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ABSTRACT

The synthetic control method is widely used in comparative case studies to adjust for differences
in pre-treatment characteristics. A major attraction of the method is that it limits extrapolation
bias that can occur when untreated units with different pre-treatment characteristics are combined
using a traditional adjustment, such as a linear regression. Instead, the SC estimator is susceptible
to interpolation bias because it uses a convex weighted average of the untreated units to create a
synthetic untreated unit with pre-treatment characteristics similar to those of the treated unit.
More traditional matching estimators exhibit the opposite behavior: they limit interpolation bias
at the potential expense of extrapolation bias. We propose combining the matching and synthetic
control estimators through model averaging to create an estimator called MASC. We show how
to use a rolling-origin cross-validation procedure to train the MASC to resolve trade-o s between
interpolation and extrapolation bias. We use a series of empirically-based placebo and Monte
Carlo simulations to shed light on when the SC, matching, MASC and penalized SC estimators
do (and do not) perform well. Then, we use the MASC re-examine the economic costs of
conflicts and find evidence of larger effects than with SC.
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1 Introduction

Estimating the causal effect of an intervention (treatment) is a common task across the
social sciences. Longitudinal approaches based on difference-in-differences have long been
used for this task. However, the credibility of these methods can be strained when the
pre-treatment trends or characteristics of the untreated units differ significantly from those
of the treated units. This occurs frequently, especially when the units are large aggregates,
such as countries or states. For these types of comparative case studies, the synthetic
control (SC) method of Abadie and Gardeazabal (2003) and Abadie et al. (2010, 2015)
provides an alluring alternative.

The motivation of the SC method is to limit the extrapolation bias that can occur
when units with different pre-treatment characteristics are combined using a traditional
adjustment, such as a linear regression. Instead, the SC estimator interpolates by using a
convex weighted average of the untreated units to create a synthetic untreated unit with
pre-treatment characteristics similar to those of the treated unit. As observed by Abadie
et al. (2010, pp. 495-496), this makes the SC estimator susceptible to interpolation bias.
In Section 2.2, we formalize this observation by showing that SC will only avoid such bias
if the conditional mean of the outcome is linear in pre-treatment characteristics.

As Abadie and L'Hour (2019) observe, the SC estimator belongs to a large class of
weighting estimators with weights based on pre-treatment characteristics. Within this
class, its vulnerability to interpolation bias is unusual. Most other commonly used estima-
tors, such as nearest neighbor matching, suffer from the opposite drawback of potentially
extrapolating too much when suitable untreated units are unavailable. That is, SC con-
trols extrapolation bias while being susceptible to interpolation bias, whereas matching has

the opposite properties. This complementarity suggests that an estimator that adaptively



combines the SC and matching estimators may be particularly attractive.

In Section 2.5, we propose matching and synthetic control (or MASC) as a model
averaging estimator that combines the standard SC and matching estimators. We show
how averaging these two purposefully-chosen estimators defends against the weaknesses of
both while preserving their strengths. In Section 3, we show how to choose the weight
assigned to each estimator in the MASC through cross-validation, as in Wolpert (1992),
Breiman (1996) and Hansen and Racine (2012). Our cross-validation criterion uses an
evaluation concept referred to as rolling-origin recalibration in the forecasting literature
(e.g. Tashman, 2000). One attractive feature of the MASC estimator is that its cross-
validated weight can be solved for in closed-form, making it only marginally more difficult
to implement than the usual SC estimator. An R package for implementing the MASC is
available at https://github.com/maxkllgg/masc.

In Sections 4 and 5, we provide evidence that the MASC estimator performs well in
practice. In Section 4, we conduct a placebo study using the data on Spanish terrorism
analyzed by Abadie and Gardeazabal (2003). This allows us to evaluate the performance of
the matching, SC, penalized SC (Abadie and L’Hour, 2019), and MASC estimators by how
well they predict a zero treatment effect for untreated units. We find evidence that MASC
performs better than the other three alternatives in this application. This is because MASC
is able to adapt to cases where either SC or matching would do well. Then, in Section 5, we
use the same data to re-estimate the effect of terrorism on the GDP of the Basque Country.
We find larger effect estimates with MASC than with the other three estimators.

Our paper is related to a growing literature on SC (see Abadie, 2019, for a recent
survey). The closest work to ours is the paper by Abadie and L'Hour (2019), who propose
the penalized SC estimator. The penalized SC and MASC estimators are different, but


https://github.com/maxkllgg/masc

related in that both assign weights to untreated units while taking into consideration their
distance from the treated unit in terms of pre-treatment characteristics. In Section 2.6, we
show that the penalized SC estimator is the solution to a constrained version of the problem
implicitly solved by the MASC. Thus, the MASC represents a more flexible model than the
penalized SC. While this does not necessarily mean it will perform better in practice, our
empirical results in Sections 4 and 5 show that, at least for the Spanish data, the penalized
SC estimator usually coincides with the standard SC estimator, suggesting that the extra
flexibility of MASC can be useful.

Also closely related to our work are the papers by Athey et al. (2019) and Viviano
and Bradic (2019), who also consider the benefits of model averaging in the context of
comparative case studies. The former authors combine several of the regularized SC and
matrix completion estimators developed in Doudchenko and Imbens (2016) and Athey et al.
(2018), while the latter authors combine a large number of estimators from the machine
learning literature. MASC differs from the estimators in these papers both in details and
intent. The purpose of MASC is to directly guard against the types of interpolation biases
that can occur with SC, and the extrapolation bias that can occur with matching, by
adaptively blending them together. Like Athey et al. (2019), we also find that model
averaging tends to work quite well, in concordance with a recurring finding of the economic
forecasting literature (see e.g. Stock and Watson, 2004, 2006). A contrast with Athey
et al. (2019), Viviano and Bradic (2019), and much of the forecasting literature, is that the
estimators we average are purposefully chosen to be complementary. This is exactly the

case when data-driven model averaging should be especially beneficial, see, for example,

Breiman (1996) or Elliot (2011).



2 Synthetic Control and Matching

2.1 Setup

Suppose that we observe a scalar outcome, Yj;, for cross-sectional units denoted by i at
timest = 1,..., T, as well as a time-invariant binary treatment group indicator, D; € {0, 1}.
Units in the treated group become treated at an event date, t*, so that treatment status
in time ¢ is given by D; = D[t > ¢*]. Associated with the outcome and treatment
are potential outcomes Y;;(0) and Y (1), which are related to the observed outcome via
Yie = DuYiu(1) + (1 — Dy)Yi(0). Our goal is to estimate the average treatment on the
treated (ATT),

ATT, = E[Yie(1) = Yie(0)| Di = 1] = E[Yz|D; = 1] — E[Y3(0)[D; = 1] (1)

where t > t* is some period after the event date.

Identifying the ATT in (1) is a matter of identifying the mean untreated outcomes for
the treated group in the post-period, i.e. 8, = E[Y;;(0)|D; = 1]. A common approach
for this is to assume that all differences between the treated and untreated units can be
eliminated by conditioning on a k—dimensional vector of pre-treatment covariates, X;. This
vector will typically include some or all of the pre-treatment outcomes (Y;; for ¢ < t*), as
well as potentially other pre-determined characteristics. The formal assumption consists of

the following two parts.

Assumption 1. (Selection on observables) If « is in the supports of both X;|D; = 0

Assumption 2. (Overlap) The support of X;|D; = 1 is contained in the support of



Assumption 1 is a mean—independence version of what is variously described in the liter-
ature as ignorable treatment assignment (Rosenbaum and Rubin, 1983), unconfoundedness
(Imbens and Rubin, 2015), or selection on observables (Barnow et al., 1980; Heckman and

Robb, 1985). Together with Assumption 2, it implies that for post-treatment periods ¢ > t*

B = E | E[Yal Di = 0, X]

Di = 1} = E [(X,)|D; = 1],
where y(x) = E[Yy|D; =0, X; = x]. (2)

That is, B; is point identified by the outcomes for the untreated group, conditional on
covariates, after re-weighting by the distribution of these covariates in the treated group.
For further discussion, see e.g. Heckman et al. (1997, 1998), Imbens (2004, 2015), or Imbens
and Rubin (2015).

Suppose now that we observe a sample of n + 1 realizations {(yi,. .., i, ds, ;) } 17
from the distribution of (Y1, ..., Yir, D;, X;). Our focus in this paper is the comparative
case study setting considered by Abadie and Gardeazabal (2003) and Abadie et al. (2010,
2015), in which there is only a single treated unit. We label this treated unit as i = 1, so
that d; = 1, while d; = 0 for all n remaining units ¢ > 2.

Since we only have a single treated unit, we estimate E[Y;;|D; = 1] by the realization
of Yi; in the post-period. Similarly, since the empirical distribution of X; given D; =1 is
simply a point mass at @1, we estimate 3, with an estimator of v;(x1). Thus, we focus on

a class of estimators for the ATT of the form
ATT, =y — (1), (3)

where 4;(x1) is an estimator of v,(x;). Note that while Assumptions 1 and 2 justify an
interest in estimating the population quantity, v;(x), there is no presumption that any of

the untreated units in the sample have pre-treatment covariates ;.

5



The problem we focus on is how to construct 4;(x;). The estimators we consider are
all of the form
Fo=)_ wiyi = yhw (4)
i>2
where w € IR" are weights applied to the observed outcomes yy; € R™ for the untreated
units at time ¢. The weights will always be assumed to live in the (n — 1)-dimensional

simplex

SE{wEIR":ij—l and ijOforallj}, (5)
J
so that 4; is a convex weighted average of the outcomes for the untreated units at time .

