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Abstract

This note introduces a procedure for estimating heterogeneous dynamic treat-

ment effects in event studies with staggered adoption, allowing heterogeneity to

vary by treatment adoption date and with observation-level time-invariant co-

variates. The approach reformulates the problem as estimating a conditional

linear model with binary regressors and estimates all cohort–event time condi-

tional treatment effects jointly using a single generalized random forest, with

propensity scores adapted to staggered treatment adoption in panel settings.

1 Motivation

Event studies are widely used to estimate the causal effects of policies over multiple

periods. A survey by Roth (2022) found 70 papers in three leading economics jour-

nals between 2014 and 2018 that employ event study plots. Researchers may also be

interested in treatment effect heterogeneity within event study designs. The litera-

ture has developed methods to estimate treatment effects that are robust to hetero-

geneity arising from variation in treatment timing (Goodman-Bacon, 2021; Sun and

Abraham, 2021; Callaway and Sant’Anna, 2021; Athey and Imbens, 2022), but largely

omits potential heterogeneity arising from other sources. A separate literature lever-

ages machine learning methods for heterogeneous treatment effect estimation (Wager

and Athey, 2018; Athey, Tibshirani and Wager, 2019; Nie and Wager, 2021; Cher-

nozhukov et al., 2025), but these methods are primarily designed for cross-sectional

settings rather than panel data. Chernozhukov et al. (2019) develops estimators of
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heterogeneous treatment effects that vary across units and over time using a low-rank

factor structure but their framework is not designed for causal inference in staggered

treatment adoption settings.

I present a procedure for estimating heterogeneous dynamic treatment effects in

staggered treatment adoption event studies with unit-level time-invariant covariates. I

show that this procedure is equivalent to estimating a special case of the conditional

linear model with binary regressors and propensity scores adapted for staggered treat-

ment adoption and panel settings.

I build on existing work combining estimation on event studies and heterogeneous

treatment effects using machine learning. Wang (2022) and Miao et al. (2023) both

embed the causal forest from Athey, Tibshirani and Wager (2019) within a differences-

in-difference framework but only consider a single pre- and post-treatment period, so

their analysis omits treatment effect dynamics. Miller (2020) use causal forests to esti-

mate heterogeneous and time-varying policy effects but rely on conditional exogeneity

for identification, whereas my procedure relies on conditional parallel trends.

The most related work is Gavrilova, Langørgen and Zoutman (2025). Both this

paper and Gavrilova, Langørgen and Zoutman (2025) are interested in estimating the

effect of unit-level time-invariant covariates on treatment effects in an event-study

framework with potentially multiple pre- and post-treatment periods and staggered

treatment adoption using generalized random forests (Athey, Tibshirani and Wager,

2019). Generalized random forests estimate conditional average treatment effects us-

ing locally weighted averages of observation-level treatment effects, with weights de-

termined by forest-based similarity in covariates. Gavrilova, Langørgen and Zoutman

(2025) allows these weights to vary by covariate values, treatment cohorts, and event

time, since they estimate separate forests for each cohort–event time effect. My ap-

proach restricts variation to the covariate value level, since I only use one forest. I

argue in the body that this enhances interpretability.

2 Setup

I observe units i = 1, . . . , n, and each unit i is observed from time t = si, · · · , ei
where 1 ≤ si < ei ≤ T represent the first and last period i is observed, respectively.

Observations are assumed independent across units but may be serially correlated

within units. Each unit i is either treated in period Gi ∈ {2, . . . , T − 1} ≡ G or never

treated (Gi = ∞). Treatments are irreversible and binary. Units are separated into

cohorts Gi = g based on treatment timing. Outcomes are denoted by Yi,t and Y ∞
i,t is
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the potential outcome for unit i in period t if it were never treated.

Sun and Abraham (2021) define the cohort-specific average treatment effect on the

treated (CATT) k periods after treatment. For a treated cohort g ∈ G,

CATTg,k = E[Yi,g+k − Y ∞
i,g+k | Gi = g]. (1)

CATTg,k captures the average treatment effect at event time k = t − Gi for units in

treatment cohort g.

