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1. Introduction

In 2011, Uruguay initiated an economic reform (“Programa de Posicionamiento Estrategico
) with the goal to promote foreign direct investment and facilitate foreign trade.
This document discusses the feasibility, data requirements, and methodological aspects of an
evaluation of the effect of this intervention on foreign direct investment (FDI) flows in
Uruguay. For this purpose, this document describes the use of synthetic control methods,

I”

Internaciona

which have been successfully implemented in similar settings to evaluate the effects of large
scale interventions on single regions or countries, and discusses their applicability to the
evaluation of the effects of the 2011 Uruguayan economic reform.

The rest of the document is organized as follows. Section 2 provides an introduction to the
synthetic control methodology and related methods. Section 3 discusses some the formal
aspects of the synthetic control methodology that are of particular interest for empirical
applications. Section 4 and 5 discuss contextual and data requirements for synthetic control
empirical studies. We examine the validity of these requirements in the context of the
evaluation of the effect of the 2011 Uruguayan economic reform and discuss potential ways to
adapt the research design when the requirements do not hold in practice. This section
provides also a discussion of the available data for an evaluation of the 2011 Uruguayan
economic reform, along with data sources. Section 6 discusses previous studies that have
applied the synthetic control method in settings similar to the Uruguayan economic reform.
Section 7 discusses computational aspects. Section 8 concludes.

! This study was commissioned by the Trade and Integration Sector of the Inter-American Development



2. Synthetic Controls and Related Methods

Synthetic control methods (Abadie and Gardeazabal, 2003; Abadie, Diamond, and
Hainmueller, 2010) aim to estimate the effects of aggregate interventions, that is,
interventions that are implemented at an aggregate level affecting a small number of large
units (such as a cities, regions, or countries), on some aggregate outcome of interest. Synthetic
control methods have been applied to study a variety of problems: What was the effect of
California’s large scale tobacco control program on cigarette consumption in California? What
was the economic cost of the German reunification? Do Kyoto Protocol’s emission targets
reduce greenhouse gas emissions? What is the effect of economic liberalization on per-capita
GDP?? Traditional regression analysis techniques require large samples and many observed
instances of the event or intervention of interest, and as a result they are ill-suited to estimate
the effects of infrequent events, like large policy interventions. Economists have approached
the estimation of the effects of large scale but infrequent interventions using time-series
analysis and comparative case studies. Single-unit time-series analysis is an effective tool to
study the short-time effects of policy interventions, in cases when we expect short-time
effects to be of a substantial magnitude.’ However, the use of single-unit time series
techniques to estimate medium and long-run effects of policy intervention is complicated by
the presence of shocks to the outcome of interest that occur after the intervention.
Comparative cases studies are based on the idea that the effect of an intervention on some
variables of interest can be inferred from the comparison of the evolution of the variables of
interest between the unit exposed to the event or intervention of interest and a group of units
that are similar to the exposed unit but that were not affected by the event/intervention.

Comparative case studies have long been applied to the evaluation of large-scale events or
aggregate interventions. For example, to estimate the effects of the massive arrival of Cuban
expatriates to Miami during the 1980 Mariel Boatlift on native unemployment in Miami, Card
(1990) compares the evolution of native unemployment in Miami at the time of the boatlift to
the average evolution of native unemployment in four other cities in the US. Similarly, Card
and Krueger (1994) uses Pennsylvania as a comparison to estimate the effects of an increase in
the New Jersey minimum wage on employment in fast food restaurants in New Jersey. A
drawback of comparative case studies of this type is that the selection of the comparison units
is not formalized and often relies on vague statements of affinity between the unaffected units

> See Abadie and Diamond, and Hainmueller (2010, 2012), Almer and Winkler (2012), and Billmeier and
Nannicini (in press).

* The literature on “interrupted time-series” is particularly relevant in the context of policy evaluation.
See, for example, Cook and Campbell (1979) which discusses the limitations of this methodology if
interventions are gradual rather than abrupt and/or if the causal effect of an intervention is delayed in
time. Interrupted time-series methods are closely related to regression-discontinuity design techniques
(see, e.g., Lee and Lemieux, 2010).



and the set of comparison units. Moreover, when the units of observation are a small number
of aggregate entities, like countries or regions, no single unit alone may provide a good
comparison for the unit affected by the intervention.

