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1 Introduction

The difference-in-differences (DID) study design is an important tool for causal inference

in economics. In recent years, there has been an extraordinary number of new theoretical

papers on how to obtain DID estimates in regression-based implementations of these study

designs. In particular, the discovery that the two-way (group and time) fixed effects estimator

of a model with a constant treatment effect can produce a biased estimate of the overall

treatment effect when there is staggered treatment timing and heterogeneous treatment

effects (e.g., de Chaisemartin and D’Haultfœuille, 2020; Goodman-Bacon, 2021) has led to

new approaches for dealing with both staggered timing and heterogeneous treatment effects

(e.g., Callaway and Sant’Anna, 2021; Sun and Abraham, 2021).

What remains unknown is how the recent proposed methods to address heterogeneous

treatment effects and staggered treatment timing work with repeated cross-sectional data

that are common in applied research, as opposed to balanced panel data. The theoretical

results showing consistent estimates of heterogeneous treatment effects with staggered treat-

ment timing have been proven with panel data (Wooldridge, 2021; Borusyak et al., 2024),

but not yet with repeated cross-sections. Proofs with repeated cross-sections are more com-

plicated because covariates that are inherently time invariant are instead time varying when

averaged at the group level (also true at the individual level) because of the changing compo-

sition of individuals over time. Furthermore, it is not possible to include only pre-treatment

values of potentially endogenous time-varying variables, because these data are not observed

for individuals who only appear once in the cross-sectional sample.

This paper addresses theoretical and empirical issues for difference-in-differences methods

with repeated cross-sectional data with heterogeneous treatment effects and staggered treat-

ment timing. We extend the methods proposed in Wooldridge (2021) to derive an estimator

for repeated cross-sections under clearly stated assumptions that allow control variables to

appear in a flexible way. We propose a linear-in-parameters specification with sufficient gen-

erality to be valid under general circumstances. Given a sample of repeated cross-sections,

this specification can be estimated using ordinary least squares (OLS), which is consistent

and efficient under the usual assumptions of stable unit treatment value, no bad controls, no
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anticipation, and parallel trends. We show that this approach is identical to the imputation

method in Borusyak et al. (2024) when both estimators are specified at the group-year level.

Our proposed DID method estimates a regression with heterogeneous treatment effects

using OLS. It is simple and transparent. It is easy to know how identification is achieved,

which treatment observations are compared to which control observations, and how many

parameters are estimated. Because our method uses OLS regression, it is efficient in the

class of linear estimators. Our method is flexible in how to incorporate covariates, which can

be included additively or in a way that allows the treatment effects to vary with covariates.

We call it FLEX, because it is a flexible linear model estimated by OLS with covariates (X).

In addition to the theoretical results, we demonstrate the use of FLEX with an empirical

example of how an immigration enforcement program named Secure Communities may have

affected enrollment in a government nutrition program (SNAP). Effects of this policy on

SNAP have been substantively examined by East et al. (2023) and Alsan and Yang (2024).

This policy-relevant example uses individual-level data from repeated cross-sections. The

policy was implemented across counties in the US in a staggered way over several years.

The policy may not have constant treatment effects at the group-time (county-year) level,

so we allow for heterogeneous treatment effects. We compare the estimated average treat-

ment effects on the treated (ATET) and their standard errors with those obtained using

other popular methods (Cengiz et al., 2019; Callaway and Sant’Anna, 2021). The example

demonstrates the features of our proposed FLEX estimator for repeated cross-sections with

heterogeneous treatment effects, including being easy to estimate, transparent about the

number of parameters estimated, allowing flexible controls for individual-level covariates,

and having efficient standard errors. We also show how the results from our regressions can

be displayed in a variety of commonly used graphical forms. The Stata code is available

upon request.
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2 Literature Review

2.1 Theoretical literature

Our paper is related to the extensive recent developments in econometrics about the es-

timation of treatment effects in difference-in-differences designs. De Chaisemartin and

D’Haultfœuille (2020) and Goodman-Bacon (2021) showed that difference-in-differences re-

gressions that control for cohort and year fixed effects can identify treatment effects only

when the treatment effect is constant over time. This common method, often called two-way

fixed effects, uses observations in already treated groups as controls for other observations

that start treatment later, in addition to using never-treated observations as controls. The

overall average treatment effect is then a weighted average of comparisons that include ear-

lier treated units to later treated units, instead of only treated to never-treated units plus

not yet treated units.

Several other authors have proposed methods to avoid such unwanted comparisons. Call-

away and Sant’Anna (2021) compare treated units in pre- and post-treatment periods to the

period just prior to treatment to the same comparison for controls that can include the

never- and not-yet treated units. Sun and Abraham (2021) use an event-study approach

by exploiting both leads and lags. Borusyak et al. (2024) take a different approach and use

what they call imputation to sweep out the effects of covariates and then use the residuals

to estimate the treatment effects. Cengiz et al. (2019) propose a procedure that creates

samples (stacks) of treated cohort observations pooled with never-treated observations, then

combines those samples, which resolves the issue of unwanted comparisons. Cohort-level

treatment effects are then estimated using a linear regression commonly referred to as a

stacked regression. Wooldridge (2021) proposes an extended two-way fixed effects regression

approach that includes interactions among dummy variables for treated cohorts, time pe-

riods, and covariates, allowing for estimation of heterogeneous treatment effects by cohort,

time, and covariates. All these methods compare treated observations to not-yet-treated

and never-treated observations, but never compare them to previously treated observations.

There are recent summary papers by de Chaisemartin and D’Haultfœuille (2023), Roth et al.

(2023), Freedman et al. (2023), and Baker et al. (2025).
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2.2 Contribution

Our paper has several theoretical contributions. We propose FLEX—flexible linear model

estimated by OLS with covariates (X)—for heterogeneous treatment effects in a difference-in-

differences study design with repeated cross-sectional data and staggered treatment starting

times. The linear-in-parameters specification can be estimated in a single linear regression.

FLEX delivers consistent parameter estimates, allows for a flexible functional form with

respect to covariates, and provides access to the OLS toolbox for inference and specification

testing.

We prove that the FLEX treatment effect parameter estimates are consistent estimates of

the group-time heterogeneous treatment effects that can be obtained in the repeated cross-

section setting by an imputation method. To be precise, the FLEX estimates are identical to

those from the Borusyak et al. (2024) imputation estimator when heterogeneity is specified

at the cohort-year level. This imputation estimator extends both Borusyak et al. (2024) and

Wooldridge (2021) to the group-time level for repeated cross-sectional data.

Given the simplicity of the underlying linear regression, aggregated treatment effects,

such as the average treatment effect on the treated (ATET), can be derived easily from the

estimated heterogeneous treatment effects. Inference on disaggregate and aggregate effects

also follow naturally from the linear regression specification.

3 Theory

3.1 The Population Setting, Definitions, and Assumptions

Our goal is to set out a framework that focuses on the analysis of repeated cross sections

where new units, i, belonging to one and only one group g, where g = 1, 2, ..., G, are (ran-

domly) sampled from the population in every time period t = 1, 2, ..., T . Our framework

also applies to panel data settings, most transparently when units i in groups g are followed

over time t. In that case we are studying a stable population. When the data available are

repeated cross sections, we assume the existence of a stable population from which units are

randomly sampled in each time period. In defining parameters and stating assumptions, we

assume that the populations are the same across t. But, in practice, there may be changes
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in the population across t, a problem that can, at least partly, be overcome by controlling

for observable characteristics.

