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Abstract: Difference-in-differences (DID) research designs usually rely on variation
of treatment timing such that, after making an appropriate parallel trends assump-
tion, one can identify, estimate, and make inference about causal effects. In practice,
however, different DID procedures rely on different parallel trends assumptions (PTAs),
and recover different causal parameters. In this paper, we focus on staggered DID
(also referred as event studies) and discuss the role played by the PTA in terms of
identification and estimation of causal parameters. We document a “robustness” ver-
sus “efficiency” trade-off in terms of the strength of the underlying PTA and argue
that practitioners should be explicit about these trade-offs whenever using DID proce-
dures. We propose new DID estimators that reflect these trade-offs and derive their
large sample properties. We illustrate the practical relevance of these results by assessing
whether the transition from federal to state management of the CleanWater Act affects
compliance rates.

JEL Codes: C14, C21, C23, Q52, Q53

Keywords: causal inference, Clean Water Act, difference-in-differences, dynamic
treatment effects, parallel trends
RESEARCHERS AND POLICY MAKERS are often interested in evaluating the causal
effect of a given treatment/intervention on an outcome of interest. When data from
randomized control trials related to the causal question of interest are not available,
researchers often rely on “natural experiments” and make use of difference-in-differences
(DID) methods to estimate the effect of a given policy. The canonical DID method
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presumes the existence of two groups, the treated and the comparison group, two time
periods, pretreatment and posttreatment periods, such that the comparison group is
not treated in either time period, and the treated group is only treated at the posttreat-
ment period. Then, one estimates the average treatment effect among those treated units
by comparing the average difference in pre- and posttreatment outcomes of two groups
or, equivalently, by using a two-way fixed effects regression model with a group and a
time fixed effect; see, for example, section 2 of Lechner (2010) for details about the
history of DID procedures.

It is worth stressing that the causal interpretation of the two groups, two time pe-
riods (henceforth 2 × 2) DID procedure relies on a so-called parallel trend assumption
(PTA): in the absence of the treatment, the average outcome for the treated and com-
parison groups would have evolved in parallel. Such an assumption is well understood;
see, for example, chapter 5 of Angrist and Pischke (2009), chapter 10 of Cunningham
(2018), and section 2 of Sant’Anna and Zhao (2020). Importantly, it restricts the av-
erage counterfactual outcome for the treated units at the posttreatment period had they
not been subject to the treatment, but it does not directly impose restrictions on the out-
come in pretreatment periods. In addition, it is worth mentioning that the PTA is untest-
able in this 2 × 2 setup; see, for example, chapter 10 of Cunningham (2018) and sec-
tion 4 of Callaway and Sant’Anna (2020).

Although most of the aforementioned points are well understood in the 2 × 2 setup,
in many DID applications, however, there are more than two time periods, and units
can be treated in different points in time, which leads to multiple treatment groups
as well. This many periods, many groups DID setup is substantially more challenging
than the canonical 2 × 2 one. For instance, Sun and Abraham (2020) (henceforth S&A),
Callaway and Sant’Anna (2020) (henceforth C&S), de Chaisemartin and D’Hault-
fœuille (2020) (henceforth dC&D), and Goodman-Bacon (2019), study DID proce-
dures with multiple periods and multiple groups, and each of these papers relies on
different types of parallel trends assumptions and/or proposes different estimators for
different causal parameters of interest. This is in sharp contrast with the 2 × 2 setup,
where there is only one type of PTA and the main parameter of interest is the aver-
age treatment effect among the treated units.1 It is also worth stressing that in this more
complex DID setup treatment effect estimates based on two-way fixed effects (TWFE)
regression models can only be interpreted as weighted averages of causal effects, and, per-
haps even more problematic, that some of these weights can be negative; see, for exam-
ple, Sun and Abraham (2020), Borusyak and Jaravel (2017), de Chaisemartin and
D’Haultfœuille (2020), and Goodman-Bacon (2019); see also Laporte and Windmeijer
1. In the 2 × 2 DID setup, the only variation in PTA one observes is whether it holds un-
conditionally or only after conditioning on a vector of observed characteristics; see, e.g., Heckman
et al. (1998), Abadie (2005), and Sant’Anna and Zhao (2020). This is not the type of variation of
the PTA we are referring to.
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(2005), Wooldridge (2005), Chernozhukov et al. (2013), and Gibbons et al. (2018) for
earlier related results based on (one-way) fixed-effect estimators. As so, policy evaluations
based on TWFE linear regression models can be misleading, especially when treatment
effects are dynamic.

In this paper, we attempt to clarify the role played by different parallel trends as-
sumptions in DID setups with many time periods and many treatment groups. To-
ward this goal, we revisit S&A, C&S, and dC&D, and discuss their main differences
in terms of parallel trends assumptions and parameters of interest—we focus on these
three papers because their primary concern is how one can identify causal parameters
of interest without imposing restrictions beyond a PTA.2 We exclusively focus on
DID settings with staggered adoption designs and binary treatments. By doing so, we
can compare the PTA and parameters of interest discussed in S&A, C&S, and dC&D
in a more direct manner.

We show that the PTA invoked by S&A and dC&D (i) not only restricts coun-
terfactual trends after the treatment but also imposes parallel pretreatment trends and
(ii) imposes that every individual group that is not yet treated by time t can be used
as a valid comparison group for those earlier-treated units, at time t. Calloway and
Sant’Anna, on the other hand, consider two different PTAs, one that relies on using
“never-treated” units as a comparison group and one that uses not-yet-treated units as
valid comparison groups for the earlier-treated units. Interestingly, both PTAs con-
sidered by C&S are, at least technically speaking, weaker than the PTA invoked by
S&A and dC&D, as they either do not restrict pretreatment trends, or, when they
do, these restrictions are potentially less demanding. Although these PTAs differ in
their “strength,” we show that they all can be used to recover the same variety of average
treatment effects measures.

Overall, we argue that, in practice, one should be explicit about the type of PTA in-
voked in the DID analysis. On top of adding transparency and objectivity to the anal-
ysis (see, e.g., Rubin 2007, 2008), we stress that the choice of the parallel trends as-
sumption can also help in selecting the most appropriate estimator for a given parameter
of interest. For instance, in situations where one is comfortable with a “stronger” PTA,
we show that one can exploit the fact that such PTAs lead to overidentification and
then use the generalized method of moments (GMM) framework to form more effi-
cient treatment effect estimators than those currently available in the literature; see
proposition 1. Another consequence of adopting the GMM framework is that it is rel-
atively straightforward to test for the credibility of a “stronger” parallel trends assump-
tion by conducting a classical Hansen-Sargan J-test. To the best of our knowledge, this
paper is the first to make this simple but important observation.
2. See also Borusyak and Jaravel (2017), Arkhangelsky et al. (2018), Athey and Imbens
(2018), Ferman and Pinto (2019), Goodman-Bacon (2019), and Rambachan and Roth (2019)
for other recent contributions to the DID literature.
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In many other situations, however, we expect that researchers will not be a priori
comfortable with a “stronger” version of the PTA, as it may impose more restrictions
on the data than those strictly required for identification of treatment effect parame-
ters. Indeed, when the number of groups and time periods is moderate, the number
of restrictions implied by the “stronger” PTA can be close to the number of observa-
tions available in the data. In such cases, it may be reasonable to favor “weaker” ver-
sions of the PTA.When a sufficiently large “never-treated” group is available, researchers
can use the easy-to-implement nonparametric DID estimators based on sample means
proposed by C&S. When an appropriate “never-treated” group is unavailable, we show
that one can rely on an alternative “weaker” PTA and use a simple plug-in DID estimator
that differs from the ones considered by S&A, C&S, and dC&D. We show that this
new DID estimator is consistent and asymptotically normal and also describe a boot-
strap procedure to conduct inference that is robust against multiple-testing problems.
Interestingly, this new DID estimator does not rely on restricting pretreatment trends
and, at the same time, exploits data from all available groups in the given application.
On the other hand, both this newly proposed DID estimator and the one proposed by
C&S are, in general, less efficient than the GMM estimator, which relies on more
stringent assumptions. To the best of our knowledge, we are the first to document this
“robustness” versus “efficiency” trade-off in terms of the strength of the underlying PTA
invoked in DID setups.

We illustrate the practical relevance of the aforementioned observations by revis-
iting Grooms (2015). We examine the effect of the transition from federal to state
management of the Clean Water Act (CWA) on violation rates. Similar to Grooms
(2015), we find that the transition from federal to state control has little to no effect
on violation rates—this result is robust across different parallel trends assumptions
and different causal parameters of interest.

Next, like Grooms (2015), we also analyze whether states with a long prevalence of
corruption see a large decrease in the violation rate after authorization relative to states
without corruption. Grooms (2015) uses a dynamic TWFE (event study) linear re-
gression model and finds strong evidence that violation rates decreased more in more
corrupt states than in less corrupt states after the transition to state control. However,
given that Grooms (2015) focuses exclusively on TWFE-type estimators, it is not
clear what kind of PTA is actually being made in the analysis. Here, we show how
it can be beneficial to separate the analysis into two steps: (i) identification and the
relevance of the PTA and (ii) data analysis and estimation procedures. By proceeding
in this manner, we find that the conclusion that violation rates dropped more in more
corrupt states than in less corrupt states depends on the type of PTA imposed. For
instance, when one assumes that, in the absence of treatment, the counterfactual out-
come trends differ depending on whether a state has a long prevalence of corruption or
not (“corruption-specific trends”), we find essentially no evidence that the treatment
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effects vary depending on whether a state is more or less corrupt. On the other hand, if
one assumes an alternative PTA such that one can use averages of both corrupt and
noncorrupt states as valid comparison groups, we find evidence that more corrupt states
see a larger decrease in the violation rate after authorization than less corrupt states,
just like the original findings of Grooms (2015). As “corruption” is not randomly as-
signed, we believe that allowing for corruption-specific trends is the most natural iden-
tification set up in this context. These conflicting findings highlight the importance of
explicitly stating the underlying PTA invoked in the exercise.

The rest of this paper is organized as follows. In section 1, we present the general
framework, compare the different PTAs using a stylized example, and describe the
different parameters of interest considered by S&A, C&S, and dC&D. In section 2,
we discuss the testability of the PTAs and the practical considerations a researcher
might take into account when choosing a PTA and a DID estimator. Section 3 de-
scribes how one can use a generalized method of moments (GMM) framework to form
more efficient treatment effect estimators when the chosen PTA leads to overidenti-
fication. Section 4 presents a new easy-to-compute DID estimator based on an alter-
native “weaker” PTA than what has been previously seen in the literature. Finally,
section 5 presents the empirical application, and we conclude in section 6.

1. DIFFERENCE-IN-DIFFERENCES WITH MULTIPLE

TIME PERIODS

1.1. Framework

We first introduce the notation we use throughout the paper, which resembles that
adopted by C&S. We consider the case with T periods and denote a particular time
period by t where t 5 1, . . . , T. In the canonical DID setup, T 5 2 and no one is
treated in period 1. LetDt be a binary variable equal to one if a unit is treated in period
t and equal to zero otherwise. Also, define Gg to be a dummy variable that is equal to
one if a unit is first treated in period g, and define C as a dummy variable that is equal
to one for units who are not treated in any period T. For each unit, exactly one of the
Gg or C is equal to one. Finally, let Yt(1) and Yt(0) be the potential outcomes at time t
with and without treatment, respectively. The observed outcome in each period can be
expressed as Yt 5 DtYt(1) 1 (1 – Dt)Yt(0).