The question is how to choose the weights, w

2.2 Extrapolation Bias and Interpolation Bias

Consider an estimator of form (4), and write it as

51gnal n01se
E ws 775 331 + uzt E wz%ﬁ wz + E W; Uit (6>
i>2 i>2 1>2

where uy; = y;; — vi(x;) denotes the deviation between y;; and its conditional mean. Our
focus in this paper is on the signal term in (6) and under what conditions it can replicate
v¢(21). That is, we are concerned with the bias of estimators of form (4), as captured by

the behavior of (6) when u; = 0 for all i. We can decompose this bias into two components:

g i) () ]

1>2 1>2 1>2 1>2
. - N
Vv
=Bias(w) :ExtBlas(w) EIntBlas('w)



where ExtBias(w) is the extrapolation bias and IntBias(w) is the interpolation bias.
To see the justification of these terms, consider a simple case in which there are two
untreated units (n = 3), and ®; = z; is scalar (kK = 1). Figure 1 plots (z;,y(x;)) for
i =1,2,3, as well as y;(x) as a function of x. Notice that x; lies between x5 and 3, so
that it is an element of their convex hull.
One way to use the conditional means of the untreated units (v;(z2) and v, (z3)) to
approximate that of the treated unit (v;(z1)) is to linearly interpolate between z5 and 3

to obtain

b = ) + ) = o)) (222,

T3 — T2

This is equivalent to setting wy and w3 to be

i X1 — X2 i X1 — X2
wy =1 — and wh = .
T3 — T2 T3 — T2
li 11)

Since 11 = wizy +wixs, the extrapolation bias associated with the weights w' = (w}, w}

is zero. However, as shown in Figure 1, there is still bias due to interpolation, because

v(x) is not a linear function of x, and thus
IntBias(w") = v (wlzi@ + ng?)) - [wg%(@) + wg%(l’s)] # 0.

Another way to use the untreated units is to simply use the conditional mean for the
unit whose value of x; is closest to 1. In Figure 1, this is the second untreated unit, ¢ = 2.
The weights for this approximation strategy are the nearest neighbor weights of wi" =1
and wi™ = 0, which produce ;(z3) as an approximation to 7;(z1). This approach does not

interpolate, so

IntBias(w™) = (1 - 22 + 0 - x3) — (1 - y2(22) + 0 - y3(w3)) = 0.



However, it does extrapolate, creating bias to the extent that v;(x1) # vi(22).

The estimators we consider in this paper aim to minimize interpolation bias, extrapola-
tion bias, or a combination of both, by minimizing bounds on these quantities. Assuming
that ~; is Lipschitz, the magnitude of extrapolation bias can be bounded by

Ty — E Wi

i>2

|ExtBias(w)| < ¢ = ¢ x Ext(w),

where ¢ > 0 is the Lipschitz constant. Under the same Lipschitz assumption, and assuming
that interpolation is actually possible, so that the weights can be chosen to satisfy x; =
Y isowiz; (that is, @y is in the convex hull of {@;};>2), the magnitude of interpolation bias

can be bounded by

|IntBias(w)| =

Z w; (ve(x1) — ’Yt(%‘i))‘

i>2

< wiln(@n) — wel(@) < ¢ Y wille — x| = ¢ x Int(w).

i>2 i>2
Thus, by choosing w to minimize Ext(w) and/or Int(w), one can control extrapolation

and/or interpolation bias.

2.3 The Synthetic Control Estimator

The synthetic control (SC) estimator of v;(x1) proposed by Abadie and Gardeazabal (2003)
and later elaborated by Abadie et al. (2010, 2015) is defined as

45 = yh ™ where w* = argmin ||, — ziw|” = arg min Ext(w)?, (7)

weS weS
and where we have organized the untreated unit covariates into an n x k matrix xy. The

Euclidean norm in the definition of Ext(w) might be weighted by some symmetric, positive
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semidefinite matrix, but we omit this from the notation for simplicity. The SC weights,
W, are chosen so that the weighted average of covariates among the untreated units
comes as close as possible to matching the covariate vector of the treated unit, subject to
the convexity constraint that they are non-negative and sum to unity.

The SC estimator has a number of attractive properties. By construction, it minimizes
the quantity Ext(w) that bounds extrapolation bias. If this quantity can be made zero, then
the SC estimator will have no extrapolation bias, by construction. This stands in contrast
to linear regression, which is known to be subject to potentially large extrapolation biases
depending on how it is specified (see Imbens, 2004, pg. 13, or Abadie, 2019). Another
benefit of the SC estimator is that the weights w* are generally sparse, in the sense that
they are only non-zero for a few untreated units (Abadie and L'Hour, 2019). This aids
in transparency by providing a way for experts to use contextual knowledge to evaluate
the plausibility of the resulting estimates. Also, solving for w* only requires solving the
quadratic program in (7), which is a straightforward convex problem.

One concern with the SC estimator is that it is susceptible to interpolation bias. This
was noted by Abadie et al. (2010, pp. 495-496), and has been discussed more recently by
Abadie and L’Hour (2019), although those authors emphasize non-uniqueness issues that
occur with many treated or untreated units. In Figure 2, we illustrate how interpolation
biases can arise with the SC estimator. This figure plots several untreated units in a
draw from the empirical Monte Carlo simulation introduced in Section 4.6, which uses the
Spanish terrorism data of Abadie and Gardeazabal (2003). The simulation considers a
placebo exercise in which the “treated unit” is not in fact treated, so that the ground-truth
treatment effect is known to be zero. The left-hand side of Figure 2 plots the outcome

paths of the untreated units relative to that of the treated unit, while the right-hand side



depicts different estimators, which should be zero in the post-period if they are performing
well.

Suppose that we follow the recent tradition in the synthetic control literature of taking
X to include all pre-treatment outcomes and no other covariates (Doudchenko and Imbens,
2016; Ferman, 2020). We focus on this case throughout the paper both because it allows
us to examine the methods graphically, and also because it limits specification searching,
but our discussion also applies to the case where X; includes covariates other than pre-
treatment outcomes. In Figure 2, this produces an SC estimator that is comprised of
three regions with GDP per capita very different from the placebo region, Asturias. The
SC estimator puts zero weight on the two regions whose pre-period paths oscillate closely
around Asturias. Instead, it obtains the best pre-period fit by weighting three distant
regions. This choice of weights minimizes extrapolation but creates interpolation.

Whether such interpolation leads 4;° to be biased depends on the structure of the
function (). Assuming that x; lies in the convex hull of @, the SC estimator will have

no interpolation bias (IntBias(w*) = 0) if and only if
Z Wiy (i) = ve(®1) = 1t (Z wi%z‘) : (8)
i>2 i>2

In order for (8) to hold, the function ~; needs to be linear in & on the empirical support of
X;. This is a restrictive functional form assumption about an unknown object.

Suppose, for example, that Y;;(0) follows a factor structure, as suggested by Abadie
et al. (2010, 2015) and further elaborated by Gobillon and Magnac (2016), Xu (2017),
Ferman and Pinto (2019), and Ferman (2020), so that

Y;t(0> - (P;Lz + Uit with IE[Uzt|Lla Yi(t—1)7 B JY;:I] = 07 (9>
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where ¢, is a vector of unknown common factors and L; is a vector of latent factor loadings.

Then

() = PiA(T),

where A(x) = E[L;| X; = x]. With xjw™ = x;,

Zw“% x;) = <Z WA (x; ) =y (x1) + ¢ <Z WA (x;) (Z w%z>) )

1>2 1>2 i>2 i>2

Thus, in order for (8) to be satisfied, the conditional means of the factor loadings, A(x),
must be linear in @, at least barring knife-edge cases where multiple non-linearities cancel
out. Abadie et al. (2010) show that if (9) holds throughout the pre-period, then this
linearity will be approximately satisfied.

When (8) is not satisfied, interpolation bias will arise. This is illustrated in Figure 2,
where the SC estimator fits the pre-period path of Asturias by interpolating between three
regions with very different pre-period paths. The paths are highly nonlinear, suggesting
that (8) fails, and that the resulting interpolation bias leads 4;° to be a poor estimate of the
post-treatment outcomes of Asturias. We emphasize that this bias stems from the failure
of (8) even assuming perfect fit (x; = xyw™); it is distinct from the bias due to imperfect
fit considered by Ferman and Pinto (2019) and Ben-Michael et al. (2019).

Of course, Figure 2 is just one simulation draw, and one which we have selected to show
how interpolation bias can arise. The frequency with which it actually arises in applications
is an empirical question. We address this empirical question for the Spanish data in Section

4, where we report the results from our full placebo analysis and Monte Carlo simulations.
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2.4 The Matching Estimator

Local nonparametric smoothing estimators are a classical way to estimate 7;(x;). In gen-
eral, these estimators can be written as

A0 =) w (e — ) yi = yo, 0", (10)

i>2

where k is a kernel function that determines the weight applied to each untreated obser-
vation. For such an estimator to be local, the function k should be decreasing, so that
untreated units with predetermined characteristics more distant from the treated unit are
given less weight. Local smoothing estimators do not require the linearity condition (8)
that was required for the SC estimator. Instead, they rely only on =, being sufficiently
smooth in its continuous components (e.g. Fan and Gijbels, 1992).

Unlike the SC estimator, local smoothing estimators do not necessarily have sparse,
convex weights. However, the specific class of k—nearest neighbors estimators (e.g. Cover,
1968) does have weights with these properties. Estimators based on the nearest neighbors
idea are widely used for causal inference problems under Assumptions 1 and 2, in which
case they are commonly described as matching estimators (e.g. Dehejia and Wahba, 1999;
Abadie and Imbens, 2006).

The matching estimator we consider is defined by choosing a positive integer and equally
weighting the m untreated units with pre-period characteristics closest to those of the

treated unit. That is,

A (m) = ypw™ (m), (11)

where the weights w™*(m) are 1/m for the m units with smallest ||x; — 21]|| and 0 for all

other units. For simplicity, we assume there are no ties. Note that this vector of weights
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can be written as the solution to the optimization problem

7 ma(

w for all « > 2, (12)

1
m) = argminZwinl -zl st ow < —
WES > m

J/

-~

=Int(w)
since the w; corresponding to the smallest ||@; — ;|| will be pushed up against 1/m until
the m smallest observations have reached this bound, while all other w; will be set to 0.

