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Population health improvements are the most relevant yardstick against which to evaluate the success of social

epidemiology. In coming years, social epidemiology must increasingly emphasize research that facilitates transla-

tion into health improvements, with continued focus on macro-level social determinants of health. Given the evi-

dence that the effects of social interventions often differ across population subgroups, systematic and transparent

exploration of the heterogeneity of health determinants across populations will help inform effective interventions.

This research should consider both biological and social risk factors and effect modifiers. We also recommend

that social epidemiologists take advantage of recent revolutionary improvements in data availability and computing

power to examine new hypotheses and expand our repertoire of study designs. Better data and computing power

should facilitate underused analytic approaches, such as instrumental variables, simulation studies and models of

complex systems, and sensitivity analyses of model biases. Many data-driven machine-learning approaches are

also now computationally feasible and likely to improve both prediction models and causal inference in social epi-

demiology. Finally, we emphasize the importance of specifying exposures corresponding with realistic interven-

tions and policy options. Effect estimates for directly modifiable, clearly defined health determinants are most

relevant for building translational social epidemiology to reduce disparities and improve population health.

causal inference; effect modification; exploratory analyses; machine learning; population health; social epidemiol-

ogy; translational research

The final metric for evaluating social epidemiology must
be its contribution to improvements in population health. If
we fail to translate research findings from academic journals
to human health, the field is irrelevant. We agree with Galea
and Link (1) that social epidemiology is increasingly popular.
Our discipline sits at the intersection of science and social
justice—an exciting intersection—but scientific popularity is
no guarantee of scientific merit. Basic descriptive and theo-
retical work has laid the groundwork for social epidemiol-
ogy, drawing heavily on theories from sociology, to define
and evaluate the extent to which social and economic factors
outside the individual are important contributors to health. It
is now imperative that results-driven translational social epi-
demiology assume greater importance within the field. Iden-
tifying opportunities for effective intervention may require that
we go off the beaten path of risk-factor epidemiology.We recom-
mend 3 complementary courses for the next generation of social
epidemiology: 1) systematically and transparently exploring the
heterogeneity of health determinants across populations, con-

sidering both biological and social risk factors; 2) leveraging
recent revolutionary improvements in data availability and com-
puting power to improve knowledge generation and causal infer-
ence; and 3) focusing research on exposures that correspond
with realistic interventions and policy options to facilitate trans-
lation from research into action.

EXPLORING HETEROGENEITY: WHAT’S GOOD

FOR THE GOOSE MIGHT NOT BE GOOD FOR

THE GANDER

Social epidemiologists face a tension between recognizing
the contingency of effects of social determinants and providing
summary effect estimates that can be easily communicated. The
empirical evidence now suggests that there is substantial het-
erogeneity in many important determinants of health. Inter-
ventions that seemed promising prima facie have turned out,
upon rigorous evaluation, to have null or even harmful effects
for some subgroups (2–7). Findings from major randomized
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controlled trials and quasi-experimental studies that suggest
qualitative effect modification (i.e., opposite treatment effects
for different subgroups) should force us to be evenmore ruthless
in analyses of observational data. Often, there was insufficient
observational exploration before initiation of the randomized con-
trolled trials to fully anticipate the heterogeneity of treatment
effects; we did not recognize the contingency of effects because
theoretical understanding was insufficient and we were too cau-
tious in exploring effect-modificationhypotheses in observational
analyses (8). Even for interventions with beneficial effects on
average, there is an ethical obligation to understand whether and
why some people are harmed by the intervention. Understand-
ing subgroup differences is especially important when the sub-
group potentially harmed has little information or opportunity
to avoid the treatment, as would often be the case with policy
interventions (4–7).

In addition to considering the possibility of heterogeneous
effects of social determinants based on sociodemographic char-
acteristics, social epidemiologists should investigate whether
genetic and biologically embedded health risk factors are mod-
ified by social context (9–12). We assume that few health dis-
parities are strictly attributable to differences in genetic allele
frequencies. However, social inequalities become biologically
embedded, and the physiological differences induced by such
inequalities may modify other major pathways to disease. In
Rothman’s causal pie heuristic formultiple causations of disease
(13), the influence of each component cause on disease depends
on the prevalence of the other components in the population.
Identical genetic risk factors may have entirely different conse-
quences for individuals in high-riskenvironments comparedwith
those in low-risk environments. For example, major genetic
determinants of obesity operate via appetite. The effects of
increased appetite may well be larger for individuals who live
in highly obesogenic environments with easy accessibility to
unhealthy food (14). We hypothesize that many social deter-
minants have different effects on people with high versus low
background genetic risks. If so, we must incorporate effect
modification by genetic background to accurately describe the
health effects of social context.

