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Abstract

The assumption that exposures as measured in observational settings have clear and specific 

definitions underpins epidemiologic research and allows us to use observational data to predict 

outcomes in interventions. This leap between exposures as measured and exposures as intervened 

upon is typically supported by the consistency assumption. The consistency assumption has 

received extensive attention in risk factor epidemiology but relatively little emphasis in social 

epidemiology. However, violations of the consistency assumption may be especially important to 

consider when understanding how social and economic exposures influence health. Efforts to 

clarify the definitions of our exposures, thus bolstering the consistency assumption, will help guide 

interventions to improve population health and reduce health disparities. This article focuses on 

the consistency assumption as considered within social epidemiology. We explain how this 

assumption is articulated in the causal inference literature and give examples of how it might be 

violated for three common exposure in social epidemiology research: income, education and 

neighborhood characteristics. We conclude that there is good reason to worry about consistency 

assumption violations in much of social epidemiology research. Theoretically motivated 

explorations of mechanisms along with empirical comparisons of research findings under 

alternative operationalizations of exposure can help identify consistency violations. We 

recommend that future social epidemiology studies be more explicit to name and discuss the 

consistency assumption when describing the exposure of interest, including reconciling disparate 

results in the literature.
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Rose is a rose is a rose is a rose. – Gertrude Stein (1)

Introduction

A single term may encompass a multitude of meanings. Ambiguity in the meaning of a 

construct can impede scientific research and the replication and translation of findings. In 

epidemiology, this challenge is acute when translating evidence from observational to 

intervention settings. To help make the leap from observational evidence to intervention 

design, epidemiologists typically invoke three assumptions: exchangeability, positivity, and 

consistency. Social epidemiology, addressing how social and economic determinants 

influence health and disease throughout the life course, has long struggled with the 

exchangeability (no confounding) assumption. The positivity assumption – that in all 

covariate strata some individuals are treated while others are untreated - has also received 

important research attention from social epidemiologists. But social epidemiologists have 

paid relatively little attention to the consistency assumption, which entails that the exposure 

is defined with enough specificity that different variants of the exposure do not have 

different effects on the outcome. Both theoretical evidence and the limited available 

empirical evidence suggest that violations of the consistency assumption are plausible for 

social exposures. Attending to such violations may help us design more effective 

interventions.

Causal criteria of consistency

Moving from an observed association between two factors to understanding whether one 

factor actually caused the other is a common goal for epidemiology research. We adopt a 

counterfactual or potential outcomes approach to defining a cause as: if the cause did not 

occur, the chance of the outcome occurring would be different than if the cause did occur. 

We can more concisely describe this using potential outcomes notation where Pr(YX=1) 

represents the probability distribution of Y if the variable X were set to the value 1. This is 

called a “potential” outcome because X may or may not take the value 1. We define causal 

effects as contrasts of such potential outcomes. For example the risk difference measure of 

the effect of X on Y would be defined as the difference in the probability that Y was 1 if we 

set everyone in the population to X=1 versus if we set everyone in the population to X=0 (or 

any other specific value besides 1):

(1)

Causal inference relies on the process of replacing the potential outcomes in the causal 

parameter with observed outcomes that can be estimated from data. For example, we may 

estimate the risk difference by contrasting the probability that Y is 1 among those people in 
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the population with X=1 versus the probability that Y is 1 among those people for whom 

X=0:

(2)

But under what circumstances can we substitute observed outcomes, such as Pr(Y=1|X=0) 

for potential outcomes such as Pr(YX=0=1)? It is impossible to observe both YX=0 and YX=1 

for even one person, much less for everyone in the population, as demanded in equation 1. In 

the analysis of quantitative data, the core criteria for causal inference are exchangeability, 

positivity, and consistency. These criteria form a link between observable features of the data 

and potential outcomes that define causal effects. Most efforts for deducing causal estimates 

in epidemiology have been focused on whether or not there are violations to the criterion of 

exchangeability (i.e. no confounding), that those individuals receiving the treatment should 

be considered as exchangeable (with respect to potential outcomes) with those not receiving 

the treatment and vice versa. That is, they should be identical on average for characteristics 

that may influence the outcome except for the treatment itself. This is the advantage of 

randomized trials, since exchangeability is inherent to the study design by virtue of random 

assignment. Specifically, because of randomization, we believe we can modify equation 1 to 

estimate the distribution of the potential outcomes Pr(YX=1=1) for the whole sample based 

only on those people who were randomized to receive X=1, and similarly estimate the 

distribution of the potential outcomes Pr(YX=0=1) based only on those people who were 

randomized to receive X=0:

