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Comparative case studies
Goal:

» Estimate effects of events or policy interventions that take
place at an aggregate level (e.g., cities, states, countries).

Comparative Case Studies:

» Compare the evolution of an aggregate outcome for the unit
affected by the intervention (the “treated” unit) to the
evolution of the same aggregate for some control group (e.g.
Card, 1990, Card and Krueger, 1994, Abadie and Gardeazabal,
2003).




Motivating example: The Mariel Boatlift

» How do inflows of immigrants affect the wages and
employment of natives in local labor markets?

» Card (1990) uses the Mariel Boatlift of 1980 as a natural
experiment to measure the effect of a sudden influx of
immigrants on unemployment among less-skilled natives

» The Mariel Boatlift increased the Miami labor force by 7%

» Individual-level data on unemployment from the Current
Population Survey (CPS) for Miami and four comparison cities
(Atlanta, Los Angeles, Houston and Tampa-St. Petersburg)

Motivating example: The Mariel Boatlift

Difference-in-differences estimate on unemployment rates
(African-American workers)

Year

1979 1981 1981-1979
Miami 83 (1.7) 9.6 (1.8) 1.3 (2.5)
Comparison cities 10.3 (0.8) 12.6 (0.9) 2.3 (1.2)

Miami-Comparison Difference —2.0 (1.9) —3.0(2.0) —1.00 (2.8)

Adapted from Card (1990) and Angrist and Krueger (1999).
Standard errors in parentheses.




Comparative case studies

Advantages:
» Policy interventions often take place at an aggregate level

» Aggregate/macro data are often available

Problems:
» Selection of control group is often ambiguous

» Standard errors do not reflect uncertainty about the ability of
the control group to reproduce the counterfactual of interest

A primer on synthetic control estimation

» Synthetic control methods were originally proposed in Abadie
and Gardeazabal (2003) and Abadie et al. (2010) with the
aim to estimate the effects of aggregate interventions.

» Many events or interventions of interest naturally happen at
an aggregate level affecting a small number of large units
(such as cities, regions, or countries).

» Even in experimental settings micro-interventions may not be
feasible (e.g., fairness) or effective (e.g., interference).




A primer on synthetic control estimation

» When the units of analysis are a few aggregate entities, a
combination of comparison units (a “synthetic control”) often
does a better job reproducing the characteristics of a treated
unit than any single comparison unit alone.

» The comparison unit in the synthetic control method is
selected as the weighted average of all potential comparison
units that best resembles the characteristics of the treated
unit(s).

A primer on synthetic control estimation

>

>

Suppose that we observe J + 1 units in periods 1,2,..., T.

Unit “one” is exposed to the intervention of interest (that is,
“treated” ) during periods To+1,..., T.

The remaining J are an untreated reservoir of potential controls (a
“donor pool”).

Let Y,’tV be the outcome that would be observed for unit / at time t
in the absence of the intervention.

Let Y. be the outcome that would be observed for unit i at time ¢ if
unit / is exposed to the intervention in periods 7o+ 1to T.

We aim to estimate the effect of the intervention on the treated unit,
T1t = Yllt - Y1,\tl = Y1t — Y1/¥

for t > Tp, and Yi: is the outcome for unit one at time t.




A primer on synthetic control estimation

> Let W = (wo,...,wyy1) withw; >0forj=2,...,J+1
and wp + --- 4+ wyy1 = 1. Each value of W represents a
potential synthetic control.

» Let X; be a (k x 1) vector of pre-intervention characteristics
for the treated unit. Similarly, let Xo be a (k x J) matrix
which contains the same variables for the unaffected units.

> The vector W* = (w5,...,wj ;)" is chosen to minimize
| X1 — XoW||, subject to our weight constraints.

» Let Yj; be the value of the outcome for unit j at time t. For a
post-intervention period t (with t > Tp) the synthetic control

estimator Is:
J+1

o *
Tie = Y1t — E VVJY]t
Jj=2

A primer on synthetic control estimation

» Typically,
B 1/2
2
[ X1 — XoW| = (Z Vh (Xh1 — woXpo — - — w1 Xhy41) )
h=1
» The positive constants vy, ..., v, reflect the predictive power of

each of the k predictors on Y{V.

» vi, ..., Vg can be chosen via out-of-sample validation.




