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Instrumental variable analysis is an increasingly popular method in
comparative effectiveness research (CER). In theory, the instrument
controls for unobserved and observed patient characteristics that
affect the outcome. However, the results of instrumental var-
iable analyses in observational settings may be biased if the instru-
ment and outcome are related through an unadjusted third vari-
able: an “instrument–outcome confounder.”

The authors identified published CER studies that used instru-
mental variable analysis and searched the literature for potential
confounders of the most common instrument–outcome pairs. Of
the 187 studies identified, 114 used 1 or more of the 4 most
common instrument categories: distance to facility, regional varia-

tion, facility variation, and physician variation. Of these, 65 used
mortality as an outcome. Potential unadjusted instrument–outcome
confounders were observed in all studies, including patient race,
socioeconomic status, clinical risk factors, health status, and urban
or rural residency; facility and procedure volume; and co-occurring
treatments. Only 4 (6%) instrumental variable CER studies consid-
ered potential instrument–outcome confounders outside the study
data. Many effect estimates may be biased by the failure to adjust
for instrument–outcome confounding. The authors caution against
overreliance on instrumental variable studies for CER.
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Patients, providers, and payers are increasingly relying
on comparative effectiveness research (CER), which

compares the benefits and risks of alternative clinical and
health care delivery methods (1) to inform evidence-based
health care decision making. Because CER is intended to
improve patient care and guide health care resource alloca-
tion, its validity is crucial. Randomized, controlled trials
(RCTs) are the gold standard for identifying the causal
impact of a treatment or policy because random treatment
assignment usually ensures that study and comparison
groups are equivalent with respect to variables that affect
the outcome (that is, confounders). However, because
RCTs are not always feasible or generalizable, CER relies
heavily on observational studies (2, 3), which are suscepti-
ble to confounding bias and other threats to validity (4).

Instrumental variable analysis is recommended as a
method to establish causal conclusions from observational
CER studies (2, 5–7). As an example of this method, sev-
eral studies have used relative distance to hospitals as an
instrument in analyses aimed at estimating the effects on
mortality of treatment with invasive cardiac procedures,
specifically cardiac catheterization, after myocardial infarc-
tion (8–14). Researchers classify each hospital in the study
region as a catheterization or noncatheterization hospital
on the basis of the presence of a catheterization laboratory
or the overall intensity (or volume) of catheterizations. Pa-
tients are assigned a value of the binary instrument based
on whether they live closer to a catheterization hospital
(making them more likely to receive the procedure) or a
noncatheterization hospital. This instrumental variable
analysis assumes that, similar to random assignment, the
relative distance between a patient’s residence and a cardiac
catheterization hospital predicts treatment choice indepen-
dently of all characteristics (such as age, socioeconomic
status, health status, or use of life-saving medications) that
usually confound the relationship between treatment
choice and outcome.

In theory, instruments exploit variation in treatment
assignment that allows causal inferences similar to those
from RCTs. Random treatment assignment is an ideal in-
strument. In instrumental variable analysis done in obser-
vational settings, an instrument shares with experimental
randomization certain characteristics that theoretically
yield a causal inference. First, potential outcomes (15) for
each patient (that is, the outcomes the patient would have
under treatment and control conditions) are unrelated to
the treatment status of other patients (the stable unit treat-
ment value assumption). Second, the instrument affects
receipt of the treatment of interest. Third, this effect is
always in the same direction (monotonicity). Fourth, the
instrument assigns treatment randomly, meaning that un-
observed and observed patient characteristics that affect the
outcome are similar in the treatment and comparison
groups (ignorable treatment assignment). Finally, the in-
strument has an effect on the outcome only through the
treatment assignment (the exclusion restriction) (16, 17).

