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Abstract

Several variables and practices affect the evolution and geographic spread of
COVID-19. Some of these variables pertain to policy measures such as social
distancing, quarantines for specific areas, and testing availability. In this paper,
I analyze the effect that lockdown and testing policies had on new contagions in
Chile, especially focusing on potential heterogeneity given by population char-
acteristics. Leveraging a natural experiment in the determination of early quar-
antines, I use an Augmented Synthetic Control Method to build counterfactuals
for high and lower-income areas that experienced a lockdown during the first
two months of the pandemic. I find substantial differences in the impact that
quarantine policies had for different populations: While lockdowns were effective
in containing and reducing new cases of COVID-19 in higher-income municipali-
ties, I find no significant effect of this measure for lower-income areas. To further
explain these results, I test for difference in mobility during quarantine for high
and lower-income municipalities, as well as delays in test results and testing
availability. These findings are consistent with previous results, showing that

differences in the effectiveness of lockdowns could be partially attributed to het-

*The author thanks the participants of the Seminar “Economics and COVID-19” from
Universidad Adolfo Ibanez for the helpful comments, and Dr. Nicole Rogers for her invaluable
research assistance.

All code and data for replication available at https://github.com/maibennett/
covid_augsynth

temail: m.bennett@austin.utexas.edu


http://www.magdalenabennett.com/files/sub/mbennett_covid.pdf
https://github.com/maibennett/covid_augsynth
https://github.com/maibennett/covid_augsynth

erogeneity in quarantine compliance in terms of mobility, as well as differential
testing availability for higher and lower-income areas.
Keywords: Augmented Synthetic Control; Causal Inference; COVID-19;

Observational Study

1. Introduction

Like in most countries, the COVID-19 pandemic has deeply disrupted all
aspects of daily life in Chile, starting from the way we approach our health
care system, to job security, education, and even how we mobilize, among many
others. Mitigating measures such as non-pharmaceutical interventions have be-
come essential for preventing massive outbreaks and reducing systemic stress
in hospitals and clinics. However, some of these interventions may have had
differential effects depending on the population characteristics.

In this paper, I provide evidence of heterogeneity in the effectiveness of quar-
antines or lockdowns at the municipality level in Chile’s capital city during the
first two months of the pandemic. I also shed light on some of the reasons that
could explain these differential effects, such as the probability of compliance
with lockdown measures by area, as well as differences in testing availability
for different groups. The Chilean context provides a particularly rich setting
to analyze the effectiveness of lockdown measures, as quarantines were imple-
mented during the first two months of the pandemic at the municipality level,
which are the smallest administrative divisions in the country. Municipalities
are some of the smallest areas that have experienced quarantine in compar-
ison to other countries and allow me to analyze differential effects within a
major city. Leveraging administrative data at the municipality level and an
Augmented Synthetic Control Method approach, I build a counterfactual for
higher and lower-income municipalities that entered quarantine from a pool of
untreated areas that resemble the evolution pattern of the treated units before
the policy was implemented, finding substantial differences in the effectiveness

of quarantine measures by income.



Understanding the effectiveness of containment measures is of critical impor-
tance during a pandemic, but not only its average impact, but also the effect
lockdowns had on specific populations of interest. In terms of policy evaluations,

average treatment effects are often of limited value as they hide potential null or

even opposite effects for specific groups of interest (Imai & Ratkovic) 2013)). In

the case of quarantine policies, if certain populations are less likely to comply
with lockdown measures due to differences in opportunity costs of staying at
home, or asymmetry in information in terms of infections, then it is important
to put in place complementary measures that will improve compliance.
Evidence related to the effectiveness of lockdown or shelter-in-place mea-
sures shows positive effects on the containment and reduction of the COVID-19

spread (Bonaccorsi et al.l 2020; Bonardi et al., 2020; Dave et al., [2020; [Flaxman)|

let all [2020} [Hsiang et all 2020} [Patel et all, [2020}; [Prem et al, [2020; [Vinceti
2020). For example, Hsiang et al| (2020) conduct an analysis of 1,700

non-pharmaceutical measures in six different countries, finding that quarantines

and lockdowns were associated with a substantial slow-down of the spread of

COVID-19. [Flaxman et al| (2020) echo the previous results by modeling the

transmission of the disease using data from 11 European countries. The authors
find that lockdown measures are positively correlated with the containment of
COVID-19.