We now turn to the policy setting. We assume that the intervention occurs at the group

level indexed by g = 1, 2, ..., G. Each group, among those that receive treatment in the period

of observation t = 1, 2, ..., T , receives the intervention for the first time in a time period from

t = 2, ..., T implying that there are no “always treated” groups. One or more groups (< G)

receive the intervention for the first time in a particular time period. Let q denote the first

time period in which treatment is received. We follow the existing literature by referring to

the collection of groups associated with q as a cohort, c = q. Other subsets of untreated

groups receive the intervention in subsequent time periods. Let ḡ groups receive treatment

by time period Q ≤ T . Without loss of generality, let groups g = 1, 2, ..., ḡ index the treated

groups ordered by their cohort membership. Consequently, the never-treated groups can be

indexed by g = ḡ+1, ..., G. In what follows, it is convenient to refer to never-treated groups

as being “treated” at ∞, i.e., c = ∞. Note that new entrant groups are not needed for each

and every period. Also, note that groups, g, must map one-to-one to their cohort, i.e., the

first time period in which the treatment is received.

Assumption 3.1 (SUTVA). For each unit i in the population, the potential outcome de-

pends only on unit i’s assignment and not on the assignment of the other units. In other

words,

Yit (g1, ..., gi−1, gi, gi+1, ...) = Yit (gi) , t = 1, ..., T,

where gj is the group assignment for unit j. □

The Stable Unit Treatment Value Assumption (SUTVA) [Rubin (1977,1986); Lechner

(2011)] ensures that we observe one potential outcome for each unit i corresponding to

i’s treatment assignment. It also rules out spillover effects. Because we are assuming the

treatment is an absorbing state, given SUTVA we need only index the potential outcomes by

a single treatment assignment. Also, in stating Assumption 3.1, we allow for the possibility

of an infinite or finite population; later, we assume independent sampling for each time

period.

Let Rg ∈ R1, ..., Rḡ, Rḡ+1, ..., RG denote a binary indicator for group membership. Let
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{Rg}c denote the subset of groups in cohort c. The ATETs commonly of interest in staggered

DID settings are the mean differences in the potential outcomes using Yt (∞) as the reference

outcome in a treated period t, i.e., the outcomes in the groups associated with the never-

treated groups:

τgt = E [Yt(g)− Yt (∞) |Rg = 1] , t = q, ..., T ; g = 1, ..., ḡ. (3.1)

For each (eventually) treated group g, τgt, t = q, ..., T are the ATETs in all time periods

including the first period in which treatment is received, q, and all following ones through

the end of the observation period, T .

Assumption 3.2 (No Bad Controls, NBC). For a 1 × K vector of covariates {Xt(g) :

t = 1, ..., T ; g = 1, ..., G}, which may be time-varying, the covariates are the same across all

potential treatment assignments: Xt(g) = Xt(∞) = Xt for all g ∈ {1, ..., G} and t = 1, ..., T .

□

Assumption 3.2 implies that the covariates vary exogeneous from the treatment status.

Much of the literature on difference-in-differences in panel data contexts assumes the controls

are dated prior to the first intervention date and do not change over time. This restriction

helps ensure that one is not including ‘bad controls’ in the analysis—that is, elements in

Xt that might be affected in the current or future periods by the intervention. Caetano

et al. (2024) is an exception that formalizes the use of time-varying covariates, including

to a situation we do not consider, i.e., to allow time-varying covariates to be affected by

the treatment. We do not index the Xt using potential outcomes notation [such as Xt(g)],

and so we are maintaining that the covariates do not change with the treatment assignment.

(This is different from saying that the treatment assignment cannot depend on Xt—which, of

course, we allow.) Allowing Xt to have time variation means that we can include predictors

of the outcome whose paths are not influenced by treatment. For example, the outcome may

be affected by local weather conditions, which are time-varying but not influenced by the

treatment. More commonly, in the repeated cross-section case, the controls will necessarily

be time varying—due to sampling variation across time periods.

Difference-in-differences analyses requires two additional key assumptions. The first as-

sumption rules out anticipatory changes in the potential outcomes prior to the intervention
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occuring for each eventually treated group. The second, parallel trends assumption, is stated

conditional on group indicators that are less coarse than the cohort indicators. Consequently,

because cohorts typically include more than one group and because the groups within a co-

hort may be heterogeneous, by conditioning on group indicators the assumptions are more

general. Note that it is always possible to treat cohorts as “groups” in our framework.

Assumption 3.3 (Conditional No Anticipation, CNA). For groups g ∈ 1, 2, ..., ḡ and t ∈

{1, ..., c− 1},

E [Yt(g)|R1, ..., RG,Xt] = E [Yt (∞) |R1, ..., RG,Xt] . □

This simply means that, in any time period before the intervention occurs for any of the

eventually treated groups, the potential outcomes are the same as the potential outcomes

in the never treated state. This assumption can be violated if units within groups that

are eventually treated anticipate the intervention and change their behavior prior to the

first period of intervention. This formulation is adapted from Wooldridge (2021) (also in

Wooldridge, 2023) which is stated for the panel data case.

Let Pt ∈ P1, P2, ..., PT denote binary indicators for observations in time periods t =

1, 2, ..., T . Then, in the staggered intervention case without exit, the time-varying treatment

indicator is

Wt = {Rg}q · (Pq + ...+ PT ) + {Rg}q+1 · (Pq+1 + ...+ PT ) + ...+ {Rg}Q · (PQ + ...+ PT ).

The observed outcome in every period is

Yt = {Rg}q · Yt (q) + {Rg}q+1 · Yt (q + 1) + ...{Rg}Q · Yt (Q) + {Rg}∞ · Yt (∞)

We state the parallel trends assumption assuming linearity of the conditional expectations

and conditional on covariates and groups:

Assumption 3.4 (Conditional Parallel Trends, CPT). For t = 1, 2, ..., T ,

E [Yt (∞) |R1, ..., RG,Xt] =
G∑

g=1

βgRg +
G∑

g=1

(Rg ·Xt) γg +Xtπt + ηt. □
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Note that the Conditional Parallel Trends assumption in 3.4 also relaxes the analogous

assumption in Callaway and Sant’Anna (2021) and other specifications where conditioning

on cohort identity is replaced by conditioning on group identity, g.

Technically, we need not condition on the entire history of the covariates, {Xt, t = 1, ..., T}

in assumption 3.4, and so the covariates need not satisfy a strict exogeneity assumption (see

Wooldridge, 2010, Chapter 10). Nevertheless, if we think the treatment assignment influences

the covariates in the future, Assumption CPT would generally fail. For a recent discussion

of ‘bad controls’ in the DID setting, see Wooldridge (2024). Also, we require a sufficient

number of observations per stratum in order to get precise estimates of the βg and ηg in

assumption 3.4.

Even if the covariates do not change over time, the terms Xtπt and (Rg ·Xt) γg allow

relaxation of the usual parallel trends assumption. Their inclusion plays the same role as

in Callaway and Sant’Anna (2021), who apply standard treatment effects estimators when

covariates are available; see also Wooldridge (2021, 2023). The presence of (Rg ·Xt) γg allows

for substantial heterogeneity in how the average potential outcome changes with the groups

(and therefore with the treatment groups).

Under assumptions 3.3 and 3.4, the parameters in 3.4 are identified using the untreated

observations. In the subpopulation of untreated units at time t, we can write

E (Yt|R1, ..., RG,Xt,Wt = 0) =
G∑

g=1

βgRg +
G∑

g=1

(Rg ·Xt) γg +Xtπt + ηt. (3.2)

Equation 3.2 shows that all of the parameters are identified using the untreated observations,

provided we have some units in every group.

The identification argument is easier to see in the simple 2 × 2 case, i.e., let T = 2 and

G = 2. Let W denote the (only) treatment indicator and, to frame it like a typical 2 × 2

DID specification, let α denote the intercept for the value of the outcome for G = 1 and

T = 1. We also remove group and time subscripts from all coefficients for simplicity. Then,

equation 3.2 can be written as

E [Y1 (∞) |W,X1] = α + βW + (W ·X1) γ +X1ζ (3.3)

E [Y2 (∞) |W,X2] = α + βW + (W ·X2) γ + η2 +X2π +X2ζ (3.4)
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Under CNA, the expectation in equation 3.3 is the same when we replace Y1 (∞) with Y1 (2).

