
Placebo Tests for Causal Inference

Andrew C. Eggers University of Chicago
Guadalupe Tuñón Princeton University
Allan Dafoe DeepMind and Centre for the Governance of AI

Abstract: Placebo tests are increasingly common in applied social science research, but the methodological literature has not
previously offered a comprehensive account of what we learn from them. We define placebo tests as tools for assessing the
plausibility of the assumptions underlying a research design relative to some departure from those assumptions. We offer a
typology of tests defined by the aspect of the research design that is altered to produce it (outcome, treatment, or population)
and the type of assumption that is tested (bias assumptions or distributional assumptions). Our formal framework clarifies
the extra assumptions necessary for informative placebo tests; these assumptions can be strong, and in some cases similar
assumptions would justify a different procedure allowing the researcher to relax the research design’s assumptions rather
than test them. Properly designed and interpreted, placebo tests can be an important device for assessing the credibility of
empirical research designs.

Verification Materials: The data and materials required to verify the computational reproducibility of the results, pro-
cedures, and analyses in this article are available on the American Journal of Political Science Dataverse within the
Harvard Dataverse Network, at: https://doi.org/10.7910/DVN/3RR5RJ.

I n an observational study measuring the effect of a
treatment on an outcome, a researcher’s job is only
partly done once the treatment effect has been esti-

mated. Beyond assessing the probability that an associ-
ation as strong or stronger could have arisen by chance
(via null-hypothesis significance testing), researchers of-
ten conduct robustness checks to assess how conclusions
depend on modeling choices (Neumayer and Plümper
2017), subgroup analyses to check whether the treat-
ment effect varies across units in a way that corresponds
with the author’s causal theory (Cochran and Cham-
bers 1965; Rosenbaum 2002), and sensitivity analyses
to assess how remaining confounders might affect the
study’s conclusions (Cinelli and Hazlett 2020; Rosen-
baum and Rubin 1983). These auxiliary analyses help the
reader judge whether the estimated treatment effect reli-
ably measures the treatment effect or instead reflects ran-

dom error, misspecification, confounding, or something
else.

In this article, we study placebo tests, another form
of auxiliary analysis for observational studies. Like the
other types just mentioned, placebo tests help assess the
credibility of a research finding. The term “placebo test”
has its origins in medicine, where a “placebo” originally
referred to an ineffective medicine prescribed to reassure
a worried patient through deception (De Craen et al.
1999) and later came to refer to a pharmacologically
inert passive treatment in drug trials. In observational
studies in political science, economics, and other social
sciences, “placebo test” now refers to a type of auxiliary
analysis where the researcher checks for an association
that should be absent if the assumptions underlying the
design hold but might be present if those assumptions
are violated in some relevant way.
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FIGURE 1 The Growing Popularity of Placebo
Tests in Political Science

Note: The figure shows the number of articles mentioning
“placebo test” and related terms in seven top political science
journals, 2005–21.

As an example, consider two placebo tests presented
in Peisakhin and Rozenas’s (2018) study of the effects
of Russian news media in Ukraine. Before the 2014
Ukrainian election, TV transmitters in southwest Russia
broadcast pro-Russian news programming into Ukraine.
Peisakhin and Rozenas (2018) argue that these broadcasts
substantially affected the Ukrainian election outcome,
partly on the basis that Ukrainian election precincts
where Russian news TV signal was stronger voted for
pro-Russian parties at a higher rate (conditional on some
covariates). To address concerns that precincts with bet-
ter reception of Russian news broadcasts would have
been more supportive of pro-Russian parties anyway,
Peisakhin and Rozenas (2018) present several placebo
tests. In one, they show that precincts with better Rus-
sian sports TV signals were not stronger supporters of
pro-Russian parties; in another, they show that news
TV-signal quality and support for Russia were unrelated
among Ukrainians who owned satellite TVs and thus did
not rely on terrestrial TV signals.

Placebo tests like Peisakhin and Rozenas’s (2018)’
have become increasingly common in political science in
recent years. Figure 1 shows the number of papers ap-
pearing on Google Scholar including “placebo test” and
closely related terms that were published in seven top po-
litical science journals (American Political Science Review,
American Journal of Political Science, Journal of Politics,
International Organization, British Journal of Political Sci-
ence, Quarterly Journal of Political Science, Comparative
Political Studies) each year between 2005 and 2021. We

found no papers mentioning “placebo test” before 2009,
but the number has increased fairly steadily thereafter,
with over 50 articles in 2021 alone. (By the late 2010s,
about 5% of articles mentioning “test” also mentioned
“placebo test.”) The growing popularity of placebo tests
in political science builds on foundational work in statis-
tics (e.g., Rosenbaum, 1984, 2002) and compelling ap-
plications in adjacent disciplines (e.g., Cohen-Cole and
Fletcher 2008; DiNardo and Pischke 1997); it follows
Sekhon (2009) and Dunning (2012), who urged political
scientists to carry out placebo tests.

Despite the increasingly widespread use of placebo
tests, it can be difficult to understand what makes placebo
tests work, both in specific cases and in general, and how
to design them. Insights about placebo tests are scattered
across empirical applications and in methodological ar-
ticles in several disciplines where the same basic practice
is referred to by different names (e.g., falsification tests
[Pizer 2016], tests for known effects [Rosenbaum 1989],
tests of unconfoundedness using pseudo outcomes and
pseudo treatments [Imbens and Rubin 2015], tests with
negative controls [Lipsitch, Tchetgen Tchetgen, and Co-
hen 2010]). Although several authors formally analyze
placebo tests that assess unconfoundedness assumptions
(Arnold et al. 2016; Imbens and Rubin 2015; Lipsitch,
Tchetgen Tchetgen, and Cohen 2010; Rosenbaum 1984,
1989), their frameworks do not encompass placebo tests
that probe estimation assumptions; many discussions of
placebo tests also address only one way of designing tests,
such as using a different outcome variable. Moreover,
previous discussions provide only cursory guidance
about how the results of a placebo test should be inter-
preted. This omission is particularly important because,
as noted by Hartman and Hidalgo (2018), authors tend
to present null results in placebo tests as validation of a
research design even when the test is severely underpow-
ered; correspondingly, our own informal conversations
suggest a widespread perception that, due to selective re-
porting and “null-hacking” (Protzko 2018), the evidence
provided by most placebo tests is dubious at best.

