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A Some additional DiD-related procedures

This section discusses some important DiD-related topics that we did not cover in our main text.
These discussions are short by design, and we focus on providing the main ideas related to chal-
lenges and solutions specific to the problem. We abstract from weights and use Er¨|¨s to denote
(conditional) expectations.

A.1 Setups with treatment turning on and off

Our main text focuses on setups where treatment remains in place from the period it begins until
the end of the sample period, but in practice, some treatments turn on and off over time. This is
the setting tackled by de Chaisemartin and D’Haultfoeuille (2020, 2023a), Imai, Kim and Wang
(2023), and Liu, Wang and Xu (2024).

To tackle this problem from first principles, we need to augment the potential outcomes to
reflect the richer notion of treatment sequences. Following Robins (1986), let Yi,tpdq denote the
potential outcome for unit i at time t if this unit received the T -dimensional treatment sequence
d P t0, 1uT . For simplicity, let’s say that T “ 3 and that no unit is treated in the first period. In
this case, we have four treatment sequences (or histories), which define four potential outcomes for
each unit: Yi,tp0, 0, 0q, Yi,tp0, 0, 1q, Yi,tp0, 1, 0q and Yi,tp0, 1, 1q. We then define treatment groups by
treatment sequences: G “ d0 ” p0, 0, 0q (never-treated), G “ d1 ” p0, 0, 1q (treated in the third
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period), G “ d2 ” p0, 1, 1q (treated in the second and third period), and G “ d3 ” p0, 1, 0q

(treated only in the second period). In general, we would have as many groups as we have
different (realized) treatment sequences. Recall that in a staggered timing design with an absorbing
treatment, treatment timing fully characterizes a treatment sequence.

Once potential outcomes and groups are well-defined, one can move to parameters of interest.
We proceed similarly to the staggered treatment setup in Section 4 and consider group-and-time
specific ATTs as building blocks, except that groups are now based on more complex treatment
sequences. Let 0 denote a T-dimensional vector of zeros. One intuitive building block parameter
on which to base a DiD analysis is

ATT pd, tq “ ErYtpdq ´ Ytp0q|G “ ds,

the average treatment effect at time period t of being exposed to treatment sequence d instead of
never being exposed to treatment, among units that received treatment sequence d.1

Next, one needs to establish identification for the parameters, and propose appropriate estima-
tors and inference procedures. Following similar arguments to those in Section 4, a DiD approach
to this problem would involve imposing a parallel trends assumption (potentially conditional on
covariates) and a no-anticipation assumption to establish that the ATT pd, tq’s are identified. If
each treatment group is sufficiently large, one could proceed in a similar fashion as the staggered
setup, comparing average outcome paths for a given sequence with the average outcome path for
never-treated (or not-yet-treated) units. One can also aggregate these different ATT pd, tq to form
different summary parameters.

In practice, however, it is often the case that the number of treatment groups is large and each
group is small. This essentially creates a “curse of dimensionality” problem: there are too many
building block parameters defined for too-small groups to be estimated reliably. In such cases,
additional assumptions that limit treatment effect dynamics (or how past treatments affect future
outcomes) are often imposed, and different aggregated summary parameters are usually targeted.
We provide a brief overview of several different solutions that have been proposed to address this
issue.

de Chaisemartin and D’Haultfoeuille (2020) impose a “no-carryover” assumption that implies
that past treatments do not affect future outcomes; which is to say that treatment effects in a given
period last only during that period. With such an assumption (in addition to parallel trends and a
no-anticipation assumption), they propose DiD estimators for an instantaneous average treatment
effects parameter by comparing currently treated units with untreated units. Imai et al. (2023)
adopt a similar approach, though they impose a limited-carryover assumption where treatments
may last for ℓ periods (with ℓ specified by the researcher). They then propose estimators for an
average treatment effect of switching into treatment in period t among units that experience the

1One could also adopt alternative building blocks not discussed here, such as the average effect of treatment
lasting one period longer or a treatment spell of a given length beginning one period later.
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policy change in period t, and share the same treatment history over the previous k periods; see Liu
et al. (2024) for a related procedure. Finally, de Chaisemartin and D’Haultfoeuille (2023a) avoid
making assumptions related to carryover effects and extend the DiD framework in de Chaisemartin
and D’Haultfoeuille (2020) to allow for treatment effect dynamics. The way they proceed is to
first “staggerize” treatment sequences according to first-time of treatment exposure, compute a
staggered DiD procedure for this “intention-to-treat” type parameter, and normalize them by a DiD
estimate based on the number of treated periods. A potential challenge with de Chaisemartin and
D’Haultfoeuille’s (2023a) approach is the interpretability of their proposed summary parameter,
though we should acknowledge that this is a complex setup.

