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Extensive empirical health research leverages variation in the timing and location of policy changes as
quasi-experiments. Multiple social policies may be adopted simultaneously in the same locations, creating co-
occurrence that must be addressed analytically for valid inferences. The pervasiveness and consequences
of co-occurring policies have received limited attention. We analyzed a systematic sample of 13 social policy
databases covering diverse domains including poverty, paid family leave, and tobacco use. We quantified policy
co-occurrence in each database as the fraction of variation in each policy measure across different jurisdictions
and times that could be explained by covariation with other policies. We used simulations to estimate the
ratio of the variance of effect estimates under the observed policy co-occurrence to variance if policies were
independent. Policy co-occurrence ranged from very high for state-level cannabis policies to low for country-level
sexual minority-rights policies. For 65% of policies, greater than 90% of the place-time variation was explained
by other policies. Policy co-occurrence increased the variance of effect estimates by a median of 57-fold. Co-
occurring policies are common and pose a major methodological challenge to rigorously evaluating health effects
of individual social policies. When uncontrolled, co-occurring policies confound one another, and when controlled,
resulting positivity violations may substantially inf late the variance of estimated effects. Tools to enhance validity
and precision for evaluating co-occurring policies are needed.

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

Abbreviation: EITC, Earned Income Tax Credit.

INTRODUCTION

Evaluating the health effects of social policies is criti-
cal to researchers, funders, and decision-makers seeking to
promote healthful, evidence-based programs. Study designs
such as differences-in-differences and panel fixed effects (1),
which exploit variation in the timing and location of pol-
icy changes, have the potential to reveal causal inferences.
Changes in health outcomes that are tied to the jurisdictions
and times at which a particular policy is adopted can be used
to isolate the causal effect of the policy (1). The amount
of empirical health research on social policies using these
methods has increased rapidly and yielded influential find-
ings in recent years in epidemiology and other fields (2–4).

One major concern with study designs that leverage vari-
ation in the timing and location of policy changes is that co-
occurrence of policies can render it difficult to separately

identify the causal effects of each policy. Isolating indi-
vidual policy effects is crucial for delivering to decision-
makers evidence on whether to adopt a policy. Yet multiple
related policies are often adopted or implemented in the
same jurisdiction simultaneously or in quick succession,
rendering it difficult to isolate the effect of 1 policy from the
other. For example, a government that moves to overhaul its
social safety net is likely to change multiple welfare-related
policies in a single wave of legislative changes (5). Con-
sequently, bundles of related policies, selected to address
a particular set of health or social priorities and thus with
similar potential health effects, are adopted concurrently,
creating co-occurring policies.

Co-occurring policies confound one another. Thus, if the
co-occurring policies are relevant to the health outcome
of interest, failing to account for co-occurring policies can
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severely bias estimated effects of specific social policies.
For example, if an effective policy A and an ineffective
policy B are routinely adopted as a set, and their true effects
are unknown, when researchers analyze effects of policy B
without accounting for policy A, findings are likely to spu-
riously indicate that policy B is effective. Yet if jurisdictions
typically adopt both policies together, adjustment for policy
A to isolate the effect of policy B can lead to imprecise
or unstable estimates and bias resulting from data sparsity
(6–8). In extreme cases, estimates may be severely biased,
undefined, or rely entirely on extrapolation because there is
no independent variation in the policy of interest (6).

Strong confounding and consequent data sparsity arising
from co-occurring policies can be conceptualized as lack of
common support in the data, also known as a violation of
the “positivity assumption” (6). Lack of positivity implies
that some confounder strata do not have variation in the
exposure; for example, because places and times with the
confounding policy always adopt the policy of primary
interest (the index policy). A rich literature exists on the
problem of positivity and the use of propensity scores to
assess and address it (e.g., by restricting to confounder strata
that do have variation in the exposure) (6, 9–13). However,
several aspects of the policy co-occurrence problem make
it important to consider separately from positivity issues
that arise with other exposures. First, due to the nature of
policymaking (5), the levels of co-occurrence among policy
variables may be far greater than those typically observed in
nonpolicy studies (14, 15). For example, governments adopt
similar policies at similar times in part because they are
responding to the desires and values of their constituents.
Second, the most relevant analytic solutions may be dis-
tinct. For example, analytic solutions such as data-adaptive
parameters (16, 17) that rely on large sample sizes may
not be feasible for policy studies that are typically based
on a small, fixed set of jurisdictions. Meanwhile, stronger
theories or substantive knowledge about the mechanisms
by which a particular social policy operates could guide
analyses leveraging mediating variables for causal effect
estimation (18). For example, how education policy affects
educational attainment may be better understood than how
educational attainment affects health. Furthermore, if some
policies are always adopted together as a set, the most
policy-relevant approach may be to modify the exposure
definition to encompass both policies and then evaluate their
combined effect, as opposed to attempting to disentangle
their individual effects. Reconceptualizing the exposure in
this way may be less relevant to research in other substan-
tive areas. Thus, the policy co-occurrence problem presents
unique challenges and potential analytic solutions beyond
typical confounding.