This article aims to improve the use and interpreta-
tion of placebo tests in social science by cutting through
the existing thicket of conflicting terminology and nota-
tion to clarify what a placebo test is, what makes placebo
tests informative, and how they should be designed and
interpreted. Our main message is that placebo tests have a
clear logic, and that closer attention to that logic (both in
presenting and interpreting placebo tests) should lead to
more informative placebo tests and a higher standard of
research. To clarify the logic of placebo tests, the section
entitled “A Theory of Placebo Tests” provides formal con-
ditions under which the plausibility of the assumptions
underlying a research design depends on the results of a
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PLACEBO TESTS 3

set of placebo tests. (Briefly, the key requirement is that
each test is more likely to “fail” if those assumptions are
violated than if they hold; this will be true if the treatment
does not affect the outcome in the placebo analysis, but
the placebo analysis mirrors the original research design
closely enough to reproduce a possible violation of the
core assumptions.) We also offer a typology that classifies
placebo tests according to what kind of assumption is
being tested (bias assumptions, which relate to point esti-
mates, and distributional assumptions, which roughly re-
late to standard errors) and what aspect of the core anal-
ysis is altered (the outcome, treatment, or population).
In the sections entitled “Designing Placebo Tests of Bias
Assumptions” and “Designing Placebo Tests of Distribu-
tional Assumptions,” we illustrate each type of test using
directed acyclic graphs (DAGs) and examples from po-
litical science. In “Testing Assumptions Versus Relaxing
Assumptions,” we consider alternative approaches that,
under similar conditions, relax the assumptions behind a
research design rather than testing them. In “Researcher
Degrees of Freedom and Related Issues” we discuss p-
hacking, null-hacking, and other systemic problems that
can make published research unreliable; placebo tests
are subject to some of the same issues, but placebo tests
can also help address these problems, especially if their
logic is better understood. In the “Conclusion: A Placebo
Test Checklist,” we conclude with a checklist of ques-
tions to ask about any placebo test. The concepts and
recommendations contained in the article should help
researchers both interpret placebo tests and devise their
own, particularly in conjunction with our library of over
100 placebo tests gathered from recent political science
research (see the online supporting information, p. 3).

Perhaps the most important contribution of this ar-
ticle is to place both placebo tests and the research de-
signs they probe in a statistical hypothesis-testing frame-
work. This has several benefits. First, it emphasizes that
placebo tests generate false positives and false negatives
by design (due to sampling variation), not just because
(as Lipsitch, Tchetgen Tchetgen, and Cohen [2010] point
out) the placebo analysis may fail to reproduce key ele-
ments of the core analysis. Second, it allows us to handle
in a unified framework placebo tests that aim to check
for incorrect standard errors along with tests that aim
to probe for bias; these types have previously been con-
sidered separately, with the latter attracting far more at-
tention. Third, thinking in terms of hypothesis tests and
associated rejection rates allows us to apply Bayes Rule
to formalize what is learned from the results of a set
of placebo tests, which facilitates discussion of multiple
testing, the implications of null-hacking or p-hacking in
placebo tests, and how to interpret tests whose assump-
tions do not exactly hold.

A Theory of Placebo Tests

A placebo test is a method for probing the assumptions
underlying a research design (which we call the core as-
sumptions). In a placebo test, a researcher checks for an
association that is more likely to be present if those as-
sumptions are violated than if those assumptions hold.
Whether (or how often) a significant association is found
thus provides evidence about the validity of the research
design’s assumptions; doubts about these assumptions
could lead to a different design or highlight the need
for sensitivity analysis. In this section, we formalize the
Bayesian logic that we argue best explains this endeavor,
specify a set of assumptions that produce an informative
test, and introduce a typology of placebo tests.

What Do We Learn from Placebo Tests?

Let H0 denote the null hypothesis that the research de-
sign’s core assumptions hold, and let H1 denote the alter-
native hypothesis that those assumptions are violated in
some well-specified way.1 Suppose n placebo tests are run
(with n = 1 an important special case), and assume that
each test produces a binary result: a “failing” test is one
where we say that the null hypothesis is rejected; a “pass-
ing” test is one where it is not rejected. (We postpone for
now the details of the rejection rule.) Let p0 denote the
probability of a failing test when H0 is true (the false pos-
itive rate or size of the test), and let p1 denote the prob-
ability of a failing test when H1 is true (the true positive
rate, sensitivity, or power of the test). For simplicity we
assume that the n tests all have the same p0 and p1 and
are conditionally independent; this is easily generalized.

Then given x failing tests, the ratio of the posterior
probability of H0 versus H1 (i.e., the posterior odds ratio)
is, by Bayes Rule,

Pr (H0 | x failures in n tests)

Pr (H1 | x failures in n tests)

= Pr (H0)

Pr (H1)

Pr (x failures in n tests | H0)

Pr (x failures in n tests | H1)

= Pr (H0)

Pr (H1)

px
0

(
1− p0

)(n−x)

px
1

(
1− p1

)(n−x)
. (1)

In words, the relative plausibility of the core as-
sumptions (H0) versus some departure from those as-
sumptions (H1), given the test results, is the prior rel-
ative plausibility times the ratio of the likelihoods (i.e.,

1Hartman and Hidalgo (2018) recommend reversing the null and
alternative. We discuss this proposal in “Researcher Degrees of
Freedom and Related Issues.”
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4 ANDREW C. EGGERS, GUADALUPE TUÑÓN AND ALLAN DAFOE

the Bayes factor) for obtaining those results under H0

versus H1.2

We emphasize four aspects of Equation (1). First, a
necessary and sufficient condition for a placebo test to
be informative, in the sense that a failing result consti-
tutes evidence against the core assumptions and a passing
result constitutes evidence for those assumptions, is that
p1 > p0, that is, power > size. Broadly, the higher is p1

and the lower is p0 the more informative is the test, that
is, the more a single test result shifts our beliefs.3 Thus in
interpreting a placebo test we should always ask whether
(and roughly to what extent) a failing result is more likely
if the research design’s assumptions are violated than if
they hold. This requires assumptions beyond those em-
ployed in the research design itself; below we articulate
one such set of assumptions in general terms before il-
lustrating how they operate in applications.

Second, although in principle one could quantify
each of the components of Equation (1), in general we
view this as a heuristic for understanding the logic of
placebo tests (and hypothesis tests more generally) rather
than a quantitative measure to compute. Given assump-
tions we discuss in the next section, p0 is close to the
nominal size of the test (e.g., 0.05); the precise value of
p1, by contrast, depends on the assumed data generating
process under H1. Rather than specifying that DGP and
computing p1, we typically seek to reason more heuris-
tically about whether p1 likely exceeds p0 by a small or
large amount.

Third, placebo tests produce false positives and false
negatives, and the results should be interpreted proba-
bilistically in light of these error rates. Assuming p0 > 0,
a single failing placebo test is not definitive proof that the
core assumptions do not hold; assuming p1 < 1, a sin-
gle passing test is not definitive proof that these assump-
tions hold. Furthermore, there may be many ways the
core assumptions could be violated, and a given test may
be informative about only some of those violations. Thus
placebo tests are imperfectly informative not just because
(as Lipsitch, Tchetgen Tchetgen, and Cohen [2010] point
out) there may be flaws in the research design that the
placebo test does not reproduce, or the reverse (flaws in
the placebo analysis that are not present in the original
research design), but also because hypothesis tests are de-

2Royall (1997, 48–49) similarly characterizes the posterior relative
odds of two simple hypotheses given a test result and the size and
power of the test.

