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Abstract: The COVID-19 crisis has shown that we can only prevent the risk of mass contagion
through timely, large-scale, coordinated, and decisive actions. This pandemic has also highlighted
the critical importance of generating rigorous evidence for decision-making, and actionable insights
from data, considering further the intricate web of causes and drivers behind observed patterns of
contagion diffusion. Using mobility, socioeconomic, and epidemiological data recorded through-
out the pandemic development in the Santiago Metropolitan Region, we seek to understand the
observed patterns of contagion. We characterize human mobility patterns during the pandemic
through different mobility indices and correlate such patterns with the observed contagion diffusion,
providing data-driven models for insights, analysis, and inferences. Through these models, we
examine some effects of the late application of mobility restrictions in high-income urban regions
that were affected by high contagion rates at the beginning of the pandemic. Using augmented
synthesis control methods, we study the consequences of the early lifting of mobility restrictions in
low-income sectors connected by public transport to high-risk and high-income communes. The
Santiago Metropolitan Region is one of the largest Latin American metropolises with features that
are common to large cities. Therefore, it can be used as a relevant case study to unravel complex
patterns of the spread of COVID-19.

Keywords: mobility data; data-driven models; augmented synthetic control method

1. Introduction

Often the models used by experts (from whom decision-makers get their main advice)
have been weighted mainly on a forecasting epidemiological perspective rather than con-
sidering the intricate web of causes and drivers behind observed patterns of contagion
diffusion. The context created by epidemiological, socioeconomic, and human mobility as-
pects of the COVID-19 spread can be viewed as a complex adaptive system [1–3]. Therefore,
these actions (e.g., lockdowns) could have many unexpected ramifications [4,5].

The role of urban proximity, socioeconomic facts, and human mobility in pandemics
has seen renewed attention in the context of COVID-19 [6–11]. Human mobility plays
an important role in the spread of contagions, and its study helps in understanding the
patterns of COVID-19 outbreaks and their subsequent spread [12–16]. Mobile sensing data,
on the other hand, can be used to measure/describe human mobility [17–21].

Mobility restrictions have been an important part of the response to the ongoing
COVID-19 pandemic [22–26]. They have been essential for preventing massive outbreaks
and reducing systemic stress in hospitals and clinics. However, implementing these
restrictions not only infringes on people’s rights, but it can also be cumbersome and
expensive [5,27,28]. Therefore, it is vitally important to understand the effectiveness of
such measures in controlling the spread of contagion.
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Numerous authors have addressed the issue of mobility restrictions both theoretically
and empirically [10,29–31]. Most of these studies have focused on the role of international
travel restrictions on the rate of spread and have shown that these restrictions can reduce
the rate at which a disease spreads from the source of infection. However, researches on
local propagation in communities or through public transport in cities are less common.
One of these works on local transmission is that of Espinoza B. et al. [32], which focused
on dimensions of epidemics other than contagion rate, such as duration or final size in
individual communities, also taking into account the role of availability and quality of
health care. These authors showed that, in certain cases, the mobility restriction measures
are counterproductive for low-income urban sectors.

Despite this growing literature, the channels through which the virus spread between
urban sectors, how public policies to mitigate the risk really affect this spread, and the
spillovers of these actions on broader community transmission remain unclear.

The COVID-19 pandemic has highlighted the critical importance of generating rig-
orous evidence for decision-making, and actionable insights from all the available data
(e.g., [33–37]). In this research study, by using recorded human mobility data and socioeco-
nomic data (e.g., income, wealth, public health infrastructure, cultural practices), we aim
to understand/explain the observed regional patterns in the evolution of the pandemic.
This work is closely linked to a rapidly growing literature using mobile phone geolocation
and other mobile sensing data to assess the spread of COVID-19 [12,16], and it also ad-
dresses the issue of public policies related to mobility restrictions and their heterogeneous
effectiveness to curb the spread of the virus.

The Santiago Metropolitan Region (MR) is one of the largest metropolises in Latin
America. Many mobility patterns and inequities on socioeconomic conditions that are
common to large cities are observed in MR. Therefore, MR can be used as a good case study
to unravel complex patterns of COVID-19 spread. To provide some context, MR holds
8,125,072 people, accounting for approximately 42% of the country’s population, and has a
high population density of 527.5 people per km2. This makes the MR the main focus of
confirmed cases in the country, as of 29 October 2020, accounting for 57% of the COVID-19
cases (in the first months of the pandemic, this percentage was much higher; for example,
as of 15 May, it was 74%) [38].