Characterizing the extent and impact of policy co-
occurrence is a crucial step for the development of rigorous
evidence on social policy effects. Yet, to our knowledge, no
epidemiologic research has directly addressed this issue.
Authors of applied studies of social policies in fields
including epidemiology, economics, and political science
have acknowledged the issue by critiquing existing policy
studies or, in some cases, applying solutions (e.g., studying
aggregate measures of policy stringency) (19–21). Similar

methodological challenges have arisen in environmental
epidemiology when studying correlated and multipollutant
exposures, but the emphasis of this research has been on
identifying analytic solutions appropriate for pollutant mea-
sures, rather than on quantifying the extent of the problem
(7, 8, 22). To our knowledge, no prior studies have examined
how frequently related policies co-occur, a necessary step
to lay the foundation for rigorous analytic solutions. For re-
searchers aiming to estimate individual policy effects, guid-
ance is needed on how to evaluate whether the impacts of
policy co-occurrence on estimation are likely to undermine
the study. In some cases, the challenge of co-occurring
policies may require a modified analytic approach or even
altering the research question.

In this article, we address these gaps by proposing
and applying an approach to assess the extent of policy
co-occurrence and to quantify the impact of policy co-
occurrence on the precision of effect estimates for individual
policies. Using 13 exemplar social policy databases covering
diverse domains, we visually depicted and quantified the
extent of policy co-occurrence in each database and used
simulations to estimate impacts on precision. We illustrate
in this article a method that can be used in applied research
to determine when policy co-occurrence is so severe that
alternative analytic approaches are needed.

METHODS

Overview

We developed a systematic sample of social policy databa-
ses covering diverse health-related domains that capture
measures of policy adoption or implementation across juris-
dictions and time. To evaluate the extent and impacts of
policy clustering, we applied 3 analyses to each database.
First, we visualized the degree of policy co-occurrence in
each database by plotting heatmaps of pairwise correlations
among the measured policies. Second, building on the pos-
itivity literature, we quantified the overall degree of co-
occurrence in each database as the amount of variability
in each policy measure across jurisdictions and time that
could be explained by the other policy measures in the
same database. This step indicated how much independent
variation remained with which to study the policy of interest.
Finally, we used simulations to estimate the impacts of pol-
icy co-occurrence on precision by comparing the variance of
estimated effects given the observed co-occurrence with the
variance if all policies were adopted independently.

Database identification

We sought to characterize the extent of policy co-
occurrence across diverse social policy domains. Because
no registry of all available social policy databases exists,
we identified an exemplar set by evaluating contemporary
research on social policies and health, and selecting domain-
specific policy databases corresponding to those studies.

We identified all studies of social policies published
in 2019 in top medical, public health, and social science
journals, emphasizing general-topic journals that publish
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research on the health effects of social policies. These
journal were Journal of the American Medical Association,
American Journal of Public Health, American Journal of
Epidemiology, New England Journal of Medicine, Lancet,
American Journal of Preventive Medicine, Social Science
and Medicine, Health Affairs, Demography, and American
Economic Review. After these journals were selected, we
asked a convenience sample of 66 researchers from diverse
disciplines to rank relevant journals. Responses confirmed
that our selected journals reflect common perceptions of
most relevant venues for research on the health effects of
social policies (detailed results in Web Appendix 1 and Web
Table 1) (available at https://doi.org/10.1093/aje/mxab009).

We identified original, empirical studies in which the
authors aimed to estimate the causal effects of 1 or more
social policies on health-related outcomes in any country,
state, or locality (areas, neighborhoods, or sub-state units
such as counties or cities). Although the definition of social
policies varies across the literature, a priori we defined
“social policy” to mean any nonmedical, population-based
or targeted policies that are adopted at a community or
higher level and hypothesized to affect health or health
inequalities via changes in social or behavioral determinants.
A priori, 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. For reproducibility, additional detail
is presented in Web Appendix 2. An independent analyst
reviewed a subset of candidate articles to confirm that our
strategy to identify relevant papers was reproducible. Con-
cordance between reviewers upon initial review was 90%
(for details, see Web Appendix 3).

