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Overview

This lecture draws heavily upon

• Pamela Jakiela and Owen Ozier's slides.)

• The Mixtape (read online here )
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http://economics.ozier.com/econ626/lec/econ626-L03-slides-2019.pdf
https://mixtape.scunning.com/
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Di�erence in Di�erences

• Sometimes we may feel we can impose more structure on
the problem.

• Suppose in particular that we can write the outcome
equation as

Yit = αi + dt + βiTit + uit

• In the above we have now introduced a time dimension
t = {1, 2}.

• Now suppose that Ti1 = 0 for all i and Ti2 = 1 for a well
de�ned group of individuals in our population.

• This framework allows us to identify the ATT e�ect under
the assumption that the growth of the outcome in the
non-treatment state is independent of treatment allocation:

E[Y 0
i2 − Y 0

i1|T ] = E[Y 0
i2 − Y 0

i1]

• This is known as parallel trends.
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Before and After

An even simpler estimator is the event study.

• We look an outcome before or after an event
• A news event: the announcement of a merger or stock
split.

• A tax change, a new law, etc.

E[Yi2 − Yi1|Ti2 = 1] = E[Y 1
i2 − Y 1

i1|Ti2 = 1]

= d2 − d1 + E[βi|Ti2 = 1]

• Except under strong conditions d2 = d1 we shouldn't
believe the results of the before and after estimator.

• Main Problem: we attribute changes to treatment that
might have happened anyway trend.

• e.g: Cigarette consumption drops 4% after a tax hike.
(But it dropped 3% the previous four years).

• Also worry about: anticipation, gradual rollout, etc.
5 / 40
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Di�erence in Di�erences

Let's try and estimate d2 − d1 directly and then di�erence it
out. Here we use parallel trends:

E[Y 0
i2 − Y 0

i1|Ti2 = 1] = E[Y 0
i2 − Y 0

i1|Ti2 = 0]

E[Yi2 − Yi1|Ti2 = 0] = d2 − d1

We now obtain an estimator for ATT:

E[βi|Ti2 = 1] = E[Yi2 − Yi1|Ti2 = 1]− E[Yi2 − Yi1|Ti2 = 0]

which can be estimated by the di�erence in the growth between
the treatment and the control group.
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Parallel trends solves a "missing data" problem
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Example: Minimum Wage
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Example: Minimum Wage
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Di�erence in Di�erences

Now consider the following problem:
• Suppose we wish to evaluate a training program for those
with low earnings. Let the threshold for eligibility be B.

• We have a panel of individuals and those with low earnings
qualify for training, forming the treatment group.

• Those with higher earnings form the control group.
• Now the low earning group is low for two reasons

1 They have low permanent earnings (αi is low) - this is
accounted for by di� in di�s.

2 They have a negative transitory shock (ui1 is low) - this is
not accounted for by di� in di�s.

• #2 above violates the assumption
E[Y 0

i2 − Y 0
i1|T ] = E[Y 0

i2 − Y 0
i1].

• This is e�ectively regression to the mean: those unlucky
enough to have a bad shock recover and show greater
growth relative to those with a good shock. The nature of
the bias depends on the stochastic properties of the shocks
and how individuals select into training. 13 / 40
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Who get's treated?

• The assumption on growth of the non-treatment outcome
being independent of assignment to treatment may be
violated, but it may still be true conditional on X.

• Consider the assumption

E[Y 0
i2 − Y 0

i1|X,T ] = E[Y 0
i2 − Y 0

i1|X]

• This is just matching assumption on a rede�ned variable,
namely the growth in the outcomes. In its simplest form
the approach is implemented by running the regression

Yit = αi + dt + βiTit + γ′tXi + uit

which allows for di�erential trends in the non-treatment
growth depending on Xi. More generally one can
implement propensity score matching on the growth of
outcome variable when panel data is available.
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DiD with Repeated Cross Sections

• Suppose we do not have available panel data but just a
random sample from the relevant population in a
pre-treatment and a post-treatment period.

• First consider a simple case where
E[Y 0

i2 − Y 0
i1|T ] = E[Y 0

i2 − Y 0
i1].

• We need to modify slightly the assumption to
E[Y 0

i2|Group receiving training]− E[Y 0
i1|Group receiving training in the next period]

= E[Y 0
i2 − Y 0

i1]

which requires additional assumption that the population
we will be sampling from does not change composition.

• We can then obtain immediately an estimator for ATT as

E[βi|Ti2 = 1]

= E[Yi2|Group receiving training]− E[Yi1|Group receiving training next period]

− {E[Yi2|Non-trainees]− E[Yi1|Group not receiving training next period]}
15 / 40
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Di�erence in Di�erences with Repeated Cross
Sections

• More generalIy we need an assumption of conditional
independence of the form

E[Y 0
i2|X, Group receiving training]− E[Y 0

i1|X, Group receiving training next period]

= E[Y 0
i2|X]− E[Y 0

i1|X]

• Under this assumption (and some auxiliary parametric
assumptions) we can obtain an estimate of the e�ect of
treatment on the treated by the regression

Yit = αg + dt + βTit + γ′Xit + uit
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Di�erence in Di�erences with Repeated Cross
Sections

• More generalIy we can �rst run the regression

Yit = αg + dt + β(Xit)Tit + γ′Xit + uit

where αg is a dummy for the treatment of comparison
group, and β(Xit) can be parameterized as
β(Xit) = β′Xit. The ATT can then be estimated as the
average of β′Xit over the (empirical) distribution of X.