One important takeaway is that comparing these DiD procedures for treatments to turn on
and off may be challenging, as they target different causal parameters of interest, and practitioners
should be aware of the different assumptions and limitations. We refer the reader to de Chaise-
martin and D’Haultfoeuille (2023b) and Liu et al. (2024) for additional discussions on these types
of DiD estimators.

A.2 DiD setups with continuous or multi-valued treatments

Our paper focuses on binary treatments, but many treatments take multiple values or are even
continuous. A number of recent papers have studied this particular type of treatment de-
sign. These include Callaway, Goodman-Bacon and Sant’Anna (2021, 2024); de Chaisemartin,
D’Haultfoeuille, Pasquier and Vazquez-Bare (2024a); and de Chaisemartin, D’Haultfuille and
Vazquez-Bare (2024b). Here we focus on a two-period setting in which no unit is treated in
period one and some units receive a treatment with varying intensities (or doses) in period two.
Most of the key results that distinguish multi-valued from binary treatments are evident with two
periods (Callaway et al., 2024).

We now need to define potential outcomes that reflect varying treatment intensity. We denote
Yi,tp0, dq as potential outcomes for unit i in period t if they are untreated in period one and receive
treatment dosage d in period two. As we focus on setups where all units are untreated in period
one, we simplify notation and index potential outcomes by treatment intensity in period two; that
is, Yitpdq “ Yi,tp0, dq. An important feature is that d is not restricted to t0, 1u and can take on
richer treatment intensities instead. We denote the treatment dosage for unit i as Di in period
two and stress that in this context, our notion of the treatment group is tied to units’ treatment
dosage: groups are defined by their treatment dosage in period 2.

A multi-valued treatment defines several different types of causal parameters that may be of
interest. For instance, dose-specific average treatment effect parameters such as

ATT pd|d1q “ ErYt“2pdq ´ Yt“2p0q|D “ d1s and ATEpdq “ ErYt“2pdq ´ Yt“2p0qs,

reflect the average effect of dose d relative to no treatment. Here ATT pd|d1q is the average treatment
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effect for units that experienced dose d1; when d1 “ d, it is the ATT among units that received
dose d. On the right side, ATEpdq is defined analogously, except that it is the effect on the overall
population. Of course, one can also aggregate these dose-specific parameters to form more precisely
estimable summary quantities; see, e.g., Callaway et al. (2021).

The two treatment effect parameters above provide average treatment effects in levels, and so
one reason why they vary could be because d itself varies. To account for the differences in d, one
may be interested in “per-dosage” effects:

ATTpdpd|d1q “
ATT pd|d1q

d
and ATEpdpdq “

ATEpdq

d
.

One can also aggregate these parameters across dosages to analyze ErATTpdpD|Dq|D ą 0s, an av-
erage treatment effect among treated (or, more generally, among switchers). One can also consider
weighted averages of these to learn about ErATT pD|Dq|D ą 0s{ErD|D ą 0s; see de Chaisemartin
et al. (2024a) for a general discussion about such target parameters.

Finally, researchers are often interested in the causal effect of a marginal increment in the dose.
This notion is the average causal response (ACR), similar to Angrist and Imbens (1995), defined
as follows (when the dose is absolutely continuous):

ACRT pd|d1q “
BATT pl|d1q

Bl

ˇ

ˇ

ˇ

ˇ

l“d

“
B ErYt“2plq|D “ d1s

Bl

ˇ

ˇ

ˇ

ˇ

l“d

and ACRpdq “
BATEpdq

Bd
“

B ErYt“2pdqs

Bd
.