For each social policy study, we identified any corre-
sponding quantitative databases capturing the content, loca-
tions, and times of adoption of the index policy and related
policies in the same domain. We searched the scientific
literature; websites of domain-relevant research institutions,
scientific centers, and organizations; and the internet to
identify relevant, publicly available databases. We also asked
the authors of each index social policy study for policy
database recommendations. When possible, we included
databases provided on request from individual investigators.
If more than 1 policy database was available, we selected
the one that was most amenable to this analysis: first, the
database requiring the least data cleaning or manipulation
(i.e., panel data structure and variables coded); then, among
those remaining, the database with the greatest clarity of
variable definitions, followed by the least missingness and
most comprehensiveness (i.e., number of policies and time
points). We excluded domains for which we could not iden-
tify or access any corresponding database. Figure 1 presents
information on the number of articles considered, studies
and corresponding databases included in the final sample,
and studies and databases excluded. Additional detail is
presented in Web Appendix 4.

Article Titles, 
Abstracts, and 

Full Texts 
Screened

(n = 6,794)

Studies 
Included 
(n = 55)

Articles 
Excluded 

(n = 6,740)

Databases Excluded 
(Not Identified or 

Accessible)
(n = 23)

Corresponding 
Potential Social Policy 
Databases Included 

After Duplicates 
Removed 
(n = 36)

Database Included in 
Final Analysis

(n = 13)

Corresponding 
Potential Social 

Policy 
Databases 

Removed as 
Duplicates

(n = 19)

Unique Articles  
Published in 2019 and 
Identified in Selected 

Journals
(n = 6,794)

Duplicates 
Removed

(n = 0)

Figure 1. Flowchart of social policy studies and databases included
and excluded. “Corresponding social policy databases that are dupli-
cated” refers to the situation where multiple social policy studies
meeting inclusion criteria corresponded to the same database. For
example, there were several studies of the impacts of the Supple-
mental Nutrition Assistance Program.

Database coding

We formatted each database to have 1 row per jurisdiction
(country, state, or locality) and period (month or year) and 1
column per policy measure. The types of policy information
varied across databases. Some included exclusively binary
indicators of policy adoption, whereas others provided infor-
mation on benefit generosity, implementation, access, and/or
scope (e.g., number of Supplemental Nutrition Assistance
Program participants by state and year). We included all
available policy measures for the heatmaps (discussed in
the Statistical analysis section). For subsequent analyses,
when multiple measures of the same policy were available
(e.g., year of adoption and number of participants), we
selected the measure used in the publication in the original
search that invoked the policy, if relevant, or the measure
we judged to be the most representative. Some policies were
subordinate to umbrella policies. For example, provisions
regulating cannabis delivery services are only applicable
in jurisdictions where recreational cannabis is legal. For
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jurisdictions and times in which the umbrella policy was not
active, we included these observations in the analysis and
coded provisions conditional on that umbrella policy as 0.
Additional details are provided in Web Appendix 5.

Statistical analysis

First, to visually depict policy co-occurrence in each
database, we plotted heatmaps of the Pearson correlation
matrix for each pairwise combination of policy measures
(hereafter referred to as “heatmaps”). Although numerous
measures are appropriate, we selected the Pearson correla-
tion because it is common, intuitive, and accommodates
continuous-continuous, continuous-binary, and binary-
binary variable comparisons. Although the distribution of
the Pearson correlation between continuous and binary
variables is constrained, this constraint is appropriate in
this context.

Second, we assessed the degree of unique variation avail-
able to estimate individual policy effects, when considering
each individual policy while controlling for all others. To
do this, we estimated an R2 value in regression models of
each policy regressed on the set of all other policies in
the same database. We modeled continuous policy variables
using linear regression and used R2 adjusted for the number
of predictor variables. We modeled binary policy variables
using logistic regression and used the McFadden pseudo
R2 (23). For both types of regression, we included as main
terms all predictor policy variables in the database. This
step quantified the amount of variability in each policy
across jurisdictions and times that could be explained by the
other policy measures and resulted in a distribution of R2

values—1 for each policy in each database. This step is also
conceptually very similar to estimating propensity scores to
assess positivity, except that it accommodates continuous
exposure variables.

Third, we used simulations to estimate the impacts of
policy co-occurrence on precision. For each policy measure,
in each policy database, we applied the following procedure:

Step A: Assign a simulated outcome of N observations,
where N is the number of jurisdictions and times in the pol-
icy database (Table 1). To simulate the outcome, we assumed
1) a random normal distribution with a mean of 100 and a
standard deviation of 5; 2) a null effect of the index policy
on the outcome (because using an alternative would not sub-
stantively affect the results); and 3) 10% of the variance of
the outcome was explained by a randomly selected nonindex
policy (the “explanatory policy”). We incorporated this last
component because the precision of the estimated effect of
the index policy depends on the proportion of the variance
in the outcome that is explained by the other variables in the
model. Because large-scale social programs are recognized
to have small individual-level effects (15, 24), we considered
10% explained to be optimistic in the setting of the health
effects of social policies. We assumed no other confounding
was present.