The synthetic control method is based on the idea that a combination of unaffected units
often provides a more appropriate comparison than any single unaffected unit alone. The
synthetic control methodology seeks to formalize the selection of the comparison units using a
data driven procedure. As we will discuss later, this formalization also opens the door to
precise quantitative inference in comparative case studies.

3. Formal Aspects of the Synthetic Control Method

Suppose that we obtain data for a sample of J countries: j =1, 2,...,J. Without loss of
generality, we assume that the first country (j = 1) is the unit affected by the policy
intervention of interest. The “donor pool”, that is, the set of potential comparisons,
Jj =2,..,] is a collection of countries not affected by the intervention. We assume also that
our data span T periods and that the first T periods are before the intervention. For each
country, j, and time, t,we observe the outcome of interest, Y;;. For each country, j, we
observe also a set of k predictors of the outcome: X j, -+, X (which may include pre-
intervention values of Yj;). For the country affected by the intervention, j = 1, and a post-
intervention period, t > T,, we define the potential outcomes that would have been observed
with and without the intervention, Y/, and Y{¥, respectively.® Then, the effect of the
intervention of interest for the affected country in period t (with t > Tj) is:

T1t = Yllt - Yll\t,- (1)

Because country "one" is exposed to the intervention after period Ty, it is clear that for t > T,
we have Y;, = Y/, Simply put, for the country affected by the intervention and a post-
intervention period we observe the potential outcome under the intervention. The great policy
evaluation challenge is to estimate Y/} for t > T,: how the outcome of interest would have
evolved in the affected country in the absence of the intervention. This is a counterfactual
outcome, as the affected country was, by definition, exposed to the intervention of interest
after t = T,. As equation (1) makes clear, given that Y/, is observed, the problem of estimating
the effect of a policy intervention is equivalent to the problem of estimating Y.

*These are the “potential responses” of Rubin’s Model for Causal Inference (see, e.g., Rubin, 1974,
Holland, 1986).

> Notice that equation (1) allows the effect of the intervention to change in time. This is crucial because
intervention effects may not be instantaneous and may accumulate or dissipate as time after the
intervention passes.



Comparative case studies aim to reproduce Y, that is the value of the outcome variable that
would have been observed for the affected unit in the absence of the intervention, using one
unaffected unit or a small number of unaffected units that had similar characteristics as the
affected unit at the time of the intervention. As discussed above, when the data consist of a
few aggregate entities, such as countries, it is often difficult to find a single unaffected country
that provides a suitable comparison for the country affected by the policy intervention of
interest. The synthetic control method is based on the observation that a combination of units
in the donor pool may resemble the characteristics of the affected unit substantially better
than any unaffected unit alone. A synthetic control is defined as a weighted average of the
units in the donor pool. Formally, a synthetic control can be represented by a set of weights,
w = {wy, ..., w;}, attached to the countries in the donor pool. Given a set of weights, w, the

synthetic control estimators of Y{} and 7, are, respectively:
ON _
Ylt - W2Y2t + te + W]Y]t,
and,
e =Yy — T (2)

To avoid extrapolation, the weights are restricted to be non-negative and to sum to one, so
synthetic controls are weighted averages of the units in the donor pool.®” As an example, a
synthetic control that assigns equal weights, w; = 1/], to each of the units in the control
group results in the following estimator for 74;:

. 1
T1e = Y1 — 7(Y2t +t th)

In this case, the synthetic control is the simple average of all the units in the donor pool. If,
however, a single unit, z, in the donor pool is used as a comparison, thenw, = 1, w; = 0 for
J # z,and:

T1e = Y1t — Yar.

®The requirement that country weights should be nonnegative and no greater than one can be relaxed
at the cost of allowing extrapolation. Abadie, Diamond, and Hainmueller (2012) prove that in the
context of estimating the effect of a policy intervention there is a regression estimator that can be
represented as a synthetic control with country weights that are unrestricted except for that the sum of
the country weights is equal to one. By not restricting country weights to be nonnegative and no greater
than one, regression allows extrapolation.