A primer on synthetic control estimation

Application: German reunification
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A primer on synthetic control estimation
Application: German reunification
West Synthetic OECD
Germany West Germany  Sample
(1) (2) 3)
GDP per-capita  15808.9 15802.24 13669.4
Trade openness 56.8 56.9 59.8
Inflation rate 2.6 3.5 7.6
Industry share 34.5 34.5 34.0
Schooling 55.5 55.2 38.7
Investment rate 27.0 27.0 25.9

Note: First column reports X, second column reports
XoW?™, and last column reports a simple average for the
16 OECD countries in the donor pool. GDP per capita, in-
flation rate, and trade openness are averages for 1981-1990.
Industry share (of value added) is the average for 1981-1989.
Schooling is the average for 1980 and 1985. Investment rate

is averaged over 1980-1984.




A primer on synthetic control estimation

Application: German reunification

country j W/ country j W
Australia 0 Netherlands 0.10
Austria 0.42 New Zealand 0
Belgium 0 Norway 0
Denmark 0 Portugal 0
France 0 Spain 0
Greece 0 Switzerland 0.11
Italy 0 United Kingdom 0
Japan 0.16 United States 0.22

A primer on synthetic control estimation

» Abadie et al. (2010) establish a bias bound under the factor model
Yii' = 0:Z; + Aept; + €,

where Z; are observed features, u; are unobserved features, and
€jt Is a unit-level transitory shock, modeled as random noise.

» Suppose that we can choose W* such that:

J+1 J+1 J+1
VV_ij:ZI7 V‘{j\/jl:Yll7 Ty M/_j\/jTozleo'
J=2 J=2 J=2

In practice, these may hold only approximately.




A primer on synthetic control estimation

Suppose that Elejt|P < oo for some p > 2. Then,

£

~ 32F my/? g
|E[T1: — 112]| < C(P)l/p <—> JHP max{ 1f1/P’ 1/2 }
TO TO

where F is the number of unobserved factors,

1

2 2 2 2 =2 2
o = Eleyl®, o0f = — g o, 0°= max oF
Jt | J | J TO ot Jt j=2.. 41 jo

1 &
- _|P - . = .
mpje = ElejelP,  mp; = E :‘”pjtv Mp = mMax _Mp,
To 1 Jj=2,...,J+1

Mel < Aforallt=1,...,Tand f=1,...,F, and

for p even,

To
1
£ < (M) = smallest eigenvalue of i Z it
t=To—M+1

A primer on synthetic control estimation

» The bias bound is predicated on close fit, and controlled by
the ratio between the scale of ¢;; and Tp.

» |n particular, the credibility of a synthetic control depends on
the extent to which it is able to fit the trajectory of Yi: for an
extended pre-intervention period.




A primer on synthetic control estimation

» There are no ex-ante guarantees on the fit. If the fit is poor,
Abadie et al. (2010) recommend against the use of synthetic
controls.

» |n particular, settings with small Tg, large J, and large noise
create substantial risk of overfitting.

» To reduce interpolation biases and risk of overfitting, restrict
the donor pool to units that are similar to the treated unit.

A primer on synthetic control estimation

» Abadie et al. (2010) propose a mode of inference for the
synthetic control framework that is based on permutation
methods.

» A permutation distribution can be obtained by iteratively
reassigning the treatment to the units in the donor pool and
estimating “placebo effects” in each iteration.

» The effect of the treatment on the unit affected by the
intervention is deemed to be significant when its magnitude is
extreme relative to the permutation distribution.




A primer on synthetic control estimation

» Permutation inference is complicated by the fact that the
pre-intervention fit on the outcome variable may be of different
quality for different sample units.

» This can be addressed by using the ratio between post-treatment
and pre-treatment RMSE as a test statistic. Let

. & 1/2
Ri(t1, t2) = (m Z(th - Yj’tv)2> 3

t=t1

where %’t\’ is the outcome on period t produced by a synthetic
control when unit j is coded as treated and using all other J units to
construct the donor pool.

» Abadie et al. (2010) use the permutation distribution of

p= RJ(TO +1, T)
! Ri(1, To)

A primer on synthetic control estimation

Application: German reunification
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A primer on synthetic control estimation

» The permutation distribution is more informative than
mechanically looking at p-values alone.

» Depending on the number of units in the donor pool,
conventional significance levels may be unrealistic or
impossible.

» Often, one sided inference is most relevant.