Step B: Apply a linear regression, modeling the simulated
outcome as a function of the index policy, the nonindex
policies, jurisdiction fixed effects, and time fixed effects.
From this regression, record the variance of the regression

coefficient corresponding to the effect estimate of the index
policy (variance = (standard error)2). This was the variance
in the real-world, co-occurring, data.

Step C: To estimate the variance if there were no co-
occurrence, randomly redistribute the values of the all pol-
icy measures across jurisdictions and time (i.e., for each
policy measure, randomly shuffling among the rows of
the database). This process preserves the overall mean and
variance of each policy measure but eliminates systematic
co-occurrence.

Step D: Apply the same regression model as in step B to
the redistributed policy data and record the variance of the
effect estimate of the index policy.

Step E: Take the ratio of the variance of the effect es-
timate of the index policy, under the real-world policy
regime (derived in Step B) versus under the randomly redis-
tributed regime (derived in Step D) (ratio = varianceStepB /
varianceStepD). This ratio is an estimate of the variance
inflation due to policy co-occurrence.

We conducted steps A–E 1,000 times for each policy mea-
sure in each database, which resulted in a set of estimates of
the variance inflation. We summarized the variance inflation
due to policy co-occurrence for each database by stacking all
the variance inflation estimates for all the policy measures in
that database and plotting their distribution. We summarized
the variance inflation due to policy co-occurrence overall by
stacking all the variance inflation estimates for all policy
measures in all databases and calculating their summary
statistics. All analyses were conducted using R, version 3.6.2
(R Foundation for Statistical Computing, Vienna, Austria).
The statistical code is provided in Web Appendix 6.

RESULTS

We identified 55 studies evaluating links between social
policies and health that met our inclusion criteria (25–80),
among which there were 36 unique policies or databases
invoked, and 13 social policy databases that could be identi-
fied and accessed (Web Table 2; Table 1). Studies included,
for example, a panel data analysis of the impacts of changes
in the level and duration of paid maternity leave on fertil-
ity, workforce participation, and infant mortality across 18
African and Asian countries (35) and a synthetic control
evaluation of the effect of raising state-level beer excise taxes
on young adult firearm homicides (63).

The sample of 13 identified social policy databases
(81–93) (Table 1) included 5 country-level databases, 6
state-level databases, and 2 local-level databases. Domains
included poverty and social welfare; family and child
welfare; worker welfare; pensions; unemployment; fertility;
immigration; lesbian, gay, bisexual, and transgender rights;
firearms; alcohol use; tobacco use; and recreational cannabis
use. The number of unique policies per database ranged from
6 to 134. Some databases had multiple umbrella policies,
whereas others focused exclusively provisions relating to 1
umbrella policy. For example, the Policy-Relevant Observa-
tional Studies for Population Health Equity and Responsible
Development database includes overarching policies and
specific provisions for breastfeeding breaks, child health
leave, family leave, maternity leave, parental leave, paternity

Epidemiol Rev. 2021;43:19–32



Studying Co-Occurring Social Policies 23

Table 1. Characteristics of Social Policy Databases Included in Systematic Sample (n = 13), 2019

Topic Level Source Jurisdictions and Times
No. of Jurisdiction

Periods of
Observation

No. of
Unique
Policies

Poverty and social
welfare

State UKPCR National Welfare Data 51 states and Washington,
DC, × 22 years
(1990–2011)

1,122 11

Labor State Harvard SPID databases:
labor policies

50 states × 151 years
(1865–2015)

7,550 26

Firearms State Siegel State Firearm Laws
database

50 states × 28 years
(1991–2018)

1,400 134

Recreational
cannabis

State APIS: Recreational Use of
Cannabis, Volumes 1 and 2

50 states × 108 months
(January 2009–December
2017)

5,400 31

Alcohol control State Categorization of APIS data
(21)

50 states × 16 years
(2003–2018)

800 23

Tobacco control:
clean air

State American Nonsmokers’ Rights
Foundation US Tobacco
Control Laws Database

55 states and territories ×
211 months (June
2003–December 2020)

11,605 35

Family leave Country PROSPERED longitudinal
social policy databases

190 countries × 22 years
(1995–2016)

4,180 61

Fertility and
immigration

Country United Nations World
Population Policies
Database

199 countries × 7 years
(1996–2011)

1,393 30

Dependent-child
benefits

Country Swedish Institute for Social
Research SPIN: Child
Benefit Data set

35 countries × 12 years
(1960–2015)

420 6

Unemployment,
sick leave, and
pension benefits

Country CWED data set 22 countries × 40 years
(1971–2010)

880 22

Lesbian, gay,
bisexual, and
transgender
rights

Country Equaldex Collaborative 229 countries × 3,487
months (October
1729–April 2020)