Henceforth, we refer to “groups” as the group associated with the time a unit is first
treated. Throughout the paper, we maintain the following assumptions.

Assumption 1 (Sampling): fYi1, Yi2, :::YiT ,Di1,Di2, ::: ,DiT gni51 is independent
and identically distributed (iid).

Assumption 2 (Staggered treatment design): For t 5 2, . . . , T,

Dt–1 5 1 implies that Dt 5 1:
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Assumption 3 (No anticipation): For all t 5 1, . . . , T, g 5 2, . . . , T such that
t < g,

E YitjGg 5 1
� �

5 E Yit 0ð ÞjGg 5 1
� �

:

Assumption 4 (Overlap): P(G1 5 1) 5 0 and, for some e > 0, and all g 5 2, . . . ,
T, P(Gg 5 1) > e.

Assumption 1 implies that we are considering the case of panel data. The discussions
related to the case where only repeated cross-section data are available follow similar ar-
guments and are omitted to avoid repetition. Assumption 1 does not restrict the temporal
dependence across outcomes, though it relies on “large n, fixed t” panel data. Assumption 1
also rules out covariates; we only impose this simplification to allow for a more direct com-
parison between the proposals of S&A, C&S, and dC&D; we refer the reader to C&S
for a detailed discussion about flexibly accommodating covariates into the DID analysis.

Assumption 2 imposes that treatment is “irreversible,” that is, once a unit is treated
at time t – 1, it is “forever” treated. This assumption is usually referred to as staggered
treatment adoption in the DID literature.We interpret this assumption as if units that
experience treatment are forever affected by this experience and do not “forget” about
it.3 We emphasize that, by imposing assumption 2, we are able to directly compare the
DID contributions of S&A, C&S, and dC&D.

Assumption 3 implies that there is no anticipatory response to treatment for those units
that are eventually treated. This assumption is standard in the DID literature, though
many times it is only implicitly imposed. Such an assumption can be violated if units foresee
that they will be treated and change their behavior before the treatment takes place.4

Assumption 4 imposes that no unit is treated in the first time period and that a new
set of units is treated in each time period with a strictly positive probability. If there is
an “always treated” group, that is, units that are already treated in the first time period,
we drop those observations because neither the data nor parallel trends assumptions for
Yt(0) provide information to identify the average treatment effect for this group.5 We
3. When treatment can “turn on” and later “turn off,” one usually needs to augment the po-
tential outcome notation to analyze the effect of a given treatment path, see, e.g., Han (2019).
When one is interested only in an average of the instantaneous effects of the policy among all
units that switch treatments, one can bypass some of this complication by imposing a “no carry-
over assumption”; see, e.g., dC&H.

4. When the researcher is worried about anticipatory effects, this can be circumvented by
simply redefining g to denote the period in which anticipatory effects begin. However, this
may require strengthening other assumptions; see C&S for a discussion.

5. In this paper, we attempt to only make parallel trends assumptions about the evolution of
Yt(0), and remain agnostic about the trends for Yt(1). When one is willing to impose parallel
trends for Yt(1), too, then we can leverage the existence of an “always treated” group to form
alternative parameters of interest, though such an assumption further restricts treatment effect
heterogeneity. We leave a detailed discussion about this case for future research.
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assume that new sets of units are treated in each time period only for notation conve-
nience. Also, note that assumption 4 accommodates, but does not require, that there is
a “never treated” group available.

Next, we revisit S&A, C&S, and dC&D, paying particular attention to their PTA,
underlying parameter of interest, and how one can estimate these parameters. When
presenting these results, we impose assumptions 1–4, whichmay result in slight changes
of notation when compared to their original statements. In terms of notation, we follow
C&S and, whenever possible, attempt to express the different parameters of interest in
terms of functionals of “group-time average treatment effects,” that is, the average treat-
ment effect at time t, for those units first treated at time g,6

ATT g, tð Þ ≡ E Yit 1ð ÞjGg 5 1
� �

– E Yit 0ð ÞjGg 5 1
� �

5 ag,t 1ð Þ – ag,t 0ð Þ:
(1)

To convey the discussion in an easy-to-understand manner, we consider a simple,
stylized example. Assume that we observe Yit for a sample of units i 5 1, . . . , n in four
time periods, t 5 1, 2, 3, 4. Some units are first treated at time 3 (Gi3 5 1), others at
time 4, (Gi4 5 1), and the remaining units are not treated in the entire observation
window (Ci 5 1). Once a unit i is treated at time g, it remains treated for all time pe-
riods t ≥ g. LetW 5 (Y1, Y2, Y3, Y4,G3,G4, C)

0, and assume that we observe a ran-
dom sample fWigni51 of W.

1.2. The Different Parallel Trends Assumptions

In this subsection, we present the three different parallel trends assumptions consid-
ered by S&A, C&S, and dC&D. We start by describing each PTA conceptually and
then make use of the stylized example to highlight the key differences between these
assumptions.

We first present the PTA assumption invoked by S&A and dC&D (see assump-
tion 1 in S&A and assumption 5 in dC&D).

Assumption 5 (Parallel trends assumption across all time periods and all groups):
For all t 5 2, . . . , T, all g 5 2, . . . , T,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjC 5 1½ �
5 E Yt 0ð Þ – Yt–1 0ð Þ½ �,

where the first equality holds only when there exists a “never-treated” group.
6. Sun and Abraham refer to ATT( g, t) as cohort-specific average treatment effects on the
treated, though they express it in terms of event time t – g, that is, the time elapsed since treat-
ment started.
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Assumption 5 states that, in the absence of treatment, the expectation of the out-
come of interest follows the same path in all groups and in all time periods available in
the data. Although fairly intuitive, such an assumption imposes important restrictions
on the data (when combined with assumptions 1–4). In particular, assumption 5 im-
poses a parallel pretrends condition across all treatment groups, and, as a consequence,
allows one to use any individual group that has not yet been treated by time t (units with
Gs 5 1, s > t) as a valid comparison group for those units already treated by time t.

To visualize these restrictions, let us consider our stylized example. Under assump-
tions 1–4, the PTA 5 can be written as the following seven moment conditions:

a3,3 0ð Þ 5 E Y3 – Y2jC 5 1½ � 1 E Y2jG3 5 1½ �, (2)

a3,3 0ð Þ 5 E Y3 – Y2jG4 5 1½ � 1 E Y2jG3 5 1½ �, (3)

a3,4 0ð Þ 5 E Y4 – Y3jC 5 1½ � 1 a3,3 0ð Þ, (4)

a4,4 0ð Þ 5 E Y4 – Y3jC 5 1½ � 1 E Y3jG4 5 1½ �, (5)

E Y2 – Y1jG3 5 1½ � 5 E Y2 – Y1jC 5 1½ �, (6)

E Y2 – Y1jG3 5 1½ � 5 E Y2 – Y1jG4 5 1½ � (7)

E Y3 – Y2jG4 5 1½ � 5 E Y3 – Y2jC 5 1½ �: (8)

These moment restrictions highlight all restrictions PTA 5 imposes on the data. First,
the moment conditions (2) and (3) formalize the notion that the evolution of the out-
come for the “never-treated” and “late-treated” units can be used to identify a3,3(0),
which in turn, would allow one to identify ATT(3, 3).7 An empirically important im-
plication of this observation is that any linear combination of E½Y3 – Y2jC 5 1� and
E½Y3 – Y2jG4 5 1� can be used to imputea3,3(0). Given that the “never-treated” units
are the only units that have not yet experienced treatment at time t 5 4, they form the
only group that can be used to recover a3,4(0) anda4,4(0)—this notion is formalized by
the moment restrictions (4) and (5). Finally, (6)–(8) impose a parallel “pretrends” con-
dition, that is, that the evolution of the outcome before treatment occurs is the same
across all groups. Note that the moment condition (8) is a linear combination of the
moment conditions (2) and (3), so (8) is redundant in the aforementioned system of
equations. Nonetheless, this observation allows one to conclude that, by assuming that
7. Recall that, for g ≥ t,ATT(g, t) 5 ag,t(1) – ag,t(0)5 E½YtjGg 5 1� – E½Yt(0)jGg 5 1�.
Thus, given that E½YtjGg 5 1� is estimable from the data, one only needs to identify ag,t(0) in
order to recover ATT(g, t) from the data.
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both never-treated units and the units that are not yet treated at time t 5 3 can be used
as valid comparison groups for the units first treated at time t 5 3, one is imposing the
parallel pretrends condition (8). Of course, the reverse argument is also true, highlighting
that parallel pretrends across groups may have important identification content; we fur-
ther discuss this in section 2.

Given that we now have a better understanding of the PTA invoked by S&A and
dC&D, we turn our attention to the PTA invoked by C&S. In fact, C&S consider two
different PTAs depending on whether a “never treated” group is available or not (see
assumptions 4 and 5 in C&S).

Assumption 6 (Parallel trends assumption based on “never treated” units): For all
g, t 5 2, . . . , T, such that t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjC 5 1½ �:

Assumption 7 (Parallel trends assumption based on “not-yet-treated” units): For
all g, s, t 5 2, . . . , T, such that t ≥ g, s ≥ t,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDs 5 0½ �:

The difference between the parallel trends assumptions 6 and 7 is that the former
uses the “never treated” units as a fixed comparison group, whereas the latter allows one
to use averages of different groups of units that are not-yet treated by time t as a com-
parison group. At first sight, it may not be clear whether the PTAs 6 and 7 also restrict
pretrends as the PTA 5 does.

In order to compare these PTAs, it is illustrative to focus our attention on the styl-
ized example where we again pre-impose assumptions 1–4. In this context, the PTA 6
imposes the following three moment restrictions:

a3,3 0ð Þ 5 E Y3 – Y2jC 5 1½ � 1 E Y2jG3 5 1½ �, (9)

a3,4 0ð Þ 5 E Y4 – Y3jC 5 1½ � 1 a3,3 0ð Þ, (10)

a4,4 0ð Þ 5 E Y4 – Y3jC 5 1½ � 1 E Y3jG4 5 1½ �: (11)

As is evident from (9)–(11), the PTA 6 does not restrict pretrends across groups
and does not presume that “later treated” units can be used as a valid comparison group
for “early treated” units. Although the moment conditions (9), (10), and (11) are respec-
tively the same as (2), (4), and (5), it does not impose the moment restrictions (3), (6),
and (7) imposed by the PTA 5. Therefore, one can reasonably argue that the PTA 6 is
“weaker” then the PTA 5.
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Next, we describe the PTA 7, which, in the context of our stylized example, im-
poses the following moment restrictions:

a3,3 0ð Þ 5 E Y3 – Y2jD3 5 0½ � 1 E Y2jG3 5 1½ �, (12)

a3,3 0ð Þ 5 E Y3 – Y2jD4 5 0½ � 1 E Y2jG3 5 1½ �, (13)

a3,4 0ð Þ 5 E Y4 – Y3jD4 5 0½ � 1 a3,3 0ð Þ, (14)

a4,4 0ð Þ 5 E Y4 – Y3jD4 5 0½ � 1 E Y3jG4 5 1½ �: (15)

where Dit 5 1 if a unit i is treated by time t, and equal to zero otherwise. In the con-
text of our stylized example,D4 5 0 if and only if C 5 1, implying that (13)–(15) are
equivalent to (9)–(11), respectively. Thus, from this simple observation, we can con-
clude that the PTA 7 is “stronger” then PTA 6, as the latter does not involve the mo-
ment restriction (12).