3More precisely, the degree to which a single test result shifts the
log of Equation (1) is given by the log of p0

p1

1−p1
1−p0

, which in medical

testing is called the “diagnostic odds ratio” (Glas et al. 2003). That
literature uses “sensitivity” and “specificity” where we use power
and (one minus) size; it uses “discriminatory ability” or “discrim-
inatory performance” where we use informativeness.

signed to produce false positives (due to sampling varia-
tion) and inevitably produce false negatives due to finite
statistical precision. Given enough tests, a mix of pass-
ing and failing tests may be likely under both H0 and H1;
thus Equation (1) gives guidance about how to interpret
multiple tests.

Finally, the prior plausibility of the contemplated de-
parture H1 matters. The results of the placebo test(s)
might be more consistent with some H1 than with H0, but
H0 could still be more plausible than H1 if other informa-
tion strongly favors H0 over H1. For example, in an ex-
periment where treatment was assigned within matched
pairs by a coin flip, we might detect a degree of covari-
ate imbalance that would be more likely if the coin were
weighted than if it were fair, but given the apparent im-
possibility of weighting a coin (Gelman and Nolan 2002),
we would still tend to believe that the coin was fair. Ac-
cordingly, we should design placebo tests that are less
likely to fail if the core assumptions hold than if there
is some plausible departure from those assumptions.

Formal Conditions for an Informative
Placebo Test

We now offer a set of sufficient conditions under which a
placebo test can be informative about a research design’s
core assumptions—that is, conditions under which the
test’s power p1 is greater than its size p0. These conditions
do not describe every informative test,4 but they help to
illuminate the logic behind most tests we encounter in
the empirical literature.

We start with the research design itself, that is, the
core analysis, to clarify the role of the assumptions we
seek to test. The core analysis produces an estimate δ̂ of
the average effect of a treatment on an outcome using a
sample from some population. This estimate trivially can
be decomposed into the true average treatment effect δ,
the bias b ≡ E[δ̂]− δ, and sampling error ε ≡ δ̂− E[δ̂],
that is,

δ̂ = δ+ b+ ε.

In the core analysis the researcher seeks to use the
observed estimate δ̂ to test the null hypothesis that
δ = 0. Doing so requires two sets of assumptions. The
bias assumptions BA jointly imply b = 0. In general,
bias assumptions encompass assumptions about identifi-
cation, estimation, measurement, and sample selection5

that allow for unbiased estimates of δ. The distributional

4Biased but consistent estimators do not rely on the assumption
that bias is exactly 0, for example.

5Arnold et al. (2016) discuss placebo tests in epidemiology for de-
tecting measurement bias and selection bias.
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PLACEBO TESTS 5

assumptions DA relate to the sampling distribution of ε

and jointly imply Pr(ε ∈ R) ≤ α for a chosen α and cor-
responding two-sided rejection region R; for example,
DA could be assumptions about the (in)dependence of
observations implying that ε (and therefore δ̂) is nor-
mally distributed with a given variance. It follows that

Pr
(
δ̂ ∈ R | δ = 0 ∧ IA ∧ EA

)
≤ α,

that is, the false positive rate in testing the null hypothesis
of “no effect” is at most the nominal rate α given the core
assumptions BA and DA.

The placebo test assesses the plausibility of these core
assumptions. The placebo analysis is an altered version of
the core analysis that produces an estimate δ̂p that is anal-

ogous to δ̂ and similarly can be decomposed into treat-
ment effect, bias, and sampling error:

δ̂p = δp + bp + εp.

The researcher seeks to use the observed estimate δ̂p

to test the null hypothesis that the core assumptions hold.
Doing so requires further assumptions.

Assumption 1 (No Average Treatment Effect, or NATE):
δp = 0.

NATE simply states that the treatment has no aver-
age effect on the outcome in the placebo analysis. (This
justifies using the term “placebo test.”)

Assumption 2 (Linked Bias Assumptions, LBA):
BA⇒ bp = 0.

Assumption 3 (Linked Distributional Assumptions,
LDA): DA⇒ Pr(εp ∈ Rp) ≤ αp.

LBA states that if the bias assumptions hold in the
core analysis, then they also hold in the placebo analysis;
similarly, LDA states that if the distributional assump-
tions hold in the core analysis, then they also hold in the
placebo analysis.

NATE, LBA, and LDA jointly imply that if the core
assumptions hold, then p0 (the probability of a failing
placebo test) is at most αp, the nominal size of the test.
Figure 2 illustrates the logic. (The online supporting in-
formation contains proof of this and subsequent logical
claims in this section.) Let H0 refer to the null hypothesis
that the core assumptions BA and DA hold. As shown
in the diagram labeled “Core analysis” in the first row of
Figure 2, the sampling distribution of the estimator δ̂ in
the core analysis ( f (δ̂)) is centered on the average treat-
ment effect δ (i.e., there is no bias), with mass in the tail
no larger than α (here, 0.05). Under Assumptions 2 and 3
(LBA and LDA), the sampling distribution of the estima-
tor δ̂p ( f (δ̂p)) inherits the good properties of f (δ̂), and

under NATE it is centered on 0; thus under H0 δ̂p will be

found in the rejection region with probability p0 ≤ .05.
This is illustrated in the diagram labeled “Placebo analy-
sis” in the first row of Figure 2.

We now turn to the test’s true-positive rate p1

(power). We distinguish between two types of test, de-
pending on what alternative hypothesis is being consid-
ered. In a placebo test of distributional assumptions, the
alternative hypothesis (call it H1b) is that the bias as-
sumptions hold but the distributional assumptions fail.
The following assumption states that, if the estimation
assumptions fail in the core analysis in the way contem-
plated by H1b, they also fail in the placebo analysis:

Assumption 4 (Linked Violation of Distributional As-
sumptions, LVDA): H1b ⇒ Pr(εp ∈ Rp) > αp.

If Assumptions 1, 2, and 4 (NATE, LBA, and LVDA)
hold, then under H1b the test’s true-positive rate p1 ex-
ceeds the test’s nominal size. (Thus Assumptions 1, 2,
3, and 4 are jointly sufficient for an informative placebo
test of distributional assumptions.) This is illustrated in
the bottom row of Figure 2. H1b implies an excessive
false-positive rate in the core analysis due to fat tails in
the sampling distribution of δ̂ (or, equivalently, a mis-
specified rejection region): if δ = 0, δ̂ would fall in
the rejection region at a rate above α = 0.05. Assump-
tions 1, 2 and 4 imply that f (δ̂p) will be centered on

0 but, like f (δ̂), will have a misspecified rejection re-
gion, producing a true-positive rate p1 above the test’s
size.

In a placebo test of bias assumptions, the alternative
hypothesis (call it H1a) is that the distributional assump-
tions hold but the bias assumptions fail. For these tests,
we invoke the following two assumptions:

Assumption 5 (Linked Violation of Bias Assumptions,
LVBA): H1a ⇒ bp �= 0.

That is, when the core analysis is biased, so is the
placebo analysis.