Although instrumental variable analysis is mathemati-
cally valid under these 5 assumptions (5, 16–25), it is
difficult to implement in practice (17, 26). There is a con-
sensus that more research on the validity of instruments in
observational CER is needed, particularly concerning vio-
lations of the ignorable treatment assignment and exclu-
sion restriction assumptions (2, 5, 27–29). At least one of
these assumptions is violated if the instrument is related to
the outcome through an unadjusted third variable, which
we call an “instrument–outcome confounder” (Figure 1).
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Instrumental variable analysis estimates of causal effects
may be biased if an instrument–outcome confounder has
an effect on both the instrument and the outcome (violat-
ing the ignorable treatment assumption) or mediates an
effect of the instrument on the outcome (violating the
exclusion restriction). Although these assumptions are
technically unverifiable, the identification of instrument–
outcome confounders through other sources provides evi-

dence that an instrumental variable estimate may be biased.
However, few researchers have searched for evidence of
instrument–outcome confounders outside their own, often
limited, data (27, 29).

The instrumental variable analysis in the aforemen-
tioned example assumes that the association between rela-
tive distance to the hospital (the instrument) and mortality
(the outcome) is due only to the effect of relative distance
on treatment assignment after control for observed vari-
ables (Figure 1). A plausible instrument–outcome con-
founder is rural residence. Patients living in rural areas are
less likely to live close to a catheterization hospital; thus,
the instrument is associated with rurality (8). Furthermore,
ample evidence shows that rural residence is associated
with several risk factors for mortality (30–32). Therefore,
an instrumental variable analysis would probably overstate
the effect of catheterization because patients in the com-
parison group are, on average, sicker and more likely to
die.

In this study, we review relevant literature to identify
instruments in CER, evaluate trends in the use of instru-
ments in published CER studies, examine whether instru-
mental variable CER studies clearly state and attempt to
address the assumption of no instrument–outcome con-
founding, and identify the potential existence and effect of
instrument–outcome confounders for commonly used in-
struments. We list instrument–outcome confounders that
may compromise the validity of CER studies that use some
of the most common instruments. We conclude by assess-
ing the limitations and potential of instrumental variable
analysis in CER.

Key Summary Points

Instrumental variable analysis is an increasingly popular
method to establish causal conclusions from observational
comparative effectiveness research (CER) studies.

The instruments most commonly used in these studies are
distance to facility, regional variation, facility variation, and
physician variation.

Instrumental variable analysis relies on several assump-
tions, some of which are empirically unverifiable and often
suspect. The results of instrumental variable analyses may
be biased substantially if the instrument and outcome
are related through an unadjusted third variable: an
“instrument–outcome confounder.”

Evidence of potential instrument–outcome confounders
was found for all 65 CER studies that used the 4 most
common instruments and a mortality outcome.

Findings from CER studies using instrumental variables
should be evaluated critically for possible confounding.

Figure 1. Instrumental variable assumptions.
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The instrumental variable method substitutes actual random assignment to treatment with an instrument, a variable that predicts treatment assignment
but is not related to all other factors that influence the outcome. This method relies on 5 critical assumptions (see text). Instrumental variable estimates
of causal effects may be biased if a third variable, an instrument–outcome confounder, has an effect on both the instrument and the outcome (violating
the ignorable treatment assumption) or mediates an effect of the instrument on the outcome (violating the exclusion restriction).
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METHODS

Study Selection
We conducted a systematic review in PubMed,

EconLit, PsycINFO, Social Services Abstracts, Social Sci-
ences Citation Index, and Web of Science to identify in-
strumental variable CER studies that were published in an
English-language, peer-reviewed journal through 31 De-
cember 2011 and conducted in the United States and
other industrialized countries. Specific search terms are
provided in Table 1 of Supplement 1 (available at www
.annals.org).

