insights
from simulation studies in physician’s prescribing preference
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Abstract
Objectives: To review comparative effectiveness research (CER) using physician’s prescribing preference as an instrumental variable
(PPP IV) in pharmacoepidemiology and to review methodological studies that use simulation to evaluate the performance of PPP IV in CER.

Study Design and Setting: We conducted a review of CER using PPP IV and studies evaluating the use of PPP IV by using simulation
methods. We searched Ovid, PubMed, and Google Scholar databases from 2005 to 2020.

Results: We identified six simulation studies and 18 CER studies. The simulation studies explored the most suitable ways for using PPP
IV in different settings (outcome types, sample size, and the prevalence of outcomes) which can be useful guidance for using PPP IV in
CER. The CER studies identified show heterogeneity in terms of validation assumptions, estimation methods, and sample size. Not all
applied studies used the methodological insights from the simulation studies. However, they all concluded that PPP is a valid IV.

Conclusion: Future CER should consider a range of methodological issues to improve the validity of findings when using PPP IV. Spe-
cifically, studies should consider the impact of a different choice of statistical methods, forms of proxy for measuring preference, time-
varying exposures, and the type of outcome. � 2022 The Authors. Published by Elsevier Inc. This is an open access article under the
CC BY license (http://creativecommons.org/licenses/by/4.0/).
Keywords: Review; Pharmacoepidemiology; Instrumental variable; Physician’s prescribing preference; Comparative effectiveness research; Simulation

studies
1. Introduction

In comparative effectiveness research (CER) using
observational study designs, residual confounding is the
most important challenge. There are well-established
methods that focus on reducing covariate imbalance, such
as multivariable-adjusted regression and propensity score
methods [1]. However, these methods assume no
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unmeasured confounding after such adjustment. Originally
from econometrics, the instrumental variable (IV) method
can be used to address unmeasured confounding [2].

Physician’s prescribing preference (PPP) is a commonly
used instrument [3]. It exploits naturally occurring variation
which makes the treatment assignment in observational
studies using heath datasets closer to that in randomized
controlled trials. The PPP is a latent variable and relies on
proxy/surrogate measurement. The most common surrogate
for PPP is the most recent prescription made by the same
physician for patients with the same symptoms, also referred
to as ‘prior one’ prescription [3]. Alternatively, PPP can be
defined as the proportion of one particular drug under study
prescribed among all the previous patients of the physician
[4]. Furthermore, PPP can be constructed at higher levels
of aggregation, such as general practice (a local grouping
of doctors which is found in the United Kingdom and other
similar health systems) or other regional levels [5].

In the past 15 years, there have been articles which intro-
duce IV methods in general and the use of PPP IV specif-
ically [1,6,7]. Chen et al. conducted a systematic review to
s article under the CC BY license (http://creativecommons.org/licenses/by/
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What is new?

Key findings
� There is an inconsistency between the applied

studies and simulation studies that use physician’s
prescribing preference as instrumental variable in
pharmacoepidemiology.

What this adds to what was known?
� This article reviews applied and simulation studies

that use physician’s prescribing preference as
instrumental variables in pharmacoepidemiology
between 2005 and 2020. In this review, the applied
studies that use physician’s prescribing preference
as an instrumental variable do not always report
their results to a standard that systematic reviews
and simulation studies suggest.

What is the implication and what should change
now?
� Applied studies using physician’s prescribing pref-

erence as an instrumental variable should consider
methodological insights from simulation studies to
inform study designs.Applied studies using physi-
cian’s prescribing preference as an instrumental
variable should consider methodological insights
from simulation studies to inform study designs.

synthesize drug research studies using IV to see whether it
can be a valid approach for tackling unmeasured confound-
ing bias [8]. Davies et al. also conducted a systematic re-
view of using IV methods and reporting of IV results [9].
However, these cover common types of IV used in epidemi-
ological research and so did not cover some issues of
particular importance to PPPs. This article reviewed the sci-
entific literature of CERs using PPP IV to compare how
methods are employed in applied studies to those studies
introducing important methodological considerations.
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2. Method

2.1. Inclusion and exclusion criteria

To identify simulation studies, the inclusion criteria
were: (1) Use PPP as IV in a hypothesized drug comparison
study and (2) Published between 2005 and 2020.