• A non parametric alternative is o�ered by Blundell, Dias,
Meghir and van Reenen (2004).
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DiD vs Fixed E�ects

• What if we have a long panel with many similar changes?
• Greenstone (2002): Counties move in and out of Clean Air
Act

• Evans, Ringel, and Stech (1999): Since 1975, more than
200 state cigarette tax changes

• Fixed e�ects generalize DD with T > 2 periods and J > 2
groups

• Advantage relative to DD: more precise estimates by
pooling several changes

• Disadvantage: �xed e�ects is a black-box regression, more
di�cult to check trends non-parametrically as with a single
change
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The best DiD's can be seen graphically

19 / 40



Treatment
E�ects
Part 2

Richard L.
Sweeney

DiD

Synthetic
Controls

Synthetic DiD

References

What about triple di�erencing?

• Sometime we might use a "placebo" DD to make parallel
trends more convincing

• Example: Imagine a policy which o�ered STEM outreach
to high school girls in Massachusetts

• Natural DiD control group: boys in MA
• However over time there could be general shifts in the
relative outcomes of boys and girls everywhere

• Suggest looking at how the di�erence between boys and
girls in MA changed relative to the changes in other states
(say RI)

• Logically sound, but much harder to see/ validate visually

20 / 40
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Di�erence in Di�erences and Selection on
Unobservables

• Suppose we relax the assumption of no selection on
unobservables.

• Instead we can start by assuming that

E[Y 0
i2|X,Z]− E[Y 0

i1|X,Z] = E[Y 0
i2|X]− E[Y 0

i1|X]

where Z is an instrument which determines training
eligibility say but does not determine outcomes in the
non-training state. Take Z as binary (1,0).

• Non-Compliance: not all members of the eligible group
(Z = 1) will take up training and some of those ineligible
(Z = 0) may obtain training by other means.

• A di�erence in di�erences approach based on grouping by
Z will estimate the impact of being allocated to the
eligible group, but not the impact of training itself.
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Di�erence in Di�erences and Selection on
Unobservables

• Now suppose we still wish to estimate the impact of
training on those being trained (rather than just the e�ect
of being eligible)

• This becomes an IV problem and following up from the
discussion of LATE we need stronger assumptions

• Independence: for Z = a, {Y 0
i2 − Y 0

i1, Y
1
i2 − Y 1

i1, T (Z = a)}
is independent of Z.

• Monotonicity Ti(1) ≥ Ti(0) ∀ i
• In this case LATE is de�ned by

[E(∆Y |Z = 1)− E(∆Y |Z = 0)]/[Pr(T (1) = 1)− Pr(T (0) = 1)]

assuming that the probability of training in the �rst period
is zero.
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Synthetic Controls

• DiD methods compare two groups before and after some
change.

• Challenge: What's a good comparison group? Even if you
pick the best available option, might not track eachother
that closely even in the pre-period.

• Moreover, if we don't have another untreated group that is
well balanced against the treatment group, are we stuck?

• Synthetic control methods pick weighted averages from
control population to construct better comparisons (Abadie
and Gardeazabal, 2003; Abadie, Diamond, and
Hainmueller, 2010)

• Athey and Imbens (2017) call this �arguably the most
important innovation in the policy evaluation literature in
the past 15 years�.
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Initial motivation: Case studies

• Often we're interested in the aggregate e�ects of large,
singular policies.

• What was the impact of MassHealth?
• Fukushima
• Terrorism
• German Re-uni�cation

• What would a rigorous "case study" of these look like?
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ADH (JASA 2010)

• Consider a panel with J + 1 units observed for
t = 1, 2, ..., T periods.

• Unit 1 exposed to treatment in period T0 (continues to T )

• Synthetic control estimator is

α̂1t = Y1t −
J+1∑
j=2

w∗jYjt

where w is a collection of weights.

• In Abadie, Diamond, and Hainmueller (2010) the
(non-negative) weights are chosen to minimize the distance
between some chosen vector of preintervention
characteristics (and sum to one).

• Subsequent literature has relaxed these.
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ADH Example: CA Prop 99

• Anti cigarette law in CA in 1988
• increased state excise tax by 25 cents per pack
• earmarked the tax revenues to health and anti-smoking
education budgets

• funded anti-smoking media campaigns
• spurred local clean indoor-air ordinances throughout the
state

• What was the net e�ect on sales?
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Sales were trending down everywhere
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What does synthetic CA look like?
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Balance Acheived
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Parallel trends acheived by contstruction
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What about inference

• SE's typically reported re�ect uncertainty in sample relative
to aggregate population.

• ADH propose using a placebo test to assess null of no
change in CA.

• Steps:

1 Randomly select one of the other J control units / time
cuto�s and declare it treated.

2 Construct synthetic controls and estimate ATT.
3 Repeat many times

• Since none of these units are actually treated, this test
distribution simulates distribution of the di�erences relative
to the synthetic control under the true null of no e�ect.
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Arkhangelsky et al. (2020) synthesize recent developments in
synthetic controls, DiD, regularization. Video lecture available
here.
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https://www.youtube.com/watch?v=r2DzGAigTl4
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