Assumption 6 (Sampling error in placebo analysis,
SEPA): The sampling distribution of ε̂p (and there-

fore δ̂p) is unimodal and symmetric, with a strictly
increasing distribution function.

If Assumptions 1, 3, 5, and 6 (NATE, LDA, LVBA,
SEPA) hold, then under H1a the test’s true-positive rate
p1 exceeds the test’s nominal size. (Thus Assumptions 1,
2, 3, 5, and 6 jointly sufficient for an informative placebo
test of bias assumptions.) This is illustrated in the middle
row of Figure 2. H1a implies an excessive false-positive
rate in the core analysis because f (δ̂) is not centered on
δ (i.e., δ̂ is biased). Assumptions 1, 3, and 5 imply that,
under H1a, f (δ̂p) will also not be centered on 0 and, given
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6 ANDREW C. EGGERS, GUADALUPE TUÑÓN AND ALLAN DAFOE

FIGURE 2 Sufficient Conditions for Informative Placebo Tests

Notes: If the bias assumptions (BA) and distributional assumptions (DA) behind the core analysis hold (H0), then the
sampling distribution of the estimator δ̂ in the core analysis ( f (δ̂)) is centered on the true value δ with the correct mass
in the tails (top-left diagram). Assumptions 1–3 and H0 jointly imply that the sampling distribution of δ̂p in the placebo

analysis ( f (δ̂p)) has the same good properties, so that the probability of a false positive in the placebo test is at most the

nominal size αp (here, 0.05). If BA fails and f (δ̂) is not centered on the true value δ (second row), then Assumptions 1, 3,

5, and 6 imply that f (δ̂p) is also not centered, producing a true positive rate p1 > αp. Similarly, if DA fails and f (δ̂) has

excessive mass in the tails (second row), then Assumptions 1, 2, and 4 imply that f (δ̂p) also has excessive mass in the tails,
producing a true positive rate p1 > αp.

Assumption 6, this implies a true-positive rate p1 above
the test’s size.6

To summarize and simplify, an informative placebo
analysis typically exhibits two key properties. First, there
is no effect of treatment (NATE). Second, the placebo
analysis mirrors the core analysis in the following respect:
if testing for no effect in the core analysis is reliable, then
it is also reliable in the placebo analysis (LBA and LDA),
but if there is a problem with bias or standard errors in
the core analysis, then the placebo analysis would inherit
that problem (LVBA or LVDA).

A Typology of Placebo Tests

To better understand the challenges of designing and
interpreting placebo tests, we examined every paper

6The sign of the biases b and bp may be the same or different as in
Figure 2.

mentioning a “placebo test,” “balance test,” or “falsi-
fication test” in the American Political Science Review,
American Journal of Political Science, Journal of Politics,
and International Organization between 2009 and 2018.
In analyzing the resulting list of 110 placebo tests (which
we summarize in the online supporting information, p.
3),7 we found it useful to categorize tests according to
two features.

The first feature (mentioned in the previous section)
is which assumptions are being tested—bias assump-
tions or distributional assumptions. The second feature
is how the placebo analysis differs from the core anal-
ysis. In general, the placebo analysis is a replication of

7This is a nearly exhaustive list of placebo tests appearing in these
journals during these years, except that we include only a sample
of the simplest types of placebo tests (balance tests and fake-cutoff
tests from RDD studies); we exclude experiments (which some-
times include balance tests); we include only one test of each type
per paper; and we omit two tests we could not categorize.
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PLACEBO TESTS 7

FIGURE 3 Schematic Illustrating Typology and Key Terms

the core analysis with one of three components altered.
We describe a test that uses a different outcome vari-
able as a placebo outcome test, we describe a test that
uses a different treatment variable as a placebo treatment
test, and we describe a test that uses a different pop-
ulation as a placebo population test. We use the terms
“placebo outcome,” “placebo treatment,” and “placebo
population” to refer to the component that has been
altered in each case.8 The formal framework just pre-
sented helps clarify both why placebo tests alter the core
analysis and why these alterations should be minimal:
the alteration ideally shuts down the treatment effect,
so that NATE holds; the alteration should be minimal,
however, so that the placebo analysis retains key fea-
tures of the core analysis that could violate the core
assumptions.

While our typology (summarized in Figure 3) is
helpful for analyzing and creating placebo tests, in some
cases a test could arguably be classified as more than
one type. Tests that examine the effect of “fake cut-
offs” in regression discontinuity designs, for example,
could be considered either placebo population tests or
placebo treatment tests, depending in part on the es-
timation strategy. A simple parallel trends test can be
seen as a placebo outcome test (where we replace the
outcome with a lagged version of the outcome) or a
placebo treatment test (where we replace the treatment
by a future value of the treatment). Despite these am-
biguities, we find the typology useful in making sense
of the wide range of practices we observe in applied
research.

8Rosenbaum (1984) notes that one can test the assumption
of strongly ignorable treatment assignment using “unaffected
responses,” “essentially equivalent treatments,” or “unaffected
units,” which are analogous to placebo outcomes, treatments, and
populations in our typology. Rosenbaum presents these as “special
cases of a more general formulation” (1984, 44), but our survey
shows that these three types account for nearly all applied tests in
political science, including tests not designed to test strongly ig-
norable treatment assignment.

Designing Placebo Tests of Bias
Assumptions

To illustrate how the above logic can be applied in design-
ing informative placebo tests for bias, we use a combina-
tion of directed acyclic graphs (DAGs)9 and examples.

The Typical Logic, Simplified and
Illustrated

We begin by using simple DAGs to illustrate the typical
logic of each type of test in the case where attention cen-
ters on a possible omitted variable.10 A researcher seeks
to measure the average effect of a treatment D on an out-
come Y , as depicted in the top-left panel of Figure 4.
There is an unobserved variable U that is believed to af-
fect Y . The researcher assumes that U does not affect D,
that is, that the dashed line connecting U and D can be
erased completely. Given this assumption, the effect of
D on Y is nonparametrically identified. If (contrary to
the researcher’s assumption) U does affect D, then de-
pendence between D and Y may also reflect confounding
due to U . The purpose of the placebo test is to assess the
researcher’s assumption that U does not affect D.

In a typical placebo outcome test (top-right panel of
Figure 4), the researcher locates a variable Ỹ that is af-
fected by (or otherwise associated with) U but is not af-
fected by D. The researcher then replicates the core anal-
ysis replacing Y with the placebo outcome Ỹ . Given the
assumed relationship between U and Ỹ , finding an as-
sociation between D and Ỹ would call into question the
researcher’s identification assumption.

9Lipsitch, Tchetgen Tchetgen, and Cohen (2010) similarly illus-
trate the logic of placebo tests in epidemiology with DAGs. For an
accessible introduction, see Huntington-Klein (2021).

10The logic is similar when concern focuses on measurement or
estimation (was an observed X measured/controlled for correctly?)
rather than identification (is unobserved U a confounder?).
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8 ANDREW C. EGGERS, GUADALUPE TUÑÓN AND ALLAN DAFOE

FIGURE 4 The Typical Logic of Placebo Tests for Bias, Simplified

Notes: In each DAG, D represents the treatment, Y represents the outcome, U represents a po-
tential confounder; D̃ and Ỹ represent placebo treatment and placebo outcome, respectively.

