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Social policies have great potential to improve population health and reduce health disparities. Increasingly,
those doing empirical research have sought to quantify the health effects of social policies by exploiting variation
in the timing of policy changes across places. Multiple social policies are often adopted simultaneously or in close
succession in the same locations, creating co-occurrence that must be handled analytically for valid inferences.
Although this is a substantial methodological challenge for researchers aiming to isolate social policy effects,
only in a limited number of studies have researchers systematically considered analytic solutions within a causal
framework or assessed whether these solutions are being adopted. We designated 7 analytic solutions to policy
co-occurrence, including efforts to disentangle individual policy effects and efforts to estimate the combined
effects of co-occurring policies. We used an existing systematic review of social policies and health to evaluate
how often policy co-occurrence is identified as a threat to validity and how often each analytic solution is applied
in practice. Of the 55 studies, only in 17 (31%) did authors report checking for any co-occurring policies, although
in 36 studies (67%), at least 1 approach was used that helps address policy co-occurrence. The most common
approaches were adjusting for measures of co-occurring policies; defining the outcome on subpopulations likely to
be affected by the policy of interest (but not other co-occurring policies); and selecting a less-correlated measure
of policy exposure. As health research increasingly focuses on policy changes, we must systematically assess
policy co-occurrence and apply analytic solutions to strengthen studies on the health effects of social policies.

epidemiologic methods; policy analysis; population health; public policy; research design; social determinants

Abbreviations: EITC, Earned Income Tax Credit; SNAP, Supplemental Nutrition Assistance Program; WIC, Special Supplemental
Nutrition Program for Women, Infants, and Children.

INTRODUCTION

Social policies are promising mechanisms to improve
population health and reduce health disparities. Analyses of
the health effects of social policies routinely leverage policy
changes occurring in 1 or multiple different places at dif-
ferent times, with differences-in-differences or similar study
designs (1). In epidemiology and related fields, empirical
health research using these methods has proliferated rapidly
and yielded important findings (2,3). However, the validity
of this approach is threatened when multiple related policies
are adopted simultaneously or in close succession in the
same jurisdiction. Bundles of related policies with similar

potential health effects are often changed together, creating
co-occurrence that must be addressed analytically for valid
inference. Specifically, analyses that do not account for co-
occurring policies are likely to be confounded, and analy-
ses that incorporate measures of co-occurring policies can
encounter imprecise or unstable estimates and bias resulting
from data sparsity (4, 5).

A rich literature exists on confounding and consequent
data sparsity generally (4, 6–10); however, several aspects of
the policy-co-occurrence problem make it important to con-
sider separately from issues that arise with other exposures.
By nature, policy making may create correlations among
policy variables that are much stronger than those typically
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observed in nonpolicy studies (11–13). Governments may
respond to the desires of their constituents by adopting
multiple related policies simultaneously. For example, a
state that moves to overhaul its social safety net is likely to
change multiple related policies (e.g., income support and
food insecurity benefit generosity) at the same time. The
most promising analytic solutions also may be different.
For example, if a set of policies is always adopted together,
then estimating their combined effect is informative for real-
world decision-making, whereas analyses of the combined
effect of an exposure of interest and closely related con-
founders may be less useful. In addition, some data sparsity
problems can be addressed by increasing sample sizes, but
policy studies are typically based on a small, fixed set of
jurisdictions. Meanwhile, stronger theories or substantive
knowledge about how a specific social policy functions
could guide causal analyses evaluating the health effects of
mediating variables (14). For example, if it is understood
that compulsory schooling laws affect all-cause mortality
by increasing educational attainment for some individuals,
then such laws could serve as an instrument for studying the
effects of changing educational attainment on health (15).
Thus, the policy-co-occurrence problem presents distinct
challenges and possible analytic solutions beyond typical
confounding.

In many policy domains, adopting groups of policies
as a set is common (16). In these cases, researchers can
implement a variety of study designs or statistical strategies
to address potential bias or imprecision resulting from policy
co-occurrence. Among these approaches, an overarching
distinction is whether the approach aims to disentangle
the effects of individual policies or conceptualizes the co-
occurring policies as a group and evaluates their joint effects.
For a given study, either approach may be policy relevant,
depending on whether the goal is to deliver actionable evi-
dence on the effects of a single policy or on the effects of a
set of policies that would likely be adopted together.

To date, most approaches to handling social policy co-
occurrence have been ad hoc. Authors of applied stud-
ies in fields including epidemiology, political science, and
health economics have acknowledged the issue by critiquing
existing studies in which co-occurring policies were not
accounted for or by using specific analytic solutions (17–
22). In methodological work in specific fields such as envi-
ronmental epidemiology, statistics, substance use, political
science, and economics, researchers have also discussed
individual analytic solutions relevant to these domains (5, 6,
9, 23–27). The problem of multicollinearity is widely recog-
nized in econometrics as a threat to causal inference (28–31),
but to our knowledge, none has specifically addressed appli-
cations to research on the health effects of social policies. In
this article, we aimed to address the need for a systematic
assessment of the analytic solutions that are applicable to
research on the health effects of social policies, how often
these solutions are used in practice, and the tradeoffs to
consider when selecting an approach.

This is the second article in a series on the social policy
co-occurrence problem. In our other article in this issue
(16), we demonstrated that co-occurring social policies are
pervasive and that adequate adjustment for co-occurring

policies is likely to substantially reduce the precision of esti-
mated effects. Given this, delineating methods appropriate
for this context is a high priority for the next generation
of research on the health effects of social policies. In the
present article, we describe analytic strategies researchers
have adopted to address social policy co-occurrence with
the goal of attaining valid inferences. We categorized these
approaches on the basis of the type of causal question
they answer (e.g., the effect of an individual policy on a
population subgroup vs. the effect of a bundle of policies
on the overall population). Using the sample of social policy
evaluations we developed previously (16), we measured the
proportion of studies in which authors assessed policy co-
occurrence and the proportion applying each of the different
analytic approaches to account for policy co-occurrence. We
discuss the advantages and disadvantages of each approach
and provide guidance on selecting among them.

METHODS

Identification of social policy studies

We used an existing sample of studies on the health effects
of social policies to review common strategies for addressing
policy co-occurrence. The details of this review are de-
scribed in Part 1 of this article series. Briefly, we selected
a multidisciplinary set of journals that publish health-
related social policy research and are leading journals in
their respective fields (American Journal of Public Health,
American Journal of Epidemiology, Journal of the American
Medical Association, New England Journal of Medicine,
The Lancet, American Journal of Preventive Medicine,
Social Science and Medicine, Health Affairs, Demography,
and American Economic Review). We screened all 6,794
articles published in these journals in 2019 and included all
original, empirical studies in which the authors estimated
the causal effects of 1 or more social policies on health-
related outcomes (n = 55). “Social policies” were defined
as nonmedical, population-based, or targeted policies
adopted at a community or higher level and hypothesized
to affect health or health inequalities via changes in social
or behavioral determinants. We defined “health-related
outcomes” broadly to include morbidity, death, health
conditions, and factors such as smoking, homelessness,
and sales of unhealthy products. Given our focus on social
interventions, we excluded studies that pertained to health
care, health insurance, interventions delivered in the clinical
setting, medications, or medical devices, including studies
of the Affordable Care Act or Medicaid expansion.

Categorization of analytic approaches

Our framework (Table 1) applies to research questions
about the health effects of 1 particular policy (the “index”
policy) in a defined target population. We assumed inves-
tigators identified relevant co-occurring policies that might
confound the index policy.

A priori, we designated 7 categories of analytic approaches
that researchers could adopt in the face of policy co-
occurrence, on the basis of the causal question each method
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Table 1. Types of Analytic Approaches to Address Policy Co-Occurrence and Corresponding Causal Research Questions

Analytic Approach Corresponding Causal Research Question

Effect of individual policy of interest

1. Adjust for co-occurring policies What is the effect of the policy of interest on the health outcome?

2. Restrict the study sample to the region of common support What is the effect of the policy of interest on the health outcome in
the restricted sample?

3. Define the outcome on subpopulations likely to be affected by
the index policy but not other co-occurring policies

What is the effect of the policy of interest on the health outcome in
the subpopulation?

4. Select a less-correlated measure of policy exposure Example: How does a more generous version of the policy of interest
affect the health outcome, compared with a less generous version
of the policy interest?

5. Use formal Bayesian methods What is the best estimate of the effect of the policy of interest on the
health outcome, considering both prior knowledge on policy
effects and the observed data on policies and outcomes?

Combined effects of multiple policies

6. Identify and evaluate the impacts of policy clusters Example: What is the effect of adopting all policies in the cluster vs.
no policies in the cluster on the health outcome?