” Notice also that restricting country weights to sum to one may be warranted only if the dependent
variable is rescaled, so it is not affected by country size (for example, using GDP per capita instead of
country GDP ).



Expressing the comparison unit as a synthetic control motivates the question of how the
weights, w;, ..., w;, should be chosen. Abadie and Gardeazabal (2003) and Abadie, Diamond,
and Hainmueller (2010) propose to choose wy, ..., w; so that the resulting synthetic control
best resembles the pre-intervention characteristics of the affected unit. That is, given a set of
non-negative weights, vy, ..., v, Abadie and Gardeazabal (2003) and Abadie, Diamond, and
Hainmueller (2010) propose to chose the synthetic control , w* = {w,", ...,w;"} that

minimizes:

2 2
vl(Xll - W2X12 — = W]X1]) + -4 vk(Xkl — W2Xk2 — = W]Xk]) . (3)

The weights v4, ..., v, reflect the relative importance of the synthetic control reproducing the
values of the predictors X4, -, X1. For a given set of weights, v, ..., v, minimizing equation
(3) can be easily accomplished using constrained quadratic optimization.® Of course, a
question remains about how to chose vy, ..., v, the weights that represent the relative
importance of reproducing the values, X;,+, Xj1, of each of the outcome predictors. We
next describe four methods to chose vy, ..., vy, starting with the simplest and in increasing
order of sophistication.

1. In some instances, the weights vy, ..., v, may reflect subjective measures of the
relative importance of each of the variables, X;j,-:-, Xy, explaining the outcome of
interest, or their values may be calibrated by inspecting how different choices of
vy, ..., Uy affect the discrepancies between the characteristics of the unit affected by
the intervention and the resulting synthetic controls: (X1; — wyXq5 — - — w;Xy)), ...,
(X1 = WXz — - — wyXyp).

2. The weights vy, ..., U} can also be determined in a first step exploratory analysis using
regression to determine the relative predictive power of the variables X j, -+, X .

3. Another way to select vy, ...,V is to choose the set of values for vy, ..., v, that
produce the best “fit” in terms of how closely the synthetic control tracks the
trajectory of the outcome variable of the affected unit during the pre-intervention
period. In order words, the idea is chosing vy, ..., v, so that the resulting synthetic
controls minimizes the size of the prediction error, Y;, — Y/, during some set of pre-
intervention periods (typically the entire pre-intervention period). This can be
implemented by solving a nested optimization problem where v is chosen so that w
minimizes the mean square prediction error (defined below) over a pre-specified set
of pre-intervention periods.

4. The preceding method to choose vy, ..., v, maximizes in-sample fit. An alternative
way to choose vy, ..., Vg is to maximize out-of-sample fit via cross-validation. The

® The role of the constraints is to restrict the resulting weights wj, ..., w; to be positive and sum to one.



ideas behind cross-validation selection of vy, ..., v are described next.” The goal of
the synthetic control is to approximate the trajectory that would have been observed
forY;; and t > Ty in the absence of the intervention. For that purpose, the synthetic
control method selects a set of weights w = {w;, ..., w;} in such way that the resulting
synthetic control resembles the affected unit before the intervention along the values
of the variables X;4, -+, X1. The question of choosing v = {v;, ..., ;. } boils down to
assessing the relative importance of each of X;4,+, X, as a predictor of Y{. That is,
vy, reflects the relative importance of approximating the value of X1, for1 < h < k.
YY is not observed during the post-intervention period. As a result, we cannot directly
evaluate the relative importance of fitting each predictor to approximate Y/} in the
post-intervention period. However, because Y/} is observed for the pre-intervention
periodst =1,2,...,Ty, it is possible to use pre-intervention data to assess the
predictive power on Y{{ of the variables X1j,+++, Xkj- This can be accomplished, for
example, following the steps described next:
(1) Divide the pre-intervention periods into a training periodt =1, ... ,tyand a
validation period, t =ty + 1, ... , Ty.
(2) Now, using data from the training period only, each potential choice of
v = {vy, ..., Vx } produces a synthetic control, w(v), which can be determined
minimizing equation (3), subject to the restriction that the weights w(v) are
positive and sum to one. The mean square prediction error (MSPE) of this
synthetic control with respect to Y} in the validation period is:

2
(Y1t0+1 —wo(V)Yop 41— — W](U)th0+1) +
2
ot (Y1T0 —wy(V)Yor, — o — W](U)YJTO) . (4)

(3) Minimize the mean square prediction error in the previous equation with
respect to v.