(3)

In observational studies, exchangeability is achieved via other design or analytic techniques, 

including most commonly through covariate adjustment in multiple regression, but also by 

restriction, matching, or weight-based approaches, all of which are intended to mimic 

randomization (2, 3). But note that in equation 3, we still have a potential outcome. We need 

another assumption to be able to directly estimate those values as in equation (4), and this 

assumption seems so obvious it is sometimes overlooked. We need to assume that 

Pr(YX=1=1|X=1) = Pr(Y=1|X=1): among those people with X=1, their actual value of Y 

matches the value Y would take if we set X=1. The consistency assumption requires that 

there are no two “flavors” or versions of treatment such that X=1 under both versions but the 

potential outcome for Y would be different under the alternative versions. This modest 

looking assumption -- which in recent causal inference literature has been labeled the 

consistency assumption – is often overlooked.

It is important to note that the consistency assumption we discuss here is only very indirectly 

related to the Bradford Hill Criterion of “consistency” (4), which invokes the view that if 

most studies find a similar result the association is more likely to be causal than if different 

studies report different results (5). We are also not focused here on a consistent statistical 

estimator, i.e., an estimator that moves closer to the truth in larger sample sizes (6).
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Rather, we are focused on describing the consistency criterion that is fundamental to the 

potential outcomes approach to causal inference. The consistency assumption implies that an 

individual’s potential outcome under his or her observed exposure history is the outcome 

that will actually be observed for that person. Based on an earlier conception (7) restated by 

Pearl: “for all A and B, if A is true, then if B would have prevailed (counterfactually) had A 

been true, it must be true already.”(8) Perhaps part of what has led to less attention to this 

criterion is that on its own it can seem obtuse and a bit circular. As noted by Pearl, 

consistency can, depending on the exact causal framework used, be either presented as an 

assumption to support inference or as an axiom to define counterfactuals (8). This perhaps 

offers another reason why consistency may be the most ignored of the assumptions for 

causal inference - it is invisible because it is so fundamental to causal inference itself. What 

consistency critically implies is that the exposure specified in the analysis must have enough 

precision that any variation within the exposure specification would not result in a different 

outcome.

Consider the effect of socioeconomic status (SES) on health. While many measures of SES 

exist, composite measures that combine a person’s income, education and occupational 

prestige are common. For descriptive social epidemiology, composite measures are 

sometimes advantageous for capturing a more general underlying construct that could be, for 

instance, compared across place and time, in particular when the variation in the components 

of that composite index may differ in ways that are not of substantive interest. However, for 

causal studies, in order to avoid violation of the consistency assumption, it is important that 

regardless of which component of SES is changed, the same effect would occur. Without 

analyzing it directly, we can consider the plausible validity of this assumption by turning to 

literature that has estimated separate associations between each SES component of income, 

education, and occupation, with a specific health outcome. Based on a large literature in this 

area, we conclude that for the construct of socioeconomic status as operationalized using a 

composite, the assumption of consistency is likely violated (9, 10). Interventions on income, 

education, or occupation may each have different impacts on a particular health outcome. An 

SES index could be considered to be a “compound treatment,” a common cause of violation 

of the consistency assumption (11). While not invoking the consistency assumption, this has 

led others to the same conclusion, that for etiologic work it is best to avoid composite 

measures of SES (12).

Many interpretations of the consistency assumption require that we grapple with the 

manipulability criterion, a controversial topic in social epidemiology. This debate for social 

epidemiology was laid out in an influential commentary by Kaufman and Cooper “Seeking 

Causal Explanations in Social Epidemiology,” (13) where they explored the difficulties of 

establishing a clear counterfactual when examining social factors’ influences on health. 

They recommended that researchers “seek causal explanations only for definable 

interventions.” Consistency is often motivated by linking to specific interventions rather than 

simply to specificity of exposure (e.g., by focusing on whether obesity is changed by diet or 

by exercise, rather than by focusing on whether obesity is due to excess central or peripheral 

adipose tissue (14)). Currently, researchers in social epidemiology have not reached 

consensus on the manipulability criterion. However, even people who believe that non-

manipulable factors can be causes agree that the consistency assumption may be violated if 
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an intervention to change the exposure is not clearly and specifically described. For 

example, if intervening on SES by increasing education has different health consequences 

than intervening on SES by increasing income, SES is not a well-defined intervention and 

violates the consistency criterion. Telling other researchers that increasing SES improves 

health is thus insufficient to guide the development of specific interventions.

