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Comparative case studies

Goal:

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

Comparative Case Studies:

I 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

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

I 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

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

I 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 8.3 (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:

I Policy interventions often take place at an aggregate level

I Aggregate/macro data are often available

Problems:

I Selection of control group is often ambiguous

I 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

I 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.

I 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).

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



A primer on synthetic control estimation

I 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.

I 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

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

I Unit “one” is exposed to the intervention of interest (that is,
“treated”) during periods T0 + 1, . . . ,T .

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

I Let Y N
it be the outcome that would be observed for unit i at time t

in the absence of the intervention.

I Let Y I
it be the outcome that would be observed for unit i at time t if

unit i is exposed to the intervention in periods T0 + 1 to T .

I We aim to estimate the effect of the intervention on the treated unit,

τ1t = Y I
1t − Y N

1t = Y1t − Y N
1t

for t > T0, and Y1t is the outcome for unit one at time t.



A primer on synthetic control estimation

I Let W = (w2, . . . ,wJ+1)′ with wj ≥ 0 for j = 2, . . . , J + 1
and w2 + · · ·+ wJ+1 = 1. Each value of W represents a
potential synthetic control.

I Let X 1 be a (k × 1) vector of pre-intervention characteristics
for the treated unit. Similarly, let X 0 be a (k × J) matrix
which contains the same variables for the unaffected units.

I The vector W ∗ = (w∗2 , . . . ,w
∗
J+1)′ is chosen to minimize

‖X 1 − X 0W ‖, subject to our weight constraints.

I Let Yjt be the value of the outcome for unit j at time t. For a
post-intervention period t (with t ≥ T0) the synthetic control
estimator is:

τ̂1t = Y1t −
J+1∑

j=2

w∗j Yjt .

A primer on synthetic control estimation

I Typically,

‖X 1 − X 0W ‖ =

(
k∑

h=1

vh (Xh1 − w2Xh2 − · · · − wJ+1XhJ+1)2
)1/2

I The positive constants v1, . . . , vk reflect the predictive power of
each of the k predictors on Y N

1t .

I v1, . . . , vk 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 1, second column reports
X 0W

∗, 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 ∗
j country j W ∗

j

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

I Abadie et al. (2010) establish a bias bound under the factor model

Y N
it = θtZ i + λtµi + εit ,

where Z i are observed features, µi are unobserved features, and
εit is a unit-level transitory shock, modeled as random noise.

I Suppose that we can choose W ∗ such that:

J+1∑

j=2

w∗j Z j = Z 1,
J+1∑

j=2

w∗j Yj1 = Y11, · · · ,
J+1∑

j=2

w∗j YjT0 = Y1T0 .

In practice, these may hold only approximately.



A primer on synthetic control estimation

Suppose that E |εjt |p <∞ for some p > 2. Then,

|E [τ̂1t − τ1t ]| < C (p)1/p
(
λ̄2F

ξ

)
J1/p max

{
m̄

1/p
p

T
1−1/p
0

,
σ̄

T
1/2
0

}

where F is the number of unobserved factors,

σ2jt = E |εjt |2, σ2j =
1

T0

T0∑

t=1

σ2jt , σ̄2 = max
j=2,...,J+1

σ2j ,

mpjt = E |εjt |p, mpj =
1

T0

T0∑

t=1

mpjt , m̄p = max
j=2,...,J+1

mpj ,

for p even, |λtf | ≤ λ̄ for all t = 1, . . . ,T and f = 1, . . . ,F , and

ξ ≤ ξ(M) = smallest eigenvalue of
1

M

T0∑

t=T0−M+1

λ′tλt .

A primer on synthetic control estimation

I The bias bound is predicated on close fit, and controlled by
the ratio between the scale of εit and T0.

I In particular, the credibility of a synthetic control depends on
the extent to which it is able to fit the trajectory of Y1t for an
extended pre-intervention period.



A primer on synthetic control estimation

I 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.

I In particular, settings with small T0, large J, and large noise
create substantial risk of overfitting.

I 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

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

I 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.

I 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

I 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.

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

Rj(t1, t2) =

(
1

t2 − t1 + 1

t2∑

t=t1

(Yjt − Ŷ N
jt )2

)1/2

,

where Ŷ N
jt 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.

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

rj =
Rj(T0 + 1,T )

Rj(1,T0)
.

A primer on synthetic control estimation

Application: German reunification
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A primer on synthetic control estimation

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

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

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

Application: California tobacco control program
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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 Pre-Prop. 99 MSPE for CA)
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A primer on synthetic control estimation

Application: California tobacco control program
(Pre-Prop. 99 MSPE ≤ 5 Times Pre-Prop. 99 MSPE for CA)
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A primer on synthetic control estimation

Application: California tobacco control program
(Pre-Prop. 99 MSPE ≤ 2 Times Pre-Prop. 99 MSPE for CA)
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A primer on synthetic control estimation

Application: California tobacco control program
(All 38 States in Donor Pool)

0 20 40 60 80 100 120

0
1

2
3

4
5

post/pre−Proposition 99 mean squared prediction error

fr
eq

ue
nc

y

California

A primer on synthetic control estimation

I The availability of a well-defined procedure to select the
comparison unit makes the estimation of the effects of
placebo interventions feasible.

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

I 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

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

I 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

I 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.

I 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).

I 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

I Outside 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.

I 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?

I Compare to linear regression. Let:
I Y 0 be the (T − T0)× J matrix of post-intervention outcomes

for the units in the donor pool.

I X1 and X0 be the result of augmenting X 1 and X 0 with a row
of ones.