We can further argue that Latin American countries are unable to adopt some of
the measures that high-income countries have implemented due to lower availability of
resources and being less prepared [39]. Therefore, it may be interesting to learn details
about the different approaches that developing countries like Chile have implemented to
deal with the pandemic.

Latin American countries have managed to control the pandemic through different
strategies. In the cases of Argentina, Bolivia, Colombia, and Peru, for example, total
quarantine was established when the number of confirmed cases was still low. Some of
these countries have been more successful compared to others, but most of them have
suffered long periods of restricted mobility, showing clear signs of fatigue and successive
outbreaks of infection.

The Chilean government’s strategy in the initial phase of the pandemic was to close
educational establishments, close all non-essential businesses, and declare a state of emer-
gency with a night curfew. This partially restricted people’s mobility for several specific
hours during the night. Furthermore, in the capital Santiago, the government used rela-
tively massive testing and implemented a dynamic quarantine strategy by dividing the
capital into sectors delimited by communes (communes are administrative boundaries
or fundamental administrative units in Chile), and further dividing and isolating specific
geographic locations of those communes. These lockdowns were periodically reassessed
and lifted, prolonged, or expanded depending on the active cases in the sectors. After this
first phase characterized by dynamic quarantines, the government declared a prolonged
quarantine practically all of the MR as of 15 May 2021. From this quarantine, the com-
munes gradually left. The third phase of this period of the pandemic was given by the
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implementation of the plan called “Step by Step” [40]. These interventions have success-
fully limited the spread of COVID-19 in high-income MR communes; however, in the
low-income communes, the effectiveness of these control measures has been significantly
less pronounced.

This study could contribute to the analysis of the management that different countries
have made of the crisis and its very dissimilar results. In particular, in the case of Chile,
and even though the government used the same tools (early border closures, confinement
policies, and massive tests) as other countries with more success in controlling the pan-
demic, such as New Zealand or Vietnam, the result of its handling was considered among
the ten worst in the world [41]. Therefore, we ask ourselves, what are the reasons for this?

PNUD–Grandata [42] (one of our data providers) has aggregated information of a
sizable sample of smartphone users’ locations across twelve Latin American countries.
In this paper, we used part of this data registered for the Metropolitan Region of Santiago
de Chile to describe/analyze mobility patterns in urban sectors and their influences on
COVID-19 spread. We complement these mobility data with (1) counts of coronavirus cases
at the communal level from the COVID-19 data repository of the Ministry of Sciences [43],
(2) mobility data from the origin–destination matrices obtained from the metropolitan pub-
lic transport [44], (3) mobility indices calculated from the cell phone tower network [45,46],
and (4) publicly available socioeconomic data of MR communes that include income,
education, health-care access, cultural practices, and so on [47].

The proposed methodology and the tools used in this work are not exclusive to the
case of Chile and would also contribute to answering several related questions, for example:
What is the precise moment to apply the confinement policy, to what extent, and when to
lift these restricted mobility measures? What are the possible results of not applying the
mobility restrictions? How could these modifications affect the spread of the virus? How
do socioeconomic conditions influence this spread?

2. Materials and Methods

The first source of data used in this work is that collected by Grandata (this dataset
is used in the context of the UNDP LAC call “Exploring the impact and response to the
COVID-19 pandemic in Latin America and the Caribbean using mobility data” spon-
sored (no funding, data only) by the Research Team/Policy Response Office of the Chief
Economist, Regional Office for Latin America and the Caribbean.) [42]. Since 1 March
2020, geolocation events of smartphone owners were recorded by the Grandata group,
using a MAID (Mobile Advertising ID) “hash”. These events track the mobility patterns of
smartphone users for a considerable sample of the population of twelve Latin American
countries (In the case of the Santiago Metropolitan Region, a sample of approximately
10% of the population is considered). To distinguish only individuals for which there are
enough data, unique users with less than 10 daily geolocation events (displacements or
changes in the user’s geolocation) or those whose daily events only took place within
8 h were excluded from the dataset. The average number of geolocation events of the
individuals in the remaining data sample is 130, recording a piece of valuable information
about each user’s mobility history. For unique users, the mode of their geolocation events
(or the location most frequented) was assumed to be their residency, and all other events are
considered outings or “out-of-home” events. All home events were then deleted, and the
remaining ones are aggregated for a specific area or region to create mobility indicators.
These geo-referenced data were aggregated for hexagonal areas constructed using the
H3 geospatial indexing system [48]. For each area, all the outing events that took place
within it, irrespective of where the user’s home is located, were added up in that area’s
mobility indicators.