7. Use an overall policy stringency or generosity score What is the effect of differing levels of overall policy stringency or
generosity on the health outcome?

could answer (Table 1). We identified these approaches by
reviewing multidisciplinary scientific literature on the study
of co-occurring exposures, consulting with experts, and
drawing on methods used in our own fields of research.
We focused on methods that apply to study designs that
leverage policy changes occurring in different places
and different times, including aggregate or multilevel
differences-in-differences and panel fixed effects. We
defined “co-occurring” policies as policies whose adoption
or implementation was correlated in space and time with
an index policy (i.e., places and times with the primary
policy of interest are also likely to have the “co-occurring”
policy or policies) and that likely affected the health outcome
under study. This co-occurrence could be at multiple
jurisdictional levels (e.g., cities within states), although
single-jurisdiction–level studies were the norm.

Approach 1: Adjust for co-occurring policies. If co-
occurrence of related policies with the index policy is not
severe (see our other article in this issue), the researcher
can adjust for measures of the other policies (e.g., by con-
trolling for co-occurring policy measures in a regression).
Under conventional assumptions, the resulting estimand
corresponds to the effect of the index policy on the health
outcome. This approach will often rely on some degree
of model-based extrapolation, because not all possible
combinations of policies actually occur. It is incumbent on
the investigator to confirm that any extrapolation is well
founded in theory or evidence.

As an example, Raifman et al. (32) estimated the effect of
state same-sex marriage laws on adolescent suicide attempts
using a differences-in-differences analysis while controlling
for policies banning sexual orientation–based employment
discrimination. Because co-occurrence between the 2 types
of policies was only moderate, regression adjustment for the
co-occurring was sufficient to isolate the index policy.

Policy co-occurrence will be severe if a co-occurring
policy aligns perfectly or nearly perfectly in place and time
with the policy of interest. After adjusting for co-occurring
policies, there will be insufficient independent variation in
the index policy left to study, giving extremely imprecise
estimates. The only analytic solutions are based on modi-
fying the research question. Approaches 2–7 involve such
alternative research questions and corresponding analytic
approaches to assessing the impact of the index policy.

Approach 2: Restrict the study sample to the region of
common support. The issue of policy co-occurrence can
be conceptualized as a form of strong confounding of the
index policy by the other co-occurring policies. This con-
founding and consequent data sparsity result in a lack of
common support in the data, also known as a violation
of the positivity assumption (4). Positivity violations occur
when some confounder strata do not have variation in the
exposure—for example, because the confounding policy and
index policy are always adopted as a set. This situation can
be resolved by restricting the analysis to the confounder
strata for which there is variation in the index policy (i.e.,
the data region of “common support”). Similar to approach
1, this approach usually involves adjusting for co-occurring
policies, but here, extrapolation is avoided by restricting the
study sample. This approach changes the target population
so the corresponding causal question refers to the effect
of the index policy on the health outcome in the restricted
sample, and results are only generalizable to the population
represented by the restricted sample. In the extreme, if an
index policy and co-occurring policy are always adopted as
set, then there may be no region of common support, and
alternative approaches must be considered (e.g., evaluating
the combined impacts of a bundle of policies).

One way to implement this approach is to restrict the
study sample to a subpopulation for whom exposure to the
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nonindex co-occurring policies does not vary. If policies
that might confound the association of interest do not vary
within a particular study population, then they cannot cause
confounding. For example, many households are eligible for
multiple social welfare programs, including the Supplemen-
tal Nutrition Assistance Program (SNAP) and the Special
Supplemental Nutrition Program for Women, Infants, and
Children (WIC). This makes it difficult to disentangle pro-
gram effects. Liu et al. (33) addressed this co-occurrence by
studying outcomes for dual beneficiaries of SNAP and WIC
versus WIC alone. Those without WIC could be considered
“off support” and are excluded, so all study participants
are WIC beneficiaries. This approach changes the target
population, so the corresponding causal question refers to
the effect of the index policy (e.g., SNAP) on the health
outcome in the restricted sample (e.g., WIC beneficiaries),
and results generalize to the population represented by the
restricted sample.

When there are many confounder strata, an accessible way
to assess positivity and identify the region of common sup-
port is using propensity scores. In the context of assessing
policy impacts, the propensity score (34) is the probability
of adopting the index policy, given the confounding policies.
Units that are “on support” are those with propensity scores
within the range of observed propensity scores both for units
adopting the index policy and for units not adopting the
index policy. A wide variety of matching and weighting
methods involve using propensity scores to identify and
restrict to the region of common support (8, 35). Numer-
ous variations on this restriction have also been proposed,
including restricting to units with propensity scores within
a prespecified range (e.g., 0.1–0.9) or dynamic optimization
procedures for selecting propensity score cutoffs (4, 6, 7).

An alternative approach to using propensity scores is to
directly restrict the sample on the basis of the distribution
of the co-occurring policies themselves. Several approaches
have been proposed, including restricting to units inside the
convex hull of the covariate space defined by the secondary
policies (9, 36), restricting to a sufficiently data-dense, rect-
angular region of the covariate space defined by the co-
occurring policies (37–39), or tree-based methods (e.g., see
Chipman et al. (40)). These approaches are less common, but
most can be readily implemented using existing software.
In all cases, assessing the region of common support helps
ensure that estimates are not relying on extrapolation to
policy combinations that are never observed. The restricted
study population should be well defined so that the investiga-
tor can transparently describe the places and times to which
the results apply (37).

Chang et al. (41) applied this approach to study the impacts
of prescription drug–monitoring programs and so-called
pill-mill laws using a comparative interrupted time-series
analysis. Rather than using all states in the analysis, some
of which implemented other opioid policy changes in con-
cert with prescription drug–monitoring programs or pill-
mill laws, the authors restricted their analysis to Florida,
which adopted prescription drug–monitoring program and
pill-mill laws, and Georgia, which had a similar policy
profile to Florida but did not implement the index policies
during the study period. The authors determined that the

combination of prescription drug–monitoring programs and
pill-mill laws were associated with reductions in high-risk
opioid prescribing for the Florida population.

Approach 3: Define the outcome on subpopulations likely to
be affected by the index policy but not other co-occurring
policies. Identifying health effects that are specific to the
index policy can be achieved by changing the outcome
measure to one that is both closely aligned with the index
policy and unlikely to be affected by other co-occurring poli-
cies. In particular, if the outcome is focused on a particular
population subgroup (e.g., defined by age, gender, place, or
time) that is likely to be most affected by the index policy
and unlikely to be affected by other co-occurring policy
changes, study results can provide pointers to the impacts
of the individual policy.

For example, changes in state Earned Income Tax Credit
(EITC) policies have often co-occurred with other changes
in other social welfare policies such as SNAP (42). Rehkopf
et al. (43) took advantage of the fact that EITC cash ben-
efits are typically delivered in February, March, and April,
whereas other benefits do not have the same seasonal dis-
persal pattern, to examine the association of EITC policies
with health. They used a differences-in-differences approach
to compared health outcomes that can change monthly (e.g.,
health behaviors, cardiovascular and metabolic biomarkers)
for EITC-eligible versus noneligible individuals in months
of income supplementation versus nonsupplementation. The
authors thus were able to measure some potential short-term
health impacts of EITC independent of other social welfare
policies that do not have this seasonality.

This approach can be strengthened further by incorporat-
ing falsification tests or negative control analyses. Rehkopf
et al. (43) strengthened their findings by confirming that
treating non-EITC transfer months as “treated” months pro-
duced null findings and by confirming null associations for
outcomes that do not change monthly.

Approach 4: Select a less-correlated measure of policy
exposure. Studies that use binary (0 or 1) characteriza-
tions of policy adoption are widespread in studies of the
health impacts of social policies. However, more detailed
characterizations of individual policies (e.g., the amount of
funding allocated, benefit generosity, participation rate, or
population reach of a program; the size of a tax; or the
number of years a policy has been in place) can deliver policy
measures that are less correlated with other related policies
or opportunities to examine dose–response effects among
jurisdictions adopting a policy. For example, adoption of
more generous unemployment benefits, in terms of dollar
amounts and durations for different types of households,
tend to change in tandem with other worker protection and
leave policies, but researchers have effectively disentangled
effects of unemployment benefits by using continuous mea-
sures of maximum allowable unemployment benefit levels
across states (44, 45). Similar approaches have been taken
when studying the effects of alcohol taxes (46, 47), tobacco
taxes (48), and EITC benefit generosity (49, 50).