To compare the PTA 7 with the PTA 5, we need to understand the implications of
adding the moment restriction (12) to the other moment restrictions implied by PTA 6.
Note that when we combine (12) with (13), we have that E½Y3 – Y2jD3 5 0� 5
E½Y3 – Y2jD4 5 0�, which in our example is the same as E½Y3 – Y2jD3 5 0� 5
E½Y3 – Y2jC 5 1�. Given that D3 5 0 if and only if either G4 5 1 or C 5 1, it fol-
lows that

E Y3 – Y2jD3 5 0½ � 5 E Y3 – Y2jC 5 1½ �

⇔

E Y3 – Y2jG4 5 1½ � 5 E Y3 – Y2jC 5 1½ �:

Thus, by exploiting this simple but subtle observation, we can conclude that themoment
restrictions implied by the PTA 7, (12)–(15), are equivalent to (2)–(5), a subset of
the moment restrictions implied by the PTA 5. Importantly, and in contrast with the
PTA 6, the PTA 7 does rule out nonparallel pretrends for some groups and pretreat-
ment periods,8 though, technically, it is still weaker than the PTA 5 as the latter com-
pletely rules out any type of nonparallel pretrends.

In summary, from the discussion presented above, one can conclude that the PTA 6
does not restrict pretrends and is weaker than the PTAs 5 and 7, though it requires the
existence of a “never treated” group. In addition, the PTA 7 is arguably weaker then the
PTA 5, as the latter restricts all pretrends in all pretreatment periods, while the former
does not restrict pretrends involving time periods before the first unit is treated. This
can be practically relevant in applications where data are available onmany time periods
before the first group of units is treated.
8. The PTA 7 does not restrict pretrends involving time periods before the first unit is treated
and does not restrict pretrends for the earliest treatment group.
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1.3. Parameters of Interest

In this subsection, we discuss the different parameters of interest that may arise when
one deviates from the canonical 2 × 2DID setting. Before presenting the parameters of
interest considered by S&A, C&S, and dC&D, it is worth stressing the potential pit-
falls associated with the commonly used TWFE regression specifications.

1.3.1. Pitfalls of TWFE Regression Specifications

As Borusyak and Jaravel (2017), dC&D, and Goodman-Bacon (2019) point out, one
of the most popular specifications in this many periods and many groups DID setting
is the following TWFE regression specification,9

Yit 5 ag 1 at 1 βfeDit 1 uit, (16)

where ag and at are group and time fixed effects, respectively, and uit is an idiosyncratic
error term. Although practitioners often consider βfe to be a main parameter of interest,
these aforementioned papers show that, when treatment effects are allowed to be hetero-
geneous across groups and time periods, βfe can only be interpreted as a weighted average
of treatment effects, and, perhaps even more problematic, some of these weights can be
negative; see also Laporte andWindmeijer (2005), Wooldridge (2005), Chernozhukov
et al. (2013), and Gibbons et al. (2018) for earlier related results based on (one-way)
fixed-effect estimators. As so, interpreting estimates of βfe as sensible causal summary
parameters can lead to misleading conclusions about the policy effectiveness.

Moreover, the negative (and nonintuitive) weighting problem is not specific to (16).
De Chaisemartin and D’Haultfœuille show that it also applies to the first-difference
specification. In addition, S&A show that the nonconvex weighting problem extends to
many variations of the dynamic TWFE regression specification

Yit 5 ai 1 at 1 o
–1

e5–K
βe1 t – Gi 1 1 5 ef g 1 o

L

e51
βe1 t – Gi 1 1 5 ef g 1 vit, (17)

where Gi is the time a unit i is first treated (equal to infinity if unit i is “never treated”),
t – Gi 1 1 is the “event time,” that is, the number of time periods a unit has been treated,
1ft – Gi 1 1 5 eg is an indicator for unit i being treated for e time periods. Taken to-
gether, these results suggest that the common practice of attaching sensible causal inter-
pretation to the coefficients of TWFE regression models is not, in general, warranted.

1.3.2. More Sensible Treatment Effect Parameters and Their Estimators

Given the potential pitfalls associated with traditional estimation procedures, S&A,
C&S, and dC&D propose different estimators for different treatment effect parame-
ters. In this subsection, we review these procedures and highlight their differences.
9. All the results remain the same if one replaces ag with ai, a unit-specific fixed effect. We
prefer to include ag as it closely resembles the canonical DID regression specification.
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Given that traditional estimation procedures do not recover easy to interpret causal
parameters without further restricting treatment effect heterogeneity, S&A, C&S, and
dC&D propose different estimators for different treatment effect parameters. In this
subsection, we review these procedures.

De Chaisemartin and D’Haultfœuille focuses on an instantaneous treatment effect
measure across all “ever treated” groups. More precisely, dC&D is mainly interested in
estimating

dS ≡ E on
i51oT

t52Gig � Yit 1ð Þ – Yit 0ð Þð Þ

on
i51oT

t52Git

" #
, (18)

the average of the treatment effect at the time when a group starts receiving the treat-
ment, across all groups that become treated at some point (see sec. 4 of dC&D).10

De Chaisemartin and D’Haultfœuille also proposes an easy-to-implement estima-
tor for dS. To better understand their estimator, let

dATTny g, tð Þ 5
n–1on

i51Gig Yit – Yig–1
� �

n–1on
i51Git

–
n–1on

i51 1 – Ditð Þ 1 – Gig
� �

Yit – Yig–1
� �

n–1on
i51 1 – Ditð Þ 1 – Gig

� � (19)

be a DID estimator for (1) that uses not-yet-treated units by time t as a comparison
group for treatment group g, at time t. Consider the estimator for the probability of a
unit being in group g given that it is among the units that are treated for at least e 5
t – g 1 1 periods given by

ŵ(g; e) ≡ P̂ Gg 5 1jTreated for ≥ e periods
� �

5
Ng∩≥e

N≥e
, (20)

where Ng∩≥e denotes the number of observations in group g among those units that
have been treated for at least e periods, and N≥e is the number of units that have been
treated for at least e periods. De Chaisemartin and D’Haultfœuille then show that, un-
der the PTA 5 and some additional regularity conditions,

d̂S 5 o
T

g52
P̂ Gg 5 1jTreated for ≥ 1 period
� �

� dATTny g, gð Þ, (21)

is an unbiased estimator of dS, and, as (effective) sample size grows, d̂S is also consistent
and asymptotically normal.

From the discussion above, it is evident that (21) is a well-defined estimator for the
easy-to-interpret causal parameter of interest dS as defined in (18). On the other hand,
d̂S is, by design, only suitable to summarize instantaneous treatment effects. Hence,
when one is interested in treatment effect dynamics, one needs to consider alternative
causal parameters of interest.
10. This is the case with staggered treatment adoption. In more general treatment adoption
setups, the parameter of interest considered by dC&H differs from dS as defined above.
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A particular way of considering more general parameters of interest that are able to
capture richer sources of treatment effect heterogeneity is to follow C&S and center the
analysis on the average treatment effect at time t, for those units first treated at time g,
ATT(g, t) as defined in (1). By doing so, one can highlight different sources of treat-
ment effect heterogeneity. For instance, one can look at how the ATT(g, t) for partic-
ular group g evolves over time, which would allow one to study group-specific treatment
effect dynamics. Alternatively, one can form different weighted averages of theATT(g, t)
that are able to summarize overall treatment effects. Examples of these weighted averages
include (i) a “simple” average of the ATT(g, t),

ATTsimple 5 oT
g52oT

t521 g ≤ tf gP(G 5 g) � ATT(g, t)

oT
g52oT

t521 g ≤ tf gP(G 5 g)
, (22)

(ii) the “event-study-type” causal parameter,

des eð Þ5 o
T

g52
o
T

t52
1 t – g1 15 ef gP Gg 5 1jTreated for ≥ e periods

� �
ATT g, tð Þ, (23)

which provides the average treatment effect for units that have been treated for e periods,
and (iii) the average of des over all possible (positive) values of e,

de,avg 5
1

T – 1 o
T –1

e51
des eð Þ: (24)

Note that all these weighted averages of the ATT(g, t) are easy to interpret, less “data
hungry” than the disaggregated ATT(g, t), and can be use to summarize short-, medium-,
and long-run effects of a given policy. In fact, one can show that (18) is equal to deswith
e 5 1.

The key challenge in estimating all these causal parameters of interest is to show
that one can indeed nonparametrically point-identify all ATT(g, t)’s with t ≥ g. Calla-
way and Sant’Anna show that one can bypass such challenges by imposing either the
PTA 6 or 7, though each assumption leads to a different estimand. More precisely,
C&S shows that, for t ≥ g, ATT(g, t) is nonparametrically identified by

ATTnever g, tð Þ 5 E Yt – Yg–1jGg 5 1
� �

– E Yt – Yg–1jC 5 1
� �

, (25)

ATTny g, tð Þ 5 E Yt – Yg–1jGg 5 1
� �

– E Yt – Yg–1jDt 5 0,Gg 5 0
� �

, (26)

when one respectively imposes either the PTA 6 or 7. These quantities can be straight-
forwardly estimated by

dATTnever g, tð Þ 5
n–1on

i51Gig Yit – Yig–1
� �

n–1on
i51Gig

–
n–1on

i51Ci Yit – Yig–1
� �

n–1on
i51Ci

(27)

and by dATTny(g, t) as defined in (19).
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With either dATTnever(g, t) or dATTny(g, t) on hand, one can then form the more ag-
gregated parameters by replacing dATT(g, t) by either of these estimators and by replac-
ing the weights by their natural (plug-in) estimators. For instance, depending on whether
one imposes the parallel trends assumption 6 or 7, one can naturally estimate des by

d̂esnever eð Þ 5 o
T

g52
o
T

t52
1 t – g 1 1 5 ef gŵ(g; e) dATTnever g, tð Þ,

d̂esny eð Þ 5 o
T

g52
o
T

t52
1 t – g 1 1 5 ef gŵ(g; e) dATTny g, tð Þ,

respectively, where e ≥ 1 and ŵ(g; e) is defined as in (20). The aggregated estimators for
ATT simple and for de,avg are formed analogously.

Callaway and Sant’Anna derive the large sample properties of all these aforemen-
tioned estimators and propose bootstrap procedures to construct simultaneous con-
fidence bands for these treatment effect measures. They emphasize the practical im-
portance of using simultaneous inference procedures when one estimates multiple
parameters of interest (e.g., when one estimates des(e) for multiple e’s), as failing to ac-
count for multiple testing usually leads to misleading inference.

