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2× 2 Diff-in-Diff Specifications



Difference-in-Differences Estimation

To implement diff-in-diff in a regression framework, we estimate:

Yi,t = α + βDi + θPostt + δ (Di ∗ Postt) + εi,t

Where:

• Di = treatment dummy

• Posti = dummy for post-treatment period

• Di ∗ Postt = interaction term

Panel data: multiple units, over time

• At least two time periods

• Two treatment groups, possible more units

pre

post

treatment comparison

Ȳ treatment
pre

Ȳ treatment
post

Ȳ comparison
pre

Ȳ comparison
post
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Difference-in-Differences Estimation: Standard Errors

Only one correct method for calculating cell means and associated standard errors

• Multiple ways to handle the standard errors of the differences in means

Heteroskedastic SEs ↔ SEs are independent

• Correct but conservative

Homoskedastic SEs ↔ common variance

• Economists would never!

Calculate SE of within-year difference

⇒ Lower variance

pre-1847

post-1847

Doctors Midwives

9.85
(1.34)

3.53
(0.63)

4.03
(0.92)

3.13
(0.55)
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Difference-in-Differences Estimation: Standard Errors
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Difference-in-Differences Estimation: Standard Errors

pre-1847

post-1847

Doctors Midwives Difference

9.85
(1.34)

3.53
(0.63)

4.03
(0.92)

3.13
(0.55)

5.82
(0.90)

0.4
(0.48)

⇒ SE =
√

0.902 + 0.482 ≈ 1.02

Heteroskedasticity-robust SE:

⇒
√
SE 2

T ,pre + SE 2
C ,pre + SE 2

T ,post + SE 2
C ,post =

√
1.342 + 0.922 + 0.632 + 0.552 ≈ 1.83
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Using YT ,t=τ − YC ,t=τ as the Outcome Variable

Interacted 2×2 diff-in-diff specification equivalent∗ to regression of YT − YC on Postt :

YT ,t=τ − YC ,t=τ = ζ + λPostt + εit

where:

• YT ,t=τ − YC ,t=τ = treatment vs. comparison difference in outcome

• λ = coefficient of interest (the treatment effect)

• ζ = selection bias (pre-treatment difference between T and C)

∗ Identical point estimates, different standard errors
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Using ∆Yi as the Outcome Variable

Interacted 2×2 diff-in-diff specification also equivalent to first differences (in short panels):

Yi,t=2 − Yi,t=1 = η + γDi + εit

where:

• Yi,t=2 − Yi,t=1 = change (pre vs. post) in outcome of interest

• γ = coefficient of interest (the treatment effect)

• η = time trend (average change in comparison group)
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Example: Minimum Wages and Employment in the Fast-Food Industry

Interacted 2×2 diff-in-diff specification also equivalent to first differences (in short panels):

∆FTEi = η + γNJi + εi

where:

• ∆FTEi = change in full-time employment in restaurant i

• γ = difference in mean change in NJ stores (vs. PA stores)

• η = constant (mean change in FTE in PA)
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Example: Minimum Wages and Employment in the Fast-Food Industry

source: Card and Krueger (1994)
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Diff-in-Diff with Fixed Effects



2×2 Diff-in-Diff in Panel Data

2×2 panel data diff-in-diff specification:

Yi,t = α + βEverTreatedi + θPostt + δDi,t + εi,t

where:

• EverTreatedi = dummy for ever-treated unit(s)

• Postt = dummy for post-treatment period(s)

• Di,t = treatment dummy, equal to one if unit i is treated in period t

• δ = diff-in-diff estimate of treatment effect

Economics 523 (Professor Jakiela) Diff-in-Diff with Panel Data, Slide 23



2×2 Diff-in-Diff in Panel Data

Unit 5

Unit 4

Unit 3

Unit 2

Unit 1

t = 1 t = 2 t = 3 t = 4 t = 5

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

1

1

1

1

1

1

OLS specification:

Y = α + βEverTreatedi + θPostt + δDi,t
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2×2 Diff-in-Diff in Panel Data

Unit 5

Unit 4

Unit 3

Unit 2

Unit 1

t = 1 t = 2 t = 3 t = 4 t = 5

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

1

1

1

1

1

1

D̄t 0 0.6

OLS specification:

Y = α + βEverTreatedi + θPostt + δDi,t

By Frisch-Waugh-Lovell:

equivalent to regression on normalized Dit

→ Subtract off mean Di,t in pre, post periods
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2×2 Diff-in-Diff in Panel Data