(4) Use the resulting v and data on the predictors for the last t, periods before in
the intervention, t =Ty — ty + 1, ..., Ty, to calculate w*.

Choosing v by by minimizing the MSPE over the a set of pre-treatment periods or by cross-
validation involves a nested optimization problem. Each choice of the predictor weights v
implies a choice of the country weights w(v), obtained from minimizing equation (3), which in
turn implies a value for the MSPE. Solving this optimization problem presents some challenges,
which are discussed below (see section 7).

® This procedure was proposed in Abadie, Diamond, and Hainmueller (2012).



Abadie, Diamond, and Hainmueller (2011) discuss a mode of inference for the synthetic
control framework that is based on the comparison between the intervention effect estimated
for the affected unit and the distribution of “placebo” intervention effects estimated for the
units in the donor pool. They deem an estimate significant when the estimate is of large
magnitude relative to the distribution of placebo effects obtained for units that were not
affected by the intervention.'’ It is important to note that the availability of a well-defined
procedure to select the comparison unit, like the one provided by the synthetic control
method, makes the estimation of the effects of placebo interventions feasible. The reason is
that, without a formal procedure to chose comparison units, it would be difficult to re-apply
the same estimation procedure used for the affected unit to the units in the donor pool. In this
sense, the formalization of the choice of the comparison unit provided by the synthetic control
method opens the door to precise quantitative inference in the context of comparative case
studies.

4. Contextual Requirements

This section discusses "contextual requirements", that is, the conditions under which synthetic
controls are appropriate tools for policy evaluation, as well as appropriate ways to modify the
analysis when these conditions do not hold perfectly. It is important, however, to point out
that most of the requirements listed in this section pertain not only to synthetic control
methods but also to any other type of comparative case study research design. We also discuss
how to assess the requirements outlined here for the case of the evaluation of the 2011
Uruguayan economic reform.

1. Size of the effect and volatibility of the outcome: As previously discussed, the goal of

comparative case studies is to estimate the effect of a policy intervention on the unit
(e.g., country) exposed to the intervention. That is, comparative case studies typically
estimate the effect of an intervention for a single unit. In particular, in the case of the
2011 Uruguayan economic reform the goal is to estimate the effect of the reform on
the flows of FDI to Uruguay following the reform. The nature of this exercise, which
focuses on a single unit, indicates that small effects will be indistinguishable from
random shocks to the outcome of the affected country, especially if the outcome

III

variable of interest is highly volatile."" As a result, the impact of “small” interventions

with effects of a magnitude similar to the volatility of the outcome are difficult to

1 g5ee Abadie, Diamond, and Hainmueller (2011) for additional detail.

" studies that seek to estimate the average effect of an intervention that is observed in a large
number of instances, volatility is reduced by averaging. In contrast, comparative case studies typically
focus on the effect of a single event or intervention.



detect. Even if the effect of an intervention is large, it may be difficult to detect if the
volatility of the outcome is also large. In cases where substantial volatility is present in
the outcome of interest it is advisable to remove it (via time-series filtering) in both
the exposed unit as well as in the units in the donor pool before applying synthetic
control techniques. Foreign direct investment in Uruguay was substantially volatile
before the economic reform.*” Notice, however, that the challenge posed by volatility
comes only from the fraction of this volatility that is generated by Uruguay-intrinsic
factors. FDI volatility generated by common factors affecting other countries can be
differentiated-out by choosing an appropriate synthetic control (that is, a synthetic
control composed by countries that resemble Uruguay in the factors that determine
FDI inflows).