Here ACRT pd|dq equals the derivative of the average potential outcome in period two for units
that received dose d evaluated at d—this is equivalent to the derivative of ATT pl|dq with respect
to l, evaluated at l “ d. We can interpret ACRpdq analogously.2

The relevant questions pertain to (a) what assumptions are needed to impose to identify these
parameters, (b) how to estimate and make inferences about these parameters of interest once
identification is established, (c) how to summarize treatment effect heterogeneity across doses
to generate interpretable aggregated causal parameters, and (d) whether traditional regression
specifications based on TWFE recover a sensible and easy-to-understand causal parameter of
interest. These questions are addressed in detail by Callaway et al. (2021) and de Chaisemartin et
al. (2024a).

Callaway et al. (2021) highlight how, when no units are treated in period one, identification
and estimation of ATT pd|dq’s (or their functionals) follows the binary case. They propose flexible
nonparametric estimators for the ATT pd|dq curve—the relationship between outcome changes
(minus the average change for untreated units) and the dose d, making it possible to visualize and
make inference about treatment effect heterogeneity across dosages. They also propose estimators
that aggregate across dosage values and can be more precisely estimated. The identification
of causal response parameters or ATE-type parameters, however, requires a stronger version of

2For discrete treatments, ACR’s are defined in a similar way but with a slightly different notation to accom-
modate the discreteness of d: ACRT pdj |dkq “ ErYt“2pdjq ´ Yt“2pdj´1q|D “ dks, and ACRpdjq “ ErYt“2pdjq ´

Yt“2pdj´1qs.
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parallel trends that holds for potential outcomes at non-zero treatment doses. Under these strong
parallel trends and no anticipation assumptions, they discuss estimation and inference procedures
for the ACR curves and their summary measures.3

de Chaisemartin et al. (2024a) consider the setup where units are already exposed to different
levels of treatment in period one. They discuss how one can identify causal quantities that gen-
eralize ATTpdpd|d1q to this more complex setup when (a) a sizable number of units do not change
treatment dosage over time (stayers), and (ii) there is no-carryover from past treatment to future
outcomes. They propose estimation and inference procedures for aggregated parameters akin to
ErATTpdpD|Dq|D ą 0s and ErATT pD|Dq|D ą 0s{ErD|D ą 0s.

Lastly, these papers target different causal parameters, put more emphasis on different DiD
designs, and, therefore, should be viewed as complements rather than substitutes. In our view, DiD
with continuous treatment is another area in which more methodological research is warranted.
See Callaway et al. (2021) and de Chaisemartin et al. (2024a) for a more thorough discussion of
many other cases.

A.3 Triple differences

The causal interpretation of DiD estimates depends on the plausibility of their identification as-
sumptions, which involve a no-anticipation and a parallel trends condition. In some applications,
however, these assumptions may not hold—for example, when the trends of average untreated out-
comes among men and women vary across treatment groups. In these cases, a common empirical
practice is to attempt to model these violations of parallel trends directly or to conduct sensitivity
analysis (Freyaldenhoven, Hansen, Pérez-Pérez and Shapiro, 2024; Rambachan and Roth, 2023).
In some specific treatment designs in which treatment is rolled out to different units or groups
(e.g., states), but is targeted to a specific subset (partition) of the population (e.g., women), it is
possible to relax DiD-type parallel trends so that partition-specific and group-specific violations of
parallel trends are allowed. Such setups are often referred to as “triple differences” (DDD). Since
its introduction by Gruber (1994), DDD has become very popular among empirical researchers—
see Olden and Møen (2022) for documentation. In this section, we provide a brief overview of
the target parameters and identifying assumptions in DDD. We also highlight that, contrary to
conventional wisdom, DDD procedures cannot generally be expressed as the difference between
two DiD, especially when parallel trends assumptions only hold after conditioning on covariates or
when treatment adoption is staggered. This discussion borrows heavily from Ortiz-Villavicencio
and Sant’Anna (2025).

3Interestingly, they also show that commonly used TWFE regression specifications are too rigid to lead to easy-
to-interpret causal parameters of interest. In fact, they show that one can provide several different decompositions
of the TWFE treatment coefficient depending on the specific causal parameter being used as a building block for the
analysis, though every decomposition considered by them has some issues related to negative-weighting, additional
“bias” terms, or non-interpretable weights that can distort inference. They emphasize that all this can be easily
resolved by adopting the forward-engineering approach.
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We start our analysis by discussing potential outcomes and treatment design. As we focus
on binary treatments (with potential staggered adoption), the potential outcome is the same as
discussed in the main text, with Yi,tpgq denoting the potential outcome for unit i in time t if first
exposed to treatment in period g. In DDD setups, a unit i is exposed to treatment in period t if
(i) it belongs to a group (e.g., state) that enabled treatment in period g and t is a post-treatment
period, t ě g, and (ii) it belongs to the subset of the population that qualifies (or is eligible) for
treatment (e.g., women). Let S P S Ď t2, ..., T u Y t8u denote the time each group (e.g., state)
enables the policy/treatment, with the notion that S “ 8 if the policy is not enabled in the
observed time frame. We also denote the partition of the population that (eventually) qualifies
for the treatment by Q with Qi “ 1 if unit i is (eventually) eligible for treatment and Qi “ 0