In the context of the current literature, this paper presents two main con-
tributions: (i) the estimation of causal effects of small-area lockdowns on the
spread of COVID-19 by leveraging a natural experiment, and (ii) the identifica-
tion of heterogeneous effects by socioeconomic characteristics.

One of the main difficulties of identifying causal effects for quarantines is that
their adoptions are associated with other confounding variables that make causal
identification difficult or even unfeasible. However, the Chilean setting provides
a solid natural experiment given the loose definition used to impose the first
quarantines. Additionally, unlike in many other countries, lockdowns in Chile
were applied at the smallest administrative level (municipalities). These small

areas provide variation even within a city, allowing for the construction of better



counterfactuals and estimation of differential effects according to municipality’s
characteristics. Given that measures that are effective for certain groups might
not have the same effect on others, estimating the impact of lockdowns by
income level can provide relevant feedback for policymakers to better understand
how to target and complement current policies.

This paper is structured as follows. Section [2 provides context of the Chilean
case and the measures implemented to fight the spread of COVID-19. Section
outlines the augmented synthetic control method used for estimating the ef-
fects of lockdown policies by income at the municipality level and its results. In
section [ I discuss potential mechanisms that could explain part of the differ-
ential effectiveness of quarantines. Finally, section [5 concludes with some final

remarks and further discussion.

2. COVID-19 and the Chilean Context

The spread of COVID-19 in Chile started slowly, with its first confirmed
COVID-19 case on March 3rd, 2020. During the first weeks of the pandemic,
most of the spread of the virus was contained in the east side of Santiago, in the
Metropolitan Region, which is the most affluent area of the city. However, by
mid-April, the virus had already spread throughout the city, as it can be seen
in Figure [T}

To try to mitigate the spread of the virus, the Chilean government declared
the first lockdowns during the final week of Marcfﬂ in 7 municipalities of the
Metropolitan Region, and a few other cities across the country. The second
wave of quarantines was around mid-April, which included three municipali-

ties. Finally, by the end of April, three additional municipalities in Santiago

20nly two other municipalities had been in quarantine before March 25th: Caleta Tortel
and Rapa Nui. Caleta Tortel is a remote and small southern municipality which declared an
early quarantine due to a cruise ship arriving with a confirmed case. Rapa Nui, or Easter
Island, is an island far from the coast of Chile and took early precautions after its firsts

confirmed cases.



(c) Week 04/12/20 to 04/18/20

Figure 1: Number of total confirmed cases for different weeks during the COVID-19 pandemic
in Santiago, Chile

entered lockdown. Figure[2]shows the location of the different quarantines in the
Metropolitan Region by timing, and Table [] in the Appendix shows the exact

dates municipalities went into and out of lockdown. To provide some context on



the units of analysis, Chile has 346 municipalities in total, which drastically vary
in size: from a couple of hundred residents to over 500,000 in 2017 (Biblioteca
del Congreso Nacional de Chile, 2017). The capital city, Santiago, is composed

of 40 municipalities and concentrates the majority of the country’s population.

4 [V] First Lock-downs
Valpataiso

4[] Second Lock-downs

4 [V] Third Lock-downs 6570m

Santiago
o

San Antonit OPuente Alto

Rancagua 5270 m
o

Figure 2: Municipalities that were in lockdown at different times during March and April in
the Metropolitan Region (First lockdowns: started March 26th; Second lockdowns: started
April 9th-16th; Third lockdowns: started April 23rd-30th)

In terms of the restrictions that lockdown measures posed on residents, if a
municipality (or part of a municipality) was declared on quarantine, people that
lived in that area could not leave their residence without legal authorization.
Additionally, non-residents were not allowed to transit in quarantined areas

either. Essential services were still open during this time.

3. Effect of Quarantines

3.1. An Augmented Synthetic Control Method Approach

To assess the effect that quarantines had on the evolution of new cases at
the municipality level, a natural approach would be to compare treated areas
with those that are similar but were not affected by lockdowns, assuming that
conditional on some observable features, the assignment of quarantines was ran-
dom. In this context, Synthetic Control Method lends itself nicely to estimate
a causal effect of these policies (Athey & Imbens| 2017]).