2. Availability of a comparison group: The very nature of comparative case studies

implies that inference based on these methods will be faulty in the absence of a
suitable comparison group. First and foremost, in order to have countries available for
the donor pool, it is important that not all countries adopt interventions similar to the
one under investigation during the period of the study. Countries that adopt an
intervention that is similar to the one adopted by the unit of interest should not be
included in the donor pool because they are affected by the intervention, very much
like the unit of interest.”® It is also important to eliminate from the donor pool any
country that may have suffered large idiosyncratic shocks to the outcome of interest
during the study period, if it is judged that such shocks would not have affected the
outcome of the unit of interest in the absence of the intervention. Moreover, it is
important to restrict the donor pool to units with characteristics that are similar to the
affected unit. The reason is that, while the restrictions placed on the weights
w = {wy,...,w;} do not allow extrapolation, interpolation biases may still be
important if the synthetic control matches the characteristics of the affected unit by
averaging away large discrepancies between the characteristics of the affected unit
and the characteristics of the units in the synthetic control. As noticed in Abadie,
Diamond, and Hainmueller (2010), controlling the discrepancies between the
characteristics on the unit affected by the intervention and the individual units that
compose the synthetic control can be accomplished by adding to the objective
function in equation (3) a set of penalty terms that depend on the discrepancies
between the characteristics of the affected unit and the characteristics of the
individual units included in the synthetic control. Unfortunately, there is currently no

2 see Lépez and Niembro (2012), Figure 2.

B Asan example, in their study of the effect of California’s tobacco control legislation, Abadie, Diamond,
and Hainmueller (2010) discard from the donor pool several states that adopted large-scale tobacco
programs during the sample period of the study.



ready-to-use computer code to calculate synthetic control weights using this type of
penalty terms. In many cases, however, it is possible to directly restrict the set of units
in the donor pool so that they have characteristics similar to the country affected by
the policy intervention of interest."* In the case of the 2011 Uruguayan economic
reform, it is natural to restrict the donor pool to other Latin American countries,
provided that: (i) these countries did not adopt large FDI promotion policies or where
affected by other events or interventions that had substantial effects on the FDI
inflows, (ii) they were not substantially affected by the Uruguayan economic reform
(see point 4, below), and (iii) there is a combination of them that closely approximated
the pre-2011 values of FDI predictors for Uruguay.

3. No anticipation: As in any research design that exploits time variation in the outcome
variable to estimate the effect of an intervention, synthetic control estimators may be
biased if forward looking economic agents react in advance of the policy intervention
under investigation or if certain components of the intervention were put in place in
advance of the formal implementation/enactment of the intervention. In the case of
an evaluation of the Uruguayan economic reform it is necessary to investigate if FDI
started flowing into the country in anticipation of the policy reform and/or the
economic reform was preceded by similarly aimed policies that could have increased
FDI in Uruguay. If there are signs of anticipation, it is advisable to backdate the
intervention in the data set to a period before any anticipation effect can be expected,
so the full extent of the effect of the economic reform can be estimated."

4. No interference: The issue of no interference is closely related to the issue of

availability of a comparison group in point 2 above. In some instances, an intervention
may have spillover effects on units that are not directly affected by it. For example, if
the 2011 economic reform in Uruguay was successful attracting FDI to Uruguay, other
countries in the region may have received lower FDI flows." If spillover effects are

“For example, in Abadie, Diamond, and Hainmueller (2012)’s study of the effect of the 1990 German
reunification on economic growth in the former West Germany, the donor pool is restricted to a set of
OECD countries.

> Notice that backdating the intervention in the data does not mechanically bias the estimator of the
effect of the intervention even if some periods before the intervention are mistakenly recoded as post-
intervention periods. The reason is that, as shown in equations (1) and (2), the synthetic control
estimator does not restrict the time variation in the effect of the intervention. Therefore, periods barely
affected by the intervention may show small or zero effects, while subsequent periods may produce a
large estimated effect. This is in contrast with much of the practice using panel data model, where in
many instances the effect of an intervention is restricted to be constant across post-intervention
periods.