otherwise. With these notations, we can define the treatment groups Gi according to the first time
a unit i is exposed to treatment; that is, Gi “ Si if Qi “ 1 and Gi “ 8 if Qi “ 0.4

Similar to standard DiD designs, DDD is interested in the ATT pg, tq-type parameters discussed
in Section 3.1. Given the particular structure of the DDD problem, we can write ATT pg, tq’s as

ATT pg, tq ” ErYi,tpgq ´ Yi,tp8q|Gi “ gs “ ErYi,tpgq ´ Yi,tp8q|Si “ g,Qi “ 1s,

to stress that it measures the average treatment effect at time period t of first being exposed
to treatment in period g versus not being exposed to treatment, among units that are actually
exposed to treatment in period g, i.e., units that are in groups that the policy was first enabled
in period g and that qualify for treatment. One can also analyze aggregations of these ATT pg, tq

parameters to form causal summary parameters that can be more precisely estimated and highlight
treatment effect heterogeneity in some specific directions. This would follow the exact same steps
as we discussed in Section 5, once again highlighting the importance of our forward-engineering
approach.

Identifying these causal parameters involves a no-anticipation assumption and a (conditional)
parallel trends assumption. Assumption Assumption 4 can be recycled here, as DDD has the
same empirical content as DiD when it comes to no-anticipation. The parallel trends assumption,
though, needs to be adjusted as an empirical appeal of DDD is that it can identify ATT parameters
even when Assumption Assumption 3 or the other PT variations discussed in Section 4 do not
hold. Here, we consider a variation of Assumption Assumption 3 that holds only after conditioning
on covariates and allows for some partition-specific and group-specific non-parallel trends.

Assumption DDD-PT-GT-all (DDD-Parallel Trends for every period and group). For every
group s and s1 and time periods t, with probability one,

E rYtp8q ´ Yt´1p8q|S “ s,Q “ 1, Xs ´ E rYtp8q ´ Yt´1p8q|S “ s,Q “ 0, Xs

“

4Note that when all units are eligible for treatment, we have Gi “ Si, which gets us back to a (staggered) DiD
setup.
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E rYtp8q ´ Yt´1p8q|S “ s1, Q “ 1, Xs ´ E rYtp8q ´ Yt´1p8q|S “ s1, Q “ 0, Xs .

When there are only two periods, t “ 1, 2, and two groups, S P t2,8u, and covariates play
no role in terms of identification—that is, Assumption DDD-PT-GT-all holds without X (or,
equivalently, with X “ 1 for all units)—Olden and Møen (2022) show that one can identify
ATT p2, 2q as the difference of two DiD estimands:

ATT p2, 2q “ E rYt“1 ´ Yt“1|S “ 2, Q “ 1s ´ E rrYt“1 ´ Yt“1|S “ 2, Q “ 0s

´
`

E rYt“1 ´ Yt“1|S “ 8, Q “ 1s ´ E rrYt“1 ´ Yt“1|S “ 8, Q “ 0s
˘

.

Estimation and inference would be straightforward, as one could use the analogy principle or a
two-way fixed effects regression with triple interactions—see Olden and Møen (2022) for details.

Ortiz-Villavicencio and Sant’Anna (2025) show that DDD estimands cannot be written as the
difference of two DiD estimands when covariates are important for identification, or when treatment
adoption is staggered over time and one wants to use not-yet-treated units as a comparison group
(as is commonly done in DiD setups). They show how ignoring these considerations and proceeding
as if DDD were indeed just a difference of two DiDs can lead to severely biased estimates for the
ATT pg, tq’s. Ortiz-Villavicencio and Sant’Anna (2025) also show how one can avoid these issues by
adopting a forward-engineering approach to the DDD problem. They propose regression-adjusted,
inverse probability weighting, and doubly robust estimators for DDD setups that can reliably
recover ATT pg, tq and their associated summary parameters under mild assumptions. The paper
discusses using multiple comparison groups to generate more precise estimates than simply using
a single comparison group. Relatedly, Strezhnev (2023) discusses several limitations of common
two-way fixed effects regression specifications commonly used for DDD analysis.

