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Abstract

We propose a generalization of the synthetic control method to a multiple-outcome
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on multiple outcome variables. To illustrate our method, we estimate the effects of
non-pharmaceutical interventions (NPIs) on various outcomes in Sweden in the first
3 quarters of 2020. Our results suggest that if Sweden had implemented stricter NPIs
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from all causes in early May, whereas the impacts of the NPIs were relatively mild
on the labor market and economic outcomes.
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1 Introduction

The Synthetic Control (SC) method (Abadie and Gardeazabal, 2003; Abadie et al., 2010,
2015; Abadie, 2021) is a popular method for estimating the effect of a policy or intervention
on an aggregate unit, such as a country or a city. The procedure constructs a synthetic
control unit as a convex combination of the control units to minimize the difference between
the outcome of the treated unit and the synthesized unit before the treatment, and then
estimates the per-period treatment effects using the differences between the observed out-
come of the treated unit and the counterfactual SC outcome after the treatment. Abadie
et al. (2010) show that the bias of the SC estimator is bounded by a function that is in-
versely proportional to the number of pre-treatment periods, provided that the treated unit
is perfectly approximated by the synthetic control in the pre-treatment periods. Ferman
and Pinto (2021) propose a demeaned version of the SC estimator allowing for imperfect
pre-treatment fit.

Our first contribution is methodological. We generalize the conventional single-outcome
SC method to a multiple-outcome framework by supplementing the time dimension with
the extra dimension of related outcomes in the same domain. This in effect incorporates
additional pre-treatment outcomes as matching variables and reduces the risk of overfitting.
We show that the bias of the multiple-outcome SC method is inversely proportional to not
only the number of pre-treatment periods but also the number of related outcome variables.
Therefore, the order of bias is of a smaller order than the conventional single-outcome SC
estimator. This implies that using the same number of pre-treatment periods, the multiple-
outcome SC estimator can be less biased than the conventional SC estimator.

In addition to the theoretical advantage, the multiple-outcome SC estimator has impor-
tant practical advantages. Since the SC weights are calculated by matching both the related
outcome variables and the pre-treatment periods, it can be applied even when the number
of pre-treatment periods is small.! The multiple-outcome SC can be used when we only

observe multiple related outcomes in a single pre-treatment period. This is demonstrated

'Some previous studies have used the conventional SC method by matching on a single outcome with a
few pre-treatment periods (e.g., Billmeier and Nannicini, 2013 and Cavallo et al., 2013), which may produce

biased estimates due to overfitting (Abadie et al., 2015).



in the treatment backdating exercise in Section 4.4.

Furthermore, our method can alleviate the concern on matching over a long period
of time, which might be subject to misspecification error due to structural breaks in the
relationship between the outcome of interest and the underlying predictors (Abadie, 2021).

Other studies that analyze multiple outcomes using the SC method include Robbins
et al. (2017), KloBner and Pfeifer (2018) and Samartsidis et al. (2020).? Robbins et al.
(2017) consider a setting with high-dimensional data at a granular level, with multiple
treated units and a large number of control units, whereas we focus on typical synthetic
control settings with a small number of aggregate units. KloBner and Pfeifer (2018) differs
from our study in that they take account of inter-dependencies among multiple outcomes
using vector autoregression models rather than factor models, and that their method re-
quires a large number of pre-treatment periods even with multiple outcomes, whereas our
method allows the number of pre-treatment periods to be small in the presence of multiple
related outcomes. Samartsidis et al. (2020) adopt the Bayesian framework.

Apart from the methodological innovation, our paper also contributes empirically to
understanding the impacts of non-pharmaceutical interventions (NPIs) in the COVID-19
pandemic. Examples of NPIs include closing school and workplaces, restricting travels and
gatherings, public information campaigns, and so on. Since the outbreak of the pandemic,
most countries have resorted to NPIs to reduce the spread of the virus and to prevent
the health system from being overwhelmed, in the absence of vaccines. Understanding the
effect of NPIs not only on public health related outcome variables but also on labor market
and the economy is important for scholars and policy-makers to be better prepared for a
possible future pandemic.

In the empirical application, we illustrate the multiple-outcome SC method by extending
the analysis of Born et al. (2020) and Cho (2020) to multiple public health, labor market,
and economic outcomes. Our results suggest that had Sweden implemented stricter NPIs
as the other European countries by March, 2020, the cumulative numbers of COVID-
19 infection cases and deaths would have been reduced by 70% and 68% respectively by

July, and deaths from all causes would have been 20% fewer in early May. The impact

ZCattaneo et al. (2021) mention that researchers may want to match multiple outcomes, but they do

not provide a formal treatment of this issue as their focus is on prediction intervals.



on mortality was larger for males and most visible for people older than 60. As for the
labor market, we find that stricter NPIs would increase absence from work by almost 76%
mainly through temporary layoffs, and reduce total hours worked by about 12%, in the
second quarter of 2020. The impacts would quickly vanish in the third quarter, and there
would be no discernible effect on the employment rate throughout. In terms of the economy,
we find that stricter NPIs would shrink the volume of retail sales by 5%-13% from March
to May, almost exclusively due to reduced sales in non-food products. However, we do
not find any statistically significant effects of stricter NPIs on the other economic outcomes
including GDP, import, export, industrial production, and CPI, which indicates that almost
all of the contraction in the economy was due to the pandemic itself rather than the NPIs.

Our empirical results are in line with the existing studies, which largely find that the
NPIs had statistically and economically significant effects on the public health outcomes,
but a much smaller role in the labor market and economic downturns.> There are inter-
esting new findings as well. First, we find that the potential reduction in deaths from all
causes due to the NPIs is slightly smaller than the reduction in COVID-19 deaths. One
probable explanation is that people with existing conditions or weaker immune systems
are more susceptible to COVID-19, and thus mortality that would have been attributed
to other causes may have been counted as COVID-19 deaths instead. The NPIs may also
have limited the spread of other transmissible diseases through promoting good hygiene
behaviors and reducing face-to-face interactions. In either case, the estimated reduction in
deaths from all causes due to the NPIs may serve as a lower bound for the reduction in
COVID-19 deaths. Second, the NPIs would have significant effects on temporary absence
from work and total hours worked among the employed, but no effect on the employment
rate. This is likely due to the various employment support policies that were carried out
across European countries, with the aim of preserving jobs through income support and
wage subsidies (OECD, 2020).

The rest of the paper is organized as follows. Section 2 describes the theoretical frame-
work for the the multiple-outcome synthetic control method. Section 3 compares the

multiple-outcome synthetic control method with the conventional single-outcome synthetic

3A more detailed literature review can be found in the supplementary appendix.



control method using Monte Carlo simulations. Section 4 presents the empirical results
and robustness checks. Section 5 concludes and discusses the limitations. The technical

details and proofs are collected in Appendix A.