I B̂ = (X0X
′
0)−1X0Y

′
0 collects the coefficients of the regression

of Y 0 on X0.

I B̂
′
X1 is a regression-based estimator of the counterfactual

outcome for the treated unit without the treatment.

I Notice that B̂
′
X1 = Y 0W

reg , with

W
reg =X

′
0(X0X

′
0)−1X1.

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



Why use synthetic controls?

Application: German reunification

country j W reg
j country j W reg

j

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
Italy -0.05 United Kingdom 0.06
Japan 0.19 United States 0.13

Why use synthetic controls?

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

I Transparency of the fit. Linear regression uses extrapolation
to guarantee a perfect fit of the characteristics of the treated
unit, X 0W

reg = X 1, 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, X 1 − X 0W

∗.

I 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?

I 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.

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

I 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

X 0W
∗

X 1

Synthetic controls are typically sparse because they are obtained by
projecting X 1 on the convex hull of the columns X 0.



Why use synthetic controls?

I In 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 X 0.

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

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

Contextual requirements

I 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.

I Availability of a comparison group. Untreated units that

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

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

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

I No anticipation. Can be addressed by backdating.



Contextual requirements

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

I 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.

I 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

I Aggregate data on predictors and outcomes. Sometimes,
when aggregate data do not exist aggregates of micro-data
are employed in comparative case studies.

I 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.)

I 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

I 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

I Robustness tests. With respect to changes in the study
design. In the context of synthetic controls:

I Units in the donor pool

I Predictors of the outcome variable.
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Conclusions

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

I 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.

I 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

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

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

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

I 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 

Invesco 

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 gun rights 

Professor Alberto Abadie created an economic model in 2003 of terrorism-free Basque 

Country. Similar methods now inform analysis of the impact of the U.K.'s Brexit vote. 
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A method developed more than a decade ago to assess the cost of 

political violence in the Basque country has become a key tool for 

economists trying to figure out the cost ofBrexit. 
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The U.K. voted to leave the European Union in 2016 and is due to 

formally withdraw from the bloc in March next year. Attempting to 

estimate the effect of the referendum result runs into a problem 

familiar to anyone curious about the economic consequences of a 

particular event: No one can be sure how the economy would have 

performed had the vote gone the other way. 
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One approach might be to extrapolate the pre-referendum trend to 

paint a picture of how the economy might have behaved had voters 

chosen to keep the U.K. in the EU. Another might be to take the 

average growth rate of the world's other advanced economies and 

compare it with the U.K.'s. Both approaches have drawbacks. The first 

misses out more recent developments in the global economy that 

might be important, while the second isn't a precise match for the U.K. 

economy and its idiosyncrasies. 
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In the early 2000s, similar concerns led Alberto Abadie, a professor at 

the Massachusetts Institute of Technology, to develop a technique he 

dubbed the synthetic-control method. He wanted to calculate the 

terrible price of decades of terrorism on his home region of Spain but 

couldn't figure out how to do so while controlling for other economic 

factors, such as the recession Spain suffered during the late 1970s and 

early 1980s. 

"We had to come up with a different way to approach the problem," 

Prof. Abadie said in a recent interview. So they hit upon a novel idea: 

Why not create an economic model of a virtual Basque country that 

had known nothing but peace? 

In a 2003 paper, Prof. Abadie, then at Harvard, and Javier Gardeazabal 

of the University of the Basque Country in Bilbao, Spain, built this 

alternate world by melding together bits and pieces of the economies 

of other Spanish regions. This "counterfactual" Basque country 

displayed similar characteristics to the real thing, such as population 

density and weight of industrial production in output. But it hadn't 

been plagued by the violence that resulted in 800 deaths before 

separatists unilaterally called a truce in 1998. 

This experiment and related analysis led them to conclude that 

separatist violence held back growth per person by as much as 10% 

between the start of the conflict and a 1990 ceasefire. 

The method developed by Prof. Abadie and colleagues has since been 

used to estimate the economic effect of California's pioneering 

tobacco ban, German reunification, the legalization of prostitution 

and the right to bear arms. "We realized this could be applied to many 

other situations," he said. 

Now researchers in Europe are using it to construct a virtual Britain 

where 2016's Brexit vote didn't happen to determine whether that 

decision has already had a cost. Those who have used it include 

economists led by Benjamin Born of the Frankfurt School of Finance 

and Management, investment bank UBS AG, the University of Sussex's 

Trade Policy Observatory and the Centre for European Reform, a 

London-based think tank devoted to European policy. 

Not-So-Model Growth 

The U .K. economy has grown more slowly than some researchers estimate it would 

have if people had voted against breaking from the European Union in a June 2016 

referendum. 
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There are small differences in the various studies, but they all use 

Prof. Abadie's method as the basis for constructing a "doppelganger" 

U.K. from other similar advanced economies, such as the U.S., Canada, 

France and the Netherlands. They reach similar conclusions, 

suggesting the British economy at the start of 2018 was around 2% 

smaller than it would have been had the 2016 referendum gone the 

other way, a reflection of factors such as weaker investment and 

consumer spending. 

Prof. Abadie said he's aware his technique has been applied to Brexit 

but hasn't followed the studies in question closely. He said 

researchers need to take care in selecting the countries used to 

construct the doppelganger to ensure an appropriate match. And he 

added the bigger question remains how Brexit will affect the U.K. over 

the long term. Britain won't leave the EU until March 2019 and the 

shape of its future ties to the bloc are still under negotiation. 

"We are only in the middle of this process," he said. 
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