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A randomized clinical trial (RCT) can be used to estimate the av-
erage treatment effect for a population. Some patients experience
a treatment effect that is larger than the average, while others ex-
perience a smaller-than-average treatment effect. Subgroup analy-
ses often are used to evaluate heterogeneity in the treatment effect.1

When it is infeasible or unethical to randomize patients to a treat-
ment, the average treatment effect may be a combination of the true
treatment effect and the effects of confounders—factors that influ-
ence both the treatment selected and patient outcomes.2 When con-
founding factors are unknown or unobserved, correcting for their
effect in statistical analyses is challenging. Instrumental variable
analysis is one approach to address unobserved confounding.

Instrumental variable analysis is designed to reduce or elimi-
nate unobserved confounding in observational studies and thus
allow unbiased estimation of treatment effects. Results from an
instrumental variable analysis typically apply to a subgroup of
patients in the study. In a 2019 publication in JAMA Internal Medicine,
Werner and colleagues3 reported the results of an instrumental
variable analysis that compared postacute care outcomes be-
tween Medicare beneficiaries discharged from the hospital to home
with home health care or discharged to a skilled nursing facility. The
authors also described how their results applied not to all patients
but instead to a distinct subgroup of patients.

Use of the Instrumental Variable Method
Why Use an Instrumental Variable Analysis in the Setting
of Heterogeneity of the Treatment Effect?
An instrumental variable analysis is conducted to reduce bias
from unmeasured confounding in the estimation of the effect of a
treatment or exposure from an observational study.2 Instrumental
variable analysis begins by identifying an observed explanatory
variable that, like randomization, influences assignment to the
treatment, but has no direct effect on the outcome of interest,
referred to as an “instrumental variable.” Unlike randomization,
however, the instrumental variable may not act like randomization
for all patients but only for a subset of patients who were effec-
tively quasi-randomized to treatment or no treatment based on the
value of the instrumental variable. In this analytic approach, those
patients are referred to as the “marginal patients.” The overall goal
of an instrumental variable analysis is to measure the treatment
effect free of bias. A major trade-off for reducing bias (increased
internal validity) is a loss of generalizability, because results apply
only to marginal patients and it cannot be known with certainty
what subset of the overall cohort are the marginal patients
(although methods exist to be able to describe them).

Description of Instrumental Variable Analysis in the Setting
of Heterogeneity of the Treatment Effect
In an instrumental variable analysis, treated patients can be classi-
fied as either “compliers with the instrumental variable” or as
“always-takers,” meaning they would have taken the treatment

regardless of the value of the instrumental variable. Untreated
patients can also be classified as “compliers” or as “never-takers”
of the treatment, meaning they would not have taken the treat-
ment regardless of the value of the instrumental variable. The deci-
sions of compliers, the marginal patients, are strongly influenced
by the value of the instrumental variable, whereas the decisions of
the always-takers and never-takers are not influenced at all by the
value of the instrumental variable.

For example, in a hypothetical study in a city that has 2 hospi-
tals that offer different emergency (nonelective) treatments,
the hospital on the east side of town specializes in laparoscopic col-
ectomy and the hospital on the west side specializes in open colec-
tomy. Some patients always will choose laparoscopic colectomy,
and other patients always will choose open colectomy; both will
therefore travel across town if necessary to receive their preferred
treatment. A third group of patients will choose the hospital, and
thus the treatment, based on the distance from their home to the
hospital. Those in the third group are the marginal patients with
respect to distance, and the relative distances can serve as an
instrumental variable under the assumption that relative distance
to the 2 hospitals affects treatment assignment but has no direct
effect on the outcome of interest. There is no observable variable
in the data set that explicitly differentiates always-takers from mar-
ginal patients in the treatment group or that distinguishes never-
takers from marginal patients in the untreated group, but the rela-
tive distances to facilities offering laparoscopic vs open colectomy
are observed for all patients.