Synthetic Control Method (SCM) is a popular approach in causal inference
settings that, under certain assumptions, provides a valid counterfactual for a
unit that was treated at a specific point in time (Abadie & Gardeazabal, [2003;
Abadie et al. 2010, 2015). SCM uses a weighted combination of untreated
units from a donor pool to build a “synthetic” version of the treated one that
resembles its behavior prior to the intervention. Some of the main advantages
of the SCM are that it does not rely on extrapolation (weights are non-negative
and sum to one), and that it is a transparent method in the sense that makes
the differences between treatment and its counterfactual explicit, as well as the
contribution of each of the control units (Abadiel [2019).

Using the notation on [Ben-Michael et al.| (2020), Equation |1| shows the typ-
ical setting for SCM where one unit ¢ is treated (i = 1) in period Top < T. W;
is a treatment indicator for unit ¢, and weights v € [0,1] are estimated to
minimize the difference in pre-intervention trends between the treated unit and
the synthetic control. These weights are then used to approximate the potential

outcome under control of the treated unit in the post-intervention period T,

YlT(O)Z

Yi7(0) = Z V" Yir (1)
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Following a similar setup, the Augmented Synthetic Control Method (ASCM)
proposed by |Ben-Michael et al.|(2020)) also builds a counterfactual for the treated
observations based on a weighted combination of untreated units. However, the
main advantage of ASCM over traditional synthetic control methods is that it
provides “bias correction” when pre-treatment fit is imperfect. This bias cor-
rection means that even when the synthetic control does not closely follow the
path of the treatment group in the pre-intervention period, ASCM provides
a method to de-bias the original SCM estimate using, for example, a ridge-
regularized linear regression as an outcome model. The trade-off, in this case, is
that ASCM allows non-negative weights to improve pre-treatment fit, but the

method focuses on minimizing extrapolation outside the convex hull.



Using the same setup as the one described for Equation [2| shows how
ASCM would be applied in a setting were there is potentially a poor fit in
a particular function of pre-intervention outcomes, m(-) (Ben-Michael et al.
2020)). In this case, the estimated counterfactual for SCM is “corrected” by the
observed imbalance. This setup can be extended for more complex settings, such
as multiple treated units, staggered designs, and different choices of estimators

(Ben-Michael et al., 2019} [2020)).

Yi7(0) Z Y " Yir + (i (X Z ¥ " (X)) (2)
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In SCM and ASCM settings, three assumptions need to hold to estimate
a valid average treatment effect on the treated: i) assignment of the treat-
ment is random conditional on the donor pool, observable covariates, and pre-
intervention path of the outcome, ii) Stable Unit Treatment Value Assumption
(SUTVA), and iii) the intervention had no effect prior to its start date.

The first assumption relates to the idea that synthetic control methods use
a weighted average of units from the donor pool to build an estimate of the
missing potential outcome, and those units are chosen based on pre-intervention
fit. Overall, the decision to declare quarantine in a municipality at the beginning
of the pandemic depended on diverse factors, but the most important one was
the progression of the spread: Areas with a higher number of total cases and an
increasing number of new cases were likely candidates for this policy. However,
decisions had a political component as well, which provides a level of exogeneity
to the decision that makes the conditional ignorability assumption likely to
hold in this setting. For example, when the first lockdowns were declared in
March 25th, there were three other municipalities not affected that had the
same or even a higher number of total cases than most of the areas that entered
quarantine, and actually, the municipality of Independencia, which entered an
early lockdown, was just top 30 in number of cumulative cases. The story is
similar when we look at daily new cases: 3 out of the top 10 municipalities with

the highest number of daily cases on March 25th did not experience quarantine.



These three municipalities were also located high in the ranking of total cases,
and are high-density population areas.

The second assumption, SUTVA, implies that the intervention only affects
the treated units and does not affect non-treated municipalities. The geographic
nature of lockdowns, however, might make this assumption less likely to hold: If
residents from a municipality on lockdown were more likely to leave and mobilize
to nearby areas that were not subjected to quarantines, these spillovers would
break SUTVA. To avoid potential effects on neighboring municipalities, I build
a buffer zone around treated units using the areas that would be more likely to
experience spillovers due to quarantines and exclude these zones from the donor
pool. Talso exclude two coastal municipalities (Vina del Mar and Concon), given
that they are a common second-home destination for residents of Santiago.