798,523 41

Tobacco control:
clean air and
excise taxes

County American Nonsmokers’ Rights
Foundation US Tobacco
Control Laws Database

772 counties × 411 months
(October 1986–December
2020)

317,292 41

Tobacco control:
clean air and
excise taxes

City American Nonsmokers’ Rights
Foundation US Tobacco
Control Laws Database

3,204 cities × 411 months
(October 1986–December
2020)

1,316,844 41

Abbreviations: APIS, Alcohol Policy Information System; CWED, Comparative Welfare Entitlements; PROSPERED, Policy-Relevant Obser-
vational Studies for Population Health Equity and Responsible Development; SPID, State Policy Innovation and Diffusion; SPIN, Social Policy
Indicators; UKPCR, University of Kentucky Center for Poverty Research.

leave, and sick leave, whereas the recreational cannabis
policy database focused exclusively on provisions for US
states in which recreational cannabis is legal (e.g., retail
sales taxes).

Visualizing policy co-occurrence

The degree of policy co-occurrence varied by database
(Figures 2 and 3; Web Figures 1–11). Across the 13
databases, Figure 2 shows an example of intermediate
degrees of co-occurrence among unemployment, sick leave,

and pension benefits policies across 40 years in 22 countries.
Figure 3 displays an example of high levels of co-occurrence
among recreational cannabis policies across 108 months in
50 US states. Because the correlations are calculated on
panel data at the level of the jurisdiction and time unit,
higher correlations indicate that jurisdictions that adopt 1
policy are more likely to adopt the other (or vice versa) and
that the policies are likely to be adopted in closer temporal
succession.

State cannabis policies displayed the highest co-occurrence
(median absolute correlation across all pairwise policy

Epidemiol Rev. 2021;43:19–32
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Figure 2. Heatmap of correlations among unemployment, sick leave, and pension benefits policy measures across country-years: 22 countries,
1971–2010. High degrees of positive and negative correlation are indicated by the darkest red and blue colors, respectively. Policies are numbered
as follows: 1: Unemployment insurance replacement rate for single individual living alone. 2: Unemployment insurance replacement rate for
single-income family of 4. 3: Sickness insurance replacement rate for single individual living alone. 4: Sickness insurance replacement rate
for single-income family of 4. 5: Minimum pension replacement rate for single individual living alone. 6: Minimum pension replacement rate
for single-income family of 4. 7: Standard pension replacement rate for single individual living alone. 8: Standard pension replacement rate for
single-income family of 4. 9: Unemployment insurance qualification period (weeks). 10: Unemployment insurance duration of benefits (weeks).
11: Unemployment insurance waiting period (days). 12: Unemployment insurance coverage (percentage of labor force insured). 13: Sickness
insurance qualification period (weeks). 14: Sickness insurance duration of benefits (weeks). 15: Sickness insurance waiting period (days).
16: Sickness insurance coverage (percentage of labor force insured). 17: Standard years of pension insurance to be considered fully covered.
18: Ratio of employee pension contributions to employer and employee pension contributions. 19: Years of earnings used in pensionable wage
calculation. 20: Pension coverage (percentage of eligible who are receiving). 21: Male retirement age. 22: Female retirement age.

combinations: 0.65; 4 policies perfectly aligned), whereas
national lesbian, gay, bisexual, and transgender rights poli-
cies showed the lowest co-occurrence (median correlation,
0.04; no policies perfectly aligned) (Web Figure 8). For
example, US states with restrictions on where recreational
cannabis products can be sold for retail sale also tend to tax
retail cannabis sales, whereas countries that allow same-sex
marriage were relatively independent of countries that ban
lesbian, gay, bisexual, and transgender-related employment
discrimination. Tobacco policies at the state, county, and
city jurisdiction levels had similar degrees and patterns of
co-occurrence among policies. For example, comprehensive
clean-air laws for bars and comprehensive clean-air laws for
restaurants frequently co-occurred at the state, county, and
city levels (Web Figures 9–11).

Most policy measures were positively correlated, but we
also found pockets of negative correlations. For example,
country-years with child tax credits tended not to have child
tax allowances (Web Figure 1). The heatmaps also revealed
groups of co-occurring and independent policies. For exam-
ple, labor policies requiring licensing for different profes-
sions frequently co-occurred, but this set was relatively

independent of policies regarding collective bargaining and
minimum wages (Web Figure 5).

Quantifying policy co-occurrence

Most of the variability in policy measures across juris-
dictions and times was explained by the other policies in
the same database. Figure 4 displays the distributions of R2

values: the higher the R2, the less unique variation there is
for an individual policy, to a maximum of 1.0. The impacts
of policy co-occurrence on identifiability were generally
substantial: of all 502 policies considered, 65% had R2

values greater than 0.90 when regressed on other policies
in the same database. Child benefits had the lowest R2

distribution, with a median of 0.19; policies on poverty and
social welfare, family leave, fertility/immigration, firearms,
cannabis, alcohol, state tobacco control, and county tobacco
control had R2 distributions with medians of approximately
0.9 or greater. In some cases, correlations between predictor
policy variables were so strong that the statistical software
forced certain variables from the model (frequency reported
in Web Table 3).