A primer on synthetic control estimation

Application: California tobacco control program
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A primer on synthetic control estimation

Application

120 140

100

60

per—capita cigarette sales (in packs)
40 80

20

. California tobacco control program

| —— California

| = = synthetic Californig

Passage of Proposition 99> -

1970

1975 1980 1985 1990 1995

year

2000

A primer on

Application:
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A primer on synthetic control estimation

Application: California tobacco control program
(ALL STATES IN DONOR PooL)
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A primer on synthetic control estimation

Application: California tobacco control program
(PRE-PrOP. 99 MSPE < 20 TiMES PrRE-PrOP. 99 MSPE ror CA)
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A primer on synthetic control estimation

Application: California tobacco control program
(PrReE-PrOP. 99 MSPE < 5 TiMES PrRE-PrOP. 99 MSPE FORrR CA)
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A primer on synthetic control estimation

Application: California tobacco control program
(PrRe-PrOP. 99 MSPE < 2 TiMES PrReE-Propr. 99 MSPE FOrR CA)
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A primer on synthetic control estimation
Application: California tobacco control program
(ALL 38 STATES IN DONOR PoOL)
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A primer on synthetic control estimation

» The availability of a well-defined procedure to select the

compa
placeb

rison unit makes the estimation of the effects of
o interventions feasible.

» The permutation method we just described does not attempt
to approximate the sampling distributions of test statistics.

» Sampling-based inference is complicated in a comparative case
study setting, sometimes because of the absence of a
well-defined sampling mechanism and sometimes because the
sample is the same as the population.




A primer on synthetic control estimation

» This mode of inference reduces to classical randomization
inference (Fisher, 1935) when the intervention is randomly
assigned, a rather improbable setting.

» More generally, this mode of inference evaluates significance
relative to a benchmark distribution for the assignment
process, one that is implemented directly in the data.

Applications

» Synthetic controls have been applied to study the effects of
right-to-carry laws (Donohue et al., 2017), legalized
prostitution (Cunningham and Shah, 2018), immigration
policy (Bohn et al., 2014), corporate political connections
(Acemoglu et al., 2016) and many other policy issues.

» They have also been adopted as the main tool for data
analysis across different sides of the issues in recent prominent
debates on the effects of immigration (Borjas, 2017; Peri and
Yasenov, 2017) and minimum wages (Allegretto et al., 2017;
Jardim et al., 2017; Neumark and Wascher, 2017; Reich et al.,
2017).

» Synthetic controls are also applied outside economics in the
social sciences, biomedical disciplines, engineering, etc. (see,
e.g., Heersink et al., 2017; Pieters et al., 2017).




Applications

» Qutside academia, synthetic controls have found considerable
coverage in the popular press (see, e.g., Guo, 2015; Douglas,
2018) and have been widely adopted by multilateral
organizations, think tanks, business analytics units,
governmental agencies, and consulting firms.

» For example, the synthetic control method plays a prominent
role in the official evaluation of the effects of the massive Bill
& Melinda Gates Foundation’s Intensive Partnerships for
Effective Teaching program (Gutierrez et al., 2016).

Why use synthetic controls?

» Compare to linear regression. Let:

» Y, be the (T — Tp) x J matrix of post-intervention outcomes
for the units in the donor pool.

> X; and )_(0 be the result of augmenting X; and Xg with a row
of ones.

> B = (X, )_(_(;)_1)_(0 Y collects the coefficients of the regression
of Yy on Xjp.

~|—

» B Xj is a regression-based estimator of the counterfactual
outcome for the treated unit without the treatment.

» Notice that El)_(l = YoW"™8, with
W™ = X,(XoX,) ' X1.

» The components of W™ sum to one, but may be outside
[0, 1], allowing extrapolation.




Why use synthetic controls?

Application: German reunification

country j  W;*® country j W,
Australia  0.12 Netherlands 0.14
Austria 0.26 New Zealand 0.12
Belgium 0.00 Norway 0.04
Denmark  0.08 Portugal -0.08
France 0.04 Spain -0.01
Greece -0.09 Switzerland 0.05
ltaly -0.05 United Kingdom  0.06
Japan 0.19 United States 0.13

Why use synthetic controls?

» No extrapolation. Synthetic control estimators preclude
extrapolation outside the support of the data.

» Transparency of the fit. Linear regression uses extrapolation
to guarantee a perfect fit of the characteristics of the treated
unit, XoW '™ = X, even when the untreated units are
completely dissimilar in their characteristics to the treated
unit. In contrast, synthetic controls make transparent the
actual discrepancy between the treated unit and the convex
hull of the units in the donor pool, X1 — XqW™.

