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Difference-in-differences models for causal inference in Stata

Differences-in-differences (DID)

DID is one of the most venerable methods for causal inference.
Easy to implement in Stata.

Examples:

• Effects of minimum wage on employment.

• Do tariffs help or hinder economic growth?

• By how much does the presence of police reduce crime?

DID compares

1. Average difference over time in outcome for the treated

2. Average difference over time in outcome for the controls
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In a nutshell...

ATT = DID = difference treated−difference control = 20−10 = 10
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Classical DID and DDD

Model setup and assumptions

Example: Card and Krueger (1994)

In 1992, New Jersey increased the minimum hourly wage:

• $4.25 → $5.05

To study effect on employment, the authors surveyed a panel:

• 331 fast food restaurants in New Jersey:

• approx. 30% of workers were paid minimum wage.

• February 15th - March 4th (before raise)

• November 5th - December 31st (after raise)

As controls, the authors simultaneously surveyed a second panel:

• 79 fast food restaurants in eastern Pennsylvania:
• $4.25 → $4.25
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Classical DID and DDD

Model setup and assumptions

Example: Card and Krueger (1994)

Table 1: Average number of employees at fast food restaurants

New Jersey Pennsylvania Difference
Before increase 20.43 23.38 2.95

After increase 20.90 21.10 0.20

Difference 0.47 -2.28 2.75

θ = DID estimator of ATT = ↑ 2.75 employees
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Classical DID and DDD

Model setup and assumptions

DID estimator – Panel data

Two-way fixed effects (FE) regression:

yit = θDit + ui + νt + εit

where,

yit : Employment at restaurant i at time t.

Dit : Treatment dummy.

• 1 if minimum wage is $5.05;
• 0 otherwise.

ui : Restaurant i fixed effect.

νt : Time fixed effect.

θ: ATT
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Classical DID and DDD

Model setup and assumptions

DID estimator – Panel data

The two-way FE regression

yit = θDit + ui + νt + εit

is estimated as a one-way FE regression with time dummies

yit = 2.75
(1.34)

Dit − 2.3
(1.2)

+ ui + εit

and clustered standard errors at the restaurant level.
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Classical DID and DDD

Model setup and assumptions

General DID model with controls – Panel data

Generalized model to account for more than two states/periods
and to include controls:

yit = θDit + X ′
itβ + ui + νt + εit

Again, estimation can be done by:

1. One-way FE regression with time dummies, or

2. Linear regression using the two-way transformed variables:
• {ÿit , D̈it , Ẍit}
• z̈it = zit − z̄i − z̄t + ¯̄z

Standard errors should be clustered at the unit level.
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Classical DID and DDD

Model setup and assumptions

Assumptions

So when does DID = ATT?

Assumptions:

1. yit = θDit + X ′
itβ + ui + νt + εit

2. E[Z̈it Z̈
′
it ] > 0, where Z̈it = (D̈it , Ẍ

′
it)

3. E[Xitεis ] = 0 for all t and s.

4. Random variables Dit and εit are independent conditional
on Xi1, Xi2, ..., XiT .
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Classical DID and DDD

Model setup and assumptions

Implications of assumption 4: No anticipatory effects

DID = (30− 15)− 0 = 30− 15 = 15 ̸= 10 = ATT
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Classical DID and DDD

Model setup and assumptions

Implications of assumption 4: Parallel trends if not treated

DID = (25− 20)− 0 = 5− 0 = 5 ̸= 10 = ATT
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Classical DID and DDD

Estimation, model diagnostics, and tests
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Classical DID and DDD

Estimation, model diagnostics, and tests

DID commands in Stata

Stata has two commands to fit classical DID models:

1. xtdidregress for panel data

2. didregress for repeated cross-sectional data.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Example: xtdidregress

Moser et al. (2012) study the effects of compulsory licensing*
on domestic inventions.

*Allowing firms to produce foreign inventions without consent
of patent owners.