2 Theoretical Framework

2.1 Multiple outcomes framework

Suppose that we observe K outcomes in domain K = {1,2,..., K} for J + 1 units over
T time periods, where a domain refers to a collection of related outcomes driven by the
same set of observed and unobserved predictors (or factors). For example, the economic
domain contains different measures of the economic performance, such as GDP, industrial
production, retail sales, and CPI, which can be assumed to depend on the same set of
underlying predictors such as infrastructure, technology, natural resources, demographic
composition, work ethic, etc.

Without loss of generality, we assume that the first unit (¢ = 1) receives the treatment
at period Ty + 1 < T and remains treated afterwards, while all the other J units (i =
2,...,J + 1) are untreated throughout the window of observation. Denoting the binary
treatment status for unit ¢ at time ¢ as D, we have D;; = 1 for ¢ = 1 and t > T}, and
D;; = 0 otherwise. We consider fixed J, large T" and K asymptotics.

We are interested in the effect of the treatment on a single or multiple outcomes in

domain K for the treated unit after the treatment:
Titk = Yﬁt,k - Yl?t,ka t>Tp, k€K, (1)

where Y7} ;. is the potential outcome under the treatment, and Y3} , is the potential outcome
without the treatment, so that the observed outcome can be written as Y3, = DltYllt’k +
(1 — Dy) Y} ,." Since we only observe the treated potential outcome but not the untreated
potential outcome for unit 1 at ¢ > Ty, we need to predict the counterfactual outcome Y} ;.
This counterfactual outcome is constructed as a convex combination (weighted average) of

the control units.

4As in Abadie et al. (2010), we treat 714 as given once the sample is drawn.



Suppose that the untreated potential outcome k£ € K for unit ¢ at time ¢ is given by an

interactive fixed effects model
Y;(t),k =0 + Zi0 + LAk + ik, (2)

where ¢, is the time trend in outcome k, Z; and p, are the r x 1 and f x 1 vectors of
observed and unobserved predictors of Yigk with outcome-specific coefficients 6,5 and A,
respectively, and €, is the idiosyncratic transitory shock. The model in (2) is similar to
that of Abadie et al. (2010) and Abadie (2021) but is allowed to have the outcome-specific
constant and coefficients of observable and unobservable predictors.

Assuming that the individual-specific unobserved predictor p; is common to the out-
comes in the same domain is the key assumption in our model. If the outcomes depend on
different sets of unobserved predictors (thus g, ), then we lose the benefit of matching on
multiple related outcomes in terms of having the same order of bias with the conventional
SC method. Nevertheless, we argue that our assumption is no different from the standard
factor analysis where a low number of common factors underlying related variables is as-
sumed. Moreover, our model accommodates the case when the unobserved predictors are
separable: w,;, = p; + uy where wuy is outcome-specific predictors.

A few more remarks on the model. The model does not exclude the possibility that
some outcomes in the domain depend on other predictors that are serially uncorrelated
and independent from the included predictors and the treatment status, which can thus
be treated as part of the transitory shocks. In addition, the coefficients may contain zero
so that the corresponding predictors may affect some outcomes in some periods, but not
all outcomes in all periods, as long as there is enough variation in the coefficients across
different pre-treatment periods or outcomes, as specified in Condition 2.

Although we do not have a formal test for the validity of our model, we may find
some suggestive evidence from the empirical applications. For example, we show in the
Supplementary Appendix, B.2., that the synthetic control for West Germany constructed
by matching on multiple economic variables in 1989 alone can track the trajectory of West
Germany’s GDP closely for 30 years, and the trajectory for the multiple-outcome synthetic
control after the treatment is also very similar to that of the synthetic control constructed

by matching on 30 years of pre-treatment GDP.
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A synthetic control is constructed using a convex combination of the control units such
that the synthetic control matches the treated unit in terms of the observed predictors and
the pre-treatment values of the K related outcomes. This can be achieved if the matching
variables of the treated unit is in the convex hull of those of the control units.

Suppose there is a set of weights (s, ..., W, 41) such that w; > 0 for j =2,...,J 4+ 1,
Z‘J]+211fjj—1forallt§T0 and k € K

J+1 J+1
E 0 Z; = Z, E WYk = Yigk. (3)
=2 =2

Eq. (3) is analogous to the pre-treatment fit condition in Eq. (2) of Abadie et al. (2010),
which is a convenient technical condition to show the asymptotic unbiasedness of the syn-
thetic control estimator. As the authors discuss, this condition can be satisfied only ap-
proximately in practice.” The multiple-outcome synthetic control estimator for 7y, is then

constructed as

J+1
Ttk = Yiek — E W; Yt k- (4)
=2

To facilitate a straightforward comparison between the multiple-outcome SC estima-
tor and the conventional single-outcome SC estimator based only on the kth outcome,
let { }‘]Jrl be the single-outcome SC weights such that w ) >0forj=2,...,J+1,
S =1, 7 @Mz, = 2, and Y7 0¥k = Yigs for all t < Tp. The conven-

tional SC estimator for 7y, is

J+1
Fiek = Yiek — 30 Yo (5)

j=2
The following proposition shows that the bias of the multiple-outcome SC method is

reducing faster than that of the conventional single-outcome SC method.

SFerman and Pinto (2021) formally shows that under typical large 7' asymptotic if this condition does
not hold, the bias of the conventional single-outcome SC estimator does not disappear as the number of
pre-treatment periods increases. Nonetheless, they show that a demeaned version of the SC estimator can
still perform better than the difference-in-difference estimator. Ferman (2021) relaxes this assumption by
using large T, large J asymptotic. We do not pursue this setting with our multiple-outcome SC, but leave

it for the future research.



Proposition 1. Suppose that J is fixed, whereas Ty and K are increasing, and the technical
conditions’ are satisfied, then, for anyt > Ty,

_ 1
|E(T1t,k) - Tlt,k’ =0 (\/_T_()) 5

1

|E(?1t,k) - Tlt,k’ =0 (\/ﬁ) .

Since the bias of the multiple-outcome SC estimator reduces as the number of pre-
treatment periods and the number of related outcomes increases, in practice we can use
the SC method even when the number of pre-treatment periods is small, if multiple related
outcomes are available and the treated unit can be closely approximated by the synthetic
control for these outcomes in the pre-treatment periods. In Appendix A, we compare the
multiple-outcome SC weights with the single-outcome SC weights and find that they are
generically different.

The estimation and inference procedures are similar to those of the conventional SC
method (Abadie, 2021), by including the multiple related outcomes in the pre-treatment
periods as matching variables. To save space, we have placed the detailed description of the
estimation and inference procedures in the Supplementary Appendix. The Supplementary
Appendix, B.2, also illustrates the proposed method on the classic application of Abadie
et al. (2015), the effect of the 1990 German reunification on West Germany’s GDP per

capita.

