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Social epidemiology is concerned with the health effects of forces that are “above the skin.” Although causal
inference should be a key goal for social epidemiology, social epidemiology and quantitative causal inference
have been seemingly at odds over the years. This does not have to be the case and, in fact, both fields stand to
gain through a closer engagement of social epidemiology with formal causal inference approaches. We discuss
the misconceptions that have led to an uneasy relationship between these 2 fields, propose a way forward that
illustrates how the 2 areas can come together to inform causal questions, and discuss the implications of this
approach.We argue that quantitative causal inference in social epidemiology is an opportunity to do better science
that matters, a win-win for both fields.

causal inference; quantitative; social epidemiology

Social epidemiology is concerned with the health effects
of forces that are “above the skin.”. Individual behaviors,
interactions with others, characteristics of neighborhood
environments, domestic policies, and global trends that may
shape the health of populations are within the remit of
social epidemiology. Despite its interest in this breadth of
exposures—or perhaps because of it—social epidemiology
is centrally concerned with 1 of the main goals of other more
narrowly defined areas of epidemiology: the identification
of potential interventions to improve health. This means that
causal inference should be a key task for social epidemiol-
ogy.

Yet social epidemiology maintains an uneasy relation-
ship with formal approaches to causal inference. Despite
attempts to reconcile the interests and goals of social epi-
demiology with causal inference (1, 2), a full adoption of a
quantitative causal framework by social epidemiologists has
proven challenging (3). The engagement of causal inference
methods in social epidemiology is sometimes portrayed as
a fight between 2 sides: methodologists who believe social
epidemiology studies are hopeless for causal inference pur-
poses and social epidemiologists who believe the inflexi-
bility of the counterfactual framework for causal inference
prevents its widespread use in their field.

Such an artificial divide does little to help us deal with the
very real need to think carefully about how social exposures

affect the health of the populations. Here, we provide a guide
for social epidemiologists who are interested in identifying
causal effects and contemplating how these effects inform
the practice of social epidemiology. We explain the miscon-
ceptions we think have led to this state of affairs, propose a
framework that readily embraces the full range of interests
of social epidemiology, and discuss implications of such a
framework.

MISCONCEPTIONS FOR THE DIVIDE BETWEEN
SOCIAL EPIDEMIOLOGY AND CAUSAL INFERENCE

In our assessment, 3 misconceptions are primarily respon-
sible for leading us astray when considering the role of meth-
ods for quantitative causal inference in social epidemiology.

Misconception 1

“Social” exposures are qualitatively different from other
exposures and therefore should play by different rules for
causal inference. This misconception may partly reflect that,
compared with other areas of epidemiology, social epidemi-
ology is at an earlier stage in the process of defining its
exposures. Social epidemiology, a relatively young aca-
demic field, is still grappling with what constitutes a social
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exposure and how to think about its causal effects. We argue
that the exposures studied in social epidemiology should
be subject to the same rules for causal inference as other
classes of exposures in epidemiology (4, 5). Importantly,
an advantage of formal causal inference is that it helps us
identify causal questions that are too vague, whether the
exposures are social or not.

Misconception 2

The goal of causal inference is to identify causes. As we
discuss in this article, quantitative causal inference helps
define and quantify causal effects but is agnostic about
the definition of the word “cause” (6). Therefore, social
epidemiologists primarily interested in labeling factors as
causes need to look elsewhere because a simpler answer will
not emerge from the quantitative causal inference frame-
work.

Misconception 3

Causal inference requires exposures that can be exper-
imentally manipulated. This misconception leads to a
corollary that quantitative causal inference is concerned with
narrow causal questions. This concern has implications for
all of epidemiology but is particularly concerning for social
epidemiology, given its ambition to study factors that may
not be plausibly manipulable. Fortunately, experimental
manipulation is not a prerequisite for meaningful causal
inference (6).

A WAY FORWARD

These misconceptions have hampered the adoption of
methods for quantitative causal inference in social epidemi-
ology. Aiming to reconcile social epidemiology and causal
inference, we propose here a way forward that illustrates
how the 2 areas can come together to inform causal ques-
tions.

Suppose we have a data set with thousands of individuals.
For each individual, the data include demographic, social,
and clinical variables measured during their lifetimes. Our
goal is to quantify the causal effect of multiple social factors
on the risk of cardiovascular disease.

We can think of all these social variables as lying some-
where along a spectrum, as shown in Figure 1 (7). At 1
end of the spectrum, we place variables for which there is
perfect consensus about how they could have been exper-
imentally manipulated in individuals similar to those of

our population. At the other end, we place variables for
which there is absolutely no consensus about how they could
have been experimentally manipulated. In reality, few or no
variables dwell at either end, but we can reasonably place
some variables relative to others along the spectrum.

By way of example, consider 3 variables: income, resi-
dential segregation, and race. Of these 3 variables, income
is the 1 closest to the “perfect consensus” extreme of the
range and race is the closed to the “no consensus” extreme.
Let us suppose we are interested in the causal effect of these
variables on cardiovascular disease.