Because W = 0 implies Y1 = Y1 (∞) and W = 1 implies Y1 = Y1 (2),

E (Y1|W,X1) = α + βW + (W ·X1) γ +X1ζ,

which shows that, provided there are some treated and control units and X1 does not have

perfectly collinear elements, the parameters α, β, γ, and ζ are identified using the control

and (eventually) treated units in t = 1. By equation 3.4,

E (Y2|W = 0,X2) = α + η2 +X2π +X2ζ = (α + η2) +X2(π + ζ)

Again, ruling out perfect collinearity in X2, (α+ η2) and (π+ ζ) are identified by the second

period control units. Because α and ζ are identified, so are η2 and π. Returning to equation

3.4, we have

E [Y2 (∞) |W = 1,X2] = (α + β + η2) +X2 (γ + π + ζ)

and so

E [Y2 (∞) |W = 1] = (α + β + η2) + E (X2|W = 1) (γ + π + ζ)

Identification of E (X2|W = 1) follows immediately because we observe the second-period

covariates for the all units, including the treated units. Because the other parameters are

identified by assumptions 3.3 and 3.4, E [Y2 (∞) |W = 1] is identified. Then

τ2 = E [Y2 (2)− Y2 (∞) |W = 1] = E (Y2|W = 1)− E [Y2 (∞) |W = 1]

is identified. The argument in the general staggered case is similar, with E [Yt (g) |Wg = 1] =

E (Yt|Wg = 1) always identified and E [Yt (∞) |Wg = 1] identified under assumptions 3.3 and

3.4.

3.2 Estimation by Imputation and Ordinary Least Squares

The identification argument in subsection 3.1 immediately suggests an imputation approach

to estimation. We assume the availability of random samples from the population at each

time period t. The draws, indicated by i, are independent, but not generally identically

distributed because the population distribution of both the outcome and control variables

may change across t. (This same kind of heterogeneity is allowed in panel data settings.
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Even if the population is stable across time, we allow for changing distributions across t.)

For unit i, t (i) represents the time period. The observed data for unit i is Yi,t(i), Xi(t), and

the group indicators, Ri,t(i),j, j = 1, ..., J . As discussed earlier, the treatment assignment is

determined by the group. Typically, the group for a unit does not change over time—an

individual lives in the same state, say, over the time periods in question—but even if that is

true, the repeated cross sections setting means that the draws of group indicators over time

are from different samples of units.

Estimation of the parameters in equation 3.2 can proceed by estimating an OLS regression

of the outcome on the untreated observations in the repeated cross-sectional dataset. Then,

one mimics iterated expectations in the sample by using an out-of-sample prediction for

Yt (∞) (for the treated observations). Equivalently, the out-of-sample residuals are averaged

over the appropriate group-time period pair to produce group-time specific ATT estimates.

The following procedure extends Wooldridge (2021) to allow repeated cross sections and

time-varying covariates. It is also related to the imputation method in Borusyak et al.

(2024), who mention applying imputation in the repeated cross sections case. Here, we have

derived an imputation estimator for repeated cross sections under clearly stated assumptions

that allow random control variables to appear in a flexible way.

Procedure 3.1. [Imputation Estimation]

1. Use the control observations to estimate the parameters

(β1, ..., βG, η1, ..., ηG, γ2, ..., γT , π2, ..., πT ) (3.5)

by OLS:

Yi,t(i) on Ri,t(i),1, ..., Ri,t(i),G, P2,t(i), ..., PT,t(i), Xi,t(i)

Ri,t(i),1 ·Xi,t(i), ..., Ri,t(i),G ·Xi,t(i), P2,t(i) ·Xi,t(i), ..., PT,t(i) ·Xi,t(i) (3.6)

2. For unit i, impute Yi,t(i) (∞) as

Ŷi,t(i) (∞) =
G∑

g=1

β̂gRi,t(i),g +
G∑

g=1

(
Ri,t(i),g ·Xi,t(i)

)
γ̂g

+
T∑
t=2

η̂tPt(i) +
T∑
t=2

(
Pt(i) ·Xi,t(i)

)
π̂t (3.7)
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3. For treatment group g, in period t, obtain

τ̂gt = N−1
gt

N∑
i=1

Ri,t(i),g · 1 [t (i) = t] ·
[
Yi,t(i) (g)− Ŷi,t(i) (∞)

]
≡ N−1

gt

N∑
i=1

Ri,t(i),g · 1 [t (i) = t] · T̂Ei,t(i)

= Ȳgt −N−1
gt

N∑
i=1

Ri,t(i),c · 1 [t (i) = t] · Ŷi,t(i) (∞) (3.8)

where

N−1
gt =

N∑
i=1

Qi,t(i),c · 1 [t (i) = t]

is the number of units in treatment group g in time period t, T̂Ei,t(i) = Yi,t(i) − Ŷi,t(i) (∞) is

the unit-specific estimated treatment effect, and

Ȳgt = N−1
gt

N∑
i=1

Qi,t(i),g · 1 [t (i) = t] · Yi,t(i) (3.9)

is the average of the observed outcomes for units in treatment group g in period t. □

With a sufficient number of observations in each (g, t) cell, τ̂gt, will have good statistical

properties by the law of large numbers and central limit theorem. Nevertheless, the multi-

step nature of the estimation makes inference challenging. A similar issue arises in the panel

data setting in Borusyak et al. (2024), where unit-specific fixed effects are included in the

first imputation step. Fortunately, there is an algebraic equivalence between imputation and

a longer regression that uses all of the data. To describe the longer regression, let X̄gt be

the average value of the covariates for treatment group g and time period t. Specifically, to

the list of regressors in equation 3.6 we add treatment indicators and treatment indicators

interacted with demeaned covariates:

Ri,t(i),g · Pi,t(i), Ri,t(i),g · Pi,t(i) ·
(
Xi,t(i) − X̄gt(i)

)
, t = q, ..., T ; g = 1, 2, ..., ḡ (3.10)

If Ri,t(i),c · Pi,t(i) = 1 then unit i is receiving treatment in time period t. The interactions

Ri,t(i),c ·Pi,t(i) ·
(
Xi,t(i) − X̄gt(i)

)
allow for heterogeneity in the treatment effects as a function

of the observed covariates.
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Proposition 3.1. [Equivalence of Imputation and OLS regression]

Using all of the data, consider the regression that includes all regressors in equations 3.6

and 3.10:

Yi,t(i) on Xi,t(i),

Ri,t(i),1, ..., Ri,t(i),G, Ri,t(i),1 ·Xi,t(i), ..., Ri,t(i),G ·Xi,t(i),

P2,t(i), ..., PT,t(i), P2,t(i) ·Xi,t(i), ..., PT,t(i) ·Xi,t(i)

Ri,t(i),q · Pq,t(i), ..., Ri,t(i),q · PQ,t(i), ...,Ri,t(i),Q · PQ,t(i),

Ri,t(i),q · Pq,t(i) ·
(
Xi,t(i) − X̄gt(i)

)
, ..., Ri,t(i),Q · PQ,t(i) ·

(
Xi,t(i) − X̄gt(i)

)
Let the coefficients be

{
β̃g : j = 1, ..., G

}
, {η̃g : j = 1, ..., G}, {γ̃t : t = 2, ..., T}, {π̃r : t = 2, ..., T},

{τ̃gt : t = c, ..., T ; g = 1, ..., ḡ}, and
{
δ̃gt : t = c, ..., T ; g = 1, ..., ḡ

}
. Then

(i) For all g and t, β̃g = β̂g, η̃g = η̂g, γ̃t = γ̂t, and π̃t = π̂t.