Define the cohort–event time treatment indicator as

Zg,k
i,t = 1{Gi = g} · 1{t = g + k}

where Zg,k
i,t = 1 if and only if unit i belongs to cohort g and at time t is at event time

k. I define the reference period as k = −1. Sun and Abraham (2021) show that when

the saturated fixed-effects regression below is estimated,

Yi,t = αi + γt +
∑
g∈G

∑
k ̸=−1

δg,k Z
g,k
i,t + εi,t (2)

δg,k identifies the CATTg,k from Equation 1. αi and γt are unit and time effects,

respectively.

For ease of exposition, I define

• δ = (δg,k)g∈G, k ̸=−1 as the vector of cohort–event time coefficients, with one entry

for each cohort g and event time k,

• Zi,t = (Zg,k
i,t )g∈G, k ̸=−1 as the corresponding vector of cohort–event time treatment

indicators.

I can then rewrite Equation 2 as

Yi,t = αi + γt + ⟨δ, Zi,t⟩+ εi,t (3)

3 Heterogeneous Treatment Effects

3.1 The Model

Each unit i has a set of time-invariant covariates Xi ∈ X . I am interested in how Xi

affects the CATT, which motivates my estimand of inference: the conditional CATT,
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defined as

CATTg,k(x) = E[Yi,g+k − Y ∞
i,g+k | Gi = g,Xi = x]. (4)

This is the cohort–event time equivalent of Equation 1 in Gavrilova, Langørgen and

Zoutman (2025).

The model I will estimate is

Yi,t = αi + ft(Xi) + ⟨δ(Xi), Zi,t⟩+ εi,t. (5)

The estimated equation differs from Equation 3 in two ways:

1. I replace time fixed effects with flexible, time-varying functions of ft(x) that

capture baseline heterogeneity in the outcome,

2. I define conditional cohort–event time coefficients δg,k(x) as functions of covari-

ates. Furthermore, define the vector δ(Xi) =
(
δg,k(Xi)

)
g∈G, k ̸=−1

I retain the linear fixed effects from Equation 2 because my covariates are time-

invariant. See Johannemann et al. 2021 for work on implementing alternative, lower-

dimensional representations of categorical variables into generalized random forests.

Equation 5 embeds the possibility of a model with time fixed effects if ft(x) is constant

across all x and Appendix Section A extends derivations to this setting,

3.2 Quasi-Treatment Dates and First Differences

My goal is to rewrite Equation 5 in the centered regression form of Robinson (1988).

This requires partialing out the unit fixed effect, so that the (residualized) outcome is

a function of the dot product of the (residualized) treatment vector and δ(x).

I will first-difference all observations with respect to the reference period to elimi-

nate the unit-level fixed effects. Since the notion of a reference period is not well-defined

for never-treated observations, to enable first-differencing, I introduce the notion of the

quasi-treatment date.

Each never-treated unit first appears at time si. Define

FG(g | s, x) =
∑

j:sj=s 1{Gj = g, Gj < ∞}K(xj, x)∑
j:sj=s 1{Gj < ∞}K(xj, x)

(6)

which is the conditional cumulative distribution function of treatment dates among

treated units conditional on first appearance date s and covariates x. K(·, ·) is a

weighting function over covariates. I assign all never-treated units i a quasi-treatment
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date Qi, drawn from FG(· | si, xi). For treated units, the quasi-treatment date equals

the actual treatment date.