We conclude this subsection by noting that S&A are mainly interested in recover-
ing the event-study-type parameter des(e). More precisely, S&A propose the following
interaction-weighted estimator for des(e) (see sec. 4 of S&A). In the first step, they use
the linear two-way fixed effects specification that interacts relative time indicators with
treatment group indicator:

Yit 5 λi 1 λt 1 o
T –1

g52
o
e≠ 0

dge � Gig1 t – Gi 1 1 5 ef g 1 vit (28)

on observations from t 5 1, . . . , T – 1, where the last time period T is dropped in order
to accommodate the case where there is no “never treated” group; if there is a never-
treated group available, dropping data from time period T is unnecessary. Sun and
Abraham show that, under the PTA 5, the estimator d̂ge is consistent for ATT(g, t), t –
g 1 1 5 e. Here, it is important to emphasize that, when a “never treated” group is not
available, only the units treated at the last time period are used as comparison units when
computing d̂ge, which differs from the C&S proposed estimator (19) that uses not-yet-
treated units as comparison units.When a “never treated” group is available, though, the
interaction-weighted estimator d̂ge is equivalent to dATTnever(g, t) once one maps event
time to calendar time (or vice versa).

Armed with d̂ge, S&A then propose to estimate des(e) by

d̂esS&A eð Þ 5 o
T

g52
o
T

t52
1 t – g 1 1 5 ef gŵ(g; e)d̂gt,
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where ŵ(g; e) is defined as in (20). Sun and Abraham establish the large sample prop-
erties of d̂esS&A(e) and provide valid pointwise inference procedures for des(e).

Remark 1: Many times one wishes to check for the existence of nonparallel
pretrends as a way to assess the credibility of the DID setup. We note that one
can use desnever(e) and/or desny(e) with e < 0 as estimators of pretrends, though, when
e is negative onemust replace the estimated weights ŵ(g; e) as defined as in (20) with

ŵ(g; e–) ≡ P̂ ðGg 5 1 at leastj je pre-treatment periods availablej Þ 5 Ng∩≥e–

N≥e–
,

whereNg∩≥e– denotes the number of observations in group g among those units that
have least FeF pretreatment time periods of data available, andN≥e– is the number of
units that have least FeF pretreatment time periods of data available. Importantly,
these event-study estimators avoid the pitfalls associated with using the dynamic
TWFE to assess the credibility of parallel trends; see S&A for a detailed discussion
of this important issue.

2. NOT ALL PARALLEL TRENDS ASSUMPTIONS

ARE MADE EQUAL

From the discussion in the previous section, it is clear that in DID designs with stag-
gered treatment adoption one can make different parallel trends assumptions and can
estimate different parameters of interest. The discussion in section 1 also indicates that,
despite their peculiarities, these different parameters of interest can be estimated using
weighted averages of estimators for the ATT(g, t)0s. From this observation, one can
reasonably argue that identifying (and estimating) the ATT(g, t)0s from the data is
the most challenging step of the analysis and that the different PTAs help researchers
to overcome it. Once this is done, constructing event-study-type estimators, for in-
stance, becomes straightforward.

In practice, however, researchers must choose and justify the use of a given PTA. In
this section, we aim to highlight some practical consequences of adopting different ver-
sions of the PTA. In order to simplify the discussion, we exploit the stylized example
introduced in section 1 whenever possible, and we implicitly impose assumptions 1–4.

2.1. Are These Parallel Trends Testable?

Practitioners routinely use estimates of pretreatment event-study coefficients to assess
the credibility of an underlying PTA.11 Can these tests for parallel pretreatment trends
11. As stressed by S&A, one should not use pretreatment coefficients from TWFE event-
study-type regressions to assess the credibility of the PTA as these coefficients can be contam-
inated with posttreatment effects. Using estimates of (23) with e < 0, on the other hand, does
not suffer from these pitfalls. Please refer to S&A for a detailed discussion about these issues.



250 Journal of the Association of Environmental and Resource Economists March 2021
be interpreted as direct tests for the validity of the underlying PTA, or should these
tests be interpreted as “placebo/falsification” type of tests?With the help of the stylized
example, we show that the answer depends on the chosen PTA.

Let us first consider the case of assumption 5. As is evident from (2)–(8), the PTA 5
imposes six linearly independent moment restrictions to recover three counterfactual
parameters, a3,3(0), a3,4(0), and a4,4(0). That is, imposing the PTA 5 leads to an
overidentified system of equations and, consequently, we can directly test for the valid-
ity of the PTA 5. Indeed, it is easy to see that the PTA 5 implies parallel pretreatment
trends across every group—see, for example, (6)–(8)—and such restrictions can be di-
rectly assessed from the data, for instance, by testing if pretreatment event-study-type
estimates of (23) are all equal to zero. Thus, under the PTA 5, nonzero pretreatment
event-study estimates should be interpreted as direct evidence against the identifying
assumptions.12

A somewhat similar conclusion is also reached when one relies on the PTA 7: (12)–
(15) suggest four linearly independent moment restrictions to recover three counterfac-
tual parameters, which also leads to an overidentified system of equations. Recalling that
(12)–(15) is equivalent to (2)–(5), we can then see from (2)–(3) that the PTA 7 also
imposes parallel pretrends among “never treated” (C 5 1) and the “later treated”
(G4 5 1) from time t 5 2 to t 5 3 but does not restrict pretrends of these two groups
from t 5 1 to t 5 2, nor the pretrends of the early treated group (G3 5 1). Moving
from the stylized example to the general case, we have that PTA 7 imposes parallel pre-
treatment trends from t 5 gmin – 1 to t 5 T for all groups except the first-treated
group (which is treated at time gmin). Interestingly, because estimators of (23) with
e < 0 exploit all pretreatment trends (including the one for groupG3 5 1 in our stylized
example), nonzero pretreatment estimates cannot, at least strictly speaking, be interpreted
as direct tests of the identifying assumptions but, rather, as placebo-type tests. Nonethe-
less, one can easily bypass this limitation by constructing alternative tests for the identi-
fying assumptions. For instance, in the context of our stylized example, one can directly
test if E½Y3 – Y2jC 5 1� 5 E½Y3 – Y2jG4 5 1� using a standard t-test. Rejecting the
null hypothesis would provide direct evidence against the identifying assumptions.

Finally, note that the conclusion is very different when one imposes the PTA 6: (9)–
(11) suggest that we have a just-identified system of equations, implying that the PTA 6
cannot be directly tested. Indeed, as we discussed in section 1.2, PTA 6 does not restrict
pretreatment trends, and, therefore, event-study estimates for pretreatment periods pro-
vide, at best, placebo-type evidence against the PTA 6.
12. If assumption 3 is violated, though, it is possible that violations from assumption 3 “off-
set” violations of assumption 5 and the test based on (6)–(8) would not capture such violations.
This should always be taken into account. In addition, failing to reject these tests should not be
interpreted as evidence in favor of the identifying assumptions, as it may be the case that the test
lacks power to detect some nontrivial deviations from the null.
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The discussion above highlights that whether tests for parallel pretreatment trends
provide direct or indirect evidence against the invoked identifying assumptions crucially
depends on the invoked PTA. This is very different from the case where treatment
adoption does not vary across time. In that case, tests for nonparallel pretreatment
trends always provide only indirect evidence against the adopted design.

2.2. Can the Parallel Trends Assumption Guide Us on Choosing

a DID Estimator?

In this section, we discuss some potential trade-offs one may face when adopting dif-
ferent PTAs, as they can lead to different DID estimators.

2.2.1. What If We Impose the PTA 6?

The PTA 6 is the weakest PTA among the three we have considered so far, as it does
not impose any restriction on pretreatment trends across groups. Given that this PTA
leads to a just-identified system of equations, in situations where researchers are not
willing to impose additional restrictions on the data, dATTnever(g, t) as defined in
(27) is the only suitable estimator for theATT(g, t) and their different functionals such
as the event-study parameters (23).

Of course, in order to rely on the PTA 6 and use the DID estimator (27), we must
have a set of units that do not experience treatment in the time window we want to
analyze. When such a group of units is available but its relative size is small, inference
procedures based on (27) may not be as precise as one wishes. However, it is important
to stress that this potential “loss of efficiency” is a direct consequence of not exploiting
restrictions on pretreatment trends across groups.

In practice, we foresee researchers taking into account this “robustness” versus “ef-
ficiency” trade-off when deciding if the PTA 6 is the most suitable for the given appli-
cation. In situations where there is a “reasonably large” number of units that cannot be
treated because of some application-specific institutional detail, we expect that the gains
in robustness should dominate the potential gains in efficiency associated with using
other PTAs and DID estimators. The same holds true if researchers are not comfort-
able with a priori ruling out nonparallel pretrends. In these cases, we foresee researchers
favoring the PTA 6 and the DID estimator dATTnever(g, t) over the other alternatives.

2.2.2. What If We Impose Either the PTA 5 or the PTA 7?

Inmany situations, a “never-treated” group is not available, implying that the PTA6 does
not provide any identifying restriction that can be used to estimate the ATT(g, t)’s. In
other cases, the “never-treated” group may be “too small” to be of practical use, and/or
researchers may be a priori comfortable restricting pretreatment trends and using those
“not-yet-treated” units as valid comparison groups for those “earlier treated.” In such cases,
researchers can then choose between thePTA5and thePTA7. In both cases, though, they
can use the DID estimator dATTny(g, t), as defined in (19), to study policy effectiveness.
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Although (19) can be used under either PTA, we still recommend researchers to
explicitly specify which PTA they are making for at least three reasons. First, being ex-
plicit about the identifying assumption adds transparency to the analysis, which is al-
ways desirable. Second, the interpretation of pretests based on event-study-type esti-
mates can vary depending on the assumptions, as we discussed in section 2.1. Third,
the choice of the PTA has an important impact on what other estimators you could
use instead of (19). This is particularly important because (19) does not fully exploit
all the restrictions imposed by either PTA. Being aware of the exact PTA invoked al-
lows researchers to adopt an alternative estimation procedure that fully exploits all
these moment restrictions, resulting in estimators that are more efficient than (19).
Here, we stress that the gains in efficiency will vary depending on the underlying
PTA used, as the PTA 5 imposes more restrictions on the data than PTA 7.

Before describing how one can exploit these additional moment restrictions to form a
more efficient DID estimator, it is worth describing situations where researchers may
favor either the PTA 5 or the PTA 7. Recall that the main difference between PTA 5
and PTA 7 is that the former imposes parallel pretreatment trends across all groups
and all time periods, whereas the latter only restricts pretreatment trends since the time
the first group is treated. These differences can bemeaningful in applications where data
on multiple time periods before the first group of units is treated are available, and the
economic environment in these “early periods” was potentially different from the “later
periods.” In these cases, the outcome of the different groups may evolve in a nonparallel
manner during “early-periods” periods, perhaps because the groups were exposed to dif-
ferent shocks, but these nonparallel trends become less of a concern as time passes. In
such cases, we expect researchers to favor the PTA 7 over the PTA 5. In other situa-
tions, though, researchers may prefer to impose the PTA 5, allowing them to enjoy
some potential gains in efficiency if they use estimators that exploit the additional re-
strictions imposed by the PTA5when compared to the PTA7. Again, the “robustness”
versus “efficiency” trade-off should be taken into account when deciding which PTA is
more appropriate for the specific application.

