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To my parents.



Watching a coast as it slips by the ship is
like thinking about an enigma. There it is
before you, smiling, frowning, inviting,
grand, mean, insipid, or savage, and
always mute with an air of whispering,

"Come and find out".

Joseph Conrad, Heart of Darkness.
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ABSTRACT

This Master Thesis consists of one theoretical article and one empirical article on the

field of Microeconometrics.

The first chapter!, called Synthetic Control Estimator: A Generalized Inference Procedure
and Confidence Sets, contributes to the literature about inference techniques of the Synthetic
Control Method. This methodology was proposed to answer questions involving counterfactuals
when only one treated unit and a few control units are observed. Although this method was
applied in many empirical works, the formal theory behind its inference procedure is still an open
question. In order to fulfill this lacuna, we make clear the sufficient hypotheses that guarantee
the adequacy of Fisher’s Exact Hypothesis Testing Procedure for panel data, allowing us to test
any sharp null hypothesis and, consequently, to propose a new way to estimate Confidence Sets
for the Synthetic Control Estimator by inverting a test statistic, the first confidence set when
we have access only to finite sample, aggregate level data whose cross-sectional dimension
may be larger than its time dimension. Moreover, we analyze the size and the power of the
proposed test with a Monte Carlo experiment and find that test statistics that use the synthetic
control method outperforms test statistics commonly used in the evaluation literature. We
also extend our framework for the cases when we observe more than one outcome of interest
(simultaneous hypothesis testing) or more than one treated unit (pooled intervention effect) and

when heteroskedasticity is present.

The second chapter, called Free Economic Area of Manaus: An Impact Evaluation using
the Synthetic Control Method, is an empirical article. We apply the synthetic control method
for Brazilian city-level data during the 20™ Century in order to evaluate the economic impact
of the Free Economic Area of Manaus (FEAM). We find that this enterprise zone had positive
significant effects on Real GDP per capita and Services Total Production per capita, but it also
had negative significant effects on Agriculture Total Production per capita. Our results suggest
that this subsidy policy achieve its goal of promoting regional economic growth, even though it

may have provoked mis-allocation of resources among economic sectors.

Key-words: Synthetic Control Estimator, Hypothesis Testing, Confidence Sets, Free Economic

Area of Manaus, Enterprise Zones.
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RESUMO

Esta dissertacdo de mestrado consiste em um artigo tedrico € um artigo empirico no

campo da Microeconometria.

O primeiro capitulo contribui para a literatura sobre técnica de inferéncia do método
de controle sintético. Essa metodologia foi proposta para responder a questdes envolvendo
contrafactuais quando apenas uma unidade tratada e poucas unidades controle sao observadas.
Apesar de esse método ter sido aplicado em muitos trabalhos empiricos, a teoria formal por trés
de seu procedimento de inferéncia ainda € uma questao em aberto. Para preencher essa lacuna,
nds deixamos claras hipéteses suficientes que garantem a validade do Procedimento Exato de
Teste de Hipotese de Fisher para dados em painel, permitindo que nds testissemos qualquer
hipétese nula do tipo sharp e, consequentemente, que nds propuséssemos uma nova forma de
estimar conjuntos de confianca para o Estimador de Controle Sintético por meio da inversio de
uma estatistica de teste, o primeiro conjunto de confiangca quando temos acesso apenas a dados
agregados cuja dimensao de cross-section pode ser maior que a dimensdo temporal. Ademais,
nés analisamos o tamanho e o poder do teste proposto por meio de um experimento de Monte
Carlo e encontramos que estatisticas de teste que usam o método de controle sintético apresentam
uma performance superior aquela apresentada pelas estatisticas de teste comumente analisadas
na literatura de avaliagdo de impacto. Nos também estendemos nosso procedimento para abarcar
0s casos em que observamos mais de uma varidvel de interesse (teste simultaneo de hipdtese) ou
mais de uma unidade tratada (efeito agregado da interven¢do) e quando heterocedasticidade estd

presente.

O segundo capitulo € um artigo empirico. Nos aplicamos o método de controle sintético
a dados municipais brasileiros durante o século 20 com o intuito de avaliar o impacto econdomico
da Zona Franca de Manaus (ZFM). N6s encontramos que essa zona de empreendimento teve
efeitos positivos significantes sobre o PIB Real per capita e sobre a Producdo Total per capita do
setor de Servigcos, mas também teve um efeito negativo e significante sobre a Producao total per
capita do setor Agricola. Nossos resultados sugerem que essa politica de subsidio alcangou seu
objetivo de promover crescimento econdmico regional, apesar de possivelmente ter provocado

falhas de alocagdo de recursos entre setores econdmicos.

Palavras-chaves: Estimador de Controle Sintético, Teste de Hip6tese, Conjuntos de Confianga,

Zona Franca de Manaus, Zonas de Empreendimentos.
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1 Synthetic Control Estimator: A Generalized Inference Procedure and Confidence Sets

1.1 Introduction

The Synthetic Control Method was proposed by Abadie e Gardeazabal (2003), Aba-
die, Diamond e Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015) to address
counterfactual questions involving only one treated unit and a few control units. Intuitively, this
method constructs a weighted average of control units that is as similar as possible to the treated
unit regarding the pre-treatment outcome variable and covariates. For this reason, this weighted
average of control units is known as the synthetic control. Although the empirical literature
applying the Synthetic Control Method is vast!, this tool’s theoretical foundation is still under
development.

Our first contribution to this literature is to formalize the current existing inference pro-
cedure proposed by Abadie, Diamond e Hainmueller (2010). Adapting the framework described
by Imbens e Rubin (2015) to a panel data context, we clearly state hypotheses that guarantee the
validity of Fisher’s Exact Hypothesis Testing Procedure, a method that compares an observed test
statistic to its empirical distribution in order to verify whether there is enough evidence to reject
the null hypothesis. Particularly, our framework allow us to test not only the null hypothesis of
no effect whatsoever, but also any kind of sharp null hypothesis, generalizing the current existing
inference procedure. The possibility of testing any sharp null hypothesis is relevant in order to
approximate the intervention effect function by simpler functions that can be used to predict its
future behavior. Most importantly, being able to test more flexible null hypothesis is fundamental
to compare the costs and benefits of a policy. For example, one can interpret the intervention
effect as the policy’s benefit and test whether it is different than its costs. It also enables the
empirical researcher to test theories related to the analyzed phenomenon, particularly the ones

that predict some specific kind of intervention effect.

Based on our generalization of the current existing inference procedure, we propose a
novel way to estimate Confidence Sets for the Synthetic Control Estimator by inverting a test

statistic. We modify the method proposed by Imbens e Rubin (2015) to estimate confidence

1 This tool was applied to an extremely diverse set of topics, including, for instance, issues related to terrorism, civil
wars and political risk (Abadie e Gardeazabal (2003), Bove, Elia e Smith (2014), Li (2012), Montalvo (2011),
Yu e Wang (2013)), natural resources and disasters (Barone e Mocetti (2014), Cavallo et al. (2013), Coffman e
Noy (2011), DuPont e Noy (2012), Mideksa (2013), Sills et al. (2015), Smith (2015)), international finance
(Jinjarak, Noy e Zheng (2013), Sanso-Navarro (2011)), education and research policy (Belot e Vandenberghe
(2014), Chan et al. (2014), Hinrichs (2012)), health policy (Bauhoftf (2014), Kreif et al. (2015)), economic and
trade liberalization (Billmeier e Nannicini (2013), Gathani, Santini e Stoelinga (2013), Hosny (2012)), political
reforms (Billmeier e Nannicini (2009), Carrasco, Mello e Duarte (2014), Dhungana (2011) Ribeiro, Stein e Kang
(2013)), labor (Bohn, Lofstrom e Raphael (2014), Calderon (2014)), taxation (Kleven, Landais e Saez (2013),
Souza (2014)), crime (Pinotti (2012b), Pinotti (2012a), Saunders et al. (2014)), social connections (Acemoglu et
al. (2013)), and local development (Ando (2015), Gobillon e Magnac (2016), Kirkpatrick e Bennear (2014), Liu
(2015), Severnini (2014)).
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intervals based on Fisher’s Exact Hypothesis Testing Procedure in order to apply it to a panel
data framework, using test statistics generated by the Synthetic Control Method. To the best
of our knowledge, this is the first work to propose Confidence Sets for the Synthetic Control
Estimator when we observe aggregate level data for only one treated unit and a few control units
(i.e., small finite samples) in a context whose cross-section dimension may be larger than its time
dimension. With our confidence sets, a researcher can quickly show, by using a graph, not only
the significance of the estimated intervention effect, but also the precision of this point-estimate.
This plot summarizes a large amount of information that is important to measure the strength of

qualitative conclusions achieved after an econometric analysis.

Since this generalized inference method and the associated confidence sets can use many
different test statistics, we verify, by a Monte Carlo experiment, the size and the power of five
test statistics when they are used in this inference procedure. We choose them based on our
review of the empirical literature that applies the Synthetic Control Method. More specifically,
we compare test statistics that use the Synthetic Control Estimator to test statistics that use
simpler methods (e.g.: difference in means and a permuted differences-in-differences test that are
commonly used in the evaluation literature) and to the asymptotic inference procedure for the
difference-in-differences estimator proposed by Conley e Taber (2011). We find that a inference
procedure based on a test statistic that uses the Synthetic Control Method performs much better

than the ones that do not use this method when we compare their size and power.

We also extend our framework to cover hypothesis testing and confidence set estimation
for a pooled effect among few treated units, as a formalization and a generalization of the
test proposed by Cavallo et al. (2013), and to simultaneously test null hypotheses for different
outcome variables. This last extension, that also expands the framework described by Anderson
(2008) to a panel data context, is important, for example, to evaluate political reforms (Billmeier
e Nannicini (2009), Billmeier e Nannicini (2013), Carrasco, Mello e Duarte (2014), Jinjarak, Noy
e Zheng (2013), Sanso-Navarro (2011)) that generally affect multiple outcomes variables, such as
income levels and investment. Moreover, we can also interpret each post-intervention time period
as a different outcome variable, allowing us to investigate the timing of an intervention effect —
a relevant possibility when the empirical researcher aims to uncover short and long term effects.
As one last extension, we make some brief comments about cases in which heteroskedasticity is
a concern. We stress that choosing a test statistic that is robust to this issue — e.g., the t-test or
a modified version of the RMSPE test statistic — allows us to apply our generalized inference

procedure and our confidence sets to empirical problems that present heteroskedasticity.

At the end, we apply our generalized inference procedure, its associated new confidence
sets and its extension to the case of simultaneous hypothesis testing to evaluate the statistical
significance of the economic impact of ETA’s terrorism estimated by Abadie e Gardeazabal
(2003). With this empirical exercise, we illustrate how our proposed confidence set summarizes

a large amount of information in a simple graph. We conclude that it is not possible to draw any
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conclusion about the size or the sign of the impact of ETA’s terrorism on Basque Country’s GDP

per-capita.

Literature Review

Regarding the inference of the Synthetic Control Method, other authors have surely
made important previous contributions. Abadie, Diamond e Hainmueller (2010)? are the first
authors to propose a inference procedure that consists in estimating p-values through permutation
tests and Abadie, Diamond e Hainmueller (2015) suggest a different test statistic for the same
procedure. However, they do not make clear the sufficient hypotheses that guarantee that their
proposed p-values are valid. One recent advancement in this direction is Ando e Savje (2013),
who discuss the importance of the Identical and Independent Distribution hypothesis for the
inference procedure® and propose two new test statistics that have adequate size and more power
when applied to the above mentioned hypothesis test than the ones proposed by Abadie, Diamond
e Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015).

Bauhoff (2014), Calderon (2014) and Severnini (2014) propose a way to apply the
Synthetic Control Estimator to many treated and control units that is similar to a matching
estimator for panel data, but none of them discusses its statistical properties in detail. Following
a similar but more formal approach, Wong (2015) extends the synthetic control estimator to
a cross-sectional setting where individual-level data is available and derives its asymptotic
distribution when the number of observed individuals goes to infinity. Wong (2015) also explores
the synthetic control estimator when panel data (or repeated cross-sections) are available in two
levels: an aggregate level (regions), where treatment is assigned, and an individual level, where
outcomes are observed. In this framework, he derives the asymptotic distribution of the synthetic
control estimator when the number of individuals in each region goes to infinity. Finally, Cavallo
et al. (2013) and Dube e Zipperer (2013) develop different ways to apply the Synthetic Control
Estimator when there are more than one treated unit and propose tests# that are similar to the
ones proposed by Abadie, Diamond e Hainmueller (2010), although they do not address the

statistical properties of their inference procedures either.

Gobillon e Magnac (2016), also working on a context with more than one treated unit,
propose a way to compute confidence intervals for their synthetic control estimator based on
bootstrapping the point estimate. Although the authors have not clearly stated the assumptions
behind their inference procedure either, it requires a large number of treated and control regions

in order to be valid and focus exclusively on the time average of the post-intervention effect. Our

2 They also discuss the asymptotic unbiasedness of their method. Kaul et al. (2015) deepen this topic by arguing
that using all pre-intervention outcomes as economic predictors might provoke bias by forcing the synthetic
control estimator to ignore all other predictor covariates.

3 Our hypotheses are different than the ones advocated by Ando e Sdvje (2013). In particular, we do not assume
that units are independent and identically distributed.