(ii) For all g ∈ {1, 2, ..., ḡ} and t ∈ {c, ..., T},

τ̃gt = τ̂gt □

The equivalences in Proposition 3.1 are practically useful. Standard errors for the treat-

ment effects τ̃gt = τ̂gt from the regression in equation 3.1 are readily available, and issues of

clustering can be resolved in a standard pooled OLS setting. In addition to providing the

τ̂gt and their standard errors, the δ̃gt can be studied to determine if there are heterogeneous

treatment effects.

As a special case of the regression in equation 3.1, one might have a single binary indi-

cator, Xit (probably not time-varying), separating units into one of two groups. The scalar

coefficients δ̃gt would be the difference-in-difference-in-differences (DIDID) estimator for the

group represented by Xit = 1. Again, inference is straightforward.

4 Regression Specifications

As the literature on methods for estimation of models for data with staggered entry into

treatment has grown rapidly, the nomenclature used to describe various techniques has also

proliferated. In naming methods, we think it is a) important to distinguish between the
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estimands and the estimation methods, and b) to name the various estimators recently

developed for estimating models in ways that indicate functional distinctions. In terms of

the characteristics of the treatment effects parameters, some estimators assume homogeneous

effects across groups and time. Others assume heterogeneity in one or the other dimension

but not both. Yet others allow for heterogeneous effects across both cohorts and time but

not across groups and time.

On the dimension of the parallel trends assumption, some estimators impose the parallel

trends assumption for all periods prior to treatment, i.e., they assume that the regression

specifications have only lagged treatment parameters. Other estimators impose the parallel

trends assumption only for one baseline period prior to treatment (typically the period

just preceding treatment) and the regression specifications include lag and lead treatment

parameters with the lag parameters being the coefficients of interest for the ATET. Such

models are often referred to as event-study models but that terminology corrupts definitions

of event-study models from other areas of the econometrics literature.

We clarify our own use of language and notation by formally specifying the regression

specifications we estimate using OLS to implement equation 3.1. In equation 4.1 below,

we present a FLEX specification that explicitly displays all the regression parameters (and

associated variables). The coefficients in the line denoted lags are the treatment effects at

the group-time level in post-treatment periods. The coefficients in the line denoted leads are

the pre-treatment differences between treated groups and the never-treated groups, except in

one “baseline” period (chosen, without loss of generality, to be the period prior to treatment

initiation, q− 1). When the parameters in leads are estimated, we refer to these as lags and

leads specifications. This specification is commonly referred to as an event study in the recent

literature, (e.g. Roth, 2024), but we prefer the term lags and leads to disambiguate from an

older, distinct use of the term “event study” in the econometrics literature (e.g. MacKinlay,

1997). In lags only specifications, all lead coefficients are set equal to zero. In other words,

lags only specifications assume that all pre-treatment differences between treated cohorts and

the never-treated cohort are identically equal to zero. These specifications include group and

year fixed effects. These specifications also allow covariates to enter additively and interacted

with each lag, lead, and fixed effect indicators.
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E
(
Yi,t(i)|{Rig}, {Pi,t(i)},Xi,t(i)

)
=

ḡ∑
g=1

T∑
t=q

τgtRigPi,t(i) +

ḡ∑
g=1

T∑
t=q

RigPi,t(i) · (Xi,t(i) − X̄g)κgt lags

+

ḡ∑
g=1

q−2∑
t=1

τgtRigPi,t(i) +

ḡ∑
g=1

q−2∑
t=1

RigPi,t(i) · (Xi,t(i) − X̄g)κgt leads

+
G∑

g=1

βgRig +
T∑
t=2

ηtPi,t(i) +
G∑

g=1

Rig ·Xi,t(i)γg +
T∑
t=1

Pi,t(i) ·Xi,t(i)πt +Xi,t(i)ζ (4.1)

where i = 1, ..., N , g = 1, ..., G, t = 1, ..., T , and q denotes the first period in which treatment

is received by observations in group g. Note that when covariates are interacted with treat-

ment indicators, they are specified as deviations from group means. Deviating the covariates

from means when they are interacted only with the group and only with the time indicators

is not necessary, but doing say generally makes the coefficients on Rig and Pi,t(i) identical to

ATETs.

Generally, the lags and leads specifications can be expected to be less efficient than lags

only, because the latter uses all implications of the conditional parallel trends assumption.

Moreover, lags and leads specifications may have more resiliency against some violations of

parallel trends, but they will be more sensitive to other violations, e.g., they will be especially

sensitive to violations of parallel trends that occur just before the intervention.

4.1 Aggregating the Treatment Effects

Rather than report a full set of treatment effect estimates for each treatment group and

year, it is common to aggregate the effects to the cohort level, to the time level, to the

exposure-time level (for staggered start), or most commonly to the aggregate level. One

could do this by simple averaging. For example, the immediate effects, τ̂gt, can be averaged

over time periods t = q, ..., T . The one-period dynamic effects, τ̂t,t+1, can be averaged over

t = q, ..., T − 1; and so on for each of the exposure lengths. To be precise, the aggregated

average treatment effect on the treated (ATET) corresponding to equation 4.1 is given by:

τ̂ =
1

N

ḡ∑
g=1

T∑
t=q

ngt∑
i=1

[
τ̂gt

(
RigPi,t(i)

)
+
(
RigPi,t(i) · (Xi,t(i) − X̄g)

)
κ̂gt

]
(4.2)
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where i = 1, ..., N , g = 1, ..., G, t = 1, ..., T , and q denotes the first period in which treatment

is received by observations in group g. Note that ngt is the number of observations in the

gth treated group in the tth time period and N =
∑ḡ

g=1

∑T
t=q ngt. This simplifies to

τ̂ =
1

N

ḡ∑
g=1

T∑
t=q

[ngtτ̂gt] (4.3)

because x̄i,t(i) is de-meaned so that part of the equation sums to zero.

Note that τ̂ is simply the average of the treatment effects over all treated observations

in all treated time periods. In specifications with no covariates, or covariates entered only

additively, or if the covariates are de-meaned (using the means of covariates for the treated

sample), then τ̂ is also a weighted average of the group-time effects τ̂gt, where each weight is

the sample size associated with each group and year, ngt. Standard errors for the unweighted

or weight averages are easy to obtain using standard software packages.

4.2 Other Approaches

As we mentioned previously, the two-step imputation method of Borusyak et al. (2024) using

the group dummies and the OLS regression on the group dummies using all of the data

produce numerically identical results. Moreover, if we include the pre-treatment indicators

then, without controls, we obtain a repeated cross-sections version of the Sun and Abraham

(2021) leads and lags event-study estimator that allows full heterogeneity by group and

calendar time.

There are some other approaches that have become popular in empirical research. Call-

away and Sant’Anna (2021) propose what are effectively leads and lag estimators because

their methods reduce to estimating many 2 × 2 DiDs using the never treated group as the

control group and the period just prior to the intervention as the control period. Without

covariates, the Callaway and Sant’Anna (2021) approach is identical to Sun and Abraham

(2021). With covariates, Callaway and Sant’Anna (2021) implement a regression adjustment

approach to estimation of the treatment effects.

A novel aspect of Callaway and Sant’Anna (2021) is that, with covariates, they allow

estimation methods other than linear regression adjustment. One estimator with nice ro-

bustness properties combines propensity score weighting with linear regression adjustment
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(a version of IPWRA). Without the propensity score and without covariates, the Callaway

and Sant’Anna (2021) approach is the same as FLEX without covariates. When covariates

are introduced, Callaway and Sant’Anna (2021) approach is equivalent to a fully saturated

FLEX specification. Note that the IPWRA estimator can have some resiliency to the as-

sumed linear functional form.