Like the SC estimator, the matching estimator is a sparse, convex weighted average of
the post-period outcomes of the untreated units. However, in contrast to the SC estimator,
the matching estimator aims to minimize Int(w), and thus minimize interpolation bias. For
example, with m = 2, the matching estimator equally weights the two regions in Figure 2a
that oscillate around the placebo region, since their pre-period outcome paths are close to
that of the placebo region. As a consequence, the matching estimator is less susceptible to
interpolation bias than the SC estimator, and in this example provides a better estimate
of the post-treatment outcomes for the placebo region.

However, the matching estimator is more vulnerable to extrapolation bias than the SC
estimator. To see this, consider Figure 3, which reports a draw from our simulation with
Navarre as the placebo region. In this draw, the matching estimator uses the single un-
treated unit that has pre-period path closest to Navarre, even though their pre-period paths
are not actually that close, resulting in considerable bias. In contrast, the SC estimator
weights two distant regions in a way that provides an excellent fit to the outcome path of
Navarre throughout the pre- and post-period. This is consistent with a case in which ~; is
close to linear, so that (8) is close to satisfied, and the SC estimator has little interpolation

bias.
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2.5 Model Averaging with the MASC Estimator

Both the SC and matching estimators share a number of appealing properties in common.
As illustrated in Figures 2 and 3, however, their drawbacks are different and diametrically
opposed: the SC estimator controls extrapolation bias but not interpolation bias, while
the matching estimator does the opposite. This complementarity suggests that a model
averaging estimator will be able to harness the best properties of both the matching and
SC estimators. See, for example, the discussion surrounding Theorem 1 of Breiman (1996).

With this motivation, we define the matching and synthetic control (MASC) estimator

as

ﬁ/;nasc = Qﬁﬁ/;na(m) _'_ (1 _ QS),%SC = y(/Jt,LAvmasc

where ¢ € [0, 1] is a tuning parameter, and W™ = pw™*(m)+ (1—¢@)w™*. In Section 3, we
provide a cross-validation procedure for choosing ¢ and m. This allows the MASC to control
both interpolation and extrapolation biases in a data-driven way. When interpolation bias
is the chief concern, the procedure makes the MASC estimator assign more weight to
the matching estimator. In Figure 2, it sets ¢ = 1 and m = 2, so that the MASC
exactly coincides with the matching estimator with two matches. On the other hand, when
extrapolation bias is the concern, the procedure assigns more weight to the SC estimator.
For example, in Figure 3, it sets ¢ = 0, so that the MASC exactly coincides with the SC
estimator.

Intermediate cases can also arise, as the simulation draw depicted in Figure 4. In this
case, the outcome paths are moderately non-linear, so that the SC estimator suffers from
interpolation bias. As the same time, there are no untreated units that closely match

the pre-period path of the placebo unit (Rioja), so the matching estimator suffers from

14



extrapolation bias. In contrast, the cross-validation procedure chooses ¢ = .5, which allows
the MASC estimator to mix the SC estimator with the matching estimator, mitigating both

sources of bias.

2.6 The Penalized Synthetic Control Estimator

A related, but different estimator has recently been proposed by Abadie and L'Hour (2019).
Those authors start with the SC estimator and add a penalty that discourages choosing

units far from the treated unit. Their penalized SC estimator is defined as

;yfen = yét,ﬁ)pen
with  @P*" = argmin (1 — 7)|x; — xyw]||* + 7 (Z w;l|e; — w1H2> : (13)
weS i>2

where 7 € [0, 1] is a tuning parameter chosen through cross-validation that controls the
penalty incurred by weighting untreated units with pre-treatment characteristics different
from the treated unit. When 7 = 0, the penalized SC estimator reduces to the usual SC
estimator, 4;°, while for 7 = 1, it is equal to 4*(m) with m = 1. (Note that Abadie
and L'Hour (2019) parameterize their criterion function slightly differently by normalizing
(1 —7) to 1 and allowing m > 0. The two formulations are equivalent.)

The optimization problem solved by the penalized SC estimator is a constrained version

of the one implicitly solved by the MASC estimator. This is because (13) can also be written

as
~.pen __ : / all2 b 2 a __ b
wP" = argmin (1 — 7)||x; — zow?||"+7 Zwini—le st wt=w’,
wa,wbES ZZ2
whereas w™*° is the solution to this program (with m replaced by ¢) when m is fixed at

1 and the constraint w® = w® is dropped. Note that when this constraint is dropped the
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problem becomes separable in w® and w’, and the squares on the norms can be removed
without changing the optimal solutions. While the MASC estimator takes a convex com-
bination of the SC and matching estimators—which respectively minimize extrapolation
and interpolation bias—the penalized SC estimator minimizes a convex combination of the
(squared) SC and matching objective functions. This can lead it to choose an entirely
different set of weights.

It is important to mention that we are ignoring a primary motivation provided by
Abadie and L’Hour (2019) for the penalized SC estimator, which is its ability to solve the
non-uniqueness problem that can arise when solving the SC problem (7). As Abadie and
L’Hour (2019) discuss, this problem is usually not an issue when there is a single treated
unit, which is the case we consider here. It becomes much more likely to be problematic with
multiple treated units. In such settings, one could modify the MASC so that it averages
between the matching and penalized SC estimators. We expect that the resulting estimator

would behave similar to the way the MASC behaves when there is a single treated unit.

2.7 Sparsity

A key motivation for the synthetic control method is sparsity in the weights. In comparative
case studies, sparsity facilitates the interpretation of the counterfactual estimate and the
recognition and assessment of potential biases (see, e.g. Abadie, 2019).

The sparsity properties of the MASC estimator are inherited by those of the SC and MA
estimators. Suppose that n* of the components of w* are non-zero. Then at most n* +m
of the components of w™*° are non-zero. In practice, we often find that the untreated units

given non-zero weights by the SC and MA weighting schemes are partially overlapping, so

that the actual number of non-zero elements is smaller than this. The smallest number of
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mas¢ can have is the minimum of m and n*, which happens

non-zero components that w
if =1 or ¢ = 0, respectively. Since m can be as small as 1, the MASC weights could
have only one non-zero weight. Thus, the MASC is generically neither more nor less sparse
than the SC, MA or penalized SC estimators. In the application in Section 5, we find that

MASC has four positive weights, while SC, matching and penalized SC all have three.

3 Cross-Validation

3.1 Definitions

In this section, we propose a cross-validation procedure for choosing the tuning param-
eters for the estimators discussed in the previous section. As in Abadie et al. (2015),
our procedure is based on optimizing the fit of the treated unit’s outcome series in the
pre-treatment period. Whereas those authors used a single training-validation split, our
procedure uses a series of one-step ahead forecasts, each of which is estimated using data
only from periods prior to the forecast date. This is called rolling-origin recalibration in the
forecasting literature (e.g. Tashman, 2000; Bergmeir and Benitez, 2012), which is related
to the rolling-window considered by Swanson and White (1997).

We define our folds, f = 1,..., F, as consisting of data running between two dates %;
and ¢y in the pre-treatment period. Let 47(7) denote a generic estimator of the outcome
in period ¢y + 1 based on data in fold f, where 7 is a vector of tuning parameters. Our
cross-validation procedure chooses 7 to minimize the average one-step ahead forecast error,
which we denote as

1 — 2
== Z y1 (Fr+1) (7')) : (14)
f:l
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We consider the one-step ahead forecast primarily for concreteness; one could modify the
criterion (14) to combine multiple forecast periods under different weights chosen by the
researcher. Our R package (https://github.com/maxkllgg/masc) implements such a
modification to allow for more general criteria.

Figure 5 illustrates the structure of the rolling-origin cross-validation procedure. In this
example, the treatment date is t* = 21, so that there are 20 pre-treatment periods. A fold
with ¢ ¢ = 19 uses data from £ up to t 7 to construct a forecast of the treated unit’s outcome
in period 7 +1 = 20. Fold f = 18 uses data from ty, ..., 18 to forecast at t; + 1 = 19, and
so on. The criterion is constructed by averaging together the squared prediction errors from
all folds f =1,..., F. The attractive part of the rolling-origin cross-validation procedure
is that it preserves the temporal structure of the forecasting problem.

The largest that F' can be is t* —2 if weset t; = land ty = fforall f =1,...,(t*—2).
In practice, we use fewer folds than this, and prefer folds that are longer. The bias-variance
trade-offs that drive this choice are natural. Folds that end closer to the treatment date (¢¢
closer to t*) are likely to be more relevant to the post-treatment period. They can also be
made longer (t; — 1), so that the estimators use more data. On the other hand, we expect
that having more folds will decrease the variance of cv(7) in repeated samples. These
trade-offs are also present in cross-validation with independent and identically distributed
data (e.g. Hastie et al., 2009, pg. 242-243). The added complication here is that not all
folds are equally valuable, so we prefer ones that use data closer to the actual treatment
date.

The parameters 7 differ by estimator. The synthetic control estimator has no tuning
parameters. (As mentioned earlier, the Euclidean norm defining the synthetic control or

matching estimators could be weighted. Abadie et al. (2010, 2015) view the weights as
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tuning parameters and choose them using cross-validation. We could do this as well with
our criterion (14), but we have elected not to in the current paper because optimizing over
the weights introduces computational issues that, while solvable, are not the main focus of
our paper (Becker and Kl68ner, 2017, 2018).) For the matching estimator, 7 is the number
of matches, m. The MASC estimator has both m and the model average parameter, ¢.

The penalized synthetic control estimator has the penalty parameter, 7.

