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OVERVIEW

I.  Philosophy of Causality and Methodology

II. DiD refresher
a) Canonical Model
b)  Staggered -Time Variation in Treatment

III. Issues with Staggered DiD

IV. Overview of potential solutions
a) Bacon Goodman — timing diagnostics and weights

b)  Stacking Event Studies
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PHILOSOPHICAL POINT ON
CAUSALITY AND METHODOLOGY

While not all accounting research papers may explicitly estimate causal quantities,
the implications and takeaways of the research often have a causal interpretation.

Causality lies at the heart of every exercise
The concept of causality has deep philosophical roots

“We do not have knowledge of a thing until we have grasped its why, that is to say, its
cause.”

-Aristotle

It Aristotle didn’t settle the question, unlikely will researchers in the 21t century will
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PHILOSOPHICAL POINT ON
CAUSALITY AND METHODOLOGY

Accounting research 1s messy, and a caretul discussion of
causality entails two dimensions:

1. Good designs that articulate your assumptions

2.  Readers that understand the frameworks

In a nutshell: any research design requires assumptions and we
should be clear and transparent on what we are assuming and be

honest as writers as well as readers of academic research
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FROM TRADITIONAL 2X2 1O
S TAGGERED DIFF-IN-DIFF

However, most D1D applications exploit variation in the
timing of treatments across groups and units



Djt turns on at different times t*

PRE(k)

MID(k,1)
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VARIATION IN
TIMING

Cases where the treatment turns on at a
different time for different units

IPOS
Big-4 Audits
Law Changes

Natural disasters
Mass layoffs, ...



FROM TRADITIONAL 2X2 1O
S TAGGERED DIFF-IN-DIFF

To test, most paper run a two-way fixed effects ('WFE) estimator

. — (e DD, .
Vit = & +ap + 77 Dip + ujt
The coeflicient that comes from this specification is not as easily interpretable as the 2x2 coefficient
discussed before

Numerous papers have now begun to examine the interpretation of this coefficient
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"Two-Way Fixed Effects Estimator

EXAMPLE OF
THE TWFELE
ESTIMATOR IN

THE CASE OF
THREE GROUPS:

Vit = a; + a¢ + BPPDy 4wy

Unit flxed effect Time flxed effects Treatment dumm

What is EDD ?

This has been unclear; hut we do have good intuition for
subsamples
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FROM TRADITIONAL 2X2 1O
S TAGGERED DIFF-IN-DIFF

Most DiD applications exploit variation in the timing of treatments across groups and units

Yet most paper run a two-way fixed effects (ITWFE) estimator when there are more than two units and

periods _ 5DD
Yit = & +ag + 7 Dyt +uj

The coeflicient that comes from this not easily interpretable parameter as the 2x2 coeflicient discussed
before

Consensus that the coefficient 1s a weighted average of many different 2x2 treatment effects

These wei%hts are often negative and non-intuitive requiring accounting researchers to further examine
D

what the BPP is reflecting

Follow Goodman Bacon 2019 to explain the interpretation of BPP as
a weighted average of all possible 2x2 DiD estimators in the dataset

2x2 DDs: subsamples with (g groups (treat/control) and tyg periods (pre/post)
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EXAMPLE OF
THE TWFELE
ESTIMATOR IN

THE CASE OF

Treate !.:
Tl THREE GROUPS:

o | e Never Treated

PRE(k) MID(,1) POST(l)
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D. Late Group vs. Early Group, after t*

k
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DIFFERENCE-IN-DIFFERENCES DECOMPOSITION (3 GROUP
CASE)

Vie = a; + ap + 77Dy + uy
For three groups:

B. Late Group vs. Untreated Group C. Early Group vs. Late Group, before t*; D. Late Group vs. Early Group, after t*
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WHAT DO WE LEARN FROM THE

DECOMPOSITION
COMPARISON OF THE 2X285

1. Helps clarify what comparisons are being made when we run the regression:

“switchers vs untreated”?

“early switchers vs late switchers”?

“late vs early” (this 1is less obvious)?

It’s all of these

2. “What 1s the control group?”
Every group acts as a control (sometimes)

3. Help clarifies theory
We understand the estimand (ATET)
Identification assumption (common trends) for each 2x2
late vs. early comparisons are biased if treatment effects vary over time



DIFFERENCE-IN-DIFFERENCES DECOMPOSITION (3 GROUP
CASE)

Vie = o + o + BPP Dy + uy
For three groups:

IBDD_ p2x2 4|, {g(a]cz_l_ 2x2k_|_ k2x2£

A. Early Group vs. Untreated Group . Late Group vs. Untreated Grouy, C. Earlv Groun vs. Late Groun. hefore t*, D. Late Group vs. Early Group, after t*
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WHAT DO WE LEARN FROM THE

DECOMPOSITION
WEIGH'TS

1. Relative importance of each kind of comparison.

More important if’ bigger sample size or treated closer to middle of the panel (1.e. bigger variance).
“How much” comes from timing vs comparisons to untreated.
2. Importance of specific 2x2 DDs.
Sometimes a few of the 2x2 DD terms dominate.

3. Clarifies theory
The esimand and ID assumption are “variance weighted”;

(Can compare estimand to “parameters of interest” and conduct a proper balance test



POTENTIAL ISSUES WITH TWFE
ESTIMATION AND STAGGERED DID

1st Two-way fixed effects estimates of DiD relying on staggered treatments only recover the average
treatment effect when treatment effects are homogeneous.