Given the focusof social epidemiologyonprocessesof social
stratification and inequality, our discipline may be uniquely
positioned to explore effect-modification hypotheses, including
hypotheses about how social and environmental contexts
silence, exacerbate, or even reverse genetic effects. The likely
importance of environmental modifiers in the expression of
genetic determinants of health is an emerging lesson from
genome-wide association studies (15–18). Social epidemiolo-
gists should have a strong voice in gene–environment studies:
articulatingmeaningfulmeasures of social risk factors, designing
studies that are inclusive and unbiased, and helping interpret
and frame results. For example, researchers must evaluate the
extent to which genetic background influences social risk fac-
tors, which may in turn impact health (19). Social epidemiol-
ogists may hesitate to engage with genetic research because it
is assumed that genetic factors are neither major contributors
to health inequalities nor easily modifiable (and therefore of
little public health interest) (20). The history of genetic deter-
minism and eugenics certainly justifies a critical approach, but
it also indicates the importance of involving thoughtful social
scientists in genetic research.

How should we explore the heterogeneous effects of social
determinants of health, whether based upon biology or social
group? Ethnographic approaches provide rich information for
the generation of hypotheses regarding heterogeneous effects.
Some quantitative methods also naturally lend themselves to
identification of heterogeneity; for example quantile regression
methods can reveal whether an exposure has similar effects
on people at high versus low background risks of the outcome
(21), even when specific modifiers have not been identified. A
priori hypotheses about heterogeneous effects can arise from
rich social theory (8). Although a priori or post-hoc theoretical
explanations for heterogeneous effect estimates can often be
found, it is sometimes difficult for even very theoretically sophis-
ticated researchers to reliably anticipate the nature of such
heterogeneity.Socialtheoryisimportantformanyreasons(1),but
theoretical frameworks may (ironically) make it more difficult
to discover new, unexpected phenomena, to accept the veracity
of unexpected results, or to imagine plausible alternatives pre-
cisely because theories shape our expectations. For these reas-
ons, we believe social epidemiology is likely to be advanced
by a systematic exploration of heterogeneity that is accompa-
nied by transparent reporting of findings.

EVALUATING HETEROGENEITY IN THE CONTEXT OF

UNCERTAINTY: DO NOT FEAR THE FISH

The goal of exploring heterogeneity is generally thought to
be in conflict with an idealized process of scientific research
and knowledge generation, which specifies that we develop
a hypothesis based on prior theory and evidence, conduct a
statistical test, and report the parameter estimate. Full stop.
Do not reformulate and test post-hoc hypotheses; do not report
multiple associations; and do not report exploratory results
that fail to reach statistical significance. However, if we lack
good explanations for the observed population health patterns,
as we often do, this approachmakes little sense. In the context
of uncertainty, when we are engaging in research as a tool for
discovery, “fishing” or data mining may offer a way forward.

Fishing—testing numerous exploratory hypotheses with-
out strong prior evidence—inevitably generates many statis-
tically significant associations due to chance (i.e., type I errors).
These chance associations do not correspond with causal struc-
tures and therefore cannot inform effective public health inter-
ventions. Publication of such spurious findings need not slow
scientific progress, however. Results must be honestly presented
as exploratory and efforts to reproduce the associations in other
studies must be published (even when the findings do not sup-
port the original association). The problem with fishing is not
somuch type I errors, but rather the selective publication of only
“statistically significant” findings. Reporting of nonsignificant
associations is essential if multiple testing approaches are to be
useful. Publicationbias against nullfindings is a recognizedprob-
lem (22), but this problem could be solved or substantially reme-
diated if scientists were not incentivized to hide null findings
(23). For example, journals could commit to the online publica-
tion of exploratoryanalyses in conjunctionwith papers published
in the print journal. Journals could also commit to online publi-
cation of new studies in which investigators attempt to replicate
previous analyses, including exploratory analyses. Data mining,
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conducted and presented responsibly, could improve our very
incomplete understanding of social determinants of health.
Social epidemiologists can learn from genetic epidemiol-

ogists and the lessons of genome-wide association studies.
Casting the netwide for possible newunderstandings of social
and environmental determinants of health can be successful
if combined with transparency of approach, full presentation
of findings, and syntheses of evidence from multiple studies.
While genome-wide association study approaches continue
forward, related approaches incorporating other domains of
exposures, coined environmental wide association studies, are
emerging (24, 25). As with genome-wide association stud-
ies, environmental wide association studies will undoubtedly
generate many false leads, but transparent reporting and sys-
tematic meta-analyses will culminate in robust findings.