For income, we can envision an experiment in which
each household’s income is randomly determined and its
members followed for several decades to determine the
incidence of cardiovascular disease. We could increase the
income of randomly selected households in any number
of ways, for example, by supplementing salaries with a
30% bonus during the study period. The findings from such
experiment, if feasible, would quantify the causal effect
of income changes on cardiovascular disease. In fact, the
experiment is a way to operationalize the meaning of the
“causal effect of income on cardiovascular disease.”

Conceiving an experiment in which we manipulate resi-
dential segregation in the same way as income poses more
challenges, but we can probably still imagine ways to do
so. For example, we can envision experiments to randomly
assign families to neighborhoods with different levels of
residential segregation. We could imagine offering, as an
inducement for participation, a desirable home, and then
randomly assigning families who volunteer for the study. We
could then follow these families forward in time to assess
incidence of cardiovascular disease. Again, just specifying
this hypothetical experiment helps us endow the concept of
“the causal effect of residential segregation on cardiovascu-
lar disease” with a meaning.

Hardest of all would be envisioning an experiment in
which race is randomly determined. It is unrealistic to imag-
ine that we could agree on a sensible procedure to randomly
assign race. We might consider placing white newborns
with black parents, or vice versa. Of course, this would be
ethically indefensible, but it also would not capture much of
the causal effect of interest. It is not clear, therefore, that the
findings of any (hypothetical) experiment we can imagine
would help quantify the causal effect of race on cardiovas-
cular disease, and thus it is not even clear whether we have
a definition of the “causal effect of race on cardiovascular
disease” in this setting.

Income, residential segregation, and race all have preoc-
cupied social epidemiologists for decades and will certainly
continue to do so in the coming decades. They are all social

Figure 1. Specification of hypothetical experiment: a spectrum.
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variables of interest. However, these 3 social factors fall in
quite different places on the spectrum we have outlined.
Recognizing that social factors map differently onto a causal
spectrum helps push us to clearer thinking about the nature
of social exposures and which ones we may wish to study,
and how.

It is also important to note that this discussion applies
to other types of exposures as well. Consider, for example,
the effect on cardiovascular disease of statin therapy, diet,
and chronic inflammation. These 3 exposures are arguably
in the same relative position along the spectrum as income,
residential segregation, and race. This sheds the notion that
social factors are in some way distinct and stand apart from
other epidemiologic exposures.

IMPLICATIONS OF THIS APPROACH

Once we recognize that thinking about causal effects
of epidemiologic exposures—including social exposures—
requires a consideration of their position along the spectrum,
3 implications emerge for social epidemiology.

First, if our goal is to improve health, we should prioritize
actionable causal inferences. That is, we need to move to
the right on the aforementioned spectrum. For example, we
recognize race is a construct that does not lend itself to
any reasonable interventions to create healthier populations,
whereas residential segregation or income may be plausible
targets for interventions. Following this rationale, we may
wish to focus on racism (rather than race), an exposure that
offers a clearer path to actionable interventions. Therefore,
full adoption of a quantitative causal framework by social
epidemiologists helps sharpen our focus on what matters
most to improve the health of populations. This harkens to
a focus on an epidemiology of consequence (8, 9), that is, a
focus on an epidemiology that can guide efforts to improve
the health of populations.

Second, thinking of causal effects along the spectrum
helps clarify the methods required to estimate these effects.
For exposures closer to the right end of the spectrum, a
randomized trial or an observational study that closely emu-
lates the trial may be the best approach to estimate the
causal effect. For factors more to the left of the spectrum,
however, it may be impossible to find observational data that
will allow us to emulate a hypothetical target trial (10, 11).
Rather, data and subject-matter knowledge may need to be
combined to construct simulation models that allow us to run
in silico hypothetical experiments of complex interventions
(12, 13).

Third, the relative position of exposures along the spec-
trum, and therefore the degree to which a causal effect is
well defined, affects our ability to identify and measure
confounders of the effect. The more ill-defined the causal
effect is, that is, the more difficult it is to conceptual-
ize hypothetical interventions, the harder the conceptual-
ization of confounding for the effect. For example, when
using observational data to emulate a target trial of income
changes, residential segregation and race may be thought
of as important confounders. However, it is unclear what a
confounder for “race” is because the effect of race on, say,
cardiovascular disease is an ill-defined concept.

CONCLUSION

An engagement with causal thinking can point to ques-
tions in social epidemiology that may have more direct
implications for the health of populations, consonant with
an epidemiology of consequence (14). This argues for more
work on causal thinking in social epidemiology, a rekindling
of the decade-old efforts to reconcile the 2 areas that have
since fallen somewhat by the wayside as the field has evolved
(15, 16).

A marriage between social epidemiology and causal
thinking may not be particularly far off. We would argue
rather that the questions of social epidemiology may be
particularly fertile ground for causal thinking. Quantitative
causal inference in social epidemiology is an opportunity to
do better science that matters, a win-win for both fields.
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