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Guarding Against Seven Common
Threats to the Credible Estimation
of COVID-19 Policy Effects

See also Chae and Park, p. 1844.

Because there was no vaccine
or effective drug treatment,
nonpharmaceutical interventions
(NPIs) such as social distancing,
school closures, and large-scale
population lockdowns were the
centerpiece of the global re-
sponse to the COVID-19 pan-
demic. NPIs aim to lower the
basic reproduction number,
R0ðtÞ, to below one by reducing
the contact rate to prevent epi-
demic outbreaks. This can be
achieved through at least three
strategies: (1) suppression (i.e.,
severely restricting contacts in
the population [e.g., through
shelter-in-place policies]); (2)
mitigation (i.e., flattening the
transmission curve to enable the
health care system to handle
critically ill individuals at any time);
or (3) herd immunity (i.e., letting
the infection spread without active
intervention to allow enough in-
dividuals to be infected and de-
velop immunity to thedisease, thus
making its subsequent spread un-
likely). A recent modeling study
found that NPIs, particularly
lockdowns, successfully reduced
R0ðtÞ across various European
countries.1 However, overly
restrictive NPIs may impose sub-
stantial health, social, and eco-
nomic costs.2 Understanding
which NPIs are most effective to
prevent COVID-19 transmission
is therefore critical to balance their

public health benefits against
these costs.

Although randomized con-
trol trials are impractical in the
COVID-19 context, econometric
techniques that carefully exploit
the quasiexperimental nature of
interventions can credibly estimate
their causal effects. As more data
emerge, thesemethodsmay enable
researchers to assess whether vari-
ous NPIs achieved their intended
goals. Because different jurisdic-
tions implemented different poli-
cies over time, a difference-in-
difference (DiD) design can be
used to estimate the causal effects
of NPIs by comparing changes in
COVID-19–related outcomes
before and after the implementa-
tion of a given policy in a locality
to changes in the same outcome
in another locality that did not
implement the policy.3,4 Although
the dynamics of COVID-19,
individuals’ reactions, and the
flood of policy responses can
hinder the development of
credible DiD designs, carefully
conducted DiD analyses can be
transparent, convincing, timely,
and policy relevant. The article
by Chae and Park in this issue of
AJPH titled “Effectiveness of
Penalties for Lockdown Viola-
tions During the COVID-19
Pandemic in Germany” (p. 1844)
is timely and demonstrates how
the DiD design can be used to

estimate the effects of fines on
COVID-19 transmission and
mortality rate. Although the
study illustrates strengths of
the DiD design, it also exposes
several pitfalls to applying the
DiD design in the context of
COVID-19 and NPIs.

SEVEN PITFALLS
Threats to establishing causality

and implementing credible DiD
designs have been described in
earlier issues of this journal.5

Central to these is establishing a
counterfactual (i.e., what the
outcomes would have been in
the absence of the policy). In
the DiD design, this is referred to
as the common (parallel) trends
assumption, potential violations
of which can produce biased causal
inference. The dynamics of
COVID-19 transmission and the
likelihood that policies have
time-varying effects are potential

threats to the DiD design. Hence,
observation time in the pre- and
postpolicy periods must be suffi-
ciently long to demonstrate that
the parallel trend assumption is
robust to confidently conclude
that the control and intervention
groups were similar before the
implementation of the interven-
tion. Decisions about the relevant
outcomes and how they are
measured (e.g., cases, rates, loga-
rithms) can also affect analyses of
COVID-19 policies; for example,
the common trends assumption
depends on scaling, so what holds
at the outcome level does not hold
for the log of the outcome.6

Second, reverse causality may
threaten the credibility of DiD
designs. If jurisdictions enact more
restrictive policies in response to
worsening outbreaks, the observed
variations in COVID-19 policies
may be functions of past changes in
COVID-19 itself; thus small dif-
ferences at the infection’s outset
that trigger local interventions may
imply large differences in the in-
fection’s subsequent development.

Third, voluntary precaution
and anticipation may contribute
to biased DiD estimates of policy
effects. Even before any policy
is implemented, publicity on
the pandemic may have in-
duced voluntary precautionary
behaviors. If worse infections
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induced stronger precaution and
policy interventions, this could
exacerbate the bias in the esti-
matedDiD effects. If, in addition,
individuals change behaviors
in anticipation of the policy
implementation, a surge in pre-
policy infections may occur,
further biasing causal inference.

Fourth, migrations between
areas that implemented a given
policy and those that did not can
contaminate the treatment or
control groups and potentially
bias the effect size toward null.

Fifth, variable policy timing
can lead to staggered treatment
and produce time-varying treat-
ment effects, so two-way fixed
effects estimates will still be biased
away from the estimate of the
true treatment effect.7

Sixth, inherent measurement
errors in COVID-19 outcomes
(e.g., reported infections and
deaths), which may vary across ju-
risdictions and over time and lag in
time, can further confound esti-
mation of the policy effects. For
example, COVID-19’s incubation
period suggests that reported in-
fections lag true infectionsby several
days, so the epidemiological, social,
and economic effects of policies
may also lag; differences in timing
anduseof testing across jurisdictions
could exacerbate these biases.

Seventh, the concomitant
adoption of multiple COVID-19
prevention strategies makes it
particularly difficult to isolate the
effects of individual policies; het-
erogeneity in individual responses
to COVID-19 and compliance
with policy may produce different
effects for various population sub-
groups and places.

MITIGATING THESE
THREATS TO VALIDITY

First, event studies can help
detect many of the potential

biases we have described, includ-
ing ruling out reverse causality if
COVID-19 outcomes worsen
before the implementation of the
policy.

Second, the control group
should differ from the treatment
group only by the introduction of
a single or a few COVID-19
policies. Propensity score reweight-
ing or synthetic control3 tech-
niques can help balance the
treatment and control groups in
prepolicy levels and trends in
COVID-19 outcomes as well as
characteristics that influence dis-
ease transmission and severity,
individual behaviors, and com-
pliance with policy.

Third, to mitigate the risk that
DiD estimates can still be biased
when treatment effects are time
varying,7 researchers should
consider alternative estimators
that rely on the assumption that
the potential outcomes are inde-
pendent of treatment status, con-
ditional on past outcomes (e.g.,
propensity score reweighting,
synthetic control, or lagged de-
pendent variable estimators).

Fourth, although it may be
impossible to purge every source
of bias, careful consideration of
potential sources of biases, their
signs, and their likely magnitudes
can inform the interpretation of
DiD estimates and lend credence
to the analysis.

Finally, placebo (falsification)
tests should be performed to
demonstrate that any observed
relationship between the policy
and outcomes is more likely at-
tributable to the policy than to
other underlying causes. Re-
searchers must recognize these
threats to validity to guard against
bias, accurately interpret results,
and provide sound guidance to
policymakers and the public. To
avoid overgeneralizations that
may lead to unnecessarily harsh
measures or further exacerbate
existing health and economic

disparities, heterogeneity in pol-
icy effects should also be carefully
examined.

To tackle the COVID-19
pandemic, various NPI strategies
were implemented worldwide,
sometimes without carefully
weighing the tradeoffs between
their health, social, and economic
benefits and costs. Now is the
time to apply robust, transparent
study designs that account for
population heterogeneity to
credibly assess the impact of these
interventions, improve our re-
sponse to the current pandemic,
and, ultimately, prepare for fu-
ture ones.
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