To identify CER studies using PPP IV, we conducted a
literature search using Ovid, PubMed, and Google Scholar
with the following inclusion criteria: (1) Use prescription
drugs as exposure, (2) Compare the effectiveness of two
drugs, (3) Use PPP as IV, and (4) Published between
2005 and 2020. The exclusion criteria were: (1) Review
article, (2) Clinical trial, and (3) Abstract or book.
2.2. Search terms

The search terms used in this review were IV and pre-
scribing preference or medication or treatment for both
applied and simulation studies. We distinguished between
these two types of study as per whether they used simulated
data or routinely collected data.
3. Results

Using the search terms, we found 1,192 records in Ovid,
PubMed, and Google Scholar (Fig. 1).

We first excluded studies that were not comparing treat-
ment effectiveness. Then we excluded studies that are irrel-
evant to IV methods. Finally, we deleted those studies that
used the IV method but not specifically PPP IV. The re-
maining 18 applied and six simulation studies are included
in the subsequent review.

We identified six simulation studies and 18 applied
studies. Tables 1 and 2 in the supplementary material
contain the key characteristics of these studies.

3.1. Summary of the simulation studies

All identified simulation studies aimed to get better un-
derstanding of using PPP IVas a method of reducing unmea-
sured confounding bias in pharmacoepidemiology (Table 1
in the supplementary material). For that, they formed their
data to simulate hypothetical studies comparing the treat-
ment effectiveness or the risk of adverse event in the context
of large datasets. The PPP was built on the basis that all
three assumptions are met. In general, better performance
means lower variance (smaller standard deviation) and lower
bias. Simulated data facilitate the comparison between the
IV estimates with the ‘true’ estimate and use root of mean
squares error, relative bias, and coverage rate to measure
the bias quantitatively. Most of these studies mention the
strength of the association between exposure and the instru-
ment. They emphasize the association between instruments
and exposures needs to be strong enough to implement an
unbiased IV analysis. Ionescu-Ittu et al. used the proportion
of exchangeable group to represent the strength of this asso-
ciation [4]. A further study [34] also focuses on the strength
of PPP IV but in a more specific way by defining boundaries
for weak instruments (e.g., Pearson’s correlation coefficient
!0.15 or odds ratio (OR) !2). Also, the limitations of us-
ing IV methods including the weak instrument and limited
sample size can be shown in a more specific way [35].

3.2. Summary of the applied studies

3.2.1. The construction of proxy for physician’s pre-
scribing preference

In terms of constructing PPP IV, there are two major
types of variables in the applied studies: binary (the most
recent prescription made by the same physician, ‘prior
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Fig. 1. PRISMA chart for a literature review. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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one’) and numerical (the proportion of patients who were
prescribed the drug of interest). The variance of binary out-
comes is more likely to be inflated than continuous
Table 1. Summary of estimation method in different settings

Estimation

Two-stage linear regression

Generalized method of moment (GMM) IV

Two-stage residual inclusion(2SRI)

Two-stage predictor substitution (2SPS)

Local Average Treatment Effects (LARF)

IV Cox regression

GLM adaptions on IV (eg, IV Probit/IV logistic regression)
outcomes under the same settings [4]. Unlike the other
studies, Koladjo et al. compared the results of generalized
method of moment and two-stage residual inclusion which
Suitable scenarios

Linear model [1]

Binary outcome [10]

Binary outcome [11]

Numerical outcome [12]

Time-to-event outcome [13]

Binary outcome [13], time-to-event outcome [14]

Binary treatment and binary instrument [12]

Time-to-event outcomes [5]

Binary outcome [15]



Table 2. Validation of assumptions. (a) The validation of relevance assumption of IV. (b) The validation of the exchangeability assumption of IV. (c)
The validation of the exclusion restriction assumption of IV

Study Validation of assumptions

[16] (a) The probability of receiving COX-2 when the prior one prescription is COX-2.

[17] (a) Compares the percentage of the same physician prescribed the same drug as the prior one and that of different drug.
(b) The reduction of imbalance in covariates.

[18] (a) Association between the instrument and the exposure: OR: 6.1, 95% CI (5.8e6.4).

[19] N/A

[20] (a) Cluster-robust F-statistics.
(b) The risk difference of confounders on the level of actual treatment and on the level of IV. The reduction of Mahala

nobis distance and the prevalence difference ratio.

[21] (a) Partial F statistics.

[22] (a) Partial F-statistic and R-square of linear regression on exposure and instrument.
(b) Prevalence difference ratio.

[23] (a) Partial F-statistic.
(b) Bias component plot.

[24] (a) Partial F-statistics.

[25] (a) Partial F-statistic and sensitivity analysis.

[26] (a) Partial F-statistic.

[27] N/A

[28] (a) Partial F-statistic and R-square, the square of the partial Spearman correlation coefficient.
(b) Partial F-statistics for the regression model on instrument and three forms of IV.
(c) Adjusted logistic regression on IV and outcome.