In essence, H3 works by dividing the surface of the earth into a number of homoge-
neous hexagon tiles, each one of which is indexed using a hierarchical linear index. This
system has an advantage over the traditional longitude–latitude coordinate system, since
it better fits the world’s curvature, offering more precise spatial representation. Mobility
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data are considered at different resolution levels. The H3 system includes up to 15 levels
of precision, the 15th level dividing the map in the smallest hexagons possible (the most
precise), and the 0 levels using the largest ones (the least precise). We used level 6 hexagons
in the H3 geospatial system, which spans 0.74 km2. Each hexagon’s index serves both
as a unique identifier, as well as a geospatial coordinate. The H3 website [48] includes
documentation on how to obtain longitude and latitude coordinates from an H3 index and
vice versa.

Mobility indicators for the hexagons are not indexes, but rather the corresponding
hexagon’s percentile placement in the mobility distribution, counting all hexagons within
the MR. From now on we will call it “score”. For the analysis, the MR is covered with
hexagons, in each of them, the score is determined from the geolocation events that occur
inside. The values of these scores indicate daily percentiles of the movements/mobility
that take place within the area marked by the hexagon. The percentiles are calculated with
respect to the score distribution accounting for all the geolocation events given in all the
hexagons that cover the MR. In panel C of Figure 1, these scores are plotted for a given
working day. The highest scores/percentiles are in blue, while the lowest is yellow, passing
through a range of greens.

(A) (B) (C)

Figure 1. Capturing mobility patterns of MR through three sensing methodologies. Panel (A) shows around 12,000 bus
stations in the MR public transport network. The O-D matrices are estimated by the flow of passengers between these bus
stations. Panel (B) indicates the network of cell phone antennas that provide coverage in the MR. The mobility index is
determined by the flow of mobile phone users and the records they leave on the antennas covering the service while they
are moving. Panel (C) shows level-6 hexagons covering the MR on a given day. The highest scores/percentile are in blue,
while the lowest is yellow, passing through a range of greens.

The second source of mobility data comes from the payment smart-card use in the
MR public transport system and the buses/Metro geo-coded information [44]. Every
week, over 35 million smart-card transactions are recorded in the MR public transport.
Throughout the week, similar numbers of transactions per working day of approximately
six million are observed. During the weekend, this number falls to less than four million on
Saturday and less than 2.5 million on Sunday [49]. Transactions are recorded in a database
that contains information about the operator and the time when the transaction was made.
Each passenger has to make a transaction by putting the smart-card close to a payment
device when entering a bus, bus station, or Metro station. Each payment device has an
id, and it is associated with a bus, a Metro station, or a bus station. The information
recorded for each transaction includes the smart-card id and type, code of bus or site
where the transaction was made, time, date, and amount of money paid. Another database
contains geo-coded information about all the buses, such as latitude, longitude, time,
date, and instant speed. Each bus is identified by a plate number and an operator code.
The position is available every 30 s. Every week of data contains approximately 80 million
GPS observations. By matching the Transactions and Positions databases through bus
plates or Metro/Bus-station codes and times, it was possible to identify the position where
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the transaction was made in 98.5% of the cases. The ADATRAP software (developed by the
Universidad de Chile and the Metropolitan Public Transport Directory) reconstructs the trip
chain of users behind smart-cards by estimating the destination points from the information
available, building in this way the origin–destination (O-D) matrices (see [49,50] for details
of this methodology). Around 12,000 bus stations are considered (see Figure 1A). With these
data, the trips between communes can be estimated (see Figure 8).