¢ Also, related to point 2, other countries in the region may have reacted to the Uruguayan reform by
instituting their own FDI promotion policies. Notice that although this may arguably be conceived of as a



judged to be substantial, it may be advisable to keep the countries indirectly affected
by the Uruguayan economic reform out of the donor pool. Notice that there is a
potential tension between the issues discussed here and those discussed in point 2
above ("Availability of a Comparison Group"). On the one hand, it is advisable to select
for the donor pool countries that are affected by the same regional economic shocks
as the country where the intervention happens. However, if spillover effects are
substantial and affect countries in close geographical proximity, those countries may
provide a biased estimate of the counterfactual outcome without intervention for the
country affected by the intervention. In those cases, if countries affected by spillover
effects are included in the synthetic control, the researcher should be aware of the
potential direction of the bias of the resulting estimator. For example, if the 2011
Uruguayan economic reform increased FDI flows to Uruguay and, as a result, reduced
the FDI flows to other countries in the region, and those countries contribute to the
synthetic control, then we would expect the synthetic control estimator to be upwards
biased (that, is to overestimate the effect of the economic reform on FDI in Uruguay).
Notice, however, that such bias exists only if the economic reform did have an effect on
FDI in Uruguay. In this case, if the policy has an effect, the bias exacerbates the
estimated effect of the policy. As a result, this type of bias helps us detecting the
existence of an effect, although it exaggerates its estimated size.

Convex hull condition: Synthetic control estimates are predicated on the idea that a

combination of unaffected units can approximate the pre-intervention characteristics
of the affected unit. Once the synthetic control is constructed it should be checked
that the differences in the characteristics of the affected unit and the synthetic control
are small, that is:

Xll - W2X12 —_ W]X]_] = 0, "',Xkl - W2Xk2 _ W]Xk] =~ O

In mathematical parlance, we need that (X;1, X34, ..., Xk1) falls close to the convex
hull of the set of points {(Xlz, D CYIRIND. (29 RRNN . CYAD. CYRNND. ) }.17 If the unit
affected by the intervention of interest is "extreme" in the value of a particular
variable, such value may not be closely approximated by a synthetic control.”® The fact

part of the overall intervention effect, countries that react to the Uruguayan reform should be
eliminated to the donor pool because they are also affected by the intervention.

Y The convex hull of the set {(Xlz, Xo2s s Xi2)s oo (X1j0 Xogs oo Xip) } is the set of all convex
combinations of the points in the set. It is identical to the set of all possible weighted averages of the
points in the set. Figure 1 in the Appendix shows a set of points in R? and their convex hull region.

% For example, Abadie, Diamond, and Hainmueller (2012) find that because inflation levels were
particularly low for West Germany before the reunification, the value of this variable cannot be closely
reproduced by a synthetic control composed by other OECD countries.
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that the value of a particular variable cannot be closely approximated by the synthetic
control may not cause much concern as long as the approximation is good enough so
that the synthetic control closely tracks the trajectory of the outcome variable for the
unit affected by the intervention during the pre-intervention periods. In some cases,
however, the unit affected by the intervention of interest may be extreme in the
values of the outcome variable before the intervention. For example, if Uruguay had
particularly low or particularly high levels of FDI before 2011 relative to the countries
in the donor pool, then no weighted average of countries in the donor pool would be
able to closely reproduce the FDI series for Uruguay before 2011. A potential way to
proceed in those cases is to transform the outcome to time differences, AY;;=Y;; —
Y;t_1, or growth rates, 100 X AY;;/Y;;_1. In some cases this strategy may be fruitful,
because as evidenced in the difference-in-differences literature, there are instances
when a comparison group can reproduce the changes in the outcome variable for the
unit of interest even if the level of the outcome variable cannot be reproduced.

6. Time horizon: The effect of many interventions, especially those like the 2011
Uruguayan economic reform that intent to produce structural changes in an economy,
may take time to arise or to be of enough magnitude to be quantitatively perceived.
Given the complexity of the program, the uncertainty that international investors may
entertain about the implications of the reform for their potential investments in
Uruguay, and the irreversible nature of many investment decisions, it is likely that the
full extent of the 2011 economic reform in Uruguay will not be realized for years. An
obvious but unsatisfying approach to this problem is to wait until the effects economic
reform runs its course. A more proactive approach is to use forward looking indicators
of FDI (like business climate surveys).