I will next show how first-differencing eliminates the unit fixed effect and the re-

sulting first-differenced reformulation of Equation 5. The first-differenced outcomes,

baseline heterogeneity function and error are

Y FD
i,t = Yi,t − Yi,Qi−1

fFD
t (Xi) = ft(Xi)− fQi−1(Xi)

εFD
i,t = εi,t − εi,Qi−1

First-differenced treatment indicators are unchanged because the reference period is

already omitted. The first-differenced form of Equation 5 is hence

Y FD
i,t = ft(Xi)− fQi−1(Xi) + ⟨δ(Xi), Zi,t⟩+ εFD

i,t

= ⟨f(Xi), Ti,t⟩+ ⟨δ(Xi), Zi,t⟩+ εFD
i,t . (7)

For ease of exposition,

• f(Xi) = (fs(Xi))
T
s=1 is the vector of baseline heterogeneity functions

• Ti,t =
(
T s
i,t

)T
s=1

is the vector of indicators, where row T s
i,t = 1 if s = t, T s

i,t = −1

if s = Qi − 1 and 0 otherwise.

Henceforth, the observation for event time −1 is omitted.

The consequence of my first differencing procedure is that units will only ever be

compared to other units with the same quasi-treatment date. Gavrilova, Langørgen

and Zoutman (2025) also difference the outcome relative to a reference period, but

do not need to use a quasi-treatment date. This is because Gavrilova, Langørgen and

Zoutman (2025) estimate each cohort–event time parameter using a separate forest.

The treated observations for that forest is a single treatment cohort observed at the

relevant event time and the control observations are the never-treated cohort observed

at that same calendar time. Since each forest includes only one treatment cohort,

all treated units share a single reference period, allowing outcomes to be differenced

relative to that period without assigning quasi-treatment dates.

3.3 Identifying the Conditional CATT

The following assumptions enable δg,k to identify the CATTg,k(x). The proof is in

Appendix Section B.
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Assumption 1 (Conditional Parallel Trends). For all time periods t, x ∈ X , and

treatment cohorts g ∈ {G ∪ {∞}}

E[Y ∞
i,t − Y ∞

i,Qi−1 | Gi = g,Xi = x] = ft(Xi)− fQi−1(Xi)

It then follows that E[ϵFD
i,t | Xi = x] = 0

Assumption 2 (Conditional No Anticipation). For all k < 0 and x ∈ X ,

E[Yi,g+k | Xi = x] = E[Y ∞
i,g+k | Xi = x] for all g ∈ G.

I also require that the overlap assumption and regularity conditions from Athey,

Tibshirani and Wager (2019) hold.

3.4 Centered Regression Form

Define the conditional means

e(x) = E[Zi,t | Xi = x]

t(x) = E[Ti,t | Xi = x]

m(x) = E[Y FD
i,t | Xi = x] = ⟨f(x), t(x)⟩+ ⟨δ(x), e(x)⟩

Subtracting the conditional means from the model in Equation 7 yields the centered

regression from Robinson (1988).

Y FD
i,t −m(Xi) = ⟨f(Xi), Ti,t − t(Xi)⟩+ ⟨δ(Xi), Zi,t − e(Xi)⟩+ εFD

i,t (8)

Define the centered treatment, baseline heterogeneity assignment and outcome as

Z̃i,t = Zi,t − e(Xi)

T̃i,t = Ti,t − t(Xi)

Ỹ FD
i,t = Y FD

i,t −m(Xi)

The key insight from Robinson (1988) and Athey, Tibshirani and Wager (2019) is that

if there is some neighborhood S where for all x ∈ S, δ(x) and f(x) are constant,

then we can estimate δ(x) and f(x) by estimating Equation 8 on the subsample of

observations j where Xj ∈ S.

Hence, Athey, Tibshirani and Wager (2019) show that for any covariate values x,
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δ(x) is identified by the solution to

(δ(x), f(x)) = Var[(Z̃i,t + T̃i,t) | Xi ∈ S]−1Cov[(Z̃i,t + T̃i,t), Ỹ
FD
i,t | Xi ∈ S] (9)

3.5 Estimation Framework

The finite-sample equivalent to Equation 9 is

(δ̂(x), f̂(x)) =

(∑
i,t

αi(x)
(
Zi,t − e(−i)(x) + Ti,t − t(−i)(x)

)⊗2

)−1

·∑
i,t

αi(x)
(
Zi,t − e(−i)(x) + Ti,t − t(−i)(x)

) (
Yi,t −m(−i)(x)

)
.