4 Acemoglu et al. (2013) follows a procedure similar to the one proposed by Cavallo et al. (2013). However, the
former is less computationally demanding than the latter.
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approach differs from theirs in two ways: it is valid in small samples and allow the construction
of confidence sets for the post-intervention effect as a function of time. Consequently, while their
inference procedure allows the empirical researcher to test only constant in time intervention
effects, our generalized inference procedure allows the empirical researcher to test any function

of time as the intervention effect.

Moreover, Carvalho, Mansini e Medeiros (2015) propose the Artificial Counterfactual
Estimator (ArCo), that is similar in purpose to the Synthetic Control Estimator, and derive
its asymptotic distribution when the time dimension is large (long panel data sets). However,
many of the problems to which the Synthetic Control Method is applied present a cross-section
dimension larger than their time dimension, making it impossible to apply the ArCo to them.
Wong (2015) also conducts an asymptotic analysis when the pre-intervention period goes to

infinity.

Finally, our approach is similar to the way Conley e Taber (2011) estimate confidence
intervals for the difference-in-differences estimator in the sense that we also construct confidence
sets by inverting a test statistic. However, we differ from them in many aspects. Firstly, while
they make a contribution to the difference-in-differences framework, our contribution is inserted
in the Synthetic Control literature. Secondly, they assume a functional form for the potential
outcomes — imposing that the treatment effect is constant in time — and an arbitrarily large
number of control units, while we assume a fixed and (possibly) small number of control units
and make no assumptions concerning the potential outcome functional form — i.e., treatment

effects can vary in time.

This paper is divided as follows: section 2 explains the Synthetic Control Method as
proposed by Abadie e Gardeazabal (2003), Abadie, Diamond e Hainmueller (2010) and Abadie,
Diamond e Hainmueller (2015), and formalizes and generalizes its inference procedure; section
3 proposes a way to estimate Confidence Sets for the Synthetic Control Estimator; section 4
analyzes size and power of different tests statistics employed in this hypothesis test through
a Monte Carlo experiment; section 5 develops possible extensions to our framework; section
6 applies our proposed inference procedure to the data set about the Basque Country made
available by Abadie, Diamond e Hainmueller (2011) and section 7 concludes. Finally, in the
appendices, we didactically explain how to compute the test statistics described in section 2,
expand the results of our Monte Carlo Experiment and offer a guide to empirical researchers

who wish to employ the synthetic control method in their studies.

1.2 Synthetic Control Method

This section is organized in three subsections. The first one presents the Synthetic Control
Estimator, while the second one explains its inference procedure based on permutation tests.

The ideas and notation that are used in the next two subsections are mostly based on Abadie,
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Diamond e Hainmueller (2010). Finally, in the third subsection, we clearly state the hypotheses
that guarantees that the current existing inference procedure is valid, generalizing it to test any

sharp null hypothesis using any test statistic.

1.2.1 Synthetic Control Estimator

Suppose that we observe data for (J 4+ 1) € N regions® during 7" € N time periods.
Additionally, assume that there is an intervention® that affects only region 17 from period 7 + 1
to period 7" uninterruptedly®, where Tj € (1,7") N N. Let the scalar Y/}f be the potential outcome
that would be observed for region j in period ¢ if there were no intervention for j € {1, ..., J+1}
and t € {1, ..., T'}. Let the scalar th be the potential outcome that would be observed for region
j in period ¢ if region j faced the intervention at period ¢. Define

aj =Y, Y] (1.1)

as the intervention effect (or gap) for region j in period ¢ and D, as a dummy variable that
assumes value 1 if region j faces the intervention in period ¢ and value O otherwise. With this

notation, we have that the observed outcome for unit j in period ¢ is given by

. VN
}G:t T Y],t + ajytDjvt'

Since only the first region faces the intervention from period 7 + 1 to 7', we have that:

1 ifj=1andt > Ty,

gt = .
0 otherwise.

We aim to estimate (o 741, ..., 1,.7). Since Y1{t is observable for ¢t > T}, equation (2.1)

guarantees that we only need to estimate Yfi to accomplish this goal.

5 We use the word "region"instead of more generic terms, such as "unit", because most synthetic control

applications analyze data that are aggregated at the state or country level. We use the term donor pool to

designated the entire group of (J + 1) observed regions.

Although the treatment effect literature commonly uses the more generic expression "treated unit", we adopt

the expression "the region that faced an intervention"because it is more common in the comparative politics

literature, an area where the synthetic control method is largely applied.

7 In subsection 1.5.2, we extend this framework to include the case when multiple units face the same or a similar
intervention.

8  Two famous examples of interventions that affect uninterruptedly a region are Proposition 99 — an Tobacco
Control Legislation in California — and the German Reunification, that were studied by Abadie, Diamond
e Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015). If the intervention is interrupted (e.g.:
ETA’s Terrorism in the Basque Country studied by Abadie e Gardeazabal (2003)), we just have to interpret our
treatment differently. Instead of defining the treatment as "region 1 faces an intervention", we define treatment
as "region 1 have been exposed to an event that potentially has long term consequences". For example, instead
of defining our treatment as "the Basque Country faces constant bombings perpetrated by ETA", we define our
treatment as "the Basque Country suffered some bombings perpetrated by ETA".



Capitulo 1. Synthetic Control Estimator: A Generalized Inference Procedure and Confidence Sets 21

LetY; := [Y},...Y; 1, be the vector of observed outcomes for region j € {1, ..., J+1} in
the pre-intervention period and X; a (K x 1)-vector of predictors of Y;.° Let Yo = [Y2...Yj44]
be a (T x J)-matrix and Xo = [Xs...Xj,1] be a (K X J)-matrix.

Since we want to make region 1’s synthetic control as similar as possible to the actual

region 1, the Synthetic Control Estimator of Yf\tf is given, foreach t € {1, ..., T}, by

N J+1
Y =) @Yy, (1.2)
=2

e~ o~

where W = [Wy...W541]) = W(V) € R’ is given by the solution to a nested minimization

problem:

—~

W(V) = arg VI‘IIIGl%(Xl — X()W),V(Xl — X()W) (13)

where W := {W = [wy..wyy1)] € RY :w; > 0foreach j € {2,....,J + 1} and Zj;l w; = 1}
and V is a diagonal positive semidefinite matrix of dimension (/X x K') whose trace equals one.

Moreover,

V = arg min(Y; — YoW (V) (Y1 — YoW(V)) (1.4)
S
where V is the set of diagonal positive semidefinite matrix of dimension (K x K') whose trace

equals one.

Intuitively, W is a weighting vector that measures the relative importance of each region
in the synthetic control of region 1 and V measures the relative importance of each one of the K
predictors. Consequently, this technique makes the synthetic control of region 1 as similar as
possible with the actual region 1 considering the K predictors and the pre-intervention values
of the outcome variable when we choose the Euclidean metric (or a reweighed version of it) to
evaluate the distance between the observed variables for region 1 and the values predicted by the
Synthetic Control Method.™°

®  Some lines of matrix Xj; can be linear combinations of the variables in Y.

10 Abadie e Gardeazabal (2003), Abadie, Di@\mond e Hainmueller (2010) and Abadie, Diamond e Hainmueller
(2015) propose two other ways to choose V. The first and most simple one is to use subjective and previous
knowledge about the relative importance of each predictor. Since one of the advantages of the Synthetic Control
Method is to make the choice of comparison groups in comparative case studies more objective, this method of
choosing V is discouraged by those authors. Another choice method for V is to divide the pre-intervention
period in two sub-periods: one training period and one validation period. While data from the training period
are used to solve problem (2.2), data for the validation period are used to solve problem (2.3). Intuitively,
this technique of cross-validation chooses matrix @\V(\A/') to minimize the out-of-sample prediction errors, an
advantage when compared to the method described in the main text. However, the cost of this improvement is
the need of a longer pre-intervention period. Moreover, the Stata command made available by those authors also
allows the researcher to use a regression-based method in order to compute matrix V. It basically regress matrix
Y on X; and imposes v = |8xl/ (Zﬁ(/=1 |Br |), where vy, is the k-th diagonal element of matrix V and [y, is
the k-th coefficient of the regression of Y on X;. The choice method that we have chosen to present in the
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Finally, we define the Synthetic Control Estimator of a ; (or the estimated gap) as
Q1= Yie— Y] (1.5)

foreacht € {1,...,T}.

1.2.2  Hypothesis Testing

Abadie, Diamond e Hainmueller (2010) propose a inference procedure that

examines whether or not the estimated effect of the actual intervention is large
relative to the distribution of the effects estimated for the regions not exposed to the
intervention. This is informative inference if under the hypothesis of no intervention
effect the estimated effect of the intervention is not expected to be abnormal relative
to the distribution of the placebo effects. (p. 497)

In order to do that, they run a permutation test, i.e., they permute which region is assumed
to be treated and estimate, for each j € {2,...,J+ 1} and t € {1,...,T}, @;, as described in
subsection 1.2.1. Then, they compare the entire vector &; = [Q1 7,4 1...01 7] with the empirical
distribution of &; = [, 41.--Q; 7| estimated through the permutation test. If the vector of
estimated effects for region 1 is very different (i.e., large in absolute values), they reject the null

hypothesis of no effect.

Abadie, Diamond e Hainmueller (2015) note a problem with this approach: | |
can be abnormally large when compared to the empirical distribution of |&;,| for some ¢ €
{Tbh + 1, ..., T}, but not for other time periods. In this case, it is not clear at all whether one should
reject the null hypothesis of no effect or not. In order to solve this problem, they recommend to

use the empirical distribution of

—\2
Z?:TDJA (Yat - Yf};) /(T —To)

2
2321 (YJt - Y]Ai) /TO

RMSPE; =

where the acronym RMSPE stands for ratio of the mean squared prediction errors. Moreover,

they propose to calculate a p-value

ST 1 [RMSPE; > RMSPE)
J+1 ’
where 1[¢] is the indicator function of event ¢, and reject the null hypothesis of no effect if p is

pi= (1.6)

less than some pre-specified significance level, such as the traditional value of 0.1.

Although this RMSPE test statistic solve the problem generated by the time dimension
of the Synthetic Control Estimator, Abadie, Diamond e Hainmueller (2015) does not state the

main text is the most used one in the empirical literature.
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sufficient conditions that guarantee the validity of this procedure! nor discuss this test’s size and

power. We address the former issue in the next subsection and the latter in section 1.4.

1.2.3 Formalizing and Generalizing the Inference Procedure

In this section, we follow Imbens e Rubin (2015), adapting their framework to a panel
data context. We want to formalize and generalize the inference procedure described in subsection

1.2.2. The first hypothesis that we make is the stable unit treatment value assumption (SUTVA):

Assumption 1. The potential outcome vectors Y| := [Y]IlY;IT}/ and YV = [YN..Y] ' for
each region j € {1, ..., J + 1} do not vary based on whether other regions face the intervention
or not (i.e., no spill-over effects in space) and, for each region, there are no different forms or
versions of intervention (i.e., single dose treatment), which lead to different potential outcomes
(IMBENS; RUBIN, 2015, p. 19).

The second assumption concerns the treatment assignment:

Assumption 2. The choice of which unit will be treated (i.e., which region is our region 1) is

random conditional on the choice of the donor pool.?

Although assumption 2 seems strong, it holds true for many empirical applications of
the Synthetic Control Estimator. For example, Barone e Mocetti (2014), Cavallo et al. (2013),
Coffman e Noy (2011) and DuPont e Noy (2012) evaluate the economic effect of large scale
natural disasters, such as earthquakes, hurricanes or volcano eruptions. Although the regions in
the globe that frequently faces these disasters are not random, the specific region among them that
will be hit by a natural disaster and the timing of this phenomenon is fully random.'®> Moreover,
Pinotti (2012b) and Pinotti (2012a) evaluate the economic and political cost of organized crime in
Italy exploring the increase in Mafia activities after two large earthquakes. Two other examples of
the plausibility of assumption 2 are Smith (2015), who argues that the discovery of large natural
resources reserves is as-if-random, and Liu (2015), who argues that the location of land-grand

universities in the 19" century is as-if-random t00.14

I Particularly, it is not clear at all what they mean by "the hypothesis of no intervention effect"(ABADIE;
DIAMOND; HAINMUELLER, 2010, p. 497). Is it a null average effect? Or a null median effect? Or even a
null effect for all units in all time periods? Moreover, asking what these authors mean by "the estimated effect of
the intervention is not expected to be abnormal"(ABADIE; DIAMOND; HAINMUELLER, 2010, p. 497) is
also a valid question.

12 This assumption is our precise definition of "not expected to be abnormal"in footnote 11.

3 In this example, the donor pool contains all countries that frequently faces natural disasters. Conditional on
being in the donor pools, being treated (i.e., being hit by a natural disaster in the analyzed time window) is
random.

14 Even in randomized control trials, the synthetic control method may be more interesting than traditional
statistical methods when there are only a few treated units — an issue that may emerge due to budget constraints.
As we show in section 1.4, test statistics that use the synthetic control estimator are more powerful than the ones
that do not use it.
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We also stress that the possibility of choosing the donor pool based on observable
covariates implies that assumption 2 can be interpreted as imposing only random treatment
assignment conditional on observables, a standard condition in the evaluation literature also

known as ignorability or unconfoundness.

The third assumption is related to how we interpret the potential outcomes:

Assumption 3. The potential outcomes Y| := [Y;IlY;IT}/ and YV := [Y;]\{Y;JH/ for each

region j € {1, ..., J + 1} are fixed but a priori unknown quantities.'s

Implicitly, we assume that we observe the realization of a random variable for the entire

population of interest instead of a random sample of a larger superpopulation.!6

We note that assumptions 2 and 3 implies that the units in the donor pool are exchangeable.
In reality, exchangeability is the weakest assumption that guarantees the valid of our formal and
generalized inference procedure, because it is simply based in a permutation test. However, we
believe that, although stronger, assumptions 2 and 3 makes interpretation easier. In particular,

assumption 2 justifies one of the robustness checks described in appendix 1.8.3.