Another popular approach uses a stacked difference-in-differences procedure (Stacked

DID) described in Cengiz et al. (2019) and Wing et al. (2024). In each, the observations for

each treated cohort are pooled with the observations from the never-treated cohort to form

a data set that are then appended to form one stack. Note that this includes separate time

and cohort indicators for each cohort. By doing so, a constant treatment effect difference-

in-differences regression specification with group and time fixed effects delivers unbiased

estimates of the cohort-level treatment effect. The issues reported by Goodman-Bacon (2021)

and others do not apply. Then each of these stacks is pooled and a regression that interacts

each term in the standard regression specification with stack indicators produces all cohort-

by-time treatment effects in one application of a regression procedure. The same never-

treated observations are used multiple times (as many times as there are treated cohorts).

If there are many untreated groups, then the sample size for Stacked DID can be very large

which can substantially increase the time to estimate the parameters.

4.3 Heterogeneous Time Trends

Like the estimates obtained from procedure 3.1, the event-study estimates require a kind of

parallel trends assumption for consistency (Roth, 2022; Dette and Schumann, 2024). One

approach to accounting for violations of parallel trends that occur even after including con-

trols is to assume relatively simple heterogeneous trends in the absence of the intervention.

In particular, with at least two pre-intervention periods per treated group, one can include

in equation 3.1 interactions between the group indicators, Ri,t(i),j and a linear time trend, t.

The coefficients on the trend terms can be used to test for pre-trends (Dette and Schumann,

2024). As shown in Wooldridge (2021) in the panel data case, such tests do not suffer from

‘contamination bias’, provided the covariates are included flexibly, as in equation 3.1. That

is because the imputation and OLS approaches continue to be identical.
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Including group-specific trends can be costly in terms of precision because their inclu-

sion creates collinearity with the treatment indicators. Of course, using a pre-test to decide

whether to drop these terms can be problematic—just as when using the event-study ap-

proach.

4.4 Practical Considerations

In this section we discuss several practical considerations when estimating difference-in-

differences models for data with repeated cross-sections, heterogeneous treatment effects,

and staggered timing. Estimating treatment effects in a difference-in-differences model is

usually a two-step process. The first step is to estimate the treatment parameters of a model

and the second step is to aggregate some of those treatment parameters into estimated

average treatment effects. For example, estimating the average treatment effect on the

treated, or treatment effects by group or by time since the start of treatment. Some DID

software packages seamlessly combine these two steps into one, showing only a final average

treatment effect on the treated but not the intermediate step of estimating coefficients from a

regression model. Thinking about DID as a two-step process is useful because it clarifies that

there are two steps to decision making by the researcher, each with its own set of questions.

The set of questions for the first step revolves around identification of treatment effects

and model specification. How are the treatment effects identified? What level of hetero-

geneity is allowed, specifically, heterogeneity at the group or the cohort level? Should the

model assume that parallel trends holds in the pre period or allow for heterogeneous effects

across groups in each time period before treatment starts? To what extent should the model

specification control for covariates?

The set of questions for the second step includes answering the research question, pre-

senting the results, and describing the extent of the heterogeneity in the treatment effects.

After estimating the regression model, how should the estimated treatment coefficients be

combined to form an overall ATET? Should the treatment effects be aggregated to other

levels, for example, to show an event-study graph?
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4.4.1 Estimation step

Our proposed FLEX approach also provides a useful modeling framework for all difference-

in-differences models. Our general approach to estimation is that OLS can be used to

estimate any flexible model, whether it is a flexible model with heterogeneous treatment

effects or a parsimonious model with homogeneous treatment effects. Treatment effects can

be heterogeneous with respect to time, group (or cohort), or both, and there can additionally

be heterogeneous treatment effects by covariates. Most existing methods can be estimated

with an OLS regression in the FLEX framework.

In our empirical examples, we explain when FLEX estimates the same treatment coeffi-

cients as other estimators.

4.4.2 Basic modeling decisions

There are three main modeling decisions, which can be seen as whether to allow more or less

flexibility in the estimation step. They can also be seen as variations on equations 4.1. The

first decision is whether to allow heterogeneity at the group level or the cohort level, when

there are multiple groups per cohort. In our empirical examples, there are multiple states

(groups) that start the policy treatment in some years and so are in the same cohort. In

general we think that it is restrictive to impose homogeneity across all states that happen

to start their policy in the same year. Therefore, our model specifications are at the group

level. However, if the number of groups is large (e.g., 3, 000 counties), then one needs to

think harder about the tradeoffs between model flexibility and possible over-fitting.

A second decision is whether to model lags only or both lags and leads. One might think

that the event-study approach, which allows for different effects for treatment observations

in the pre-treatment periods that follow a trend that is not parallel to that for the control

observations, is more flexible than the leads only model because it does not impose the

conditional parallel trends assumptions in the pre-treatment periods. But if parallel trends

is violated in the treated periods, then the OLS estimator applied to the leads and lags

model can be worse than the OLS estimator applied to the lags only model as it will have

different biases for different violations of parallel trends.

The third is about how to include covariates. Covariates can be included separately as
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additional controls or interacted with treatment effects. Group fixed effects sweep away

any time-invariant covariates. However, unlike covariates in a balanced panel, covariates

in a repeated cross section can change either because they are time-varying or because the

random subsample has a different composition of covariates than the full sample. Therefore,

one can control for covariates in a cross-section even when the covariates are inherently

time-invariant. Endogenous covariates should not be included in the model. For example,

controlling for experience when predicting income is not appropriate if the model is measuring

the effect of a job training program on income and that job training program endogenously

changes experience.

Interacting covariates with treatment effects allows for further treatment heterogeneity.

This is a decision about whether to include the third and fourth rows of equation 4.1 or to

assume that some of those coefficients are zero. The potential downside of this flexibility

includes over-fitting. Alternatively, one can lean on economic theory and knowledge of

institutions to focus on just one or a few covariates to interact with the treatment effects

instead of all covariates. In our experience, including interactions between treatment effects

and covariates does not lead to larger standard errors.

Finally, there is a practical issue about whether to demean covariates or not. In the flex-

ible specifications of the regressions, group-by-year treatment effects vary by individual- and

group-specific covariates. This is accomplished by interacting the group-by-year indicator

variables with the covariates. To interpret the coefficients on the group-by-year indicators

as the treatment effects in such models, it is necessary to demean the covariates in the in-

teraction terms. Demeaning requires subtracting the group-by-year means of each covariate

from its individual-level values. In these flexible specifications, the group and year fixed

effects are also interacted with the covariates. But for these indicators, the interactions are

with the raw covariates, not the demeaned ones. In addition, the raw covariates themselves

are entered into the regression specification additively. We want to emphasize that it is

not necessary to de-mean the covariates to estimate the ATET. As long as one is careful

in combining the weighted average of the coefficients for the demeaned variables, the final

ATETs are identical.
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4.4.3 Aggregation and graphing

After estimating treatment effects at the group-time level, researchers have several options

for how to present the results. One common approach is to aggregate to the time-since-

treatment level to create an event study plot. This is useful when estimating a lags and

leads model because one can plot the estimated difference between ever-treated groups and

control groups in each pre period. This provides a visual test of the parallel trends and no

anticipation assumptions. If one suspects or wants to test for heterogeneity by calendar time

or by group, one could aggregate treatment effects to those levels and plot the results.

Researchers often want an overall ATET. This is easy to do in the FLEX approach. The

ATET is the weighted average of treatment effects, where the weights are the number of

treated observations in each group-time set in the post periods. We provide Stata code to

show how to do this after estimating the single regression model, including standard errors.

4.4.4 Collapsing the data to the group level

When there are many individual observations for each group (or cohort), it is worth con-

sidering whether to collapse the data to the group (or cohort) level. The advantage is that

collapsed data run faster in weighted OLS while returning identical parameter estimates and

standard errors. If the data set is large, collapsed data could run considerably faster than

the original data set. However, if there are covariates, then collapsing the data may not be

feasible. Another case where one might consider collapsing the data is when there are a large

number of groups (e.g., all U.S. counties) that require a very large number of parameters to

estimate.