Ambiguity in the definition of interventions to change exposure is central to violations of 

consistency (15). Cole and Frangakis define consistency in terms of the potential outcome 

definition of Yj(x,k), where for individual j the exposure X is set to a specific value x by 

intervention k. Therefore the consistency assumption holds if the observed Yj(x)= Yj(x,k) for 

all values of k that set X to x. As noted by VanderWeele (16), the range of possible k (the 

means by which exposure occurs) will vary depending on the specific x (the specific 

exposure tested) (16). The task then within social epidemiology is for an investigator to 

consider the range of possible interventions (k) that could elicit the same value of exposure 

(x). Interventions need to be described with enough specificity that any additional variation 

not specified is irrelevant. However, if the intervention description is needlessly specific, it 

will preclude future replications.

A second related but distinct concern is effect measure modification. Effect measure 

modification occurs when the effect of an exposure of interest on an outcome is different in 

some subgroups of the population as compared to others - for example if the effect of social 

support on heart disease differs between men and women. In many cases it is ambiguous 

whether a variation should be considered a feature of the population or a feature of the 

intervention. For example, we might find that beginning school at ages 3-4 years has larger 

cognitive benefits than enrolling in school at ages 6-7 years. We could say there are two 

versions of the treatment “begin school at age 3” versus “begin school at age 6”, or we could 

say there is one treatment “begin school”, which could be applied to 3 year olds or to 6 year 

olds. Focusing on two interventions would frame this as a consistency problem; focusing on 

the age of children who receive a treatment frames this as an effect modification problem. 

The key distinction is whether the attribute violating the consistency assumption is more 

clearly thought of as a separate factor or a characteristic of the exposure itself. Very closely 

related is the challenge of transportability (11), or how causes identified in one population 

can or cannot be applied to other populations (17). For practical purposes, consistency 

violations and effect measure modification have similar implications: to design an 

intervention you must decide precisely who will receive the intervention and what the 

content of the intervention will be. To be useful to intervention design, observational studies 

must therefore specify both the population and the exposure.

A third issue related to but distinct from consistency considers causal pathways, or 

mediation. Exposures that influence an outcome via multiple mediating pathways with 

different magnitudes of effect do not necessarily violate the consistency assumption. 

Multiple mediating pathways, however, may imply the potential for violations of consistency 

because it is easy to imagine several closely related interventions that trigger some but not 

all of the mediating pathways. For example, education is thought to influence health via 

improvements in knowledge and cognitive skills, credentials that are valued on the labor 

market, status improvements, and changes to the individual’s social network. It is easy to 
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imagine variations on educational experiences that have larger or smaller effects on just one 

of these mechanisms, e.g., cognitive skills or prestige. Indeed, articulating the theorized 

mechanisms linking exposure and outcome may help us define clear and specific exposures 

that fulfill the consistency criterion.

Potential consistency assumption violations in social epidemiology

Although some social epidemiology research is directed towards adherence to the 

consistency assumption, it is usually framed in terms of the specificity of the exposure and 

generalizability, without formal linkages to the consistency assumption as a criterion for 

causal inferences. Thus while not evaluated directly, in this section of the paper we discuss 

examples of how the consistency assumption may be violated for research on three 

commonly studied factors in social epidemiology: income, education and neighborhoods. 

We describe below examples of research in social epidemiology and related fields that 

through their specific counterfactual contrast examine a particular k for these three common 

exposures, and provide some evidence that consistency violations are a concern in social 

epidemiology. For all of the exposures we describe, the possible k variations (the means by 

which exposure is enacted) based on timing and duration also apply.

Income

Multiple reviews and chapters on the relationship between income and health have noted the 

varied associations across studies; these reviews generally focus on the importance of 

duration and timing of exposures, the outcomes examined and violations of exchangeability 

(18). All three of these issues are important for defining specific causal effects of income on 

health, but some of the variability in effect estimates for the relationships between income 

and health may also be due to lack of attention to the consistency criteria. In examining 

income effects on health, several types of income changes have been evaluated. These 

include sources such as regular earnings (19), paychecks (20), tax refunds (21), gaming 

profit disbursements (22), cash transfers (23), inheritances (24) and lottery winnings (25). 