3. USING GMM TO ESTIMATE DID PARAMETERS

As we described in section 2.2, in situations where researchers are comfortable with
imposing either the PTA 5 or the PTA 7, the DID estimator (19) is not efficient,
as it does not fully exploit all the restrictions implied by these PTAs. In this section,
we describe how one can exploit all the restrictions implied by the identifying assump-
tions to form efficient DID estimators by casting the problem into the familiar GMM
framework (Hansen 1982). In what follows, we provide a step-by-step description of
how one can form these efficient GMMDID estimators. To avoid repetition, we focus
on the case where researchers impose the PTA 7; the implementation based on the
PTA 5 is completely analogous.
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The key to implement the GMM is to list all moment restrictions we are imposing
to recover the ATT(g, t)’s, whichs involves not only the moment restrictions implied
by the PTA 7 but also the observational restrictions that, for all t ≥ g, ag,t(1) ≡
E½Yt(1)jGg 5 1� 5 E½YtjGg 5 1�, aprop

g ≡ E½Gg�, aprop
C ≡ E½C�. We can then use

these “augmented” moment restrictions (consisting of observational restriction and
all themoment restrictions implied by the PTA) to efficiently estimate all the unknown
parameters involved in our problem by following Hansen (1982).

To gain more intuition on how to implement the efficient GMM, we turn our
attention to our stylized example. In this case, the unknown parameters consist of
a ≡ (a3,3(1), a3,3(0), a3,4(1), a3,4(0), a4,4(1), a4,4(0), a

prop
C , aprop

3 , aprop
4 )0, which can

be efficiently estimated by

âgmm 5 arg min
a∈V

�ga Wð Þ0Σ̂–1
�a,gmm�ga Wð Þ, (29)

where �ga(W) is the sample average of the augmented moment conditions,
n–1on

i51ga(Wi), with ga(Wi) combining all (linearly independent) moment condi-
tions,13 and

Σ̂�a,gmm 5
1
no

n

i51
g�a Wið Þg�a Wið Þ0,

�a being a preliminary consistent estimator for a, say the minimizer of (29) with Σ̂�a,gmm

replaced by the identity matrix.
With âgmm, one can then efficiently estimate the parameters of interest: ATT(3, 3),

ATT(3, 4), and ATT(4, 4) by

dATTgmm

3, 3

3, 4

4, 4

0BBB@
1CCCA 5

â
gmm
3,3 1ð Þ – â

gmm
3,3 0ð Þ

â
gmm
3,4 1ð Þ – â

gmm
3,4 0ð Þ

â
gmm
4,4 1ð Þ – â

gmm
4,4 0ð Þ

0BBB@
1CCCA: (30)

In what follows, we establish the asymptotic properties of âgmm. The asymptotic
properties of dATTgmm(g, t) follow directly from the delta method. Let DYt 5
Yt – Yt–1. Define Σa,gmm as the probability limit of Σ̂~a,gmm, and

W 5 E
∂ga Wð Þ

∂a

� �
:

Let the vector of scores associated with the efficient GMM estimator be defined as

f
gmm
a Wið Þ 5 – W0Σ–1

a,gmmW
� �–1

W0Σ–1
a,gmm � ga Wið Þ:
13. See app. A for the details about ga(Wi).
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Proposition 1: Assume that all random variables have finite second moments,
Σa,gmm is positive definite, and that assumptions 1–4 hold. Then, when the parallel
trends assumption 7 holds, we have that:

(i) As n→∞, ffiffiffi
n

p
âgmm – að Þ 5

1ffiffiffi
n

p o
n

i51
f
gmm
a Wið Þ 1 op 1ð Þ

→
d
N 0, W0Σ–1

a,gmmW
� �–1	 


:

(ii) The GMM estimator âgmm is semiparametrically efficient.
Proof: Proof is presented in appendix C (apps. A–D are available online). QED

Proposition 1 has important practical implications, which we illustrate in the con-
text of our stylized example. First, and perhaps most important, it implies that

ffiffiffi
n

p dATTgmm – ATT
	 
 3, 3

3, 4

4, 4

0BB@
1CCA→

d
N 0, Qð Þ,

with Q 5 A(W0Σ–1
a,gmmW)–1A0, A is a “selection matrix”14 and that X is equal to the

semiparametric efficiency bound for ATT(g, t) under the PTA 7. As so, dATTgmm

exploits all available information in the data to estimate the ATT(g, t)’s, which, in gen-
eral, translates to tighter confidence intervals. In fact, under the PTA 7, the GMM
DID estimator dATTgmm(g, t) is, in general, more efficient than dATTny(g, t) ordATTnever(g, t) as defined in (19), and (27), respectively, or those based on the
“interaction-weighted” regression (28). This is a main advantage of the GMM DID
estimator when compared to the other available estimators.

A second implication of proposition 1 is that, given that we have an overidentified
system of equations, one can directly use the Sargan-Hansen J-test as a test for the va-
lidity of the PTA 7. More precisely, under the null hypothesis that the PTA 7 is true,

J 5 n � �gâgmm Wð Þ0 Σ̂–1
âgmm,gmm �gâgmm Wð Þ

	 

→
d
x210–9 as n→∞:

If the PTA 7 holds, any deviation of J from zero should be within the range of sampling
error, whereas if the PTA 7 is violated, J should be “large.” Thus, the Sargan-Hansen
J-test can be useful for detecting violations of the PTA 7.

At this moment, one may wonder about the situations where one may favor the
GMM DID estimator (30) over the simpler DID estimator (19). Given that (30) is
14. See app. A for its formal definition.
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more efficient than and as robust as (19), the only obstacle we see for its widespread
adoption is its implementation: whenever the number of treatment groups and/or time
periods available is large, the number ofmoment conditions needed to be considered into
the efficient GMM can be fairly large—in our application, for example, where we have
16 treatment groups and 33 time periods, the GMM involves 780 moments with 195
overidentification restrictions, whereas sample size (state-year pairs) is equal to 759.
In such cases, we expect researchers to favor the simpler, but inefficient, DID estimator
(19). However, when the number of groups and/or time periods is moderate, such that
implementation of the efficient GMM is not challenging, we would recommend using it.

4. A SIMPLER AND MORE ROBUST DID ESTIMATOR

As highlighted in the previous section, the main attractive feature of using the GMM
estimation procedure is that it leads to efficient estimators that fully exploit all the
available information compatible with the underlying identifying assumptions. On
the other hand, the implementation of such GMM DID estimator is not always
straightforward.

In this section, we describe an alternative DID estimator for the ATT(g, t). Al-
though the estimator is usually less efficient than the GMM, it is (i) easy to compute,
(ii) does not require the existence of a “never-treated” group, (iii) exploits more data
than (19), and (iv) does not explicitly restrict pretrends as it relies on a “weaker” PTA
described below.

Assumption 8 (“Weaker” parallel trends assumption based on “not-yet-treated”
units): For all g, t 5 2, . . . , T, such that t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDt 5 0½ �:

The PTA 8 imposes that the evolution of the outcome at time t among those units
that have not yet experienced treatment by time t can help us identify the ATT(g, t)’s.
Unlike PTA 7, it does not impose that every individual not-yet-treated group can be
used as a comparison group, which, in turn, suggests that the ATT(g, t), t ≥ g are
nonparametrically just identified. We formalize this result in the next proposition.
Let DYt 5 Yt – Yt–1 denote the first-difference of Yt.

Proposition 2: Assume that assumptions 1–4 hold. Then, when the parallel
trends assumption 8 holds, it follows that, for 2 ≤ g ≤ t ≤ T , ATT(g, t) 5
ATTny1(g, t), where

ATTny1 g, tð Þ ≡ E Yt – Yg–1jGg 5 1
� �

– o
t

s5g
E DYsjDs 5 0,Gg 5 0
� � !

: (31)

Proof: Proof is presented in appendix C. QED
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To better grasp how the PTA 8 allows us to use ATTny1(g, t) as an estimand for
theATT(g, t), t ≥ g, it is illustrative to go back to our stylized example. In this specific
context, we have that, under assumptions 1–4, the PTA 8 is equivalent to the following
restrictions:

a3,3 0ð Þ 5 E Y3 – Y2jD3 5 0½ � 1 E Y2jG3 5 1½ �, (32)

a3,4 0ð Þ 5 E Y4 – Y3jD4 5 0½ � 1 a3,3 0ð Þ, (33)

a4,4 0ð Þ 5 E Y4 – Y3jD4 5 0½ � 1 E Y3jG4 5 1½ �: (34)

By listing these restrictions we can now see how we get ATTny1(g, t), as defined in
(31). First, from (32) and (34), it follows that, when g 5 t, ag,t(0) can be explicitly
written as functionals of observable data (and not potential outcomes). As so,ATT(g, t)
is identified by (31). Interestingly, in this case with g 5 t, (31) reduces toATTny(g, t),
as defined in (26). When one moves away from the “instantaneous average treatment
effects,” though, these two estimands differ. Indeed, by exploiting the moment restric-
tions (32) and (33), we can see that the ATT(3, 4) is nonparametrically identified by

ATTny1 3, 4ð Þ 5 E Y4 – Y2jG3 5 1½ �
– E Y3 – Y2jD3 5 0½ � 1 E Y4 – Y3jD4 5 0½ �ð Þ,

which, of course, is a special case of (31). Here, we stress that ATTny1(3, 4) uses data
from all groups, G3 5 1, G4 5 1, and C 5 1, whereas ATTny(3, 4) only uses data
fromG3 5 1 and C 5 1. Hence, one may expect estimators based on (31) to be more
precise than (19) because they utilize more data. Furthermore, because the PTA 8
does not restrict pretrends, that is, it does not impose that E½Y3 – Y2jD3 5 0� 5
E½Y3 – Y2jD4 5 0� as implied by (12) and (13), one can also expect additional gains
in “robustness” by exploiting (31) instead of (26).