The identity (identical covariates from WOLS with collapsed data to covariates from

OLS with non-collapsed data) only holds if you collapse not to the group-time level, but

for every possible combination of covariates for each group-time combination. Therefore,

the covariates must be discrete. For example, if there are 50 groups and 10 years of data,

then there are 500 group-time combinations. Now suppose there are three dummy variables,

which can be combined eight ways, that means that the data would be collapsed to 4000

possible group-time-covariate combinations. That could still be significantly smaller than

the original data set and faster to run, but the potential benefits of collapsing are small when
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there are many covariates. When there are continuous covariates, one can still collapse the

data by specifying discrete versions of these variables.

4.4.5 Computational time

Because FLEX uses a single least-squares regression, its computational time is fast. It does

not require multiple regressions (e.g., the imputation method), numerous pairwise compar-

isons (e.g., Callaway and Sant’Anna (2021) ), or replicating the data (e.g., stacked). The

computational time does increase, in proportion to the number of parameters, in models

with many covariates and interactions between covariates and treatment effects, but even

then we have found the computational time to be reasonable.

5 Empirical example

We show an empirical example using a data set that has features typical of repeated cross-

section data with a difference-in-differences study design. We test the effect of the Secure

Communities immigration enforcement program on Supplemental Nutrition Assistance Pro-

gram (SNAP) enrollment. The idea is that when immigration enforcement increases in a

community, some people will be more reluctant to sign up for a government program, even

if they are U.S. citizens and eligible for the benefits (Alsan and Yang, 2024). The data are

collected at the individual level. Treatment happens at the county level and the timing of the

start of treatment is staggered over several years. We measure the outcome and covariates

using a number of years of the American Community Survey, which is not a panel data set

but instead a repeated cross section. The example is typical of many difference-in-differences

study designs and is appropriate to illustrate our theoretical results.

5.1 Prior related empirical literature

There is a large and rapidly expanding empirical literature that uses difference-in-differences

study design to assess the effects of policy changes. Here we briefly mention two papers that

are most relevant to our empirical example (East et al., 2023; Alsan and Yang, 2024). Both

papers study the effect of the Secure Communities immigration enforcement policy using

repeated cross sectional data with staggered treatment timing.
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East et al. (2023) measure the effects of the Secure Communities immigration enforce-

ment on labor market outcomes. They exploited variation in the timing of exposure to

Secure Communities over commuting zones to measure its effects on employment and hourly

wages. They estimated a difference-in-differences regression with a homogeneous treatment

effect, the traditional two-way fixed effects model, using data from the American Community

Survey. East and colleagues limited their analysis to working-age populations who were most

likely to be affected by Secure Communities—low-educated foreign born persons and U.S.-

born individuals. They found that Secure Communities immigration enforcement decreased

the employment of people who were likely to be undocumented immigrants, an expected

finding. However, they also found that U.S.-born persons had slightly lower employment

and hourly wages as a result of Secure Communities, an unexpected finding, perhaps due to

a decline in labor demand.

Alsan and Yang (2024) explore a different policy question related to Secure Community

immigration enforcement. They ask whether noncitizen deportations affect co-ethnic citizen

participation in means-tested social insurance programs, even if those citizens are not per-

sonally at risk of deportation. Persons who decide not to enroll in those benefit programs if

they are concerned that providing information to the government could result in deportation

of relatives or persons in their network. This is one example of a chilling effect of deportation

policies. Alsan and Yang look at the effects of Secure Community on two means-tested social

insurance programs: Supplemental Security Income and the Supplemental Nutrition Assis-

tance Program (SNAP). They use data from both the American Community Survey and the

Panel Survey of Income Dynamics. Their treatment is measured at the county-year level.

In addition, instead of a difference-in-differences study design, they use a triple difference

by comparing the effect of Secure Community for Hispanics compared to black and white

non-Hispanics. They allow for heterogeneous treatment effects by racial/ethnic group and

by year since start of treatment, but not across counties. They found evidence for a chilling

effect on Hispanic-headed households.

Our example borrows elements from both East et al. (2023) and Alsan and Yang (2024).

We also use the American Community Survey to study the effect of Secure Community

immigration enforcement, which has a staggered implementation across US counties and
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data from a repeated cross section. Like Alsan and Yang (2024) we examine the effect on

SNAP enrollment and like East et al. (2023) we use a difference-in-differences study design.

5.2 Secure Communities Immigration Enforcement and ACS data

We use repeated cross-sectional data from the American Community Survey (ACS) to show

how to use heterogeneous effects difference-in-differences methods to estimate the effect of Se-

cure Communities immigration enforcement on SNAP enrollment. The U.S. Census Bureau

conducts the ACS monthly to collect information on individuals in communities, including

information on employment, education, and enrollment in government benefit programs.

The ACS publicly reports the location of respondents using Public Use Microdata Areas

(PUMAs). PUMAs are non-overlapping, statistical geographic areas with at least 100,000

people. PUMA boundaries respect state boundaries but are often collections of counties.

There are 2,487 PUMAs, somewhat fewer than the 3,144 counties in the US. When a PUMA

consists of multiple counties, we assign the earliest data of implementation of the program

in the constituent counties to the PUMA.

We use the data archive of Alsan and Yang (2022) to construct our analysis sample,

including a crosswalk between counties (the geographic unit at which the treatment was

assigned) and PUMAs (the geographic unit available in the ACS). Following Alsan and Yang

(2024), we limit our sample to Hispanic citizens (including naturalized citizens) who did not

move between states and who were either heads of households or their spouses. We also drop

observations from Illinois, Massachusetts and New York as these states resisted the activation

of Secure Communities. Unlike Alsan and Yang who restricted their sample to those with

less than a high school education, we include those with a high school diploma (but not those

with additional education beyond high school). We also exclude PUMAs that have fewer

than 10 observations in any year 2005-2016. Few observations make it hard to estimate

treatment effects at the group-time level, especially for models that include interactions

with covariates. For purposes of illustration, although not required for estimating FLEX, we

further restrict our sample to individuals who live in 682 PUMAs observed in each sample

year. Our sample includes observations for more than half a million people who live in 682

PUMAs across 32 states during the years 2005-2016. Therefore, this is an individual-level
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data set of repeated cross sections of all 682 PUMAs for all 12 years.

Out of the 682 PUMAs in our sample, 259 began Secure Communities immigration en-

forcement during our time period while 423 did not and are the never-treated controls (see

Table 1). During the years 2005-2008, no PUMAs in our data set started Secure Com-

munities immigration enforcement. Beginning in 2009, at least 50 PUMAs in our data set

started Secure Communities immigration enforcement each year. The Secure Communities

immigration enforcement began in the South and West Census regions. Treatment did not

start in the Northeast region until 2012. See Table 1 for the number of PUMAs that were

treated in the years 2009-2012.

A cohort comprises all PUMAs that implemented the Secure Communities immigration

enforcement program in a calendar year. Each of the four treated cohorts is observed for at

least four periods before the start of treatment and for at least five years after the start of

treatment. In addition, one cohort consists of never-treated PUMAs.

We define a group as being a subset of PUMAs in a cohort that belong to the same

Census region. Table 1 shows that there are 11 treated groups along with 4 never-treated

groups (one for each Census region of the US).

There are a total of 581,660 observations on individuals. The ACS has an average of

850 observations per PUMA per year. The majority of observations are in the West and the

fewest are in the Midwest (see Table 2). Around 20 percent of the sample was enrolled in

SNAP (see Table 3). Slightly more than half the sample is female, the average age is 50,

the income to poverty ratio is around 240, and about 60 percent have either a high-school

diploma or a GED.

5.3 Model specifications

We estimate several alternative FLEX specifications based on the general model specification

in equation 4.1. Our preferred FLEX specifications, which are numerically equivalent to

imputation estimators, estimate heterogeneous treatment effects over either groups and event

time or over cohorts and event time. When multiple PUMAs begin Secure Community

immigration enforcement in the same calendar year, those PUMAs are in the same cohort.

