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Estimating Treatment Effects Review

ATE = Avgn[Y
1 − Y 0]

ATEest = Avgn[Y
1|D = 1]− Avgn[Y

0|D = 0]

When (Y 1,Y 0) ⊥̸⊥ D:

ATEest = ATE + {Avgn[Y 0|D = 1]− Avgn[Y
0|D = 0]}︸ ︷︷ ︸

Selection Bias

+ (1− π)(ATT − ATU)︸ ︷︷ ︸
Heterogeneous Treatment Effect Bias

ATEest = β0 + β1D + β2X1 + β3X2 + ...βkXk−1 + ε

Regression with matching

Natural experiment w/randomization (Oregon): (Y 1,Y 0)⊥⊥ D



Health Insurance (Medicaid) and Mortality

Research Question: Does gaining health insurance coverage reduce
mortality?

▶ Mechanism:
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Health Insurance and Mortality - Goldin, Lurie, and McCubbin

Intervention:
▶ Letter sent to taxpayers who paid a penalty in 2015

▶ Treatment assignment was randomized
- 86% got letter
- 14% didn’t

Data & Sample:
▶ IRS tax return data

- Includes information on insurance coverage (including type of coverage)
▶ Data on mortality

- Social Security Death File
- Pros: Can be linked to the IRS tax return data
- Cons: No information on cause of death

▶ Outcome is deaths for those ages 45-64
▶ Sample period is 2017-2018
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Health Insurance and Mortality - Goldin, Lurie, and McCubbin

First estimate coverage effects of taxpayer outreach.
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Health Insurance and Mortality - Goldin, Lurie, and McCubbin

Next estimate mortality effects of taxpayer outreach (and insurance
coverage).
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Quasi-Experimental Research Design

But we rarely encounter natural experiments w/ randomized
assignment to treatment, so what can we do?

Difference-in-differences

▶ Intuition: Compare units exposed to treatment before and after
exposure to unexposed units.

▶ ATE = (Treatpost − Treatpre)− (Controlpost − Controlpre)

▶ ATE =
(E [Y 1

treat |Post]− E [Y 0
treat |Pre])− (E [Y 0

cont |Post]− E [Y 0
cont |Pre])
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Quasi-Experimental Research Design - Difference-in-Differences

Card & Kruegar (1994) - Does raising the minimum wage reduce
employment?

▶ Economic theory suggests that higher employment costs will reduce
demand for labor

▶ April 1, 1992: New Jersey raises minimum wage from $4.25 to $5.05
per hour

▶ Collected data on employment in 400 fast food restaurants in the
Philadelphia area in February 1992 (pre-NJ increase) and again in
November 1992 (post-increase).
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Quasi-Experimental Research Design - Difference-in-Differences

Card & Kruegar (1994) - Minimum Wages and Employment



Quasi-Experimental Research Design - Difference-in-Differences

ATE = (E [Y 1
NJ |Nov ]− E [Y 0

NJ |Feb])− (E [Y 0
PA|Nov ]− E [Y 0

PA|Feb])
▶ Where Y is the average number of FTE employees.
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DD Estimating Equation:
Yst = β0 + β1Treats + β2Postt + β3Treats × Postt + εst

Why estimate a regression? Why not just compare means?
▶ We can, but a regression allows us to control for observable differences

in treatment and control units.

What ATE are we estimating with DD?
▶ Depends. Could be ITT. Could be TOT. Are all units in the treatment

group exposed to treatment?
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▶ Difference-in-differences:

- Expansion vs. non-expansion counties
- Pre-expansion vs. post-expansion
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Medicaid and Mortality - Borgschulte and Vogler

Data & Sample:

▶ Data on mortality
- CDC National Vital Statistics Death Certificate Data
- Pros: universe of deaths in the U.S. in each year, includes location of

residence, includes detailed cause of death
- Cons: No information on insurance coverage or income

▶ Outcome is deaths for those ages 20-64
▶ Sample period is from 2009 through 2017
▶ Aggregate individual-level data to the county level to create

county-level mortality rates (deaths per 100,000 population)
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Medicaid and Mortality - Borgschulte and Vogler

Using the matched county sample:
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Difference-in-Differences Estimates:



Medicaid and Mortality - Borgschulte and Vogler

Conclusion:
▶ Medicaid expansion reduced mortality for 20-64 year olds by 11.36

deaths per 100,000 (3.6%) in the first four years.

▶ ITT estimate. How do we get to the TOT estimate?
▶ Scale ITT by change in insurance coverage (4.15 percentage points)
▶ TOT = 30% reduction in mortality.

Comparison across studies:
▶ Oregon (55 to 64) = 71.7% reduction over 14 months (NS)
▶ Goldin et al. (45 to 64) = 17.7% per month of coverage
▶ Borgschulte and Vogler (55 to 64) = 30% reduction over 4 years
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