5. Data Requirements

This section discusses specific data requirements to evaluate the 2011 Uruguayan economic
reform.

1. Aggregate data on the outcome and predictors for Uruguay and a set of comparison

units: From the previous discussion, it can be seen that the synthetic control method
requires the availability of data on outcomes and predictors of the outcome for
Uruguay and a set of comparison countries. Aggregate data on FDI and determinants
of FDI are available in cross-country databases like the World Bank's World
Development Indicators. It is important that the synthetic control approximates
Uruguay in the values of the most important predictors of FDI. The literature on the
determinants of FDI flows indentifies factors like geographical location, culture, GDP

11



per-capita, market size, infrastructure, investment treaties, corruption, political
stability, and human capital endowments.” (Note: For a list of FDI determinants with
sources see Abadie and Gardeazabal, 2008

2. Sufficient pre-intervention information: The credibility of a synthetic control estimator

depends in great part on its ability to steadily track the trajectory of the outcome
variable for the affected unit before the intervention. In this respect, Abadie,
Diamond, and Hainmueller (2011) show that under certain conditions, the bias of the
synthetic control estimator is bounded by a function that goes to zero as the number
of pre-intervention periods during which the synthetic control closely tracks the
trajectory of the outcome variable for the affected unit increases.”® Therefore, when
designing a synthetic control study it is of crucial importance to collect information on
the affected unit and the donor pool for a large pre-treatment window.

3. Sufficient post-intervention information: This data requirement derives from the time

horizon contextual requirement in section 4 (see point 6 in that section). The
evaluation data must include outcome measures possibly affected by the intervention.
This may be problematic if the effect of an intervention is expected to arise gradually
over time and if no forward looking measures of the outcome are available.

6. Related Applications

Several previous studies have applied the synthetic control method to estimate the effects of
country-level interventions, like the 2011 Uruguayan economic reform. In this section, we
summarize some of these studies as they provide useful templates for the evaluation of the
economic reform in Uruguay.

7. Software and Computational Aspects
Abadie, Diamond, and Hainmueller (2010) provide companion software to estimate synthetic

controls in R, Matlab, and Stata. In this section, we briefly review computation of synthetic
controls using Stata.”* Estimating synthetic controls in Stata requires installation of the Synth

' See, e.g., Blonigen and Piger (2011), Javorcik and Wei (2009), Lim (2001), Stein and Daude (2007).
*The intuition is quite straightforward. With a large number of units in the donor pool and a small
number of pre-intervention periods in the data, overfitting may cause that a synthetic control that
reproduces the trajectory of the outcome variable for the affected unit during the pre-intervention
periods is not a good predictor of the trajectory of Y;; for t > T,.

*! see http://www.mit.edu/~jhainm/synthpage.html for additional information.
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package, which can be downloaded from Jens Hainmueller’s website.”? We first recommend
that Stata is updated before the installation of Synth. To update Stata type “update all” on the
Stata command line. To download Synth, type:

net from "http://www.mit.edu/~jhainm/Synth"
net describe synth
net install synth, all replace force

Before using Synth, we need to specify the variable that identifies the units of observation,
Jj =1,...,], and the variable that identifies the time periods t = 1, ..., T. This information can
be passed to Stata using the command:

tsset panelvar timevar
where panelvar identifies units of observation (e.g., countries) and timevar identifies time
periods (e.g., years). Once this is done, we can start using the command synth. A simple

example of usage of synth is:

synth depvar predictorvars , trunit(#) trperiod(T,+1) figure

where
depvar is the outcome variable, Yj;
predictorvars is the set of predictors, Xy, -, X
trunit(#) specifies which is the affected unit
trperiod(#) specifies which is the period of the intervention
figure requests a figure with the results

The symbol # represents the numerical identifier of the affected unit. In this example, the
weights v = {vy, ..., v} are calculated using regression analysis by default.”® Each predictor in
predictorvars can be evaluated at different time periods. Suppose that gdppc measures
annual GDP per-capita, and that timevar measures years. If we want the set of predictors to
include the values of GDP per-capita in 2001 and 2010 this can be done including gdppc(2001)
and gdppc(2010) in predictorvars. Similarly, if we want that the set of predictor includes the
average GDP per-capita during the period 2001 to 2010, this can be accomplished including

22 .