Possible effects:

↑: Access to foreign technology can inspire new innovations.

↓: Discourage domestic inventions.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Trading with the enemy act (TWEA)

In WW1, the USA enacted the TWEA. American companies
were granted compulsory licensing over German-owned patents.

Data: Panel of industry subclasses, spanning from 1875-1939.

outcome: uspatents, US patents issued in subclass.

control: fpatents, foreign non-TWEA patents issued in subclass.

trea∼t: gotpatents, 1 if subclass got a TWEA patent.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Data – Moser et al. (2012)
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Classical DID and DDD

Estimation, model diagnostics, and tests

Fitting a DID model for panel data

We want to estimate θ (ATT) in the linear model:

uspatentsit = β0 + θgotpatentit + β1fpatentit + ui + νt + εit

We simply type in Stata,

xtdidregress (uspatents fpatents) (gotpatent),

group(classid) time(year)



Difference-in-differences models for causal inference in Stata

Classical DID and DDD

Estimation, model diagnostics, and tests

Syntax – xtdidregress
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Classical DID and DDD

Estimation, model diagnostics, and tests

Full code
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Classical DID and DDD

Estimation, model diagnostics, and tests

Output – Header
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Classical DID and DDD

Estimation, model diagnostics, and tests

Output – Results
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Classical DID and DDD

Estimation, model diagnostics, and tests

Display coefficients for controls and time fixed effects

keep if year>=1917 & year<=1919

xtdidregress (uspatents fpatents) (gotpatent), group(classid) ///

time(year) aequations
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Classical DID and DDD

Estimation, model diagnostics, and tests

What if we had few clusters?

Cluster-robust SE’s and CI’s can have low coverage when

• Number of clusters is small;

• Size of clusters is highly heterogeneous.

Solution: Wild cluster bootstrap – Cameron et al. (2008)

Bootstrap samples are created by perturbing the original data
with random noise.

• Stata documentation:
• https://www.stata.com/manuals/rwildbootstrap.pdf

Implementation: wildbootstrap option.
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Classical DID and DDD

Estimation, model diagnostics, and tests

wildbootstrap option

xtdidregress (uspatents fpatents) (gotpatent) in 1/2000, ///

group(classid) time(year) wildbootstrap
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Classical DID and DDD

Estimation, model diagnostics, and tests

wildbootstrap option

xtdidregress (uspatents fpatents) (gotpatent) in 1/2000, ///

group(classid) time(year)
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Classical DID and DDD

Estimation, model diagnostics, and tests

DID model – Repeated cross-sectional data

The DID model changes slightly

yist = θDst + X ′
istβ + γs + γt + εit

s: group-level index (treatment is administered at this level)

Estimation of θ is done by Frisch-Waugh-Lowell theorem:

1. Regress yist , Dst , Xist , and the time period dummies on the
group-level dummies;

2. Regress the residuals of yist on the residuals of Dst , Xist ,
and the time period dummies.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Example: didregress

We want to study the effect of a new procedure for admitting
patients to hospitals on their satisfaction.

Repeated cross-sectional data:

• 7368 patients admitted to 46 hospitals;

• Spanning from January to July 2021.

Variables:

outcome: satis, patient satisfaction score (0-10)

trea∼t: procedure, 1 if new admission procedure is implemented.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Data – Patient admissions
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Classical DID and DDD

Estimation, model diagnostics, and tests

Example: didregress

didregress (satis) (procedure), group(hospital) time(month)



Difference-in-differences models for causal inference in Stata

Classical DID and DDD

Estimation, model diagnostics, and tests

Model diagnostics – Pretreatment parallel trends
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Classical DID and DDD

Estimation, model diagnostics, and tests

Model diagnostics – Testing pretreatment parallel trends

The graph indicates parallel trends prior to policy
implementation. We can formally test using estat ptrends:
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Classical DID and DDD

Estimation, model diagnostics, and tests

Model diagnostics – Testing anticipatory effects

We can also test for parallel trends and no anticipatory effects
with a Granger-type causality model.