Finally, our null hypothesis is given by a sharp null hypothesis:

Hy : Y]It = Yﬁf + f;(t) for each region j € {1,...,.J + 1} and time period ¢ € {1,...,T},
(1.7)

where f; : {1,...,T} — Ris a function of time that is specific to each region j.

Observe that a sharp null hypothesis allows us to know all potential outcomes for each

region regardless of its treatment assignment. Note also that the exact null hypothesis

Hy: Y}, =Y foreachregion j € {1,...,J + 1} and time period ¢ € {1,...., T}, (1.8)

1s a particular case of the sharp null hypothesis (1.7) and can be interpreted as an hypothesis of
no intervention effect whatsoever. We underscore that equation (1.8) is our precise definition
of "no intervention effect"in footnote 11.7 We also note that, under assumptions 1-3 and the
null hypothesis (1.8), the p-value in equation (1.6) is valid and known as Fisher’s Exact p-Value,
after Fisher (1971). In this sense, our inference procedure with the sharp null hypothesis is a

generalization of the inference procedure proposed by Abadie, Diamond e Hainmueller (2015).

Although the sharp null hypothesis (1.7) is theoretically interesting due to its generality,

we almost never have a meaningful null hypothesis that is precise enough to specify individual

5 As a consequence of this assumption, all the randomness of our problem come from the treatment assignment.

16 See Imbens e Rubin (2015) for details regarding this interpretation.

17 Observe that the exact null hypothesis (1.8) is stronger than assuming that the typical (mean or median) effect
across regions is zero.



Capitulo 1. Synthetic Control Estimator: A Generalized Inference Procedure and Confidence Sets 25

intervention effects for each observed region. For this reason, we can simply assume a simpler

sharp null hypothesis'®:

Hy: Y/, =Y.} + f(t) for each region j € {1,...,J + 1} and time period t € {1,..., T},
(1.9)
where f: {1,....,T} — R.

After formally stating conditions that guarantee the validity of the inference procedure
proposed by Abadie, Diamond e Hainmueller (2010) and Abadie, Diamond e Hainmueller
(2015), we generalize it to other test statistics and to any sharp null hypothesis. We, again, follow
Imbens e Rubin (2015).

We define a test statistic 6 as a known positive real-valued function 6,(¢, 7, Y, X, f) of:

1. the vector ¢ := [11...t741]" € R7*! of treatment assignment, where t; = 1 if region j faces

the intervention at some moment in time and zero otherwise;

2. 7:=[n...7r| € RT, where 7, = 1 if t > T} and zero otherwise;

3. the matrix

Y{Nlﬁ + Yl{vl(l —1171) Y1{TL17T + YﬁVT(l —177)

I N I N
Yiggaran + Y (U—wam) o Yo ptoptr + Y5 p(1—tpa7r)

of observed outcomes;
4. the matrix X := [X; Xj] of predictor variables;

5. the intervention effect function f : {1,...,7} — R given by the sharp null hypothesis
(1.9).

The observed test statistic is given by 93155 :=0(e1,7,Y,X, f) and, under assumptions
1-3 and the sharp null hypothesis (1.9), we can estimate the entire empirical distribution of ¢
by permuting which region faces the intervention, i.e., by estimating 6;(e;, 7, Y, X, f) for each
j € {1,...,J + 1}, where ¢; is the j-th canonical vector of R7.1 We reject the sharp null
hypothesis (1.9) if

ST [0(es, 7YX, f) > 097]

j=1

< 1.10
J+1 =7 (1.10)

18 We stress that the exact null hypothesis is still a particular case of the simpler sharp null hypothesis (1.9).
1 For a step-by-step guide on how to compute the test statistic and its empirical distribution, see appendix 1.8.1.

Po; =
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v is some pre-specified significance level?? Note that rejecting the null hypothesis implies that
there is some region with a non-zero effect for some time period. Moreover, observe that RMSPE
and any linear combination of the absolute estimated synthetic control gaps are test statistics
according to this definition. Consequently, the hypothesis tests proposed by Abadie, Diamond e

Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015) are inserted in this framework.?!

Regarding the choice of function f, there are many interesting options for a empirical re-
searcher. For example, after estimating the intervention effect function (@ 1, ..., 01 141, ---, Q1,7),
the researcher may want to fit a linear, a quadratic or a exponential function to the estimated
points associated with the post-intervention period. He or she can then test whether this fitted
function is rejected or not according to our inference procedure. This possibility is useful in

order to predict, in a very simple way, the future behavior of the intervention effect function.

Another and possibly the most interesting option for function f is related to cost-benefit
analysis. If the intervention cost and its benefit are in the same unit of measurement, function
f can be the intervention cost as a function of time and our inference procedure allows the

researcher to test whether the intervention effect is different than its costs.

Moreover, function f can be chosen in order to test a theory that predicts a specific form
for the intervention effect. For example, imagine that a researcher is interested in analyzing the
economic impact of natural disasters (Barone e Mocetti (2014), Cavallo et al. (2013), Coffman e
Noy (2011), DuPont e Noy (2012)). Theory predicts three different possible intervention effects
in this case: (i) GDP initially increases due to the aid effect and, then, decreases back to its
potential level; (ii) GDP initially decreases due to the destruction effect and, then, increases back
to its potential level; and (ii1)) GDP decreases permanently due to a reduction in its potential
level. The researcher can choose a inverted U-shaped function f;, a U-shaped function f;; and a
decreasing function f;; and apply our inference procedure to each one of those three sharp null

hypotheses in order to test which theoretical prediction is not rejected by the data.

1.3 Confidence Sets for the Synthetic Control Estimator

Following the inference procedure described at the end of subsection 1.2.3, we can test
many different types of sharp null hypothesis. Consequently, we can invert the test statistic to

estimate confidence sets for the treatment effect function. Formally, under assumptions 1-3, we

20 Yates (1984) stresses that v should be chosen carefully and always clearly reported since the discreteness of
data (the number of regions is always a finite, usually small, natural number) may preclude the choice of the
usual significance levels of 10% or 5%.

2l In section 1.4, we analyze five different test statistics that were previously proposed in the synthetic control
literature in order to select the ones that have power against an alternative hypothesis similar to H,, : Yﬁ =
Y% + ¢ for all time periods ¢ € {Ty + 1, ..., T}, where ¢; € R.
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can construct a y-confidence set in the space R'+7? as

CSypi={feRMTripy >4}, (1.11)

Note that it is easy to interpret C'S, g: it contains all intervention effect functions whose
associated sharp null hypotheses are not rejected by the inference procedure described in

subsection 1.2.3.

However, although theoretically possible to define such a general confidence set, null
hypothesis (1.9) might be too general for practical reasons since the space R{%T? is too large
to be informative and estimating such a confidence set would be computationally infeasible. For

these reasons, we propose to assume the following null hypothesis:

Hy: Y], =Y +ex1(t>T+1) (1.12)

for each region j € {1, ..., J + 1} and time period t € {1, ..., T}, where ¢ € R. Intuitively, we
assume that there is a constant (in space and in time) intervention effect. Note that we can apply
the inference procedure described in subsection 1.2.3 to any ¢ € R, estimating the empirical
distribution of #.. Under assumptions 1-3, we can then construct a y-confidence interval for the

constant intervention effect as

Cl,g:={ceR:py, >~} CCS,, (1.13)

where v € (0,1) C R. Itis easy to interpret C'L, 4: it contains all constant in time intervention
effects whose associated sharp null hypotheses are not rejected by the inference procedure

described in subsection 1.2.3.

We can easily extend (1.12) and (1.13) to a linear in time intervention effect (with

intercept equal to zero). Assume

Hy: Y], =Y +ex(t—Tp) x 1(t > Ty + 1) (1.14)

for each region j € {1, ..., J + 1} and time period t € {1, ..., T}, where ¢ € R. Intuitively, we
assume that there is a constant in space, but linear in time intervention effect (with intercept
equal to zero). Note that we can apply the inference procedure described in subsection 1.2.3
to any ¢ € R, estimating the empirical distribution of #z. Under assumptions 1-3, we can then

construct a y-confidence set for the linear intervention effect as

~ feERWTH: f)=Cx (t—Ty) x L(t > Ty + 1)
OS%Q =

ccs 1.15
and pg. > v } = (1.15)
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where v € (0,1) C R. Itis also easy to interpret 6\12’%9: it contains all linear in time intervention
effects (with intercept equal to zero) whose associated sharp null hypotheses are not rejected by

the inference procedure described in subsection 1.2.3.

We also note that extending our confidence intervals to two-parameter functions (e.g.:
quadratic, exponential and logarithmic functions) is theoretically straightforward as equation
(1.11) makes clear. However, since we believe that computationally estimating such confidence
sets would be extremely time consuming for the practitioner, we opted for restricting our main

examples to one-parameter functions (equations (1.13) and (1.15)).

Finally, we highlight that confidence sets (1.13) and (1.15) summarizes a large amount
of relevant information since they not only show the statistical significance of the estimated
intervention effect, but also provide a measure of the precision of the point-estimate, indicating
the strength of qualitative conclusions. Section 1.6 exemplifies the communication efficacy of

this graphical device.

At the authors’ webpage (<https://goo.gl/4Jvd2W>), there is a R function that imple-
ments confidence sets (1.13) and (1.15) using the RMSPE as a test statistic.

1.4  Analyzing Size and Power

In this section, we analyze the size and the power of five different test statistics when they
are applied to the inference procedure described in subsection 1.2.3.22 In order to do that, we
assume seven different intervention effects, simulate 5,000 data sets for each intervention effect
through a Monte Carlo experiment and, for each data set, we test, at the 10% significance level,
the exact null hypothesis (equation (1.8)), following the mentioned inference procedure and
using each test statistic. Firstly, we explain how we generated our data sets. Then, we describe
our five test statistics. Finally, at the end of this section, we present and discuss the results of our

Monte Carlo experiment.

The first step in our Monte Carlo experiment is to decide the values of the parameters:
J + 1 (number of regions), 7" (number of time periods), 7, (number of pre-intervention time
periods) and K (number of predictors). In our review of the empirical literature, we found that
typical values of these parameters are, approximately, 7" = 25,7y = 15 and K = 10 (nine control
variables and the pre-intervention average of the outcome variable). We also set J 4+ 1 = 20 (one
treated region and nineteen control regions). Our data generating process follows equation (5)
of Abadie, Diamond e Hainmueller (2010) and is different from the one used by Ando e Sévje
(2013):

N N
Y},tﬂ = 5tY;~¢ + Bis1Zji1 + U

(1.16)
Zj,tJrl = /ﬁt}/}]’g + 7Tth7t + V41

22 In appendix 2, we discuss the size and the power of other thirteen test statistics.
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foreach j € {1,....,J +1}and t € {0,...,T — 1}, where Z, 4, is a (K — 1) x 1-dimension
vector of control variables?3. The scalar u;,,; and each element of the (K — 1) x 1-dimension
vector v, are independent random draws from a standard normal distribution. The scalars
0; and k; and each element of 3,,, and 7, are independent random draws from a uniform
distribution with lower bound equal to -1 and upper bound equal to +1. We make Z,( = v; ¢
and Y]]\é = BoZj + u;,. Finally, the potential outcome when region 1 faces the intervention in

period ¢t € {1, ..., T} is given by

VI =YN+AxsdYN[t <To) x (¢ —To) x L[t > Ty + 1], (1.17)

where A € {0,0.05,0.1,0.25,0.5,1.0,2.0} is the intervention effect and sd(é|¢) is the standard
deviation of variable & conditional on event ¢. Hence, our alternative hypothesis is that there
is a linear intervention effect only for region 1, implying that our Monte Carlo experiment

investigates what are the most powerful test statistics against this alternative hypothesis?4.

Note that, in each one of the 35,000 Monte Carlo repetitions, we create an entire popu-
lation of regions. Hence, after realizing the values of the potential outcome variables, we can

interpret them as fixed but a priori unknown quantities in accordance to assumption 3.%3

Now that we have explained our data generating process for our 35,000 Monte Carlo
repetitions (5,000 repetitions for each different intervention effect \), we describe the five
different test statistics that we use to analyze the size and the power of the inference procedure

described in subsection 1.2.3:

e 0! := mean (‘&h [t > Th + 1) is implicitly suggested by Abadie, Diamond e Hainmu-

eller (2010).
o 02:=RMS PE; is used by Abadie, Diamond e Hainmueller (2015).

e 3 is the absolute value of the statistic of a t-test that compares the estimated average

post-intervention effect against zero. More precisely,

apost/(T _ TO)

0P = | T
S| T
T ~ _ 2
<ZtT:TO+1 a},t) Zt:To-i-l <a§,t - apost>
where apost = (T — TO) =: 6)1 and 3 = (T — T0> . This test

statistic is used by Mideksa (2013).

23 X is a vector that contains the pre-intervention averages of the control variables and the outcome variable.

24 In a previous version of this text, that circulated under the title Synthetic Control Estimator: A Walkthrough
with Confidence Intervals, we used a constant in time intervention effect. The results of that smaller Monte
Carlo experiment were similar to the ones presented below.