Unit 5
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OLS specification:

Y = α + βEverTreatedi + θPostt + δDi,t

By Frisch-Waugh-Lovell:

equivalent to regression on normalized Dit

→ Subtract off mean Di,t in pre, post periods

Economics 523 (Professor Jakiela) Diff-in-Diff with Panel Data, Slide 26



2×2 Diff-in-Diff in Panel Data

Unit 5

Unit 4

Unit 3

Unit 2

Unit 1

t = 1 t = 2 t = 3 t = 4 t = 5

0.24

0.24

0.24

0.24

0.24

0.24

−0.36

−0.36

−0.36

−0.36

−0.16

−0.16
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−0.16
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−0.16

−0.16

−0.16

−0.16

0.24

0.24

0.24

0.24

0.24

0.24

D̄t 0 0.6

OLS specification:

Y = α + βEverTreatedi + θPostt + δDi,t

By Frisch-Waugh-Lovell:

equivalent to regression on normalized Dit

→ Subtract off mean Di,t in pre, post periods

→ Subtract off mean of de-meaned Di,t in T, C
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Diff-in-Diff with Time Fixed Effects

Panel data diff-in-diff specification including time fixed effects:

Yi,t = α + γEverTreatedi + δDi,t + νt + εi,t

where:

• EverTreatedi = dummy for ever-treated unit(s)

• Di,t = treatment dummy, equal to one if unit i is treated in period t

• δ = diff-in-diff estimate of treatment effect

• νt = time-period fixed effects
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Diff-in-Diff with Time Fixed Effects

Unit 5

Unit 4

Unit 3

Unit 2

Unit 1

t = 1 t = 2 t = 3 t = 4 t = 5

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

1

1

1

1

1

1

D̄t 0 0 0 0.6 0.6

OLS with fixed effects equivalent to a regression of:

normalized Ỹi,t on normalized D̃i,t

To normalize D̃i,t , we

→ Subtract off period-specific means, D̄t
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Diff-in-Diff with Time Fixed Effects

Unit 5

Unit 4
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OLS with fixed effects equivalent to a regression of:

normalized Ỹi,t on normalized D̃i,t

To normalize D̃i,t , we

→ Subtract off period-specific means, D̄t
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Diff-in-Diff with Time Fixed Effects

Unit 5
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t = 1 t = 2 t = 3 t = 4 t = 5

0.24

0.24

0.24

0.24

0.24

0.24

−0.36

−0.36

−0.36

−0.36

−0.16

−0.16

−0.16

−0.16

−0.16

−0.16

−0.16

−0.16

−0.16

0.24

0.24

0.24

0.24

0.24

0.24

D̄t 0 0 0 0.6 0.6

OLS with fixed effects equivalent to a regression of:

normalized Ỹi,t on normalized D̃i,t

To normalize D̃i,t , we

→ Subtract off period-specific means, D̄t

→ Subtract off mean of de-meaned Di,t in T, C
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Diff-in-Diff with Time Fixed Effects

Unit 5

Unit 4

Unit 3

Unit 2

Unit 1

t = 1 t = 2 t = 3 t = 4 t = 5

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

Ỹi,t

OLS with fixed effects equivalent to a regression of:

normalized Ỹi,t on normalized D̃i,t

To normalize D̃i,t , we

→ Subtract off period-specific means, D̄t

→ Subtract off mean of de-meaned Di,t in T, C

Fixed effects absorb additional variation in Y

• Standard errors depend on the residuals
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Diff-in-Diff with Fixed Effects

Why used fixed effects instead of dummies for post-treatment period and ever-treated group?

• Fixed effects “soak up” period-specific shocks, unit-specific variation better

I Smaller residuals ⇒ smaller standard errors ⇒ statistical power

• Inclusion of time fixed effects yield should not lead to substantial changes in coefficients

I Coefficients mechanically identical in balanced panels

Two-way fixed effects specification:

Yi,t = α + ηi + νt + δDi,t + εi,t

where ηi is an individual FE, νt is a time FE, and δ is DD estimator

Use two-way fixed effects with caution when treatment starts at different times in different units, treatment is continuous, or variance of treatment differs across treated units for
other reasons, as we discuss further in the next module.
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

Godlonton and Okeke (2015) estimate regression specification:

Yict = α + θHighExposurec + δ (HighExposurec × Postt) + Xictβ + τt + εict

where:

• HighExposurec = indicator for (more) treated clusters
(pre-ban use of TBAs above 75th percentile)

• HighExposurec × Postt = indicator for treated cluster-months

• δ = diff-in-diff estimate of treatment effect

• Xict = set of control variables (e.g. household size, etc.)