Here, αi(x) are generalized random forest kernel weights measuring the relevance of

observation i for estimating the δ(x) and are the observation-specific sample analog of

the neighborhood S (Athey, Tibshirani and Wager, 2019).

Since Gavrilova, Langørgen and Zoutman (2025) estimate a separate forest for each

cohort–event time estimate, each cohort–event time estimate will rely on upon cohort–

event time kernel weights αg,k
i (x). In the shared setting of this note and Gavrilova,

Langørgen and Zoutman (2025), unit-level covariates are time-invariant. Because each

δg,k(x) is a weighted average of other observations i’s treatment effects, the setting of

Gavrilova, Langørgen and Zoutman (2025) implies that even for identical covariate val-

ues x, the same observation i may be weighted differently depending on the treatment

cohort or event time of the parameter being calculated.

Since my approach uses a single forest to estimate all parameters, the weighting

structure αi(x) is shared across all treatment cohort and event time combinations. This

ensures that unit i’s contribution to the conditional treatment effect remains consistent

conditional on covariate value x. Note that my approach does not restrict treatment

effects to be the same across cohort–event times conditional on covariates - it only

restricts the weights used in the weighted average of other observations to be the same.

Suppose that the data are divided into k equally sized folds. e(−i)(·), t(−i)(·), and
m(−i)(·) are the treatment, baseline heterogeneity and outcome function estimated via

k-fold cross-fitting, using the k− 1 folds that omit observation i. Cross-fitting enables

valid inference on δ(Xi) and f(Xi) even when the estimated outcome and propensity

functions have small errors because the conditional means functions are not trained on

unit i (Chernozhukov et al., 2018).

Estimation of the propensity scores e(x) and t(x) requires modifying existing ap-
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proaches from the literature because of the panel data setting. Since treatment is

at the cohort–event time level, in a given time period t, if an observation belongs to

treatment cohort g, it is immediately known that for all cohort–event time pairs that

Zg,k
i,t = 0, for k ̸= t − g. A similar phenomenon occurs with Ti,t. Appendix Section C

describes the mathematical formulation to estimate e(x) and t(x). The outcome func-

tion m(x) can be estimated following standard procedure. Since Gavrilova, Langørgen

and Zoutman (2025) use separate forests for each cohort–event time estimate, their

treatment vectors, and hence propensity scores, do not run into the co-determinism

problem above.

Appendix Section D shows how doubly robust scores for δ̂(x) are estimated.

3.6 Discussion of Weighting Differences

The primary advantage of my weighting approach is interpretability, whereas Gavrilova,

Langørgen and Zoutman (2025) prioritize modeling flexibility. Restricting the weights

to depend only on covariate values, as I do, ensures that treatment effect heterogene-

ity varies only with covariates and does not additionally depend on treatment cohort

or event time. This greatly simplifies interpretation: two observations with the same

covariate profile contribute to the conditional treatment effect in the same way, re-

gardless of when they adopt treatment. Such a restriction is particularly appealing in

settings where treatment timing is plausibly idiosyncratic or otherwise uninformative

about treatment effect heterogeneity. This restriction also makes it easier to deploy

interpretability tools, such as the policy tree Athey and Wager (2021).

By contrast, allowing weights to vary with covariates, treatment cohort, and event

time–as in Gavrilova, Langørgen and Zoutman (2025)–provides the most flexible way

to model how time-invariant covariates influence outcomes. One benefit of this flexi-

bility is that can illuminate differences how covariates affect short-run versus long-run

treatment effects, or across cohorts that adopt a policy at different times. However,

it also introduces an interpretability challenge: when treatment effects are allowed to

vary arbitrarily across treatment cohorts, it becomes unclear what one learns from

aggregating these effects into event-time profiles. These aggregated parameters may

represent mixtures of fundamentally different groups, reducing their relevance for pol-

icy. For example, if two treated units exhibit very different covariate–treatment effect

relationships, the average of their effects may be uninformative for predicting the effect

on a third unit; it may be more informative to identify which of the two units the third

more closely resembles and base predictions on that individual unit’s effect instead.
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A The linear time fixed effects model

