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New challenges for the 21st century

Epidemiology today stands at a juncture. Our methods are increasingly sophisticated, and 

ever-greater pools of data are being collected and could be available for epidemiologic 

inquiry. Yet the core approaches inherent to, and the utility of, epidemiology are being 

questioned perhaps as never before by a growing number of stakeholders.1–3 Big data, 

precision medicine, various -omics initiatives, technology-informed intervention, and other 

new research horizons leave open questions about where epidemiology does (and does not) 

fit in.

The methodologic advances in our field in the past quarter century have led to the 

establishment of an armamentarium that allows epidemiology to take its place alongside 

other sciences with their own well-established, methodologic conventions. They also have 

led to a particular orientation we take in our work. Our textbooks and advanced 

epidemiology coursework predominantly instruct our students on how to estimate risk 

factors, and many of our methodological tools for confounder control provide us with 

increasingly sophisticated ways to estimate these risk factors more precisely in the presence 

of complex data structures and potential sources of confounding.

There is little doubt that traditional risk factor epidemiologic methods have contributed in 

critical ways to our understanding of the effects of smoking, environmental toxins, pre- and 

peri-natal exposures, and viral agents of infectious and chronic disease, among others. 

However, it is also clear that many other public health successes of the past century owe 

little to our methodological developments as a discipline, and that there is growing concern 

that an effort to increasingly identify small effects marginalizes us as a field.3–5
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Why we cannot (seriously this time) continue risk-factor approaches

The calls for a move away from risk factors have been compelling and numerous over the 

past 20 years. It is time to heed the growing drumbeat of concern about these risk factor 

approaches and propose an alternate approach to how we may conceptualize our hunt for 

causes of disease, because, in part: (1) these approaches lead us to focus on even more 

precise estimates of risk factors that we already know are important, or alternatively, already 

know are not very important; (2) these approaches encourage us to continue to pursue a 

biomedical model of disease; and (3) the world is too complicated to distill into a set of 

correlates. These are not new ideas, but perhaps worth restating, with citations from some 

seminal papers that articulated some of these key ideas over the past decades.

First, the traditional risk-factor approach keeps us bound to what Beverly Rockhill termed a 

decade ago as “the increasingly reductionist hunt for causes.”4 Because the field of risk 

factors is relatively well ploughed and we have a set of “usual suspects” (poverty, smoking, 

diet, toxins), we are often left estimating risk ratios of relatively small magnitude and trying 

to make the case for their role in public health. One needs only to look towards the field of 

genetic epidemiology to see this reductionist hunt in action. Further, we attempt to refine 

and reframe the extent to which previously identified associations are causal with 

increasingly restrictive samples with precise analyses. As just one common example, we 

apply propensity score matches to the data and only analyze those pairs or sets for which 

there is a match. This is entirely reasonable if the goal is to isolate the causal effect of an 

exposure on an outcome; only those pairs with a match on the propensity to be exposed 

contribute to our ability to assess the causal impact of the exposure. But if our overall goal is 

to improve population health, propensity score matching is perhaps much less useful if those 

pairs who match on propensity to be exposed are not representative of the population in 

which we would like to intervene, and if the factors that create extremes in the data and for 

which no match is possible are also factors that interact with exposures of interest.

Second, we often, and perhaps increastingly, remain ‘prisoners of the proximate’,6 as 

Anthony McMichael termed, and we are almost 20 years ago away from when Carl Shy 

provocatively implored us to shift from biomedical models of disease to models that 

incorporate the complex social world through which disease generates.7 We are further still 

away in time from other scholars who have encouraged us to consider the data-generating 

mechanisms through which exposures become embedded if we want any hope in changing 

population health.8–10 Have we effectively heeded the calls for a movement away from 

proximate risk factors? In some ways, yes. Rapid progress in areas such as social 

epidemiology and lifecourse epidemiology have challenged the dominant risk factor 

paradigm as potentially inadequate to the questions that are of central interest to current 