3.2 Computation

For the MASC estimator, it is straightforward to find the unconstrained minimum of
cv(T) = cv(p,m) in ¢ for any fixed m. Using least squares algebra, the solution can
be shown to be
F /am . .
o 2= (M) = ) W — )
¢(m) = F 2 ma 2,5C\2
Zf:l ('Yf (m) — Ty )

This means that cross-validating the MASC is extremely easy computationally. First,

. (15)

~

compute ¢(m) for a set of potential matches, m € M. Then for each m € M, set

(

0, if $(m) <0

¢*(m) =41, if o(m) > 1

¢(m) otherwise
\

Finally set m* = argmin,,,, ev(¢*(m), m), and set ¢* = ¢*(i*). The cross-validated
MASC estimator is a weighted average of 4% and 4™(1m*) with weights (1 — (ﬁ*) and ¢*,
respectively.

For the penalized SC estimator, cv(T) = cv(m) is not necessarily convex in 7, which

makes it harder to find the global minimum. In the results ahead, we use a grid search to
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cross-validate the penalized SC estimator.

3.3 Some Statistical Properties of the MASC Estimator

The statistical properties of matching estimators are well understood. In contrast, much less
is known about the SC estimator, although this is rapidly changing, with recent advances by
Abadie and L’Hour (2019) and Ferman (2020), among others. Since the MASC is an average
of the SC and matching estimators, its properties depend on both, but our understanding
of these properties is bottlenecked by our understanding of SC. Nevertheless, since the
MASC is determined through cross-validation, we can make some limited statements by
using the observation that both SC and matching are weakly suboptimal solutions of the
cross-validation problem.

The first conclusion we can draw is a bound on the MSPE of the MASC.

Proposition 1. Suppose Assumptions A.1-A.6 in Appendix A are satisfied. Then
. 2
E| (vie) - )] <00 + (BUL] 4 maxEREL), (10

where Ujp» = Y+ (0) — v+ (X)), and [mase ig the stochastic counterpart of 4™ in repeated

samples.

The proof is presented in the appendix. The bound in Proposition 1 arises by bounding
the cross-validation error of MASC with that of the nearest neighbor estimator, which
is weakly larger by definition of the MASC. Under a stationarity assumption, the cross-
validation criterion faithfully reproduces the MSPE on average, so that this bound implies
that the MSPE of MASC is also bounded by that of the nearest neighbor estimator. The

MSPE of the nearest neighbor estimator has a bias term and a noise component. Abadie

20



and Imbens (2006, Lemma 2) derived a bound on the former, the square of which is the
first term in (16); see also Lemma 2 of Abadie and L’Hour (2019). The latter is bounded
by the variances of the residual for the treated unit and its nearest neighbor match, which
is the second term in (16).

In a similar vein, we can use the fact that the MASC chooses optimally between the

SC and matching estimators to show that it is consistent if either one is consistent.

Proposition 2. Suppose that Assumptions A.3-A.4, and A.7-A.8 in Appendix A are
satisfied, and that either 4° or 4™ is consistent for v (X7). Then 4™ is also consistent

for Y+ (Xl) .

The proof is presented in the appendix. Proposition 2 shows that the cross-validation ap-
proach embedded in the MASC ensures that it will be consistent whenever one of matching
or SC is consistent. This is like a double robustness property (e.g. Bang and Robins, 2005).
Consistency here requires that at least the pre-treatment period is large, so that the number
of folds in the cross-validation procedure is also large. It also potentially requires a large
number of untreated units for the consistency of either matching or SC, see e.g. Biau and
Devroye (2015, Corollary 11.1) or Ferman (2020). Li (2019) provides a consistency result

for SC with a large pre-treatment period, but a small number of untreated units.

4 Placebo Analyses

4.1 Design

We use a series of empirical placebo analyses to examine the behavior of the estimators

described in Section 2. These exercises use the same data as in Abadie and Gardeazabal’s
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(2003) application of the SC method to study the effect of terrorism on per capita GDP
in Spain. The data consists of time series on per-capita GDP running from 1955 to 1997
for 17 regions in Spain. The treated unit is the Basque Country, and the treatment is the
onset of separatist terrorism, which begins in 1970.

Abadie and Gardeazabal (2003) performed a placebo analysis using Catalonia as the
placebo region. Their stated rationale was that Catalonia is similar to the Basque Country,
but with lower exposure to terrorism, and particularly salient for their results, since it
received the most weight in their application of the SC method. They found that the SC
estimator reproduced the actual per capita GDP for Catalonia quite well, at least until
the 1980s. They interpreted this as evidence in support of their estimates for the Basque
Country.

Using the same logic, we extend this placebo exercise to all of the untreated regions of
Spain, with the exception of the Balearic Islands, Extremadura, and Madrid. The reason
for excluding these three regions is that the SC estimator provides a particularly poor fit to
their pre-period paths. Given the poor fit, one might argue that it is inappropriate to apply
SC to these regions. (We thank the associate editors for pointing this out and suggesting
that we exclude these three regions. Empirically, we find that including or excluding
these regions does not materially change our findings about the relative performance of the
various estimators. Results including these regions are provided in Supplemental Appendix
D.)

The placebo analyses are conducted separately for each of the remaining 13 untreated
regions. We use the same methodology described in Sections 2 and 3, except that now
the “treated unit” is a placebo region in which no intervention took place at t* = 1970.

For each estimator, we use data from 1955-1969 and cross-validate with F' = 7 folds, each

22



starting at £; = 1955 and ending at ¢y € {1962,1963,...,1968}. The number of matches
for the matching and MASC estimators is chosen from M = {1,2,...,10}.

We calculate the mean squared prediction error (MSPE) for each region by taking the
differences between its actual and forecasted outcome paths in each of the first four post-
treatment years (1970-1973), squaring these differences, and then averaging the four years.
(Our findings about the relative performance of the various estimators do not materially
change if we use a longer post-period, a point we demonstrate in Figure B.1 of the Sup-
plemental Appendix.) This procedure produces a MSPE for each placebo region and every
estimator. As in Abadie and Gardeazabal (2003), we interpret a low MSPE as evidence
that an estimator is performing well. Throughout our discussion, we focus on the square

root of the MSPE (the RMSPE) so that errors are interpretable in units of GDP per capita.

4.2 Performance Across Estimators

Figure 6 compares the performance of four alternative estimators across each placebo re-
gions in terms of RMSPE. In panel (a), we present the results for the regions with relatively
low RMSPE, while we in (b) display the results for the regions with higher RMSPE. Note
that, as a consequence, the scales on the vertical axes are different in panels (a) and (b).
To help interpret the magnitudes of the estimates, each graph reports the RMSPE both
in units of GDP per capita (left vertical axis), and as percent of GDP per capita in the
Basque Country in 1969, the year prior to treatment (right vertical axis).

Qualitatively, the MASC tends to outperform the other estimators, including the penal-
ized SC estimator, which frequently coincides with the standard SC estimator. The MASC
adapts to regions such as Asturias and Andalusia, where matching performs well but SC

does poorly. It also adapts to regions such as Navarre and the Canary Islands, where
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matching does poorly, but SC does well. In regions like Rioja, Murcia, and Castile-La
Mancha, where neither matching nor SC perform well, the MASC outperforms both.

The four estimators exhibit noticeable quantitative differences in performance. On aver-
age across the placebo regions, the yearly RMSPE of MASC is $96.6 per person, equivalent
to 1.6 percent of GDP per capita in the Basque Country in 1969. By comparison, the
SC estimator has an average yearly RMSPE of $125.4 per person, which amounts to 2.1
percent of the Basque Country’s GDP per capita. The average RMSPE of the penalized SC
estimator is very similar to that of the SC estimator. Matching, on the other hand, tends
to have larger prediction errors, with an average yearly RMSPE of $157.2 per person, or 2.6
percent of the Basque Country’s GDP per capita. To put these estimates into perspective,
the yearly GDP growth of the Basque Country averaged $159.2 per person across the years
1955-1969. This means that the average yearly prediction error of the estimators ranges
from 61 percent (MASC) to 79 percent (SC and penalized SC) and 99 percent (matching)

of the annual GDP growth in the treated region prior to the onset of terrorism.

4.3 Pre-Period Fit and Prediction Error of Synthetic Control

The performance of the SC estimator varies across placebo regions. In some regions, its
performance is similar to MASC, while in others it performs considerably worse. There are
two possible explanations for why SC produces relatively large prediction errors in certain
placebo regions. One possibility is that the synthetic unit does not fit the pre-period paths
in these regions. The other possible explanation is that the pre-period fit is good, and the
prediction error results from the susceptibility of the SC estimator to interpolation bias.
To evaluate these explanations, we compare the pre-period fit of the SC estimator to its

prediction error in the post-period data. These results are reported in Figure 7.

24



One finding is that the SC estimator is able to fit the pre-period paths of the placebo
regions quite well. Indeed, for every one of the placebo regions, we obtain a pre-period
fit (RMSE) that is lower than that obtained for the Basque Country, which is the actual
treated region. (We discuss these results in Section 5, where we find the RMSE of SC
when applied to the Basque Country to be $75.6 per person.) Another finding is that
placebo regions with good (or poor) pre-period fits do not necessarily have small (or large)
prediction errors. For example, the SC estimator fits the pre-period data the worst in the
regions of Murcia and Castile-La Mancha. Yet the prediction error is low in one of these

regions, Murcia, and high in the other region, Castile-La Mancha.

4.4 Cross-Validation and Prediction Error of MASC

The results in Figure 6 suggest that MASC performs relatively well compared to the other
estimators, at least in the current setting. However, MASC also has non-negligible pre-
diction errors in some placebo regions. One potential reason for poor performance is that
a suitable control group simply does not exist; that is, no combination of ¢ and m would
lead to low prediction error. Another possibility is that a suitable control group exists, but
the cross-validation procedure does a poor job locating it. To distinguish between these
two scenarios, we report a region-by-region comparison of the actual RMSPE against the
best possible (infeasible) RMSPE that MASC could obtain if ¢ and m were cherry-picked
to directly minimize it in the post-treatment period. These results are reported in Figure
8.