A special case of Section 3 arises when ft(Xi) affects outcomes uniformly within each

period t, implying a time fixed effect. The model from Section 5 then simplifies to

Yi,t = αi + γt + ⟨δ(Xi), Zi,t⟩+ εi,t.

with first difference

Y FD
i,t = γt − γQi−1 + ⟨δ(Xi), Zi,t⟩+ εFD

i,t .

Note that the average of the first-differenced outcome across all never-treated individ-

uals at time t belonging to the quasi-treatment cohort Qi = g is γt − γg−1. Hence, I

can define the demeaned outcome and residual as

Ỹ FD
i,t = Y FD

i,t − 1

|j ∈ Qi, Gj = ∞|
∑

j∈Qi,Gj=∞

Y FD
j,t

ε̃FD
i,t = εFD

i,t − 1

|j ∈ Qi, Gj = ∞|
∑

j∈Qi,Gj=∞

εFD
j,t

and rewrite the regression as

Ỹ FD
i,t = ⟨δ(Xi), Zi,t⟩+ ε̃FD

i,t .

The framework in Section 3.4 can then be used to estimate δ(x), except that the

baseline heterogeneity functions are omitted.

B Proof of conditional CATT identification

From Equation 7, taking expectations conditional on cohort membership Gi and co-

variates Xi = x gives

E[Y FD
i,g+k | Qi = g,Gi = g,Xi = x] = fg+k(x)− fg−1(x) + δg,k(x)

E[Y FD
i,g+k | Qi = g,Gi = ∞, Xi = x] = fg+k(x)− fg−1(x).
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Then,

E[Y FD
i,g+k | Qi = g,Gi = g,Xi = x]− E[Y FD

i,g+k | Qi = g,Gi = ∞, Xi = x]

= δg,k(x)

Finally,

δg,k(x) = E[Y FD
i,g+k | Qi = g,Gi = g,Xi = x]− E[Y FD

i,g+k | Qi = g,Gi = ∞, Xi = x]

= E[Y FD
i,g+k | Qi = g,Gi = g,Xi = x]− E[Y FD,∞

i,g+k | Qi = g,Gi = ∞, Xi = x]

by the definition of being untreated

= E[Y FD
i,g+k | Qi = g,Gi = g,Xi = x]− E[Y FD,∞

i,g+k | Qi = g,Gi = g,Xi = x]

by the parallel trends assumption in Assumption 1

= E[Y FD
i,g+k | Gi = g,Xi = x]− E[Y FD,∞

i,g+k | Gi = g,Xi = x]

= E[Y FD
i,g+k − Y FD,∞

i,g+k | Gi = g,Xi = x]

= E[Yi,g+k − Yi,g−1 − (Y ∞
i,g+k − Y ∞

i,g−1) | Gi = g,Xi = x]

= E[Yi,g+k − Y ∞
i,g−1 − (Y ∞

i,g+k − Y ∞
i,g−1) | Gi = g,Xi = x]

by the no anticipation assumption in Assumption 2

= E[Yi,g+k − Y ∞
i,g+k | Gi = g,Xi = x]

= CATTg,k(x)

C Propensity scores in panel data settings

Estimating the treatment propensity E[Zi,t | Xi] is a nontrivial task because of the

panel data setting and staggered treatment adoption. Recall Zg,k
i,t = 1{Gi = g}1{t =

g + k}. Now, for some (g, k) any for observation (i, t), conditional on covariates Xi,

E[Zg,k
i,t | Xi] = E

[
1{Gi = g}1{t = g + k} | Xi = x

]
= Pr(Gi = g, t = g + k | Xi).

By the chain rule for probabilities,

Pr(Gi = g, t = g + k | Xi) = Pr(Gi = g | Xi) · Pr(t = g + k | Gi = g,Xi).