2.2 Extensions

We discuss two extensions that will be useful for the empirical application. One is about
using demeaned outcomes, i.e., outcomes in differences with respect to their pre-treatment
averages, to allow better pre-treatment fits when the differences in the level of the outcomes
for different units are relatively stable over time. This may be especially helpful in the
multiple-outcome framework, where the relative positions of the units may vary across
different outcomes. The other extension, which is discussed in Appendix A, is to include

an additional assumption on the functional form of the treatment effect, which is necessary

6The technical conditions and proofs are given in Appendix A.



if we want to estimate the treatment effect on the untreated using the synthetic control

method in cases with many treated units.

2.2.1 Adjusting for differences in levels

The conventional SC method requires the treated unit to be in the convex hull of the
control units in terms of the pre-treatment matching variables. However, there are cases
where the treated unit is extreme in the values of the matching variables, such that no con-
vex combination of the control units can closely approximate the outcome of the treated
unit in the pre-treatment periods. In particular, it is often the case in practice that there
are relatively stable differences in the level of the outcome across units before the treat-
ment. In such cases, Ferman and Pinto (2021) and Abadie (2021) suggest constructing the
synthetic control using demeaned outcomes, i.e., outcomes measured in differences with
respect to their pre-treatment means. This enables the synthetic control to track the dy-
namics in the outcome of the treated unit over time, while allowing the levels to differ by a
constant amount, which is similar to the “parallel trends” assumption in the difference-in-
differences method.” Apart from allowing a better pre-treatment fit for the treated unit,
using demeaned outcomes has the additional merit that it helps correct the size distortion
of the permutation test based on the post-to-pre-treatment RMSPE (Root Mean Squared
Prediction Error) ratios obtained from permuting the treatment status among all units.

In the multiple-outcome framework, the relative position of the units can vary across
different outcomes, making it difficult to match on multiple outcomes simultaneously. The
demeaning process would be helpful in these circumstances by improving the pre-treatment
fits.

Provided that Ty > 2, replacing the outcomes, Yy in (3) with demeaned outcomes
Y,-M = Yir — Tlo ZsTil Yis k. we obtain a new set of weights, (s, ..., ws41). We can then

construct the multiple-outcome synthetic control estimator for 7y, using the demeaned

"Using demeaned outcomes is also similar to a proposal in Doudchenko and Imbens (2017), which
includes an intercept when minimizing the difference between the synthetic control and the treated unit in

the matching variables.



outcomes as

J+1

~DM y ~ Y

Tk = Y1tk — E W; Ytk (6)
i=2

to account for the differences in the level of the outcomes. Similarly with Proposition 1,
the bias of this estimator can be shown to shrink as the number of related outcomes and

pre-treatment periods goes to infinity.

Corollary 1. Suppose that J s fived, whereas Ty and K are increasing, the demeaned
outcomes are used, and the technical conditions are satisfied, then for any t > T,

~ 1
et - l-0 ()

3 Monte Carlo Simulations

In this section, we conduct Monte Carlo simulations to compare the multiple-outcome SC
method and the conventional single-outcome SC method.

We fix the number of post-treatment periods at 1, and the number of units at 30, with
a single treated unit and 29 control units. The treatment effect is set to 0, so that the
treated potential outcomes are the same with the untreated potential outcomes.® The data

generating process (DGP) is as follows:
Yir =01+ det,k + N;At,k + €it ks (7)

where Z,; is the vector of 2 observed predictors and u, is the vector of 4 unobserved
predictors. The observed and unobserved predictors, Z; and u,;, are drawn independently
from the uniform distribution U[—1, 1] for the control units, and U[—d, d] with d € [0, 1] for
the treated unit. When d = 1, the treated unit is equally likely to obtain extreme values
in the outcomes as the control units. When d is smaller, the treated unit is more likely to
be in the convex hull of the control units, and thus have better pre-treatment fits.

To generate outcomes that are closer to real data, where there are often clear differences

in the level of the outcomes across units and that the levels are relatively stable over time,

8The zero treatment effect is set to investigate the size of the test. It does not affect the bias and the

standard derivation of the SC estimator.
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we set the variance of the mean of the coefficients to be large relative to the variance of the
coefficients and the transitory shocks. As such, the time trend (é;) and the coefficients
(6: and A;j) are drawn independently from the normal distribution N (wy, 1) with wy ~
N(0,10%), and the transitory shocks, €;, are drawn independently from the standard
normal distribution.’

Figure 1 displays the trajectories for two of the related outcomes from a typical simu-
lated sample with d = 1 and T = 10. The trajectories for the treated unit are in black,
and the control units in gray. As intended, there are visible and stable differences in the
level of the outcomes, and the levels for the treated unit are different across different out-
comes. Although the two outcomes share the same underlying predictors, they may appear
different due to differences in the time trends, the coefficients on the predictors and the
transitory shocks. Overall, the trajectories of the outcomes generated in our simulation

look very similar to those in real data, e.g., as seen in Figure 3 in the empirical application.

20 40
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Figure 1: A Simulated Example

There are 5000 simulations for each pair of d and Tj. In each simulation, the observed
and unobserved predictors are drawn only once so that the outcomes are related by sharing
the same underlying predictors, while the time trend, the coefficients and the transitory

shocks are drawn independently across different outcomes. We compare the conventional

“When wy, is a constant, there would be no distinguishable levels in the outcomes for different units,

and demeaning the outcomes would not be useful in this case.
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single-outcome SC estimator and the multiple-outcome SC estimators constructed using
K =1, 3, and 10 demeaned outcomes, respectively. The only difference between the
single-outcome SC method and the multiple-outcome SC method when K = 1 is the use of
the demeaned outcomes. To measure their performances, we estimate the treatment effect
on outcome 1 for the treated unit at t = Ty + 1, and compute the average absolute bias
and standard deviation of the estimators as well as the average rejection rate of the 10%
test in 5000 simulations. The null hypothesis of zero treatment effect is rejected in each
simulation, if the RMSPE ratio for the treated unit is ranked among the largest 10%), i.e.,
top 3 in our sample, in the permutation test. When the estimation improves with better
pre-treatment fits and larger numbers of pre-treatment periods and related outcomes, we
expect the average absolute bias and standard deviation of the estimators to be closer
to \/g ~ 0.8 and 1, which are the mean and standard deviation of the standard normal
distribution folded at the mean (half-normal distribution).'” When the distributions of the
RMSPE ratio for the treated unit and the control units are close, so that there is little size
distortion in the permutation test, we expect the average rejection rate of the 10% test to
be close to the nominal rejection rate at 10%. The pre-treatment RMSPE is also reported
as a measure of pre-treatment fit.