Averaging across regions, the minimum infeasible RMSPE is 45 percent lower than the
actual RMSPE. However, there is a great deal of heterogeneity across regions. For example,

the MASC has the highest RMSPE in the Canary Islands, but Figure 8 shows that this is
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because there is no suitable control group (choice of ¢ and m) for that region, not because
the cross-validation procedure is failing. On the other hand, Figure 8 suggests that MASC
has relatively high prediction errors for Asturias and Castile-La Mancha because the cross-
validation procedure selects a control group that is far from infeasible optimal one.

In Appendix C, we explore alternative cross-validation procedures, including changing
the criterion to consider forecasts that are multiple steps ahead, either individually or
averaged, as well as a leave-one-out criterion that measures prediction error in the middle
of a fold. Our results there suggest that none of these alternatives achieves a MSPE that
is systematically lower across placebo regions than the one-step ahead rolling-origin cross-

validation procedure used in our main results.

4.5 Biases due to Interpolation versus Extrapolation

The results in Figure 6 show that MASC tends to outperform the other estimators in the
placebo analyses. In Figure 9, we investigate the reason for this by plotting the pre-period
fit (RMSE) and post-period prediction error (RMSPE) as functions of ¢ and 7 for the
MASC and penalized SC estimators. We report the average across all placebo regions in
dotted lines. We also report Andalusia separately as a solid line, since this is the only
placebo region in which SC and penalized SC do not coincide.

When ¢ = © = 0, both the MASC and penalized SC estimators correspond to the
standard SC estimator, which minimizes extrapolation bias by maximizing pre-period fit.
Panels (a) and (c) of Figure 9 shows how pre-period fit deteriorates monotonically (and
mechanically) as ¢ and 7 increase. At ¢ = m = 1, both the MASC and penalized SC
estimators correspond to the matching estimator, which minimizes interpolation bias. In-

termediate values of ¢ and 7 represent a trade-off between extrapolation and interpolation
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bias. MASC captures this trade-off by assigning weight to both the SC and matching es-
timators. Penalized SC captures it by changing the relative penalty for giving weight to
distant units.

Panels (b) and (d) of Figure 9 show the prediction errors of MASC and penalized SC.
These do not need to be monotonic functions of ¢ or 7, because these parameters regulate
the trade-off between controlling extrapolation and interpolation biases. Indeed, average
prediction error for the MASC is minimized at around ¢ = .4, reflecting the observation in
Section 4.2 that MASC is able to adapt to regions where either SC or matching performs
well, while blending the two successfully in regions where both perform poorly. In contrast,
average prediction error for penalized SC is monotonic in 7, a consequence of the fact that
the cross-validation procedure almost always chose penalized SC to coincide exactly with
SC. The one exception is Andalusia, plotted in the solid line, where penalized SC obtains

a lower MSPE than SC by setting m = 1, rendering it identical to the matching estimator.

4.6 Monte Carlo Simulations

The placebo analyses in this section have been based on a given data set, that is, on one
particular realization of the underlying data generating process. This raises two questions.
The first is whether the relative performance of the alternative estimators would change
when looking across multiple realizations of the same data generating process. The second
is how the estimators would perform under alternative data generating processes. To answer
both questions, we conducted a Monte Carlo study, which we discuss in detail in Appendix
E. Here, we briefly describe the design and results.

The data generating process for the Monte Carlo is a linear factor model with four

factors. We take the errors to be normally distributed errors, as in the simulations in
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Ferman and Pinto (2019) and Chernozhukov et al. (2020), and model them as an AR(1)
process with heteroskedasticity across regions. We first remove year effects from the Spanish
data, then fit the residuals to the factor model. Appendix Figure E.6 shows that the model
does a good job at reproducing patterns in the original data with a bit of added sampling
error.

We use the fitted model to generate simulated data by taking random draws of the
stochastic component. We then use the simulated data to compare estimators through the
same type of placebo analyses as in Section 4. The only difference is that now we consider
the distribution of MSPEs across simulation draws for each placebo region. We expect this
distribution to be clustered close to zero if the estimator is working well.

The results from this simulation support the four key insights from the placebo analyses
based on real data: (i) MASC tends to outperform the other estimators; (ii) the pre-period
fit of the SC estimator is not necessarily a strong indicator of its prediction error; (iii)
the cross-validation procedure tends to select suitable control groups for MASC when they
exist; and (iv) MASC is much more likely than penalized SC to assign positive weight to
matching, which reduces interpolation bias, and, ultimately, reduces prediction error.

We then change the data generating process by reducing the number of factors from
four to two. This provides a case in which the SC estimator is likely to be a preferred
estimator, since a close-fitting synthetic control is easier to find. The fit of the model to
the data is, however, much worse, so this simulation is meant as expository, not necessarily
realistic. With the two-factor model, the SC estimator does much better, since it more
closely satisfies the form (8) needed to not have interpolation bias. The penalized SC
continues to behave similar to SC, and MASC is competitive, but slightly worse, since the

stochastic errors occasionally make it assigns weight to the matching estimator. Taken
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together, the simulation results indicate the importance of considering the potential for
interpolation bias in SC and related methods, and in particular of assessing the plausibility

of the necessary linearity condition, (8).

5 Re-Examining the Economic Costs of Conflict

In this section, we re-analyze the Spanish terrorism application of Abadie and Gardeazabal
(2003). The goal is to assess if the alternative estimators yield substantively different
estimates of the economic costs of conflict for the Basque Country. We continue to follow
the same cross-validation procedure as in Section 4, except that now the Basque Country
is the treated unit. The economic costs of conflict are calculated by taking the difference

between the Basque Country’s actual and forecasted outcome path over the post-period.

5.1 Effect Estimates using MASC

Figure 10 presents the pre-period fit and the post-period estimated costs of terrorism per
year for MASC. On average, MASC gives a RMSE of $97.5 per person in the pre-period.
By comparison, the estimated average effect of terrorism in the post-period is an order
of magnitude larger, at around $982 per person, per year over the course of 1970-1997.
The estimated effect peaks in 1987, reaching a yearly cost of $1,558 per person, which is
equivalent to 25.6 percent of GDP per capita in the Basque Country in 1969. Cumulating
the yearly effects from 1970 to 1997 gives a total loss of $27,516 per capita. This total

effect is nearly five times as large as the GDP per capita in the Basque Country in 1969.
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5.2 Comparison of Effect Estimates across Estimators

Figure 11 reports the yearly differences between the effect estimates of MASC and those
produced by each alternative estimator.

The SC estimator produces systematically smaller effect estimates than the MASC
estimator. On average across the years 1970-1997, the SC estimates of the annual costs
per person is $88.2 lower than the MASC estimates of these same costs. To put this
difference into perspective, it is about 1.4 percent of the Basque Country’s GDP per capita
in 1969, or more than half of this region’s yearly GDP growth over the years 1955-1969.
The differences between the MASC and the SC estimates accumulate from 1970 to 1997
to $2,470 per capita, which is equal to 40 percent of the GDP per capita in the Basque
Country in 1969.

The penalized SC estimator gives even smaller effect estimates than SC. On average,
the penalized SC estimates of the annual costs per person is $249 lower than the MASC
estimates of these costs. The MASC and penalized SC estimates differ the most in 1987,
reaching a difference in the estimated costs of terrorism of $433.6 per person, or, equiv-
alently, 7.1 percent of GDP per capita in the Basque Country in 1969. Cumulating the
yearly differences from 1970 to 1997 gives a total difference in the economic costs of terror-
ism of $6,972 per capita. This total difference is larger than the entire GDP per capita of
the Basque Country in 1969

The matching estimator gives the largest effect estimates of the four estimators we
consider. On average, the matching estimates of the annual costs per person are $106
larger than the MASC estimates. This additional cost is equal to 1.7 percent of the Basque
Country’s per capita GDP in 1969. The differences between the MASC and the matching
estimates accumulate from 1970 to 1997 to $2,965 per capita, which is equal to 49 percent
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of the GDP per capita in the Basque Country in 1969.

5.3 Choice of Control Group, Sparsity and Pre-Period Fit

Figure 12 shows the weights of the untreated regions that make up the control groups
for each estimator. The cross-validation procedure selects three untreated regions for the
matching estimator: Madrid, Catalonia, and the Balearic Islands. Fach of these regions
receive the same weight. The SC estimator also chooses three untreated regions in the
construction of the synthetic control. Two of these regions, Madrid and the Balearic
Islands, are also selected by the matching estimator, although the weight they receive
differs. SC chooses Rioja as the third region, whereas matching chooses Catalonia.

As discussed in Section 2.7, the weights for both the MASC and penalized SC estimators
can be sparser than the weights of either the SC or matching estimators, but cannot be
sparser than both simultaneously. In our context, it turns out that matching and penalized
SC form control groups based on exactly the same three regions. MASC, on the other
hand, assigns roughly the same weight to the matching estimator as to the SC estimator.
As a result, the control group of the MASC estimator consists of four untreated regions:
Madrid, Catalonia, Rioja, and the Balearic Islands.

The denser set of weights for the MASC does not mean that it has superior pre-period
fit. On the contrary, the SC estimator has sparser weights yet it maximizes, by construction,
the fit in the pre-period. This can be seen in Figure 13, where we plot the year-to-year
error of each estimator in the pre-period. The SC estimator has a RMSE of $75.6 per
person in the pre-period. The penalized SC estimator fits the data similarly, whereas the
MASC estimator has a worse fit with a RMSE of $97.5 per person. By comparison, the
matching estimator, which has the worst fit, has a RMSE of $154.3 per person. As the
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placebo study in Section 4 illustrated, pre-period fit does not necessarily correspond to

better performance in the post-period.

