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Intuition
• Assume we observe two groups of people for a long 

time: group A and group B
• They exhibit similar trend in some outcome overtime
• Then a policy is allocated to group A but not to group B
• It is likely that group A will still have the same trend as 

group B if the policy wasn’t introduced
• Therefore the trend in group B is a potential 

counterfactual to evaluate the effect of the policy
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Intuition illustrated using graph
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Difference in difference
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Treatment effect = 

(P2 - P1) - (S2 - S1)

=

(P2 – S2) - (P1 - S1)

=

QP2



Key assumption

• Without the intervention, both groups would 
have the same trend
– Fundamentally not testable
– Usually assessed by looking at the trend pre-program
– In fact more convincing if have long pre-program data 

to assess parallel trend assumption
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First study that uses DID
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• First application DID: John Snow (1855) 
• Cholera London epidemic mid-nineteenth 

century 
• Prevailing theory: “bad air” 

• Snow’s analysis 
• Hypothesis: contaminated drinking water 
• Compared death rates from cholera in districts 

served by two water companies 
• In 1849 both companies obtained water from 

the dirty Thames 
• In 1852, one of them moved water works 

upriver to an area free of sewage 
• Death rates fell sharply in districts served by 

this water company 



DID implementation
Panel:
𝑦𝑖𝑡 = 𝛼+𝛾𝑇𝑟𝑒𝑎𝑡 ∗ 𝐼(𝑡 > 𝑡𝑡𝑟𝑒𝑎𝑡)𝑖𝑡 + 𝛽𝑋𝑖𝑡 + 𝜆𝑡 + 𝜇𝑖 + 𝜖𝑖𝑡

where 𝛾 is the treatment effect

Cross-section equivalent:
𝑦𝑖dt = 𝛼+𝛾𝑇𝑟𝑒𝑎𝑡 ∗ 𝐼 𝑡 > 𝑡𝑡𝑟𝑒𝑎𝑡 𝑑𝑡 + 𝛽𝑋𝑖d𝑡 + 𝜆𝑡 + 𝜇d + 𝜖𝑖𝑡

Two group equivalent:
𝑦𝑖t = 𝛼+𝛾𝑇𝑟𝑒𝑎𝑡 ∗ 𝐼 𝑡 > 𝑡𝑡𝑟𝑒𝑎𝑡 𝑑𝑡 + 𝛽𝑋𝑖𝑡 + 𝜆𝑡 + 𝜇Treat + 𝜖𝑖𝑡
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Ashenfelter’s dip
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DID as an evaluation tool

• Widely used
• Doesn’t require stringent assumptions
• Although much more convincing if have 

pre-program long term trends
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Case study 1: Privatization of water

Sebastian Galiani, Paul Gertler, and Ernesto Schargrodsky, 
"Water for Life: The Impact of the Privatization of Water 
Services on Child Mortality," Journal of Political Economy 
113, no. 1 (February 2005): 83-120.
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Background: Privatization of water 
services in Argentina
• Local governments responsible for water services 

– Supply of clean water  
– Treatment and removal of sewage 

• In 1990’s 28% of municipalities privatized water services
– Covering 60% of the population 

• Research question: 
ØDid privatization of water services in Argentina lead to 
improved health outcomes? 
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Privatization of water services in 
Argentina 
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Privatization of water services in 
Argentina 
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Evaluation problem 
• Privatization of water services is not random 

ØIt is a choice by local governments! 
• Possible motivation for privatization 

– Poor municipalities with low tax base or 
underdeveloped infrastructure may be more 
prone to privatize water services 

– Privatization driven by economic shocks and 
recession 

– Privatization may coincide with other policy 
reforms 
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Evaluation design 
• Difference-in-difference analysis 
• Compare changes in child mortality rates 

– Over time 
– Between municipalities that privatized and those that 

did not 
𝑦𝑖𝑡 = 𝛼𝑑𝐼𝑖𝑡 + 𝛽𝑋𝑖𝑡 + 𝜆𝑡 + 𝜇𝑖 + 𝜖𝑖𝑡

• Combine with PSM kernel matching: common support 
• Assess scope for bias from time varying factors 

– Assess probability of being privatized 
– Assess whether pre-intervention time trends are 

similar for treatments and controls 
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Probability of privatization 
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Trends in child mortality rates 
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Impact on child mortality 
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Impact by socioeconomic status 
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Impact on access to water: non-parametric DID
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Case study 2: Salience and taxation

Raj Chetty, Adam Looney, and Kory Kroft (2009) 
Salience and Taxation: Theory and Evidence, 
American Economic Review 2009, 99:4, 1145-
1177 
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Evaluation design: RCT+DDD
• Experiment (Intervention)

– Posting the tax-inclusive price in addition to before-tax price
– Outcome: quantify sold

• Counterfactuals:
– In treatment store, have control categories for which no 

intervention is conducted
• Assuming the change in demand will be the same between 

the categories had intervention not occurred
– In addition have control stores where no intervention is 

conducted
• Assuming the difference in change in demand between the 

categories would be the same across similar stores had the 
intervention not occurred
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Parametric estimation

Y = 𝛼+ 𝛽1TT + 𝛽2TS+ 𝛽3TC+
𝛾1TT *TC+ 𝛾2TT *TS+ 𝛾3TS*TC+ 𝛿TT *TC *TS + 
𝜉X + 𝜖

Where, TT , TS and TC indicates treatment, wrt
time, store & category 
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Stata exercise: tax salience

• Use DID.dta to estimate the effect of 
increasing salience on outcome variables
– Weekly quantify sold per category
– Weekly revenue per category
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Steps for exercise
1. Test for differences in outcomes for the treatment and control 

categories before and after the experiment
- Separately for both the treatment and control stores 

2. Estimate the impact of the experiment on the outcome variables 
- Using DD method and using only treatment stores 

3. Expand the analysis by controlling for other factors 
4. Estimate the impact of the experiment on the outcome variables 

- Using DDD method with both treatment and control stores 
- Expand the analysis by controlling for other factors 
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Conclusion: which technique to choose?
• RCT if having a good pilot/theory to test and 

have large sample and big intervention
• RDD usually preferred over other non-RCT 

methods as its assumption is least demanding
• Next is DID with long-run pre-program data
• IV is very hard to find: unless have a really good 

IV, think twice
• Matching is usually last resort, should match 

using a large set of chars. More convincing if 
combined with DID
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Last exercise: remember the 
assumptions for causal identification
• RCT?
• Matching?
• RDD?
• IV?
• DID?

Sarah Dong (ANU)      IRSA Workshop      July 21-22, 2018 33