Epidemiol Rev. 2021;43:19–32
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Figure 3. Heatmap of correlations among recreational cannabis policy measures across state-months: 50 states, January 2009–December
2017. High degrees of positive and negative correlation are indicated by the darkest red and blue colors, respectively. Policies are numbered
as follows: 1: Any price controls. 2: Any cultivation restrictions. 3: Allows outlets for on-premise consumption. 4: Allows outlets for off-premise
consumption.5: Any taxes on producers.6: Retail taxes >15%.7: Vertical integration prohibited.8: Tracking system required.9: Delivery prohibited.
10: Products permitted: edibles. 11: Products permitted: infused products. 12: Products permitted: tinctures. 13: Products permitted: concentrates.
14: Warning labels required: pregnancy. 15: Warning labels required: breastfeeding. 16: Warning labels required: child access. 17: Warning labels
required: impairment of driving. 18: Warning labels required: amount of tetrahydrocannabinol (THC). 19: Warning labels required: presence of
cannabis or THC. 20: Warning labels required: serving size. 21: Warning labels required: other. 22: Warning labels required: 2 hours to feel effects.
23: Packaging requirements: child resistant. 24: Packaging requirements: child proof. 25: Packaging requirements: tamper evident. 26: Packaging
requirements: dose-limited. 27: Packaging requirements: other. 28: Underage possession prohibited. 29: Underage consumption prohibited.
30: Underage purchase prohibited. 31: Allows both state and local cannabis control.

Impacts of policy co-occurrence on precision

Policy co-occurrence substantially reduced the precision
of possible effect estimates in all cases (Figure 5). Across
policy measures, databases, and simulation iterations, policy
co-occurrence effectively increased the variance of effect
estimates by a median of 57-fold. Across policies, the low-
est degree of variance inflation observed was 7% (median
across simulations) for country child tax rebates. For other
policies, particularly family leave, variance inflation was so
substantial as to render estimates effectively indeterminate.
Again, some predictors were dropped from models due to
strong correlations with other predictors (Web Table 3).

DISCUSSION

We analyzed 13 social policy databases drawn from con-
temporary research in top epidemiology, clinical, and social
science journals. These exemplar databases represented
diverse policy domains, geographies, and times to describe
the pervasiveness and impacts of policy co-occurrence on

estimation of health effects. We found that high degrees
of co-occurrence were the norm rather than the exception.
For a majority of policies, greater than 90% of the variation
across jurisdictions and times was explained by other related
policies in the same database. Unbiased studies attempting
to isolate individual policy effects must control for these
related policies, so for many applications, there may be little
independent variation left with which to study the policy of
interest. Consistent with this, we found that adequate control
for co-occurring policies is also likely to substantially reduce
the precision of estimated effects, often so dramatically that
informative effect estimates are unlikely to be derived.

Interpretations

Several factors make the pervasiveness and consequences
of policy co-occurrence likely to be even greater than
we have estimated. First, we only examined policy co-
occurrence within domain-specific databases. Yet social
policy changes may happen in multiple domains simul-
taneously. For health outcomes affected by diverse types
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Figure 4. Distributions of proportions of variability in each policy that is explained by other policies (R2) across social policy databases.
A) Local-level policies; B) state-level policies; C) country-level policies. LGBT, lesbian, gay, bisexual, transgender.

of policies (e.g., both unemployment policies and firearm
policies may affect suicide rates), researchers must consider
policy co-occurrence across domains, which likely will

indicate even more severe co-occurrence. Second, each
policy database we considered included only 1 jurisdictional
level, but true policy environments involve complex overlays
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of national, state or province, county, municipal, employer,
and/or school policies. Third, we did not incorporate
lagged effects or nonlinear relationships between variables.
Fourth, policy variables that perfectly or near-perfectly
predicted one another were dropped from the regression
models. Finally, we did not consider the multitude of
social, economic, political, or societal factors (e.g., a
recession, migration, gentrification) that may also co-occur
with policies of primary interest, including changes in
social norms, implementation, or enforcement that can be

conflated with policy changes. Some such confounders
can be controlled with jurisdiction or time fixed effects;
measured confounders that are jurisdiction-specific and
time-varying could be evaluated using the same methods
illustrated here. This is a formidable task; data sharing
efforts would facilitate its assessment and handling.