We used the Institute of Medicine’s broad definition
of CER, which includes both patient-level clinical inter-
ventions and system-level health care policies (1). We in-
cluded noninterventional studies (for example, a study on
the association between school junk food exposure and
obesity) if the topic was amenable to clinical interventions
or policy changes and the study included health-related
outcomes. We excluded studies that were purely method-
ological, used only simulated data, or applied instrumental
variable methods in an RCT. We also excluded studies that
used Mendelian randomization as an instrument to eluci-
date biological mechanisms of disease (33) and studies that
used an instrument to adjust for the effects of measure-
ment error (34).

Analysis of Instrumental Variable CER Studies
We created a database of instrumental variable CER

studies and catalogued them by year of publication, coun-
try, type of intervention, study population, type of instru-
ment, strength of instrument, and outcome. We measured
the trend in use of instruments in published CER studies
by year and identified the most commonly used instrument–
outcome pairs. For each article that used one of these pairs,
we also gathered information on the type of data set used
and whether instrumental variable analysis was the sole

type of analysis used. Finally, we assessed whether each
instrumental variable CER article stated the assumption of
no instrument–outcome confounding and attempted to
show, via additional analyses or discussion, whether the
assumption was met.

Identification of Instrument–Outcome Confounders
Instrument–outcome confounders are variables that

are related to both the instrument and the outcome of
interest, conditional on measured covariates. They violate
the causal inference assumption that the instrument is in-
dependent of potential outcomes (15) and suggest that the
instrument is not equivalent to random assignment (18).
For the purposes of this paper, we included as instrument–
outcome confounders variables that have an effect on both
the instrument and the outcome (such as rurality) or that
mediate an effect of the instrument on the outcome (such
as receipt of another life-saving treatment).

We used a structured but not exhaustive search in
PubMed and other databases to identify peer-reviewed ar-
ticles that provided evidence of confounding for the most
commonly used instrument–outcome pairs. Specific
search terms and strategies are provided in Table 2 of
Supplement 1. We rereviewed the instrumental variable
CER articles to determine which studies controlled for
the potential instrument–outcome confounders we
identified.

This study was reviewed by the Harvard Pilgrim
Health Care Institutional Review Board and was deemed
not to be human subjects research.

RESULTS

Systematic Review
A total of 1024 studies were reviewed, and 187 met

our eligibility criteria (Figure of Supplement 1). Use of

Table 1. Description of the 4 Most Commonly Used Instrument Categories in Comparative Effectiveness Research

Instrument
Category

Studies, n (%)* How Instrument Assigns to
Treatment Status†

How Instrument Defines Treatment Status† Example of Instrument Treatment
Assignment†

Distance to
facility

38 (20) Distance‡ from patient’s residence
to facility of interest§

Facility level: high vs. low treatment rate, existence
of specialty provider or unit, special designation
(e.g., trauma, teaching)

Instrument assigns patient who resides
closer to a hospital with a high cardiac
catheterization rate as “treated”

Regional
variation

49 (26) Treatment patterns (e.g., local
practice styles) in region where
patient lives or is treated

Regional level: high vs. low treatment rate, policies
that affect practices in region, provider supply or
market share

Instrument assigns patient who resides in
an area with a high cardiac catheteri-
zation rate as “treated”

Facility
variation

22 (12) Treatment patterns (e.g., local
practice styles) in facility where
patient is treated§

Facility level: high vs. low treatment rate, procedure
volume, provision of specific services, indicator of
quality measures

Instrument assigns patient who is treated
in hospital with a high cardiac
catheterization rate as “treated”

Physician
variation

14 (8) Treatment patterns (e.g., prefer-
ence) of treating physician

Physician level: high vs. low treatment rate, most
recent prescription in therapeutic area to a new
patient

Instrument assigns patient who is treated
by physician with a high cardiac
catheterization rate as “treated”