The third source of mobility data used in this paper comes from the ubiquitous
infrastructure provided by the cell phone network (see Figure 1B). This network is a set
of geolocated cell towers (base transceivers stations) that provide cellular phone service
to the MR [51]. Each cell tower has a latitude and a longitude—its geolocation—and
gives cellular coverage to an area/sector. We assume that each sector is a 2-dimensional
non-overlapping polygon that can be geometrically modeled. The exact position of the
cell phone user within each sector is unknown. When a cellular device (PHONE_ID)
interacts with the network, there is a record of its connection to the antenna (CELL_ID)
and a timestamp (EVENT_TM) of when this happened. The passage from one antenna to
another is considered a trip. We used publicly available data records from the Telefónica—
Movistar company (according to the Telecommunications Secretary (Subtel) of the Ministry
of Transport and Telecommunications, there are 25,731,160 cell phone lines in Chile, and the
Telefónica—Movistar company owns about 28% of them [52]). The available data includes
the analysis of records of 1.4 million users. [45].

Two indices were calculated [46,53], the internal mobility index MobIn, which mea-
sures only trips within a commune. That is, the changes in the antennas and their respective
locations, which give coverage to the cell phone service when the user moves within the
limits of the commune. The MobIn corresponds to how many trips (antenna transitions)
were made within a specific commune normalized by the number of devices (cell phones)
residing in the commune. The external mobility index MobOut, for its part, estimates the
trips of users crossing the commune border. This way, the MobOut for the commune A
is the number of trips entering or leaving A, normalized by the number of devices in A.
The sum of these two indices is called the Mobility Index = MobIn + MobOut.

To assess socioeconomic indicators of Santiago Metropolitan communes, we used
census data and a more ad hoc, publicly available, data source—the Territorial Well-being
Index of 2012 [47], which indexes the mean income of every census administrative unit
down to the block level, of which Santiago has 39,901.

Another source of data is the publicly available COVID-19 cases, registered on a daily
basis by the Ministry of Sciences [43].

Using observable variables obtained directly from the data, for example, (1) the
number of antenna transitions recorded by locations of successive cell towers that cover
the user’s cell phone service during trips in the studied sector, (2) the “out-of-home”
events measured in each hexagon [48] covering the studied sector (using the H3 geospatial
indexation system; see Section 3.1), we characterized the observed mobility patterns in
the MR (in principle, the models, methodology, and analyses in this work can be used
regardless of the region, and the only likely impediment is the availability of similar data).
We also considered (3) the commune’s socioeconomic conditions by using census data,
incorporating, in this way, several economic and demographic indicators into the analysis.

We built relationships (regressions) between these variables and analyzed causal
inferences. The number of COVID-19 cases was treated with these regression models along
with synthetic and counterfactual control models applied to case and mobility time series.
We searched for correlations between mobility patterns, along with socioeconomic drivers,
and the observed spread patterns of COVID-19. We also explored the impact produced
by successive policies of confinement. The main goal is to make a consistent, scientifically
validated, data-supported narrative to explain the MR patterns of the pandemic using data
on mobility, socioeconomic conditions, and public policies of confinement.
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3. Results
3.1. Santiago Metropolitan Region Mobility Patterns

The Grandata mobility data were used to characterize the mobility patterns of the
communes (basic geographic units/sectors in our analysis) of the MR. We recall from
Section 2 that this mobility data contain logs of geolocation events tracking mobility
patterns of the smartphone by using Mobile Advertising ID hashes [42]. Mobility data
were constructed for hexagon shapes using the H3 geospatial system [48]. The geolocation
events were summed for each area covered by hexagons. The score for each hexagon area
consists of the hexagon’s percentile placement in the mobility distribution (“out-of-home”
event distribution) for each day and taking into account all other hexagons in the MR.
Figure 1C shows the scores or percentiles for hexagons covering the MR.

The MR is made up of 52 communes. We assume that each hexagon is a kind of
“sensor” to measure the mobility of some commune area. Each commune is covered by a
specific number of sensor-hexagons (the MR is covered by a total of 11.853 hexagons) that
measure the mobility of the area for 249 days (time interval between 2 March 2020 and
1 November 2020), thus generating a time series with mobility scores. We average the daily
scores of all the sensor-hexagons that make up each commune as a proxy for the mobility
of the communes during the day. In this way, we obtain 52 time series corresponding
to the average scores of each commune during the study time interval. Figure 2 shows
these average scores (for simplicity, we will continue to call this value score although it is
understood that it is constructed as the average of the scores of the hexagons that cover the
commune) time series for a sample of 16 MR communes (the choice of a sample of size 16
is only to obtain a better visualization, and the analysis is done with all the communes of
the MR).