Sometimes researchers use the term “triple differences” to mean different things and often use
different identification assumptions to estimate these different quantities. Caron (2025) discusses
using a triple difference strategy to estimate treatment effect heterogeneity. We recommend that
practitioners be transparent about target parameters, research designs, and identification assump-
tions to allow the research community to understand the goals and the differences between DDD
procedures.

A.4 Distributional DiD procedures

Our paper focuses on learning about average treatment effects in various DiD setups. However,
approaches that embrace heterogeneity can also target quantities that describe heterogeneity other
than average treatment effect parameters. In some settings, researchers may want more information
about the distributional impacts of treatment participation. For instance, if a policymaker faces
two different labor market programs with very similar average effects on earnings, they may prefer
the one that potentially has a higher impact on the lower tail of the income distribution. Difference-
in-Differences-type strategies can also be used to identify, estimate, and make inferences about
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various distributional features of the outcome of interest. This area has received a substantial
amount of methodological consideration by econometricians in recent years; see Athey and Imbens
(2006), Bonhomme and Sauder (2011), Callaway, Li and Oka (2018), Callaway and Li (2019), Roth
and Sant’Anna (2023), Ghanem, Kédagni and Mourifié (2023), Fernández-Val, Meier, van Vuuren
and Vella (2024), and references therein. For some empirical literature using distributional DiD
procedures, see Meyer, Viscusi and Durbin (1995), Finkelstein and McKnight (2008), and Cengiz,
Dube, Lindner and Zipperer (2019), among many others.

An analysis of distributional quantities does not require different potential outcomes notation
from Section 4; it just targets functionals of the potential outcome distributions other than their
means. The first thing to notice is that there are several types of distributional causal parameters
in the treated group that one may care about. The unique feature of them is that they are all
functionals of FYtpgq|G“gpyq “ PpYtpgq ď y|G “ gq and FYtp8q|G“gpyq ” PpYtp8q ď y|G “ gq.
Examples of such functionals include distributional treatment effects in time period t among units
first treated in period g (denominated in probability units),

DTT py|g, tq “ FYtpgq|G“gpyq ´ FYtp8q|G“gpyq,

quantile treatment effects in time period t among units first treated in period g (denominated in
outcome units),

QTT pτ |g, tq “ F´1
Ytpgq|G“gpτq ´ F´1

Ytp8q|G“gpτq,

where F´1
Ytpgq|G“gpτq “ infty : FYtpgq|G“gpyq ě τu denotes the τ -quantile of Ytpgq among units in

group G “ g, and F´1
Ytp8q|G“gpτq is defined analogously. Other functionals related to inequality

measures can also be obtained; see Firpo and Pinto (2016) for a discussion on this topic.
To make inferences about these different causal parameters, one needs to identify FYtp8q|G“gpyq

and FYtpgq|G“gpyq. Identification of FYtpgq|G“gpyq is usually non-controversial, as we can use data
from units in group G “ g to learn about the distribution of Ytpgq. The main challenge is related
to how to learn the counterfactual distribution FYtp8q|G“gpyq from the data. This is where different
DiD-type procedures differ, as each paper in this literature relies on different and often non-nested
identification assumptions that, if true, identify FYtp8q|G“gpyq. Given the space constraints, we do
not provide explicit and detailed discussion about how these different DiD-related distributional
procedures function. However, all distributional DiD estimators share our forward-engineering ap-
proach; they clearly state their identification assumptions and target parameters and then provide
estimators that recover well-defined causal quantities. We also note that most distributional DiD
methodological papers focus on two-period and two-group setups. However, it is straightforward
to build similar arguments to those in Section 4 to extend the designs to more general settings,
which is again another benefit of the forward-engineering approach to causal inference.