Next, we discuss how one can exploit proposition 2 to estimate the ATT(g, t)’s.
Here, the most natural way to proceed is to use the sample analog of (31):

dATTny1 g, tð Þ 5
n–1on

i51Gig Yit – Yig–1
� �

n–1on
i51Git

– o
t

s5g

n–1on
i51 1 – Disð Þ 1 – Gig

� �
DYis

n–1on
i51 1 – Disð Þ 1 – Gig

� � !
: (35)

Note that (35) is very easy to compute as it only involves combinations of sample
means. Next, we show that these DID estimators also enjoy good asymptotic proper-
ties. More precisely, we prove they are

ffiffiffi
n

p
-consistent and establish their joint asymp-

totic distribution. Before we present the results, we need to introduce some additional
notation. For each (g, t)-pair, let fny1(Wi; g, t) be the influence function ofdATTny1(g, t),
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fny1 Wi; g, tð Þ 5 Gig

E½Gg�
Yit – Yig–1
� �

–
E½Gg � Yt – Yg–1

� �
E½Gg�

� ��

–o
t

s5g

1 – Disð Þ 1 – Gig
� �

E½ 1 – Dsð Þ 1 – Gg
� �

�
DYis –

E½ 1 – Dsð Þ 1 – Gg
� �

� DYs�
E½ 1 – Dsð Þ 1 – Gg

� �
�

 !!
:

Finally, let dATTny1(t ≥ g) and ATT(t≥g) denote the vector of dATTny1(g, t) and
ATT(g, t), respectively, for all g, t 5 2, . . . , T with t ≥ g. Analogously, let
Fny1(Wi; t ≥ g) denote the collection of fny1(Wi; g, t) across all periods t and groups
g such that t ≥ g.15

Proposition 3: Assume that assumptions 1–4 and assumption 8 hold. Then, as
n→∞, ffiffiffi

n
p dATTny1 – ATT
	 


g, tð Þ 5 1ffiffiffi
n

p o
n

i51
fny1 Wi; g, tð Þ 1 op 1ð Þ: (36)

Furthermore, ffiffiffi
n

p dATTny1(t ≥ g) – ATT(t ≥ g)
	 


→
d
N 0,Vð Þ, (37)

with V 5 E(Fny1(W; t ≥ g)Fny1(W; t ≥ g)0).

Proof: Proof is presented in appendix C. QED

Proposition 3 provides the influence function for estimating the vector of group-
time average treatment effects, as well as its limiting distribution. Interestingly, prop-
osition 3 suggests two potential paths to conduct inference for the ATT(g, t)’s. The
first and perhaps more standard approach is to use the analogy principle and directly
estimate V, which leads directly to standard errors and pointwise confidence intervals.
However, it is worth stressing that when one is interested in making inference about
multiple ATT(g, t)’s, inference procedures based on this standard approach such as
those based on traditional t-tests and/or individual confidence intervals are usually in-
appropriate as they do not account for the fact that one is (implicitly) conducting mul-
tiple hypotheses testing. As a direct consequence, significant treatment effects may
emerge simply by chance, even when all ATT(g, t)’s are equal to zero (see, e.g., Ro-
mano and Wolf 2005; Anderson 2008; and Romano et al. 2010, sec. 8).

An alternative path to conduct asymptotically valid inference for multiple parame-
ters of interest that is robust against the multiple-testing problem is to leverage the
15. We restrict our attention to t ≥ g just because these are the posttreatment periods,
which presumably are the periods of main interest for the analysis. However, our results nat-
urally extend to the case where one considers all possible g, t’s, with the caveat that ATTny1(g, t)
may differ from ATT(g, t) for t < g, as the PTA 8 does not explicit restrict pretrends.
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asymptotic linear representation (36) to construct computationally simple bootstrapped
simultaneous confidence intervals for multiple ATT(g, t). The idea of this bootstrap
procedure is fairly simple, and each bootstrap iteration simply amounts to “perturbing”
the asymptotic linear representation of the dATTny1(g, t)’s by a randomweightV, and it
does not require reestimating the ATT(g, t)’s at each bootstrap draw. In appendix B,
we provide a step-by-step description of how one can implement such a procedure.

Remark 2: It is worth stressing that the ATTny1(g, t) estimand defined in (31) is
only suitable for posttreatment periods, that is, for t ≥ g. Hence, in contrast to (25)
and (26), we cannot fix the estimand to analyze pretreatment periods t < g. To ad-
dress this issue, we suggest using the estimand

ATTpre
ny1 g, tð Þ ≡ E DYtjGg 5 1

� �
– E DYtjDt 5 0,Gg 5 0
� �

, for t < g, (38)

which should be equal to zero under assumptions 1–4 and a stronger version of the
PTA 8 that holds for both pre- and posttreatment periods (and not only for post-
treatment periods as PTA 8). One can then use estimates of (38) to provide indi-
rect evidence for the PTA 8, as PTA 8 cannot be directly tested. We stress that
(38) should not be directly compared with (25) and (26) for t < g as (38) measures
“local deviations” (from time t – 1 to t) of a zero pretreatment trends conditions,
whereas (25) and (26) capture “cumulative deviations” (from time t until g – 1)
of zero pretreatment trends conditions.

Remark 3: It is straightforward to build on dATTny1(g, t) to construct event-study
estimators for des(e) as defined in (23). Following the same steps described in sec-
tion 1.3.2, a natural estimator for des(e) is

d̂esny1 eð Þ 5 o
T

g52
o
T

t52
1 t – g 1 1 5 ef gŵ(g; e) dATTny1 g, tð Þ,

where the weights ŵ(g; e) are as defined in (20). By building on proposition 3 and
the fact that the weights admit an asymptotic linear representation, it is easy to
show that d̂esny1(e) is consistent and asymptotically normal; see, for example, C&S.

We conclude this section by highlighting situations where we foresee (35) being fa-
vored over the other available DID estimators. First, we envision researchers favoring
(35) over (19) in situations where they are not comfortable explicitly restricting pretrends
and/or when they want to use data from all groups to estimate the ATT(g, t)’s. This
can be particularly relevant when one wants to conduct cluster-robust inference when
only a moderate number of clusters is available. We also expect researchers to favor
(35) over the efficient GMM estimator when implementation is challenging. In this case,
we expect that (35)’s “easiness-to-use” would dominate the potential efficiency gains of
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using GMM. Finally, we expect researchers to favor (35) over (27) when a “never-treated”
group is relatively small, though we stress that these two estimators rely on nonnested
PTAs.

Remark 4: Given that different estimators (and PTAs) have different implications
for robustness and efficiency, it may be tempting to use “specific-to-general” specifi-
cation search: start the analysis considering estimators that rely on “stronger” as-
sumptions and then test the validity of these assumptions; in case one does not reject
them, one stops and uses the “more efficient” estimators, but in case one rejects the
invoked PTA, one then chooses a “more robust” but “less efficient” DID estimator.
Although fairly intuitive, the aforementioned strategy is dangerous and should not
be used in practice since this specification search is based on multiple-testing proce-
dure, and, as so, inference procedures that treat the “final” estimator (or the “winner”)
as “true” can be severely distorted; see, for example, Roth (2020) for detailed discus-
sion of this issue.Hence, we argue that researchers should select the PTA taking into
account the “robustness” versus “efficiency” trade-off and that these considerations
should be done based on external, context-specific information, and not on pretests.

5. THE EFFECT OF ENFORCING THE CLEAN WATER ACT

To illustrate the inherent trade-offs described above, we replicate Katherine Grooms’s
(2015) analysis of the transition from federal to state management of the Clean Water
Act (CWA). Environmental policy mandated at the federal level is often implemented at
the state level. Yet, there exists variation in the level of enforcement across states. Grooms
(2015) exploits the staggered timing of the transfer from federal to state monitoring and
enforcement of the CWA. Using TWFE specifications akin to (16) and (17), she finds
that state-level prevalence of corruption plays an important role in the enforcement and
compliance of environmental regulation after transitioning to state control.

We begin by describing the data, and thenwe discuss the practical relevance of the key
assumptions and specifications we use for the analysis given our context. Finally, we show
the baseline and corruption-specific results for both theTWFE specification and the new
DID estimators that rely on the different PTAs discussed above. Finally, we discuss the
implications of the findings and the importance of choosing an appropriate PTA.

5.1. Data

We follow the data construction fromGrooms (2015) as closely as possible. Table D.1
(available online) replicates key summary statistics from Grooms (2015) and provides
additional detail on data sources and construction. As described further in appendix D,
we follow Grooms (2015) to construct a measure of the fraction of total facilities with
at least one inspection, violation, or enforcement action in a state and year.

The timing of state authorization is distributed fairly evenly throughout our sample
period, with the exception that 27 states received authorization prior to the sample
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period, between 1973 and 1975.16 Given that neither the data nor the parallel trends
assumptions for Yt(0) provide information to identify the average treatment effect for
these “always treated” states, these states are dropped from the analysis. Figure 1 high-
lights the year that each of the remaining 23 states started treatment, that is, the year in
which the state was authorized to administer individual National Pollutant Discharge
Elimination System (NPDES) permits. The bottom four states are what we call the
“never-treated” units, that is, the states that remain unauthorized to administer individ-
ual NPDES permits through the entire sample period.17 Figure 1 also allows one to
visualize which states form each treatment group (those states within the dark shaded
area in the same year), and who the “not-yet-treated” states are at any point in time
(those units that are in the light shaded area in a given year).

Finally, we follow Grooms (2015) in defining states with above median federal pub-
lic corruption convictions across all years as “corrupt” states.18 Figure 2 shows corrupt
states in red and noncorrupt states in blue. “Always-treated” states are shown in gray.
Based on this measure, “corrupt” states are mostly from the mid-Atlantic and southern
regions, while “noncorrupt” states tend to appear in New England and the West.

5.2. Specifications and Assumptions

Like Grooms (2015), the starting point of our exercise is to examine the impact of au-
thorization on compliance outcomes—for the sake of brevity, we focus on violation
rates, though results for inspection rate and enforcement rate are available upon re-
quest.19 Since we are particularly interested in treatment effect dynamics, we estimate
event-study-type parameters using four different procedures. First, we replicate the dy-
namic TWFE specification from Grooms (2015). The exact specification we use is the
following:

Yit 5 λi 1 λt 1 o
32

e5–30,e≠ 0
βe1 t – Gi 1 1 5 ef g 1 vit, (39)

which includes 30 treatment lead indicators (all the indicators associated with βe with
e < 0) and 32 treatment lag indicators (all the indicators associated with βewith e > 0).
16. Figure D.1, available online, shows the distribution of the timing of state authorization
across years. As many states receive authorization for the first four phases in the same year, we
define the year of authorization as the year in which the state was authorized to perform the first
phase of the program, administering individual NPDES permits.

17. As of 2008, four states remained unauthorized to administer individual NPDES. Idaho
received authorization in 2018, outside of the sample period used here to be consistent with
Grooms (2015).

18. See app. D for additional detail.
19. Overall, we find essentially zero effect on these other outcomes, regardless of the PTA

and model specification used. This is in line with the results in Grooms (2015).



Figure 1. Timing of state authorization. Shows the timing treatment adoption, where treat-
ment is defined as the year in which the state was authorized to administer individual NPDES
permits. Color version available as an online enhancement.
Figure 2. Corrupt and noncorrupt states. Corrupt states, shown in red, are those above the
median of average convictions per capita across all years. Noncorrupt states are shown in blue.
Gray states are “already treated” prior to the sample window and are not included in the analysis.
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We follow Borusyak and Jaravel (2017) and omit the treatment lead indicators asso-
ciated with e 5 0 and with e 5 –31. Like Grooms (2015), our specifications are
weighted by total facilities in a state, and all standard errors are clustered at the state
level.

Second, we make specific PTAs and use the new estimators described previously.
Because our empirical application includes a set of “never-treated” states, we estimate
event-study-type parameters based on the PTA (6) and use d̂esnever(e) as an estimator
for des(e).We also leverage the PTA (7) and use d̂esny(e) as an estimator for d

es(e). Finally,
we employ the PTA (31) and use d̂esny1(e) as an estimator for d

es(e). We do not use the
event-study estimates based on GMM framework discussed in section 3, since, in our
specific application, the GMM associated with the PTA 5 involves 780 moments with
195 overidentification restrictions, whereas sample size (state-year pairs) is equal to 759.