[5] (a) Partial F-statistics and R-square.

[29] (a) Partial F-statistics and the first stage linear probability.

[30] (a) The percentage of actual treatment with a high preference for Bivalirudin.

[31] (a) Point bi-serial correlation (r) for binary exposure and continuous IV; odds ratios for binary exposure and IV.
(b) Standardized difference and multivariate Mahala nobis distance assess the imbalance of covariates.

[32] (a) F-statistics of the first stage of regression.
(b) Reduction of imbalance in covariates.

[33] (a) F-statistics of first stage of regression and the mean association between exposure and instrument.
(b and c) Bonet’s instrumental variable inequality tests.
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adds new knowledge on an IV analysis using nonlinear
regression models [36]. Most of these studies used the most
recent prescription or the prior one prescription of the same
physician [17,20,22,27,29,37]. However, no study provided
a rationale for the choice of the form of PPP.

Some articles conducted a sensitivity analysis by
comparing the estimates from prior one and prior n pre-
scriptions, such as prior seven and prior 20 prescriptions
[20,23,24]. The other form of PPP IV is the proportion of
one drug prescribed by the physician among all the previ-
ous patients which makes the IV a numerical variable
[5,28]. The magnitude of a preference can also be defined
using the proportion of one drug prescribed by the physi-
cian dichotomized at the median [21,38]. In higher levels
of aggregation, studies do not account for the prescribing
date but include the proportion of one treatment among
all prescriptions [31].
3.2.2. Estimation method in different settings
Although the two-stage least square (2SLS) method is

widely used in pharmacoepidemiology to account for
unmeasured confounding for different types of outcome
variable [1]. Literature shows that using the 2SLS estimator
for binary outcomes may lead to a biased estimate [39,40].
Table 1 is a summary of the most suitable estimation
methods in different settings. In the review, although all
CERs have binary or time-to-event outcomes, only seven
of 18 (39%) use nonlinear models instead of 2SLS.
Regarding time-to-event outcomes, two-stage regression
models that include the IV are proposed [41,42]. The first
stage is a linear regression on the exposure and IV with
measured covariates adjusted for. The second stage is a
Cox proportional regression model that adjusts the survival
probability from the first stage [5].
3.2.3. Validation of assumptions
In terms of validating IV assumptions (Table 2), most of

the applied studies assessed the strength of the association
between IV and the exposure (relevance assumption). One
of the most common ways is to calculate partial F-statistics
on the first stage of regression [5,20,29,22,21,24,28,26,25].
The rule of thumb for a strong enough instrument is if the



Table 3. Checklist for the researchers are interested in using PPP in CERs

1. Compare different formulations of PPP instrument.

2. Compare the IV method results with those from conventional methods, such as multivariable adjusted regression or propensity score approaches.

3. Use different estimation methods which have different underlying assumptions to explore the robustness of the study findings.

4. Consider accounting for time-varying prescribing preference (or provide a clear rationale for making the assumption that the physician’s
prescribing preference is time-fixed across the period of study).
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F-statistic is greater than 10 [43]. Comparing the percent-
age of the actual treatment that match the prescribing pref-
erence is a more intuitive way to see if IV predicts the
actual treatment [38,16]. There are also studies that fit
regression models on exposure and IV to examine whether
the association is statistically significant [29,37]. Of these
different approaches, the F-statistic has the advantage that
it accounts for the strength of association and being sensi-
tive to sample size. Note, however, that a large F-statistic
value only indicates that weak instrument bias is unlikely,
it does not follow that there will be enough statistical power
for the comparison of treatment effectiveness.

The exclusion restriction and exchangeability assump-
tion cannot be tested empirically [1]. However, many
studies compared the covariate imbalance by actual treat-
ment and by PPP with an intuition that if PPP is less asso-
ciated with measured confounders then it will also be less
associated with unmeasured confounders [44]. Likewise,
there are studies that reported the reduction of covariate
imbalance using Mahala Nobis distance [20], bias compo-
nent plot [23] and prevalence difference ratio (PDR)
[20,22]. The exclusion restriction assumption which indi-
cates that the IV does not affect the outcome directly has
been overlooked in the identified studies of the review.
Most studies did not mention or simply explained it using
intuition that the preference of prescribing is not likely to
influence the outcome [21]. Of the studies identified, only
one [28] explored further and constructed an adjusted logis-
tic regression model on IV and the outcome to examine
whether PPP can affect the outcome.
4. Discussion

In this article, we have reviewed both the applied and
methodological literature that uses PPP as an IV to address
unmeasured confounding in CER. We found that the meth-
odological insights from the simulation studies were not al-
ways being taking into account, or at least not reported on,
in the applied studies.