25 If we treat our hypothesis test as conditional on the realized outcome variable, assumption 3 holds automatically.
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T
Zt:ToJrl Zj;é’j Y
(T — T[)) X J
between the treated region and the control regions for the realized outcome variable during

e ' := mean (Y;f’t|t > Ty + 1) — is a simple difference in means

the post-intervention period. This test statistic is suggested by Imbens e Rubin (2015).

e #° is the coeflicient of the interaction term in a differences-in-differences model. More

precisely, we estimate the model
Y, =mx1 [j:ﬂ fmyx1 [j:}] ) L[t >Ty+ 1]+ Zju X ¢+ & + i + s

where &; and y; are, respectively, region and time fixed effects, and we make 6° = 7).

where 7 is the region that is assumed to face the intervention in each permutation, mean(d|<) is
the mean of variable & conditional on event ¢. We construct the empirical distribution of each
test statistic for each Monte Carlo repetition and test the null hypothesis at the 10% significance
level. In practice, we reject the null hypothesis if the observed test statistic is one of the two

largest values of the empirical distribution of the test statistic.

Note that, although test statistic #* and 6° do not use the synthetic control method,
they are included in our Monte Carlo Experiment for being commonly used in the literature
about permutation tests. Since the synthetic control estimator is a time-consuming and computer-
demanding methodology, it is important to analyze whether it outperforms much simpler methods
that are commonly used in the evaluation literature and that are also adequate in our framework
(assumption 1-3). For this same reason, we also report rejection rates for the differences-in-
differences inference procedure proposed by Conley e Taber (2011) (CT)?2S.

Table 1 shows the results of our Monte Carlo Experiment. Each cell presents the rejection
rate of the permutation test described in subsection 1.2.3 that uses the test statistic in each row
or the rejection rate of the test proposed by Conley e Taber (2011) when the true intervention
effect is given by the value mentioned in the column’s heading. Consequently, while column (1)
presents tests’ sizes?’, the columns (2)-(7) present their power.

Analyzing column (1), we note that the five permutation tests of our Monte Carlo
Experiment (0'-0°) present the correct nominal size as expected by the decision rule of Fisher’s
Exact Inference Procedure. The most interesting result in this column is the conservativeness
of the inference procedure proposed by Conley e Taber (2011) (CT), that under-rejects the

null hypothesis. This finding can be explained by the fact that, while our sample size is small

26 We estimate the model Y, =7y x 1 {j :ﬂ +mox 1 [j :ﬂ XL[E>To+1+Z; X C+E + e + €5
where £; and yi; are, respectively, region and time fixed effects, and test the null hypothesis Hy : 1o = 0 using
the confidence intervals recommend by Conley e Taber (2011). Since their inference procedure uses only the
control regions in order to estimate the test statistic distribution, the true nominal size of this test is 10.53%.

27 Note that one possible measure of the coverage rate of our confidence set is one minus the rejection rates
presented in column (1).
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Tabela 1 — Monte Carlo Experiment’s Rejection Rates

Intervention Effect

(D (2) 3) “4) ) (6) (7
Test Statistic A=.0 A=.05 A=.1 A=25 A=5 A=10 A=20

gl 010 019 023 035 045 059 0.69
0? 0.10 030 037 048 056  0.70 0.77
0 010 062 071 079 088 093 0.95
ot 0.10 020 027 037 046  0.57 0.65
2 010 019 023 037 045  0.60 0.70
CT 006 015 024 036 038  0.60 0.64

Source: Authors’ own elaboration. Notes: Each cell presents the rejection rate of the test associated
to each row when the true intervention effect is given by the value A in the columns’ headings.
Consequently, while column (1) presents tests’ sizes, the columns (2)-(7) present their power. 01-03
are associated to permutation tests that uses the Synthetic Control Estimator. §*-0° are associated
to permutation tests that are frequently used in the evaluation literature. CT is associated with the
asymptotic inference procedure proposed by Conley e Taber (2011).

(J + 1 = 20), their inference procedure is an asymptotic test based on the number of control

regions going to infinity.

Analyzing the other columns, we note that the test statistic RMSPE, proposed by Abadie,
Diamond e Hainmueller (2015) (6?), is uniformly more powerful than the simple test statistics
(6%, 6°) that are commonly used in the evaluation literature. This result suggests that, in a context
where we observe only one treated unit, we should use the synthetic control estimator even
if the treatment were randomly assigned. We also stress that the hypothesis test based on the
statistic RMSPE (6?) outperforms the test proposed by Conley e Taber (2011) (CT) in terms of
power, suggesting that, in a context with few control regions, we should use the synthetic control

estimator instead of a differences-in-differences model.

We also underscore that the most powerful test statistic is the t-test, 6. This result makes
clear the gains of power when the researcher chooses to use the synthetic control estimator
instead of a simpler method, such as the difference in means (6*) or the permuted differences-
in-differences test (6%). We also note that the large power of the t-test have been previously
observed in contexts that are different from ours: Lehmann (1959) looks to a simple test of mean
differences, Ibragimov e Muller (2010) analyzes a two-sample test of mean differences where
samples’ variances are different from each other, and Young (2015) focus on a linear regression

coefficient.

Finally, we note that the simple average of the absolute post-intervention treatment effect
(6'), despite using the synthetic control method, is as powerful as the simple test statistics that
are commonly used in the evaluation literature (6, 6°). Consequently, we do not recommend to
use it to conduct inference, because it is as time-consuming to estimate as the more powerful test

statistics that uses the synthetic control method, (62 and, specially, 6%). We avoid making any
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stronger suggestion about which test statistic the empirical researcher should use, because, as
(EUDEY; KERR; TRUMBO, 2010, p. 14) makes clear, this choice is data dependent since the
empirical researcher’s goal is to match the test statistic to the meaning of the data. For example,
if outliers are extremely important, §> may be a better option than 62 even though the latter is

more powerful than the former.

In appendix 1.8.2, we expand the results of this section to other test statistics.

1.5 Extensions to the Inference Procedure

1.5.1 Simultaneously Testing Hypotheses about Multiple Outcomes

Imbens e Rubin (2015) states that the validity of the procedure described in subsection
1.2.3 depends on a prior (i.e., before seeing the data) commitment to a test statistic. Moreover,
Anderson (2008) shows that simultaneously testing hypotheses about a large number of outcomes
can be dangerous, leading to an increase in the number of false rejections.?® Consequently,
applying the inference procedure described in subsection 1.2.3 to simultaneously test hypotheses
about multiple outcomes can be misleading, because there is no clear way to choose a test statistic
when there are many outcome variables and because our test’s true size may be smaller than
its nominal value in this context. After adapting the familywise error rate control methodology
suggested by Anderson (2008) to our framework, we propose one way to test any sharp null
hypothesis for a large number of outcome variables, preserving the correct test size for each

variable of interest.

First, we modify the framework described in section 1.2, assuming that there are M € N
observed outcome variables — Y, ..., Y — with their associated potential outcomes. We

change assumptions 1-3 to:

!/ /
. . m,l m,I m,[ m,N . m,N m,N
Assumption 4. The potential outcome vectors Y ;" := [Y;l Y ] and Y ;" = [Y]l o gy }
foreach region j € {1, ..., J + 1} and each outcome variable m € {1, ..., M } do not vary based
on whether other regions face the intervention or not (i.e., no spill-over effects in space) and, for
each region, there are no different forms or versions of intervention (i.e., single dose treatment),

which lead to different potential outcomes.

Assumption 5. The choice of which unit will be treated (i.e., which region is our region 1) is

random conditional on the choice of the donor pool.?°

28 List, Shaikh e Xu (2016) argues that false rejections can harm the economy since vast public and private
resources can be misguided if agents base decisions on false discoveries. They also point that multiple hypothesis
testing is a especially pernicious influence on false positives.

2% Again, we stress that the possibility of choosing the donor pool based on observable covariates implies that
assumption 5 can be interpreted as imposing only ignorability, a standard condition in the evaluation literature.
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. . m,I m,I m,I ! m,N m,N m,N !
Assumption 6. The potential outcomes Y ;" := [le YT ] andY ;7 = [le YT
for each region j € {1, ..., J + 1} and each outcome variable m € {1, ..., M} are fixed but a

priori unknown quantities.

Now, our null hypothesis is slightly more complex than the one described in equation
(1.9):

Hy: Yyt =YY + fu(t) (1.18)

for each region j € {1,..., J + 1}, each time period ¢ € {1, ..., T} and each outcome variable
m € {1,..., M}, where f,, : {1,...,T} — Ris a function of time that is specific to each outcome
m. Note that we could index each function f,,, by region 7, but we opt not to do so because
we almost never have a meaningful null hypothesis that is precise enough to specify individual
intervention effects. Observe also that it is important to allow for different functions for each
outcome variable because the outcome variables may have different units of measurement or

different scales.

Under assumptions 4-6 and the null hypothesis (1.18), we can, for each m € {1, ..., M},
calculate an observed test statistic, 9%’5 =0"(e1, 7, Y™, X, fn), and their associated observed

p-value,

obs .__ Z;];rll 1 [em(€j77—7Y7Xa fm) > 9;)”71;8]

Pos, J+1

obs

where we choose the order of the index m to guarantee that pgl;f < pg?j < <pgr
M

Since this p-value is itself a test statistic, we can estimate, for each outcome m €
J+1 7
D A [em(ej, LY, X, f) > 6™

{1, ..., M}, its empirical distribution by computing pgfm = T

for each region j € {1,...,J + 1}, where gmi = gm (e-j, Y™ X, fm)- Our next step is

to calculate pgfw* := min {pzfm,pgme, ...,piM} for each m € {1,..., M} and each j €

J+1 ' obs
S |, L <]
foreachm € {1, ..., M }.

fwerx |

o J+1

We enforce monotonicity one last time by computing pgff;fr :=min< p
Fm

{1,...,J + 1}. Then, we estimate p

fwerx  fwerx fwer*}

obs 9 obs )y obs
Gfm eferl ef]w

for each m € {1, ..., M}. Finally, for each outcome variable m € {1, ..., M }, we reject the sharp
null hypothesis (1.18) if p

g:;’;ffr < ~, where + is a pre-specified significance level.
Fm

It is important to observe that rejecting it for some outcome variable m € {1, ..., M}
implies that there is some region whose intervention effect differs from f,,,(¢) for some time

period t € {1,...,T'} for that specific outcome variable.
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We also note that, when we observe only one outcome variable of interest as in section
1.2, we can reinterpret it as case with multiple outcome variables where each post-intervention
time period is seem as a different outcome variable. With this interpretation, the inference
procedure described in subsection 1.2.3 is still valid and is similar in flavor with the summary
index test proposed by Anderson (2008), because we summarized the entire time information in a
single test statistic. Since Anderson (2008) argues that the summary index test3° has more power
than the familywise error rate control approach, we recommend that the empirical researcher
uses the inference procedure described in subsection 1.2.3 if he or she is interested in knowing
whether there is an intervention effect or not, but is not interested in the timing of this effect. If
the empirical researcher is interested in the timing of this effect, he or she should interpret each
post-intervention time period as a different outcome variable and apply the inference procedure

described in this subsection. Both approaches deliver valid statistical inference in small samples.

1.5.2  Hypothesis Testing and Confidence Sets with Multiple Treated Units

Cavallo et al. (2013) extend the Synthetic Control Method developed by Abadie e Garde-
azabal (2003) and Abadie, Diamond e Hainmueller (2010) to the case when we observe multiple
treated units. Firstly, we explain their innovation and, then, we clearly state the hypotheses that
guarantee the validity of their method since they have not done it either. We also generalize their
inference procedure in order to test any kind of sharp null hypothesis and, then, propose a way

to estimate confidence sets for the pooled intervention effect.

Assume that there are G € N similar interventions that we are interested in analyzing
simultaneously. For each intervention g € {1, ..., G}, there are JY9 + 1 observed regions and
we denote the region that faces the intervention as the first one, 19. Following the procedure

described in subsection 1.2.1, we define the Synthetic Control Estimator of 14+ as

a1g7t = }/19775 - }/}1];[7,5 (119)

for each ¢t € {1,...,T} and each intervention g € {1, ..., G}. The pooled intervention effect

according to the Synthetic Control Estimator is given by:

Dy
51 = o=t
t— <

’ G

(1.20)

foreacht € {1,...,T}.

30 The summary index test can also be adapted to our framework of multiple outcomes and be applied in place of
the procedure described in this subsection. In order to do that, the researcher must aggregate all the information
contained in test statistics 6", ..., 0™ in a single index test statistic 6 and use 0 as the test statistic for the
inference procedure described in subsection 1.2.3. In this case, a rejection of the null hypothesis implies that
there is some region whose intervention effect differs from f,, (¢) for some time period ¢ € {1, ..., T’} for some
specific outcome variable m € {1, ..., M}.
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In order to run hypothesis testing for each time period t € {1y + 1, ..., 7'}, Cavallo et al.
(2013) suggests the following procedure:

1. For each intervention g € {1, ..., G}, permute which region is assumed to be treated and
estimate, for each control region j9 € {2,...,.J9 + 1}, @0, as described in subsection
1.2.1.