We close this section by noting that there exist other types of distributional parameters of
interest related to the distribution of the treatment effects in period t among the units in group g,
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PpYtpgq ´ Ytp8q ď y|G “ gq. In general, such causal quantities cannot be point identified, as dis-
cussed in Heckman, Smith and Clements (1997), Fan and Yu (2012) and Callaway (2021). However,
often one can still partially identify such policy-relevant parameters under different restrictions.
We refer the reader to Callaway (2021) for a more detailed discussion of this topic.

A.5 Repeated cross-sections and unbalanced panel data

An appealing feature of DiD procedures is that, although helpful, a balanced panel is not a re-
quirement for DiD analyses, which can also be deployed with repeated cross-sectional data or
unbalanced panels. Indeed, as discussed in Section 3 and made explicit in equation (4), the 2 ˆ 2

building block in unconditional DiD analyses involves only averages that are group and time spe-
cific, and does not require the same unit to be observed in all periods. As discussed in Callaway
and Sant’Anna (2021), the same applies to unconditional staggered adoption setups, and one need
not enforce a balanced panel even within each subset of the data used to estimate the ATT pg, tq

building blocks. One caveat is that the interpretation of the parameter of interest may change,
which we discuss more below.

When covariates are available and play an important role in the plausibility of the identifica-
tion assumptions, the differences between DiD with a balanced panel and repeated cross-sections
(or unbalanced panel) are subtle, can be practically important, and are often not discussed in
methodological papers. The gist of the problem relates to potential compositional changes over
time. Most DiD papers that rigorously discuss repeated cross-section setups, including Abadie
(2005), Sant’Anna and Zhao (2020), and Callaway and Sant’Anna (2021), rule out compositional
changes by assuming that the joint distribution of covariates and treatment groups is invariant
over time, a stationarity-type assumption. However, this may not be warranted in empirical ap-
plications, and erroneously imposing this additional assumption can lead to biases (Hong, 2013;
Sant’Anna and Xu, 2023). On the other hand, when this stationarity assumption is justified and
correctly used, the gains in power when conducting inference for DiD parameters can be noticeable
(Sant’Anna and Xu, 2023). In what follows, we use the 2 ˆ 2 setup to explain how compositional
changes can complicate the analysis and why ruling it out leads to a gain in precision.

To see how issues related to compositional changes affect the analysis, let us first assume that
there are no compositional changes and that the stationarity assumption is valid. In this case, the
average treatment effect on the treated in period two (post-treatment) can be written as

ATT p2q ” ErYi,t“2p1q|Di “ 1s ´ ErYi,t“2p0q|Di “ 1s

“ ErYi,t“2p1q|Di “ 1, Ti,t“2 “ 1s ´ ErYi,t“2p0q|Di “ 1, Ti,t“2 “ 1s

“ ErYip1q|Di “ 1, Ti,t“2 “ 1s ´ ErYip0q|Di “ 1, Ti,t“2 “ 1s, (A.1)

where Ti,t is an indicator if unit i is observed in period t, Yipdq “ Ti,t“2 Yi,t“2pdq ` Ti,t“1 Yi,t“1pdq

is the potential outcome for unit i, Di “ 1tGi “ 2u is a treatment group dummy that equals one
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if a unit is first treated in period two and zero if it is untreated in both periods. We also set Xi

to be a vector of (pre-treatment) covariates. Note that even here, we already use the stationarity
condition that the joint distribution of pDi, Xiq is invariant to Ti,t“2 to move from the first to the
second line and establish A.1.

To identify ATT p2q it is often constructive to first establish the identification of its conditional-
on-covariates analog; that is, the conditional ATT in period two among units with covariates Xi,
ATTXi

p2q. This is exactly how we proceeded in Section 3.2. Under the stationarity condition, and
similarly to A.1, we can express this quantity as5

ATTXi
p2q ” ErYi,t“2p1q|Di “ 1, Xis ´ ErYi,t“2p0q|Di “ 1, Xis

“ ErYip1q|Di “ 1, Xi, Ti,t“2 “ 1s ´ ErYip0q|Di “ 1, Xi, Ti,t“2 “ 1s. (A.2)

Next, we have to establish the identification of this quantity. As expected, we will again
use conditional parallel trends, no-anticipation, and overlap assumptions. The no-anticipation
condition used here is the same as the one in the main text. The conditional parallel trends
and overlap assumptions need to be modified, as we now work with multiple partitions of the
data depending on treatment status and the period a unit is observed. In this sense, we modify
Assumptions Assumption 2 and Assumption 1 to the following related, but different, assumptions.
These modifications are warranted regardless of whether compositional changes are present; this
step is instead tied to data structure.6