In a typical placebo treatment test (bottom-left panel
of Figure 4), the researcher locates a variable D̃ that does
not affect Y but would be affected by U in a similar way as
D. The researcher then replicates the core analysis replac-
ing D with the placebo treatment D̃. Given the assumed
similarity between the effect of U on D and the effect of
U on D̃, finding an association between D̃ and Y (con-
ditional on D) would call into question the researcher’s
identification assumption.

Finally, in a placebo population test (bottom-right
panel of Figure 4), the researcher locates a placebo pop-
ulation where D does not affect Y but U would affect D
in a similar way as in the core population. (U is also as-
sumed to affect Y in both populations.) It follows that
any systematic dependence between D and Y in this pop-
ulation arises from confounding due to U , which (given
the assumed similarity between D’s relationship to U in
the placebo population and the core population) calls
into question the researcher’s identification assumption.

In each case, the DAG encodes the No Average Treat-
ment Effect (NATE) assumption: there is no direct path
from the treatment to the outcome in the placebo analy-
sis. The LBA and LVBA assumptions are reflected in the
assumed similarity across DAG edges: the placebo out-
come Ỹ and Y are assumed to be similarly affected by U ,
as are the placebo treatment D̃ and D; U ’s effect on D and
Y in the placebo population is assumed to be similar to

its effect in the core population. These similarity claims
are essential to an informative placebo test, and they typ-
ically require careful consideration about the substantive
application and the relevant threats to inference.

Examples of Placebo Tests of Bias
Assumptions

Examples help to show how this logic is used in applied
research. We focus on examples from political science,
making repeated reference to Peisakhin and Rozenas’s
(2018) study of the effects of Russian news media in
Ukraine, which includes an unusually large number and
variety of placebo tests.

Placebo Outcome Tests. As described in the introduc-
tion, Peisakhin and Rozenas (2018) aim to measure the
effects of politically slanted Russian news TV on vot-
ing and political attitudes in Ukraine around an election
in 2014. In their precinct-level analysis, Peisakhin and
Rozenas (2018) seek to measure the average effect of the
quality of the Russian news TV signal in Ukrainian elec-
tion precincts on precinct voting outcomes. Peisakhin
and Rozenas’s (2018) identifying assumption is that, con-
ditional on a flexible function of the precinct’s distance to
Russia and county (or district) fixed effects, signal quality
is independent of potential outcomes (i.e., of underlying

 15405907, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ajps.12818 by R

eadcube (L
abtiva Inc.), W

iley O
nline L

ibrary on [18/08/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



PLACEBO TESTS 9

FIGURE 5 Simplified DAG for Peisakhin and
Rozenas’s (2018) Placebo Outcome
Test

Notes: Peisakhin and Rozenas (2018) seek to estimate the effect
of D on Y. Their identification assumption is that X is a suffi-
cient conditioning set, that is, that the dashed-line paths can be
erased from the DAG. They use W as a placebo outcome.

political support for pro-Russian parties). The main con-
cern is that, perhaps due to strategic transmitter location,
signal quality might be better in places whose residents
are more predisposed to support Russia, even conditional
on Peisakhin and Rozenas’s (2018) controls.

Peisakhin and Rozenas (2018) address this concern
in part with placebo outcome tests that use pretreat-
ment covariates (such as the percentage of Russian speak-
ers in the precinct) as placebo outcomes. The DAG in
Figure 5 illustrates the logic of the test, extending Figure 4
to include control variables. The research aim is to es-
timate the effect of D (Russian news TV signal quality)
on Y (voting results). Concern centers on potential con-
founders W (the percent of Russian speakers, observed)
and U (Russian cultural ties more generally, assumed un-
observed). Peisakhin and Rozenas’s (2018) identification
assumption is that the dashed paths can be erased, so that
it is sufficient to condition on X . In the placebo outcome
test, Y is replaced by W . Given the authors’ identification
assumption, D and W are independent conditional on X ;
a significant conditional association would cast doubt on
that assumption.

In general, the key assumptions necessary for a
placebo outcome test using a pretreatment placebo out-
come (often called a “balance test”) are uncontroversial.
In terms of the formal framework above, NATE is guar-
anteed because W is observed before the treatment is re-
alized, and LBA and LVBA follow trivially from the as-
sumption that W is itself a potential confounder.

In placebo tests with post-treatment placebo out-
comes, the NATE assumption is not guaranteed and
should be defended. For example, Dube, Dube, and

Garcıá-Ponce (2013) study the impact of the federal US
assault weapons ban on the murder rate in adjacent
Mexican states. One may be concerned that the associ-
ation Dube, Dube, and Garcıá-Ponce (2013) detect be-
tween assault weapon availability in the United States and
murders in Mexico is due to other factors that coincided
with the ban and caused a drop in violence. To assess this
concern, the authors use the rate of death by suicide and
the rate of death by accidents as placebo outcomes. These
placebo outcomes could be considered proxies for poten-
tial confounders that tend to produce disorder; in that
sense the logic is similar to the logic motivating balance
tests. But NATE is not guaranteed in this case: an assault
weapons ban in the United States could in principle affect
subsequent suicide or accident rates in Mexico. Authors
using post-treatment placebo outcomes should therefore
explain why NATE should hold. Table 1 lists two other
examples.

Placebo Treatment Tests. The DAG in Figure 6 illus-
trates the logic of Peisakhin and Rozenas’s (2018) placebo
treatment test. According to the authors, transmitters
broadcasting Russian news differ from transmitters
broadcasting Russian sports and other entertainment
programming; in the DAG, sports TV-signal quality (D̃)
is potentially affected by the same potential confounders
W and U that might confound the relationship between
news TV-signal quality and pro-Russian voting, but
sports TV-signal quality is assumed to not affect voting
results Y . The effect of W and U on D̃ is assumed to
be similar to the effect of W and U on D: either these
variables don’t affect D̃ and D (i.e., the dashed paths can

FIGURE 6 Simplified DAG for Peisakhin and
Rozenas’s (2018) Placebo Treatment
Test

Notes: Peisakhin and Rozenas (2018) seek to estimate the effect of
D on Y. Their identification assumption is that X is a sufficient
conditioning set, that is, that the dashed-line paths can be erased
from the DAG. They use D̃ as a placebo treatment.
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10 ANDREW C. EGGERS, GUADALUPE TUÑÓN AND ALLAN DAFOE

TABLE 1 Examples of Post-Treatment Placebo Outcome Tests of Bias

Paper Core Analysis Placebo Outcome

Population Treatment Outcome

Dube, Dube, and
Garcıá-Ponce
(2013)

Mexican
municipalities
located close to US
border, 2002–2006

Assault weapon
availability from
neighboring US
state

Gun-related
homicides

Accidents, nongun
homicides, and
suicides

Cruz and Schneider
(2017)

610 Philippines
municipalities

Whether or not the
municipality
participated in an
aid program

Number of visits
to the
municipality by
local officials

Number of visits to
the municipality by
midwives

Hainmueller and
Hangartner (2015)

1,400
municipalities in
Switzerland,
1991–2009

Whether
naturalization
decisions in
municipality are
made by popular
vote

Rate of
naturalization
through ordinary
municipal
process

Rate of
naturalization
through centralized
facilitated process

Notes: More examples in the online supporting information.

be erased) or they affect both. This encodes LBA and
LVBA. Given the DAG shown, and assuming that dashed
paths can be erased, D̃ and Y are independent condi-
tional on X and D; a significant conditional association
would raise concerns about the authors’ identification
assumption.