HARNESSING 21ST CENTURY COMPUTING POWER:

THIS IS NOT YOUR MOTHER’S MACINTOSH

Revolutionary increases in computing power put a host of
powerful methods within reach of social epidemiologists, and
some of these tools should dramatically change howwe conduct
research. Improved computing power has facilitated access to
an avalanche of new data for epidemiologic research, including
genetics, neuroimaging, geospatial, social interaction, dietary,
andmedicalcare information.Notonlywilldataavailabilitygrow
into the future, but new data sources will also provide opportu-
nities for new study designs to test social epidemiologic hypoth-
eses. For example, instrumental variables can often be derived
from genetics (26), geography (27, 28), characteristics of health
care service delivery (29–31), or other variables that would not
in the past have been routinely available. Thus, new data sources
expand the repertoire of studydesigns to improve causal inference.
More computational power will also facilitate simulation

studies and agent-based models for complex systems. As Galea
and Link note, these studies are likely to be valuable to help
evaluate new research methods, clarify plausible mechanistic
models, and project the public health impacts of proposed
interventions. Computationally intensive tools such as boot-
strapping are already popular (32). Improved computational
power should also foster sophisticated sensitivity analyses
(33, 34). We envision a day when our discussion sections no
longer include claims such as “any bias is most likely conser-
vative” and instead state “the distribution of plausible effect
estimates across a range of bias parameters is shown in the
appendix.”
New data and increased computational power should also

facilitate exploration of heterogeneity and generation of novel
substantive hypotheses.Machine learning approaches automate
search across large numbers of variables. These search tools
go beyond testing previously hypothesized effect modifiers to
use data-driven, supervised learning procedures to help elaborate
complex causal structures (35). Prediction applications using
individual algorithms, such as classification trees, least absolute
shrinkage and selection operator, or Bayes nets (36–39) are
likely to be supplanted by ensemble methods, which useweighted
averages of multiple alternative algorithms to derive more sta-
ble estimates (36, 40–45). The power of ensemble approaches
received widespread recognition when the movie rental company
Netflix sponsored an international contest for the best model to

predict customers’ film preferences. To win the Netflix contest,
competing teams repeatedly merged to access one another’s algo-
rithms, improving accuracy by combining predictions from an
ever larger set of predictive algorithms (44, 46).
Alternativemachine-learning procedures emphasize causal

inference, identifying the (often large) set of causal structures
consistent with observed data (47–49). Various estimation
approaches can then be applied to quantify or parameterize
the causal pathways in the proposed structures. Although these
tools have rarely been applied in social epidemiology, recent
applications are promising (50).
Asevidencedby theNetflix challenge, there is currently inten-

sive competition to improve on machine-learning approaches.
We assume this competition will continue for years to come, to
the benefit of the field. Social epidemiologists would do well
to adopt a hybrid approach linking search and data mining pro-
cedures with our knowledge of the social phenomena, thereby
drawing on social theory. However, search and data mining pro-
cedures may be most valuable for topics about which we under-
stand the least.
In sum, social epidemiology will be advanced by adopting

data-driven exploration and search methods and taking advan-
tage of the recent expansion in secondary data availability.
Methodological innovation is not merely about applying novel
methods to improve our estimation in the third decimal point.
Newdata and newcomputing power should allowus to approach
problems differently. Inevitably, alternative approaches will
have different strengths andweaknesses.We hope that as novel
methods are introduced, researchers will articulate both the
advantages and disadvantages of each innovation to foster judi-
cious adoption of the new tools.

WHAT DOES TRANSLATION MEAN FOR SOCIAL

EPIDEMIOLOGY? HONING EXPOSURE

OPERATIONALIZATION TO FOSTER TRANSLATION

The primary challenge we face in social epidemiology—to
improve population health—is reflected in the question, “So
what can we do about it?” The “so what” question is frequently
posed not only by other epidemiologists and practitioners but
also by the public and policymakers. For example, given research
demonstrating that socioeconomic position strongly predicts
health, a common response is that it is not feasible to eliminate
socioeconomic inequalities in health because it is not feasible
to eliminate socioeconomic inequalities.
Using specific, modifiable exposure measures instead of