One useful modification to this approach is to study factors
that may specifically mediate the relationship between the
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index policy and the health outcomes. For example, Matthay
et al. (51) generated evidence on the impacts of policies
regulating gun shows by examining the impacts of gun-show
events themselves on firearm-related injuries in differing
policy environments. Similarly, the impacts of medical
marijuana provisions allowing supply through dispensaries
(as opposed to home cultivation) can be quantified by
studying the direct effects of dispensaries on health (52, 53).

Studying mediators may also offer the opportunity to
identify policy effects via the Front Door Criterion (14), a
rarely used alternative to confounder-control or instrument-
based methods (3). If all the pathways by which the index
policy affects the outcome can be measured, and there are no
unmeasured confounders of the index policy-mediator rela-
tionship or of mediator-outcome relationship (conditional
on the index policy), then the effect of the index policy on
the outcome can be identified without measuring the co-
occurring policies. For example, Bellemare et al. (54) used
the Front Door Criterion to estimate the effect of authorizing
Uber and Lyft ride sharing with strangers on tipping drivers.
They proposed that the only way in which sharing autho-
rization affects tipping is whether a ride is actually shared
(the mediator). This mediator is used as a tool to estimate
the effect of sharing authorization while circumventing con-
founders of sharing authorization such as rider experience,
mood, and social preferences. Although applications of the
Front Door Criterion remain rare, a similar approach could
be applied to social policy evaluations.

Approach 5: Use formal Bayesian methods. Bayesian
methods can be used to integrate information gleaned
from other approaches to addressing policy co-occurrence.
Bayesian methods can also be used as a way to treat
estimation problems arising from policy co-occurrence
without linking to other approaches we have mentioned.
Several approaches to addressing policy co-occurrence
depend on incorporating prior knowledge about the policies,
determinants of the outcome, or hypothesized mechanisms
of effect. For example, researchers may apply judgments
about which policies affect the outcome or modify other
policy processes. These insights can guide decisions about
which policies need to be controlled and how. Bayesian
methods offer a formal statistical method to incorporate
prior knowledge about the plausible effects of the co-
occurring and index policies, and to combine these with
newly gathered empirical data.

When used alone, Bayesian methods can help address
estimation issues and recover precision when highly co-
occurring policies lead to convergence problems or impre-
cision. In particular, Bayesian approaches can stabilize
estimates (i.e., address data sparsity-related problems of
imprecision and sensitivity to different model specifications
and influential data points) by constraining the effect
sizes or interaction effects among policies and “shrinking”
coefficients toward the specified prior distributions (21).
This can be done without changing the set of adjustment
variables, without restricting the study sample, and without
changing the exposure or outcome measure. This approach
is common in the environmental epidemiology literature as

way to study multiple co-occurring exposures, such as air
pollutants (5, 25).

Harper (55) used a Bayesian differences-in-differences
approach to estimate the effects of adopting stronger
enforcement of state seat belt laws on motor vehicle crash
deaths. Because other road-safety policies may also affect
motor vehicle crash deaths and change in tandem with
seat belt enforcement policies, Harper also adjusted for
laws controlling maximum speed limits, blood alcohol–
concentration limits, graduated driver’s license programs,
and annual state policy per capita as a proxy for traffic
safety enforcement. Because these variables are correlated
across states and years with each other and with seat belt
enforcement policies, adjusting for them in a frequentist
analysis reduces the precision of the estimated effect of
interest—a major problem resulting from co-occurring
policies. Harper enhanced precision by applying a Bayesian
approach, incorporating existing evidence about the effects
of seat belt laws into the statistical estimation of the effect
of seat belt enforcement policies.

Approach 6: Identify and evaluate the impacts of policy
clusters. If a set of policies is typically adopted as a group,
the effect of the combined set of policies may be the most
pertinent parameter to estimate. By conceptualizing policy
clusters as the exposure of interest, the investigator can pre-
serve the original target population and outcome measure.
For example, if 2 or more policies are highly co-occurring,
it may be possible to estimate their combined impact (e.g.,
comparing health outcomes if both policies were adopted
vs. if neither policy were adopted) (56). Policy clusters can
be defined on the basis of substantive or policy-making
considerations; this is useful if decision makers are con-
sidering adopting a set of policies. Alternatively, numerous
data-driven clustering algorithms are applicable. Clusters or
categories are defined on the basis of how frequently policies
co-occur (i.e., the extent to which policies co-occur in the
same place and time). Methods include hierarchical cluster
analysis, latent class analysis, or principal components anal-
ysis (5, 57, 58). Clusters might also be defined on the basis of
the strength of the relationship with the outcome (e.g., using
supervised principal components analysis) (5, 25). No single
algorithm is considered optimal for all settings (5, 25).

Among data-driven algorithms, it is common to distin-
guish between variable-centered methods that group similar
policy variables (e.g., principal components analysis) and
person-centered methods that group similar observations
(e.g., latent class analysis). The underlying mechanics of
variable-centered and person-centered approaches are dis-
tinct, but both approaches ultimately result in a small set of
variables that summarize the policies to which each observa-
tion is exposed. This smaller set of variables is then used to
assess health impacts. Erickson et al. (59) used latent class
analysis to classify states on the basis of their position on 18
alcohol-control policies. The analysis categorized each state
into 1 of 4 unordered groups, which the authors interpreted
as follows: weak except serving policies; average; strong
for underage use; and strong policies overall. State policy
category was then associated with levels of past-month
alcohol consumption.
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Approach 7: Use an overall policy stringency or generosity
score. If the investigator is interested the effects of the
overall policy environment on health, 1 method is to use a
summary score of the stringency or generosity of a set of
policies. In comparison with approach 6, this approach sim-
ilarly involves reducing many policy variables to a few, but
it typically focuses on creating an order along a predefined
unidimensional scale, such as stringency. In contrast, policy
clusters are usually unordered and defined on the basis of the
covariation among the policy measures themselves without
regard for underlying characterizations such as stringency,
although such characterizations may be applied after the fact
when interpreting or describing the clusters. This approach
also differs from approach 4, in which one might character-
ize a single policy on a continuous scale to help disentangle
the effects of that policy from other policies, because here
we characterize a collection of policies with respect to their
likely combined impact.

A simple way to apply this approach is to sum the number
of policies in the set that apply in each place and time.
Policies must be coded in the same direction so the presence
of more policies indicates greater restrictiveness, or vice
versa. This method is easy to operationalize, but it implies
that all policies carry equal weight and are interchangeable
in achieving health effects.

A more sophisticated application is to weight policies on
the basis of existing evidence or expert opinion about the
strength of the relationship with the outcome. This may be
based on efficacy, restrictiveness, implementation, enforce-
ment, enforceability, reach, or other metrics. Investigators
have applied this approach in literature on firearm policy
(60, 61), alcohol policy (19, 62–64), and marijuana policy
(65, 66). Although there are infinite ways a set of policies
can be ranked or weighted, using systematic methods can
enhance rigor and replicability. For example, the Delphi
technique is a structured communication approach to elicit
consensus from a panel of experts and can be used to rank
or score policies on the basis of stringency or effectiveness
(67, 68). Assigned weights are typically outcome specific;
for example, weighting state alcohol policies with different
levels of effectiveness for binge drinking versus impaired
driving and for adults versus youth (19, 62). Investigators
can also explore different methods of weighting in sensitiv-
ity analyses (62).

Data extraction and analysis

For each social policy study, we reviewed the full text. Our
main focus was on the primary analytic specification, which
we understood to be the authors’ leading approach to esti-
mate the effect of the social policy for the health outcome(s)
of interest. We also reviewed any sensitivity analyses
reported in the main text. We assessed 1) the overall analytic
approach (e.g., differences-in-differences); 2) whether the
authors reported checking for any co-occurring policies
related to the health outcome of interest that might pose
a threat to validity; 3) the authors’ determination of whether
any co-occurring policies did, in fact, threaten validity
(e.g., based on their analysis or prior literature); 4) whether

there was any other indication that co-occurring policies
exist for the study’s application (e.g., a co-occurring policy
mentioned in the limitations); 5) if policy co-occurrence was
identified as at threat, what analytic strategy the authors used
to address it; and 6) any other aspects of the analytic strategy
that may help address co-occurring policies, whether they
were identified as a threat or not. We also documented
whether study authors used any approaches to address policy
co-occurrence not identified a priori. We then tabulated these
characteristics.