Several findings emerge from the results of the simulations, which are reported in Ta-
ble 1. First, when the number of pre-treatment periods increases or the number of related
outcomes increases, the bias decreases and becomes closer to the expected value for all es-
timators. Similar patterns are observed for the standard deviation of the estimators. Fur-
thermore, the results clearly show that matching on more pre-treatment variables alleviates
overfitting and improves out-of-sample prediction. Note that overfitting is a finite-sample
problem due to erroneously matching on transitory shocks as well as the outcome variables
and should be distinguished from the perfect fit condition (3) which is assumed to hold for
a large Ty and K.

Second, when the support of the predictors for the treated unit is the same with that
for the control units (d = 1), demeaning substantially improves estimation in terms of

both bias and standard deviation, as the conventional single-outcome SC method is likely

ONote that the terms from the bias decomposition in the proof of Proposition 1 are all close to 0, except

the post-treatment transitory shock, which follows a standard normal distribution in our simulation.
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to perform poorly when the treated unit is far from the convex hull of the control units,
whereas demeaning adjusts for the differences in the levels and improves the pre-treatment
fit. Meanwhile, the rejection rate of the 10% test is close to the nominal size, with or without
demeaning in this case, since the RMSPE ratio for the treated unit is not conditional on
a good pre-treatment fit. When d is smaller, the probability of obtaining a good pre-
treatment fit increases for the treated unit while staying unchanged for the other units.
As a result, the bias and standard deviation for both the conventional SC estimator and
the demeaned SC estimator are smaller, and the improvement in estimation by demeaning
the outcomes becomes less pronounced. In contrast, the distortion in the size of the test
increases drastically, and demeaning alleviates the size distortion by improving the pre-
treatment fits for all units.

Third, a larger number of pre-treatment periods or related outcomes also reduces the
size distortion, since the pre-treatment RMSPE for the treated unit is less likely to be very
close to 0. Overall, the results show that the multiple-outcome SC method outperforms
the conventional single-outcome method, when there are multiple related outcomes with

stable differences in the level of the outcomes.

Table 1: Simulation

Conventional SC Multi-Outcome SC Multi-Outcome SC Multi-Outcome SC
(K=1) (K =3) (K =10)

d Ty, Prefit Bias SD Rej. Pre-fit Bias SD Rej. Pre-fit Bias SD Rej. Pre-fit Bias SD Rej.

1 5 1.65 1.94 291 0.10 0.51 143 1.81 0.10 082 1.32 1.67 0.10 099 1.22 154 0.10
1 10 1.63 1.64 247 0.10 083 127 1.61 0.10 1.04 1.19 1.50 0.10 1.14 1.12 140 0.10
1 20 1.62 1.52 236 0.10 1.03  1.18 1.49 0.10 1.15 1.11 141 0.10 120 1.08 1.36 0.10

05 044 1.10 1.40 0.36 023 116 1.47 0.32 0.56 1.08 1.36 0.15 077 1.01 126 0.12
0.5 10 071 1.03 129 0.24 0.54 1.08 1.35 0.19 0.80 1.01 1.26 0.14 091 095 1.18 0.12
05 20 08 095 1.20 0.17 077 099 1.25 0.15 092 092 116 0.12 099 0.89 1.11 0.10

0 5 024 1.05 132 0.57 0.15 1.09 1.37 0.48 048 1.04 131 0.19 071 099 123 0.13
0 10 054 098 123 0.34 045 1.03 1.29 0.25 0.72 096 1.20 0.15 0.86 090 1.13 0.13
0 20 073 092 1.16 0.23 068 096 1.21 0.18 086 090 1.13 0.14 093 087 1.09 0.12

Note: This table compares the pre-treatment fit, average absolute bias, standard deviation, and rejection rate of the 10% test
for the single-outcome SC estimator, and the multiple-outcome SC estimators constructed using 1, 3 and 10 demeaned outcomes

respectively, with varying d and Ty, based on 5000 simulations for each setting.
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4 Empirical Application

In order to curb the spread of COVID-19, most countries in Europe had implemented strict
non-pharmaceutical interventions (NPIs) by late March, 2020. As an exception, Sweden
opted against a general lockdown and implemented much lighter NPIs. For example, social
distancing and working from home were advised but not mandated, bars, restaurants,
and schools for children under 16 were kept open, quarantines for infected cases were not
enforced, and facemasks were not recommended outside health care (Ludvigsson, 2020).
Building upon the empirical strategy in Born et al. (2020) and Cho (2020), we exploit this
natural experiment to estimate the impacts of the NPIs on various public health, labor
market and economic outcomes, using the multiple-outcome SC method. To minimize the
risk of structural breaks, we start the pre-treatment periods from 2019. And to examine
the dynamics of the impacts of the NPIs over time, we estimate the treatment effects in the
first 3 quarters of 2020, before the second wave of COVID-19 cases in Europe that started

from October.!'!

4.1 Data

There are 26 countries in the treatment group for Sweden, including the other European
Union members (excluding Cyprus, Luxembourg, and Malta due to their small sizes) as well
as Norway, Switzerland and the United Kingdom. The NPIs implemented in each country
usually consist of a bundle of individual policies with varying duration and magnitudes. To
compare the strictness of the NPIs across countries, we employ the Government Stringency
Index, which is a composite measure of the strictness of government responses based on
several individual metrics, and ranges from 0 to 100, with 100 representing the strictest
response (Hale et al., 2020).

Figure 2 depicts the stringency index for each country in our sample in the first 3
quarters of 2020, with Sweden shown in black and the others in gray. We see that most

countries rapidly tightened their intervention policies in March, and kept them in place

' This section presents the main results of the empirical application. More details about the data,
the estimation and inference procedures, and the additional results can be found in the supplementary

appendix.
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20

<— treatment date

—— Sweden|
Others

T T T T T T T T T T
Jan Feb  Mar Apr  May Jun Jul Aug Sep

Time
Figure 2: Stringency Index

until May, when the strict NPIs began to be gradually eased. The stringency index of
Sweden almost always stayed as the lowest in the sample during this period, consistent
with the earlier observation that Sweden implemented much lighter NPIs than the other
European countries. To derive the binary treatment status from the stringency index, we
pick the average date that the stringency index peaked for each country in the treatment
group, March 28th, as the treatment date, which is denoted by the vertical dotted line in
Figure 2.2

We are interested in the impacts of the NPIs in three domains, namely, public health,
the labor market, and the economy. Specifically, we examine 3 public health outcomes: the
cumulative numbers of COVID-19 infection cases and deaths, and the number of weekly
deaths from all causes; 3 labor market outcomes: employment rate, absence from work and
total hours worked among the employed; and 6 economic outcomes: GDP, import, export,

industrial production, retail sales, and CPI. As the outcomes are observed in different

120ne concern about this choice is that the NPIs have already started to be implemented prior to this
date, albeit at lower levels compared with the peaks, and matching on outcomes that were realized after
some NPIs have been in place may attenuate the estimates of the treatment effects. However, as we show
in Section 4.4, the results of our analysis remain virtually the same even if we backdate the treatment to

October 1, 2019, before the first case of COVID-19 in the world was reported.
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frequencies, the numbers of periods in which they are observed are also different.!?