In a placebo treatment test where the placebo
treatment is realized before the outcome, the NATE
assumption requires justification. In Peisakhin and
Rozenas’s (2018) case, the question is whether Russian
sports broadcasting could affect Ukrainian political
behavior; Peisakhin and Rozenas (2018) assume it does
not, although sports have been found to impact politics
in other settings (e.g., Depetris-Chauvin, Durante, and
Campante 2020). LBA would also fail to hold if, for
example, sports TV transmitters were strategically sited
even though news TV transmitters were not. If sports
broadcasts could affect voting (violating NATE), or were
subject to confounding not found in the core analysis
(violating LBA), then the false positive rate p0 could be
higher than αp, making the test less informative.

In our survey of placebo treatment tests (three of
which are included in Table 2), we observed that many
authors control for the actual treatment (including Bur-
nett and Kogan 2017; Dasgupta, Gawande, and Kapur
2017; Peisakhin and Rozenas 2018) while others do
not (including Fouirnaies and Mutlu-Eren 2015; Jha
2013; Stasavage 2014). The DAG in Figure 6 highlights
the main reason to condition on the actual treatment.

Suppose the authors are correct that dashed paths can
be erased. If we condition on X (but not on D), then D̃
remains connected to Y through V and D. (The path is
D̃← V → D→ Y .) Although V is not a confounder
for estimating the effect of D on Y , it is a confounder
for estimating the effect of D̃ on Y (a violation of LBA).
Conditioning on D closes this path. More generally, the
reason to condition on the actual treatment in a placebo
treatment test is that the placebo treatment and actual
treatment may be correlated due to common causes that
are not themselves potential confounders; if we do not
condition on the actual treatment and the treatment has
an effect on the outcome, we may find a significant as-
sociation in the placebo test due to this correlation even
when the core analysis is unbiased. If confounding is the
only reason for D̃ and D to be related (conditional on
covariates), then D̃ should be used as a placebo outcome
instead. The reason for conducting a placebo treatment
test is that D̃ and D may share nonconfounding causes;
this is also the reason one should condition on the actual
treatment in such a test.

Placebo Population Tests. Peisakhin and Rozenas’s
(2018) individual-level analysis is depicted in Figure 7.
Survey respondents were asked whether they watched
Russian TV news (D) and how they voted (Y ); the qual-
ity of Russian news TV signal is used as an instrumental
variable (Z), with controls again including distance to
Russia and county/district fixed effects. Concern focuses
on confounders (represented here by Russian cultural
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PLACEBO TESTS 11

TABLE 2 Examples of Placebo Treatment Tests of Bias

Paper Core Analysis Placebo Treatment

Population Treatment Outcome

Jha (2013) Towns in South
Asia proximate to
the coast

Whether the town
was a medieval
trading port

Incidence of
Hindu-Muslim
riots in nineteenth
and twentieth
centuries

Whether the town
was a colonial
overseas port

Burnett and
Kogan (2017)

Electoral precincts
in San Diego
city-wide elections
in 2008 and 2010

Citizen pothole
complaints before
election

Incumbent
electoral
performance

Pothole complaints
in 6 months after
election

Enos, Kaufman,
and Sands (2017)

Precincts in LA Proximity to riot
activity in 1992

Difference in
support for
spending on public
schools 1990–92

Proximity to areas
with large African
American
population but no
riot activity

Notes: More examples in Supporting Information p. 9.

ties, U ) and also the exclusion restriction for the IV,
that is, the assumption that signal quality affects vote
choice only through Russian TV consumption. The
standard identification assumptions for the IV imply
that the dashed-line paths can be omitted from the DAG:
exogeneity requires that Russian cultural ties (U ) and
other potential confounders do not affect signal quality

FIGURE 7 Peisakhin and Rozensas’s (2018)
Individual-Level Analysis

Notes: Peisakhin and Rozenas (2018) seek to estimate the effect
of D on Y in survey data. Their key identification assumptions
are that X is a sufficient conditioning set for estimating the effect
of Z on Y and that Z affects Y only through D, that is, that the
dashed-line paths can be erased from the DAG. They repeat the
analysis in a population of Ukrainians who do not watch terres-
trial TV (the “placebo population”).

(Z), and the exclusion restriction requires that signal
quality (Z) affects vote choice (Y ) only through Russian
TV consumption (D).

Peisakhin and Rozenas’s (2018) placebo population
test addresses both concerns by shifting the analysis to
a (sub-)population for whom Russian TV-signal quality
arguably would not affect the decision to watch Russian
TV: Ukrainians who don’t watch terrestrial TV because,
for example, they have satellite TVs. In this population,
Peisakhin and Rozenas (2018) assert, the path from Z to
D in Figure 7 can be erased (NATE). It follows that, as-
suming the rest of the DAG is the same for the two popu-
lations and the authors’ identification assumptions hold,
signal quality (Z) should be independent of voting be-
havior (Y ) conditional on covariates X in the placebo
population; finding otherwise casts doubt on the exo-
geneity and exclusion assumptions made in the core IV
analysis.

NATE here states that signal quality does not af-
fect consumption of Russian news among Ukrainians
without terrestrial TVs. This seems reasonable, although
it could fail (increasing the rate of false positives) if
Ukrainians with satellite dishes attempt to watch the
same programs their neighbors are watching. LBA and
LVBA are more doubtful. Perhaps satellite TV owners
are richer and more mobile than terrestrial TV watchers,
which could mean that there are forms of confounding
in the placebo population that are not present in the core
population, leading to inflated size (high p0); it could also
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12 ANDREW C. EGGERS, GUADALUPE TUÑÓN AND ALLAN DAFOE

TABLE 3 Examples of Placebo Population Tests of Bias

Paper Core Analysis Placebo Population

Population Treatment Outcome

Acharya,
Blackwell, and
Sen (2016)

White Americans
living in the US
South

County’s suitability
for cotton
production

Attitudes towards
African Americans
today

White Americans
living in the US
North

Chen (2013) Households who
applied for FEMA
aid before Nov.
2004 election

Award of FEMA aid Turnout in 2004
general election

Households who
applied for FEMA
aid after Nov. 2004
election

Erikson and
Stoker (2011)

Draft-eligible,
college-bound men

Lottery draft
number in 1969

Attitude toward
Vietnam War in
1973

Noncollege bound
men; college-bound
women

Notes: More examples in the online supporting information (p. 13).

be that, due to higher mobility in the placebo population,
confounding (if present) is weaker in the placebo pop-
ulation than the core population, leading to low power
(low p1). Power could also be low if there is low statisti-
cal precision due to small sample size or limited variation
in the placebo analysis; similar concerns could also arise
in placebo outcome and placebo treatment tests.