RESULTS

We assessed 55 studies of social policies encompass-
ing diverse topics, countries, and jurisdictional levels (69–
124) (Web Table 1) (available at https://doi.org/10.1093/aje/
mxab005). Studies included, for example, a comparative
interrupted time-series evaluation of the impacts of low-
ering the blood-alcohol concentration limit for drivers on
road-traffic accidents in Scotland (72) and a differences-
in-differences analysis of the effects of state-paid family-
leave policies on breastfeeding (97). The most common
domains were poverty and social welfare policies such as
the SNAP (n = 14 studies); food and beverage policies
such as sugar-sweetened–beverage taxes (n = 6 studies);
firearm restrictions (n = 5 studies); unemployment, sick
leave, and pension benefit policies (n = 4 studies); tobacco
control (n = 4 studies); alcohol control (n = 4 studies); and
immigration (n = 4 studies).

Figure 1 presents a flowchart of the included studies,
broken down by whether the authors evaluated policy
co-occurrence and used techniques to address policy co-
occurrence. Of the 55 studies, 4 involved methods for
which assessing policy co-occurrence was not relevant: One
involved a national policy with randomized rollout across
village clusters, and for 3 others, the primary research ques-
tion was about the overall policy environment, and authors
used policy stringency scores. Of the remaining 51 studies,
only for 17 did authors report checking for at least 1 co-
occurring policy. Of these 17, at least 1 co-occurring policy
was identified in 10 studies, and in 7, findings suggested
that no co-occurring policies of concern were mentioned.
For example, in a study of state texting-while-driving bans
and traffic injuries, the authors acknowledged that admin-
istrative license suspension, speed limits, seat belt require-
ments, and graduated driver licensing laws had also changed
over the study period and might have affected traffic injuries;
therefore, the authors controlled for measures of these
policies in their differences-in-differences analysis (111).
In contrast, in a study of the effects of tuition-free primary
education on access to family planning and health decision-
making, researchers evaluated potentially co-occurring paid
family-leave policies (85); they determined that these poli-
cies did not substantially co-occur with tuition-free primary
education but acknowledged there may be other unmeasured
co-occurring policies. Of the 34 studies that did not report
checking for at least 1 co-occurring policy, 5 had some other
indication that policy co-occurrence may be a threat.
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Social Policy 
Studies 
(n = 55)

Studies of 
Nonrandomized 
Single Policies        

(n = 51)

Policy Co-Occurrence Addressed By Design (n = 4) 

Randomized rollout (n = 1)
Exposure as overall policy environment (n = 3)

Did Not Report 
Checking for Any 

Co-Occurring Policies 
(n = 34)

Reported Checking for 
at Least 1 

Co-Occurring Policy 
(n = 17)

Identified at 
Least 1 Co-
Occurring 

Policy 
(n = 10)

No 
Co-Occurring 

Policies 
Identified 

(n = 7)

Used at Least 1 
Approach That 

Addresses Policy 
Co-Occurrence 

(n = 9)

No Approach Used 
to Address Policy 
Co-Occurrence 

(n = 1)

Used at Least 1 
Approach That 

Addresses Policy 
Co-Occurrence 

(n = 21)

No Approach Used 
to Address Policy 
Co-Occurrence 

(n = 13)

Used at Least 1 
Approach That 

Addresses Policy 
Co-Occurrence 

(n = 2)

No Approach Used 
to Address Policy 
Co-Occurrence 

(n = 5)

Figure 1. Flowchart of included social policy studies by evaluation of policy co-occurrence and use of techniques to address policy co-
occurrence.

Table 2 summarizes the analytic methods used in each
study, irrespective of whether the authors checked for co-
occurring policies. Overall, in 36 of the 55 studies (65%),
at least 1 approach was incorporated that addressed policy
co-occurrence. Among studies in which at least 1 approach
was used, the most common approaches were adjusting for
co-occurring policies (n = 18 studies; 50%); defining the
outcome on subpopulations likely to be affected by the index
policy, but not other co-occurring policies (n = 14 studies;
39%); and selecting a less-correlated measure of policy
exposure (n = 7 studies; 19%). Twelve (33%) used more than
1 approach. None used formal Bayesian methods. No co-
occurring policies were reported for 2 studies but, without
naming co-occurring policies as the motivation, nonethe-
less, at least 1 approach was applied that helps address co-
occurring policies (Figure 1).

Researchers used a range of designs, the most common
being differences-in-differences (n = 12 studies), before-
after (e.g., t tests or interrupted time series; n = 9 studies),
and other regression approaches without place-specific
controls (hereafter, “other regression approaches”; e.g.,
multilevel regression of an overall policy stringency score
on an individual-level health outcome without fixed effects;
n = 7 studies) (Table 2). Studies in which differences-

in-differences, panel fixed effects, or other regression
approaches were used were more likely to involve at least 1
approach to address policy co-occurrence than were studies
in which before-after designs were used.

Of the 10 studies in which authors explicitly reported
identifying 1 or more co-occurring policies, an attempt was
made in 9 to address it (Figure 1). Of the 41 studies in which
policy co-occurrence was not checked or identified, at least 1
technique that helps address policy co-occurrence was used
nonetheless. For several studies, researchers used multiple
approaches in the same analysis. For example, in a study of
the effects of losing SNAP benefits, researchers controlled
for participation in WIC and Temporary Assistance for
Needy Families program (approach 1), excluded those with
potential concurrent benefit changes in Supplemental Secu-
rity Income (approach 2); and compared outcomes among
SNAP participants who lost benefits to similar individuals
with continuous benefits (approach 3) (94).

DISCUSSION

Co-occurring policies are common and can threaten the
validity of studies of the health effects of social policies. In
this review article, we have described 7 analytic approaches

Epidemiol Rev. 2021;43:33–47
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to address policy co-occurrence. The approaches are used
either to seek to disentangle the effects of individual policies
or to estimate the combined effects of clusters of poli-
cies. Using a sample of contemporary studies on the health
effects of social policies, we found that potential policy co-
occurrence is frequently unidentified and unaddressed: In
only 33% of studies did authors report checking for policy
co-occurrence as a potential threat to validity, and in only
65% was any approach incorporated that helps address pol-
icy co-occurrence, regardless of whether the authors checked
for policy co-occurrence. Several studies that estimated the
individual effect of the index policy used multiple, possibly
complementary approaches to address co-occurrence in the
same analysis; this may further enhance validity, although it
is not guaranteed.

In future applied studies, systematically evaluating and
reporting on policy co-occurrence would facilitate the eval-
uation of validity and interpretation of findings. In many
of the studies we reviewed (35%), authors did not report
any approach to address policy co-occurrence; they may
not have considered it or may have checked for it but
not reported their assessment, particularly if it was not
found to be a concern. However, because failure to address
policy co-occurrence (if it exists) poses a major threat to
validity, readers need to understand if the authors believe
that no policy co-occurrence exists or if they believe it has
been addressed (and if so, through what analytic strategies).
Stringent word limits imposed by many medical and public
health journals preclude articles in which authors present full
analytic exploration of issues, such as policy co-occurrence.
An openness to incorporating such discussions, at least in
appendices, would enhance the rigor and interpretability of
social policy studies.

We assessed whether the studies in our sample checked
for any co-occurring policies, but ideally, researchers would
evaluate all policies and related social, economic, and polit-
ical phenomena that co-occur with the index policy and
that could affect the health outcome of interest. This is a
formidable task, especially given that innumerable policies
are continuously being passed at all levels of government,
that databases measuring relevant policies often do not exist,
or that the policies that may affect an outcome are not fully
understood. Policy libraries such as the University of Ken-
tucky Center for Poverty Research state welfare database
(42), the Policy Surveillance Program at Temple University
(http://lawatlas.org/), and the University of Iowa State Policy
Innovation and Diffusion Database (125) are increasingly
valuable resources, but they are burdensome to develop
and maintain and require infrastructure support. Substantial,
regular support for policy surveillance as well as scien-
tific endeavors to link and harmonize large administrative
data sets would support these efforts (126–128). Given that
diverse policies across numerous disciplines are likely to
affect health, interdisciplinary collaboration is also essential
to these efforts.

Tradeoffs between different approaches

In this report, we described how approaches to address
policy co-occurrence have been used practice; a logical next

question is which approaches are best suited for different
circumstances. The preferred approach to address policy co-
occurrence should be driven by the target causal question
(129). Investigators should select the approach that best
answers their causal question while achieving sufficient
accuracy and precision (e.g., based on likely sources of
bias and evidence on the precision of different estimators).
If an unbiased, precise estimate can be derived with sim-
ple adjustment for measures of the co-occurring policies
(approach 1), this option will often be preferable, because
it does not change the target causal question or study pop-
ulation. However, if the target causal question is deemed
unanswerable because of severe policy co-occurrence, a
different analytic approach, potentially corresponding with
a modified causal question, is necessary (129). More severe
policy co-occurrence may necessitate larger departures from
the original causal question. The extent to which alterna-
tive approaches change the causal question depends on the
application (e.g., whether restricting the study sample to the
region of common support involves dropping many units or
only a few); Web Figure 1 shows an approximate ordering.