Assumption CPT-RCS (2 ˆ 2 Conditional Parallel Trends with repeated cross-sections). We
assume that, with probability one,

ErYi,t“2p0q|Xi, Di “ 1, Ti,t“2 “ 1s ´ EωrYi,t“1p0q|Xi, Di “ 1, Ti,t“1 “ 1s

“ (A.3)

ErYi,t“2p0q|Xi, Di “ 0, Ti,t“2 “ 1s ´ ErYi,t“1p0q|Xi, Di “ 0, Ti,t“1 “ 1s.

Assumption SO-RCS (Strong overlap with repeated cross-sections). For some ϵ ą 0 and every
pd, sq P t0, 1u ˆ t0, 1u, ϵ ă P rDi “ d, Ti,t“2 “ s|Xis ă 1 ´ ϵ.

With this modification, we can now show that when Assumptions Assumption 4, CPT-RCS,
and Assumption 1 hold, the conditional ATT parameter ATTXi

p2q is identified by7

ATTXi
p2q “pErYi|Di “ 1, Ti,t“2 “ 1, Xis ´ ErYi|Di “ 1, Ti,t“1 “ 1, Xisq

´ pErYi|Di “ 0, Ti,t“2 “ 1, Xis ´ ErYi|Di “ 0, Ti,t“1 “ 1, Xisq. (A.4)
5To guarantee that all the conditional expectations in A.2 are well-defined, we need an overlap condition that

guarantees that P pTi,t“2 “ 1, Di “ 1|Xiq ą 0. We discuss this below.
6In setups where we rule out compositional changes and impose the stationarity condition that the joint distri-

bution of pDi, Xiq is invariant to Ti,t“2, we may not need to modify Assumption Assumption 2. We do it here for
transparency purposes.

7We also require the assumption that the pooled repeated cross-section data tYi, Di, Xi, Ti,t“2, Ti,t“1u
n
i“1 is iid,

though this is fairly standard and uncontroversial; see, for instance, Abadie (2005) and Sant’Anna and Zhao (2020,
Assumption 1). We maintain this condition as an assumption throughout this section.
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This step provides a methodological justification to estimate the ATTXi
p2q’s using four conditional

expectations that use only the available data. In addition, it highlights that, under the stationarity
assumption, once we learn the ATTXi

p2q’s, we can aggregate them using the covariate distribution
of treated units available from both time periods to get the ATT p2q. More formally, ATT p2q is
identified by

ATT p2q “ErATTXi
p2q|Di “ 1s

“ErATTXi
p2q|Di “ 1, Ti,t“2 “ 1sP pTi,t“2 “ 1|Di “ 1q

` ErATTXi
p2q|Di “ 1, Ti,t“1 “ 1sP pTi,t“1 “ 1|Di “ 1q,

where ATTXi
p2q is given by A.4. This is the second point at which the stationarity assumption

and the absence of compositional changes are necessary: under these conditions, covariates from
treated units across the entire dataset can be used to identify ATT p2q. The fact that you can
pool data across all periods to learn about ATT p2q translates to gains in power, as formally
discussed by Sant’Anna and Zhao (2020) and Sant’Anna and Xu (2023). The third place where
the stationarity condition affects the analysis is in the characterization of how “the most precise”
(regular and asymptotically linear) estimator for the ATT p2q should look. This point relates to the
semi-parametric efficiency bound and the construction of efficient (and doubly robust) estimators.
As these points are slightly more technical, we refer the readers to Sant’Anna and Zhao (2020)
and Sant’Anna and Xu (2023) for more details.

Overall, when group composition does not change over time, one can pool information across
the entire dataset, which has an impact on the definition of target parameters and leads to more
precise inference procedures. But what happens when this condition fails? How does this affect
the analysis?