A common instrumental variable approach to estimate the ef-
fect of a binary treatment on a continuous outcome is to imple-
ment a 2-stage regression model. The first-stage equation esti-
mates the probability of receiving the treatment, primarily as a
function of the instrumental variable while also adjusting for other
factors. The first stage is used to estimate a predicted probability of
receipt of the treatment for each patient. In the second stage, a lin-
ear regression model of the outcome is estimated as a function of
the predicted probability of receiving the treatment while again ad-
justing for other factors. The coefficient on the predicted probabil-
ity of receiving the treatment is interpreted as the local average treat-
ment effect because it applies only “locally” to the subgroup of
marginal patients. Instrumental variable analysis with binary out-
comes requires a different estimation approach.4

If the treatment response is exactly the same for all patients (and
if patients in a nonrandomized study mirror those in an RCT), then
the results from an instrumental variable analysis will match those
from the RCT. However, if the treatment response varies from one
patient to another, referred to as heterogeneous treatment effect,1,5

then the results may not match. The instrumental variable analysis
measures the treatment effect only for the marginal patients whose
treatment choice was directly affected by the instrumental vari-
able, so the local average treatment effect may differ from the av-
erage treatment effect if there is treatment effect heterogeneity.
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What Are the Limitations of Instrumental Variable Analysis
in the Setting of Heterogeneity of Treatment Effect?
There are several limitations with instrumental variable analysis. First,
the treatment effect rarely is homogeneous and often differs across
patients, perhaps by age or comorbidity. When treatment effects are
heterogeneous, then the local average treatment effect might not
equal the average treatment effect. Instrumental variable analysis
can miss subsets of patients for whom the treatment is effective or
may find significant effects that apply only to a small subset of pa-
tients. That limitation can be addressed by attempting to identify
the marginal patients, as Werner and colleagues did.3

Second, different instrumental variables potentially identify dif-
ferent subgroups of marginal patients. As a result, analyses using 2
different instrumental variables could yield 2 different results, both
correct but generalizing to different (but potentially overlapping)
subgroups of marginal patients.6

How Did Werner et al Use Instrumental Variable Analysis
and Address Heterogeneity of the Treatment Effect?
In their instrumental variable analysis of postacute care outcomes
between Medicare beneficiaries discharged from the hospital to
home with home health care or discharged to a skilled nursing fa-
cility, Werner et al3 used differential distance—from the patient’s
home to the nearest home health care location vs the nearest skilled
nursing facility—as the instrumental variable. Differential distance
strongly predicted the discharge setting for patients whose better
health or ability to recover with home support (instead of skilled nurs-
ing facility) made them candidates for either setting.7 The authors
also suggested that differential distance should not affect subse-

quent health outcomes directly but only through the choice of set-
ting. Hence, the marginal patients in this analysis were those whose
choice of treatment setting was influenced by differential distance.

The authors characterized the marginal patients using a method
suggested by Baiocchi et al8 in which the effect of the instrumental
variable on treatment assignment for subsets of the population, de-
fined by observed covariates, is compared with the average effect
of the instrumental variable on treatment assignment for the en-
tire analytic sample. Marginal patients are those who have larger-
than-average effect of the instrumental variable on treatment as-
signment, ie, the compliers.

How Should the Results of the Instrumental Variable
Analysis in Werner et al Be Interpreted?
Werner et al3 found that marginal patients discharged to home
with home health care had higher rates of hospital readmission but
lower Medicare costs and had similar mortality and functional
outcomes than patients discharged to skilled nursing facilities.
They also found that marginal patients were younger and more
likely to be Black or Hispanic, dually enrolled in Medicare and Med-
icaid, and to be enrolled in a Medicare Advantage plan. The results
from this instrumental variable analysis generalize only to those
marginal patients whose site of postdischarge care was likely influ-
enced by distance to each type of care. This result minimizes bias
from unobserved confounding for the marginal patients, but in
doing so may yield a result that differs from the average treatment
effect for all patients that would be estimated from an RCT. The
greater internal validity in instrumental variable analyses has
a trade-off in external validity.
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