* Studies that used instruments from multiple categories were counted more than once. Percentages are based on 187 total instrumental variable comparative effectiveness
research studies.
† “Treatment” refers to instrument assignment to treatment group rather than actual receipt of treatment.
‡ Can be measured in absolute or relative terms using various methods (e.g., straight-line/Euclidean distance or travel time). Slightly more than half (21 studies [55.3%]) of
distance instruments used relative, or differential, distance to predict treatment (e.g., distance from patient’s home to high–procedure rate hospital minus distance from
patient’s home to low–procedure rate hospital). The rest of the studies used absolute distance (e.g., distance from patient’s home to high–procedure rate hospital).
§ Often a hospital.
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instrumental variable methods in CER has accelerated
since the early 1990s (Figure 2), with a large spike in
U.S.-based studies in 2010 and 2011, possibly due to in-
creased federal funding for CER as part of the economic
stimulus in 2009 (3).

More than half (114 of 187 [61%]) of the instrumen-
tal variable CER studies used at least 1 of the 4 most
common instrument categories: distance to facility (20%),
regional variation (26%), facility variation (12%), and
physician variation (8%) (Table 1). Of these, 65 assessed
mortality, the most common outcome. We focus on these
articles in the remainder of this section.

Instrument–Outcome Confounders
We found strong evidence of instrument–outcome

confounders that may violate the assumption that the in-
strument is only related to the outcome through the treat-
ment (Table 2 and Supplement 2, available at www.annals
.org). Potential confounders of the 4 most commonly used
instruments and a mortality outcome include patient race,
socioeconomic status, risk factors for mortality, health sta-
tus, and urban or rural residency as well as facility and
procedure volume. Many other confounders are less re-
searched but well-recognized, such as factors associated
with time to treatment (for example, door-to-needle time),

receipt of other treatments (for example, life-saving medi-
cations, such as thrombolytics), and facility characteristics
(for example, teaching hospital status) that are associated
with mortality.

Control for Instrument–Outcome Confounding
in the Current Literature

We reviewed the 65 instrumental variable CER studies
that used 1 of the 4 most common instruments and a
mortality outcome to determine whether the authors dis-
cussed or controlled for the potential instrument–outcome
confounders. Most (54 of 65 [83%]) stated the assumption
of no instrument–outcome confounding (Supplement 3,
available at www.annals.org). More than half (41 of 65
[63%]) provided additional analyses or discussion to deter-
mine whether the assumption was met. However, few (4 of
65 [6%]) considered potential instrument–outcome con-
founders outside of those measured in the study data (that
is, retrieved data from an external database [58] or refer-
enced literature [59–61]).

None of the studies in our review controlled for all
potential instrument–outcome confounders we identified
in the literature (Table 3; Supplement 3 provides results
by individual study). Although most instrumental variable
CER studies controlled for at least 1 patient health status

Table 2. Potential Instrument–Outcome Confounders for the Most Commonly Used Instruments and a Mortality Outcome

Confounder Category*, by
Instrument Category

Potential Confounders Reference

Distance to facility instrument†
Geographic location Urban/rural, U.S. region, absolute distance (for relative difference) 35, 36
Patient characteristics Race, education, income, age, insurance status, health status/comorbid conditions, health behaviors 36–38
Treatment characteristics Receipt of other treatments, time to treatment, transfer status 39, 40
Facility characteristics Procedure volume, facility volume, clinical services offered, departments, teaching status, profit status,

trauma designation, delivery system type, practice type
–

Regional variation instrument
Geographic location Urban/rural, U.S. region 35, 41
Patient characteristics Race, education, income, age, insurance status, health status/comorbid conditions, health behaviors 35–40, 42
Provider supply Number of hospital beds or nursing homes 41, 43
Technology adoption and utilization Invasive cardiac procedures, radical prostatectomies, prescribing behavior, practice patterns 44, 45
Treatment characteristics Receipt of other treatments, time to treatment, transfer status 36–40
Facility characteristics Procedure volume, facility volume, clinical services offered, departments, teaching status, profit status,