• τt = fixed effect for month of birth (e.g. January 2007)

• εict = mean-zero error term
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Example: Malawi’s Ban on Traditional Birth Attendants

source: Godlonton and Okeke (2015)
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Continuous Variation in Treatment Intensity



Example: Malawi’s Ban on Traditional Birth Attendants

Alternative regression specification (that Godlonton and Okeke don’t use):

Yi,t = α + γ (PreMeanTBAc × Postt) + βXict + ηc + τt + εict

where:

• PreMeanTBAc = level of TBA use in cluster c before TBA ban

• γ = diff-in-diff estimate of treatment effect

• Xict = set of control variables (eg household size, etc.)

• ηc = fixed effect for DHS cluster c

• τt = fixed effect for month of birth (eg January 2007)

• εict = mean-zero error term
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Example: Traditional Birth Attendants in Malawi

Post-ban mean must be positive

⇒ Decline ↑ with pre-ban mean
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Example: Traditional Birth Attendants in Malawi
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Example: Traditional Birth Attendants in Malawi
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Example: School Construction in Indonesia

source: Duflo (2000)
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Example: School Construction in Indonesia

Main empirical specification in Duflo (2001):

Sijk = α + ηj + βk + γ (Intensityj ∗ Youngi ) + Cjδ + εijk

where:

• Sijk = education of individual i born in region j in year k

• ηj = region of birth fixed effect

• βk = year of birth fixed effect

• Youngi = dummy for being 6 or younger in 1974 (treatment group)

• Intensityj = INPRES schools per thousand school-aged children

• Cj = a vector of region-specific controls (that change over time)
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Example: School Construction in Indonesia

Dependent Variable: Years of Education

OLS OLS OLS

Obs. (1) (2) (3)

Panel A: Entire Sample

Intensityj ∗ Youngi 78,470 0.124 0.150 0.188

(0.025) (0.026) (0.029)

Panel B: Sample of Wage Earners

Intensityj ∗ Youngi 31,061 0.196 0.199 0.259

(0.042) (0.043) (0.050)

Controls Included:

YOB∗enrollment rate in 1971 No Yes Yes

YOB∗other INPRES programs No No Yes

Sample includes individuals aged 2 to 6 or 12 to 17 in 1974. All Specifications include
region of birth dummies, year of birth dummies, and interactions between the year of
birth dummis and the number of children in the region of birth (in 1971). Standard
errors are in parentheses.
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Example: School Construction in Indonesia

Dependent Variable: Log Hourly Wages (as Adults)

OLS OLS OLS

Obs. (1) (2) (3)

Panel A: Sample of Wage Earners

Intensityj ∗ Youngi 31,061 0.0147 0.0172 0.027

(0.007) (0.007) (0.008)

Controls Included:

YOB∗enrollment rate in 1971 No Yes Yes

YOB∗other INPRES programs No No Yes

Sample includes individuals aged 2 to 6 or 12 to 17 in 1974. All Specifications include
region of birth dummies, year of birth dummies, and interactions between the year of
birth dummis and the number of children in the region of birth (in 1971). Standard
errors are in parentheses.
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Testing Common Trends



How Can We Test the Common Trends Assumption?

The common trends assumption: in the absence of treatment, outcomes in the treatment
(i.e. ever-treated) group and the comparison group would have evolved along similar trajectories

• Common trends relates to potential outcomes without treatment

I We can never observe the (treatment group) counterfactual

• It is fundamentally impossible to test the common trends assumption

Approaches to defending (or perhaps evaluating) the common trends assumption:

1. Comparing pre-treatment trends in the treatment and comparison groups

2. Conducting a falsification test (sometimes called a placebo test)

3. Triple differences: identifying an additional comparison group within the treatment group
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Pre-Trends: A Picture Is Worth a Thousand Words

source: Naritomi (2019)
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Pre-Trends: A Picture Is Worth a Thousand Words

source: Godlonton and Okeke (2015)
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Testing Pre-Trends in a Regression

Godlonton and Okeke (2015) test for differences in pre-treatment trends:

Yict = α + βHighExposurec + λTimet + γ (HighExposurec × Timet) + εict

where:

• Yit = outcome variable in cluster i at time t

• HighExposurec = indicator for (eventually) treated clusters

• Timet = (linear) measure of months from start of data set

• γ = measures equality of time trends between treatment, control

• εit = mean-zero error term

Sample is restricted to observations from before the ban on traditional birth attendants
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Testing Pre-Trends in a Regression

Table 2 

Test of parallel time trends. 