public health problems. In the ensuing years, theory and methods to more rigorously assess 

fundamental causes have proliferated. Yet more broadly, beyond epidemiology, examination 

of the ‘social’ unless linked to biological and genetic substrates is, in our experience, 

increasingly evaluated as low priority in medical journals and study sections, suggesting that 

our survival in the field is questionable if we pursue a social and environmental agenda 

without an -omic hook.
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Third, the natural consequence of a risk-factor approach focused on individual-level 

associations, especially those proximal to disease onset, is the current era of predictive and 

personalized preventive medicine. If we have a set of twenty risk factors, each explaining 

some small amount of variance, it is seductive to create predictive equations attempting to 

predict disease in individuals based on data collected in populations. In fact, predictive 

medicine is now being recommended as a potential use of epidemiologic data across several 

disciplines.11,12 While predictive medicine for disease treatment has been fruitful in many 

areas of clinical medicine, the promise of such an approach for disease prevention has been 

unrealized. The basic mathematical limitations of predictive equations for understanding 

much less intervening on population health have been well documented, and the utility of 

such models for public health is questionable.5,15

In sum, our risk-factor-based value system can, based on the inputs that we give and the 

questions that we ask, push us into a corner. Charged with conducting comparative work that 

can guide population health impact (e.g. “What can we do that would improve the health of 

the population the most?”), we often find ourselves focusing on better estimating the causal 

effects of single exposures (e.g., “Did X cause Y?”). While “Did X cause Y?” is 

fundamental to science, we question here whether we are asking about the right X’s, 

whether it matters that X caused Y without knowing about the context and co-occurring 

causes around X, and if trial after trial of increasingly precise estimation of X’s is of real 

relevance.

Why change?

Informed by the history that precedes us, and an appreciation of the challenges facing the 

field, we suggest that there are two reasons that compel us to consider change. First, if our 

goals as epidemiologists and scientists are truly to uncover and reveal truth and generalized 

knowledge about the natural history of disease, then we have little choice but to confront the 

network of co-occurring causes that produce disease. Further, if our goals are to identify 

those causes that result in the greatest harm for the greatest number in order to improve 

population health, then a focus on prevalence and co-occurrence is also paramount. We 

know that the number of cases that are caused by a certain factor depend entirely on the 

prevalence of the co-occurring causes that interact with that factor, therefore the advance of 

an epidemiology of consequences requires a focused effort on understanding the complex 

architectures and networks of causes that underlie disease rather than the effects of single 

exposures in isolation.

What are the solutions?

The solutions to the problems we raise in this essay are unlikely to be methodologic, 

because we already have the methodologic solutions. The past two decades have witnessed a 

rapid array of methodological developments in epidemiology that are ripe for pursuing 

questions that take us beyond the risk factor paradigm, including systems science 

methods,16,17 quantitative approaches to understanding neighborhoods and places, 

articulations of interaction and mediation,18 and methods to examine population 

interventions that allow us to control potential confounding with a minimum of 

Keyes and Galea Page 3

Epidemiology. Author manuscript; available in PMC 2018 January 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



assumptions.19 It is possible that the reason this wealth of methods has not yet fueled a 

paradigm shift is that application of these methods requires a relatively high level of 

statistical and mathematical background at a level outside the scope of many even doctoral-

level researchers. Yet through continued training of epidemiologists and researchers in 

aligned sciences, these methods will gain foothold. In the meantime, there are more basic 

tools that we all know, and have known for decades, which can put us on the path to a better 

understanding of how we should better understand population health.

Rather than continuing to refine our estimates of effects, we suggest that we need to move 

away from efforts to estimate series of associations towards understanding a causal 

architecture. A causal architecture approach capitalizes on our methods and our insights to 

ask a new generation of questions. Operationally, it means that our focus should shift from 

risk factor identification to (1) modeling prevalence of causes within and across populations, 

including their interactions and (2) representative sampling to understand effect distributions 

in populations and allow for between-population comparisons (rather than within population 

risk factor examinations).