Figure 3 visualizes the outcomes over time for all countries in our sample, with the
trajectories for Sweden in black and the other countries in gray.'*

In the public health domain, we see that the numbers of COVID-19 cases and deaths
began to rise quickly for countries in the treatment group from mid-March, before flattening
out in early May. In comparison, although starting at lower levels and rates, the numbers
of COVID-19 cases and deaths in Sweden continued growing to become among the highest
in the sample, before slowing down only from June. Similarly, the number of weekly deaths
from all causes in Sweden stayed near the bottom throughout 2019, but came close to the
sample mean with a sharp spike in April, despite rises in other countries as well in this
period, and only fell back to its usual level after June.

The labor market outcomes present a more varied picture. Due to various protective
measures to contain employment losses, the employment rate only experienced modest
dips in the second and third quarters of 2020 for all countries in the sample. However,
there were much more visible changes in absence from work and total hours worked among
the employed. Compared with the 2019 levels, the percentage of the employed who were
temporarily absent from work more than doubled, and the total hours worked dropped
by about 10-20% in the second quarter for countries in the treatment group, and quickly
returned to their normal levels in the third quarter when the NPIs were relaxed. In contrast,
there were only very mild changes in these two outcomes for Sweden.

When it comes to the economic domain, all outcomes except CPI were adversely im-

13 Although the frequencies are different for different outcomes, they are similar for outcomes in the same
domain. Using outcomes of different frequencies is similar to using linear combinations of the outcomes as
in Abadie et al. (2010), e.g., quarterly data can be considered as averages of monthly data. Since we have
an abundance of pre-treatment variables to match on, we do not include any additional covariates. See

Botosaru and Ferman (2019) for a discussion on the role of the covariates in the SC method.
1Gince the outcomes are observed in different frequencies, the vertical dotted lines are used as delimiters

to visually separate the pre-treatment and posttreatment periods for the outcomes, and may not sit on
the treatment date exactly. Specifically, we only include the daily and weekly outcomes observed on and
before Mar 28th, 2020, the monthly outcomes observed before March 2020, and the quarterly outcomes
observed in 2019, in the pre-treatment matching variables, none of which contain observations after the

treatment date. The vertical dotted lines are positioned to reflect these choices.
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pacted by the pandemic in the second quarter and somewhat recovered in the third. The
changes were relatively modest in GDP, import and export, and more dramatic in industrial
production and retail sales for countries in the treatment group. The economic outcomes
in Sweden experienced similar changes, with the noticeable exception that the drop in the
volume of retail sales was much smaller.

It is also worth noting that the relative position for Sweden differs across the out-
comes, highlighting the necessity of adjusting for the differences in the level of the outcomes

through demeaning.

4.2 Mutiple-Outcome Synthetic Control

As outcomes in different domains may depend on different sets of predictors, we construct a
synthetic Sweden in each of the three domains, using a convex combination of the countries
in the comparison group, to closely approximate the dynamics of the outcomes in the
domain for Sweden before the treatment.

Figure 4 compares the trajectories of each outcome for Sweden and the synthetic Swe-
den. In the left-most figure of Panel (a), the actual Sweden starts to accumulate more
COVID-19 cases and deaths than the synthetic Sweden from April. The gaps between
the two widen rapidly thereafter, before stabilising from July. Similarly, we observe more
deaths from all causes in the actual Sweden than the synthetic Sweden from April to July,
with the gap peaking in May. A back-of-the-envelope calculation suggests that had Swe-
den implemented stricter NPIs like the other European countries in March, the cumulative
COVID-19 cases and deaths could have been reduced by about 5300 and 390 per million
population respectively by July, amounting to 70% and 68% drops from the realized levels
in Sweden, and there could have been 20% fewer weekly deaths from all causes in early
May. For comparison, we also compute the cumulative deaths from all causes since April
for both the synthetic Sweden and the actual Sweden, and find that the cumulative deaths
from all causes could have been reduced by 364 per million population by July, representing

an 11% drop from the realized level in Sweden.

15Note that the percentage drop in deaths from all causes is much smaller than that in COVID-19 deaths,

because the base number is much larger.
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Figure 4: Outcomes for Sweden (solid line) and the Synthetic Sweden (dashed line)
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Since COVID-19 is more easily contracted by people with existing conditions or weaker
immune systems, and NPIs may have reduced the transmission of other diseases by promot-
ing good hygiene behaviors and reducing face-to-face interactions, the estimated reduction
in deaths from all causes, which amounts to a difference of 64% compared with the realized
number of COVID-19 deaths, may serve as a lower bound for the reduction in COVID-19
deaths.

As for the labor market outcomes in Panel (b), we find that stricter NPIs would increase
absence from work among the employed by almost 76%, and reduce total hours worked by
about 12%, in the second quarter of 2020. The impacts would disappear in the third
quarter, and there would be no visible effect on the employment rate throughout the first
3 quarters in 2020.

In terms of the economy as shown in Panel (c), we find that stricter NPIs would shrink
the volume of retail sales by 5%-13% from March to May, whereas the effects on the other
economic outcomes including GDP, import, export, industrial production, and CPI, were
all close to 0. This suggests that almost all of the contraction in the economy was due to

the pandemic itself rather than the NPIs.!'¢

4.3 Inference

Given the common perception that the implementation of NPIs would benefit public health
by reducing the spread of the virus, while harming the labor market and the economy, we
test the null hypothesis for outcome k at t > Ty, Hy : 7111 = 0, against the alternative
hypothesis, Hy : 71 < 0, so that if the null hypothesis is rejected, then we can conclude
that the implementation of strict NPIs would have statistically significant negative effect

t.!" Following the one-sided inference procedure in

on outcome k for Sweden at time
Abadie (2021), we permute the treatment status among all the units, and compute the

pre-treatment and post-treatment RMSPE’s for unit ¢, outcome k in period ¢. Based

16Since we are interested in the treatment effects on multiple outcomes in particular domains, we may
also follow Kling et al. (2007) and summarize the estimated treatment effects in domain K using the

aggregate treatment effect. The results are included in the supplementary appendix.
1"We reverse the sign of the treatment effect on absence from work, so that it has the same expected

direction with the other outcomes.
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on the ranking of the post-to-pre-treatment RMSPE ratios, we can then compute the
corresponding p-values.