• Augment model with dummies that indicate future treatment

• Jointly test if their coefficients are 0.
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Classical DID and DDD

Estimation, model diagnostics, and tests

Difference-in-difference-in-differences

Could this result be explained by unobserved factors that affect
both the frequency of visits and patient satisfaction?

• frequency: 1 “Low”, 2 “Medium”, 3 “High”, 4 “Very high”

What if parallel trends only hold for patients with same
frequency?

DID model is misspecified ⇒ ATT estimation is biased.

• Use a DDD model instead.
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Classical DID and DDD

Estimation, model diagnostics, and tests

DDD model

We expand the DID model

yist = θDsgt + X ′
isgtβ + γs + γt + γg + γtγg + γsγg + εit

where g is a group-level index.

Remark: Treatment is now administered at the (s, g) level.

So, in our example, index g is defined by the values in frequency
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Classical DID and DDD

Estimation, model diagnostics, and tests

Fitting a DDD model

First, a new treatment identifier:

• hightreat = (procedure == 1)*(frequency >= 3)

Effect of the new procedure and visiting the hospital
frequently on patient satisfaction.

To fit the model, we simply add frequency in group().

• didregress (satis) (hightrt), ///

group(hospital frequency) time(month)
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Classical DID and DDD

Estimation, model diagnostics, and tests

Fitting a DDD model
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Heterogeneous DID models

Treatment effect heterogeneity

Outline

1 Classical DID and DDD
Model setup and assumptions
Estimation, model diagnostics, and tests

2 Heterogeneous DID models
Treatment effect heterogeneity
Model setup and assumptions
Estimation and model diagnostics
Aggregation of treatment effects

3 Conclusion



Difference-in-differences models for causal inference in Stata

Heterogeneous DID models

Treatment effect heterogeneity

Classic differences-in-differences

ATT = DID = difference in treated−difference in control = 10−0 = 10



Difference-in-differences models for causal inference in Stata

Heterogeneous DID models

Treatment effect heterogeneity

Cohort heterogeneity

ATTred = 20 ATTgreen = 5
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Heterogeneous DID models

Treatment effect heterogeneity

Time heterogeneity

ATTt=0 = −10 ATTt=5 = −5
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Heterogeneous DID models

Treatment effect heterogeneity

Time-cohort heterogeneity
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Heterogeneous DID models

Model setup and assumptions

The heterogeneous DID model

Panel or repeated cross-sectional data with {1, . . . ,T} periods:

t: a specific time period.

Dit : 1 if unit is treated in period t, 0 otherwise.

• Irreversible treatment: Once treated, unit remains treated.
• No unit is treated at t = 1.

Gi : Group of unit i . When did i first receive treatment?

• Gi = 5 if unit i first received treatment in t = 5.
• Gi = ∞ if unit i never received treatment.

Xi : Time-invariant controls for unit i .
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Heterogeneous DID models

Model setup and assumptions

Potential and observed outcomes

Yi ,t(0): potential outcome of unit i at time t if it is never treated.
• If Gi = ∞, then Yi,t(0) is observed.
• If Gi ̸= ∞, then Yi,t(0) is unobserved.

Yi ,t(g): potential outcome of unit i at time t if it had been first
treated at time g .

• If Gi = g , then Yi,t(g) is observed.
• If Gi ̸= g , then Yi,t(g) is unobserved.

Yi ,t : observed outcome in the data.

• Yi,t = Yi,t(0) when Gi = ∞.
• Yi,t = Yi,t(g) when Gi = g .
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Heterogeneous DID models

Model setup and assumptions

Heterogeneous Treatment Effects

Group-time average treatment effects on the treated:

ATT (g , t) = E
[
Yi ,t(g)− Yi ,t(0)|Gi = g

]
In group g and time t, what was the average effect of being
treated?

Up to (T − 1)2 different ATTs ⇒ rich heterogeneity!