Figure 2. Time series for the average mobility scores of a sample of 16 Metropolitan
Region communes.

We constructed the time series from the average of the scores of all the hexagons
that cover each commune daily. This mean score by construction may contain space–time
fluctuations. Moreover, its values over time may be out of phase concerning the scores
of other communes, even although globally these communes could have similar mobility
patterns. To discover similar patterns in the time series of the commune mobility scores, it
is important to define a measure of similarity/distance between these series that considers
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this possible distortion in the time axis. A distance measure called Dynamic Time Warping
(DTW) is a mapping of points between a pair of time series, designed to minimize the
pairwise Euclidean distance. This method allows non-linear alignments between two
series to accommodate similar sequences, and it is becoming recognized as one of the
most accurate similarity measures for time series data [54–57]. Indeed, DTW is a popular
technique for comparing time series, providing both a distance measure that is insensitive
to local compression and stretches and the warping, which optimally deforms one of
the two input series onto the other. The rationale behind DTW is, given two time series,
to stretch or compress them locally to make one resemble the other as much as possible
(another advantage, concerning the methods based on the Euclidean distance, is that DTW
allows the comparison between time series that may eventually have different numbers
of components).

To capture the mobility patterns of the MR, we used cluster analysis for time series
with DTW distance. For this analysis, we used the R package dtw [58].

Figure 3 shows a dendrogram, the result of applying a hierarchical cluster analysis
with DTW distance and average linkage method, where the five-clusters solution has been
highlighted (we also used the PAM and Fuzzy c-means method included in the dtwclust
package [59], but the Hierarchical method showed better regularity in the structure of the
clusters). In essence, the analysis recognizes similar behaviors of communes according to
the value of the mobility scores.

dtw
 di

sta
nc

e

Figure 3. Hierarchical clustering using DTW for mobility time series. The solution with five clusters is highlighted.

The cluster validity indices (CVI) are shown in Table 1. The solution with two clusters
has the best indices. However, basically, this solution indicates that there are communes
with low scores (rural communes) and communes with medium/high scores (urban com-
munes). Thus, to consider a more interesting situation, the next best solution is the one
corresponding to five clusters.

Figure 4 shows each of the clusters with the time series of their respective members. It
is observed that each cluster includes communes with close mobility scores. Thus, Cluster1
is made up of the communes with the lowest mobility scores that belong to the approximate
score interval (20–40). Cluster2 (40–50) and Cluster3 (80–100) are made up of the communes
with the highest mobility scores. Cluster4 (60–80) and Cluster5 (55–65) have some overlap.
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Table 1. Cluster validity indices.

Num. of Clusters Sil SF CH DB DBstar D COP

2 0.8 0.0 158.6 0.2 0.2 0.1 0.1

3 0.6 0.0 94.0 0.2 0.3 0.1 0.1

4 0.7 0.0 134.1 0.3 0.4 0.1 0.1

5 0.7 0.0 140.6 0.3 0.3 0.1 0.0

6 0.6 0.0 128.5 0.3 0.4 0.1 0.0

Sil: Silhouette index [60]; (to be maximized), SF: score function [61] (to be maximized), CH: Calinski–Harabasz
index [60] (to be maximized), DB: Davies–Bouldin index [60] (to be minimized), DBstar: Modified Davies–
Bouldin index (DB*) [62] (to be minimized), D: Dunn index [60] (to be maximized), COP: COP index [60] (to
be minimized).

Sc
or

e

Days

Figure 4. The time series of the commune mobility scores that belong to the five cluster solution. (1) Cluster1; (2) Cluster2;
(3) Cluster3; (4) Cluster4; (5) Cluster5.

To better appreciate the value for the analysis of the cluster structure found from
the time series of the mobility scores of each commune, Figure 5 shows a sample of
10 communes in the MR and their corresponding membership to a cluster according to
their mobility score values.