6 Conclusion

One of the major impacts of the SC method has been to recast longitudinal comparative
case studies as prediction problems. In this paper, we made use of two tools from the
machine learning and economic forecasting literature: model averaging and rolling-origin
forecast evaluation. By examining the weakness of the SC estimator to interpolation bias,
and the weakness of the matching estimator to extrapolation bias, we showed how to use
these tools to build a third estimator, the MASC, that is able to effectively avoid both
sources of bias. Using both simulated and empirical placebo studies, we found evidence
that MASC performs better than either the matching, SC, or penalized SC estimators. We
used the MASC estimator to re-examine Abadie and Gardeazabal’s (2003) application to
the economic costs of conflict in the Basque Country and found noticeably larger effect
estimates than with SC.

We have not discussed the delicate issue of statistical inference in comparative case
studies. A variety of inferential methods have been recently proposed for SC and related
methods. Li (2019) and Chernozhukov et al. (2020) develop asymptotic methods that de-
pend on having many pre— and/or post— periods, while Arkhangelsky et al. (2019) propose
a jackknife under additional asymptotics in the number of untreated units. Abadie et al.
(2010, 2015), Ferman and Pinto (2017), Firpo and Possebom (2018), Chernozhukov et al.
(2019) and Shaikh and Toulis (2019) develop different types of non-asymptotic randomiza-

tion tests, while Cattaneo et al. (2019) show how to construct prediction intervals using
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non-asymptotic bounds.
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Figure 2: The potential for interpolation bias with the synthetic control estimator
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(a) Untreated outcome paths for selected re- (b) Estimated outcome paths for the
gions. placebo treated region.

Notes: This figure depicts a simulation draw from the empirical Monte Carlo described in Section 4.6, using Asturias
as the placebo. The vertical dashed line indicates the beginning of the treatment period. Panel (a) depicts selected
control regions which are assigned a weight of at least 0.1 by one of the estimators. Markers indicate which of these
controls are assigned weight in the different estimators. Panel (a) plots each estimator using the same markers as
in panel (b). In panel (a), paths of GDP per capita over time are plotted relative to the placebo treated region,
which is the path lying on the y-intercept. Panel (b) plots the fit and treatment effects (prediction error) for each

estimator.
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Figure 3: The potential for extrapolation bias with matching
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(a) Untreated outcome paths for selected re-  (b) Estimated outcome paths for the placebo
gions. treated region.

Notes: This figure depicts a simulation draw from the empirical Monte Carlo described in Section 4.6, using Navarre
as the placebo. The vertical dashed line indicates the beginning of the treatment period. Panel (a) depicts selected
control regions which are assigned a weight of at least 0.1 by one of the estimators. Markers indicate which of these
controls are assigned weight in the different estimators. Panel (a) plots each estimator using the same markers as
in panel (b). In panel (a), paths of GDP per capita over time are plotted relative to the placebo treated region,
which is the path lying on the y-intercept. Panel (b) plots the fit and treatment effects (prediction error) for each

estimator.
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Figure 4: MASC adapts to control both extrapolation and interpolation bias
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Notes: This figure depicts a simulation draw from the empirical Monte Carlo described in Section 4.6, using Rioja
as the placebo. The vertical dashed line indicates the beginning of the treatment period. Panel (a) depicts selected
control regions which are assigned a weight of at least 0.1 by one of the estimators. Markers indicate which of these
controls are assigned weight in the different estimators. Panel (a) plots each estimator using the same markers as
in panel (b). In panel (a), paths of GDP per capita over time are plotted relative to the placebo treated region,
which is the path lying on the y-intercept. Panel (b) plots the fit and treatment effects (prediction error) for each

estimator.
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Figure 5: Cross-validation based on rolling-origin recalibration.
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Note: This plot depicts the root means square prediction error from 1970 to 1973 in the 13 main placebo regions.
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Figure 6: Performance of alternative estimators in the main Spanish placebo analyses
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MASC estimator

48



— - Matching Penalized SC Synthetic Control

-8

Fy

S

S
=)

~
< o)
= (@]
Q ~—+
8300 S
() 4 Q0O
2 L0 =
o o E
o 229
< 100 [@X=)
3 B0
8 53
L Of-m-mmmmmmmmmmm ooy o®m
c W g
- EN D 5
8 _100 A N 7/ Na- 3~
% === ~.~ —2%
) [
$E -200 ©
(@] 7—4%

N—r

|
w
o
o

1970 1974 1978 1982 1986 1990 1994
Year

Note: this figure plots the difference between each estimator and MASC in the year-to-year estimates of the cost
of terrorism. Differences are reported in 1986 US dollars. A positive value implies a lower estimate for the cost of

terrorism than given by the MASC estimator.

Figure 11: Difference from MASC in the cost of terrorism produced by alternative estima-
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SUPPLEMENTAL APPENDIX

A Technical Appendix

In this section, we discuss the assumptions needed for Propositions 1 and 2 and provide
proofs of these results. To help state the assumptions precisely, we let X;; denote the pre-
determined covariates used to construct the forecast at time ¢ or later. In this notation, X
in the main text is Xy» and fold f uses X, to forecast at £y 4 1. For clarity, we denote
stochastic counterparts of estimators and weights in repeated samples using capital letters
to distinguish them notationally from their realizations in the data set at hand. So, for

L, masc

example [™#¢ T and W*® are random variables, whereas 4™*° 4% and w" are their

realizations in the sample {(yi1,. .., yir, di, x;)};! considered in the main text. Also, to

simplify some of the subscripts, we let t5 = ¢; + 1 denote the one-step ahead forecasting

period for fold f.

A.1 (Equal-length folds) ¢ty —ty =ty forall f=1,... F.

A.2 (Stationarity) (Y1:(0), X1y, ..., Yu(0), X,;) is second-order stationary.
A.3 (Finite matching, includes nearest neighbor) M is finite and 1 € M.
A.4 (Independent sampling) U is independent of Uj;» and X for i # j.
A.5 (Smoothness) 7 () is Lipschitz in @ with Lipschitz coefficient c.

A.6 (Pre-treatment characteristics) X, is continuously distributed with density that

is bounded and bounded away from zero. Its support is compact and convex.
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A.7 (Compact parameter space) The support of Y;;(0) is contained in the compact set
Y for all 7 and ¢.

A.8 (Serial dependence) For each i = 1,...,n, {Yi;, X} ___ is a—mixing.

Assumption A.1 simplifies the arguments in Proposition 1 since, together with Assump-
tion A.2, it implies that each cross-validation fold has the same distribution. (Assumption
A.1 does not exactly match our empirical implementation, since there we set ¢; = 1 for all
f in order to exploit more of the data. However, this assumption greatly helps simplify
the accounting without affecting the basic properties of the cross-validation procedure.) In
contrast, Assumption A.2 is both a crucial and natural requirement for our cross-validation
procedure to succeed. It can be weakened to only require the cross-validation criterion to
be stationary; for clarity, we state the stronger sufficient condition that the data is second-
order stationary as a whole.

Assumption A.3 requires that the nearest neighbor (matching with m = 1) estimator is
a feasible outcome of the cross-validation procedure. We use this to bound the MSPE of
the MASC by the MSPE of the nearest neighbor estimator in Proposition 1. Assumptions
A4, A5, and A.6 are then used to bound the MSPE of the nearest neighbor estimator.
This part utilizes results by Abadie and Imbens (2006), and in particular their Lemma 2,
which provides a bound on the bias of the nearest neighbor estimator.

Assumption A.7 is a standard regularity condition. Assumption A.8 is a condition on
serial dependence used in Proposition 2 to ensure that laws of large numbers can be applied.

Lower-level sufficient conditions are well-studied, see e.g. Davidson (1994, Section 14).

Proof of Proposition 1. Let f}na“ denote the MASC estimator on fold f using the same
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tuning parameters as [mase That is,

Ffmasc — (I)*Fl?a(M*) + (1 o (I)*)chc,
where f‘?a(m) and T ¥ are the matching and synthetic control estimators on fold f, and
where (&*, M*) jointly minimize

1 ma sc 2
CVig,m) = = 3 (Vi = (0F2(m) + (1= 9)F5) ). (17)
f=1
Since all folds and the final training set have the same length ¢, under Assumption A.1,

Assumption A.2 implies that

E [CV((T)*, M*)] - % ZF: E {(Yu} (0) — f?a“ﬂ

Similarly, the average cross-validation criterion evaluated at the nearest neighbor choice of
T = (¢,m) = (1,1) satisfies E[CV(1,1)] = MSE(I™), where '™ = I'™*(1). Since (1,1) is

a feasible choice for the cross-validation problem under Assumption A.3, we have that

MSE(I™¢) = E [CV@*, M*)] < E[CV(1,1)] = MSE(I"™).
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We establish the claim of the proposition by showing that

[ 2
MSE(fnn) =IE ((’Yt* (X1) Z Ve (X Wnn) + (Ult* - Z UitVA[/inn))

i>2 i>2

2 2
=E (’Yt* Xl Z 'Yt* Wnn) +E <Ult* - Z Ui Vi/z‘nn>
i i>2 i>2
+2E (%* (X1) Z Yer (X Wnn) <Ult* - Z Uie I/T/z‘nn>]
i>2 i>2
< O(n~ %) + (]E[Ult*] + maXlE[Um]> + 0. (18)

To see that the third (cross-product) term in (18) vanishes, write it as

:[E (’yt* Xl Z ’Yt* Wnn> <U1t* — Z U’it* VT/;IH)
1>2 1>2
=E (%* (X1) — Z%* Wnn) E (Uu* - Z Uz’t*Winn> ’{Xz}?:f” ;
1>2 1>2

where the equality follows because W™ is a function of {X;}4!. Under Assumption A .4,
E [Up { X} ] = E[Ur+| X4] =0

> Uit*VVi“HI{Xi}?Illl Y WME Ui | X)) =

i>2 1>2

and [E

since Uy = Yip — 7+ (X;) satisfies E[Uy+|X;] = 0 by construction. The second term of
(18) follows because W™ is 1 for exactly one i > 2 and zero for all other i, so that under

Assumption A.4,

2
E (Um - UtW) E[U}.] + E (Z U W} ) < E[Ufi.] + maxE[U7.].

i>2 i>2
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As for the first term of (18), it can be bounded as

2
E (%* X1 Z%* Wnn)
i>2

—FE (Z I/T/inn (v (X7) — ”Yt*(Xz‘))>

<E YW (3 (X)) — 3 (X3))?