When treatment effects are heterogeneous across firms, OLS over-weights units with more variance in
treatment status in order to achieve a more precise estimate of the treatment effect
Thus, if you want the average treatment effect on the treated - some sort of re-weighting is required

2nd DiD estimates are biased when treatment effects change over time within unit.

Occurs because already treated units serve as controls in some of the 2X2 DiDs underlying the weighted
average

Thus, when treatment effects are not constant over time using already treated units as controls biases
estimates of the treatment effect

Basically, you are differencing a change in the treatment effect by using the already treated units



WHY MIGHT TREATMENT EFFECTS
VARY OVER TIME?

Phase 1n effects: 1t might take some time for an intervention to produce measurable changes in
behavior.

Knowledge of a new tax might spread gradually. People might not change consumption or
production behavior until they figure it out.

Marijuana might be legalized in one year, but it will take a few years for dispensaries to open.

Calendar Period x Treatment Effect Interactions: the same policy may have a different effect on
behavior in some calendar periods than others.
Expanded Unemployment Insurance benefits might have negligible effects on labor supply when the
economy 1s depressed. But they could have larger effects on labor supply when the economy is
booming.
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Callaway & Sant'Anna

Develop an inverse propensity weighted long-difference

in cohort-specific average treatment effects between

treated and untreated units for a given treatment cohort

Abraham & Sun
Extension of the standard event-study TWFE model where we

saturate the event time indicators (i.e. t = -2, -1, ...)
with indicators for the treatment initiation year group
and sum to overall aggregate event time indicators by
cohort size

Cengiz et al. — Stacking Procedure
Akin to matching treated to control firms that do not experience
treatment within the pre- and post-window as defined by the
researcher
Stack each comparison

Run the same TWFE estimates as in standard DiD

But include interactions for the cohort-specific
dataset with all of the fixed effects, controls, and

clusters.
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Number of Share of
No-Fault Divorce Year Treatment Share

States States

Non-Reform States 5 0.10

REAL WORLD e
EXAM P LES 1970 2 0.04 0.82

1971 7 0.14 0.79

1) THE EFFECT OF . R
UNILATERAL DIVORCE  [JE& L m

1976 1 0.02 0.64
ON SUICI DE 1977 3 0.06 0.61
1980 1 0.02 0.52
1984 1 0.02 0.39

2) ACCOUNTING — 150 |
HR RULE IN THE PAPER
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GRAPHING THE DECOMPOSITION
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HELPFUL TIPS

WHEN
IMPLEMENTING

STAGGERED
DESIGNS

It 1s important to check whether common trends are satisfied in any panel
data set being used for DiD analysis. Event=Study!!

Crucial to use event study design in panel tests
You can vsually trust a flat pre period!

When treatment turns on at different tmes:

Group the event study coefficients by cohort or fit a trend break instead of
a constant DiD estimator

Another way 1s to re-center and stack all the possible two-by-two DD
comparisons with clean pre and post period for control units

Look at the weights and 2X2 DiD from the decomposition:

Can describe in your test how many terms account for “most” of the
weight.

Check 1if the comparisons to “already treated” groups are very different
than the other comparisons — can help give measure of bias

You can take out the bias from time-varying effects by hand - Average the
2x2 DDs except for those that use already treated units as controls
weighting by the decomposition weights.

The estimate will not be biased by time-varying treatment effects (although it
will generally be skewed toward short-run effects)
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HELPFUL TIPS

WHEN
IMPLEMENTING

STAGGERED
DESIGNS

STACKED DID DESIGN

How do you stack your DID or Event Study?

Checklist: Start with a staggered adoption design
and some data.

. Define an Event Window
2. Enumerate Sub-Experiments 3. Define Inclusion

Criteria

4. Stack The Data
5. Specify an Estimating Equation

More info in my paper and code in my website:
Johnmbarrios.com,
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https://www.johnmbarrios.com/code

Staggered Adoption Designs create conditions for
bias when treatment effects are time varying, and
pose and aggregation/averaging puzzle.

Important Things

Use an estimation strategy based only on “clean

TAKE HOME controls”, such as stacked DID.

Cost: trim treated units that don’t have “clean

MES S AGE controls” and time periods that fall outside the

event window.

Use event study approaches to allow effects to
vary over time.

In the stacked estimator, cluster standard errors at

the Unit level to account for duplication.
Consider further methods to control aggregation.

See work by Callaway and Sant’Anna (2020)




TAKE HOME

MESSAGE

The new approaches allow us to solve
some 1ssues but be careful not to fall 1n

the habit of just running all
alternatives estimators.

Most important 1s to think about the
assumptions in the design and be as
transparent and honest.

Causal inference 1s about only

exploiting the good variation, 1.e., those
that respect our assumptions.




TH AN K YOU Can find paper and STATA code on my website:



https://www.johnmbarrios.com/code
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Bacondecomp - implements a decomposition
of the difference-in-differences (DD) estimator
with variation in treatment timing

Flexpaneldid - causal analysis of treatments
with varying start dates and treatment
durations within panel data

Eventdd - panel event study corresponding to

a difference-in-difference style model. It
generates plots of the leads and lags of the

treatment

2l

HELPFUL
S TATA
PACKAGLES

Packages used in the

presentation and paper to

examine staggered DiD
1ssues.

Also can make your life
easier on your papers!