trauma designation, delivery system type, practice type
–

Facility variation instrument
Geographic location Urban/rural 38, 46
Patient characteristics Race, education, income, age, insurance status, health status/comorbid conditions, health behaviors 35–40, 42
Facility characteristics Procedure volume, facility volume, clinical services offered, departments, teaching status, profit status,

trauma designation, delivery system type, practice type
47–49

Treatment characteristics Receipt of other treatments 36–40

Physician variation instrument
Physician characteristics Age, sex, specialty, board certification, physician volume 50, 51
Patient characteristics Race, education, income, age, sex, insurance status, health status/comorbid conditions, health

behaviors
52, 53

Treatment characteristics Receipt of other treatments 54, 55
Health system characteristics Reimbursement policies and regional variation and facility variation confounders, such as geographic

location, provider supply, technology adoption and utilization, and facility characteristics
56, 57

* We found evidence in the literature for all of these potential instrument–outcome confounders. The references listed are illustrative. Supplement 2 provides a more
comprehensive list.
† Applicable to both absolute and relative distance instruments unless otherwise noted.
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variable and race, less than half of the studies in each in-
strument category controlled for income, education, urban
or rural location, and volume (Table 3). Studies that used
a regional variation instrument performed slightly better:
70% controlled for patient income, and 52% controlled
for urban or rural location.

Most (48 of 65 [74%]) of these instrumental variable
CER studies used multiple analytic methods—often
multivariable regression and propensity score matching—
and most (39 of 65 [60%]) used data from only adminis-
trative databases, such as electronic medical records and
insurer claims (Supplement 3). We found that although
most (60 of 65 [92%]) studies assessed the strength of the
instrument, the reported strength of the instruments varied
widely.

DISCUSSION

Instrumental variable analysis is an increasingly popu-
lar method for CER, perhaps in part because, unlike other
statistical methods that control for observed confounders
(such as multivariable regression and propensity score
matching), instruments theoretically control for both ob-
served and unobserved confounders. The identification of
instrument–outcome confounders suggests that key instru-

mental variable assumptions are violated. We found wide-
spread evidence of potential instrument–outcome con-
founders of the 4 most popular instruments.

The validity of instrumental variable analysis might
improve if instrument–outcome confounders are measured
and controlled for. However, none of the 65 studies that
used 1 of the 4 most commonly used instruments and a
mortality outcome controlled for all potential confounders
identified in the literature. Furthermore, some confounders
(such as race [62]) are difficult to measure or collect. Con-
trolling for inadequately measured confounders will still
result in residual bias, a problem common to all observa-
tional analyses (63). Also, although most of these studies
stated the assumption of no instrument–outcome con-
founding, only 4 (58–61) went beyond the study data to
identify potential confounders and only 1 (58) performed a
sensitivity analysis to assess the robustness of study findings
in the presence of unmeasured confounding.

Some instrument–outcome confounders have particu-
larly great potential to introduce bias. For example, geog-
raphy, race, and income are strongly linked to mortality
(30–32, 64). In the United States, the gap between race–
county combinations with the highest and lowest life ex-
pectancies is more than 35 years (30). We found evidence

Figure 2. Instrumental variable comparative effectiveness research studies (n � 187), by year of publication.
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suggesting that the most popular instruments in CER
may be associated with these variables. If these potential
instrument–outcome confounders are not controlled for,
they may bias the instrumental variable analysis effect
estimate.

Quantitative assessments of bias are possible under
some circumstances (65). For some instrument–outcome
confounders, the direction of the bias is predictable. The
confounders will cause an overestimation of the treatment
effect if predictors of reduced mortality are correlated with
each other. For example, patients who live close to a hos-
pital of high technical quality and are therefore assigned to
the “treatment group” in an instrumental variable analysis
are more likely to receive the treatment of interest, such as
cardiac catheterization, as well as other high-quality, time-
sensitive, life-saving treatments that improve survival (47,
48, 50). These confounders will result in an overestimation
of the beneficial effect of the treatment: The confounded
instrumental variable estimate incorrectly attributes the
positive effect of the other treatments and aspects of care to
the treatment of interest. However, in general, the direc-
tion of the bias introduced by instrument–outcome con-
founders is study-dependent and may be hard to predict
unless the confounder is measured in the study population.