Figure 5 shows the per-period p-values for each outcome, with the p-values in the
posttreatment periods overall reported in the parentheses. The horizontal dotted line
represents the significance level at & = 3/(J + 1) (top 3 in the ranking of the post-to-
pre-treatment RMSPE ratios in the sample), with J = 25 (a ~ 0.12) in the public health
and labor market domains, and J = 26 (o ~ 0.11) in the economic domain. We find that
the effects of the NPIs on COVID-19 cases and deaths were statistically significant at the
12% level from May, and the effect on deaths from all causes was significant from April to
June. There were significant effects on absence from work and total hours worked in the
second quarter, whereas the treatment effect on the employment rate remained insignificant
throughout. As for the economic outcomes, we only find significant effect on retail sales in
March, and we cannot reject the null hypotheses that the NPIs had no effects on the other

economic outcomes in the first three quarters of 2020.

4.4 Robustness Checks

In our benchmark analysis, we pick March 28, 2020, the average date on which the strin-
gency index peaked for each country in the treatment group, as the treatment date. As
mentioned earlier, this choice may lead to attenuated estimates of the treatment effects if
the outcomes were affected by the treatment before the chosen date either because countries
had started implementing the NPIs before this date, or because individuals had anticipated
the implementation of the NPIs and had acted in advance.

We thereby backdate the treatment to October 1, 2019, to see whether we can obtain
results that are similar to those in the benchmark specification. This alternative date was
before the first case of COVID-19 infection in the world was detected, and almost 4 months
before the first case was reported in Europe, so that we can be confident that the outcomes
observed before this date were by no means contaminated. In addition, the backdating
exercise is also useful to evaluate the credibility of the SC estimator by assessing whether
the synthetic Sweden can reproduce the outcomes of the actual Sweden in the absence of

the treatment.
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Figure 5: P-Values of the One-sided Tests of Hy: strict NPIs would have no effect on the

specific outcome at the corresponding posttreatment period
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Figure 6: Radar Chart of Outcomes (Backdating)

To save space, we summarize the results succinctly using the radar charts.'® Figure 6
compares the synthetic Sweden constructed by matching only on outcomes observed before
the placebo treatment date, October 1, 2019, with the actual Sweden at three different
stages. The left figure shows the outcomes averaged in the first three quarters of 2019,
before the placebo treatment date, the middle figure shows the outcomes in the fourth
quarter of 2019, which was after the placebo treatment date but before the actual treatment
date, and the right figure shows the outcomes in the second quarter of 2020, after the actual
treatment assignment.

The results show that the synthetic Sweden is very close to the actual Sweden not only
before October 1, 2019, but after the placebo treatment and before the true treatment as
well. The absence of estimated effects before the actual treatment date shows that the
synthetic Sweden can reliably reproduce the untreated potential outcomes of the actual
Sweden. The differences between the two emerges after the actual treatment date and the
results are almost identical to our benchmark results. The close resemblance of our bench-
mark results and the results produced by backdating the treatment to almost 6 months
earlier provides compelling evidence that our estimates for the treatment effects are reli-
able. Note that we would not have been able to do this had we been focusing on estimating
the effect of the NPIs on COVID-19 infection cases or deaths using the conventional single-
outcome SC method, like in Born et al. (2020) or Cho (2020), since COVID-19 cases and

18The full detailed graphs showing the outcomes for Sweden and the synthetic Sweden in all periods as

well as the results for the other robustness checks can be found in the supplementary appendix.
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deaths were not observed before this placebo treatment date.™

The treatment backdating exercise, along with the reanalysis exercise in the Supplemen-
tary Appendix, B.2, highlights one of the advantages of the multiple-outcome SC method
over the conventional single-outcome SC method, i.e., our method allows the users to
construct a reliable synthetic control when we only observe the outcomes in very few pre-
treatment periods, or in the extreme case, when we do not observe the outcome of interest
before the treatment at all, as long as the synthetic control can closely approximate the
unit of interest in multiple related outcomes before the treatment.

We also conduct several additional robustness checks to assess the sensitivity of our
results to changes in the design of the study, e.g., when we exclude any particular country
or outcome, when we match on single outcomes rather than multiple related outcomes, and
when we use the original outcomes rather than the demeaned outcomes. The results of
these exercises, which are included in the supplementary appendix, are all similar to our

benchmark results.

4.5 Further Analysis

In the supplementary appendix, we also conduct subgroup analysis when data permit, to
investigate whether there is heterogeneity in the effects of the NPIs across different groups
in the population or different industries in the economy.

The analysis on deaths from all causes in different gender and age groups suggests
that the impact of the NPIs was larger for males in the 60-79 age group, and larger for
females in the group with age 90 or over, possibly as a result of differences in lifestyles
or risk preferences. The analysis on reasons for absence from work suggests that absence
from work due to temporary layoffs would quintuple and absence from work due to other
reasons would almost double in the second quarter of 2020, whereas absence from work due
to holiday and illness would not be affected. The analysis on retail sales suggests that the
reduction in retail sales due to the NPIs would be mainly through reduced sales of non-food

products.

9Cho (2020) backdates the treatment by 3 days in one of the robustness checks, which may not be

sufficient to address the concern that the pre-treatment outcome may have been affected by the treatment.
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We also examine the effects of the NPIs on the labor market outcomes by gender, the
effect on the employment rate by occupation, education and age, as well as the effects on
the individual components of GDP and CPI. However, we do not find any heterogeneity in

the treatment effects for these subgroups.

5 Conclusion

This paper generalizes the conventional single-outcome SC method to a multiple-outcome
framework, where the number of pre-treatment periods is supplemented with the number of
related outcomes, improving the SC methods in the situations when the number of available
pre-treatment periods is small or when potential structural breaks impose limitations on
the number of pre-treatment periods. We show that the bias of the multiple-outcome SC
estimator diminishes with the number of pre-treatment periods and the number of related
outcome variables. Our simulations show that the multiple-outcome SC estimator improves
upon the conventional single-outcome SC estimator in terms of bias, standard deviation,
and the size.

We investigate the effects of the non-pharmaceutical interventions (NPIs) on various
outcomes in the public health, labor market, and economic domains using the multiple-
outcome SC method, where we construct a synthetic Sweden in each domain using the
other European countries that implemented much stricter NPIs. We find that the NPIs
would significantly reduce the cumulative numbers of COVID-19 cases and deaths as well
as deaths from all causes, increase temporary absence from work and reduce total hours
worked among the employed, but would have limited impacts on the employment rate and
the economy, other than shrinking the volume of retail sales in the early stage.

There are several limitations in our empirical analysis. First, the data on COVID-19
cases and deaths may suffer from reporting issues such as measurement errors or time lags,
due to differences in the reporting standards in different countries and time constraints.
This issue is alleviated to some extent in our analysis by matching on deaths from all
causes, which is more accurately measured. Second, the complexities in the NPIs due
to different timings and contents in different countries are not likely to be accurately or

fully captured by the stringency index or the binary treatment indicator. It would be
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worthwhile to conduct more detailed analysis on the effects of the individual policies, as
in Castex et al. (2021) and Chernozhukov et al. (2021). Third, there may be spill-over
effects. For example, risk-loving individuals from other European countries might have fled
to Sweden, which would drive the number of COVID-19 cases up in Sweden, and cause the
public health effects of the NPIs to be over-estimated. Note that this is different from the
voluntary social distancing behaviors, which does not invalidate our results.