Table 3 summarizes tradeoffs of different approaches to
addressing policy co-occurrence. Overall, approaches that
preserve estimates of the independent effect of the index pol-
icy may be particularly useful for decision makers compar-
ing specific policy options. However, these approaches
generally sacrifice some aspect of generalizability by restrict-
ing the analysis to certain populations, subgroups, outcomes,
or periods for which policy effects can be estimated. Results,
therefore, may serve as markers of policy impacts rather than
as measures of overall impact. Estimating the combined
effects of a group of co-occurring policies sacrifices
estimates of the independent effects of the index policy but
preserves generalizability to the original target population,
outcomes, and period under study. The preferred approach
depends both on what options are viable (i.e., unconfounded,
sufficient precision) and which causal question is of greatest
interest. For example, if certain combinations of policies are
always adopted together, then their independent effects may
be neither estimable nor of interest.

Among the individual approaches, key considerations
include the circumstances in which the approach is feasible
(e.g., controlling for co-occurring policies is not possible if
policy co-occurrence is severe), the availability of evidence
to support making analytic decisions (e.g., on how to use
propensity scores, select weighting schemes for policy
scores, or choose a clustering method), the extent to which
the approach provides evidence that is relevant to the original
causal question, ease of implementation, available data and
measures, and interpretability of the results (see Table 3 for
details). All the approaches discussed here can also be used
to evaluate whether policy co-occurrence is a concern by
comparing results of analyses that do not account for policy
co-occurrence with results from analyses that do. Although
none of these approaches will answer identical research
questions, findings should generally align and comparison
across methods can serve as a robustness check.

For all the approaches, we note 2 important limitations.
First, none of the 7 approaches discussed here are guar-
anteed to resolve the analytic challenges presented by
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Table 3. Advantages and Disadvantages of Alternative Approaches to Address Policy Co-Occurrence in Studies of the Health Effects of Social
Policies

Approach Advantages Disadvantages

Approaches involving
disentangling the effects of
individual policies

Results are informative for decision makers
interested in whether to adopt the index policy
of interest.

Most approaches require sacrificing some
aspect of generalizability by restricting the
analysis to certain populations, subgroups,
outcomes, or periods for which policy
effects can be estimated.

1. Adjust for co-occurring
policies

Does not require changing the original research
question

Only works if policy co-occurrence is not
severe (e.g., no perfectly aligned policies;
sufficient statistical power and independent
variation in index policy of interest after
controlling for co-occurring policies)

2. Restrict the study sample to
the region of common
support

Must be able to identify the region of common
support; propensity scores are most common
but must be correctly estimated. Supported by
a large body of literature on using propensity
scores for analyzing policy effects. Helps
ensure estimates do not rely on extrapolation
to policy combinations that are never observed

Reduces sample size; can harm statistical
power; restricts the population to whom the
results generalize. If using propensity
scores, they must be correctly estimated.

3. Define the outcome on
subpopulations likely to be
affected by the index
policy but not other
co-occurring policies

Can isolate individual policy effects in the face
of severe policy co-occurrence. Encourages
drilling down on the times, places, and people
that are most affected or of greatest interest

Policy-specific outcomes must exist, be
correctly identified (based on existing
evidence or theory), and be relevant to the
research question of interest. Can inhibit
direct comparison of effect estimates from
policy alternatives using uniform methods
and measures of association. Assumes no
spillover effects of the index policy on any
comparison or control groups deemed
“unaffected” by the index policy

4. Select a less-correlated
measure of policy
exposure

Can isolate individual policy effects in the face
of severe policy co-occurrence. Encourages
drilling down on the hypothesized
mechanisms and policy aspects that are most
affected or of greatest interest

Policy-specific exposures must exist, be
correctly identified (based on existing
evidence or theory), and be relevant to the
research question of interest. Can inhibit
direct comparison of effect estimates from
policy alternatives using uniform methods
and measures of association

5. Use formal Bayesian
methods

Can solve estimation problems without
sacrificing the ability to study individual policy
effects in the original target population

Does not solve fundamental lack of support
in the data. May still rely on extrapolation.
Often computationally intensive. Methods
and format of results are less familiar to
some audiences.

Approaches involving estimating
the combined effects of
clusters of policies

Preserves generalizability of the original target
population, outcomes, and period under study.
May answer the most policy-relevant question
if certain bundles of policies are always
adopted together

Does not produce estimates of individual
policy effects; cannot distinguish which
policies in a cluster are driving health
effects

6. Identify and evaluate the
impacts of policy
clusters

Can provide useful estimates of the combined
impacts of realistic policy combinations

No consensus on optimal methods to identify
policy clusters or optimal criteria for
selecting a final set of clusters (particularly
concerning if effect estimates are sensitive
to the choice of clustering) (58). Results
can be challenging to interpret when the
summary policy measures are weighted
combinations of policy variables, as in PCA
or factor analysis, or if the clustering
algorithm produces many distinct clusters
that are difficult to define or interpret.

Table continues

Epidemiol Rev. 2021;43:33–47
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Table 3. Continued

Approach Advantages Disadvantages

7. Use an overall policy
stringency or generosity
score

Summarizes the effect of the overall policy
environment. May be the only viable option in
the face of severe policy co-occurrence

Developing weighting schemes can be time
consuming and subjective. Results can be
sensitive to the choice of score, score
weighting, or score components, unless
using data-driven weighting schemes
based on the strength of the relationship
with the outcome. Implies that 2 policies
are interchangeable in their effects if
adopting one or the other results in the
same numeric change in the score
(possibly unrealistic)

Abbreviation: PCA, principal components analysis.

co-occurring policies. For example, 1 approach might isolate
the effects of the primary policy of interest from some co-
occurring policies but not others; another approach might
help reduce problems of statistical power arising from policy
co-occurrence for 1 outcome of interest but not another.
Second, all the approaches rely on accurate measurement of
all of the relevant policies. Missing or mismeasured policies
may lead to bias. Careful attention to the structure and
potential impact of measurement error, along with analytic
tools such as quantitative bias analysis, can enhance validity
(130).

Limitations

The 7 approaches we have presented are not an exhaustive
list of all analytic solutions that could be applied to address
policy co-occurrence and many suboptions exist. However,
we did not encounter any other method that addresses policy
co-occurrence in our sample of studies. In addition, this
study is based on a systematically gathered set of exemplar
studies of the health effects of social policies; a compre-
hensive review of all studies of the health effects of social
policies would be valuable for future research (e.g., to char-
acterize patterns of methods use across journals and disci-
plines, and to assess whether studies are trending toward
more rigorous approaches over time). Finally, as with all
studies, there may be some misclassification. In particular,
if an analytic approach was applied but not identified as
being for the purpose of addressing co-occurring policies
(or an analogous problem under any other name), we may
have missed it.

CONCLUSIONS

Policy co-occurrence plagues most research on the health
effects of social policies. In combination with Part 1 of this
articles series, which illustrated how to assess the pervasive-
ness and consequences of policy co-occurrence, we offer
guidance in this review on how to address this challenge.
Although randomization of policy rollouts can best estimate
the causal effects of social policies, when not available,

other methods, nonetheless, can indicate causality. These
other methods demand careful selection of the research
question and analytic approach and, guided by deep sub-
stantive knowledge and creativity, can help overcome policy
co-occurrence and deliver stronger evidence on the health
effects of social policies.

ACKNOWLEDGMENTS

Author affiliations: Center for Health and Community ,
School of Medicine, University of California, San
Francisco, San Francisco, California, United States
(Ellicott C. Matthay, Laura M. Gottlieb, May Lynn Tan, M.
Maria Glymour); Department of Epidemiology and
Population Health, Stanford School of Medicine, Palo Alto,
California, United States (David Rehkopf); and Yale
School of Nursing, Yale University , New Haven,
Connecticut, United States (David Vlahov).

This work was supported by the Evidence for Action
program of the Robert Wood Johnson Foundation and the
National Institute on Alcohol Abuse and Alcoholism (grant
K99 AA028256).

The data in this review were derived from the published,
publicly available research studies and are available in Web
Table 1.

The analyses, interpretations, and conclusions of this
article are attributable to the authors and not to the funders
of this work.

Conflict of interest: none declared.

REFERENCES

1. Angrist JD, Pischke J-S. Mostly Harmless Econometrics: An
Empiricist’s Companion. Princeton, NJ: Princeton
University Press; 2008.

2. Kaufman J. Chapter 26: Social epidemiology. In: Rothman
KJ, Greenland S, and Lash T, eds. Modern Epidemiology.
Philadelphia, PA: Lippincott Williams & Wilkins; 2008:
532–548.

