
Introduction Framework Estimation Parallel Trend Research Strategy

Program Evaluation (Causal Inference) 2:
Difference-in-differences

Instructor: Yuta Toyama

Last updated: 2020-06-22

1 / 25



Introduction Framework Estimation Parallel Trend Research Strategy

Section 1

Introduction
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Introduction

I Difference-in-differences (DID)
I Exploit the panel data structure to estimate the causal effect.

I Consider that
I Treatment and control group comparison: selection bias
I Before v.s. After comparison: time trend

I DID combines those two comparisons to draw causal conclusion.

3 / 25



Introduction Framework Estimation Parallel Trend Research Strategy

DID in Figure (on screen)
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Plan of the Lecture

I Formal Framework

I Implementation in a regression framework

I Parallel Trend Assumption
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Reference

I Angrist and Pischke “Mostly Harmless Econometrics” Chapter 5

I Marianne Bertrand, Esther Duflo, Sendhil Mullainathan, How Much
Should We Trust Differences-In-Differences Estimates?, The Quarterly
Journal of Economics, Volume 119, Issue 1, February 2004, Pages
249–275, https://doi.org/10.1162/003355304772839588
I Discuss issues of calculating standard errors in the DID method.

I Hiro Ishise, Shuhei Kitamura, Masa Kudamatsu, Tetsuya Matsubayashi,
and Takeshi Murooka (2019) “Empirical Research Design for Public
Policy School Students: How to Conduct Policy Evaluations with
Difference-in-differences Estimation” February 2019
I Slide: https://slides.com/kudamatsu/did-manual/fullscreen/#
I Paper: https://docs.google.com/viewer?a=v&pid=sites&srcid=

ZGVmYXVsdGRvbWFpbnxta3VkYW1hdHN1fGd4OjM4YzkwYmVjM2ZmMzA2YWQ
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Section 2

Framework
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Framework
I Consider two periods: t = 1, 2. Treatment implemented at t = 2.

I Yit : observed outcome for person i in period t

I Gi : dummy for treatment group

I Dit : treatment status

I Dit = 1 if t = 2 and Gi = 1
I potential outcomes

I Yit(1): outcome for i when she is treated
I Yit(0): outcome for i when she is not treated

I With this, we can write

Yit = DitYit(1) + (1− Dit)Yit(0)
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Identification

I Goal: ATT at t = 2

E [Yi2(1)− Yi2(0)|Gi = 1] = E [Yi2(1)|Gi = 1]− E [Yi2(0)|Gi = 1]

I What we observe

Pre-period (t = 1) Post (t = 2)

Treatment (Gi = 1) E [Yi1(0)|Gi = 1] E [Yi2(1)|Gi = 1]
Control (Gi = 0) E [Yi1(0)|Gi = 0] E [Yi2(0)|Gi = 0]

I Under what assumptions can we the ATT?
I Simple comparison if E [Yi2(0)|Gi = 1] = E [Yi2(0)|Gi = 0].
I Before-after comparison if E [Yi2(0)|Gi = 1] = E [Yi1(0)|Gi = 1].
I Other (more reasonable) assumption?
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Parallel Trend Assumption

I Assumption:

E [Yi2(0)− Yi1(0)|Gi = 0] = E [Yi2(0)− Yi1(0)|Gi = 1]

I Change in the outcome without treatment is the same across two groups.

I Then,

E [Yi2(1)− Yi2(0)|Gi = 1]︸ ︷︷ ︸
ATT

=E [Yi2(1)|Gi = 1]− E [Yi2(0)|Gi = 1]

=E [Yi2(1)|Gi = 1]− E [Yi1(0)|Gi = 1]
− (E [Yi2(0)|Gi = 1]− E [Yi1(0)|Gi = 1])︸ ︷︷ ︸

=E [Yi2(0)−Yi1(0)|Gi =0] (pararell trend)
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I Thus,

ATT =E [Yi2(1)− Yi1(0)|Gi = 1]− E [Yi2(0)− Yi1(0)|Gi = 0]

which is why this is called “difference-in-differences”.
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Section 3

Estimation
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Estimation Approach

1. Plug-in estimator
2. Regression estimators
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Plug-in Estimator

I Remember that the ATT is

ATT =E [Yi2(1)− Yi1(0)|Gi = 1]− E [Yi2(0)− Yi1(0)|Gi = 0]

I Replace them with the sample average.