Next, we analyze whether the effects of state authorization on violation rates vary
depending on whether a state has a long prevalence of corruption. To do so, we follow
Grooms (2015) and consider the following TWFE specification:

Yit 5 ai 1 at 1 o
32

e5–30,e≠0
βe1 t – Gi 1 1 5 ef g

1 o
32

e5–30,e≠ 0
βce(1 t – Gi 1 1 5 ef g × Corrupti) 1 vit,

(40)

where the βce ’s are considered to be a measure of how treatment effects vary depending
onwhether a state is “corrupt” or not: positive (negative) point estimates suggest that the
violation rates increased (decreased) more in corrupt states than in noncorrupt states.

At this stage, two important questions arise. First, what type of parallel trends as-
sumption is actually being invoked to justify attaching a causal interpretation to the βce ’s
in (40)? Second, is (40) susceptible to the potential pitfalls discussed in section 1.3.1?
Answering these questions is inherently hard, as TWFE is a model specification and
not a “research design.” An alternative, and perhaps more constructive, way of ap-
proaching this problem is to construct event-study-type estimators that explicitly rely
on a particular PTA and that, by design, avoid the potential lack of a clear interpreta-
tion associated with the TWFE specification (40). We follow this latter path.

With respect to the PTA, there are two natural variants of each of the PTAs 6, 7,
and 8 that one can invoke to highlight treatment effect heterogeneity with respect to
whether a state is corrupt or not. These variants differ from each other depending on
whether or not one allows for different counterfactual trends between corrupt and
noncorrupt states. One may be concerned, for example, that, in the absence of treat-
ment, the evolution of the violation rate could differ between corrupt and noncorrupt
states. In this case, one would prefer a “weaker” assumption to allow for corruption-
specific trends. In the context of our application, “corruption” is not randomly assigned
and the geographic clustering of corrupt and noncorrupt states may lead us to prefer a

(40)
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PTA that permits corruption-specific trends if we think, for example, that there may be
regional trends that differ across these states. We believe this is the most natural iden-
tification set up, as this is how one would proceed if one were to separately estimate
counterfactuals for corrupt states and noncorrupt states, and only later compare their
difference. We formalize these six different PTAs below.

Assumption 9 (Parallel trends assumption based on “never treated” units, with
corruption-specific trends): For c 5 0, 1, and all g, t 5 2, . . . , T, such that t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjC 5 1, Corr 5 c½ �:

Assumption 10 (Parallel trends assumption based on “not-yet-treated” units, with
corruption-specific trends): For c 5 0, 1, and all g, s, t 5 2, . . . , T, such that t ≥ g,
s ≥ t,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDs 5 0, Corr 5 c½ �:

Assumption 11 (“Weaker” parallel trends assumption based on “not-yet-treated”
units, with corruption-specific trends): For c 5 0, 1, and all g, t 5 2, . . . , T, such
that t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDt 5 0, Corr 5 c½ �:

Assumption 12 (Parallel trends assumption based on “never treated” units, with-
out corruption specific trends): For c 5 0, 1, and all g, t 5 2, . . . , T, such that
t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjC 5 1½ �:

Assumption 13 (Parallel trends assumption based on “not-yet-treated” units,
without corruption trends): For c 5 0, 1, and all g, s, t 5 2, . . . , T, such that
t ≥ g, s ≥ t,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDs 5 0½ �:

Assumption 14 (“Weaker” parallel trends assumption based on “not-yet-treated”
units, without corruption-specific trends): For c 5 0, 1, and all g, t 5 2, . . . , T,
such that t ≥ g,

E Yt 0ð Þ – Yt–1 0ð ÞjGg 5 1, Corr 5 c
� �

5 E Yt 0ð Þ – Yt–1 0ð ÞjDt 5 0½ �:

The difference between these PTAs depends onwhether one uses the “never treated,”
some “not yet treated,” or all “not yet treated” as valid comparisons group, and whether
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one only uses states with the same corruption status (corrupt or noncorrupt) as valid
comparison groups. Assumptions 9–11 do not assume that the evolution of the violation
rate is the same between corrupt and noncorrupt states. These three assumptions are the
analogs of assumptions 6, 7, and 8 when one restricts attention to the subset of units with
corruption status equal to c. Assumptions 12–14, on the other hand, assume that, in the
absence of treatment, the evolution of the violation rate is the same for corrupt and
noncorrupt states, that is, it rules out corruption-specific trends. As so, one may argue
that the assumptions 9–11 are “weaker” than assumptions 12–14.

Next, one can easily leverage any of these PTAs to identify and estimate sensible
treatment effect parameters by following the same steps described in section 1.3.2.
The first step toward this goal is to show that the ATT(g, t)’s for the units with cor-
ruption status equal to c, c 5 0, 1, defined by

ATT g, t; cð Þ ≡ E Yit 1ð Þ – Yit 0ð ÞjGg 5 1, Corr 5 c
� �

,

are nonparametrically point-identified for all t ≥ g. However, given the results in the-
orem 1 of C&S and the discussion in sections 1.3.2 and 4, this is a straightforward
task. Indeed, one can easily show that for all t ≥ g, the ATT(g, t)’s are non-
parametrically identified by

ATT1
never g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– E Yt – Yg–1jC 5 1, Corr 5 c
� �

, (41)

ATT1
ny g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– E Yt – Yg–1jDt 5 0, Corr 5 c
� �

(42)

ATT1
ny1 g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– o

t

s5g
E DYsjDs 5 0, Corr 5 c½ �

 !
, (43)

ATT2
never g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– E Yt – Yg–1jC 5 1
� �

, (44)

ATT2
ny g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– E Yt – Yg–1jDt 5 0
� �

, (45)

ATT2
ny1 g, t; cð Þ 5 E Yt – Yg–1jGg 5 1, Corr 5 c

� �
– o

t

s5g
E DYsjDs 5 0½ �

 !
, (46)

depending on whether one respectively imposes one of the PTAs 9–14.20 These re-
sults are analogous to (25), (26), and (31). Likewise, all the aforementioned quantities
can be estimated using the analogy principle, that is, by replacing population expecta-
tion with sample expectations.

Armed with these estimators, one can form different summary measures for the
overall treatment effect following the same steps described in section 1.3.2. To explicitly
show how one can form event-study-type estimators, let ATTgeneric(g, t; c) be a generic
20. Although the PTAs 12–14 lead to overidentification, for the sake of simplicity we do
not fully exploit all these restrictions when proposing the aforementioned estimands.
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notation for ATT1
never(g, t; c), ATT1

ny(g, t; c), ATT1
ny1(g, t; c), ATT2

never(g, t; c),
ATT2

ny(g, t; c), and ATT2
ny1(g, t; c) and denote its plug-in estimator bydATTgeneric(g, t; c). Then, one can estimate the average treatment effect for units with

corruption status equal to c that have been treated for e periods by

d̂esgeneric e; cð Þ 5 o
T

g52
o
T

t52
1 t – g 1 1 5 ef gŵ g; e, cð Þ dATTgeneric g, t; cð Þ, (47)

where the weights are given by

ŵ g; e, cð Þ ≡ P̂ Gg 5 1jTreated for ≥ e periods, Corr 5 c
� �

5
Ng∩≥e∩c

N≥e∩c
,

where Ng∩≥e∩c denotes the number of observations in group g among those units with
corrupt status c that have been treated for at least e periods, and N≥e is the number of
units with corrupt status c who have been treated for at least e periods.21 Given that
our main goal is to compare the evolution of treatment effects between corrupt and
noncorrupt states, we can simply compute the difference between d̂esgeneric(e; 1) and
d̂esgeneric(e; 0). Denote this (generic) estimator by d̂

es
generic(e; 1 – 0), that is,

d̂esgeneric e; 1 – 0ð Þ 5 d̂esgeneric e; 1ð Þ – d̂esgeneric e; 0ð Þ: (48)

Here, we stress that, regardless of which of the six different estimators for (48) one
adopts, they are all directly and explicitly tied to a given PTA, and, by design, they bypass
the potential pitfalls associated with the TWFE specification.

In addition to the event-study estimates, we further aggregate these treatment effect
curves into scalar, easy to interpret parameters. Toward this end, we report the plug-in
estimators for the following two aggregated treatment effect parameters proposed by
C&S,

ATTsimple,1–0 5 ATTsimple;1 – ATTsimple;0, (49)

where, for c 5 0, 1 ATT simple;c is defined analogously to (22), that is,

ATTsimple,c 5 oT
g52oT

t521 g ≤ tf gP(G 5 g, Corr 5 c) � ATT(g, t; c)

oT
g52oT

t521 g ≤ tf gP(G 5 g, Corr 5 c)
,

and the average of des(e; 1 – 0) over all possible (positive) values of e,

de,avg,1–0 5 de,avg;1 – de,avg;0: (50)

where, for c 5 0, 1, de,avg;c is defined analogously to (24), that is,
21. When e < 0, we replace ŵ(g; e, c) in (47) with ŵ(g; e–, c), where ŵ(g; e–, c) is analogous
to ŵ(g; e–) as defined in remark 1.
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de,avg;c 5
1

T – 1 o
T –1

e51
des(e; c):

We report estimators for these functionals that rely on the PTAs 9–14, respectively.
For the sake of comparison, we also report the ordinary least squares (OLS) estimate of
βcfe associated with the following TWFE specification,

Yit 5 ag 1 at 1 βfeDit 1 βcfeDit × Corrupti 1 uit, (51)

though these estimates are also subject to pitfalls briefly described in section 1.3.1.

5.3. Results

5.3.1. Baseline Results

Figure 3 displays the results based on the TWFE specification (39) and those based
on the event-study estimators d̂esnever(e), d̂esny(e), and d̂esny1(e). We report the point esti-
mates associated with 20 treatment leads and 20 treatment lags (the dark solid line),
their associated 90% point-wise confidence intervals (dark shaded area), and 90% si-
multaneous confidence intervals (light shaded area)—we do not report simultaneous
confidence intervals for the TWFE specification as these are usually not reported by
practitioners who adopt such specifications. It is important to emphasize that, in each
of the panels in figure 3, we have 40 different estimates, one for each considered e.
Point-wise inference procedures proceed “as if” one were conducting a single hypothesis
test and report standard confidence intervals for each e. Failing to account for the fact
that one is performing 40 different hypotheses tests may lead to significant treatment
effects and/or pretrends that emerge simply by chance. Simultaneous confidence inter-
vals, on the other hand, account for this multiple testing problem and asymptotically
cover the entire event-study curve with probability 1 – a, where a is the significance
level. As so, simultaneous confidence intervals are suitable to analyze global properties
of the event-study curve, such as monotonicity and presence of statistically nonzero ef-
fects. In practice, one simply has to replace the commonly used critical value (say, 1.645
for a 90% confidence interval) with the one simulated via a bootstrap procedure akin to
algorithm B.1; see section 4 of C&S for additional details.