For some of these differences in k, the distinction may be subtle. For example, regular 

earnings are typically disbursed as a paycheck, so earnings and paychecks could be 

considered effectively the same treatment with respect to the consistency assumption. 

Analyses, however, have differentiated within these exposures by using methods to examine 

earnings over periods of time of months or years, or focus on the period of time when the 

fund from a paycheck are actually received, resulting in a potentially different effect. It is 

not currently clear whether, for a particular health outcome, these various mechanisms of 

receiving income result in a different effect.

While some of the literature is adherent to the consistency criterion by carefully framing 

results in reference to the exact type of income transfer examined, it is generally a mistake to 

extrapolate from a particular exposure to the effects of income more generally. For example, 

in describing the implications of the conditional cash transfer from the Oportunidades 
program, the authors wrote: “Our results suggest that the cash transfer component of 

Oportunidades is associated with better outcomes in child health, growth, and development” 

(23). In contrast, when describing the goal of research examining the effect of lottery 
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winnings on health, the authors wrote: “This paper has asked whether money makes 

individuals healthier” (26), a description of a causal estimate that has a wider range of k.

There are a few examples where multiple types of income exposures have been examined in 

the same study using similar methods, sometimes with identical outcomes and populations. 

This literature suggests that income from different sources has different health effects. One 

of the best examples of attention to the consistency criterion is work that stipulates a specific 

k of short-term duration and compared the effects of other multiple k sources of money (i.e., 

from social security payments, regular wage payments for the military, tax rebates and 

Alaska fund payments) on short-term mortality (27). The similarity of results across these k 
income sources suggests that for short-term effects of income, these sources effectively meet 

the consistency assumption. In the examination of short-term effects of tax credits on risk 

factors for mortality, however, impacts were primarily beneficial (21), suggesting that k 
could differ for the alternative exposure of consistent, large benefits from the Earned Income 

Tax Credit (EITC). Qualitative work can also play an important role in considering 

violations of the consistency assumption. Work on EITC recipients has shown that 

individuals view the lump sum tax refund payment in a different way than regular 

paychecks, and that what they spend money on varies depending on the type of income 

received (28).

Education

The overwhelming majority of health research operationalizes education as either years 

completed (often in two or three categories, such as less than 12 versus 12 or more) or 

degree completion (often in two or three categories, such as a high school diploma or 

bachelor’s degree). Although many researchers acknowledge the potential importance of 

school quality (29), aspects of quality such as variations in school term duration (which now 

averages around 180 days per year but has historically varied by nearly a factor of two, 

especially across segregated schools) are not captured in years completed or degrees 

obtained (30). Differences in the timing of education with respect to developmental stage are 

also disregarded in conventional measures of education based on years or degrees 

completed. The literature suggests that the multiple attributes of education that are not 

typically specified may be differentially associated with health outcomes, thus use of 

standard measures of level of education may violate the consistency assumption. In contrast 

to years of education, Manly has conceptualized literacy – the capacity to use printed and 

written information to function in society – as a marker of school quality (31). Teaching 

literacy skills is a key goal of education, and literacy is plausibly a powerful mediator for 

schooling effects. Manly finds that accounting for literacy substantially accounts for racial 

disparities in age-related dementia outcomes. She has also shown large regionally based 

disparities in literacy in older adults (32). Literacy could be improved via multiple different 

treatments that are within the domain of education, such as higher quality schooling, longer 

duration of schooling, or mechanisms unrelated to formal schooling. However, if literacy 

mechanisms are essential to the effects of schooling, it implies that educational interventions 

focusing on improved literacy will have different health consequences than interventions 

that, for example, focus only on the number of years of education. Nguyen reports that 

literacy accounts for roughly 19% of the effect of education on mortality, although this may 
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be an underestimate due to the limited measure of literacy available (33). Another approach 

to intervening within the overall construct of education is on class size. The Tennessee 

STAR (Student/Teacher Achievement Ratio) trial randomized children in 79 schools to small 

class sizes, with or without certified teacher’s aides to assist children in the classroom (34). 

Evidence on the health effects of these variations would help us understand whether 

consistency violations are a concern in typical definitions of education. To date, however, 

evidence on the health effects of Tennessee STAR is limited and mixed, although assignment 

to high-quality classrooms appeared to benefit earnings (35).