Regarding the final assumption, anticipation effects could potentially play
a role in the estimation of the effect of lockdowns if there is an important lag
between the announcement of the measure and the start of quarantines. Given
that people usually need to prepare for quarantine, it is not uncommon to see
surges in mobility in the period between the announcement and the beginning of
lockdowns. In the case of Chile, the first and second waves of quarantines were
announced one and two days before their implementation, respectivelyﬂ Even
though the period between announcement and enforcement is short, I use the
day of the announcement as the starting period of treatment, to avoid potential

confounding.

8.2. Main Results

To estimate the effects of lockdowns on new cases over time, I use publicly
available data from the Ministry of Health Epidemiological Reports (Departa-
mento de Epidemiologiaj 2020) on the number of new cases by municipality
over time. Because these reports are only delivered every 2 to 3 days, I rely on

interpolation to build daily data based on daily regional contagion rates, closely

3For Puente Alto, the measure was announced on April 7th and enforced on April 9th.



approximating the number of daily cases at the municipality levelﬂ

For analyzing heterogeneous effects by income at the municipality level, T
take three sets of municipalities for the period between March 15th and May
4th: 1) high-income areas that had quarantines before April 30th, 2020 in the
capital city, 2) lower-income areas that had quarantines prior to the same date
in the same region, and 3) other large municipalities that did not have lockdown
measures before April 30thE| The latter group serves as the “donor” pool or
counterfactual pool for the first two.

I define high-income municipalities as what is commonly known in Chile as
the “East Zone”, a set of the six municipalities in Santiago that consistently
rank at the top with the highest income per capita, lowest poverty rates, and
highest residential value per square meter (Centro Microdatos, 2019; |GIK] [2019;
Observatorio Social, [2017), among other socioeconomic measures. By comple-
ment, lower-income municipalities are all those municipalities in Santiago which
are not considered in the previously described high-income group. Average char-
acteristics for these different groups are shown in Table

Using a Ridge ASCM approach (Ben-Michael et al., 2020) and following
the previously described groups of analysis, I build counterfactuals for three
groups of municipalities in Santiago that experienced quarantines: (i) high-
income municipalities (H), (ii) lower-income municipalities (L), and (iii) the
combination of the previous two groups (A), such that A = H U L. Then, for

each group g, I estimate the optimal weights for the municipalities in the donor

4The idea of interpolation and its implementation was first suggested by |[Perez Rojas| (2020)),

who also made his data publicly available and it is used for this analysis.
5Municipalities in the high-income group include: Las Condes, Lo Barnechea, Nunoa,

Providencia, and Vitacura, while the areas in the lower-income group include: El Bosque,
Independencia, Puente Alto, San Bernardo, and Santiago. The donor pool consists of mu-
nicipalities that did not have quarantine at any point before April 30th, and that have a
population of 70,000 residents or more. Municipalities that entered lockdown between April
30th and May 4th were also excluded, as they do not provide enough post-quarantine time

for analysis.
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Table 1: Demographic and socioeconomic characteristics for municipalities groups

Quarantined Donor Pool

High-income Low-income Met. Region Not in Met. Region

Population 191,910 296,713 164,470 181,845
Density (hab/km?) 6,521.901 12,516.666 6,042.423 565.674
Income per capita $1,161,548 $331,131 $354,091 $310,308
Poverty rate 0.009 0.077 0.053 0.085
Public health care rate 0.321 0.774 0.775 0.808

Source: [Observatorio Social|(2017]

pool that balance pre-intervention trends (e.g. daily number of cases in group
g) and baseline covariates (i.e. income per capita, population density, total
number of cases, and poverty rate), allowing for extrapolation but penalizing
the departure from traditional SCM weights.