ZgG:1 afg

2. Estimate a placebo pooled intervention effect as ag; := —2——2"* where ¢ € N indexes

~ G
placebo estimations and j9 € {1, ..., J9 + 1} for each intervention g € {1, ..., G}. Note

that there are () := H§:1 (J9 + 1) possible placebo pooled intervention effects.
S 1 {[agl > [anl
q=1 Qgt| = |Qt

3. Compute poanp i= 0 foreacht € {Tp + 1,....T}.

4. Reject the null hypothesis if pcgnypy 1s less than some pre-specified significance level.

We want to formalize and generalize this inference procedure. Moreover, differently
from Cavallo et al. (2013), we summarize the entire time information in a single test statistic in
order to avoid over-rejecting the null hypothesis as pointed out by Anderson (2008)3!. We need

to assume:

Assumption 7. The potential outcome vectors Y1, := [V .Y}, 1] "and Y = [Y],.. Y] /
for each intervention g € {1, ..., G} and each region j9 € {1, ..., J9 4+ 1} do not vary based on
whether other regions face the intervention or not (i.e., no spill-over effects in space) and, for
each region, there are no different forms or versions of intervention (i.e., single dose treatment),

which lead to different potential outcomes.

Assumption 8. The choice of which unit will be treated in each intervention (i.e., which region
is our region 19 for each g € {1, ..., G}) is random conditional on the choice of the donor pool
of each region g € {1, ..., G}.3

Assumption 9. The potential outcomes YJI-g = [Y]{,IYJIQT}/ and Y% = [YJ]ngYj]gVT] ' for

each intervention g € {1,...,G} and each region j9 € {1, ..., J9 + 1} are fixed but a priori
unknown quantities.

Finally, our sharp null hypothesis is now given by:

Ho: Y}, =Yy, + f(t) (1.21)

31 For more information about over-rejecting the null hypothesis, see the articles mentioned in subsection 1.5.1.

32 Once more, we stress that the possibility of choosing the donors pool based on observable covariates implies
that assumption 8 can be interpreted as imposing only ignorability, a standard condition in the evaluation
literature. It is very easy to see that when we interpret each intervention g € {1, ..., G} as a subpopulation
defined by discrete predictor variables or subcategories based on continuous predictor variables.
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for each intervention g € {1,..., G}, each region j¢ € {1,...,J9 + 1} and time period ¢ €
{1,...,T}, where f : {1,...,T} — R. Note that we could index the function f by intervention g
and region 79, but we opt not to do so because we almost never have a meaningful null hypothesis
that is precise enough to specify individual intervention effects for each observed region.

G

Now, we define a test statistic 6,4,y as a known positive real-valued function Gpld((Lg, 79, Y9 X9) g=17.

that summarizes the entire information of the post-intervention period.

The observed test statistic is given by 695 ; := Opq4((e1s, 79, Y9, X9)5 | f), where

ejs is the j9-th vector of the canonical base of R’**!. Under assumptions 7-9 and the sharp
null hypothesis (1.21), we can estimate the entire empirical distribution of 0,4 ¢ by estimating
Og = Opial(ejo, 79, Y9, X9)5, | f) for each possible placebo pooled intervention effect®> ¢ €
{1,...,Q}. We, then, reject the null hypothesis (equation (1.21)) if

X L0 =00
Dby = 9) >

where v is some pre-specified significance level. Note that rejecting the null hypothesis implies
that there is some intervention with some region whose intervention effect differs from f(¢) for

some time period t € {1,...,T}.

Now, we extend our confidence sets to the pooled intervention effect. Under assumptions

7-9, we can then construct a y-confidence set for the pooled intervention effect as

CSyopg = {f R gy >} (1.22)

Note that it is easy to interpret C'S,, 4 ,,: it contains all pooled intervention effect functions
whose associated sharp null hypotheses are not rejected by the inference procedure described in

this subsection.

However, although theoretically possible to define such a general confidence set, null
hypothesis (1.21) might be too general for practical reasons since the space Rt'~T? is too large
to be informative and estimating such a confidence set would be computationally infeasible. For

these reasons, we propose to assume the following null hypothesis:

Ho: Y/, =Yy, +ex1(t>Ty+1) (1.23)

for each intervention g € {1,...,G}, each region j¢ € {1,...,J9 + 1} and time period ¢ €

{1,...,T}, where c € R, and estimate the empirical distribution of 6, . following the procedure

33 Note that each possible placebo pooled intervention effect g is just a possible combination of (e;1, ..., e;c).
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described in this subsection. Under assumptions 7-9, we can then construct a y-confidence

interval for the constant pooled intervention effect as

Clyg,, ={ceR:py,,. >} SCSy (1.24)

pld pld

where v € (0,1) C R. It is easy to interpret C'I, g ,,: it contains all constant in time pooled
intervention effects whose associated sharp null hypotheses are not rejected by the inference

procedure described in this subsection.

We can easily extend (1.23) and (1.24) to a linear in time pooled intervention effect.

Assume

Ho: Y, =Y5, +ex (t—To) x 1(t > Ty + 1) (1.25)

for each intervention ¢ € {1,...,G}, each region j¢ € {1,...,J9 + 1} and time period ¢ €
{1,...,T}, where ¢ € R. Note that we can apply the inference procedure described above to
any ¢ € R, estimating the empirical distribution of 6, z. Under assumptions 7-9, we can then

construct a y-confidence set for the linear pooled intervention effect as

(1.26)

fo o FERUT L f() =x (t = To) x L(t 2 Ty +1)
Y:0pla and Doye > Y

g CS’Yv‘gpld
where v € (0,1) C R. It is also easy to interpret 6*\]?%9171 ,- it contains all linear in time pooled
intervention effects whose associated sharp null hypotheses are not rejected by the inference

procedure described in this subsection.

Finally, if the researcher wants to analyze each intervention g € {1, ..., G} separately
in order to investigate heterogeneous effects, he or she can apply our framework for multiple
outcomes (see subsection 1.5.1) instead of implementing the pooled analysis describe in this
subsection. The more detailed analysis based on the multiple outcomes framework has the cost of
losing statistical power since the framework described in this subsection is based on the summary
index test while the procedure explained in subsection 1.5.1 is based on the familywise error

rate.3*

1.5.3 Hypothesis Testing and Confidence Sets under Heteroskedasticity

Assumption 3 and its equivalent assumptions 6 and 9 under different contexts may be

considered too strong for empirical applications since they implicitly impose homoskedasticity

34 Anderson (2008) offers a detailed discussion about the differences between inference procedures based on the
summary index test or on the familywise error rate.
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among different regions. In particular, Ferman e Pinto (2016) stress that a common source
of heteroskedasticity in empirical contexts is that regions with larger population sizes present

smaller variances in their potential outcome values.

Fortunately, assumption 3 is stronger than needed. In order to have a valid inference
procedure, we only need exchangeability between the control units and the treated unit. If we
want to allow for heteroskedasticity, we can use test statistics that are robust to heterogeneity in
the variance of the potential outcome values. For example, Hahn, Konietschke e Salmaso (2013)
and Pauly, Brunner e Konietschke (2015) conclude that permutation tests using a t-test statistic
are robust to heteroskedasticity. Moreover, Ferman e Pinto (2016) propose a modified RMSPE
test statistic that is also robust to heteroskedasticity when not all pre-intervention outcome
values are used to construct the synthetic control region since, in this case, its denominator is a
measure of each region’s variance. More generally, Canay, Romano e Shaikh (2015) argues that
permutation tests are valid under heteroskedasticity if the approximate symmetry assumption
holds. They also show that this assumption implies that the test statistic distribution does not

depend on which unit is treated or not and that it holds for the t-statistic.33

Finally, we stress that this section is another example of the importance of a careful
choice of test statistic as pointed out by Eudey, Kerr ¢ Trumbo (2010). If the data present
heteroskedasticity, the empirical researcher should use a test statistic that is robust to this issue.

1.6 Evaluating the Statistical Significance of the Economic Impact of ETA’s Terrorism

In this section, we aim to illustrate that our inference procedure can cast new light on
empirical studies that use the Synthetic Control Method. Not only we can test more flexible null
hypotheses, but also we can summarize important information in a simple and effective graph.
In order to achieve this goal, we use economic data for Spanish provinces made available by
Abadie e Gardeazabal (2003). When they estimated the economic impact of ETA’s terrorism on
the Basque Country’s economy, they did not discuss the statistical significance of their results
because the first inference procedure for the synthetic control method would only be proposed
by Abadie, Diamond e Hainmueller (2010). In order to fill this lacuna, we implement three

empirical exercises:

1. We evaluate the statistical significance of the economic impact of ETA’s terrorism and
whether this effect can be reasonably approximated by a quadratic function using the

RMSPE test statistic and the inference procedure described in section 1.2.3.

2. We estimate the 88.9%-confidence set that contains all linear in time intervention effects
(with intercept equal to zero) whose associated sharp null hypotheses are not rejected by

our inference procedure (see equation (1.15)) when we use the RMSPE test statistic.

35 We stress that, in a panel data framework, the t-test is valid if the post-intervention period is long enough and if
there is no serial correlation.
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3. We analyze the timing of the economic impact of ETA’s terrorism using the procedure

described in subsection 1.5.1.

The data set used by Abadie e Gardeazabal (2003) is available for download using the
software R. We observe, as our outcome variable, annual real GDP per-capita in thousands of
1986 USD from 1955 to 1997 and, as covariates, biannual sector shares as a percentage of total
production for agriculture, forestry and fishing, energy and water, industry, construction and
engineering, marketable services and nonmarketable services from 1961 to 1969; annual shares
of the working age population that was illiterate, that completed at most primary education
and that completed at least secondary education from 1964 to 1969; the population density in
1969; and annual gross total investment as a proportion of GDP from 1964 to 1969. All those
variables are observed at the province level and there are seventeen provinces, including the
Basque Country (J 4+ 1 = 17). For historical details and descriptive statistics about this data set,
see Abadie e Gardeazabal (2003) and Abadie, Diamond e Hainmueller (2011).

ETA’s terrorism acts gained strength and relevance during the 70s. For this reason, our
post intervention period goes from 1970 to 1997 (T = 1969). In order to estimate the Synthetic
Control Unit, we plug, in equation (2.2), the averages of our covariates and the average of our
outcome variable from 1960 to 1969. Moreover, we use data from 1960 to 1969 in equation
(2.3).

When we estimate the intervention effect for the Basque Country and the placebo effect
for all the other Spanish provinces, we find that the estimated intervention effect does not look

abnormally large when compared to the estimated placebo effects as subfigure 1a shows.

This intuitive perception is confirmed by our formal inference procedure (see subsection
1.2.3) when we use the RMSPE test statistic. More specifically, we have that pgryspp = 0.41,

implying that we can not reject the null hypothesis of no effect whatsoever.

We also test whether the estimated intervention effect can be reasonably approximated
by a quadratic function. In order to do that, we fit a second order polynomial to the estimated
intervention effect by applying a ordinary least square estimator only in the post-intervention pe-
riod. Subfigure 1b shows this fitted quadratic function. Applying our formal inference procedure
and using the RMSPE test statistic, we do not reject the null hypothesis that the true intervention

effect follows this quadratic function because pryspe = 0.65.

quadratic

We also estimate a 88.9%-Confidence Set3¢ for a Linear in Time Intervention Effect
whose intercept is equal to zero following equation (1.15) and using the RMSPE test statistic.
This Confidence Set is represented in figure 2. This graph not only quickly shows that we can

not reject the null hypothesis of no effect whatsoever (because the confidence set contains the

36 Since we need at least 20 regions in order to estimate a 90%-Confidence Set, we use the possible confidence
level that it is closest to 90%. Intuitively, we only reject the null hypothesis that generates one of the two largest
values of the empirical distribution of the test statistic.
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Figura 1 — Estimated Effects using the Synthetic Control Method

(a) Intervention and Placebo Effects (b) Quadratic Intervention Effect Function
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Note: While the gray lines show the estimated placebo effect for each Spanish province, the
black lines show the estimated impact of ETA’s terrorism on the Basque Country’s economy and
the dashed line shows the quadratic function that best approximates this effect.

linear function whose slope is equal to zero), but also shows that the economic impact of ETA’s
terrorism is not precisely estimated, precluding even conclusions about its true sign.3” Due to
its ability to summarize a large amount of information, our preferred confidence set (equation
(1.15)) is useful to the empirical researcher even being only a subset of the general confidence
set (equation (1.11)).

Figura 2 — 88.9%-Confidence Set for Linear in Time Intervention Effects

1960 1970 1980 1990

Note: The black line shows the estimated impact of ETA’s terrorism on the Basque Country’s
economy while the gray area shows the 88.9%-Confidence Set for Linear in Time Intervention
Effects (with intercept equal to zero) that were constructed using the RMSPE test statistic.

Differently from what we do in the last paragraphs, we can treat each year as a different
outcome variable and apply the inference procedure described in subsection 1.5.1. This interpre-

tation allow us to analyze the timing of the economic impact of ETA’s terrorism, which may be

37 Note that, if our estimated confidence set intersected only a small part of the positive quadrant, we could argue

that the analyzed intervention effect is likely to be negative.
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significant for some time periods even though we have not reject the null hypothesis of no effect
whatsoever when we pooled together all the years using the RMSPE test statistic. We use the
squared value of the estimated intervention effect for each year of the post-intervention period as

a test statistic. Using the notation of subsection 1.5.1, we have that

07 = 0" (e, 7, Y™ X, fn) = (@1m)°
where m € {1970, ..., 1997} is a year of the post-intervention period.

Applying the procedure described in subsection 1.5.1, we find p-values between 0.42
and 0.88 for all years. Clearly, we can not reject the null hypothesis that ETA’s terrorism has no

economic impact whatsoever.

As a consequence of all our empirical exercises, we conclude that terrorists acts in the
Basque Country had no statistically significant economic consequence even though the point
estimate found by Abadie e Gardeazabal (2003) suggests a strong negative effect. We stress that
we analyzed only the impact on GDP per-capita, ignoring possible other macroeconomic and
microeconomic costs and, most importantly, social and human costs incurred by the Basque

people.