Pr(Gi = g | Xi), is the probability of treatment time conditional on covariates. For

Pr(t = g + k | Gi = g,Xi), notice that conditional on g and k, for any observation
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(i, t), we immediately know whether t = g + k. Hence,

Pr(Gi = g | Xi) · 1{t = g + k}.

There are many known procedures for estimating Pr(Gi = g | Xi), including using a

logit or probability forest.

The estimation of E[Ti,t | Xi = x] follows a similar logic. Note that the s-th row of

Ti,t can be redefined as

T s
i,t = 1{s = t}+ 1{s = Qi − 1}.

The two indicators will never both be 1 because all observations at event time −1 are

omitted. Hence,

E[T s
i,t | Xi] = E[1{s = t} | Xi] + E[1{s = Qi − 1} | Xi]

= E[1{t = s} | Xi] + E[1{Qi = s+ 1} | Xi]

= 1{t = s}+ Pr(Qi = s+ 1 | Xi).

since the time period t and row s are known by definition.

Pr(Qi = s+ 1 | Xi) is also already known. I can integrate over the conditional em-

pirical distribution of treatment dates conditional on an observation’s first appearance

in the data to obtain the conditional distribution of quasi-treatment dates.

D Calculating Doubly Robust Scores

Since all my treatment variables are indicators and for all treated units i,
∑

g,k Zi,t = 1, I

can reframe staggered treatment adoption treatment as a single multivalued treatment,

where each treatment arm corresponds to a treatment cohort–event time. I can then

estimate doubly robust treatment effects using existing work on calculating doubly

robust scores when treatments are multi-valued (Uysal 2015).

Define the average baseline outcome as

Ŷ baseline
i,t = m(−i)(Xi)−

∑
g,k

P̂ (Gi = g | Xi)1{t = g + k}δ̂g,k(Xi).

The predicted baseline outcome, accounting for which units are treated and untreated
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is hence

µ̂g,k
i,t =


Ŷ FD,baseline
i,t + δ̂g,k(Xi), if Gi ̸= ∞,

Ŷ FD,baseline
i,t , if Gi = ∞.

Define the outcome residual as

Ỹ g,k
i,t = Y FD

i,t − µ̂g,k
i,t .

For a given column (g, k) of observation (i, t), the inverse propensity estimate score is

IPWg,k
i,t =

1{Gi = g}1{t = g + k}
P (Gi = g | Xi)

− 1{Gi = ∞}
P (Gi = ∞ | Xi)

.

Hence, the doubly robust score for δ̂g,k(Xi) is

φ̂g,k
i,t = δ̂g,k(Xi) + IPWg,k

i,t · Ỹ g,k
i,t

= δ̂g,k(Xi) +

(
1{Gi = g}1{t = g + k}

P (Gi = g | Xi)
− 1{Gi = ∞}

P (Gi = ∞ | Xi)

)
·
(
Y FD
i,t − µ̂ g,k

i,t

)
.

E Notes on Implementation

The procedure allows for consistent and unbiased estimation of CATT(x), following

Athey, Tibshirani and Wager 2019. One can use the conditionally linear model forest

(lm forest) from the R package grf and should cluster by observations when using

panel data. Alternatively, one can use the multi-arm causal forest, which is the mul-

tivariate extension of the R-learner from Nie and Wager 2021 if they partial out the

baseline heterogeneity functions from Equation 7.1 The literature on event study and

difference-in-differences also provides weights that can be used to consistently aggre-

gate CATT (x) into more aggregate quantities of interest (Callaway and Sant’Anna

2021, Sun and Abraham 2021). By default, for each observation, lm forest will pro-

duce CATT (x) values for many treatment cohorts. Only the treatment cohort–event

time estimate pertaining to that (i, t) should be used when estimating doubly robust

scores.

1Note that Nie and Wager 2021 solves a global minimization function to estimate δ(x), as opposed
to estimating a local parametric model of δ(x).
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