[ 1>2

<?E

ZWz’nn |21 — Xi||2] =c’E [fggl X — Xz‘“ﬂ :

1>2

where the first equality uses the fact that wm e S , the first inequality is Jensen’s, the
second inequality follows from Assumption A.5, and the final equality is an implication of

the definition of W™, The claim then follows from Lemma 2 of Abadie and Imbens (2006),

2 XID =O(n*").

Proof of Proposition 2. Recall from the proof of Proposition 1 that ((i)*, M *) minimizes

which shows that under Assumptions A.6,

E lminHXl — X1H2} =E (]E {min | X1 —
i>2 i>2

Q.E.D.

(17) over (¢, m), and that the resulting minimand is

1 (Y L f\masc>2
ltf f )

Mw

Qp(d*, M*) = CV(O*, M*) =
f:l

where the first (re-)definition is to emphasize the dependence of CV(®*, M*) on the number
of folds, F. Since both the SC and matching estimators are feasible and thus weakly
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suboptimal for the same problem, it follows that
QF((i)*7M*) S mln{QF(OamT)véF(Lm)}7 (19)

where m' is any arbitrary element of M, and 7 is any deterministic sequence of matches
(potentially depending on n) for which the matching estimator is consistent. In Lemma 1,

we show that Qp(¢, m) converges to
. 2 . . 2
4(¢,m) = E [(YW(O) 1, m)) ] =F [(YW(O) = (6(m) + (1 - ¢)1*) ) ] ,
uniformly over ¢ and m. Applying this result to (19), we have that
QF((i)*aM*) < min {q(oamT>7Q(17m)} +O]P<1) (2())

If 4 is consistent for 4+ (X1), so that ¢ — 4. (X;) = op(1), then given Assumption
A.7, we also know that E[(I —y,+ (X1))2] = o(1), see e.g. Davidson (1994, Theorem 12.8).
Thus,

¢(0,m") = E l(r (X0 + Um)Q]

E l(r . %*(Xl))Q] 42 [Um (r _ %*(Xl))} +E[U2.] = E[U2.] + o(1),

where we used E[U] = E[Uyy(X1)] = 0, as well as Assumption A.4, which implies
that

E[U,,-[] = E [JE U [{ X317 r} —E [IE U] X1] F} —0, (21)

since I* is a function of {X;};>1. By an identical argument, ¢(1,7) = E[U2.] 4 op(1) if

4™2 is consistent for v+ (X7). Thus, in either case, (20) reduces to

Qp(®*, M*) < E[U%.] + op(1). (22)
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On the other hand, from Lemma 1, we also know that
- . 2
QF((D*,M*) E} E {(let*(o) _ Fmasc> :|
S S 2 ks S
~E [(%*(Xl) - rma“> } +E[U%] +E [(7,5*(X1) - Fm%C) Um}
. 2
=E [(fyt*(Xl) — FmaS°> } + E[UA.], (23)
where the second equality used Assumption A.4 to conclude that
E [(%*(Xl) - fmaSC) Uw] - E [fmaSC]E [Ult*|{Xi}?ij - E [fmascm [UW|X1}] —0,
with similar reasoning as in (21). Combining (22) and (23), we have that

E | (2000 - )] < an)

which, under Assumption A.7, implies that 4™* is consistent for (1), as claimed.

Q.E.D.
Lemma 1. Let Rp(¢,m) = Qp(¢, m) — q(¢, m), where
F
Qr(om) = 5 3 (vig = Ep(om)” and q(o.m) =B (vie(0) - (0,m) .
f=1

Under Assumptions A.3, A.7, and A.8, sup,,c s gejo1] [ F2r (0, m)| —p 0 as F' — oo.

Proof of Lemma 1. First, we consider the sequence

~ 2
Zi(6.m) = (i, = Dp=(6,m)) = a(g,m).

Since {Yi, X;1}£ _ is a-mixing for each 7 under Assumption A.8, so too is F~'Z;(¢, m)
(e.g. Davidson, 1994, Theorem 14.1). Because it has zero-mean and is bounded by As-

sumption A.7, it is also a mixingale, and in particular

1

+E [Z5(¢,m)|Gy—s]

1

< _
< F¢s,
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where G, is the o—field generated from {(Yis, X;s) : ¢ = 1,...,n,s < t} and v is a finite
constant that depends only on s, see Davidson (1994, Theorem 14.2). It then follows
immediately from Theorem 19.11 of Davidson (1994) that

E[|Rp(¢,m)|] = E

F
> FZy(9, m)“ — 0,
f=1

as ' — oo for any fixed ¢ and m, so that |Rp(¢, m)| —p 0.
We next establish that Rp(¢, m) is stochastically equicontinuous as a function of ¢ and
m. This is clearly true with respect to m € M, since M is a finite set under Assumption

A.3. To see that it is stochastically equicontinuous over ¢, recall that
f?asc(qﬁ, m) = qﬁf?a(m) + (1 - qb)fsc,

so that both Q(¢, m) and ¢(¢, m) are quadratic functions of ¢. All of the coefficients in these
quadratic functions are bounded by virtue of Assumption A.7 and the fact that fma(m)
and [ are composed of convex weights. As a consequence, both Q(¢,m) and ¢(¢, m) are
Lipschitz in ¢ over its domain of [0, 1], and thus so too is Rp(¢, m). Stochastic equicon-

tinuity then follows from e.g. Theorem 21.10 of Davidson (1994). Uniform convergence,

that is
sup  |Rp(¢p,m)| B0 as F— oo,
meM,$e0,1]
follows in turn from e.g. Theorem 21.9 of Davidson (1994). Q.E.D.
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B Additional Results
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Note: This plot depicts the root means square prediction error from 1970 to 1979 in the 13 main placebo regions.

In Navarre, matching returns a RMSPE of $654.4 per person. GDP per capita is measured in 1986 US dollars.

Figure B.1: Performance of alternative estimators in the main Spanish placebo analyses

(10-year prediction error)
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C Alternative Cross-Validation Procedures
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square prediction error (RMSPE) for MASC when using our baseline rolling-origin procedure versus a given al-
ternative cross-validation procedure. Each point represents one of the 13 placebo regions, and the bar represents
the average difference across the 13 regions. A positive value indicates that the given cross-validation procedure
generates a higher RMSPE than our baseline rolling-origin procedure. K-step ahead procedures forecast, for each
fold, only into the kth period ahead. Multi-step ahead procedures forecast, for each fold, from 1 and up to k periods
ahead. Leave-one-out predicts the outcome for a single held out point in each fold, and fits the estimator with data
before and after the held out point. It uses all pre-period years from 1955 to 1969 as folds, rather than only years
from 1962 to 1968. RMSPE is measured from 1970 to 1973, in 1986 US dollars.

Figure C.1: Performance of alternative cross-validation procedures for MASC in the main

Spanish placebo analyses, relative to our baseline rolling-origin procedure
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D Results Including Regions with Poor SC Fit (Ex-

tremadura, Madrid, and the Balearic Islands)
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Note: This plot depicts the root means square prediction error from 1970 to 1973 in all sixteen placebo regions. In

Navarre, matching returns a RMSPE of $498 per person. GDP per capita is measured in 1986 US dollars.

Figure D.1: Performance of alternative estimators in all Spanish placebo analyses

62



. MASC Penalized SC

. Synth. Control Matching
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Note: This plot depicts the root means square prediction error from 1970 to 1979 in all sixteen placebo regions. In

Navarre, matching returns a RMSPE of $654.4 per person. GDP per capita is measured in 1986 US dollars.

Figure D.2: Performance of alternative estimators in the all Spanish placebo analyses (10-

year prediction error)
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B rvsPe Pre—period fit (RMSE)

3
1000+ o
—+
150,
~~ G)
g ool S
o U
g e
O 6001 108
a o m
al 23
) 'g =
O 400/ ®
N
— o
2 s
S
o
W 200 c
)
1 2
;mLi i1 02
. . . . . . . . . . . . . . . N

= .
T s 882 QG556 58=Fe
2 o= 2 - 8 € ® & o = T =
= 9 ® 538 L 2 02 8 @=26 E &
S ¥ o© S 3§ 8 g & = S T § < g 0
o C=2=23gz8 885285 3

< 3] o o « O X o

O

Note: This plot compares the root means square prediction error from 1970 to 1973 for SC to the pre-period fit

(root mean square error) in all sixteen placebo regions. GDP per capita is measured in 1986 US dollars.

Figure D.3: Pre-period fit and the performance of SC in all Spanish placebo analyses
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. Cross—Validated Minimal
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Note: These plots depict the root means square prediction error from 1970 to 1973 for MASC in all sixteen placebo
regions. The darker color plots the value reached by cross-validation. The lighter color plots the minimum value
achieved by a control group for MASC (as defined by the tuning parameters ¢ and m). GDP per capita is measured
in 1986 US dollars.

Figure D.4: Cross-validated and minimum achievable prediction error of MASC in all

Spanish placebo analyses
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E Monte Carlo Simulations

E.1 Factor Model of GDP in Regions of Spain

We consider a data generating process consisting of a linear factor model with normally
distributed innovations. A previous version of this paper used an autoregressive model
with region-specific polynomial time trends; the results do not differ materially. Following
Ferman and Pinto (2019) and Chernozhukov et al. (2020), we now consider a factor model

of the form

Yi(0) = @Li + Zuw  where  Zy =piZiy1 + Vir, with Vi ~ N(0,€)

where Yit(()) is a de-trended outcome measure constructed by removing the period-specific
mean from Y;;. The innovations Vj; are uncorrelated across time and regions. Like Cher-
nozhukov et al. (2020), our model includes four latent factors composing the region-specific
deterministic trends.