Table [2| and Figure [3| show the overall effect of quarantines on the number of
new cases over time for all municipalities that had quarantines in the Metropoli-
tan Regionﬁ I use a 12-day mark to assess the effectiveness of the quarantine
because that is the number of days needed for most people to develop symptoms
(Lauer et al., |2020). Estimates for each period are obtained using the Ridge
ASCM weights previously described, and standard errors are estimated using a
jackknife methodﬂ

Figure [3| shows that after the 12 days since the start of the lockdown pe-
riod, treated municipalities experience a lower number of new cases over time,
though the difference is not statistically significant at conventional levels and

the magnitude of the effect is also modest.

SThree municipalities in the period of analysis experienced partial quarantines (e.g. only
part of the municipality was under lockdown): Nunoa, Puente Alto, and Santiago (see Ap-
pendix for exact periods of quarantines). To show more conservative results, I have coded

periods of “partial quarantine” as “no quarantine”.
"For details, see multisynth function in the augsynth package in R
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Table 2: Estimated Average Treatment Effect on the Treated using ASCM for days 12 to 21

after start of lockdown

Days since Lock-Down Started All High-income Lower-income
12 0.247 -3.768 6.066
(2.836)  (1.599) (4.642)
13 -0.678 -4.653 4.034
(2.67) (2.91) (2.867)
14 1.068 -4.994 4.548
(3.229) (5.54) (3.108)
15 0.489 -4.405 5.389
(5.289) (7.615) (6.158)
16 -1.959 -9.897 4.898
(4.147)  (4.709) (5.203)
17 -2.503 -6.717 2.037
(3.286) (2.668) (4.374)
18 -1.299 -8.177 3.057
(5.684)  (3.632) (4.332)
19 -0.955 -5.559 1.225
(3.219)  (4.523) (2.801)
20 -1.666 -5.665 0.689
(4.086)  (3.962) (4.808)
21 -1.549 -6.785 4.579
(6.265) (6.912) (6.087)
Scaled Imbalance 0.16 0.312 0.13
Num. leads 23 45 23
Num. lags 32 10 32

Note: Standard errors in parentheses.

This seemingly positive result, however, hides an important degree of het-

erogeneity in terms of the effectiveness of quarantines. When I analyze higher-
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Figure 3: Estimated difference in number of new cases between treated municipalities and
synthetic control pre- and post-quarantine using Augmented Synthetic Control Method (90%
CI in shaded region)

income municipalities in Santiago compared to other municipalities, we can see
that the results differ by socioeconomic level (Figure [4)).

Figure [a] shows the effect in terms of difference of new cases over time for
high-income municipalities. After the 12-day mark, there is a significant drop in
the number of new cases in comparison to the synthetic version of high-income
municipalities. By the end of the series, confidence intervals are too wide and I
do not have enough statistical power to reject a null effect, but the pattern shows
a decreasing effect over time which is encouraging in terms of the effectiveness
of lockdown measures.

However, Figure[db]shows another side of the story. In this case, even though
the effect is not statistically significant at 10% level, the estimate is opposite
to what we would expect: there is an increase in the number of new cases over

time even after the 12-day mark. In this case, given that some lower-income

13



municipalities entered lockdown later in time, the post-quarantine period of
analysis is shorter compared to higher-income municipalities. However, the
same results stand when using only early-adopters of quarantines for the lower-

income group.

3.3. Robustness Checks

One potential concern for the identification of causal effects, in this case,
would be that people change their mobility patterns from one municipality in
lockdown to a neighboring area which is not in quarantine, breaking SUTVA.
To avoid confounding the effect with potential spillovers, I run a robustness
check of the ASCM by including a buffer zone around treated municipalities,
which are excluded from the control pool (see Appendix for a map of the buffer

zones). Results are shown in Table |3} and they are very similar to the original

estimated average treatment effects on the treated for both groups.

As it was previously mentioned, another concern in terms of comparison
of the effects between high- and lower-income municipalities is the timing of
the lockdowns. If lower-income areas were systematically treated later in the
pandemic, it could be the case that the timing factor is confounding my re-
sults. To avoid this potential issue, I only compare high- and lower-income
municipalities that were treated roughly at the same time, using the same set of
high-income areas, but only Santiago and Independencia as lower-income munic-
ipalities. Conclusions remain unchanged, as overall effects of lockdown measures
were not effective in Santiago or Independencia, lower-income areas that were
subject to quarantine at the same time that high-income municipalities (Figure
B).

