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Causal inference is a branch of statistics
that attempts to quantify the impact of a
treatment or intervention on an outcome,
recognizing that, when experimentation
is impossible, the treatment allocation
may not be independent of other factors
that predict the outcome. Rather, there
may be common factors that affect both
the treatment and the outcome; for in-
stance, in a nonrandomized study, sicker
individuals—who may be less likely to ex-
perience a full recovery—may receive a
more aggressive treatment; untangling dif-
ferences in recovery that are due to the
treatment versus other factors such as the
baseline level of health requires statistical
adjustment. Frequently, such adjustment
is direct—for example, via choosing pairs
of individuals, each one having received
one of 2 competing treatments, where the
individuals are matched with respect to ini-
tial health status, or by a regression analysis
where the health status measure is included
as a covariate in the regression model.
However, for such adjustment strategies
to be

successful in removing any
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confounding bias (ie, the bias that arises
when a variable that predicts both the treat-
ment and the outcome and thus distorts
the treatment effect), all confounding var-
iables must be recorded and available to the
analyst. Unfortunately, this cannot always
be ensured. In such circumstances, an al-
ternative causal approach can be em-
ployed: an instrumental variables analysis,
as was recently performed by Reilly et al
in The Journal of Infectious Diseases [1].
As outlined by Goetghebeur et al [2]
and previously highlighted by Moodie
in JID [3], learning about causal relation-
ships requires the explicit formalization
of all definitions (eg, of the population
of interest, the exposure, the outcome,
the timeframe, and so on), the target
causal effect, and the method of estima-
tion with all the associated assumptions
on data availability. Causal graphs, also
called directed acyclic graphs, are useful
tools for encoding beliefs on proposed
relationships between variables and to
center the analyses on a single treatment
or exposure. In Figure 1, we display an
assumed data-generating mechanism
that lends itself to an instrumental vari-
ables analysis. This analysis relies on the
existence of an instrument or instrumen-
tal variable that acts as a substitute for
randomization to a treatment group, in
a setting where individuals may not com-
ply with the treatment assignment or
randomization group. For example, dif-
ferent centers may have different treat-
ment policies for certain diseases. If the
different centers treat similar patients,
patients are more or less randomly

causal inference; instrumental variable; Mendelian randomization; unmeasured confounding.

allocated to the different treatment poli-
cies, based on the center the patients hap-
pened to visit. The center can be used in
this situation, under certain assumptions,
as an instrumental variable. In general,
an instrumental variable must satisfy 3
conditions. In particular, (i) it must be
associated with the exposure, (ii) there
are no common causes of the instrumental
variable and the outcome, and (iii) the in-
strumental variable affects the outcome
variable only through its effect on treat-
ment but does not have a direct influence
on the outcome. Condition (ii) states there
is no confounding for the effect of the in-
strument on the outcome; (iii) is called the
exclusion restriction. In Figure 1, condi-
tion (ii) is seen by the lack of any direct ar-
row from the instrument to the outcome,
while condition (iii) is seen by the lack of
any variables with a direct effect on both
the outcome and the instrument. Note,
however, that the treatment is confound-
ed, due to the presence of a common cause
of both treatment and the outcome.
Instruments may, in general, be diffi-
cult to identify; however, there are some
special circumstances in which they arise.
The first is in the setting of a randomized
controlled trial where there is imperfect
compliance. In such a setting, the ran-
domly assigned treatment is the instru-
ment, and the treatment actually taken
is the exposure. Clearly, when the instru-
ment is a randomization process, there is
no confounding of the randomization
and the decision to comply with assigned
treatment (condition [ii]), nor is there an
effect of the randomization on the
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Figure 1.

Instrumental
variable

Example of a causal diagram showing a simple setting with a treatment or exposure whose effect on the outcome is confounded (eg, because of age, sex at

birth, underlying health status, diet, socioeconomic status, and other variables that are predictive of both the exposure and the outcome. The instrumental variable is one or
more variables that is associated with the exposure level but has no direct effect on the outcome. In these diagrams, the direction of an arrow is indicative of a causal
relationship, where changing the level or value of the variable at the origin of the arrow will result in changes in the variable to which it points.

outcome (condition [iii]); furthermore, it
is reasonable to suppose that most partic-
ipants in a trial will comply with treat-
ment, such that randomization causally
affects the treatment taken (condition
[i]). The second setting in which an in-
strument may be plausibly identified is
one in which genetic variants predict
the exposure but are unrelated to the out-
come. In this case, the instrumental var-
iables analysis is often referred to as a
Mendelian randomization (MR) analysis;
the genetic variant acts as a random allo-
cation mechanism, with the randomness
inherent to assortment of parental genes
during meiosis. MR analyses are thus rel-
evant to genetic variants that modify a
particular exposure or risk factor of in-
terest, such as obesity or ability to metab-
olize a particular compound.

The simplest instrumental variable
analysis is a 2-stage regression approach,
which can be used within a single dataset,
combining statistics derived from the es-
timated association between the instru-
ment and the outcome (model 1; note
that this effect is due only to the path
from the instrument to the outcome via
the treatment of interest) and the associ-
ation between the instrument and the ex-
posure itself (model 2). Alternatively, a
2-sample MR analysis (see, eg, [4, 5])
can be employed in which the estimates

in models 1 and 2 are estimated in differ-
ent datasets. This could be advantageous
if it is difficult to identify a single dataset
that measures the instrumental variable,
the exposure, and the outcome; it may
be easier, for example, to study the asso-
ciation between the instrumental variable
and the exposure in one dataset such as a
large biobank or genetic dataset, and the
association between the instrumental
variable and the outcome in another da-
taset. As many such datasets are publicly
available, this may facilitate instrumental
variables analyses and rapid production
of analytic results; however, the ready
availability of such data may also encour-
age researchers to employ the method,
potentially making bold causal claims,
with insufficient knowledge of the sub-
ject matter under study.

Whether one-stage or 2-stage, the va-
lidity of any findings from an MR analysis
will rely crucially on the 3 assumptions
needed for instrumental variables analy-
ses. In the MR context, the third assump-
tion requires that there is no horizontal
pleiotropy, meaning that the genetic var-
iant(s) have no effect on disease except
through the effect on the exposure. In
MR studies, the association between ge-
netic variants and exposures is often
very weak. To increase power, often mul-
tiple  genetic

variants are used

simultaneously in an MR analysis. New
MR methods exist that do not require
horizontal pleiotropy for each genetic
variant. For example, the weighted medi-
an method only requires that at least 50%
of the valid
instruments.

genetic variants are

Because of the relative ease with which
researchers can now access large genetic
datasets, instrumental variables analyses
may become more common. While they
are in practice easy to carry out, great
care is still needed to ensure the analyses
are validly conducted. Making explicit
use of the Strengthening the Reporting of
Observational Studies in Epidemiology us-
ing Mendelian Randomization (STROBE-
MR) checklist [6] or an alternative tool
such as the critical appraisal checklist of
Davies et al [7] is an important but not suf-
ficient element for documenting the analy-
sis. Finally, as with any nonexperimental
study, caution is warranted in interpreting
the findings, which should be viewed as
contributing to the body of evidence on a
particular causal relationship rather than
a definitive answer.
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