1.7 Conclusion

In this article, we contribute to the theoretical literature about the Synthetic Control
Method. First, we clearly state the assumptions that guarantee the validity of the inference proce-
dure proposed by Abadie, Diamond e Hainmueller (2010) and Abadie, Diamond e Hainmueller
(2015) and vastly used in the empirical literature. As our main contribution, we, then, generalize
this inference procedure to test any kind of sharp null hypothesis, allowing us to propose a new
way to estimate confidence sets for the Synthetic Control Estimator by inverting a test statistic.
Basically, our confidence sets contain any function of time — particularly, the constant and
linear ones — whose associated sharp null hypothesis is not rejected by the mentioned inference
procedure. To the best of our knowledge, that is the first way to estimate confidence sets for
the Synthetic Control Estimator in a context with only aggregate level data whose cross-section
dimension may be larger than its time dimension. We also extend our framework to the cases
when there are more than one observed outcome variable or more than one treated unit. Finally,
we make some brief comments about applying our generalized inference procedure when hete-
roskedasticity is a concern. When this issue is present, the empirical researcher should use a test
statistic that is robust to this problem, such as the t-test statistic or the RMSPE.

The possibility to test any sharp null hypothesis is important to predict the future behavior
of the intervention effect, to compare the costs and the benefits of a policy and to test theories
that predict some specific kind of intervention effect. Constructing confidence sets is useful to

summarize a large amount of information in a single graph, illustrating the statistical significance
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of the intervention effect and the precision of a point-estimate. Moreover, simultaneous hypothesis
testing can be used to analyze the timing of an intervention effect. Consequently, those tools not
only allows the empirical researcher to be more flexible about his or her null hypothesis, but also

help him or her to convey a message in a more effective way.

Since our inference procedure works for any test statistic, we analyze, using a Monte
Carlo experiment, the size and power of five different test statistics that are applied to hypothesis
testing in the empirical literature about the Synthetic Control Method. In this simulation, we
compare test statistics that use the Synthetic Control Method to simpler test statistics that
are commonly used in the evaluation literature (e.g.: difference in means and the coeflicient
associated with the interaction term in a differences-in-differences model) and to an asymptotic
inference procedure proposed by Conley e Taber (2011). We find that test statistics that use
the Synthetic Control Method perform much better than its competitors when there is only one

region that faces the intervention.

As an application of our generalized inference procedure, its associated new confidence
sets and its extension to the case of simultaneous hypothesis testing, we evaluate the statistical
significance of the economic impact of ETA’s terrorism estimated by Abadie e Gardeazabal
(2003). This application clearly demonstrates the amount of information summarized by our
proposed confidence sets, whose graphs quickly show not only the significance of the estimated
intervention effect, but also the precision of this estimate. We stress that knowing the precision
of a point-estimate is an important measure of the strength of qualitative conclusions. Finally,

our empirical exercises clearly do not reject the null hypothesis of no effect whatsoever.

1.8 Appendices

1.8.1 Computing the Observed Test Statistic and its Empirical Distribution
In this appendix, we didactically explain how to compute the observed test statistic

0}%”5 :=0(e1,7,Y,X, f) and the empirical distribution of the test statistic.

First of all, we compute the observed test statistic 9;’3’8:

1. Simply solve the nested minimization problem given by equations (2.2) and (2.3) using
the observed matrices Y1, Yo, X; and X.

. . . ~ ~ ~ ~ !
2. Save the estimated intervention effect vector @1 := [Q1.1, ..., Q1 7y 41, -, Q1 T) -
3. Save a vector containing the differences between the estimated intervention effect and

the hypothesized intervention effect function given by the sharp null hypothesis, i.e.,
&y = [ — F(1), oo Brmoss — F(To 4 1), ooy @rr — F(T)]

4. Aggregate the information contained in vector cx; using some positive function. This

function is your test statistic. For example, if we chose the test statistic RMSPE, we
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compute
ZtT:T0+1 (@1 — f(t))z/(T —Tp)
Sy @1 = F0)* /Ty

or, if you choose the first test statistic of our Monte Carlo Experiment (see section 1.4), we

obs __ 1 _
6% = RMSPE} =

compute

T ~
D ity |0 — [(1))]

Qobs —
! T—T,

Now, we start our permutation test by assuming that region 3, where} €{2,...,J+1}
is treated and estimate 9} =0(e;,7,Y, X, f):

1. Compute the counterfactual outcomes for regions 1 and } using the sharp null hypothesis
(1.9).

2. Substitute those hypothesized counterfactual outcomes for the realized outcomes in matri-

ces Y; and Yy, saving the new matrices ?1 and ?0.
3. Change matrices X; and X accordingly and save them as }21 and 5(0.

4. Solve the nested minimization problem given by equations (2.2) and (2.3) using the
hypothesized matrices ?1, ?0, 5(1 and )~(0.

/

-~ ~ ~

5. Save the estimated intervention effect vector oG = [043,17 ey Q5 g OG

6. Save a vector containing the differences between the estimated intervention effect and

the hypothesized intervention effect function given by the sharp null hypothesis, i.e.,
!/
& = |5, = F(1)s @y — f(To + 1), @ — f(T)] .

7. Aggregate the information contained in vector &3 using some positive function. This
function is your test statistic. For example, if we chose the test statistic RMSPE, we

compute

9’5 _ RMSPE; _ ZtT:T0+1 (aj,t - f(t))QZ(T —To)
o, (a5, - f0) /T

or, if you choose the first test statistic of our Monte Carlo Experiment (see section 1.4), we

compute
T ~
i i @5, 710)
P T—T, ‘

Repeating this process for each } € {2,...,J + 1}, we compute the entire empirical
distribution of the test statistic 0, given by (GObS, 62, ..., (9; +1) , and can estimate Fisher’s Exact

p-Value as in equation (1.10).



Capitulo 1. Synthetic Control Estimator: A Generalized Inference Procedure and Confidence Sets 44

1.8.2 Monte Carlo Experiment’s Complete Set of Results

In this appendix, we report our Monte Carlo Experiment’s rejection rates for thirteen test

statistics in addition to the ones shown in section 1. The new test statistics are:

95 = ’me(m (&;’thﬁ > T+ 1) ’ is suggested by Mideksa (2013) and used by Ando
(2014).

07 := mean (&%Jt > Ty + 1).
03 = ‘median (&;tlt > Ty + 1> ) is suggested by Sanso-Navarro (2011).

0° := median (‘a;t

It > Ty + 1).
00 == median (82t > Ty +1).

11 ., ~_
0 == min (‘aj’t

t>Tp+1).

6'? is the absolute value of the first (AS 1) test statistic proposed by Ando e Siivje (2013).
Intuitively, it is a rescaled post-intervention time average of the estimated intervention

effects.3®

'3 is the statistic of the Kolmogorov-Smirnov Test that compares the vector of estimated
post-intervention effects against a vector of zeros. This test statistic is suggested by Imbens
e Rubin (2015).

64 is the Rank statistic for region 5 using the post-intervention time average of the observed

outcome. This test statistic is suggested by Imbens e Rubin (2015).

65 is the Rank statistic for region ; using the post-intervention time median of the observed

outcome.

6% is the Rank statistic for region } using the post-intervention time minimum of the

observed outcome.

6'7 is the Rank statistic for region 3 using the post-intervention time maximum of the

observed outcome.

where j is the region that is assumed to face the intervention in each permutation, mean(&|o)

and median(d|o) are, respectively, the mean and the median of variable & conditional on event

<.

38 For details on how to calculate §'2, we recommend reading Ando e Sivije (2013). These authors also propose a
second test statistic (AS 2). Since it is very computationally demanding and presents similar size and power to
AS 1 in Ando e Sévje (2013)’s Monte Carlo Experiment, we decided to test only AS 1 in our simulation.
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Note that test statistics 4, 1%, #1¢ and 07 do not use the synthetic control method and
are commonly used in the literature about permutation tests. We also report rejection rates for

the differences-in-differences estimator (DID)3°.

Table 2 shows the results of our Monte Carlo Experiment for all our analyzed tests. Each
cell presents the rejection rate of the permutation test described in subsection 1.2.3 that uses
the test statistic in each row, or the rejection rates of the tests recommend by Bertrand, Duflo e
Mullainathan (2004) or proposed by Conley e Taber (2011) when the true intervention effect is
given by the value mentioned in the column’s heading. Consequently, while column (1) presents

tests’ sizes, columns (2)-(7) present their power.

Looking at the size of the tests associated with the new test statistics, there are only
two interesting findings that, although not surprising according to the previous literature, are
worth noting. On one hand, the Kolmogorov-Smirnov Test Statistic (6'3) is associated with
a conservative test due to ties in its empirical distribution. On the other hand, the rejection
rate associated to a differences-in-differences model that uses standard errors clusterized at the
region level is much higher than the nominal size of 10%. This last result is explained by the
small number of cluster (J + 1 = 20), as already pointed out by Bertrand, Duflo e Mullainathan
(2004), Cameron, Gelbach e Miller (2008) and Conley e Taber (2011).

Analyzing the power of the tests associated with the new test statistics, we observe that
all the test statistics that are frequently used in the evaluation literature (6*-6° and 6'*-6'7) are
dominated by the test statistics in the main text that uses the synthetic control method (62-63).
We also stress that the permuted t-test that uses the synthetic control method and the numerator
of the t-test (6 and 65, respectively) are the most powerful tests. Those results suggests, again,
that, in a context where we observe only one treated unit, we should use the synthetic control

estimator even if the treatment were randomly assigned.

Comparing the test statistics AS I proposed by Ando e Sivje (2013) (6'%) with the
RMSPE recommended by Abadie, Diamond e Hainmueller (2015), we find ambiguous results.
While AS 1 is more powerful to detect small intervention effects (A € {0.05,0.1}), RMSPE is
more powerful to detect intermediate and large intervention effects (A € {0.25,0.5,1.0,2.0}).
Consequently, choosing between the two test statistics may be influenced by the magnitude of
the expected intervention effect, providing another example of the importance of a careful choice

of test statistic as pointed out by Eudey, Kerr e Trumbo (2010).

Finally, we note that the simple average of the squared post-intervention treatment effect
(67), despite using the synthetic control method, is as powerful as the simple test statistics that
are commonly used in the evaluation literature (6%, 6°). We also observe that test statistics 5-6'1,

that uses the synthetic control method, are as powerful as (6'%), the most powerful test statistic

3 We estimate the model Y; ; = n; x 1 {j :ﬂ +m2 x 1 [j :ﬂ XLE>To+1+Zj xC+E& + e + €5,
where £; and y; are, respectively, region and time fixed effects, and test the null hypothesis Hy : 1, = 0 using
standard errors clusterized at the region level as recommend by Bertrand, Duflo e Mullainathan (2004).
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Tabela 2 — Monte Carlo Experiment’s Rejection Rates

Intervention Effect

(D (2) 3) “4) ) (6) (7
Test Statistic A=.0 A=.05 A=.1 A=25 A=5 A=10 A=20

Test Statistics in the Main Text

0! 0.10 019 023 035 045 059  0.69
0 0.10 030 037 048 056 070 077
0 0.10 062 071 079 08 093 095
0" 0.10 020 027 037 046 057 0.5
0 0.10 019 023 037 045 060 070
CT 006 015 024 036 038 060  0.64
Additional Test Statistics
6° 0.10 031 040 052 063 075 080
0" 0.10 017 021 032 041 055  0.64
0 0.10 024 030 045 055 068  0.80
0 0.10 024 030 045 055 068  0.80
010 0.10 024 029 045 055 068 079
o 0.10 029 036 050 062 075 0386
0" 010 032 039 046 051 059 0.6l
0 005 051 061 075 08 091 095
= 0.10 020 027 037 046 057 0.5
6 0.10 026 031 048 053 066  0.77
016 0.10 014 015 023 031 040 054
07 0.10 013 013 019 025 033 044
DID 061 065 067 073 077 082  0.86

Source: Authors’ own elaboration. Notes: Each cell presents the rejection rate of the test associated
to each row when the true intervention effect is given by the value A in the columns’ headings.
Consequently, while column (1) presents tests’ sizes, the columns (2)-(7) present their power. 6'-6°
and 0°-9'3 are associated to permutation tests that uses the Synthetic Control Estimator. #*-6° and
014-917 are associated to permutation tests that are frequently used in the evaluation literature. CT
is associated with the asymptotic inference procedure proposed by Conley e Taber (2011). DID is
associated with the differences-in-differences model that uses standard errors clusterized at the region
level.

that does not use the synthetic control estimator. Consequently, we do not recommend to use

them 67-0'! to conduct inference.

1.8.3 Synthetic Control Method: A Walkthrough

In our review of the empirical literature that applied the Synthetic Control Method, we
have found, on one hand, some innovative articles that proposed new, intuitive and relevant
robustness checks and, on the other hand, confusing articles that were impossible to replicate
due to missing information about their data. In this short walkthrough guide, we aim to not only

summarize the best practices found in the literature about the Synthetic Control Method, but also
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point out all the information that an author must provide in order to make his or her research

replicable#0.

The first thing that must be extremely clear in a article that applies the Synthetic Control
Method is the choice of the donor pool. The author must state not only how many units are in the
donor pool (J + 1), but how they have been chosen. In view of assumption 2, understanding the
method of choice behind the donor pool is fundamental in order to evaluate whether the treatment
assignment is indeed random conditional on the choice of the donor pool. This recommendation
is particularly important for articles that analyze more than one intervention with different donor

pools since this information must be available for all the analyzed cases.