Finally, for each of the groups analyzed, I exclude the municipality with the
highest weight to see whether is one unit from the donor pool that is driving

the resultsﬁ The exclusion of these municipalities do not substantially affect

8For high-income areas I exclude Concepcion, for lower-income areas I exclude Renca, and

for all the municipalities that were in quarantine I exclude Maipu
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Table 3: Estimated Average Treatment Effect on the Treated using ASCM for days 12 to 21

after start of lockdown excluding buffer municipalities

Days since Lock-Down Started High-income Lower-income

12 -3.661 8.428
(2.063) (7.736)
13 -5.638 7.299
(3.536) (5.403)
14 -5.171 9.723
(9.727) (8.492)
15 -4.815 13.545
(12.777) (10.626)
16 -6.496 11.424
(5.905) (9.367)
17 -5.005 7.749
(3.552) (7.358)
18 -5.82 6.265
(4.62) (5.395)
19 -7.52 2.12
(6.853) (5.602)
20 -6.897 1.829
(6.423) (5.503)
21 -4.661 9.773
(10.941) (6.94)
Scaled Imbalance 0.317 0.182
Num. leads 45 23
Num. lags 10 32

Note: Standard errors in parentheses.

the conclusions, and results remain mainly unchangedEI

9Results available in the public replication code.
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(a) Estimated difference in number of new cases between treated municipalities and synthetic control

pre- and post-quarantine for high-income municipalities in the Metropolitan Region
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(b) Estimated difference in number of new cases between treated municipalities and synthetic control

pre- and post-quarantine for lower-income municipalities in the Metropolitan Region

Figure 4: Estimated difference in number of new cases between treated municipalities and
synthetic control pre- and post-quarantine t}y6income using Augmented Synthetic Control

(90% CI in shaded region)
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Figure 5: Estimated difference in number of new cases between early-entrance, lower-income
treated municipalities and synthetic control pre- and post-quarantine using Augmented Syn-

thetic Control Method (90% CI in shaded region)
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4. Mediating Factors for Differential Effects

In this section, I study two different, but potentially complementary, hy-
potheses that could explain the heterogeneity in the effect of lockdowns on
the number of new infections. The first one relates to the differential ability
of households to stay at home during a lockdown, and the second one to the

availability and timing of testing in different municipalities.

4.1. Mobility during lockdowns

Mobility has been highly reduced during the pandemic, both because of
individual changes in behavior, but most importantly due to government policies
aimed at avoiding contagion. Figure[6shows data from Google Mobility Reports
for the Metropolitan Region, which compares the number of visitors to transit
stations over time between mid-February and early May to a baseline before
the pandemic@ I focus on transit data, as it is a measure that most likely
approximates mobility to and from work during labor days. As Figure [f] shows,
the biggest drop in mobility was given by the closure of schools, with a 56%
decrease. After that, there are no clear changes in mobility rates considering
the active quarantines in Santiago. Excluding the day right before and after
quarantines, there is no distinctive change in mobility for labor days when only
the first wave of lockdowns was in place (i.e. high-income municipalities plus
Santiago and Independencia), and when the second one started during that
same period (i.e. half of the municipality of Puente Alto).

Given that quarantines were targeted to specific areas in the Metropolitan
Region and were not widespread, the aggregated mobility map may be hiding
movement reductions for those areas. To test potential differences, I use data
from the Mobility Index Report created by the Data Science Institute from UDD
and Telefonica (Universidad del Desarrollo, [2020) to analyze changes in mobil-
ity before and after quarantine, using the same Augmented Synthetic Control

Method described in the previous section. The mobility index presented here

10Baseline consists of the period between January 3rd, 2020 and February 6th, 2020.
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Figure 6: Percent change in transit station mobility measure with respect to baseline for the

Metropolitan Region 1, 2020), with weekends highlighted in shaded regions.

measures the number of trips for a given individual, approximating his or her
location using cellphone tower connections. A trip is then considered the move-
ment from one tower to a different one, and the mobility index normalizes the
number of trips by the population of each municipality, to make numbers com-
parable. Given the date range of the data, between the end of February and
April 12th, T focus only on those municipalities in the Metropolitan Region that
were subjected to quarantines during the first WaVGE