The results shown in figure 3 suggest that, regardless of the PTA and the estimator
used, there is little to no evidence that the transition to state control decreased violation
rates. Despite the similarity in terms of conclusions, we find that comparing the results
from each specification highlights some interesting practical features. For instance, the
point estimates associated with the TWFE specification (panel a) and with the estima-
tor that uses the “all not-yet-treated” states as a comparison group (panel d) are close to
each other, whereas using “never-treated” states as a comparison group (panel b) sug-
gests a slightly stronger long-run effect. Furthermore, when using “all not-yet-treated”
states as a comparison group (panel d), the (simultaneous) confidence interval is tighter,
suggesting, as we discussed in section 4, that it makes more efficient use of the available



Figure 3. Event-study analysis of violation rate: Baseline results. The dark solid line displays
the point estimate, the dark shaded area the 90% pointwise confidence interval, and the light
shaded area the 90% simultaneous confidence band. Panel a displays the ordinary least squares
(OLS) estimates of the βe associated with the two-way fixed-effects linear regression specifica-
tion (39); panel b displays the results based on (23) that uses (27) as an estimator forATT(g, t);
panel c displays the results based on (23) that uses (19) as an estimator for ATT( g, t); panel d
displays the results based on (23) that uses (35) as an estimator for ATT(g, t). All standard
errors are clustered at the state level, though the standard errors in panel a are based on ana-
lytical results, whereas those in panels b–d are based on the multiplicative bootstrap procedure
discussed in algorithm B.1) and in C&S (we use 1,000 bootstrap draws). The critical value for
the simultaneous confidence bands is computed using algorithm B.1 (which is akin to the one
proposed by C&S).
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data. In terms of interpreting the pretreatment coefficients, the pretrend point esti-
mates when using the “not-yet-treated” comparison group in panel c are closer to zero
than when one uses the “never-treated” states as a comparison group in panel b. It is also
very noticeable that pretreatment trends in panel d are very precisely estimated zeros.
However, it is important to recall from remark 2 that these pretreatment coefficients
should not be directly compared to the other pretreatment trends as they measure “lo-
cal deviations” of zero pretreatment trends rather “cumulative deviations” of pretreat-
ment trends.

Although these estimators lead to similar conclusions, they are not (a priori) “made
equal.” As highlighted by S&A and discussed in section 1.3.1, the βe’s associated with
the TWFE specification (39) are not guaranteed to have a clear causal interpretation,
even when one invokes the PTA 5, which, in our application, imposes 195 over-
identifying restrictions on the evolution of violation rates across states. The estimators
in panels b, c, and d, on the other hand, are designed to bypass the potential pitfalls of
the TWFE specification and rely on clearly stated parallel trends assumptions (as-
sumptions 6, 7, and 8, respectively).

As discussed in section 1.3.2, there are multiple sensible measures that one can use to
summarize the overall effect of state authorization on violation rates across all treated
states. For instance, one can use the “simple” average of all the ATT(g, t) where t ≥ g,
ATT simple, as defined in (22), or the average of the event-study-type estimands des(e) over
the positive values of e, de,avg, as defined in (24). Table 1 shows the estimates of these pa-
rameters when one adopts assumption 6 (col. 1), assumption 7 (col. 2), or assumption 8
(col. 3). For the sake of comparison we also report the OLS estimate of βfe (col. 4).
Standard errors, clustered at the state level, are reported in parentheses and 90% con-
fidence intervals are reported in brackets. Essentially, all these summary measures in-
dicate that state authorization has close to zero effect on violation rates, which is in line
with the findings from Grooms (2015).

5.3.2. Corrupt versus Noncorrupt Results

Next, we analyze whether the effects of state authorization on violation rates vary de-
pending on whether a state has a long prevalence of corruption. Figure 4a displays the
OLS estimates of βce ’s, together with the 90% pointwise confidence intervals. All stan-
dard errors are clustered at the state level. Consistent with the findings from Grooms
(2015), the results suggest that states with high levels of corruption have a lower vio-
lation rate after authorization relative to noncorrupt states, and the relative drop in the
violation rate appears to increase with elapsed treatment time.

Figure 4b–4d presents the event-study estimates (48) based on the PTAs 9, 10,
and 11 that allow for corruption-specific trends, whereas figure 5b–5d presents the
event-study estimates (48) based on the PTAs 12, 13, and 14 that do not allow for
corruption-specific trends. For comparison purposes, figure 4a and figure 5a display the
OLS estimates of the βce ’s associated with the TWFE specification (40). As before, all
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estimators are weighted by total facilities in a state, all standard errors are clustered at the
state level, and we report both pointwise and simultaneous 90% confidence intervals.

The results in figures 4 and 5 reveal the practical relevance of being explicit about
the underlying PTA in a given application. For instance, figure 4 suggests that when
one invokes assumption 9 (panel b), assumption 10 (panel c), or assumption 11 (panel d)
and allows corruption-specific counterfactual trends, one finds that state authorization
affected violation rates in a similar manner, regardless of whether a state is corrupt or
not. Such results are in sharp contrast with those associated with the TWFE specifica-
tion (40) in panel a.

On the other hand, the results in figure 5 suggest that when one invokes assump-
tion 12 (panel b), assumption 13 (panel c), or assumption 14 (panel d) and therefore
rules out differential potential trends between corrupt and noncorrupt states, one finds
that corrupt states experience a large decrease in violation rates after state authorization
relative to noncorrupt states. Although such results are in line with those based on
TWFE in panel a, we note that the results based on (48) suggest milder treatment ef-
fect differences between corrupt and noncorrupt states.

Next, we aggregate these treatment effect curves into a scalar, easy to interpret pa-
rameter. Table 2 reports the plug-in estimators for the two aggregated treatment effect
Table 1. Effect of Authorization on Violation Rate: Baseline Specifications

Summary Measures

Never Treated
(1)

Not Yet Treated
(2)

All Not Yet Treated
(3)

TWFE
(4)

ATT simple –.017 –.010 –.003 . . .
(.009) (.009) (.006) . . .

[–.032, .001] [–.024, .004] [–.014, .008] . . .
de, avg –.015 –.008 –.003 . . .

(.007) (.006) (.004) . . .
[–.027, –.002] [–.017, .002] [–.010, .004] . . .

TWFE . . . . . . . . . .003
. . . . . . . . . (.010)
. . . . . . . . . [–.019, .013]
Note. The point estimates, cluster-robust standard errors (in parentheses), and 90% confidence interval (in
brackets) for the effect of state authorization on violation rates.ATTsimple is as defined in (22) and denotes the
weighted average of all posttreatmentATT( g, t)0s. de,avg is as defined in (24) and denotes the time average of all
event-study parameters des(e), e > 0. TWFE refers to the ordinary least square estimates of βfe in the TWFE
linear regression specification (16), which is invariant to the comparison group being used. Column 1 displays
the results that use (27) as an estimator for ATT( g, t), col. 2 displays the results that use (19) as an estimator
for ATT( g, t), and col. 3 displays the results that use (35) as an estimator for ATT( g, t). Column 4 displays
the result using the TWFE regression specification. Standard errors are clustered at the state level and, with
the exception of the TWFE summary measure, are computed using the multiplicative bootstrap procedure
described in algorithm B.1, which is akin to the one proposed by C&S. We use 1,000 bootstrap draws.



Figure 4. Event-study analysis of violation rate: Difference between corrupt and noncorrupt
states allowing different counterfactual trends between corrupt and noncorrupt states. The dark
solid line displays the point estimate, the dark shaded area the 90% pointwise confidence interval,
and the light shaded area the 90% simultaneous confidence band. Panel a displays the results
based on the OLS estimates of the βce ’s in the TWFE specification (40); panel b displays the re-
sults based on the event-study estimator (47) that relies on the PTA 9; panel c displays the results
based on the event-study estimator (47) that relies on the PTA 10; panel d displays the results
based on the event-study estimator (47) that relies on the PTA 11. All standard errors are clus-
tered at the state level, though the standard errors in panel a are based on analytical results,
whereas those in panels b–d are based on the multiplicative bootstrap procedure discussed in
algorithm B.1, which is similar to the proposal in C&S (we use 1,000 bootstrap draws). The
critical value for the simultaneous confidence bands is computed using algorithm B.1.
270



Figure 5. Event-study analysis of violation rate: Difference between corrupt and noncorrupt
states assuming same counterfactual trends for corrupt and noncorrupt states. The dark solid
line displays the point estimate, the dark shaded area the 90% pointwise confidence interval,
and the light shaded area the 90% simultaneous confidence band. Panel a displays the results
based on the OLS estimates of the βce ’s in the TWFE specification (40); panel b displays the re-
sults based on the event-study estimator (47) that relies on the PTA 12; panel c displays the
results based on the event-study estimator (47) that relies on the PTA 13; panel d displays
the results based on the event-study estimator (47) that relies on the PTA 14. All standard er-
rors are clustered at the state level, though the standard errors in panel a are based on analytical
results, whereas those in panels b–d are based on the multiplicative bootstrap procedure dis-
cussed in algorithm B.1, which is similar to the proposal in C&S (we use 1,000 bootstrap draws).
The critical value for the simultaneous confidence bands is computed using algorithm B.1.
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parameters, shown in (49) and (50). For comparison, we report in column 7 the OLS
estimate of βcfe associated with the TWFE specification, shown in (51).

The results in table 2 reinforce the message from figures 4 and 5: when one allows
for corruption-specific trends and relies on PTAs 9, 10, or 11 (cols. 1, 2, and 3, respec-
tively), one finds essentially no evidence that the effect of state authorization on viola-
tion rates varies by state corruption. On the other hand, when one relies on the “stronger”
PTAs 12, 13, or 14 (cols. 4, 5, and 6, respectively), one finds evidence that corrupt states
experienced a large decrease in violation rate after state authorization relative to non-
corrupt states. This latter result is in agreement with the TWFE specification, whereas
the former is not.
6. CONCLUSION

In this paper, we have highlighted the important role played by the parallel trends as-
sumption in event-study settings in terms of identification, estimation, and summary of
different treatment effects parameters. We first showed that, when there is variation in
treatment timing, researchers may adopt different types of parallel trends assumptions
and identify/estimate different treatment effect parameters. Next, we discussed the
practical implications of adopting different parallel trends assumptions and discussed
how one constructs estimators that make use of all the restrictions implied by the un-
derlying PTA. Here, we documented an interesting “robustness” versus “efficiency”
trade-off in terms of the strength of the underlying PTA and argue that one should take
this into consideration whenever employing aDID-type of analysis. Importantly, we ad-
vocate that one should always attempt to be explicit about the parallel trends assump-
tion invoked in the study, as this usually translates into a more transparent and objective
analysis. We showed how one can form semiparametrically efficient DID estimators by
fully exploiting all the empirical content of underlying PTA via the traditional GMM
approach.We also proposed an alternative, simpler-to-use DID estimator that does not
restrict pretreatment trends when one wants to use “not-yet-treated” units as a compar-
ison group and, at the same time, makes use of more groups than other available DID
estimators. Finally, we illustrated the practical importance of being explicit about the
PTA via an empirical application about the effect of the transition from federal to state
management of the CleanWater Act on compliance rates. Our results suggest that the
conclusion that corrupt states see a decline in the violation rate after program authori-
zation relative to noncorrupt treated states depends on the type of PTA adopted.
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