As discussed in Section 2.3, Abadie et al. (2010) argue that (8) holds approximately
under the restrictions on potential bias imposed by the linear factor model. Consequently,
the SC estimator should suffer little if anything from interpolation bias. Thus, SC should
perform at least as well as other estimators provided there exists a suitable synthetic control
with a pre-treatment path similar to the path of the placebo region. If no suitable control
group exists, alternative estimators may outperform SC.

Using the Abadie and Gardeazabal (2003) Spanish data from 1955 and up to 1973,
we fit the factors ¢y, the factor loadings L;, the region-specific variance in innovations &2,
and the region-specific autocorrelation coefficient p;. We use the fitted model to redraw

the outcome paths for each region of Spain by fixing the factor scores and loadings across
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simulations and re-drawing region specific innovations, the same as Gobillon and Magnac
(2016). The left column of graphs in Figure E.6 show that the fitted model does a good
job at faithfully reproducing the patterns in the Spanish data with a bit of sampling error
added.

E.2 Multiple Realizations of the Same DGP

The first Monte Carlo exercise addresses whether the relative performance of the four
estimators would change when considering multiple realizations of the same data generating
process. We use the simulated data to compare estimators through the same type of placebo
analyses as in Section 4. The only exception is that we now consider the distribution of
RMSPEs across simulation draws for each placebo region. We expect this distribution to
be clustered close to zero if the estimator is working well.

The results reinforce four key insights from the placebo analyses in Section 4. First,
MASC tends to outperform other estimators. This is apparent in Figure E.1, where we
plot the mean, median, 25th percentile, and 75th percentile of the RMSPE for alternative
estimators across simulation draws. In panel (a), we report these statistics for the Catalonia
placebo, which was the region used by Abadie and Gardeazabal (2003) for their placebo
exercise. In Catalonia, the 75th percentile of RMSPE for MASC ($135) is almost exactly
equal to the 25th percentile of RMSPE for SC and penalized SC ($137), and clearly falls
below the 25th percentile of RMSPE for matching ($148). In panel (b), we report statistics
for the average RMSPE across the thirteen primary placebo regions. These still show an
edge for MASC, although one that is slightly less pronounced than in Catalonia.

Second, the pre-period fit of the SC estimator is not necessarily a strong indicator of its

prediction error. This is apparent in Figure E.2, which shows the expected pre-period fit for

67



SC is worst in the regions of Murcia and Castile-La Mancha. Yet the expected prediction
error is low in Murcia and high in Castile-La Mancha.

Third, MASC more effectively combines matching and synthetic control than penalized
SC in this setting. The MASC estimator often assigns positive weight to matching, while
the penalized SC estimator tends to behave like the standard SC estimator. This can be
seen from Figure E.1, which shows that the distribution of RMSPE for MASC is quite
different from those of SC and penalized SC, which are nearly identical.

Fourth and last, the cross-validation procedure tends to do a good job selecting suit-
able control groups for MASC (as defined by the tuning parameters ¢ and m) when they
exist. Figure E.3 shows this by reporting the average RMSPE of the actual parameters
chosen by cross-validation against the smallest RMSPE that could be obtained by infea-
sibly choosing the optimal tuning parameters. Averaging over the thirteen main placebo
regions, the minimum expected RMSPE achievable by MASC is 42 percent lower than the
actual expected RMSPE achieved by cross-validation. For most regions, it is on average
not possible to select a tuning parameter that perform substantially better than the one
chosen by cross-validation.

The reason that SC performs poorly in this Monte Carlo turns out to be because
four factors is too complex. To illustrate this, we compare the performance of the four
estimators when the stochastic component of the factor model is shut down (Z; = 0), so
that the outcome paths are determined exclusively from ¢,L;. In this case, some placebo
regions have a synthetic control that fits exactly; these are plotted in panel (a) Figure E.4.
As expected, SC picks up the true model in the pre-period for these regions, and thus has
zero RMSPE, while matching has errors that range from small to large. The MASC and

penalized SC also have zero RMSPE in these regions because they too are able to follow
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the underlying factor structure into the post-period. In panel (b), we plot placebo regions
for which SC does not fit exactly in the pre-period. For these regions, MASC tends to
outperform both SC and matching, while penalized SC continues to behave like SC.

E.3 Simplifying the Factor Model

Our second Monte Carlo exercise illustrates conditions under which the SC estimator is
likely to be the preferred estimator. We perform the same placebo analyses as in the
previous subsection, but now we fit the factor model with two factors instead of four. This
exercise is meant to be expository, not necessarily realistic. As shown by the right column
of graphs in Figure E.6, the simulated data generated by the two-factor model often looks
systematically different from the actual data. With two factors instead of four, there is a
perfectly fitting SC for all regions except Castile-La Mancha. In terms of Figure E.4, all
regions but this one would be in panel (a).

In this two-factor model, the advantage of SC becomes clear. Figure E.5 shows that SC
outperforms all three competitor estimates in all regions which have a close-fitting synthetic
control This is because both MASC and penalized SC sometimes erroneously assign weight
to the matching estimator when they confuse realizations of the stochastic component of
the model with the underlying factor structure. MASC is more susceptible to this than
penalized SC, since the latter continues to follow SC closely in this data generating process.
Nevertheless, MASC is still competitive with SC in all regions, and performs much better
in Castile-La Macha, the one region that lies outside of the convex hull of the others.

Taken together, these simulation results illustrate that one may prefer the SC estimator
in settings where one suspects there are a small number of latent factors, so that a suitable

synthetic control likely exists.
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Figure E.1: Statistics on prediction error of alternative estimators in placebo analyses of

the factor model
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Figure E.2: Expected pre-period fit and the performance of SC in the placebo analyses of

the factor model
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Note: This plot depicts the expected root means square prediction error from 1970 to 1973 for MASC in the 13
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Figure E.3: Cross-validated and minimum achievable expected prediction error of MASC

in placebo analyses of the factor model
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. MASC Penalized SC
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Figure E.4: Performance of alternative estimators in placebo exercises based on trends of

the factor model
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Figure E.5: Performance of alternative estimators in placebo exercises of the two-factor

model
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Figure E.6: Comparing outcome paths to draws from factor models
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treatment period in 1970. The solid black line in each panel indicates the difference of the true time series from

the model’s fitted trend for the region. The gray dashed lines represent differences from trend for random draws

from the factor model.

Figure E.6: Comparing outcome paths to draws from factor models



a
o
o
o

Difference from Trend
(GDP per Capita, 1986 USD)
o
Difference from Trend
(GDP per Capita, 1986 USD)
o

|
a
o

|
a
o

1955 1960 1965 1970 1955 1960 1965 1970
Year Year
Murcia, 4 factors Murcia, 2 factors

a
o
)]
o

Difference from Trend
(GDP per Capita, 1986 USD)
o

1
al
o

Difference from Trend
(GDP per Capita, 1986 USD)
o
I
(&)
o

1955 1960 1965 1970 1955 1960 1965 1970
Year Year
Navarre, 4 factors Navarre, 2 factors

]
o
al
o

Difference from Trend
(GDP per Capita, 1986 USD)
o

Difference from Trend
(GDP per Capita, 1986 USD)
o
I
(o)
o

1
a1
o

-
Nej

1955 1960 1965 1970 1955 1960 1965 1970
Year Year

Rioja, 4 factors Rioja, 2 factors

Notes: The vertical dashed line is drawn halfway between 1969 and 1970 to indicate the beginning of the placebo
treatment period in 1970. The solid black line in each panel indicates the difference of the true time series from
the model’s fitted trend for the region. The gray dashed lines represent differences from trend for random draws

from the factor model.

Figure E.6: Comparing outcome paths to draws from factor models



100 100
o )
[0) [0}
2a 22
o8 o8
& o & o
Sg §g
[ORrS] (Ol
e O 20
= = v
=0 =0
04 -100 04 -100
Q )
1955 1960 1965 1970 1955 1960 1965 1970
Year Year
Valencia, 4 factors Valencia, 2 factors

Notes: The vertical dashed line is drawn halfway between 1969 and 1970 to indicate the beginning of the placebo
treatment period in 1970. The solid black line in each panel indicates the difference of the true time series from
the model’s fitted trend for the region. The gray dashed lines represent differences from trend for random draws

from the factor model.

Figure E.6: Comparing outcome paths to draws from factor models

80



	Introduction
	Synthetic Control and Matching
	Setup
	Extrapolation Bias and Interpolation Bias
	The Synthetic Control Estimator
	The Matching Estimator
	Model Averaging with the MASC Estimator
	The Penalized Synthetic Control Estimator
	Sparsity

	Cross-Validation
	Definitions
	Computation
	Some Statistical Properties of the MASC Estimator

	Placebo Analyses
	Design
	Performance Across Estimators
	Pre-Period Fit and Prediction Error of Synthetic Control
	Cross-Validation and Prediction Error of MASC
	Biases due to Interpolation versus Extrapolation
	Monte Carlo Simulations

	Re-Examining the Economic Costs of Conflict
	Effect Estimates using MASC
	Comparison of Effect Estimates across Estimators
	Choice of Control Group, Sparsity and Pre-Period Fit

	Conclusion
	Technical Appendix
	Additional Results
	Alternative Cross-Validation Procedures
	Results Including Regions with Poor SC Fit (Extremadura, Madrid, and the Balearic Islands)
	Monte Carlo Simulations
	Factor Model of GDP in Regions of Spain
	Multiple Realizations of the Same DGP
	Simplifying the Factor Model