Although some studies argued that 2SLS can be used as
is asymptotically unbiased [4], researchers should endeavor
to compare the results from 2SLS and that from other esti-
mation methods to increase the robustness of the study. In
terms of different forms of proxy for PPP, simulation
studies have compared the performance of numerical and
binary PPP formulations. Although some researchers
concluded that the proportion form of PPP serves as a good
proxy for PPP [36], others held a view that instantaneous
preference is better which is consistent with the earlier defi-
nition of PPP IV [44]. Although a longer prescription his-
tory can lead to higher statistical power, there is a
potential risk of overfitting to the data. Furthermore, longer
prescription histories used in the PPP formulation lead to
dropping those prescribers with few prescription records
and dropping long ‘look-back’ periods from the analysis
cohort, so a trade-off must be made. Given that the perfor-
mance of PPP IV can depend on multiple elements, such as
the rarity of outcome [4], sample size [45] and the estima-
tion methods, a proper proxy for PPP needs more explora-
tion that tends to occur in the applied literature to date. We
suggest that researchers should present their IV estimates
using more than one form of proxy as sensitivity analyses
for possible violation of IV assumptions. Unlike in the
simulation studies, the identified applied studies in the re-
view did not account for or consider time-varying prefer-
ences. Abrahamowicz et al. [46] assumed the preference
would switch (from preferring drug A to drug B) at a
certain point in time. They include the time factor by using
the prescription history as the proxy for PPP.

It should be noted that simulation studies cannot provide
an insight for validation of all IVassumptions. Although the
exchangeability and exclusion restriction assumptions
cannot be empirically verified, researchers should give
consideration to them in study reporting. Some studies have
proposed a falsification strategy which may be a possible
solution for assumption checking [47]. Further research
may focus on explicitly how such a strategy can be used
to help validate exchangeability and exclusion restriction
assumptions.

Of course, simulation studies can only ‘mimic’ real life
datasets. The simulation studies we reviewed build hypo-
thetical studies to compare the effectiveness of two drugs.
In some instances, the models parameters are set and varied
without providing justification which is not consistent with
the best practice for simulation studies [48]. Furthermore,
the results of simulation studies often favor the new method
that is being proposed/introduced which may be overstating
what actually happens in real life datasets. Although there
are no specific standards, some review papers have made
suggestions on the reporting of IV studies. Brookhart [3]
and Davies [9] proposed guidelines for reporting IV ana-
lyses results. More specifically, Swanson and Hern�an [49]
proposed a flowchart for reporting IV analyses of single bi-
nary nonetime-varying IVs including a classification be-
tween average treatment effect and local average
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treatment effect. Baiocchi [7] highlighted the exploration of
concomitant treatment and sensitivity analyses. Jackson
emphasized properly demonstrating the confounding bias
by bias component plots [50].

Additional related issues for PPP IV are those of weight-
ing and matching. The instrumental propensity score (IPS)
is used which is the conditional probability of an IV given
pretreatment covariates as weights in the regression models
[51]. Cheng et al. further explored the IPS approach by im-
plementing it in subclassifications and semiparametric
models to gain treatment effects of subgroups [52]. Match-
ing methods have been used to increase the strength of
weak IVs. Baiocchi et al. [53,54] proposed a near-far
approach to create pairs with similar covariate distributions
and large differences in an IV value to mimic randomized
trials. IPS can also be used in a full-matching approach
[55]. Although not central to the design of PPP IV studies,
we recommend that using these methods should be consid-
ered in CER, especially when the proportion of the
complier group is relatively low.

We evaluated the 18 applied CER articles as per whether
they account for insights from simulation studies by four
criteria: (1) whether they compare different forms of PPP
IV, (2) whether they compare IV methods with a conven-
tional method, (3) whether they compare different estima-
tion methods, and (4) whether they consider time-varying
preferences. In summary, five of 18 studies (28%)
compared different forms of PPP IV and 18 of 18 studies
compared the IV methods with conventional methods.
However, none of the studies considered time-varying pref-
erences or compared different estimation methods which
are often covered by the simulation studies.
5. Conclusion

In terms of exploring the suitability of the PPP IV
method, simulation studies are flexible, easy to use, and
have potential to make recommendations for good practice
in the applied setting. We have shown that currently not all
applied studies use simulation study results to guide their
use of the PPP IV method. Applied studies using PPP as
an IV should consider methodological insights from simu-
lation studies to inform study designs. A brief checklist
(Table 3) is presented for researchers who are interested
in applying PPP IV.
Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.jclinepi.2022.04.020.
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