First, modeling prevalence of causes within and across populations requires no new methods 

but rather requires that we use the methods that we already know for new and different 

purposes. For example, we know that two populations can have the same prevalence of 

exposure, but different causal effects, if the distribution of component causes differs across 

these populations. Further, two populations can have the same causal effect, but different 

distributions of the prevalence of causes, which has direct implications for how we intervene 

on those causes. It is well understood in epidemiology that the magnitude of the effect of an 

exposure on disease is dependent on the prevalence of the causal factors that interact with 

that exposure. While we accept this as a fundamental epidemiologic principle, we often fail 

to consider its implications seriously. For some exposure-outcome relations, the prevalence 

of interacting factors may be relatively constant across populations. We have perhaps been 

lulled into false confidence in this area by our triumph in identifying the association, for 

example, between smoking and lung cancer. This association is relatively consistent (or at 

least, always really strong20), indicating that the factors that interact with smoking to 

produce lung cancer have a relatively homogeneous prevalence across many populations. Yet 

even with smoking and lung cancer there have been numerous factors identified that interact 

with smoking, varying the magnitude of the association.21

Thus, if we continue to focus on estimating series of risk factors, we document associations 

whose magnitude is bound in time and place. These associations may no longer apply to the 

present, if the population is dynamic enough, and leads to the seemingly contradictory 

findings that so befuddle the public. This suggests that our focus on estimating a laundry list 

of effect measures to characterize the association between various exposures and outcomes 

is misplaced. An alternate approach would be to focus our effort on theorizing and 

examining the prevalence of co-occurring factors will allow us to more richly characterize 

the conditions and architecture that underlie specific risk factor associations. This includes 

modeling interaction, which is an approach well known to epidemiologists. Such modeling 

is scale dependent, of course, and one can almost always find interaction on at least one 

scale as long as two exposures are associated with an outcome. Careful consideration of the 
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appropriate mathematical scale for each particular question, context, and set of exposures is 

necessary. More broadly than including interaction terms in our models, though, we suggest 

that focusing on how such interactions may vary effect estimates across time and place in 

ways that illuminate underlying data generating processes is a shift in focus for many 

epidemiologists.

Second, we call for more representative sampling. We realize that this call may seem 

controversial, especially given a recent series of debates regarding the importance, or not, of 

representative sampling in epidemiologic studies. In a recent point–counterpoint, Rothman 

and colleagues argued that when the goal of an epidemiologic research question is 

generalizing about disease processes, representative sampling can detract from our ability to 

identify causal effects and explain how they influence health.22 As an analogy, articulated 

both by Rothman and others in the field,23 neuroscientists study the behavior of mice not to 

improve the health of the world’s population of mice, but to infer the mechanisms of our 

biological make-up. We do not collect a representative sample of all mice in order to conduct 

our experiments and build towards scientific inference.

This “mice” argument rests on the premise that the goal of epidemiology in human 

populations is to simulate, to the extent we can, the conditions of the experimental lab. This 

idea has had appeal in the field for decades, perhaps because our field’s foundations were 

first and ably proposed by clinicians trained in research through the randomized clinical 

trial, rather than by social scientists who were more comfortable with other approaches to 

causal theory such as triangulation, or by clinicians steeped in the tenets of preventative 

medicine.

These roots have led us to embrace one dominant conceptual paradigm—the counterfactual 

and potential outcomes approaches —in which the effects of risk factors on outcomes are 

isolated by careful control of confounding to achieve comparability between the exposure 

groups. After a causal effect has been identified under a no confounding assumption, it can 

then be elaborated to understand mechanisms and co-occurring causes. The rigor of the 

experimental paradigm, where we can vary one or more causes while holding constant the 

conditions that led up the causal exposures, is held then as the gold standard for estimating 

causal effects of individual exposures even in non-experimental conditions. From that 

worldview, representative sampling is worthless.