Related to the choice of the donor pool, Abadie, Diamond e Hainmueller (2015) propose
two robustness checks. The first one, the leave-one-out test, consists in dropping, from the donor
pool, one of the comparison regions that received a positive weight in the synthetic control unit
and reestimating the treatment effect. It aims to verify the influence of a particular unit in the
estimated result. The second robustness check consists in trying different donor pool sizes in
order to verify the sensibility of the estimated results to the choice of the donor pool. This last
test is also applied by other authors, e.g.: Ando (2015), Barone e Mocetti (2014), Kreif et al.
(2015) and Mideksa (2013).

The size and duration of the pre-intervention period (75) and of the entire studied period
(T') must also be clearly stated. Since the main identification result about the Synthetic Control
Method (ABADIE; DIAMOND; HAINMUELLER, 2010) relies on the pre-intervention period
going to infinity (7, — 00), the value of T} is important to know in order to evaluate whether
the Synthetic Control Estimates are close to the true counterfactual. Moreover, the author must
inform the real date associated with 7 and 7" in order to access causality. In a similar way to the
differences-in-differences estimator, the Synthetic Control Method relies on a time difference
in order to identify the intervention effect. If there are unobservable variables that affect the
outcome of interest and change at 7y, it is impossible to know whether the estimated effect is
due to the analyzed treatment or due to those unobservable variables. An example will clarify
this problem. Imagine that a researcher wants to investigate the effect of winning FIFA World
Cup on a country’s GDP. Brazil won the FIFA World Cup in 1994 and went through a fast and
effective stabilization plan (Plano Real). If we apply the synthetic control method using other
Latin American Countries as comparison units, GDP per capita as the outcome of interest and
1994 as the beginning of the treatment period (7Tp + 1 = 1994), we have no way to disentangle
which part of the estimated effect is due to the World Cup or to the stabilization plan.

One indirect way to test for the presence of unobservable variables that harm the interpre-
tation of the estimated effect is to run the in-time placebo test recommend by Abadie, Diamond e
Hainmueller (2015). This procedure consists in assigning the beginning of the post-treatment

period to a earlier period t* < 7j and look for a treatment effect before 7. If there is one, there

40 Chang e Li (2015) offers a deeper discuss about replicability in Economics.
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is evidence that the estimated effect is not caused by the investigated treatment.

The components of matrix X must also be very clear. Not only the author must state
which variables are included in this matrix (e.g.: investment rate, population size, pre-intervention
outcome values), but also which time periods or linear combinations of time periods are included
if the predictor variables are observed in more than one time period (e.g.: investment in 7g,
Ty — 1, Ty — 2, Ty — 3 and Ty — 4; population size only in the last census before 7 and the
pre-intervention time average of the outcome variable). In particular, the choice of which linear
combinations of pre-intervention outcome values to include in matrix X is important because it
may affect the significance of the estimated intervention effect as pointed out by Ferman, Pinto
e Possebom (2016). Consequently, an author must report results for different specifications of

matrix X in order to address the robustness of his or her estimates.

The researcher must also be precise about which procedure he or she have used to
estimate matrix V. Since there are four different procedures (ad-hoc choice, nested minimization,
cross-validated nested minimization, regression based method), the author could report results for
some of them in order to access the robustness of his or her estimates. Since the cross-validated
nested minimization requires a larger pre-intervention period, it may not be reasonable to report
results for all the four methods. However, it is always possible to report results for the nested

minimization, the regression based method and for the ad-hoc choice that imposes V=L

Finally, Abadie, Diamond e Hainmueller (2015) proposes one last robustness check: the
restricted synthetic control unit. In order to avoid over-fitting, this test force the synthetic control
method to allocate positive weights only to a fixed number of control units, mimicking the n

nearest neighbors matching estimator.
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2 Free Trade Zone of Manaus: An Impact Evaluation using the Synthetic Control
Method

2.1 Introduction

In this article, we aim to estimate the effect of the enterprise zone known as Free Trade
Zone of Manaus (FTZM)! on the city’s real GDP per capita, Agriculture Total Production per
capita, Manufacture Total Production per capita and Services Total Production per capita. In
order to achieve this goal, we estimate the synthetic control unit of Manaus, using only other
cities in the Brazilian North Region as control units, to approximate the counterfactual that would
have happened if the enterprise zone had not been created. We conduct inference as explained by
Abadie, Diamond e Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015).

The effects of the FTZM on Manaus’ economy are ambiguous. There is no evidence of
impact on its Manufacture Total Production per capita, suggesting that this subsidy policy failed
to achieve its main goal. There is a significant at the 10% level negative effect on Agriculture
Total Production per capita, an evidence that this subsidy policy may have distorted incentives,
artificially reducing the primary sector due to mis-allocated resources. There is also a significant
at the 5% level positive impact on Services Total Production per capita, an indicator that the
main impact of the FTZM was due to lower import tariffs than the ones imposed in the rest of
the country, attracting Brazilians tourists willing to buy imported goods for lower prices. Finally,
the impact on real GDP per capita was positive and significant at the 10% level, suggesting that

this subsidy policy have been successful in developing the city’s economy.

Our most important and direct contribution is an evaluation of a costly and historical
investment decision in Brazil related to the import substitution industrialization policy. Since
FTZM'’s costs are hard to measure (particularly, during the beginning of its implementation),
we can not state whether significant benefits found by us surpass its costs or not.2 Making this
comparison even harder, a large amount of FTZM’s costs are paid by other cities or states instead
of being paid by Manaus.? This phenomenon allows us to tentatively conclude that FTZM is
likely to pass a cost-benefit analysis when we consider only the city of Manaus, but we can not

draw any conclusion about its efficacy when we consider the entire country.

Moreover, recent cost-benefit analysis of FTZM have focused on the 21% Century and

adopted descriptive evaluation tools. Different from those works, we focus on the historical

I This enterprise zone was a set of subsidies to manufacture production in the city of Manaus, located in the
Brazilian Amazon Region.

2 ??) points out that a real cost-benefit study of any special economic zone, such as FTZM, requires exhaustive
data on numerous parameters that are extremely hard to collect rigorously. Castilho, Meneédez e Sztulman
(2015) argues that this type of study is even more challenging to implement in the case of FTZM due to a
complex and evolving system of incentives and taxes.

3 See Miranda (2013).
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evolution of FTZM (20" Century) and adopt causal inference tools, allowing us to draw conclu-
sions about FTZM’s causal effects. This methodology and the conclusions that we have reached
about this subsidy policy’s effects also allow us to make a small and indirect contribution to
the literature about mis-allocation of resources, since FTZM may distort investment incentives

among sectors and regions.

The literature about FTZM’s benefits and costs is ambiguous. On one hand, Oliveira
e Souza (2012), descriptively analyzing data for the beginning of the 21% Century, conclude
that FTZM’s fiscal costs are lower than its socio-economic benefits. Although they argue that
FTZM has increased Manaus’ inequality, they found that it has increased Manaus’ GDP and
Human Development Index. In particular, they stress that the reduced import tariffs for Manaus
attracted a large number of Brazilian tourists willing to buy imported goods for lower prices,
stimulating the services sector. On the other hand, Miranda (2013) also descriptively analyzes
data for the beginning of the 21* Century, but reaches completely different conclusions. He
argues that FTZM’s impact on the regional development level is modest and that the jobs created
by this subsidy policy are low quality positions. Consequently, those benefits do not surpass this
policy’s elevated fiscal costs, even considering that he focus only on federal fiscal costs since
state and municipal fiscal costs are extremely hard to measure. Finally, he concludes that the

maintenance of FTZM will impose permanent costs to the public sector.

Regarding the FTZM’s main goal (i.e., to estimulate the industrial sector in the Amazon
region), Sa e Machado (2012) find that the FTZM presents higher rates of added value than
Brazil as a whole between 2006 and 2010. He achieves this results by descriptively analyzing
data from 1996 to 2010. Another interesting economic effect provoked by the FTZM is studied
by Castilho, Meneédez e Sztulman (2015). They apply micro-decomposition techniques and
find that, while labor income was a major driver of poverty and inequality declines for the
municipality of Manaus in the 2000-2010 decade, non-labor income was far more important in

the rest of the state of Amazonas.

The international literature about other enterprise zones around the world is also ambi-
guous. On one hand, Ham et al. (2011) and Busso, Gregory e Kline (2013) present a positive
perspective on this type of policy. Ham et al. (2011) analyze, in the United States of America
(USA), the economic impact of State Enterprise Zones, Federal Empowerment Zones and Fede-
ral Enterprise Community programs. Using a differences-in-differences approach, they found
positive and significant effects on the unemployment rate, the poverty rate, the fraction with wage
and salary income and the employment level, concluding that the enterprise zones are effective
regarding their goal of boosting local labor markets. Busso, Gregory e Kline (2013) also analyze
the Federal Empowerment Zones program using a differences-in-differences estimator. They find
that this policy substantially increased local employment rate and wages without increases in the

local population or cost of living. Consequently, they conclude that this policy’s efficiency costs
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are relatively modest. On the other hand, Gobillon, Magnac e Selod (2012) studies a French
enterprise zone policy and, using a combination of a hazard model, a matching estimator and a
differences-in-differences method, they find only a small short-run effect on the rate at which
unemployed workers find a job. Based on this result, they conclude that this enterprise zone
policy is likely to be cost-ineffective. A similar finding for the same enterprise zone policy is

reached by ??) using an interactive effect model.

The structure of this essay is simple and straightforward. I explain the synthetic control
estimator in the next section and briefly describe the institutions that govern FTZM and my data
in the third section. In the fourth section, I describe my main results and a robustness check,

while, in the last section, I conclude and discuss possible future work.

2.2 Synthetic Control Estimator

Abadie, Diamond e Hainmueller (2010) propose the following model to estimate the

impact of a treatment when only one unit is treated.

Suppose that we observe data for (J + 1) € N units during 7" € N time periods.
Additionally, assume that there is a treatment that affects only unit 1 from period 7y + 1 to period
T' uninterruptedly, where 1 < 7;, < T is a natural number. Let Y;])[ be the potential outcome that
would be observed for unit j in period ¢ if there were no treatment for j € {1,...,J + 1} and
te{l,..,T} Let Y;It be the potential outcome that would be observed for unit j in period ¢ if

unit j received the treatment from period 7 + 1 to 7. Define
=YV @

as the effect of the treatment for unit j in period ¢ and Dj; as a dummy variable that assumes the
value of 1 if unit j receives the treatment in period ¢ and value 0 otherwise. With this notation,

we have that the observed outcome for unit j in period ¢ is given by

- N
Yie =Y +auDj,.

Since only the first unit receives the treatment from period 7y + 1 to 7', we have that:

) 1ifj=1et>T,
7t 0 otherwise.
We aim to estimate (a4 741, ..., 1. 7). Since Ylft is observable for ¢ > T}, equation (2.1)

guarantees that we only need to estimate Yll\é to accomplish this goal.

Let Y; = [Y11,.... Y1 1) be the vector of observed outcomes for unit 1 in the pre-
treatment period and X; a (K x 1)-vector of predictors of Y;. Let Yo be a (Ty x J)-matrix,
whose (j — 1)-th column is given by Y; = [V} 1, ..., Y; 7] foreach j € {2,..., J 4+ 1}, and X, is
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a (K x J)-matrix that contains the values of the same K predictors for the ./ comparison units.*
Define the weighting vector W = [wy ... wy41] of (J X 1) — dimension, where w; > 0 for each
j€{2,...,J+ 1} and Zj;l w; = 1. Intuitively, W measures the relative importance of each
control unit in the synthetic control of unit 1. Moreover, define a positive semidefinite diagonal
weighting matrix V of (K x K)-dimension. Intuitively, V measures the relative importance of

each one of the K predictors.

Since we want to make unit 1’s synthetic control as similar as possible to the actual unit
1, we choose W (V) such that

—~

W(V) = arg VI‘I/H%(XI — X()W),V(Xl — X()W) (22)
S

where W = {W = [wy...ws1] € R/ : w; > 0foreachj € {2,...,J + 1} and Zj;l w; =
1}.

Our notation makes clear that the correspondence W(V) for problem (2.2) depends on
V. Abadie, Diamond e Hainmueller (2010) propose to use V such that

V= arg min(Y; - YoW(V)) (Y1 — YoW(V)) (2.3)
€

where V is the set of positive semidefinite diagonal matrices of dimension (K x K). Intuitively,

this technique makes the synthetic control of unit 1 as similar as possible with the actual unit 1

during the pre-treatment period when we choose the Euclidian metric to evaluate the distance

between the observed outcomes for unit 1 and the values predicted by the synthetic control.
Chosen V, the synthetic control weights of unit 1 are given by

—~ —

W = W(V) = [0 ... 0,51

For each t € {Ty + 1, ..., T}, the estimator of Yf\é according to the synthetic control

method is given by
J+1

VN _ 1
Yl,t = E :wJYJ,t'
i=2

Abadie, Diamond e Hainmueller (2010) and Abadie, Diamond e Hainmueller (2015)

propose the following inference procedure?.

In order to have an idea of how unlikely our estimator o ; = Y7 ; — ﬁ fort > Ty +1
under the null of no effect is, Abadie, Diamond e Hainmueller (2010) propose to run placebo
tests: assume that each control unit j € {2, ..., J + 1} had received the treatment, estimate its
synthetic counterfactual and compare the oy ; with & foreacht > Ty+1and j € {2,..., J+1}.

If || is abnormally large, there is some evidence to reject the null hypothesis.