First, this matters for the definition of the treatment effect of interest. In setups where the
sampling varies across periods, we do not have a single notion of ATT p2q. Instead, we need to
accommodate the fact that the ATT p2q may vary across units sampled from different periods.
Thus, when we do not rule out compositional changes, we must be explicit about the treated
subpopulation that we are interested in. It is common to focus on the average treatment effect in
period two among treated units that are also sampled in period two, that is,8

ATT p2|Tt“2 “ 1q ” ErYi,t“2p1q|Di “ 1, Ti,t“2 “ 1s ´ ErYi,t“2p0q|Di “ 1, Ti,t“2 “ 1s

“ ErYip1q|Di “ 1, Ti,t“2 “ 1s ´ ErYip0q|Di “ 1, Ti,t“2 “ 1s. (A.5)

Although A.5 has the same statistical estimand as A.1—that is, the formulas on the right-
hand side of the equation coincide—it has a very different interpretation. It is the ATT p2q among
units sampled in period 2, and is not an “overall” ATT p2q. One may think this difference is

8One may also be interested in the ATT in period two among treated units that are sampled in period one.
The arguments required to establish (point) identification of this parameter differ from those we use here. A main
challenge is that we do not observe ErYi,t“2p1q|Di “ 1, Ti,t“1 “ 1s, and the parallel trends assumption we leverage
does not involve treated potential outcomes.
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merely cosmetic, but as discussed below, this has implications for constructing estimands when
covariates are important for identification. Where covariates do not play an important role, it is
simply a matter of changing the interpretation of your reported estimates (which also applies to
unconditional staggered setups, to be clear).

When covariates do play an important role, however, and when Assumptions CPT-RCS, As-
sumption 4 and SO-RCS hold, the conditional ATT parameter among units sampled in period
two, ATTXi

p2|Tt“2q is identified by

ATTXi
p2|Tt“2q “ pErYi|Di “ 1, Ti,t“2 “ 1, Xis ´ ErYi|Di “ 1, Ti,t“1 “ 1, Xisq

´pErYi|Di “ 0, Ti,t“2 “ 1, Xis ´ ErYi|Di “ 0, Ti,t“1 “ 1, Xisq, (A.6)

which, in turn, implies that ATT p2|Tt“2 “ 1q is identified by

ATT p2|Tt“2 “ 1q “ ErATTXi
p2|Tt“2q|Di “ 1, Ti,t“2 “ 1s. (A.7)

Several remarks are worth making. First, the statistical estimand in A.6 is the same as when
one rules out compositional changes as in A.4, suggesting that, once again, what changes in this
step is the interpretation. However, these interpretative issues have direct consequences on the
appropriate method for aggregating across covariate values. As clearly stated in A.7, in the presence
of potential compositional changes, one is not allowed to pool information across periods to identify
(and also estimate and make inference) about ATT p2|Tt“2 “ 1q. As discussed in Sant’Anna and
Xu (2023), ignoring these issues and pooling data from all periods in the presence of compositional
changes leads to a bias that is important to be aware of. We refer the reader to Sant’Anna and Xu
(2023) for a discussion related to unbalanced panels and also on a discussion about doubly robust
and semiparametric efficient DiD estimators under compositional changes. We are not aware of
any papers that formally extend the discussion in Sant’Anna and Xu (2023) to staggered DiD
designs. Still, this extension is surely possible by following our forward-engineering approach to
DiD.

We close this section by highlighting that, in practice, it is possible to test for composi-
tional changes by comparing the estimates from estimators that impose it and those that do
not. Sant’Anna and Xu (2023) discuss Hausman-type tests in the two-period setting, though
one can extend those to more general setups. We also highlight that when it comes to DiD se-
tups with staggered adoption, some equivalence results discussed in Section 4 no longer hold with
repeated cross-sections or unbalanced panel data. For instance, the Sun and Abraham (2021)
regression-based strategy to estimate ATT pg, tq’s using (5.11) no longer coincides with Callaway
and Sant’Anna’s (2021) estimators using the analog of (5.3):

zATT neverpg, tq “ pY G“g,t ´ Y G“g,t“g´1q ´ pY G“8,t ´ Y G“8,t“g´1q,

where Y G“a,t“s is the sample mean of Y among units that belong in group G “ a and are observed
in period t “ s. In fact, it is unclear exactly what estimand is being recovered when one uses

12



(5.11) with an unbalanced panel. If one replaces unit fixed effects with treatment group dummies
in (5.11), such equivalence is restored, though we suspect that many practitioners do not use
this alternative specification. In general, we caution against extrapolating from a well-motivated
regression specification that was studied under one specific setup to another related but inherited
different framework. This practice has led to many issues in DiD, which can be fully avoided by
adopting the forward-engineering approach discussed in this paper.
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