We found that the overall degree of policy co-occurrence
varied across databases, ranging from very high for state-
level recreational cannabis policies to low for country-level
sexual minority rights policies. Several different factors may
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drive this variation. Our finding that tobacco policies at the
state, county, and city levels had similar degrees and patterns
of co-occurrence among similar sets of policies suggests
that co-occurrence may be a characteristic of the domain.
Political polarization may result in greater co-occurrence for
certain policy domains (e.g., firearms) versus others (e.g.,
family leave). Databases with rarer policies, fewer umbrella
policies (e.g., recreational cannabis), or more nested poli-
cies (e.g., firearm policies that apply to all guns vs. hand-
guns) also tended to have more co-occurrence. Databases
with more unique policies also generally had more co-
occurrence; with a fixed number of jurisdictions and times of
observation, considering more policies creates more oppor-
tunities for alignment. Importantly, these patterns highlight
that the measured degree of co-occurrence depends not only
on the policies themselves but also on the investigator’s
choices of policy measures. Furthermore, policies that could
be considered alternatives rather than complements (e.g.,
child tax credits and child tax allowances) co-occurred less
frequently and may offer the opportunity for more robust
studies of causal impacts. Differences in the ways that poli-
cies are adopted across different political systems and differ-
ent jurisdictional levels may also matter. In our examples,
country-level policies appeared to co-occur less frequently
than state-level policies, implying that estimating causal
effects of country-level policies may be more feasible. Sim-
ilar considerations apply to the temporal scale of analyses as
well: The feasibility of estimating health effects may depend
on whether analyses are conducted at the level of the year,
month, or even election cycle. Our analysis could not deter-
mine which of these factors drives variation in policy co-
occurrence; this would be a fruitful area for future research.

Limitations

Several other limitations of this study must be noted.
Certain policy domains were not covered, either because
no social policy studies for that domain were sampled or
because no corresponding policy database was identified or
accessed. We did not review all potentially relevant journals.
Our results may not generalize to policy domains or jour-
nals not examined. Our approach also assumes that all the
policies in each domain-specific database are relevant to the
health outcome of interest; this is plausible for social inter-
ventions that likely affect a broad range of health outcomes,
but for some outcomes, only a subset of the policies in a
database may need to be controlled to isolate the effect of
the index policy. In addition, our approach is only relevant
when a database of the relevant policies exists or can be
constructed. Developing policy databases is often an arduous
task requiring systematic review of legal language. We did
not consider the quality of the underlying databases. Our
selections serve to illustrate the policy co-occurrence prob-
lem, but for applied researchers, the optimal policy database
may differ from the one used here. The problem of correlated
exposures arises in many domains, including environmental
health, and although social policies are distinct in impor-
tant regards, methods in other domains may nonetheless
prove helpful. Furthermore, our analysis did not examine
the distinctions between policy adoption, implementation,

promulgation, or changes in norms that precede or follow
from policy changes, but these considerations are essential
in applied policy research.

Finally, data sparsity arising from co-occurring policies
can lead to bias, not just imprecision. Our simulations did
not incorporate this because this type of bias is less relevant
to studies of the health effects of social policies and is
highly context specific. Simulation results on the magnitude
of bias from positivity violations are therefore unlikely to
be generalizable. Specifically, bias arising from positivity
problems depends on the estimation method. For methods
that rely on modeling the outcome (e.g., with regression),
positivity-related bias arises from model-based extrapola-
tion. For methods that involve modeling the exposure mech-
anism (e.g., propensity score matching, inverse probability
of treatment weighting), bias can result from disproportion-
ate reliance on the experiences of a just a few units or on the
absence of certain confounder strata (i.e., certain groups are
never exposed and thus cannot be weighted to de-bias the
estimate). Because our simulations were based on outcome
regressions—the most common approach for differences-in-
differences, panel fixed effects, and related designs—bias
would only arise from model-based extrapolation. However,
for the vast majority of policies identified in this study,
measures were binary, and thus extrapolation cannot occur.
For continuous policy measures (e.g., the amount of a tax),
model-based extrapolation is possible but application depen-
dent. Thus, simulating the potential degrees of bias resulting
from model-based extrapolation requires either tenuous gen-
eralizations or substantive assumptions about each policy
area. We suspect that extremely nonlinear relationships that
would lead to large extrapolation bias are rare for policy
effects, but this remains an open question.

Implications

Researchers should be cautious when seeking to make
causal inferences about the health effects of single social
policies using methodological approaches premised on ar-
bitrary or quasi-random variation in policies across juris-
dictions and time. Not every policy change offers a valid
differences-in-differencesorpanelfixed-effectsstudydesign.
These methods are most compelling when policy implemen-
tation is staggered across jurisdictions and dates indepen-
dently from other policies and for plausibly like-random or
arbitrary reasons. For example, there could be differing tim-
ing of elections, legislative sessions, crises that provoke spe-
cific policy changes, or lottery-type rollouts. In these cases,
such research can be very persuasive, or at least constrain
the set of co-occurring policies. Our finding of pervasive
policy co-occurrence across numerous databases suggests
that many policies do not fit this criterion.