Finally, a few words may be said to applied researchers for whom our method may be
useful. Just as Abadie et al. (2015) cautioning users of the original SC method that “we do
not recommend using this method when the pre-treatment fit is poor or the number of pre-
treatment periods is small”, our method is best suited for applications where 1) there are
enough pre-treatment variables to match on (i.e., there is either a large number of related
outcomes or a large number of pre-treatment periods, or both), so overfitting is unlikely,’
and 2) the synthetic control constructed using a few control units can closely approximate
the pre-treatment variables of the treated unit, which is unlikely to happen with a large

number of outcome variables if they do not share the common linear structure.?!

Appendix A Technical Derivations and Proofs

Comparison of multi-outcome and single-outcome SC weights

For better understanding of the multiple-outcome SC, we compare the multiple-outcome
SC weights with the single-outcome SC weights. Let w be the J x 1 vector and Y7, be
the J x 1 vector of the outcome variable of the control units. Ignoring the facts that the

elements of w sum to one and nonnegative, the conventional single-outcome SC weights

20The number of pre-treatment variables required to avoid overfitting depends on the size of the donor
pool. In the usual cases where the number of control units (donors) is in dozens, preferably at least 10

pre-treatment variables are needed.
2IThere has not been an accepted rule of thumb to determine whether the pre-treatment fit is good

other than relying on visual inspections. Gardeazabal and Vega-Bayo (2017) consider matches that have a
pre-treatment mean absolute error smaller than 20% of the mean values in the outcome variable as good

matches, but this may not apply to cases where the mean of the outcome is close to 0.
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for the kth outcome are obtained by minimizing

To

> Vir — w'Y5,)% (A1)

t=1

The solution w;, is simply the least squares estimator:

Ty -1 7
& = (z Y;,m,k) SOV (A2
t=1

t=1

provided that ZZL Y;kY;’k is invertible. For the multiple-outcome SC weights, we further

stack Y'§, over the K outcomes. Then the criterion function is

K
> Vi —w'Y§,) (A.3)

and the solution is

K Ty / -1k 1
. (zzvakyzk) S 3V (A)

k=1 t=1 k=1 t=1

provided that Zszl ZtTil YZ,CY,f:k is invertible. The actual implementation of the SC
method restricts the weights to sum one and to be non-negative, so the solutions will
be different from (A.2) and (A.4). Nonetheless, the least-squares estimators (A.2) and
(A.4) show that w is not a simple average of wy, across the K outcomes. In addition, the
minimized criterion functions are exactly zero, so both w and w give the optimal fit for

each outcome variable.

Treatment effect on the untreated

In the discussion of the theoretical framework, we have been focusing on the setting with a
single treated unit and many control units, where we estimate the treatment effects on the
treated. However, there are cases with many treated units, and we may wish to estimate
the treatment effects on the untreated by constructing a synthetic unit for the untreated
unit using the treated units.

Without loss of generality, suppose that unit 1 remains untreated within the window

of observation, while all the other units are treated from ¢ = Ty + 1 onwards. Recall
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that the treated potential outcome is Vi, = Y0, + Ty . Since we have not imposed any
assumption on the treatment effects except treating them as fixed given the sample, the
treated potential outcomes may not have the interactive fixed effects functional forms or
depend on the same predictors as the untreated potential outcomes. As a consequence, a
synthetic unit that matches the untreated unit in the pre-treatment matching variables may
not credibly reproduce its counterfactual outcomes after the treatment, even if it is similar
to the untreated unit in the underlying predictors of the untreated potential outcomes.
Therefore, in order to estimate the treatment effects on the untreated, we assume that
the treatment effects are determined by the same predictors of the untreated potential

outcomes, that is*
Titk = Otk + Z{L'/Bth + N§7t,k7 \V/Z, t ka (A5>

where oy is the time trend in 75, and 8, and =, are the outcome-specific coefficients
of the observed and unobserved predictors respectively.

The multiple-outcome synthetic control estimator for 7144, the treatment effect on the
untreated unit, can then be constructed as

J+1

Tl = Z WYt — Ytk (A.6)

j=2
Note that Eq. (A.5), together (1) and (2), implies that the treated potential outcome k

for unit ¢ at time ¢ is given by
Y;},,k = (Oux + oup) + Z (et,k + 5t,k) + (At,k + ’Yt,k) + Eit k- (A7)

Since the treated potential outcome Y, has an interactive fixed effects structure, we can
similarly show that the bias of 7y;; vanishes as the number of pre-treatment periods or

related outcomes grows.

Corollary 2. Suppose that J is fized, whereas Ty and K are increasing, the demeaned

outcomes are used, (A.5) holds, and the technical conditions are satisfied, then for any

22Note, this assumption is more general than assuming that the treatment effects are constant. A similar
assumption is discussed in Athey et al. (2021), where the treatment effect is assumed to have a low-rank

pattern.

28



t > Ty,

Technical conditions

We impose the technical conditions similar to those in Abadie et al. (2010) and Botosaru

and Ferman (2019).
Condition 1. Transitory shocks
1) €y, are independent across i, t, k;*
2) Bleux | Zj, ;) =0 for all i, j, t and k;
3) ElejilP < oo forallj=2,...,J+1,t<Tpy, k€ K and some even integer p > 2.

Condition 2. The smallest eigenvalue ofKLTO Zé{:l 21 Auk)\;,k 18 bounded from below by

some positive number &.

Proofs

Proof of Proposition 1. To provide a unified framework for the biases of the multiple-
outcome synthetic control estimator and the single-outcome synthetic control estimator,

without loss of generality, we can write

o =y o, j=2,, T+ 1, (A.8)

(%)

where —1 < 0,7 < 1. We emphasize that both sets of weights provide perfect fit for the

pre-treatment values of the kth outcome and the observed predictors.

ZNote that despite the i.i.d. condition on e; x, the unobserved interactive fixed effects may account
for the correlations along the corresponding dimensions. Technically, this condition is required so that the
Bt 1, and Bsy j, terms in the proof have zero mean. In practice, the outcomes may have different scales or
volatilities so that the transitory shocks may be clustered at the outcome level. This complexity is dealt

with by standardizing each outcome in each period before matching in the implementation.
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Under the restrictions Zjigl w;Z; = Z, the bias of the multiple-outcome synthetic

control estimator for outcome k and ¢t > Tj is the expectation of

J+1 J+1 J+1
1tk ng jtk = (lh ijy,]> Avk+ ek _ijgjtk:v (A.9)

and the bias of the single-outcome synthetic control estimator is the expectation of

J+1 J+1 J+1
i e = (M Zw’“ug> S
J+1 J+1 J+1
(Ilq Z%%) )\tk—zv ,Uw]>\tk+€1tk—zw Ejt k-

(A.10)

We can stack observations over the pre-treatment periods to replace the first term on
the RHS of (A.9) and the first two terms on the RHS of (A.10) with functions of the
coefficients and the individual transitory shocks from the stacked expressions. Stacking the

pre-treatment outcomes Yj; , over the Tj pre-treatment periods, we have
Yk =0k+ 012+ App; + €k, (A.11)

where Y, 1., 0y, and €, are Ty x 1, and 8 and A are Ty x r and T x F, respectively.