» Safeguard against specification searches. Synthetic
controls do not require access to post-treatment outcomes in
the design phase of the study, when synthetic control weights
are calculated. Therefore, all design decisions can be made
without knowing how they affect the conclusions of the study.




Why use synthetic controls?

» Safeguard against specification searches (cont.)
Synthetic control weights can be calculated and pre-registered
before the post-treatment outcomes are realized, or before the
actual intervention takes place, providing a safeguard against
specification searches and p-hacking.

» Transparency of the counterfactual. Synthetic controls
make explicit the contribution of each comparison unit to the
counterfactual of interest.

» Sparsity. Because the synthetic control coefficients are proper
weights and are sparse, they allow a precise interpretation of
the nature of the estimate of the counterfactual of interest
(and of potential biases).

Why use synthetic controls?

Sparsity: Geometric interpretation

Synthetic controls are typically sparse because they are obtained by
projecting X1 on the convex hull of the columns Xj.




Why use synthetic controls?

» |n some cases, especially in applications with many treated
units, the values of the predictors for some of the treated
units may fall in the convex hull of the columns of Xj.

» Then, synthetic controls are not unique or necessarily sparse.

» A modification of the synthetic control estimator that is
always unique and sparse is developed in Abadie and L'Hour
(2019).

Contextual requirements

» Size of the effect and volatility of the outcome. Small
effects will be indistinguishable from other shocks to the
outcome of the affected unit, especially if the outcome
variable of interest is highly volatile.

» Availability of a comparison group. Untreated units that

» Do not adopt interventions similar to the one under
investigation during the period of the study.

» Do not suffer large idiosyncratic shocks to the outcome of
interest during the study period.

» Have characteristics similar to the characteristics of the
affected unit.

» No anticipation. Can be addressed by backdating.




Contextual requirements

>

>

No interference. Sparsity makes it possible to address
interference issues.

Convex hull condition. Synthetic control estimates are
predicated on the idea that a combination of unaffected units
can approximate the pre-intervention characteristics of the
affected unit.

Time horizon. The effect of some interventions may take
time to emerge or to be of enough magnitude to be
quantitatively detected in the data.

Data requirements

» Aggregate data on predictors and outcomes. Sometimes,

when aggregate data do not exist aggregates of micro-data
are employed in comparative case studies.

Sufficient pre-intervention information. The credibility of a
synthetic control estimator depends in great part on its ability
to steadily track the trajectory of the outcome variable for the
affected unit before the intervention. (Recall bias bound.)

Sufficient post-intervention information. This may be
problematic if the effect of an intervention is expected to arise
gradually over time and if no forward looking measures of the
outcome are available.




Robustness and diagnosis checks

» Backdating. Backdating was discussed before as a way to
address anticipation effects on the outcome variable before an
intervention occurs. In the absence of anticipation effects, he
same idea can be applied to assess the credibility of a
synthetic control in concrete empirical applications.
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Robustness and diagnosis checks
» Robustness tests. With respect to changes in the study
design. In the context of synthetic controls:
» Units in the donor pool

» Predictors of the outcome variable.
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Conclusions

» Synthetic controls provide many practical advantages for the
estimation of the effects of policy interventions and other
events of interest.

» Like for any other statistical procedure (and especially for
those aiming to estimate causal effects), the credibility of the
results depends crucially on the level of diligence exerted in
the application of the method and on whether contextual and

data requirements are met in the empirical application at
hand.

» Much current methodological work on synthetic controls and
related methods. E.g., Athey et al. (2018) and Amjad et al.
(2018) propose matrix completion techniques to estimate
synthetic controls.

Conclusions

» Some open areas of research: sampling-based inference,
external validity, sensitivity to model restrictions, estimation
with multiple interventions, mediation analysis ...

» An area of recent heightened interest regarding the use of
synthetic controls is the design of experimental interventions.

» Results on robust and efficient computation of synthetic
controls are scarce, and more research is needed on the
computational aspects of this methodology.

» On the empirical side, many of the events and the policy
interventions economists care about take place at an
aggregate level, affecting entire aggregate units.
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How an Analysis of Basque Terrorism Helps
Economists Understand Brexit

A method pioneered by an MIT professor has also been used to estimate the economic effect of a
tobacco ban, German reunification, legalization of prostitution and gunrights