Epidemiol Rev. 2021;43:33–47



44 Matthay et al.

3. Matthay EC, Hagan E, Gottlieb LM, et al. Alternative causal
inference methods in population health research: evaluating
tradeoffs and triangulating evidence. SSM Popul Health.
2020;10:100526.

4. Petersen ML, Porter KE, Gruber S, et al. Diagnosing and
responding to violations in the positivity assumption. Stat
Methods Med Res. 2012;21(1):31–54.

5. Stafoggia M, Breitner S, Hampel R, et al. Statistical
approaches to address multi-pollutant mixtures and multiple
exposures: the state of the science. Curr Environ Health
Rep. 2017;4(4):481–490.

6. Crump RK, Hotz VJ, Imbens GW, et al. Moving the
goalposts: addressing limited overlap in the estimation of
average treatment effects by changing the estimand.
Cambridge, MA: National Bureau of Economic Research;
2006. Technical Working Paper No. 330.

7. Crump RK, Hotz VJ, Imbens GW, et al. Dealing with
limited overlap in estimation of average treatment effects.
Biometrika. 2009;96(1):187–199.

8. Ho DE, Imai K, King G, et al. Matching as nonparametric
preprocessing for reducing model dependence in parametric
causal inference. Political Anal. 2007;15(3):199–236.

9. King G, Zeng L. The dangers of extreme counterfactuals.
Political Anal. 2006;14(2):131–159.

10. Dehejia RH, Wahba S. Causal effects in nonexperimental
studies: reevaluating the evaluation of training programs.
J Am Stat Assoc. 1999;94(448):1053–1062.

11. Stone DA. Policy Paradox: The Art of Political Decision
Making. 3rd ed. New York, NY: W. W. Norton & Company;
2011.

12. Cohen J. Statistical Power Analysis for the Behavioral
Sciences. 2nd ed. Hillsdale, NJ: Lawrence Erlbaum
Associates; 1988.

13. Matthay EC, Hagan E, Gottlieb LM, et al. Powering
population health research: considerations for plausible and
actionable effect sizes. SSM Popul Health. 2021;14:
100789.

14. Pearl J. Causality. Cambridge, UK: Cambridge University
Press; 2009: 486 p.

15. Hamad R, Elser H, Tran DC, et al. How and why studies
disagree about the effects of education on health: a
systematic review and meta-analysis of studies of
compulsory schooling laws. Soc Sci Med. 2018;212:
168–178.

16. Matthay EC, Hagan E, Joshi S, et al. The revolution will be
hard to evaluate: how co-occurring policy changes affect
research on the health effects of social policies. Epidemiol
Rev. 2021;43:19–32.

17. RAND Corporation. The Science of Gun Policy: A Critical
Synthesis of Research Evidence on the Effects of Gun
Policies in the United States. Santa Monica, CA: RAND
Corporation; 2018.

18. Vandoros S. Invited commentary: Association between
Florida’s opioid crackdown and opioid-related mortality: the
role of economic factors and mortality misclassification. Am
J Epidemiol. 2020;189(9):894–897.

19. Nelson TF, Xuan Z, Babor TF, et al. Efficacy and the
strength of evidence of U.S alcohol control policies. Am J
Prev Med. 2013;45(1):19–28.

20. Dench D, Joyce T. The earned income tax credit and infant
health revisited. Health Econ. 2020;29(1):72–84.

21. MacLehose RF, Dunson DB, Herring AH, et al. Bayesian
methods for highly correlated exposure data. Epidemiology.
2007;18(2):199–207.

22. Ahern J, Cerdá M, Lippman SA, et al. Navigating
non-positivity in neighbourhood studies: an analysis of

collective efficacy and violence. J Epidemiol Community
Health. 2013;67(2):159–165.

23. Kleinberg J, Ludwig J, Mullainathan S, et al. Prediction
policy problems. Am Econ Rev. 2015;105(5):491–495.

24. Schuler MS, Griffin BA, Cerdá M, et al. Methodological
challenges and proposed solutions for evaluating opioid
policy effectiveness. Health Serv Outcomes Res Methodol.
2021;21(1):21–41.

25. Taylor KW, Joubert BR, Braun JM, et al. Statistical
approaches for assessing health effects of environmental
chemical mixtures in epidemiology: lessons from an
innovative workshop. Environ Health Perspect. 2016;
124(12):A227–A229.

26. Lazarevic N, Barnett AG, Sly Peter D, et al. Statistical
methodology in studies of prenatal exposure to mixtures of
endocrine-disrupting chemicals: a review of existing
approaches and new alternatives. Environ Health Perspect.
2019;127(2):26001.

27. Wang J, He X, Xu G. Debiased inference on treatment effect
in a high-dimensional model. J Am Stat Assoc. 2020;
115(529):442–454.

28. Imbens GW, Wooldridge JM. Recent developments in the
econometrics of program evaluation. J Econ Lit. 2009;47(1):
5–86.

29. Heckman JJ, Vytlacil EJ. Chapter 70. Econometric
evaluation of social programs, part I: causal models,
structural models and econometric policy evaluation. In:
Heckman JJ, Leamer EE, eds. Handbook of Econometrics.
Amsterdam, the Netherlands: Elsevier; 2007:4779–4874.

30. Arceneaux K, Huber GA. What to do (and not do) with
multicollinearity in state politics research. State Polit Policy
Q. 2007;7(1):81–101.

31. Farrar D, Glauber R. Multicollinearity in regression
analysis: the problem revisited on JSTOR. Rev Econ Stat.
1967;49(1):92–107.

32. Raifman J, Moscoe E, Austin SB, et al. Difference-
in-differences analysis of the association between state
same-sex marriage policies and adolescent suicide attempts.
JAMA Pediatr. 2017;171(4):350–356.

33. Liu J, Kuo T, Jiang L, et al. Food and drink consumption
among 1–5-year-old Los Angeles County children from
households receiving dual SNAP and WIC v. only WIC
benefits. Public Health Nutr. 2017;20(14):2478–2485.

34. Rosenbaum PR, Rubin DB. The central role of the
propensity score in observational studies for causal effects.
Biometrika. 1983;70(1):41–55.

35. Stuart EA. Matching methods for causal inference: a review
and a look forward. Stat Sci. 2010;25(1):1–21.

36. Stuart EA, King G, Imai K, et al. MatchIt: nonparametric
preprocessing for parametric causal inference. J Stat Softw.
2011;42(8). https://dash.harvard.edu/handle/1/11130519.
Accessed December 11, 2019.

37. Fogarty CB, Mikkelsen ME, Gaieski DF, et al. Discrete
optimization for interpretable study populations and
randomization inference in an observational study of severe
sepsis mortality. J Am Stat Assoc. 2016;111(514):447–458.

38. Rosenbaum PR. Two simple models for observational
studies. In: Rosenbaum PR, ed. Design of Observational
Studies. New York, NY: Springer; 2010:65–94.

39. Eckstein J, Hammer PL, Liu Y, et al. The maximum box
problem and its application to data analysis. Comput Optim
Appl. 2002;23(3):285–298.

40. Chipman HA, George EI, RE MC. BART: Bayesian additive
regression trees. Ann Appl Stat. 2010;4(1):266–298.

41. Chang H-Y, Lyapustina T, Rutkow L, et al. Impact of
prescription drug monitoring programs and pill mill laws on

Epidemiol Rev. 2021;43:33–47

https://dash.harvard.edu/handle/1/11130519


Analytic Approaches for Co-Occurring Policies 45

high-risk opioid prescribers: a comparative interrupted
time series analysis. Drug Alcohol Depend. 2016;165:
1–8.

42. University of Kentucky Center for Poverty Research.
UKCPR National Welfare Data, 1980–2018. 2019. http://
ukcpr.org/resources/national-welfare-data. Accessed April
13, 2020.

43. Rehkopf DH, Strully KW, Dow WH. The short-term
impacts of earned income tax credit disbursement on health.
Int J Epidemiol. 2014;43(6):1884–1894.

44. Cylus J, Glymour MM, Avendano M. Do generous
unemployment benefit programs reduce suicide rates? A
state fixed-effect analysis covering 1968-2008. Am J
Epidemiol. 2014;180(1):45–52.

45. Cylus J, Glymour MM, Avendano M. Health effects of
unemployment benefit program generosity. Am J Public
Health. 2014;105(2):317–323.

46. Elder RW, Lawrence B, Ferguson A, et al. The effectiveness
of tax policy interventions for reducing excessive alcohol
consumption and related harms. Am J Prev Med. 2010;
38(2):217–229.