Variables 

High exposure 

Ti1ne trend 

High exposure x ti1ne 

trend 

Constant 

Observations 

R-squared

( 1) 

Birth 

attended 

by informal 

attendant 

0.566 

(0.505) 

-0.000558

(0.000349)

-0.000388

(0.000902)

0.401 *

(0.195)

9277

0.171

(2) 

Birth attended 

by 

for1nal-sector 

provider 

-0.419

(0.572)

0.000560

(0.000442)

0.000175

(0.00102)

0.459

-0.247

9277

0.100

(3) (4)

Child Child death

death within the

within the first 1nonth 

first week 

0.0402 0.0340 

(0.0439) (0.0537) 

-5.75e-05 -0.000110*

( 4.30e-05) (5.58e-05) 

-6.52e-05 -5.12e-05

( 8.21 e-05) (9.83e-05) 

0.0499** 0.0860*** 

(0.0230) ( 0.0301) 

25,696 25,696 

0.002 0.002 

Notes: sample is all births prior to the ban. All regressions include district du1nmies. The 

OHS collects data on type of birth attendant for only births within the preceding five 

years but collects 1nortality data for all births hence the larger sa1nple size in Colu1nns 3 

and 4 (we restrict the sample to all bi1ths within the last ten years). Standard errors in 

parentheses are clustered at the district level ( there are 27 districts). 
*** 0 01 p < . .

** 0 05 p < . .

* p < 0.1.

source: Godlonton and Okeke (2015)
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Testing Pre-Trends: Implications for Practice

• A compelling test of the equality of pre-trends requires lots of pre-treatment data

I At a minimum, you need two pre-treatment periods

I Statistical power can be a serious issue with limited pre-treatment data

• Often makes sense to disaggregate data as much as possible (e.g. months instead of years)

I Treatment and comparison groups should be impacted by the same period-specific shocks

• Whenever possible, graph your data and conduct a statistical (i.e. regression) test
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Falsification (or Placebo) Tests

A placebo or falsification test looks for effects that shouldn’t be there using:

• A different outcome (that should not be impacted)

• A different (i.e. not real) definition of treatment

• A different sample (i.e. one not impacted by treatment)

Unlike tests of pre-trends, falsification tests typically use the same diff-in-diff regression
specifications as the main analysis (except for the one placebo element being tested)
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Falsification Test Example 1: Alternative Outcomes

source: Godlonton and Okeke (2015)
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Falsification Test Example 2: Alternative Sample / Placebo Treatment

source: Duflo (2000)
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Falsification Test Example 2: Alternative Sample / Placebo Treatment

Dependent Variable: Years of Education

OLS OLS OLS

Obs. (1) (2) (3)

Panel A: Entire Sample

Intensityj ∗ Youngeri 78,488 0.009 0.018 0.008

(0.026) (0.027) (0.030)

Panel B: Sample of Wage Earners

Intensityj ∗ Youngeri 30,255 0.012 0.024 0.079

(0.048) (0.048) (0.056)

Controls Included:

YOB∗enrollment rate in 1971 No Yes Yes

YOB∗other INPRES programs No No Yes

Sample includes individuals aged 12 to 24 in 1974. All Specifications include
region of birth dummies, year of birth dummies, and interactions between the
year of birth dummis and the number of children in the region of birth (in 1971).
Standard errors are in parentheses.
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Falsification Tests: Implications for Practice

Falsification tests are fundamentally context-specific:

• Which outcomes and/or groups should not be impacted?

I Could there be spillovers onto groups that weren’t directly treated?

I Could treatment have unintended consequences?

I Example: impacts of maternity leave on attitudes toward LGBTQ issues

There is not a one-size-fits-all approach to coming up with a good falsification test

• You need to know your setting and your data, and framing matters
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Triple-Differences as a Test of Common Trends

source: Godlonton and Okeke (2015)
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