The two-cluster solution clearly shows that the urban communes (Ñuñoa, Santiago,
Estación Central, Vitacura, Puente Alto, and Las Condes) have high mobility scores com-
pared to rural communes (Paine, Pirque, Tiltil and Peñaflor), which have low mobility
scores. However, the structure of the cluster shows some more interesting details that this
graphic helps to highlight. For example, among the communes belonging to the cluster
with low scores, Peñaflor clearly stands out with higher scores. This fact could be explained
by the presence of several industries in the area that clearly did not stop operating during
the months of the pandemic.
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The central communes of the MR (Santiago, Ñuñoa, and Estación Central) are the ones
with the highest mobility scores. This can be explained fundamentally by the population
density and/or the large number of services in the area.

An observation of relevance for our subsequent analysis is given by the fact that
communes with very dissimilar incomes, such as Las Condes, Vitacura (two of the com-
munes with the highest income in the country), and Puente Alto (a commune with very
low income) have very similar mobility scores. Puente Alto is the commune with more
COVID-19 cases in the MR, as indicated by the analyzed COVID-19 dataset. However,
the communes with the highest income, as mentioned above, have significantly fewer cases.
This fact indicates that mobility is not the only factor to consider in the COVID-19 spread.
Simply, community-specific infection risk should also reflect other commune attributes that
may include income, education, health-care access, and cultural practices, among other
possible factors.

Figure 5. A sample of 10 communes grouped in clusters of similar behavior according to the values of the scores. The central
communes of the MR (Ñuñoa, Santiago, Estación Central) have the highest scores, while the peripheral rural communes
(Paine, Pirque, Tiltil) have the lowest scores. It is also observed that communes with very different incomes may have
similar mobility scores (low-income commune: Puente Alto, and high-income communes: VItacura, Las Condes).

From this analysis on mobility scores over time, there emerges a regular pattern.
The MR communes belong to specific clusters built with well-defined intervals for the
score values. In other words, each commune remains within the same range/interval
of percentiles measured from “out-of-home” event distribution across the study period.
However, this analysis also tells us that the score, because it only reflects relative changes in
mobility between communes, is not very sensitive to capturing the effects of the restriction
measures on mobility if they are applied to all MR communes at the same time.
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3.2. Considering the Impact of Restriction Measures on Mobility by Using the Mobility Index

The records left by the mobile phones of the users (1.4 million users of the Telefónica—
Movistar company) at each antenna when they move inside or to/from the commune are
used to build the mobility index of the commune. Using this index as a proxy for human
mobility in the commune, we estimated the effects of restriction measures on mobility
taken at different dates during the pandemic.

Figure 6 shows the time series for the mobility index in the observation time period
from 27 February 2020 to 5 November 2020 for a sample of 16 communes of the MR (the
choice of a sample of size 16 is only to obtain a better visualization, and the analysis is
done with all the communes of the MR). The figure also includes the dates that correspond
to the most important confinement measures taken in this time interval. The numbers
in the figure indicate the dates of the main confinement events (details can be found in
Appendix A).

Communes
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Figure 6. Time series of the mobility index for a sample of 16 MR communes in the period between 27 February 2020 and
5 November 2020. The dates corresponding to the most important confinement measures are highlighted.

The mobility index, as shown in Figure 6, makes it possible to capture the impacts on
mobility caused by the application of successive confinement measures and their respective
lifting at some later time. It is important to highlight the appreciable effect in the reduction
of mobility produced by the closure of schools and later, to a much lesser extent, by the
different dynamic quarantines enforced on the communes in the first days of the pandemic.

As of 15 May 2020, a total quarantine was declared for most communes in the MR.
In the first days of implementation of this restriction measure, as can be seen in Figure 6,
a slight decrease in mobility was recorded in all communes. However, mobility was increas-
ing steadily until reaching the same levels as before the application of quarantine, showing
signs of “fatigue” in complying with this restriction measure over time. With the gradual
exit of the communes from quarantine, a very abrupt increase in mobility is observed.