Inadequate control for co-occurring policies or differ-
ences in the set of policies controlled may explain surpris-
ing or conflicting results in previous studies. Investigators
should base interpretations of social policy research on the
plausibility that policy adoption is distributed arbitrarily
with respect to other uncontrolled policies or social changes,
a phenomenon that, in reality, may be rare. This evaluation
should be based on deep content knowledge of law, politics,
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and society—a compelling argument for involving policy-
makers in the design and interpretation of studies.

Potential solutions

We illustrate an approach for researchers to assess
whether the effects of individual policies can be estimated.
Although other simulation-based methods for assessing
positivity exist (6), the approach we propose is tailored to the
policy co-occurrence problem and facilitates examining how
a full set of policies substantively occur together. For a given
application, if the heatmap indicates high correlations, and
estimated R2 values and variance inflation are high, it may be
necessary to alter the research question and corresponding
analytic approach.

Researchers have applied numerous analytic approaches
to address the challenge of highly co-occurring policies,
ranging from machine-learning algorithms that identify pol-
icy measures most strongly related to an outcome of interest
to methods that characterize overall policy environments
based on expert panels. Relevant methods have been dis-
cussed in diverse prior work (7–9, 12, 22, 94–97). The
second article in this issue on policy co-occurrence (97)
provides a systematic assessment of available methods. We
briefly review 3 promising analytic options here, and refer
the reader to the other article for more detail.

One approach is to focus on outcomes that are affected
by the index policy of interest but not the co-occurring
policies. For example, changes in state Earned Income Tax
Credits (EITC) co-occur with changes in other social welfare
policies (98). Rehkopf et al. (99) took advantage of season-
ality in the disbursement of EITC cash benefits (typically
delivered in February, March, and April) versus benefits
without the same seasonal dispersal pattern, to examine
the association of EITC with health using a differences-in-
differences design. By comparing health outcomes that can
change monthly (e.g., health behaviors) for EITC-eligible
versus noneligible individuals in months of income supple-
mentation versus nonsupplementation, the authors measured
potential short-term impacts of EITC independent of other
social welfare policies.

Another approach is to move beyond binary measures of
policy adoption to more detailed characterizations (e.g., the
amount of funding, generosity, participation rate, or popula-
tion reach of a program; the size of a tax; the duration of a
policy). These measures may co-occur less frequently with
related policies or provide opportunities to examine dose–
response effects among jurisdictions adopting the policy.
For example, the adoption of certain unemployment bene-
fit policies co-occurs frequently with other social welfare
policies across state-years. Researchers have successfully
assessed these policies’ health impacts by comparing vary-
ing levels of unemployment benefit generosity—measured
as the total maximum allowable benefit (in US dollars)
per bout of unemployment—across states and years (100,
101). Heatmaps like those presented in this study may help
researchers identify specific policy measures that are more
independent from related policies.

A final option is to conceptualize policy clusters, instead
of individual policies, as exposures. This is promising if poli-

cies are typically adopted as a group, as is the case with the
large omnibus bills that are increasingly common at the state
and federal levels. This approach is also particularly relevant
when studying the provisions of a single umbrella policy.
For example, for provisions of recreational cannabis legal-
ization, exposure categories based on the overall approach
to legalization in 1 state versus another may be of greater
interest than the effects of individual provisions. Similarly,
Erickson et al. (102) categorized states into 4 groups on the
basis of stringency of the overall alcohol policy environment
and found that these categories were associated with levels
of past-month alcohol consumption. Several options are
available to define clusters, including manual selection, hier-
archical cluster analysis, latent class analysis, and principal
components analysis (103). Heatmaps like those presented
here can help inform the selection of appropriate clusters by
offering an intuitive visual reference for the likelihood that
sets of policies were adopted together. Evaluating situations
when each clustering approach might be preferable is a
future research direction.

CONCLUSIONS

Overall, our findings suggest that co-occurring policies
are a major methodological challenge to rigorously evalu-
ating the health effects of individual social policies. Rig-
orous study design and interpretation of studies that seek
to isolate individual policy effects require careful attention
to co-occurring policies and their impacts on identifiability
and precision. Evaluating the health effects of policies is a
powerful strategy to address confounding and an important
substantive domain, conceptualizing social policies as a
natural avenue for translation of epidemiologic findings to
public health. Study designs, statistical methods, and data
collection efforts to enhance statistical power for evaluating
co-occurring policies or to circumvent the co-occurrence are
a high priority for future work.
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