Ibid.
2 For this purpose, synth runs a set of regressions of the outcome in the post-intervention periods on
the predictors using only the donor pool as a sample. Then, the weights v, ..., v, reflect the relative
magnitude of the coefficients on the variables Xyjooe, Xgjin those regressions.
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gdppc(2001(1)2010) in predictorvars. Also, the synth command has the option
xperiod(numlist), which allows users to specify the time periods over which the values of all
other predictors are averaged. If the user does not specify a time period over which to
average the value of the predictors using one of these methods, then the default is to average
them over the entire pre-intervention period.

If the user wants to provide values for v = {v,, ..., v} this can be accomplished with the
option customV

synth depvar predictorvars , trunit(#) trperiod(T,+1) customV (numlist)
where numlist is a Stata numerical list that contains (vy, ..., V).
As discussed in point 3 of section 3, a different way to chose v = {vy, ..., }} is to minimize
the MSPE over some set of pre-intervention periods, which results in a nested optimization

problem. This can be implemented by Synth in Stata using the following options:

synth depvar predictorvars , trunit(#) trperiod() mspeperiod(numlist) nested allopt

figure
where
nested requests nested optimization procedure (see point 3 in section
3)
mspeperiod(numlist) set of periods over which the MSPE is minimized
allopt starts the optimization procedure from three different initial
values

If mspeperiod is not used with nested, then the MSPE is minimized over the entire pre-
intervention period. The option allopt can only be used along with nested. This option starts
the algorithm at three different initial values to try to potentially improve over local optima.

Finally, as discussed in section 3, a more sophisticated approach to choose v = {v,, ..., v } is
to use cross-validation (see point 4 of section 3). Cross-validation can be implemented as
follows. First, we must calculate the set of weights v = {v;, ..., v}, } that minimize the MSPE
over the validation period. With that purpose we run:

synth depvar predictorvars , trunit(#) trperiod(t,+1) mspeperiod(validationperiod)
nested allopt
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In this step, the variables in predictorvars are evaluated in the training period, 1, ... ,t,. Next,
we store the resulting v = {v,, ..., v} } in a Stata numerical list. In the current version of the
software, this requires extracting the main diagonal of the V_matrix produced by the synth
command and transforming it into a Stata numerical list. This can be done using the following
code snippet:

mat d = vecdiag(e(V_matrix))
local B =""
forval i = 1/°=colsof(d)' {

local B 'B' "=d[1,’iT
}

Next, calculate the synthetic control using the weights in B and data from the validation
period:

synth depvar predictorvars, trunit(#) trperiod(T,+1) customV('B")

In this step, the variables in predictorvars are evaluated in the last t, periods before the
intervention.

The Stata distribution of Synth includes also the file smoking.dta, which contains the data
analyzed in Abadie, Diamond, and Hainmueller (2010) to evaluate the impact of the 1988
California tobacco control program. Those data are provided with the code so that new users
of the code have the opportunity to practice and gain familiarity with Synth. The Synth online
help, which can be accessed by typing

help synth
on the Stata command line provides examples of usage applied to the smoking.dta dataset.

Conclusions

Synthetic control methods have been applied to the estimation of the effect of aggregate
interventions in a variety of contexts. This document provides a set of conditions (or
“requirements”) that increase the viability and credibility of synthetic controls estimation
methods. We divide the requirements into “contextual requirements”, which depend on the
context in which the evaluation takes place, and “data requirements”, which refer to data
availability issues. We describe these requirements in the context of the 2011 Uruguayan
economic reform and discuss potential ways to adapt the analysis if these requirements are
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not met. This document provides the results of a review of the literature on the determinants
of FDI along with data sources. It also discusses previous applications of the synthetic control
method in related contexts. Finally, we discuss computation of synthetic controls in Stata.
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Appendix

Figure 1: A Set of Points and Its Convex Hull
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