ˆATT = {ȳ(t = 2,G = 1)− ȳ(t = 1,G = 1)}
− {ȳ(t = 2,G = 0)− ȳ(t = 1,G = 0)}

where ȳ(t,G) is the sample average for group G in period t .

I Easy to make a 2× 2 table!
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Example: Card and Kruger (1994)
THE AMERICAN ECONOMIC REVlEW SEPTEMBER 1994 

TABLE 3-AVERAGE EMPLOYMENT 	 THE RISE PER STORE BEFORE AND I ~ E R  


IN NEW JERSEY MINIMUM WAGE 


Stores by state Stores in New Jersey a Differences within N J ~  

Variable 
PA 
(i) 

NJ 
(ii) 

Difference, 
NJ-PA 

(iii) 

Wage = 

$4.25 
(iv) 

Wage = 

$4.26-$4.99 
(v) 

Wage r 
$5.00 
(vi) 

Low-
high 
(vii) 

Midrange-
high 
(viii) 

1. FTE employment before, 
all available observations 

2. FTE employment after, 
all available observations 

3. Change in mean FTE 
employment 

4. Change in mean FTE 
employment, balanced 
sample of storesC 

5. Change in mean FTE 
employment, setting 
FTE at temporarily 
closed stores to O d  

Notes: Standard errors are shown in parentheses. The sample consists of all stores with available data on employment. FTE 
(full-time-equivalent) employment counts each part-time worker as half a full-time worker. Employment at six closed stores 
is set to zero. Employment at four temporarily closed stores is treated as missing. 

astares in New Jersey were classified by whether starting wage in wave 1 equals $4.25 per hour ( N  = 101), is between 
$4.26 and $4.99 per hour ( N  = 140), or is $5.00 per hour or higher ( N  = 73). 

b~ i f fe rencein employment between low-wage ($4.25 per hour) and high-wage ( 2$5.00 per hour) stores; and difference 
in employment between midrange ($4.26-$4.99 per hour) and high-wage stores. 

'Subset of stores with available employment data in wave 1 and wave 2. 
this row only, wave-2 employment at four temporarily closed stores is set to 0. Employment changes are based on the 

subset of stores with available employment data in wave 1 and wave 2. 

TABLE 4-REDUCED-FORM MODELS FOR CHANGE IN EMPLOYMENT 

Model 

Independent variable (i) (ii) (iii) (iv) (v) 

1. New Jersey dummy 2.33 2.30 - - -
(1.19) (1.20) 

2. Initial wage gapa - - 15.65 14.92 11.91 
(6.08) (6.21) (7.39) 

3. Controls for chain and 	 no  yes no  yes yes 
ownershipb 

4. Controls for regionC 
5. Standard error of regression 
6. Probability value for controlsd 

Notes: Standard errors a re  given in parentheses. T h e  sample consists of 357 stores 
with available data  on  employment and starting wages in waves 1 and 2. The  
dependent variable in all models is change in F T E  employment. T h e  mean and 
standard deviation of the dependent variable are  -0.237 and 8.825, respectively. All 
models include a n  unrestricted constant (not reported). 

aProportional increase in starting wage necessary to raise starting wage to  new 
minimum rate. For stores in Pennsylvania the wage gap is 0. 

b ~ h r e edummy variables for chain type and whether or  not the store is company- 
owned are included. 

'Dummy variables for two regions of New Jersey and two regions of eastern 
Pennsylvania are  included. 

d~robab i l i tyvalue of joint F test for exclusion of all control variables. 