Because this empirical example has more than one group per cohort, it likely matters whether
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to allow heterogeneous treatment effects at the group level or only at the cohort level, so we

estimate both model specifications.

The lags-only models estimate treatment effects only in the periods after the start of the

policies, i.e., these specifications use indicators for treatment lags only. This means that there

are no separate coefficients for treatment and control groups in each pre-treatment period.

In lags and leads models, we allow all periods—except one reference baseline period, which

we specify as the period preceding initiation of treatment—to have treatment indicators for

each ever-treated group or cohort. There are cohort-by-time or group-by-time coefficients

in the pre-treatment periods as well as the post-treatment periods. In the lags and leads

models, the treatment effects are compared to the year prior to the start of treatment; in the

lags-only models, the treatment effects are compared to the average of all the years prior to

the start of treatment. Note that one obtains the lags-only model by imposing the restriction

that all the pre-treatment effects equal zero.

We made different choices about how to include covariates for individual-level charac-

teristics. As a reminder, because the data are repeated cross-sections, although the sample

populations are reasonably stable, the exact mean of individual-level variables for any PUMA

(or equivalently for each group and cohort) will change from year to year. We estimate spec-

ifications that exclude covariates or include covariates in a flexible way by interacting all

covariates with each lead and lag treatment coefficient, each group (or cohort) fixed effect,

and each time fixed effect.

We show the results for the empirical example in tabular (Table 4) and graphical form

(Figure 1). The table of results lists the average treatment effect on the treated (ATET)

for a variety of model specifications. The top panel of each table shows results for lags-only

models, while the lower panel of each table shows results for lags and leads models. We

compare our FLEX model specifications to several other model specifications, which differ

in the estimand, estimator, sample, model specification, and whether and how covariates are

included.

The estimand for treatment effects varies widely across the models. The simplest assumes

that the treatment effects are constant (homogeneous), both across groups and over time.

For the lags-only models, this specification is commonly referred to as the homogeneous
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two-way fixed effects (TWFE) regression. It assumes a one-time homogeneous shift in the

outcome due to treatment. Note that the use of TWFE to refer to the homogeneous effects

specification is misleading because it does not distinguish among a variety of estimands, each

of which involve regression specifications that include fixed effects along two dimensions, all

of which are more general than the homogeneous effect specification. For the lags and leads

models, the simplest version assumes a separate effect for each point in time since the event,

as described in Sun and Abraham (2021), but is homogeneous across groups (see the rows

labeled Event time ES for the treatment heterogeneity in the lags and leads models).

We also estimate treatment effects using two popular alternative techniques, each of which

has a way to resolve the issues arising from staggered entry into treatment. One lags and

leads model uses the method of Callaway and Sant’Anna (2021) which implements a flexible

regression adjustment estimator. Another approach uses stacked samples of data, where the

observations for each cohort are first paired with all never-treated control observations, and

then the cohort-specific datasets are pooled (Cengiz et al., 2019; Wing et al., 2024). These

stacked data regressions can be used to estimate models with lags-only or lags and leads

specifications of treatment coefficients.

5.4 Results

The outcome variable is whether the individual enrolled in SNAP. The results in Table 4

show that the ATET estimates are always negative, indicating that Secure Communities

immigration enforcement leads to lower SNAP enrollment. The FLEX estimates are that

immigration enforcement lowers SNAP enrollment by about 1.3 − 1.5 percentage points,

compared to an overall mean of around 20 percent. The ATET estimate implies at least

a 6.5-7.5% decrease in the probability of enrolling in SNAP. The estimates are negative

and statistically significant when the homogenous (constant) specification (TWFE) is used

without any of the four covariates, but not statistically significant with covariates (gender,

age, income, and education) added to the specification.

In more general regressions with specifications in which treatment varies by cohort and

year or by group and year, the ATET estimates are negative and statistically significant at

conventional levels. The point estimates are a bit larger in the cohort-by-year specifications as
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compared to those in the group-by-year specifications. But the standard errors in the group-

by-year specification are consistently smaller than those in the cohort-by-year specifications.

These results can be seen in lags only and lags and leads specifications. It appears that

the additional generality implied in the group-by-year heterogeneous specifications produces

treatment estimates with greater precision because there is substantial within-cohort (by

year) heterogeneity in outcomes.

The Callaway and Sant’Anna estimates, which allow for general heterogeneity at the

cohort-by-year level, are similar to those obtained using FLEX. These estimates are also

statistically significant but the standard errors are slightly larger than those obtained using

FLEX. The stacked data regressions, which allow for heterogeneous effects across event-time,

produce estimates are also statistically significant.

Another interesting pattern is that the ATET shrinks towards zero when covariates are

interacted with the heterogeneous treatment effects. While this is not a universal finding,

we have noticed in numerous empirical examples that including covariates often changes the

magnitude of the ATET, while the standard errors either stay about the same or shrink.

We use our preferred FLEX specification, a linear-in-parameters model with heteroge-

neous treatment coefficients at the group-by-year level and interacted with covariates, to

calculate estimates of ATET at disaggregate levels of interest to researchers. In panels (a)

and (b) of Figure 1, we show the event study plots, from lags only models in panel (a) and

from lags and leads models in panel (b). The latter is what is often referred to as the event

study figure. An eyeball check shows that the parallel trends assumption is good for five pre-

periods. The negative treatment effects by exposure year in the treatment periods are quite

similar in magnitude across the lags only specification and the lags and leads specification.

The ATET estimates in each calendar year in a selection of treated periods are shown

in panels (c) and (d). These are similar across the lags only specification (c) and lags and

leads specification (d). The ATET by cohorts are shown in panels (e) and (f). They show

some heterogeneity by cohort, with the early cohorts generally having more negative effects

and the later cohorts having either no or positive effects. This heterogeneity would be worth

exploring further.
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5.5 Transparency

One advantage of our FLEX approach is that it is transparent. The model specification is

clear; there are no hidden estimated parameters. This transparency is useful for comparing

different possible FLEX model specifications and for comparing FLEX with other estimators.

To demonstrate this transparency, we created tables showing the number of parameters

estimated across different model specifications and estimators, before any aggregation of the

treatment effects. The number of parameters estimated for the Secure Communities example

are shown in Table 5. The numbers of parameters are shown separately for the covariates,

main treatment effects (lags and leads), main fixed effects, and interactions of the main

effects with covariates. All model specifications include main fixed effects for the group and

time periods (what is often called two-way fixed effects). The total number of parameters is

the sum of all covariates, main effects, fixed effects, and interactions.

There are several important patterns apparent in Table 5. By definition, there are no

lead effects estimated in the lags-only models. The lags-only models assume that the parallel

trends assumption is correct in the pre-periods; those models do not allow separate param-

eters for treatment and control groups each pre period. This assumption, if correct, is more

efficient. However, models with both lags and leads allow one to plot event study graphs

and test whether the parallel trends and no anticipation assumptions are correct.

Another difference between models is whether the model uses groups or cohorts. Because

cohorts are collections of at least one group, there are at least as many parameters in the

group models as in the cohort models. The interactions in the FLEX models are between

covariates and treatment effects. Despite adding additional covariates, in our experience this

additional treatment effect heterogeneity does not generally increase the standard errors of

the estimated average treatment effect on the treated. Also, the researcher has the option

to only interact a small number of the covariates with the treatment effects, based on what

economic theory predicts or the evidence from prior related research supports.

Comparing the parameters helps to show the relationship between the different models.

One interesting comparison is that the estimated coefficients for two of the models are

identical. The lags-and-leads FLEX model with cohort and time effect heterogeneity and
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no covariates interacted is identical to the Callaway and Sant’Anna model with cohort and

time effect heterogeneity and no covariates. Although the estimated coefficients are identical

(not shown), the two estimated average treatment effect on the treated are slightly different

because of different weights used to average those identical estimated treatment effects (see

Table 4).