Table 3 summarizes three more placebo population
tests from our survey. Chen’s (2013) core analysis com-
pares turnout in the November 2004 US election between
Americans who received FEMA aid and those who ap-
plied but did not receive FEMA aid; to assess the possi-
bility that applicants awarded aid were inherently more
likely to vote than those not awarded aid, Chen (2013)
carries out the same comparison among applicants who
applied after the election. The key assumptions are that
any confounding would be similar in this population
(LBA and LVBA), while the award of aid could not af-
fect turnout decisions in an election that had already oc-
curred (NATE).

Studies using regression discontinuity designs
(RDDs) very often include a placebo test in which the
basic design is replicated at arbitrarily chosen “fake
cutoffs” that do not affect any treatment (e.g., Folke,
Persson, and Rickne 2016).11 In many cases, it is not
clear what if any assumption these tests inform. Catta-
neo, Idrobo, and Titiunik (2020, 89) describe them as
tests of the continuity of potential outcomes, which is
the key identification assumption behind most RDDs.

11We consider such tests to be placebo population tests when they
use none of the units in the core analysis; if there is overlap, they
are better thought of as placebo treatment tests.

But typically the concern is not that the CEF is jumpy
everywhere; rather, we are concerned that the CEF is dis-
continuous at the threshold because the treatment might
induce precise sorting or might be paired with another
treatment. A placebo test using cutoffs elsewhere is not
informative about these threats. Fake-cutoff placebo tests
are potentially more informative about the unbiasedness
(or more generally coverage rates) of the estimation pro-
cedure: when we apply it to a CEF we know is continuous
(i.e., away from the threshold), how often do we reject
the null? As such, researchers should test many fake
cutoffs (not just a handful as shown in Cattaneo, Idrobo,
and Titiunik [2020]) to report a credible estimate of the
false positive rate, and they should discuss whether (due
to differences in, for example, the curvature of the CEF,
dependence across units, or the density of observations)
the false positive rate might be different at the threshold
versus elsewhere.

Designing Placebo Tests of
Distributional Assumptions

A less common type of placebo test checks for false pos-
itives that arise due to incorrect standard errors rather
than bias. The question is typically whether the false pos-
itive rate in the core analysis is the nominal rate α or
something larger.

An example in political science is Fowler and Hall
(2018), who use placebo population tests to revisit Achen
and Bartels’s (2017) study of the effect of New Jersey
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PLACEBO TESTS 13

shark attacks on support for Woodrow Wilson in 1916.
Achen and Bartels’s (2017) core finding is that beach
counties in New Jersey experienced a sharper drop in
Democratic support in 1916 compared to 1912 than
other New Jersey counties did, which they attribute to
voters irrationally punishing Wilson for shark attacks.
Achen and Bartels (2017) assign a p-value of .01 to this
occurrence: if there were no differential trend between
the two sets of counties, the probability of seeing a diver-
gence as large or larger due to a chance alignment of id-
iosyncratic factors is about .01. But this estimate relies on
the assumption that these idiosyncratic factors are inde-
pendent across counties; instead, it could be that political
events often affect coastal and noncoastal counties differ-
ently, producing divergent trends more often than Achen
and Bartels’s (2017) independence assumption implies
and possibly leading to a false positive.

To test Achen and Bartels’s (2017) inferential as-
sumptions, Fowler and Hall (2018) reproduce Achen and
Bartels’s (2017) analysis for all 20 coastal states and all
election years between 1872 and 2012, comparing the
Democratic candidate’s vote share in coastal and non-
coastal counties (conditional on the previous result) and
focusing on the 593 state-years in which no shark at-
tacks took place. They reject the null hypothesis in 27%
of these placebo populations (rather than the 5% they
would expect if Achen and Bartels’s (2017) assumptions
were valid), concluding that Achen and Bartels’s (2017)
result is more likely a false positive than their p-value sug-
gests. This is a valid conclusion if we assume that excess
false positives occur in these 593 state-years if the same
is true in New Jersey in 1916 (and not otherwise, or not
to the same extent); this need not be the case, for exam-
ple, if systematic coastal/noncoastal political discrepan-
cies were common in the late twentieth century but not
in Woodrow Wilson’s era.

Testing Assumptions versus Relaxing
Assumptions

In considering our examples, readers may wonder why
the authors run a placebo test instead of some other pro-
cedure. Why do Peisakhin and Rozenas (2018) use the
percent of Russian speakers as a placebo outcome rather
than simply control for it, for example? This is a general
feature of placebo tests: when the conditions are met to
run an informative placebo test of an assumption, there is
typically an alternative empirical strategy that relaxes that
assumption and is valid under a similar set of conditions.

Considering the choice between these procedures helps
to clarify the distinctive contribution of placebo tests.

For placebo outcome tests for bias, we typically seek
a placebo outcome that is (1) either a potential con-
founder or a descendent of a potential confounder and
(2) not affected by the treatment; a variable with these
characteristics could also be a good control variable, al-
lowing us to relax the identification assumptions rather
than test them.12 The control approach is particularly ap-
pealing when (as in Peisakhin and Rozenas [2018]) there
is little a priori reason to think that the author’s condi-
tioning set is sufficient. Still, there are at least two good
reasons to withhold some covariates for placebo outcome
tests rather than include all available controls. First, even
if there is little theoretical support for the conjecture that
X is a sufficient conditioning set (rather than X and W ),
a placebo outcome test using W provides evidence about
that conjecture; including all available covariates makes
such a test impossible (Imbens and Rubin 2015, 491).
Second, a variable that is useless as a control variable be-
cause it does not affect the outcome could be informative
as a placebo outcome because of its relationship to unob-
served confounders: this would be true of W in Figure 5,
for example, if W has no effect on Y but affects D when-
ever U does.

In placebo population tests for bias, the alternative
is differencing. If we are willing to assume that the bias is
the same in the two populations, subtracting the estimate
in the placebo population from the estimate in the core
population yields an unbiased estimate of the treatment
effect. (A simple difference-in-differences can be viewed
in this way.) That assumption is strong, however. In the
placebo testing approach, we instead start from the (po-
tentially also strong) assumption that there is no bias in
the core population, and we assume further that if there
were bias in the core population there would also be bias
in the placebo population; the key difference is that we
do not assume that these two biases are equal. Which
set of assumptions is more plausible will depend on the
application.