4 Some lines of matrix X; and Xg can be linear combinations of the variables in Y1 € Yg.
5 For a generalization of this methodology, see ?7?).
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One drawback of the last method is that |a; | can be abnormally large for some time
periods, but not for others. In order to handle this issue, Abadie, Diamond e Hainmueller (2015)

propose a way to condensate information about all periods in order to conduct inference: estimate

—\2
Z?:TOH (Yj,t - YJI\;) /(T —To)

2
T
S0, (Vi - V) /To

RMSPE; := (2.4)

foreach j € {1, ..., J + 1}, compute

S 1[RMSPE; > RMSPE)]
J+1

pi=

and reject the null of no effect if p is less than some pre-specified significance level.

Methodologically, synthetic control estimator’s main competitor is the differences-in-
differences estimator. The latter option was previously applied to the estimation of enterprise
zones’ economic impact as our brief review of the literature makes clear. However, applying it to
our dataset would be problematic, since its inference procedure requires a large number of treated
and control units and our comparison group is relatively small.® Moreover, this methodology
restricts the treatment effect to be constant during the post-treatment period, a very strong

assumption in our context since our post-treatment period lasts for almost half a century.

Those two issues are successfully tackled by the synthetic control method. First of all, its
inference procedure is completely appropriate for a small sample such as ours.” Moreover and
most importantly, this method allows us to estimate a completely flexible treatment effect as a

function of time.

2.3 Institutional and Data Description

The enterprise zone FTZM was created in February, 28", 1967 as a subsidy policy to
promote regional growth by giving incentives to the manufacture sector to substitute imports
according to Decree Law n. 288. This policy reduced the tariffs to import inputs to produce
industrialized goods only in the area close to the city of Manaus, aiming to increase the local
production of final goods and decrease its imports in the entire country. Although the details of
the law that regulated the ZFM changed through the years, FTZM’s essence remained unchanged:
a heavy subsidy policy to the manufacture sector in Manaus?®. The service sector was indirectly
subsidized through reduced import tariffs, because Manaus’ retailers could sell imported goods

for lower prices, attracting many Brazilian tourists as stressed by Oliveira e Souza (2012).

6 Even if we applied the inference procedure developed by Conley e Taber (2011), we would still need a large
number of control units.

7 For more information about its inference procedure, see Firpo e Possebom (2016).

8 See Oliveira e Souza (2012) and Miranda (2013) for details about the creation and implementation of FTZM.
??) provides a critical historical overview about the FTZM.
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Since FTZM is a subsidy policy to the Manufacture and the Services sectors in the city
of Manaus, theory predicts that its GDP per capita level would increase in expense of other
cities’ income levels (mis-allocation among regions) and that its Manufacture Total Production
per capita and Services Total Production per capita would increase in expense of other sectors’
production (mis-allocation among sectors). Another possible explanation for an increase in
Manaus’ per capita GDP is that a stronger manufacture sector generates positive spill-overs due
to its working dynamics, increasing total production of all economic sectors. We aim to evaluate

those predictions by analyzing city-level data for economic variables during the 20" Century.

We collect data on GDP per capita, Agriculture, Manufacture and Services Total Pro-
duction per capita®, Agriculture, Manufacture, Services and Government Production as shares
of GDP, and Population Density for 49 Minimum Comparable Areas (MCAs) in the Brazilian
North Region for the years of 1920, 1939, 1949, 1959, 1970, 1975, 1980, 1985, 1996 and
1999.10 I define the pre-treatment period as 1920-1959 and the treated region is the MCA 1920
#20970021, where the city of Manaus is currently located. I apply the methodology proposed by
Abadie e Gardeazabal (2003), Abadie, Diamond e Hainmueller (2010) and Abadie, Diamond e
Hainmueller (2015) to construct synthetic control units of Manaus for the variables GDP per
capita, Agriculture Total Production per capita, Manufacture Total Production per capita and
Services Total Production per capita, using their own pre-intervention mean values, sectoral GDP

shares, government size and population density as predictors.

Table 3 reports the pre-treatment means of the outcome variables and the predictor
variables for Manaus (column (1)) and our four Synthetic Versions of Manaus (columns (2)-(5)).
It also reports the sample average (excluding Manaus) of those variables for each one of our
samples (columns (6)-(9)). As expected, the synthetic units reproduce the values for the city of

Manaus more precisely than a simple average.

Since Manaus is one of the least densely populated cities in the Brazilian North region, it
is extremely hard for the synthetic control method to fit this predictor variable. Consequently,
this methodology imposes a weight close to zero for this variable when constructing the synthetic

units for all the outcome variables but Agriculture Total Production per capita.

We also note that Manaus presents the largest Manufacture Total Production per capita in
the Brazilian North region, making very hard for the synthetic control method to fit this outcome
variable. Despite this fact, our estimator reproduces closely the city of Manaus for this variable

of interest even considering it assigns an weight of only 13.7% to it.

9  The last four variables are in real values (Reais of 2000).

10 Due to missing data, we have information about 46 MCAs for Agriculture Total Production per capita, 22
MCAs for Manufacture Total Production per capita and 40 MCAs for Services Total Production per capita.

' In order to make the text easier to read, I refer to this area simply as "Manaus", although it encompass an area
that is larger than the current city of Manaus.



Tabela 3 — Descriptive Statistics

Synthetic Manaus Sample Average

Variable Manaus GDP pc ATPpc MTPpc STPpc GDP pc ATPpc MTPpc STPpc

(1) (2) (3) 4) 5) (6) (7) 3) ©)
GDP pc (RS of 2000) 1213.64 1213.49 470.96
ATP pc (RS of 2000) 193.56 191.01 248.43
MTP pc (R$ of 2000) 349.35 279.71 63.87
STP pc (R$ of 2000) 670.74 670.58 196.34
Population Density 0.60 3296 073 3657 24.02 376 3.49 546 435
(Inhabitants per sq km)
Agriculture Share (%) 18.3 18.4 27.0 19.1 18.4 57.8 57.9 46.6 55.0
Manufacture Share (%) 22.6 21.3 16.6 22.5 22.7 9.6 9.5 11.1 8.9
Services Share (%) 59.0 61.3 56.9 58.3 59.1 35.6 353 42.7 37.3
Government Size (%) 9.5 9.9 9.8 10.1 9.7 6.7 6.4 7.5 7.1
Sample Size 49 46 22 40

Notes: XTP pc and X Share stand for Sector X Total Production per capita and Sector X Production as a share of GDP, respectively. Since, for each
outcome variable, we estimate a different Synthetic Unit using a different sample, we report descriptive statistics for each one of the four synthetic units
and each one of the four samples. The different sample sizes are due to missing data.
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2.4 Results

Figure 3 plots the time pattern of Manaus and its synthetic control versions for the
variables real GDP per capita (subfigure 3a), Agriculture Total Production per capita (subfigure
3b), Manufacture Total Production per capita (subfigure 3¢) and Services Total Production per
capita (subfigure 3d). As those graphs show, FTZM seems to have a positive effect on real GDP
per capital, Manufacture Total Production per capita and Services Total Production per capita,
and a negative impact on Agriculture Total Production per capita. These results are supporting
evidence of the theory about mis-allocation of resources as we discussed in the last section,
contradicting the predictions of the positive spill-overs view. Moreover, as it is easy to see, those

point estimates suggest that FTZM presents very large economic impacts.

Figura 3 — Estimated Effects using the Synthetic Control Method

(a) Real GDP per capita (b) Agriculture Total Production per capita
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Now, we pay attention only to the black lines on subfigures 4a, 4b, 4c and 4d. They show
FTZM’s estimated economic impact, since they represent the differences between the black and
the dotted lines on subfigures 3a, 3b, 3c and 3d. As one can see, FTZM’s economic effect on
GDP per capita and Agriculture and Manufacture Total Production per capita presents a parabolic
form, while its impact on Services Total Production per capital increases at the beginning of the
post-treatment period and, then, stabilizes. These results illustrates the importance of using the
Synthetic Control Method instead of the differences-in-differences estimator, since the former

allows us to estimate flexible treatment effects.
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Figura 4 — Placebo Tests
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Note: While the gray lines show the estimated placebo effect for each outcome variable and for
each control city, the black lines show the estimated impact of FTZM on Manaus’ economy for
each outcome variable.

At this moment, we have only presented point estimates and have not discussed the
statistical significance of our results. In order to address this point, we follow Abadie, Diamond
e Hainmueller (2010) and plot placebo tests for each analyzed variable (see figure 4). Looking
at subfigures 4a, 4b, 4c and 4d, it seems that FTZM had a significant impact only on Manaus’
real GDP per capita and Manufacture Total Production per capita. However, this impression is
contradicted when we apply the formal inference procedure described by Abadie, Diamond e
Hainmueller (2015) and use the RMSPE as a test statistic.?

We find that FTZM’s economic effect presents a p-value of 6.12% on real GDP per capita,
6.52% on Agriculture Total Production per capita, 63.64% on Manufacture Total Production
per capita and 2.50% on Services Total Production per capita. The lack of significance for the
results regarding the manufacture sector is likely due to a larger pre-intervention mean squared
prediction error and suggests that this policy failed to achieve its main goal. However, the three
significant results suggest that the positive effects on the service sector were more than enough

to compensate for the negative impacts on the agricultural sector, implying that FTZM had a

2 Firpo e Possebom (2016) discuss this inference procedure, formalizing and generalizing it.
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positive effect on Manaus’ economy as a whole.

These findings allow us to conclude that FTZM is likely to pass a cost-benefit analysis
when we consider only the city of Manaus. Although tentative, this conclusion is likely to be
valid because most of FTZM’s costs were paid by cities outside the Amazon region. However,
we can not draw any conclusion about FTZM’s efficacy when we consider the entire country

without collecting data about its fiscal costs during the 20" Century.

As a cautionary tale, we stress that part of the FTZM’s positive impacts on Manaus’ Real
GDP per capita may be due simply to mis-allocation of resources among cities in the North
Region, i.e., investments that would have been made in the control cities were made in Manaus

due to FTZM. If this is the case, FTZM’s effect for the country as a whole may be negative.

Robustness Check

As a robustness check, we run a standard differences-in-differences regression

Yit = 0Dy + YT + 38 + o + 0 + €4 (2.5)

where 7 and ¢ respectively index minimum comparable areas and time periods; ¥;; represents
real GDP per capita or Sectoral Total Production per capita levels; D;; is a dummy variable
that assumes the value of 1 only for Manaus during the post-treatment period; 7; is a dummy
variable that assumes the value of 1 only for Manaus; x;; is a row vector of control variables
that contains Agriculture, Manufacture, Services and Government Production as shares of GDP,
and Population Density; «; is a city fixed effect, ¢, is a time fixed effect and ¢;; is a error term.
Moreover, we estimate a 90%-confidence interval for the coefficient of interest, , using the

procedure proposed by Conley e Taber (2011).

Table 4 reports the estimated results for model (2.5) using the inference method suggested
by Conley e Taber (2011). Regarding the point estimates, the magnitudes of the coefficient of
interest for each dependent variable are similar to the average estimated effects of the synthetic
control method for each analyzed outcome, illustrating the robustness of our findings. We also
note that the confidence intervals for the variables real GDP per capita, Manufacture Total
Production per capita and Services Total Production per capita are extremely wide, indicating
that our estimates are imprecise even if when they are statistically significant as it is the case
for the coeflicient associated with the dependent variable Manufacture Total Production per
capita. The only coeflicient that is precisely estimated is the one associated with the dependent
variable Agriculture Total Production per capita. In this case, our point estimate is negative and

statistically significant, in accordance with our Synthetic Control results.
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Tabela 4 — Differences-in-Differences Results

Dependent Variable GDP pc ATP pc MTP pc STP pc

(1) 2) 3) 4)
Point Estimate (Ei) 2050 532 1276 1066
Confidence Intervals  [-265, 3265] [-809, -289] [419, 1798] [-106, 1606]
Sample Size 49 46 22 40

Notes: XTP pc stands for Sector X Total Production per capita. We report point estimates for the
coefficient of interest, 6, in model (2.5) and its 90%-confidence interval based on the inference
procedure proposed by Conley e Taber (2011). The different sample sizes are due to missing data.

2.5 Conclusion

Applying the Synthetic Control Method to city-level data for cities of the Brazilian North
region during the 20" century, we evaluate the economic impact of the Free Trade Zone of
Manaus. While FTZM’s impact on Manaus’ Manufacture Total Production per capita is non
significant, its effect on the agriculture sector and the services sector are significant and present
different signs — negative for the former and positive for the latter. At the end, FTZM’s positive
and significant effect on Manaus’ real GDP per capita suggests that its positive impacts were
larger than the negative ones, implying that this subsidy policy achieved its goal of promoting

regional economic growth.

Although it is possible to think that FTZM would pass a cost-benefit analysis when we
consider only the city of Manaus, we do not have enough information to draw any conclusion
about the relative magnitude of its benefits and costs when we consider Brazil as a whole. This
tentative conclusion is due to the fact that a large amount of FTZM’s costs is paid not by Manaus,

but by cities outside the Amazon region.

Moreover, our methodology does allow us to disentangle whether the positive impact on
Manaus’ real GDP per capita is due to positive spillovers that benefit all the city economic sectors
and the entire country or due to mis-allocation of resources among cities that harms Brazil as a
whole. Since the positive spill-overs view predicts a positive impact of the FTZM on Agriculture
Total Production per capita, our results contradicts this theory. In reality, our estimated negative

impact on the agriculture sector is in accordance with the mis-allocation literature.
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