Since ZJ+1 uﬁ(k Z; = Z, the restrictions Zj;l w§k)Yj,k =Y, can be simplified to

7=2
J+1 J+1
k (/’l’l - Z ij(k);,LJ) = Z w;-k)&j’k — €1k (A12)
=2 j=2

Similarly, using the multiple-outcome synthetic control weights, we have

J+1 J+1
Ak <.Uq = wj%) = gk — 1k, (A.13)
=2 =2

which further simplifies (A.12) to

J+1 J+1
—}\ka [J,] ZU( Ejk- (A14>
j=2

Since the K outcomes are determined by the same set of predictors in our multiple-

outcome framework, we can further stack (A.11) over the K outcomes to get
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where Y';, 6 and €; are KTy x 1, and @ and A are KTjy x r and KTy x f, respectively. And
the restrictions Zj;l w;Y j =Y can be simplified to

J+1 J+1
A s ) - Y- (a10
j=2 =2

Condition 2 states that the f x f matrix A’A has full rank, thus pre-multiplying
(AMA)" X on both sides of (A.16), we have

J+1 J+1
N / —1 7/ N
(l’l’l - E ’lUj[,Lj> = (A A) A < E W;€; — €1> s (Al?)
=2 =2

so that (A.9) can be written as

J+1 J+1
Yl?tk ij ik =X, XZU)JEJ (Bit)
7j=2
J+1
— )\;,k’ (AIA)_l )\/81 -+ E1t,k — Z UAJ]'Ejt’k. (B2t,k>
7j=2

Similarly, pre-multiplying A ,(AzAx) "' A} to both sides of (A.14) gives

J+1 J+1
—Agkzv 1y = A (M) TN 0 e (A.18)
j=2

Replacing (A.17) and (A.18) into (A.10), we have

J+1 J41
Yl?e,k - Z?Dj(k)y}tk :A;,k()‘v‘)ilx Z WjE; (Bitx)
j=2 =2
J+1
= AN WNey e — Z WjE jt o (Batk)
=2
J+1
=D e (By)
=2
J+1
+ )\;’k()\;g)\]g)il)\;€ Z ﬁ§»k)€j7k. (B4t,k>
=2

Given Condition 1 and since the synthetic control weights are independent of the obser-

vations for ¢ > Tpy, By, j, and Bs,j, have zero mean, whereas By, and By, do not because

w; and @D](-k) are functions of e; (Botosaru and Ferman, 2019).
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It is shown that E | By x| = O <L> in Abadie et al. (2010). Following closely the proof

VTo
in Appendix B of Abadie et al. (2010), we show that E |By, x| = O (ﬁ) We can rewrite

By as

J+1 K Ty K Ty -1
Bltk_Zw]ZZA (ZZA Py ) sa€js.0- (A.19)

q=1 s=1 =1 n=1

Let the largest element of |Ayy| for t = 1,...,7 and k = 1,..., K be bounded from

above by A. Under Condition 2 and using the Cauchy-Schwarz Inequality, we have

K Tp -1
M%ZZMM> A
=1 n=1

1
2

[NIE

To

IN

()

=1 n=1

—1
)\nlAnl> Atk
1

K
M%z
=1

<( X'/ >
~\ KTyt

-1
Let ¢; = Zf:l ZZ ALk (Zl 1 Z A\, > As¢€js.q- Then by Holder’s Inequality

and the norm monotonicity, we have

J+1 J41 Ya /541 1/p J+1 1/p
|Buesl <) ibyl] < (leﬂq) (Z\gj\p> < (Z lfj!p) ,

j=2

n=

Withp,q>1and%—|—%:1.

Using Holder’s Inequality again, we have

J+1 J41 1/p J41 1/p J+1 1/p
ElS 5| <k @ij s(Ezwa —(zmwﬁ |
=2 j=2 j=2 =2

Then using Rosenthal’s Inequality, we have

5\2f p K Ty K T p/2
Elz,l" < C (p) (—) maxd 33 Ele P (ZZEW?) ,

KT,
O§ q=1 s=1 q=1 s=1

where the constant C' (p) = E (¢ — 1)” with ¢ being a Poisson random variable with pa-

rameter 1.
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- 1 K To P
Let my, = max; >, 2,21 Elgjs f, then we have

5\2]6 ml/p ml/?
E|Bi x| < C’(p)l/p (T) JYPmax { (KTOZ))I_I/Z), (KTT))I/Q ) (A.20)

Therefore, E |By | = O >, and E (Ty.p — Tiek) = 0 as KTy — oo, i.e., the bias

G
of the multiple-outcome synthetic control estimator is bounded by a function that goes to
zero when the number of outcomes in the domain or the pre-treatment periods goes to
infinity.

We have shown that the bias of the conventional single-outcome synthetic control
method is usually O (ﬁ), but if the single-outcome synthetic control weights coincide
with the multiple-outcome synthetic control weights, in which case 17](-k) =0 and w](’“) = Wj,

1
then the order becomes O ( KTD).

]

Proof of Corollary 1. The bias for the demeaned synthetic control estimator is

J+1

~DM oy - 1 0
Titk — Titk = Y1k — E Yk — Vi + Yi
Jj=2
J+1
0
1tk E Yisk — E :w] gtk Yltk"‘Ylt,k
J+1

ltk E w;Y; th

Notice that the demeaned equation for Y}, retains the interactive fixed effects structure:

sz?k 7 Z is,k
= 5t,k + Z;'et,k + IJJ;)\t,k + it k-

We can thus follow similar steps to show that E (?B}\,f — Tlt,k) — 0 as KTy — oo under
the demeaned outcomes, and conditions 1 and 2.

]

Proof of Corollary 2. The proof is similar to that of Proposition 1 and thus omitted. [
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SUPPLEMENTARY MATERIALS

Supplementary appendix: The supplementary appendix contains a extended review of
the literature on the effects of NPIs, data sources for the empirical application, more

details of the estimation and inference procedures, and additional results. (.pdf file)

Datasets and R codes: Datasets and R codes used for the simulations in Section 3, and
the empirical application in Section 4, and a readme file that describes the contents

and instructs the reader on their use. (.zip file)
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