Figure [7] shows the results in terms of differences in the mobility index for
lower- and higher-income municipalities that were subjected to lockdowns com-
pared to their synthetic control. There is an important drop in mobility after the
closure of schools on March 15th for higher-income municipalities, and that de-

crease in mobility is exacerbated due to quarantine measures. For lower-income

11 High-income municipalities are the same ones as considered before, but for the lower-

income municipalities I do not consider Puente Alto for this analysis.
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municipalities, on the other hand, schools’ closures did not differentially affect
their mobility compared to their synthetic comparison, but it did reduce trips
during the first week of the quarantine. The effect decreases substantially with

time, though, dissipating almost completely by day 9, which is consistent with

other findings in the literature (Rieger & Wang, 2020)).
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Figure 7: Difference in Mobility Index using ASCM for municipalities subjected to lockdowns

by income level

Figure[7]clearly shows that income is an important mediating factor in mobil-
ity. It is not possible to recreate a synthetic control with a good pre-intervention
fit for higher-income municipalities, because most of these areas entered quar-
antine at the same time, and in this case, income plays a key role in how people
move.

To further analyze these mobility patterns, I compare data on subway val-

idations'El provided by the Ministry of Transportation. Figure |8 shows year-

123ubway validations are measured as the transportation card (BIP) validation at a specific

subway station.
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over-year percentage changes in subway'El validations during the morning for
the same period between 2019 and 2020. Dates have been adjusted in 2019 to
align with major events in 2020 (first Monday in March and Easter weekend).
As it can be seen in Figure [8| high-income municipalities in quarantine had a
higher reduction of their subway mobility compared to both lower-income areas
in quarantine and other municipalities that were not affected. On average, after
the announcement of the first wave of lockdowns, the difference between high

and lower-income areas in quarantine was 8 percentage points.
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Figure 8: Year-over-year percentage change in subway validations for different types of mu-

nicipalities

High-income municipalities appear to be more sensitive to overall policy
measures and reduced their overall mobility patterns even earlier than expected.

Some of these differences could be due to a higher ability for smoothing con-

130nly subway stations that were open both in 2019 and 2020 for the period of analysis are

considered.
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sumption (e.g. savings) or work-from-home opportunities that lower-income
households do not have available, but more data would be required to study

these hypotheses.

4.2. Testing Availability

One important factor that highly influences the containment of COVID-
19 spread is testing and tracing policies. By properly identifying vectors that
carry the disease, it makes it easier to isolate and mitigate contagion. However,
testing is not equally available to all. During the first month of the pandemic in
Chile, private and public hospitals had different protocols for testing potential
cases of COVID-19: While private centers quickly adopted more flexible rules
for testing, the public sector lagged, making it more difficult for patients to get
tested™]

Publicly available testing data supports these differences in testing avail-
ability. By analyzing the correlation between private center testing and es-
timated positivity rate using publicly available data (Ministerio de Salud de
Chile, QOQO)EI find a significant negative correlation of -0.61 for the month
of Aprilm This means that when private centers increased their share of test-
ing, the number of new cases over total testing dropped (Figure E[), while the
opposite was true for public-center testing. These patterns provide additional
evidence that testing was more extensive in the private sector, where patients
got tested with a lower probability of actually being infected. The difference be-
tween private and public center availability becomes particularly relevant when
we consider that in high-income municipalities that had lockdown policies only

32% of residents were subscribed to the public health care system in 2017, while

14The need for a physicians’ referral, as well as the cost of the test, are some of the barriers

that differentially affected lower and higher-income populations.
I5Estimated positivity rate refers to the number of new daily cases over the number of

informed tests for that day.
16 Testing data is available continuously for type of testing center since 3/31/2020, and T use

this data until 04/28/2020, given that the testing strategy changed to broader testing after
that date.
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that number was 78% for lower-income areas that had quarantines before May

5th (Observatorio Sociall [2017)).
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Figure 9: Estimated positivity rate and proportion of private testing by date