Problem: ATTs are based on unobservables ⇒ Assumptions
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Heterogeneous DID models

Model setup and assumptions

Assumption 1: No anticipatory effect

Before treatment happens (for t < g),

E
[
Yi ,t(g)|X ,Gi = g

]
= E

[
Yi ,t(0)|X ,Gi = g

]
Outcome doesn’t respond in anticipation to the treatment.

Anticipatory effects bias ATT estimation.
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Heterogeneous DID models

Model setup and assumptions

Assumption 2: Parallel trends with never-treated

After treatment happens (t ≥ g),

E
[
Yi ,t(0)−Yi ,t−1(0)|X ,Gi = g

]
= E

[
Yi ,t(0)−Yi ,t−1(0)|X ,Gi = ∞

]
If group had not been treated, outcome would move as in the
never treated group.

Violations of this assumption bias ATT estimation.
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Heterogeneous DID models

Estimation and model diagnostics
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Heterogeneous DID models

Estimation and model diagnostics

Commands hdidregress and xthdidregress

Estimate ATTs that vary over group/cohort and over time:

• hdidregress for cross-sectional data

• xthdidregress for panel data.

Both commands come with four estimators:

• Callaway, Sant’Anna (2021):

• Regression adjusted
• Inverse-probability weighting
• Augmented inverse-probability weighting

• Wooldridge (2021):

• Extended two-way fixed effects
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Heterogeneous DID models

Estimation and model diagnostics

Regression adjusted estimator

Syntax:

xthdidregress ra (ovar [omvarlist]) (tvar) [if ] [in] [weight],
group(groupvar) [options]

ovar : continuous outcome of interest

omvarlist: covariates in the outcome model

tvar : binary treatment

groupvar : categorical variable indicating group level at which
treatment occurs. Required.
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Heterogeneous DID models

Estimation and model diagnostics

The RA estimator

ATT (g , t) = E

[
Gg

E
[
Gg

](Yt − Yg−1 −mnev
g ,t (X )

)]

mnev
g ,t (X ): Difference in the control group conditional on X .

• mnev
g ,t (X ) = E

[
Yt − Yg−1|X ,Gi = ∞

]
The term in orange is the difference in the differences between
group g and the control group.
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Heterogeneous DID models

Estimation and model diagnostics

Heuristically

Algorithm:

1. keep if time is t or g − 1

2. keep if cohort is g or C

3. generate ∆Y = Yt − Yg−1

4. regress ∆Y on X for the group C and predict m̂nev
g ,t (X )

5. generate T̂E = ∆Y − m̂nev
g ,t (X )

6. summarize T̂E if cohort is g

7. Repeat for each g and t.
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Heterogeneous DID models

Estimation and model diagnostics

Example: the RA estimator in Stata

Question: How is the number of registrations of a dog breed
in the American Kennel Club affected by that dog breed being
the protagonist in a movie?
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Heterogeneous DID models

Estimation and model diagnostics

Data
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Heterogeneous DID models

Estimation and model diagnostics

Data



Difference-in-differences models for causal inference in Stata

Heterogeneous DID models

Estimation and model diagnostics

Staggered treatment
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Heterogeneous DID models

Estimation and model diagnostics

Output 1
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Heterogeneous DID models

Estimation and model diagnostics

Output 2
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Heterogeneous DID models

Estimation and model diagnostics

Output 3
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Heterogeneous DID models

Estimation and model diagnostics

Graphical representation: estat atetplot
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Heterogeneous DID models

Estimation and model diagnostics

Simultaneous confidence intervals: estat atetplot, sci
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Heterogeneous DID models

Estimation and model diagnostics

No anticipatory effects test – estat ptrends
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Heterogeneous DID models

Estimation and model diagnostics

Change the control group – controlgroup()

Sometimes all units are eventually treated. We need to use as
controls the not yet treated.