The relevant alternative to a placebo test of inferen-
tial assumptions is to use the distribution of estimates
across placebo outcomes, treatments, or populations to
generate a p-value for the core analysis—a procedure
similar to randomization inference (e.g., Rosenbaum
2002). Fowler and Hall (2018) implement both ap-
proaches. In addition to reporting that they reject the
null in 27% of state-years with no shark attacks, they

12For the same reasons, informative placebo treatments could also
be valid control variables; similar arguments apply. Our online
supporting information explores a further consideration arising in
placebo treatment tests.
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also report that they obtain a point estimate larger in
absolute value than Achen and Bartels’s (2017) in 32%
of state-years with no shark attacks, implying a p-value
(.32) much higher than Achen and Bartels’s (2017). (See
also Schuemie et al. 2014.) The assumptions behind the
placebo test approach imply that the false positive rate
is elevated in New Jersey in 1916 iff it is also elevated in
other state-years; the p-value estimate instead relies on
the assumption that the distribution of point estimates
across state-years approximates the null distribution of
estimates for New Jersey in 1916.

Researcher Degrees of Freedom and
Related Issues

It is well known that research findings can be unreli-
able when researchers, reviewers, or editors choose what
analysis to run or publish in light of the results, especially
when actors prefer some results over others. Researchers
may intentionally or unintentionally distort the evidence
in order to produce desired results, a practice variously
known as p-hacking, fishing, or data dredging (e.g.,
Gelman and Loken 2014; Humphreys, De la Sierra, and
Van der Windt 2013).

Placebo tests can offer protection against these dis-
tortions. In cases where p-hacking leads to a biased esti-
mation procedure or too-small standard errors, placebo
tests may also produce a high rate of false positives and
thus raise a red flag. If a false positive arose because of
chance imbalance in the causes of the outcome, then
placebo outcome tests using those causes could detect the
problem. More broadly, the expectation to have both a
significant finding in the core analysis and a set of in-
significant findings in placebo tests helps weed out spu-
rious results if genuine results are more likely to produce
this pattern of findings than spurious ones are.

Unfortunately, placebo tests are also subject to some
of the same pressures that lead to p-hacking. Researchers
looking for flaws in others’ designs seek statistically sig-
nificant placebo tests, with the same possible pitfalls.
Researchers running placebo tests on their own designs
(currently the much more common case) face the op-
posite incentive, which may push them to massage their
placebo test results to insignificance (a form of “null-
hacking,” as described by Protzko [2018]) and/or selec-
tively report. A researcher could also analyze several out-
comes or populations and decide later what is the core
analysis and what is the placebo analysis, altering the
causal theory accordingly. Moreover, when researchers
face a choice between testing or relaxing assumptions (as

discussed above), they might select the procedure that
produces more favorable results, undermining the value
of either approach.

Clearly preregistration of placebo tests would help
address all of these problems (Humphreys, De la Sierra,
and Van der Windt 2013). Another important safeguard
against p-hacking and null-hacking in the design of
placebo tests is the expectation that the core analysis and
placebo analysis be as similar as possible. As discussed
above, the main reason for this tight tethering is that the
placebo analysis can only be informative about the valid-
ity of the core analysis’s assumptions if it retains aspects
of the core analysis that could violate those assumptions.
But a close resemblance between the core analysis and the
placebo analysis also helpfully reduces the degrees of free-
dom enjoyed by researchers conducting placebo tests.

Hartman and Hidalgo (2018) advocate an equiva-
lence testing framework for placebo tests, where the null
hypothesis is that the identification assumptions are vi-
olated. When null-hacking is a concern, the equivalence
testing approach helpfully shifts the burden of proof, re-
quiring researchers to actively marshal evidence in favor
of their research designs; of course, this could invite p-
hacking. We see equivalence testing as a reasonable way
to accommodate the common tendency to misinterpret a
null result in an underpowered hypothesis test as strong
evidence for the null hypothesis. Our objective in this ar-
ticle has instead been to use the formal logic of hypoth-
esis testing to combat that misinterpretation. Seen prop-
erly (see Equation 1), a placebo test with low statistical
precision is not very informative whether one uses a con-
ventional null or the equivalence testing approach.

In fact, in our view the most important protection
against the abuse of placebo tests is better understand-
ing of the logic of placebo tests, to which we hope this
article contributes. Duplicitous researchers can of course
produce passing placebo tests through null-hacking, but
alert readers should notice if a test has low power (e.g.,
by examining the sample size or standard errors) and
recognize such a test as uninformative. Careful readers
should also be aware of the core assumptions behind a re-
search design and the main threats to those assumptions,
and they should notice if a test that would probe those
assumptions is missing, or if a placebo test is included
that has little to say about those core assumptions. Given
the probabilistic and assumption-laden nature of the ev-
idence provided by placebo tests, a better understanding
of these tests could help reduce the incentive to selec-
tively report or null/p-hack their results; it should also
increase the incentive for authors to make their assump-
tions transparent and clearly explain the logic of placebo
tests designed to probe those assumptions.
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Conclusion:
A Placebo Test Checklist

To conclude, we offer a list of questions relevant to any
placebo test. As explained in “What Do We Learn from
Placebo Tests?” the key overarching question to ask about
a placebo test is, “Is the test more likely to fail if one of the
core assumptions is violated in some relevant way than if
those assumptions hold?” That question can be decom-
posed into the following checklist, which could be ap-
plied to any placebo test:

1. What core assumptions—bias assumptions re-
lated to point estimation (identification, es-
timation, measurement, sample selection) or
distributional assumptions related to standard
errors—does the test probe? (see “Formal Con-
ditions for an Informative Placebo Test”)

2. What potential violations of the core assump-
tions are most relevant? (see “What Do We
Learn from Placebo Tests?”)

3. What component of the core analysis (outcome,
treatment, population) has been altered to con-
struct the placebo test? (see “A Typology of
Placebo Tests”)

4. Why should we think that, given this alteration,
the treatment has no effect on the outcome in
the placebo analysis? (NATE, see “Formal Con-
ditions for an Informative Placebo Test”)

5. In what way(s) are the placebo analysis and core
analysis similar, such that the placebo analysis
may detect violations of the relevant core as-
sumption(s)? (LVBA/LVDA, see “Formal Condi-
tions for an Informative Placebo Test”)

6. Might the placebo analysis suffer from violations
of the core assumptions that are not present in
the core analysis, raising the false positive rate?
(LBA/LDA, see “Formal Conditions for an In-
formative Placebo Test”)

7. Does the placebo test have sufficient statistical
precision (judged by, e.g., standard errors) to
detect violations of the core assumptions? (see
“What Do We Learn from Placebo Tests?”)

In each case we have provided a reference to the rel-
evant section of our formal framework, but these ques-
tions also arise in our discussion of examples in sections
“Designing Placebo Tests of Bias Assumptions” and “De-
signing Placebo Tests of Distributional Assumptions.” If
readers encountering placebo tests routinely ask them-
selves these questions, and authors presenting placebo

tests provide enough information to answer them, then
placebo tests will better contribute to assessing the credi-
bility of research designs in applied causal inference.
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Additional supporting information may be found online
in the Supporting Information section at the end of the
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