Figure 1: image
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Regression Estimators

I Run the following regression

yit = α0 + α1Gi + α2Tt + α3Dit + βXit + εit

I Gi : dummy for treatment group
I Tt :dummy for treatment period
I Dit = Gi × Tt . α3 captures the ATT.

I Regression framework can incorporate covariates Xit , which is important
to control for observed confounding factors.
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Regression Estimators with FEs

I With panel data

yit = αDit + βXit + εi + εt + εit

where εi is individual FE and εt is time FE.

I Do not forget to use the cluster-robust standard errors!
I See Bertrand, Duflo, and Mullainathan (2004, QJE) for the standard error

issues.
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Section 4

Parallel Trend

18 / 25



Introduction Framework Estimation Parallel Trend Research Strategy

Discussions on Parallel Trend

I Parallel trend assumption can be violated in various situations.

I Most critical issue: Treatment may depend on time-varying factors
I DID can only deal with time-invariant factors.

I Self-selection: participants in worker training programs experience a
decrease in earnings before they enter the program

I Targeting: policies may be targeted at units that are currently
performing best (or worst).
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Diagnostics for Parallel Trends: Pre-treatment trends

I Check if the trends are parallel in the pre-treatment periods

I Requires data on multiple pre-treatment periods (the more the better)

I This is very popular. You MUST do this if you have multiple
pre-treatment periods.

I Note: this is only diagnostics, NEVER a direct test of the assumption!
I You should never say "the key assumption for DID is satisfied if the

pre-treatment trends are parallel.
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Example (Fig 5.2 from Mastering Metrics)Differences-in-Differences 185

Figure 5.2
Trends in bank failures in the Sixth and Eighth Federal

Reserve Districts
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Note: This figure shows the number of banks in operation in Mississippi in
the Sixth and Eighth Federal Reserve Districts between 1929 and 1934.

Sixth. Although strong, the common trends assumption seems
like a reasonable starting point, one that takes account of pre-
treatment differences in levels. With more data, the assumption
can also be probed, tested, and relaxed.

Figure 5.2 provides evidence on the common trends assump-
tion for Mississippi’s Federal Reserve Districts. The evidence
comes in the form of a longer time series on bank activity.
Before 1931, the Great Depression had not yet hit Missis-
sippi hard. Regional Fed policies in the two districts were also
similar in this more relaxed period. The fact that bank fail-
ures moved almost in parallel in the two districts between
1929 and 1930, with the number of banks declining slightly in
both districts, is therefore consistent with the common trends
hypothesis for untreated periods. Figure 5.3 adds the Sixth
District counterfactual implied by extrapolating Eighth Dis-
trict trends to the Sixth District for years after 1930. The gap

Angrist third pages 2014/10/16 10:34 p. 185 (chap05) Princeton Editorial Associates, PCA ZzTEX 16.2

 

 

 

 

 

 

 

From Mastering ‘Metrics: The Path from Cause to Effect. © 2015 Princeton University Press. Used by permission. 
All rights reserved. 

Figure 2: image
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Unit-Specific Time Trends

I Add group-specific time trends as

yit = αDit + β1Gi × t + εi + εt + εit

I To see whether including the time trend does not change estimates that
much. (robustness check)

I Note that
I These time trends are meant to capture the trend in each group.
I At least 3 periods of the data is needed.
I But, these are assumed to be linear. We are not sure whether the trend is

linear or not! So this is just a robustness check.
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Other Diagnostics: Placebo test

I Placebo test using other period as treatment period.

yit =
∑
τ

γτGi × It,τ + µi + νt + εit

I The estimates of γτ should be close to zero up to the beggining of
treatment (Fig 5.2.4 of Angrist and Pischke)

I Placebo test using different dependent variable which should not be
affected by the policy.
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Section 5

Research Strategy
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Research Strategy using DID

I Ishise et al (2019)
1. How to find a research question
2. What outcome dataset to look for
3. What policy to look for (except for example 1 and 2).
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