47. Xuan Z, Chaloupka FJ, Blanchette JG, et al. The
relationship between alcohol taxes and binge drinking:
evaluating new tax measures incorporating multiple tax and
beverage types. Addiction. 2015;110(3):441–450.

48. Chaloupka FJ, Straif K, Leon ME. Effectiveness of tax and
price policies in tobacco control. Tob Control. 2011;20(3):
235–238.

49. Evans WN, Garthwaite CL. Giving mom a break: the impact
of higher EITC payments on maternal health. Am Econ J
Econ Policy. 2014;6(2):258–290.

50. Larrimore J. Does a higher income have positive health
effects? Using the earned income tax credit to explore the
income-health gradient. Milbank Q. 2011;89(4):
694–727.

51. Matthay EC, Galin J, Rudolph KE, et al. In-state and
interstate associations between gun shows and firearm
deaths and injuries: a quasi-experimental study. Ann Intern
Med. 2017;167(12):837–844.

52. Mair C, Freisthler B, Ponicki WR, et al. The impacts of
marijuana dispensary density and neighborhood ecology on
marijuana abuse and dependence. Drug Alcohol Depend.
2015;154:111–116.

53. Freisthler B, Gaidus A, Tam C, et al. From medical to
recreational marijuana sales: marijuana outlets and crime in
an era of changing marijuana legislation. J Primary Prevent.
2017;38(3):249–263.

54. Bellemare MF, Bloem JR, Wexler N. The paper of how:
estimating treatment effects using the front-door criterion
2020. http://marcfbellemare.com/wordpress/wp-content/
uploads/2020/09/BellemareBloemWexlerFDC
September2020.pdf. Accessed February 1, 2021.

55. Harper S. Would stronger seat belt laws reduce motor
vehicle crash deaths?: a semi-Bayesian analysis.
Epidemiology. 2019;30(3):380–387.

56. Ng M, Ellicott Colson K, Fullman N, et al. Assessing the
contribution of malaria vector control and other maternal
and child health interventions in reducing all-cause under-
five mortality in Zambia, 1990–2010. Am J Trop Med Hyg.
2017;97(3_suppl):58–64.

57. Nylund-Gibson K, Choi AY. Ten frequently asked questions
about latent class analysis. Transl Issues Psychol Sci. 2018;
4(4):440–461.

58. Maimon O, Rokach L. Clustering methods. In: Maimon O,
Rokach L (eds.). The Data Mining and Knowledge
Discovery Handbook. New York, NY: Springer; 2005.

59. Erickson DJ, Lenk KM, Toomey TL, et al. The alcohol
policy environment, enforcement and consumption in the
United States. Drug Alcohol Rev. 2016;35(1):6–12.

60. Fleegler EW, Lee LK, Monuteaux MC, et al. Firearm
legislation and firearm-related fatalities in the United States.
JAMA Intern Med. 2013;173(9):732–740.

61. Goyal MK, Badolato GM, Patel SJ, et al. State gun Laws
and pediatric firearm-related mortality. Pediatrics. 2019;
144(2):e20183283.

62. Naimi TS, Blanchette J, Nelson TF, et al. A new scale of the
U.S. alcohol policy environment and its relationship to
binge drinking. Am J Prev Med. 2014;46(1):10–16.

63. Xuan Z, Blanchette J, Nelson TF, et al. The alcohol policy
environment and policy subgroups as predictors of binge
drinking measures among US adults. Am J Public Health.
2015;105(4):816–822.

64. Erickson DJ, Lenk KM, Toomey TL, et al. Measuring the
strength of state-level alcohol control policies. World Med
Health Policy. 2014;6(3):171–186.

65. Chapman SA, Spetz J, Lin J, et al. Capturing heterogeneity
in medical marijuana policies: a taxonomy of regulatory
regimes across the United States. Subst Use Misuse. 2016;
51(9):1174–1184.

66. Klitzner MD, Thomas S, Schuler J, et al. The new cannabis
policy taxonomy on APIS: making sense of the cannabis
policy universe. J Primary Prevent. 2017;38(3):
295–314.

67. Hsu C-C, Sandford BA. The Delphi technique: making sense
of consensus. Pract Assess Res Eval. 2007;12(10):1–8.

68. Landeta J. Current validity of the Delphi method in social
sciences. Technol Forecast Soc Change. 2006;73(5):
467–482.

69. Litwin A, Perova E, Reynolds SA. A conditional cash
transfer and women’s empowerment: does Bolsa Familia
influence intimate partner violence? Soc Sci Med. 2019;
238:112462.

70. Myran DT, Chen JT, Bearnot B, et al. Alcohol availability
across neighborhoods in Ontario following alcohol sales
deregulation, 2013–2017. Am J Public Health. 2019;109(6):
899–905.

71. Lira MC, Xuan Z, Coleman SM, et al. Alcohol policies and
alcohol involvement in intimate partner homicide in the U.S.
Am J Prev Med. 2019;57(2):172–179.

72. Haghpanahan H, Lewsey J, Mackay DF, et al. An evaluation
of the effects of lowering blood alcohol concentration limits
for drivers on the rates of road traffic accidents and alcohol
consumption: a natural experiment. Lancet. 2019;
393(10169):321–329.

73. Gertner AK, Rotter JS, Shafer PR. Association between
state minimum wages and suicide rates in the U.S. Am J
Prev Med. 2019;56(5):648–654.

74. Roberto CA, Lawman HG, LeVasseur MT, et al.
Association of a beverage tax on sugar-sweetened and
artificially sweetened beverages with changes in beverage
prices and sales at chain retailers in a large urban setting.
JAMA. 2019;321(18):1799–1810.

75. Sivaraman JJ, Ranapurwala SI, Moracco KE, et al.
Association of state firearm legislation with female intimate
partner homicide. Am J Prev Med. 2019;56(1):125–133.

76. Ghiani M, Hawkins SS, Baum CF. Associations between
gun laws and suicides. Am J Epidemiol. 2019;188(7):
1254–1261.

77. Rajmil L, Fernández de Sanmamed M-J. Austerity policies
and mortality rates in European countries, 2011–2015. Am J
Public Health. 2019;109(5):768–770.

Epidemiol Rev. 2021;43:33–47

http://ukcpr.org/resources/national-welfare-data
http://ukcpr.org/resources/national-welfare-data
http://marcfbellemare.com/wordpress/wp-content/uploads/2020/09/BellemareBloemWexlerFDCSeptember2020.pdf


46 Matthay et al.

78. Lin M, Wang Q. Center-based childcare expansion and
grandparents’ employment and well-being. Soc Sci Med.
2019;240:112547.

79. Ahmed S, Fielding D. Changes in maternity leave coverage:
implications for fertility, labour force participation and child
mortality. Soc Sci Med. 2019;241:112573.

80. Lin B-H, Guthrie JF, Smith TA. Dietary guidance and new
school meal standards: schoolchildren’s whole grain
consumption over 1994–2014. Am J Prev Med. 2019;57(1):
57–67.

81. Delaruelle K, van de Werfhorst H, Bracke P. Do
comprehensive school reforms impact the health of early
school leavers? Results of a comparative
difference-in-difference design. Soc Sci Med. 2019;
239:112542.

82. Chen X, Wang T, Busch SH. Does money relieve
depression? Evidence from social pension expansions in
China. Soc Sci Med. 2019;220:411–420.

83. Högberg B, Strandh M, Petersen S, et al. Education system
stratification and health complaints among school-aged
children. Soc Sci Med. 2019;220:159–166.

84. Mooney AC, Neilands TB, Giannella E, et al. Effects of a
voter initiative on disparities in punishment severity for drug
offenses across California counties. Soc Sci Med. 2019;230:
9–19.

85. Bose B, Heymann J. Effects of tuition-free primary
education on women’s access to family planning and on
health decision-making: a cross-national study. Soc Sci
Med. 2019;238:112478.

86. Rummo PE, Noriega D, Parret A, et al. Evaluating a USDA
program that gives SNAP participants financial incentives to
buy fresh produce in supermarkets. Health Aff (Millwood).
2019;38(11):1816–1823.

87. Matthay EC, Farkas K, Rudolph KE, et al. Firearm and
nonfirearm violence after operation peacemaker fellowship
in Richmond, California, 1996–2016. Am J Public Health.
2019;109(11):1605–1611.

88. Angeles G, de Hoop J, Handa S, et al. Government of
Malawi’s unconditional cash transfer improves youth mental
health. Soc Sci Med. 2019;225:108–119.

89. Evans WN, Kroeger S, Palmer C, et al. Housing and urban
development–Veterans Affairs supportive housing vouchers
and veterans’ homelessness, 2007–2017. Am J Public
Health. 2019;109(10):1440–1445.