Research using compulsory schooling laws (CSLs) as natural experiments for the health 

effects of education has indirectly grappled with the consistency challenge, because CSL 

changes typically either introduce an extra year of schooling at an earlier age (e.g., reducing 

the school entry age from 7 years to 6 years) or an extra year of schooling in adolescence 

(e.g., increasing the school leaving or work permit age from 14 to 15). Several instrumental 

variable studies based on CSLs find larger effect estimates than conventional analyses 

(36-39), and one interpretation is that delivering an additional year of schooling at these ages 

has larger consequences than the effect of an additional year of schooling at later 

developmental periods. To our knowledge, there is no direct empirical evaluation of this 

explanation for the discrepancy. However, several studies suggest that early interventions 

focused on improved cognitive environments (e.g. among children under 5) have enduring 

health benefits (38, 40, 41). These studies typically include both cognitive and non-cognitive 

(e.g., nutritional) enrichment for children, so it is difficult to disentangle strictly educational 

exposures from other benefits.

Figure 2 illustrates the challenge of identifying interventions that correspond with the 

relevant mechanisms via which education may influence health. Of the several possible 

interventions shown, few would be reflected in typical measurements of education (e.g., 

years of education completed) and each way of intervening might have a different 

consequence on the mediators and thus on health. Conversely, the consequences of attending 

extra years of schooling might depend quite strongly on how much classroom instruction 

occurred during each year of school, the quality of the teachers, the norms, talents, and 

socioeconomic resources of classmates, the prestige of the school, and so forth. In short, the 

link between what we measure in most observational studies of education, and what matters 

for health, is not necessarily close. As a result, we are unsure how to best intervene.

Neighborhoods

Studies examining how neighborhood context influences health are quite heterogeneous in 

terms of the specific neighborhood construct, as well as the operationalizations of specific 

constructs. The most common exposure among neighborhood effects studies is the SES of a 

neighborhood, which is typically used to measure the construct of underlying neighborhood 

quality. A common way to operationalize neighborhood SES is via an index of different 

dimensions of SES, e.g. median area income, proportion of neighborhood households below 

poverty line, proportion of residents without a high school education and proportion of 

unemployed males of working age (42). This exposure encounters the same threat of 

consistency violation described above as for individual SES indices. For example, if 
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decreasing the proportion of people in poverty may have different effects than increasing the 

average high school graduation rate.

Another potential violation of consistency concerns the method by which the construct of 

neighborhood quality is changed. Two approaches are typically conceptualized as 

approaches to modifying neighborhood environments: (1) place-focused interventions, often 

called neighborhood revitalization policies, that improve the conditions in disadvantaged 

neighborhoods, and (2) people-focused interventions that help households obtain housing in 

higher quality neighborhoods. This second approach improves neighborhood quality for 

individuals by virtue of a specific household that moves. Housing policy experts recommend 

that both place and people based approaches are necessary to reduce neighborhood 

inequality (43), but specific interventions within each of these approach types may have 

different impacts on the health of neighborhoods. One of the strongest studies for assessing 

the changes of neighborhood and housing context for health is the Moving to Opportunity 

(MTO) study, where volunteer low income households were randomized to receive a 

government housing voucher to subsidize rental costs in private units, compared to in-place 

control groups in public housing. The MTO study demonstrated that receiving a rental 

voucher resulted in substantial improvements of neighborhood context, and strong 

improvements in mental health for low-income predominantly minority female household 

heads and their daughters in the treatment group compared to controls. Treatment effects 

were stronger for those without health vulnerabilities at baseline (44, 45). The randomized 

design often (but not necessarily) means that consistency is met because exposure is specific 

and assigned by the program: study participants were assigned to a specific experimental 

group, with a well defined treatment protocol in each arm. However, more typical of 

observational studies in the field, changes in neighborhood poverty exposure may be 

achieved via any of several mechanisms, including household moves unassisted by a 

mobility policy, neighborhood revitalization, or via neighborhood gentrification. One could 

easily imagine that the health consequences of moving from a high-poverty to a low-poverty 

neighborhood might differ from the health consequences of improvements to the current 

neighborhood. If these modes differ in their effects on health, this suggests a potential 

violation of consistency. Specifying whether neighborhood change is achieved by moving, 

as opposed to by place-based change, would improve inferences and provide better guidance 

to develop interventions.