In addition to the availability of testing for different groups, proper timing
plays a key factor in the spread of COVID-19. Even though there is no official
data related to the timing from testing to diagnosis, some reports show that

test results could take between two to five days to get a result confirmation,

depending on the lab (La Tercera, 2020). If we add these differences to the

time it takes for patients to get tested, the period between getting infected and
having a confirmed diagnosis could likely be over a week.
Delays between test and diagnosis present major pitfalls in containment

strategies because of the exponential nature of contagion of COVID-19.

lzschmar et al.| (2020) model different scenarios and show that if testing delay

(i.e. time between getting testing and having a confirmed result) is 3 days or
longer, then the effective reproduction number cannot be contained below 1,
and the number of infections would continue to grow over time. This result is

mainly driven by delays in contact tracing under the uncertainty of a positive
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COVID-19 test, and also some degree of non-compliance with self-quarantine
measures for patients that are waiting for their results.

Using publicly available data provided by the Ministry of Health (Depar-
tamento de Epidemiologia, [2020)), I combine different reports that gather the
week of first symptoms by municipality over time. With this data, I estimate
the difference in new cases between reports and the difference in the number
of patients that reported initial symptoms each week. Using the fact that re-
ports are made available every two to four days, I estimate the maximum days
between first symptoms and diagnosis for these new cases and calculate the es-
timated proportion for days between first symptoms and confirmation, shown
in Figure [I0]

As it can be seen in Figure[I0] for both high and lower-income municipalities,
there is a lag of at least three days between showing first symptoms and getting
a confirmed diagnosis. However, differences become significant after the 4-day
mark: While nearly a quarter of new cases in high-income municipalities have a
confirmed diagnosis by day 5, only 15% of newly infected cases in lower-income
municipalities have a confirmed test by that date. These differences remain fairly
stable 7 days since first symptoms and shed light on the fact that lower-income
areas that experienced quarantine have almost consistently less timely diagnosis,
which can result in a higher number of infections of close contacts during that
time. One caveat of the data provided by the Ministry of Health is that is subject
to changes between reports that could be due to reasons other than new cases
(e.g. further investigation about initial symptoms); however, if we assume this
measurement error is not systematically correlated with municipality’s income,

the difference between both curves is still informative.
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Figure 10: Cumulative proportion of new cases between reports by days since first symptoms
to confirmed diagnosis, for high and lower income municipalities that were in quarantine in

the Metropolitan Region.

5. Discussion

The effectiveness of mitigation measures plays a paramount role in contagion
containment during a pandemic. For the same reason, understanding how in-
terventions work for different populations is key for designing and implementing
policies that will actually help reduce the spread of COVID-19. In this case,
average treatment effects can hide potentially harmful evidence for populations
that are more at risk.

The differential risks of contagion between socioeconomic groups is partic-
ularly important when considering the health, economic, and general welfare
ramifications of the pandemic. Lower-income groups are usually the ones that
have fewer protection mechanisms to overcome a health crisis, so mitigation
policies should be especially tailored to protect vulnerable populations.

In this paper, I show evidence that small-area lockdown measures had a dif-

ferential effect on high and lower-income populations. While quarantines proved
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effective in reducing new daily cases in more affluent areas, they did not have a
significant effect on lower-income municipalities. Timely testing and difference
in opportunity costs for staying at home might have played a role in explaining
part of this difference. These results suggest that mobility-reduction measures
are not equally effective, and current policies should potentially be accompanied
by complementary measures that boost the effectiveness of lockdowns.

The causal identification of these effects relies on the assumption that a valid
counterfactual for municipalities in quarantine can be built from those areas
that did not experience lockdowns. Even though the loose criteria used by the
Chilean government lends itself nicely as a natural experiment in this setting,
the method employed here does rely to a certain extent on extrapolation to
build a valid comparison group. Even though the use of Ridge ASCM penalizes
the departure from traditional SCM weights, it is important to consider the
context of the problem and deem whether the trade-off between extrapolation
and better fit is appropriate for the setting.

Finally, given the speed with which governments need to act during a pan-
demic, more data, better data, and timely data are needed to assess some of
these policies when they are implemented and provide swift feedback that could

help improve or complement current interventions.
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Appendix
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Figure 11: Map for high and lower-income municipalities that had lockdowns before May 5th,

including buffer zones used for robustness test.
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in Chile from early March to May 4th
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