xthdidregress ra (registered best) (movie), group(breed)

controlgroup(notyet)

output omitted
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Heterogeneous DID models

Estimation and model diagnostics

Inverse-probability weighting estimator

Syntax:

xthdidregress ipw (ovar) (tvar [tmvarlist]) [if ] [in] [weight],
group(groupvar) [options]

ovar : continuous outcome of interest

tmvarlist: covariates in the treatment model

tvar : binary treatment

groupvar : categorical variable indicating group level at which
treatment occurs. Required.
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Heterogeneous DID models

Estimation and model diagnostics

The IPW estimator

ATT (g , t) = E

[(
Gg

E
[
Gg

] − pg (X )
1−pg (X )

E
[ pg (X )
1−pg (X )

])(Yt − Yg−1

)]

pg (X ): Probability of being in group g given X and given that
observation is either in g or C .

• Generalized propensity score.

The term in orange is the inverse-probability weight.
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Heterogeneous DID models

Estimation and model diagnostics

Augmented inverse-probability weighting estimator

Syntax:

xthdidregress aipw (ovar [omvarlist]) (tvar [tmvarlist]) [if ] [in] [weight],
group(groupvar) [options]

ovar : continuous outcome of interest

omvarlist: covariates in the outcome model

tmvarlist: covariates in the treatment model

tvar : binary treatment

groupvar : categorical variable indicating group level at which
treatment occurs. Required.
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Heterogeneous DID models

Estimation and model diagnostics

The AIPW estimator

ATT (g , t) = E

[(
Gg

E
[
Gg

] − pg (X )
1−pg (X )

E
[ pg (X )
1−pg (X )

])(Yt −Yg−1−mnev
g ,t (X )

)]

pg (X ): Probability of being in group g given X and given that
observation is either in g or C .

mnev
g ,t (X ): Difference in the control group conditional on X .

Inverse-probability weight in orange. Augmented term in violet

Doubly robust
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Heterogeneous DID models

Estimation and model diagnostics

Extended two-way fixed effects estimator

Syntax:

xthdidregress twfe (ovar [omvarlist]) (tvar) [if ] [in] [weight],
group(groupvar) [options]

ovar : continuous outcome of interest

omvarlist: covariates in the outcome model

tvar : binary treatment

groupvar : categorical variable indicating group level at which
treatment occurs. Required.
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Heterogeneous DID models

Estimation and model diagnostics

The TWFE estimator

Consider the extended two-way fixed effects regression:

Yit′ = η +
T∑

g=q

αgGig +
T∑

t=q

γt ft +
T∑

g=q

T∑
t=q

τg ,tDitGig ft + εit′

q: first treatment period

ft : 1 if t ′ = t, 0 otherwise.

τg ,t = ATT (g , t)

Remarks:

• Covariates would enter fully interacted in the model.
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Heterogeneous DID models

Aggregation of treatment effects

Aggregating treatment effects

You might be interested in exploring heterogeneity just by:

• Cohort

• Time

• Exposure to treatment (event studies)

• Even no heterogeneity at all

Some post-estimation tools come handy in this case.

Suppose you’ve just fitted a heterogeneous DID model:

xthdidregress ra (registered best) (movie), group(breed)
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Heterogeneous DID models

Aggregation of treatment effects

Overall aggregation – estat aggregation, overall
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by cohort
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by cohort – Graph
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by time
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by time – Graph
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by exposure
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Heterogeneous DID models

Aggregation of treatment effects

Aggregation by exposure – Graph
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Conclusion

Conclusion

1. DID is a powerful tool to better understand treatment
effects.

2. Easy to implement in Stata.

3. Classic DID:

• xtdidregress for panel data
• didregress for repeated cross section

4. Heterogeneous DID:

• xthdidregress for panel data
• hdidregress for repeated cross section
• Treatment effects can be aggregated by:

Cohort, time, exposure to treatment, or overall.
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Conclusion

Questions?
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Conclusion

Thank you!
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Conclusion
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