Confounding is a frequent concern in observational
CER studies because of limited availability of adequate in-
formation on important confounders, such as sociodemo-
graphic and health system characteristics, particularly in
administrative health care databases. However, confound-
ing is especially problematic in instrumental variable anal-
yses compared with other observational methods because
even minor bias introduced by instrument–outcome con-
founders is magnified when the instrument is weak (65),
the bias may be exacerbated if the instrument becomes

weaker after confounders are controlled for, and the rela-
tive opaqueness of instrumental variable analysis and the
naive claims often made for its ability to correct for con-
founding (27–29) may make it more likely that researchers
will not adjust for confounders.

Researchers are responsible for assessing potential in-
strument–outcome confounding in specific instrumental
variable CER studies (7, 28, 29) by controlling for poten-
tial confounders in the study data or using plausible esti-
mates of their effects, acquired from other sources, in
sensitivity analysis (or falsification tests [29]) if the con-
founders are not represented by available variables. The
assumption that the instrument is only related to the out-
come through the treatment may apply best to specific,
focused, plausibly exogenous interventions or events, such
as natural experiments (for example, the Oregon Medicaid
lottery [66]) or changes in policy or technology (67). Con-
versely, the instruments we evaluated, such as distance and
region, are long-term properties of an area or subgroup
that are likely to have causal effects on outcomes of interest
through multiple pathways.

This study has several limitations. First, our search for
instrument–outcome confounders focused on only the
most commonly used instrument categories. Second, our
systematic review and search for instrument–outcome con-
founders included only studies published from January
1992 (the date of the first identified article) to December
2011. Finally, the studies that we cite as evidence for con-
founders may themselves have limitations, such as lack of
control for other confounders.

In conclusion, the use of instrumental variable analyses
in CER is often a reaction to limited resources and data
availability. Although the instrumental variable method is
theoretically sound when all assumptions are met, we
found that, in practice, most CER studies that performed
this type of analysis were overconfident in asserting that
instrument–outcome confounding was not present; in par-
ticular, the 4 most commonly used instruments should be
used cautiously in CER because their results may be biased.
Any instrumental variable analysis that does not control for
likely instrument–outcome confounders should be inter-
preted with caution. Although no observational method
can completely eliminate confounding, we recommend
against treating instrumental variable analysis as a solution
to the inherent biases in observational CER studies.

From Harvard Medical School, Harvard Pilgrim Health Care Institute,
and Harvard University, Boston, Massachusetts.

Note: This project was awarded first place at the 2012 Association for
Public Policy Analysis and Management Fall Research Conference Poster
Awards.

Disclaimer: The authors of this article are responsible for its content.
Statements in the article should not be construed as endorsement by the
Agency for Healthcare Research and Quality or the U.S. Department of
Health and Human Services.

Table 3. Studies That Controlled for Potential Instrument–
Outcome Confounders, by Instrument Category

Confounder Studies, %*

Distance
to Facility
(n � 27)

Regional
Variation
(n � 23)

Facility
Variation
(n � 14)

Physician
Variation
(n � 9)

Patient race 78 70 79 67
Patient income 44 70 14 22
Patient education 15 22 14 0
Patient comorbid

conditions/health
status

100 83 86 100

Urban/rural (patient
residence or facility
location)

44 52 7 22

Volume (procedure)† 4 0 27 11
Volume (facility)† 41 41 39 11

* Analysis was limited to studies that used �1 of the 4 most commonly used
instruments and a mortality outcome (see Supplement 3). Studies that used �1 of
the 4 instruments appear in multiple columns.
† Studies that used procedure or facility volume as an instrument or independent
variable were removed from the denominator.
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