6 Conclusions

Our paper makes several theoretical and practical contributions to the literature on difference-

in-differences with staggered treatments applied to the analysis of repeated cross-sectional

data. On the theoretical dimension, we prove that a linear regression with a sufficiently

flexible functional form consisting of group-by-time treatment effects, two-way fixed effects,

and interaction terms yields consistent estimates of heterogeneous treatment effects. The

estimates are efficient and aggregation of treatment effects and inference are straightforward.

The results hold under standard assumptions of stable unit treatment value, no bad con-

trols, no anticipation, and conditional parallel trends. We prove that FLEX with lags only

and appropriate interaction terms, estimated by ordinary least squares, returns numerically

identical results as the imputation method by Borusyak et al. (2024).

The theoretical result about repeated cross-sectional data is of importance to many ap-

plied researchers, because data are often not balanced panel data. Our FLEX model extends

other well-known DID models in other ways. FLEX with leads and lags extends Sun and

Abraham (2021) and Callaway and Sant’Anna (2021) to repeated cross sections and allows

for covariates to be included more flexibly. FLEX also allows heterogeneous treatment effects

at the group level, instead of only at the cohort level.

On the empirical side, we demonstrated our FLEX methods with one publicly available

data set to answer a policy-relevant research question about the effect of Secure Communities

immigration enforcement. The empirical example used individual-level cross-sectional data

with staggered treatment at the PUMAs. Our FLEX method and the imputation method

obtained the same numerical result. Our FLEX method generally has smaller standard

errors than other popular estimators. In summary, FLEX has the advantage of being easy

to implement, flexible, fast, and best among linear unbiased estimators.
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Table 1: Public Use Microdata Area participation in the Secure Communities immigration
enforcement program by cohort and Census region

Northeast Midwest South West Total
Never treated 10 24 143 246 423
2009 0 0 49 20 69
2010 0 0 32 18 50
2011 0 9 20 24 53
2012 47 6 5 29 87
Total 57 39 249 337 682

Notes: The repeated cross-sectional data are from the American Community Survey (ACS) data for residents
of 682 PUMAs in 32 states for 12 years from 2005–2016. A cohort comprises PUMAs that implemented the
program in a particular year.

Table 2: Secure Communities observations by cohort and region

Northeast Midwest South West Total
Never treated 5680 8256 132281 235625 381842
2009 0 0 54124 14349 68473
2010 0 0 30950 15589 46539
2011 0 3336 15837 19629 38802
2012 27092 1429 1346 16137 46004
Total 32772 13021 234538 301329 581660

Notes: The repeated cross-sectional data are from the American Community Survey (ACS) data for residents
of 682 PUMAs in 32 states for 12 years from 2005–2016. A cohort comprises PUMAs that implemented the
program in a particular year.

Table 3: Sample means by Secure Communities status

Treated Never treated
Enrolled in SNAP 0.204 0.166
Secure Communities is activated 0.557 0.000
Female 0.544 0.550
Age 50.582 51.403
Income to Poverty ratio 235.350 247.876
High school diploma or GED 0.607 0.631
Observations 199818 381842

Notes: The repeated cross-sectional data are from the American Community Survey (ACS) data for residents
of 682 PUMAs in 32 states for 12 years from 2005–2016.
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Table 4: ATET of participation in the Secure Communities immigration enforcement pro-
gram on SNAP enrollment

Model Effect heterogeneity Covariates ATET Std. err. p-value
Lags only models

FLEX Group & Time None -0.0145 0.0044 0.0011
Interacted -0.0109 0.0034 0.0014

Cohort & Time None -0.0117 0.0052 0.0243
Interacted -0.0071 0.0040 0.0794

Constant Effect Homogeneous None -0.0099 0.0047 0.0363
Additive -0.0034 0.0038 0.3711

Lags and leads models
FLEX Group & Time None -0.0163 0.0053 0.0022

Interacted -0.0156 0.0044 0.0005
Cohort & Time None -0.0130 0.0057 0.0236

Interacted -0.0121 0.0049 0.0125
CSRA Cohort & Time None -0.0133 0.0059 0.0235

Flexible -0.0122 0.0050 0.0153
Event Study Time-since-event None -0.0153 0.0055 0.0052

Additive -0.0122 0.0046 0.0085
Stacked DID Time-since-event None -0.0160 0.0056 0.0046

Additive -0.0126 0.0048 0.0089

Notes: For models with heterogeneous effects, ATET is a weighted average of the estimand. Standard
errors of ATET are based on cluster (group) robust standard errors of the coefficients in the estimand. As
summarized in Table 3, 4 covariates are used. Some regression specifications have no covariates (None), in
some covariates enter only additively (Additive), while in others covariates enter additively and interacted
with the estimand coefficients and with group and year indicators (Interacted). FLEX refers to the model
developed in this paper. Constant Effect refers to the homogeneous effect two-way fixed effects estimator.
Event Study refers to the heterogeneous over event-time but constant across groups two-way fixed effects
estimator. Stacked DID refers to regressions on samples of data in which each cohort is first associated with
never-treated controls and then the samples associated with each cohort are pooled (Cengiz et al., 2019).
CSRA refers to the Callaway and Sant’Anna (2021) regression-adjustment estimator that uses a flexible
regression specification to estimate the parameters of the conditional mean model and an influence function
approach to calculate the standard errors of the estimates.
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Table 5: Numbers of parameters estimated in alternative specifications

Effect Main effects Interactions
Model heterogeneity Covariates Lags Leads FE Lags Leads FE Total
Lags only models
FLEX Group & Time 0 68 0 25 0 0 0 94

4 68 0 25 272 0 100 470
Cohort & Time 0 26 0 15 0 0 0 42

4 26 0 15 104 0 60 210
Constant Effect Homogeneous 0 1 0 25 0 0 0 27

4 1 0 25 0 0 0 31
Lags and leads models
FLEX Group & Time 0 68 18 25 0 0 0 112

4 68 53 25 272 212 100 735
Cohort & Time 0 26 18 15 0 0 0 60

4 26 18 15 104 72 60 300
CSRA Cohort & Time 0 26 18 88 0 0 0 176

4 26 18 88 0 0 0 352
Event Study Time-since-event 0 12 12 25 0 0 0 50

4 12 12 25 0 0 0 54
Stacked DID Time-since-event 0 12 12 100 0 0 0 125

4 12 12 100 0 0 0 129

Notes: The repeated cross-sectional data are from the American Community Survey (ACS) data for residents
of 682 PUMAs in 32 states for 12 years from 2005–2016. Some regression specifications have no covariates,
in some covariates enter only additively, while in others covariates enter additively and interacted with the
estimand coefficients and with group and year indicators. FLEX refers to the model developed in this paper.
Constant Effect refers to the homogeneous effect two-way fixed effects estimator. Event Study refers to the
heterogeneous over event-time but constant across groups two-way fixed effects estimator. Stacked DID refers
to regressions on samples of data in which each cohort is first associated with never-treated controls and
then the samples associated with each cohort are pooled (Cengiz et al., 2019). For each of these regression
specifications, the column labeled “Total” also includes an intercept. CSRA refers to the Callaway and
Sant’Anna (2021) regression-adjustment estimator that uses a flexible regression specification to estimate
the parameters of the conditional mean model.
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Figure 1: Heterogeneous ATET of participation in the Secure Communities immigration
enforcement program on SNAP enrollment

(a) ATET by exposure year: lags only
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(b) ATET by exposure year: lags and leads
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(c) ATET by calendar year: lags only
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(d) ATET by calendar year: lags and leads
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(e) ATET by cohort: lags only
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(f) ATET by cohort: lags and leads
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Notes: Regression models estimated with a fully interacted specification with estimands specified at the
group by time level.
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