While neighborhood revitalization is one key mechanism to improve neighborhood quality, 

there are many possible ways to operationalize it. Moreover, in practice, revitalization 

programs often implement multiple simultaneous changes with concentrated place-based 

investment, which influence multiple dimensions of a neighborhood (e.g. transportation, 

housing, economic development). This bundled treatment makes it difficult to meet the 

consistency assumption. Again, narrowing the exposure could help, if such improvements 

were implemented (or able to be evaluated) in isolation. For example, neighborhood 

redesign to adopt smart growth principles of street connectivity to improve walkability, or 

increasing greenspace and vegetation. However, much of this literature fails to manipulate an 

exposure or to isolate a specific exposure (46).
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Notably, neither random assignment, nor manipulability, guarantees consistency because of 

ambiguities in the treatment protocols and bundled treatments. Many social and economic 

policies that have been rigorously designed and evaluated (i.e., via experiments) deliver 

bundled treatments (47). Bundled treatments may be problematic for the consistency 

assumption if particular dimensions of the treatment affect health differently.

Is consistency always important?

Ralph Waldo Emerson wrote “a foolish consistency is the hobgoblin of little minds” (48), 

and we agree that in some settings the consistency assumption is less important. Particularly, 

early in the arc of a research question, it may be important to cast a wide net, examine 

unclearly defined constructs, and try to integrate evidence across studies with measures that 

do not clearly correspond to a specific intervention. Vandenbroucke et al., note that one 

challenge in recent causal inference literature is that one does not necessarily know in 

advance if an intervention is well-specified (i.e., consistent), because we do not know 

exactly how the intervention will work (49). Just as research designs are often more 

vulnerable to confounding or violations of exchangeability when forging new scientific 

territory, initial research designs may also appropriately back-burner consistency with the 

goal of evaluating whether any component of a large set of related but somewhat ill-defined 

constructs influences the outcome. As a research area matures and researchers move towards 

efforts to intervene, however, the consistency assumption must be directly addressed to 

guide intervention development.

Conclusion

We have three recommendations for how social epidemiologists should address the 

consistency assumption in their work. First, studies should be explicit about the assumptions 

of their version of treatment or exposure (k) and draw on both theoretical and empirical 

evidence to identify potentially relevant variations. Second, until results come to light that 

suggest that certain dimensions of the version of treatment (k) do not violate the consistency 

assumption, studies should endeavor to examine exposures with a reduced range of such 

versions. Third, as VanderWeele suggests (16), whenever possible, researchers should 

explicitly test multiple different definitions of an exposure. Although there is not a definitive 

test for the consistency assumption, there are ways to evaluate how plausible it is for a 

specific exposure definition by using data from both within and across studies.

The epidemiologic literature that speaks to the substantive magnitude of differences in effect 

estimates is also useful for thinking about how important it may be to pay closer attention to 

consistency. For example, quantitative comparison of studies has shown that there is a close 

match between trials and observational studies when there is a precisely defined exposure, 

such as a medical treatment (50). When results of randomized trials diverge from 

observational evidence, it may be because studies did not use precisely the same exposure, 

for example in studies of beta-carotene (51-53). Although the exchangeability assumption is 

usually assumed to account for differences between RCTs and observational evidence, 

consistency assumption violations may also play a role.
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Violations of the consistency assumption in social epidemiology may provide another 

explanation for why observational study results are often heterogeneous, in addition to 

differences deriving from the study populations or confounding structures. The call for 

consequential social epidemiology entails more attention to the consistency assumption(54, 

55). Fulfilling the consistency assumption allows for a closer connection between 

observational studies and inferences about actions based on those studies. In practice, this 

aligns with the so-called health in all policies approach (56, 57), a cross-sectoral view of 

how policies shaping social determinants of health outside of the health sector (e.g. in the 

education, housing and/or workforce sectors) can be used to improve health.
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Figure 1. 
56 million £ lottery winners Nigel Page and Justine Laycock. Does a dollar of lottery 

winnings affect their health in the same way as a dollar of income from work?

Rehkopf et al. Page 14

Curr Epidemiol Rep. Author manuscript; available in PMC 2017 March 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. 
Links between possible interventions on education and potential mechanisms affecting 

health. Not all interventions influence the same mechanisms, and it is unknown which 

mechanisms are most important for particular health outcomes.
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