However, seen from a different perspective, the debate over the usefulness of representative 

samples underlies the deeper challenge in epidemiology that directly confronts our values as 

population health scientists. Our quest to isolate the effects of exposures increasingly 

requires restrictive and purposive samples to achieve comparability, yet that this may 

actually limit our ability to understand disease processes in populations. This concern is well 

documented in epidemiologic and causal inference literature, often grouped under the rubric 

of factors that affect ‘transportability’.24–26 We have, however, largely not heeded these 

concerns. If we approach our research questions by first asking in whom we want to improve 

health, rather than what caused poor health, then a focus first on populations—including 

defining that population and achieving broad representation within it—is critical.
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Interestingly, this view has proliferated in other fields such as neuroscience,[27] where it is 

recognized that non-generalizeable samples may yield data that is scientifically interesting 

but of little help in improving population health. Of course, we must have valid answers to 

any questions in order to generalize them beyond our study samples. If representative 

sampling leads to invalid answers, then it is not worth pursuing. But critically assessing and 

theorizing about what populations we want to infer to, designing studies that allow us to 

directly measure population impact, and elevating concerns about external validity to the 

same level of focus in the field as are our concerns about internal validity,28 are increasingly 

necessary. As big data becomes bigger, the resources will be available to achieve such goals, 

given that we align our values with such perspectives.

One example of such a causal architecture approach could be applied to the study of obesity, 

an outcome with clear public health relevance and a plethora of identified risk factors. There 

has been a great deal of effort in quantifying the effect of gene variants such as the fat mass 

and obesity-associated (FTO) gene on risk for obesity as well as explaining population 

variance.29–31 Given that the social, political, and topographic environment is critical to 

obesity risk, interaction is clearly present. In fact, emerging evidence indicates cohort of 

birth modifies the effect of the FTO gene,32 suggesting that the social structures in which we 

are embedded and develop shape the way in which molecular markers influence our health. 

Further expansion on the way in which risks for obesity are distributed across populations, 

interact with each other in dynamic ways, and spread across networks of individuals underlie 

a causal architecture approach and force us to creatively develop data and designs that 

articulate the broader structure in which obesity and its related health outcomes are 

embedded. Examples of causal architecture approaches in epidemiology are also beginning 

to grow, for example, Westreich (2014) demonstrated how estimates of the effects of 

pregnancy prevention on virologic failure among HIV-positive women can vary considerably 

when considering varying characteristics of populations,33 and clarified the role of 

population interventions in epidemiologic literature in ways that illustrate the potential role 

for causal architecture approaches becoming embedded in epidemiologic queries.

Conclusions

We argue in this essay that we should concern ourselves more with a causal architecture 

approach rather than with our dominant approach. We suggest that this perspective is served 

by a focus on theorizing about the prevalence of causes and their co-occurrence across 

populations, using available innovative methods, and by the use of representative samples to 

allow us to understand the role of context in shaping the health of populations. Our 

traditional epidemiologic technique is to ask: Is exposure associated with disease? Is 

exposure associated with disease controlling for a set of confounders? Does exposure 

interact with any factors to produce disease? What are the mechanisms through which 

exposure works? We have a well-defined and increasingly sophisticated set of methods for 

addressing each of these questions, though sophistication and elegance of our modeling 

approaches alone are no match for the creativity and ingenuity of the researcher who is 

programming them.34 A causal architecture approach, on the other hand, would ask: What is 

the structure of causes that underlie disease? Do these causes work together or separately? 

And most importantly, which causes are the most prevalent in the population. By ‘structure’, 
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in this context, we refer not only to directed acyclic graphs and other visual approaches to 

confounder control that are well documented in epidemiologic methods literature, but to 

establishing the prevalence, co-occurrence, and networks of causes that produce health 

within and across populations. It is an alternative framing and recalibration of our goals and 

our objectives as population health practitioners. We have the methods and the data; what is 

left is our will as scientists to push forward in these endeavors, and our skill as teachers to 

develop the next generation of scholars to push beyond the boundaries that we set for them.
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