90. Wright M, McKelvey W, Curtis CJ, et al. Impact of a
municipal policy restricting trans fatty acid use in new York
City restaurants on serum trans fatty acid levels in adults.
Am J Public Health. 2019;109(4):634–636.

91. Parmar D, Banerjee A. Impact of an employment guarantee
scheme on utilisation of maternal healthcare services: results
from a natural experiment in India. Soc Sci Med. 2019;222:
285–293.

92. Massri C, Sutherland S, Källestål C, et al. Impact of the
food-labeling and advertising law Banning competitive food
and beverages in Chilean public schools, 2014–2016. Am J
Public Health. 2019;109(9):1249–1254.

93. Boertien D, Vignoli D. Legalizing same-sex marriage
matters for the subjective well-being of individuals in
same-sex unions. Demography. 2019;56(6):
2109–2121.

94. Ettinger de Cuba S, Chilton M, Bovell-Ammon A, et al.
Loss of SNAP is associated with food insecurity and poor
health in working families with young children. Health Aff
(Millwood). 2019;38(5):765–773.

95. Regidor E, Mateo A, Barrio G, et al. Mortality in Spain in
the context of the economic crisis and austerity policies. Am
J Public Health. 2019;109(7):1043–1049.

96. Hernandez EM, Vuolo M, Frizzell LC, et al. Moving
upstream: the effect of tobacco clean air restrictions on
educational inequalities in smoking among young adults.
Demography. 2019;56(5):1693–1721.

97. Hamad R, Modrek S, White JS. Paid family leave effects on
breastfeeding: a quasi-experimental study of US policies.
Am J Public Health. 2019;109(1):164–166.

98. Everson EM, Dilley JA, Maher JE, et al. Post-legalization
opening of retail cannabis stores and adult cannabis use in
Washington state, 2009–2016. Am J Public Health. 2019;
109(9):1294–1301.

99. Reinhard E, Carrino L, Courtin E, et al. Public transportation
use and cognitive function in older age: a quasiexperimental
evaluation of the free bus pass policy in the United
Kingdom. Am J Epidemiol. 2019;188(10):1774–1783.

100. Hughes C. Reexamining the influence of conditional cash
transfers on migration from a gendered lens. Demography.
2019;56(5):1573–1605.

101. Torche F, Sirois C. Restrictive immigration law and birth
outcomes of immigrant women. Am J Epidemiol. 2019;
188(1):24–33.

102. Doucette ML, Crifasi CK, Frattaroli S. Right-to-carry
laws and firearm workplace homicides: a longitudinal
analysis (1992–2017). Am J Public Health. 2019;109(12):
1747–1753.

103. Kingsley M, Setodji CM, Pane JD, et al. Short-term impact
of a flavored tobacco restriction: changes in youth tobacco
use in a Massachusetts community. Am J Prev Med. 2019;
57(6):741–748.

104. Stallings-Smith S, Hamadi HY, Peterson BN, et al.
Smoke-free policies and 30-day readmission rates for
chronic obstructive pulmonary disease. Am J Prev Med.
2019;57(5):621–628.

105. Heflin C, Arteaga I, Hodges L, et al. SNAP benefits and
childhood asthma. Soc Sci Med. 2019;220:203–211.

106. de Ettinger, Cuba SA, Bovell-Ammon AR, Cook JT, et al.
SNAP, young children’s health, and family food security and
healthcare access. Am J Prev Med. 2019;57(4):525–532.

107. Tessler RA, Mooney SJ, Quistberg DA, et al. State-level
beer excise tax and firearm homicide in adolescents and
young adults. Am J Prev Med. 2019;56(5):708–715.

108. Stacey N, Mudara C, Ng SW, et al. Sugar-based beverage
taxes and beverage prices: evidence from South Africa’s
health promotion Levy. Soc Sci Med. 2019;238:
112465.

109. Lee MM, Falbe J, Schillinger D, et al. Sugar-sweetened
beverage consumption 3 years after the Berkeley, California,
sugar-sweetened beverage tax. Am J Public Health. 2019;
109(4):637–639.

110. Franckle RL, Thorndike AN, Moran AJ, et al. Supermarket
purchases over the supplemental nutrition assistance
program benefit month: a comparison between participants
and nonparticipants. Am J Prev Med. 2019;57(6):800–807.

111. Ferdinand AO, Aftab A, Akinlotan MA.
Texting-while-driving bans and motor vehicle crash–related
emergency department visits in 16 US states: 2007–2014.
Am J Public Health. 2019;109(5):748–754.

112. Klarevas L, Conner A, Hemenway D. The effect of
large-capacity magazine bans on high-fatality mass
shootings, 1990–2017. Am J Public Health. 2019;109(12):
1754–1761.

Epidemiol Rev. 2021;43:33–47



Analytic Approaches for Co-Occurring Policies 47

113. Pilkauskas N, Michelmore K. The effect of the earned
income tax credit on housing and living arrangements.
Demography. 2019;56(4):1303–1326.

114. Heflin CM, Ingram SJ, Ziliak JP. The effect of the
supplemental nutrition assistance program on
mortality. Health Aff (Millwood). 2019;38(11):
1807–1815.

115. Shahidi FV, Muntaner C, Shankardass K, et al. The effect of
unemployment benefits on health: a propensity score
analysis. Soc Sci Med. 2019;226:198–206.

116. Ku L, Brantley E, Pillai D. The effects of SNAP work
requirements in reducing participation and benefits from
2013 to 2017. Am J Public Health. 2019;109(10):
1446–1451.

117. Park W, Baek J. The impact of employment protection on
health: evidence from fixed-term contract workers in South
Korea. Soc Sci Med. 2019;233:158–170.

118. Hamad R, Batra A, Karasek D, et al. The impact of the
revised WIC food package on maternal nutrition during
pregnancy and postpartum. Am J Epidemiol. 2019;188(8):
1493–1502.

119. Bruzelius E, Baum A. The mental health of Hispanic/Latino
Americans following national immigration policy changes:
United States, 2014–2018. Am J Public Health. 2019;
109(12):1786–1788.

120. Levy DT, Yuan Z, Li Y, et al. The Minnesota SimSmoke
tobacco control policy model of smokeless tobacco
and cigarette use. Am J Prev Med. 2019;57(4):
e103–e115.

121. Liao Z, Zhou Y, Li H, et al. The rates and medical necessity
of cesarean delivery in the era of the two-child policy in
Hubei and Gansu provinces, China. Am J Public Health.
2019;109(3):476–482.

122. Couttenier M, Petrencu V, Rohner D, et al. The violent
legacy of conflict: evidence on asylum seekers, crime, and
public policy in Switzerland. Am Econ Rev. 2019;109(12):
4378–4425.

123. Patler C, Hamilton E, Meagher K, et al. Uncertainty about
DACA may undermine its positive impact on health for
recipients and their children. Health Aff (Millwood). 2019;
38(5):738–745.

124. Lebihan L, Mao Takongmo C-O. Unconditional cash
transfers and parental obesity. Soc Sci Med. 2019;224:
116–126.

125. Boehmke FJ. State Policy Innovation and Diffusion (SPID)
Database v1.0. 2018. https://dataverse.harvard.edu/citation?
persistentId=doi:10.7910/DVN/CVYSR7. Accessed
February 1, 2021.

126. Min S, Martin LT, Rutter CM, et al. Are publicly funded
health databases geographically detailed and timely enough
to support patient-centered outcomes research? J Gen Intern
Med. 2019;34(3):467–472.

127. Davis JC, Holly BP. Regional analysis using Census Bureau
microdata at the Center for Economic Studies. Int Reg Sci
Rev. 2006;29(3):278–296.

128. Erdem E, Korda H, Haffer SC, et al. Medicare claims
data as public use files: a new tool for public health
surveillance. J Public Health Manag Pract. 2014;20(4):
445–452.

129. Petersen ML, van der Laan MJ. Causal models and learning
from data: integrating causal modeling and statistical
estimation. Epidemiology. 2014;25(3):418–426.

130. van Smeden M, Lash TL, Groenwold RHH. Reflection on
modern methods: five myths about measurement error in
epidemiological research. Int J Epidemiol. 2020;49(1):
338–347.

Epidemiol Rev. 2021;43:33–47

https://dataverse.harvard.edu/citation?persistentId&#x003D;doi:10.7910/DVN/CVYSR7

	What to Do When Everything Happens at Once: Analytic Approaches to Estimate the Health Effects of Co-Occurring Social Policies
	INTRODUCTION 
	METHODS
	RESULTS
	DISCUSSION
	CONCLUSIONS