generic socioeconomic position indicators will naturally address
the “so what” question by estimating contrasts between realis-
tic counterfactuals, supporting a “practicable social epidemiol-
ogy” (51). Syme et al. argued that “it doesn’t take a revolution”
(52, p. 114) to leverage our understanding of social determi-
nants to improve population health. Changes in social and eco-
nomic exposures, as well as corresponding improvements in
population health, occur routinely even in the absence of vast
resource redistribution. To that end, a critical step for improving
translation in 21st century social epidemiology is to define and
test exposures that correspond with directly modifiable risk fac-
tors. Clearly defined counterfactuals lay the groundwork for
causal inference, and causal inference lays the groundwork for
translation into population health improvements (53, 54).
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For example, the majority of research on the health effects
of financial conditions uses “income” or “wealth” without
considering the source of the money. Yet, the health effects
of income seem to differ depending on the mechanism by
which the income is delivered (55–57). Research on the
health effects of income would have much greater potential
for translation if income were operationalized to correspond
to specific mechanisms for delivering additional income (e.g.,
increases in minimum wages, tax credits or reductions in sales
taxes, or housing subsidies). Policies for income supplemen-
tation could then be compared with alternative subsidies, for
example, food or housing assistance. This framework implies
a greater focus on effects of changes in exposure. Forexample,
although depression is an established predictor of stroke, lit-
tle research has been conducted on successful treatment of
depression and subsequent stroke risk (58). Evidence from
life-course research implies that meaningful specification of
exposure must include the age at which the risk factor is
encountered (59). For example, poverty at 4 years of age may
have different consequences than poverty at 64 years of age.
Research evaluating social determinants of health with such
precise specifications of the hypothesized social determinant
is currently rare.

Heretofore, social epidemiology has been dominated by
descriptive studies. Descriptive work is necessary and has been
valuable to, for example, establish key dimensions of health
inequality, demonstrate that inequalities are mutable, and chal-
lenge the view that inequalities are the “fault” of the disad-
vantaged (60–62). Descriptive efforts clearly merit ongoing
attention. However, too little research has focused on what
to do about thesewell-documented inequalities. To nowmove
forward we must ask how we can improve the health of dis-
advantaged groups. Our discipline focuses on the effects of
social context on health, so translation must focus primarily
on modifying social context. To support translation, we must
understand how distal factors, such as economic conditions,
public policy, physical environment, social networks, early
childhood family and educational context, or working condi-
tions, influence health. How can wemost effectively interrupt
the cascading, intersecting processes that lead to disease?

We also emphasize what a translational social epidemiol-
ogy is not: Population health relevance does not imply nar-
rowing the scope of the field to only small scale interventions,
interventions localized to a single community, individual beha-
vioral processes, or proximal risk factors that are shaped by
the larger social context. Translational social epidemiology does
not imply focusing exclusively on clinical services, even if
effects of clinical interventionsmay be observablewithin amuch
shorter time frame and randomization is often easier. Rather,
the purview of translational social epidemiology should include
estimating health effects of alternative social and economic poli-
cies (unemployment compensation, earned income tax credits,
social security eligibility age); of specific infrastructure features
of neighborhoods or communities (grocery stores, sidewalks,
policing strategies); or of discriminatory interactions.

Galea and Link lament that social epidemiologists are
rarely at the policy table. Enhanced training in social policy
and law, alongwithmore interdisciplinary collaborationswith
policy researchers and policymakers, would help address this.
However, even with strong training and collaborations, rig-

orously evaluating the health effects of macro-level factors such
as social policies is difficult. Conventional randomization may
be nearly impossible; the number of macro units (e.g., coun-
tries, states) is usually small and finite; modifying the macro-
level cause might be extremely difficult or politically infeasible
(52); and effects of any isolated macro-level cause, once con-
veyed through a long causal chain, are typically small and may
emerge at an unknown time in the future (63). Appropriate data
are often unavailable; high-quality health measures were not
included in many past social policy evaluations, and available
assessments sometimes focused exclusively on health care deli-
very or service usage (64). These challenges imply that it is not
always realistic to exclusively study naturalistic exposures such
as existing social policies or specific interventions, and we must
conduct research on effects all along the causal pathway. Estab-
lishing the effects of downstream mediators is essential for
translational social epidemiology, tomake a compelling case for
causality, to identifyopportunities for downstream interventions,
and to inform theory and thereby predict generalizability offind-
ings from one context to another.

CONCLUSION

The last decade of research has made us both more humble
about our current understanding of social determinants of health
and more optimistic about the potential role of social epide-
miology research to improve population health. Why are we
humbled? Several interventions based on observational epi-
demiologic research failed to deliver health improvements
(59, 65). Why are we optimistic? Analytic methods based on
observational data have been vindicated time and again (66, 67),
and the disappointments of observational epidemiology have led
to critical re-appraisal and strengthening of conceptual and em-
pirical approaches (59, 68). Research continues to support the
overwhelming role of social causes in morbidity and mortality
(69). We are confident that social epidemiologists, armed with
conceptual clarity, methodological innovation, and scientific
rigor, can identify new and more effective approaches for
reducing inequalities and improving population health. Some
of our recommendations, such as data-driven exploratory anal-
yses and a greater tolerance for potentially false positive associ-
ations, veer off the well-trodden path of hypothesis-driven
regression models. Going off-road entails risk of mistakes, but
it also offers the best chance of new discoveries.
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