Another aspect to highlight is the strong positive correlation found in the mobility
index values of all communes of the MR, as is shown in Figure 7. This is a very interesting
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finding and deserves further study; however, it is outside the scope of this work. In practice,
this means that communes have very similar and regular patterns of mobility through time,
in the sense that if in a particular commune the Mobility index rises or falls steadily, then
this index rises or falls steadily in the rest of the other MR communes. This, of course, does
not mean that all communes have the same degree of mobility. What it implies is that the
temporal evolution of mobility, aggregated at the communal level in a large city such as
the MR, reflects very regular and similar patterns over time, which may be dictated by the
routine activities of the city (e.g., well-defined travel routes to work during business days,
well-established mechanisms in the supply chains).

The effect of this global behavior can also be seen in the analysis of the commune mo-
bility score (see Figure 2). The mobility score describes the relative mobility (percentiles in
the score distribution) and shows high regularity and stability throughout the observation
time for each commune. This regularity is sustained over time with a few variations and is
not affected by confinement interventions. This fact, unlike the mobility index, makes the
mobility score of little use, specifically to capture the effect of the confinement policies in
the mobility of the MR communes, as was noted at the end of Section 3.1.

Correlations

Figure 7. Representation of the correlations between the daily values of the mobility indices for the
communes of the Metropolitan Region. A high positive correlation is observed in the mobility of all
the communes.

3.3. Urban Public Transport Seeded the COVID-19 Pandemic across the Santiago
Metropolitan Region

Pre-existing mobility patterns determine the routes along which diseases may poten-
tially spread [63,64]. Before the pandemic, like all cities, Santiago MR had its well-defined
and regular mobility patterns. These patterns were remarkably well marked in the daily
flow of users of the public transport network.

Figure 8 shows the communes of origin and destination connected by the public
transport service at two specific times for a given working day of the week. At 6:00 a.m.
(panel A), mass exits to workplaces occur, while at 6:00 p.m. (panel B) the return to
homes begins. In this figure, the nodes represent the communes (only the urban ones were
represented) and the links are the displacements between them.

The thickness of the link between two communes represents the weight, that is,
the number of people leaving the commune of departure towards the commune of destina-
tion, which is marked by the head of the arrow (directed link). The diameter of the node is
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proportional to the out-degree, which is measured by considering the total weight of the
links leaving the node.

The pattern we want to highlight is the massive displacement from the most populated
communes (which are also the ones with the lowest incomes) to the communes with the
highest income at 6:00 a.m. For example, transportation from communes such as Puente
Alto and Maipú to Las Condes and Providencia stands out. Likewise, the opposite effect is
shown at 6:00 p.m., the hour at which the return home begins.

During the early days of the pandemic, these are the kinds of patterns that occurred
regularly on the working days of the week in the metropolitan public transportation
system. It is good to note that due to the so-called social outbreak before the pandemic,
displacement patterns were affected. However, these events did not substantially change
global trends related to the displacement of workplaces. Even under adverse conditions,
people have to go out to work to survive.

(A) (B)

Figure 8. Origin–destination between communes of Santiago City (A) at 6:00 a.m. and (B) at 6:00 p.m. on a regular
pre-pandemic weekday. The sizes of the arrows are related to the number of trips, and the sizes of the nodes with
its out-degrees.

The first COVID-19 cases occurred in the MRs richest communes. As of 30 March 2020,
among the communes with the highest rate in the whole country were Lo Barnechea 54.8
(68 cases), Las Condes 54.7 (181 cases), and Providencia 52.0 (82 cases), the three communes
with the highest per capita income in the country. Taking into account the mobility patterns
in public transport (see Figure 8), it could be inferred how the low-income communes
may have received the first infections through public transport from the higher-income
communes. Moreover, by the time the government authorities decided to partially confine
Puente Alto (8 April 2020), the number of cases in this low-income commune had risen to
239 cases (it should be noted that the number of PCRs taken in this commune was low, so
the number of actual cases was probably much higher).

Let us take a closer look at these facts in the early days of the pandemic. The first
and highest number of infections occurred in the richest communes, while in the poorest
communes, the COVID-19 cases were nonexistent or very low.

In this stage, the contagion rate is very high and mobility plays a preponderant role.
Although the closure of educational establishments was already in force, this fact did not
affect the displacements from the poorest communes to the richest, which are mainly due
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to work reasons. Therefore, we can hypothesize that the spread of contagion is mainly due
to the connection, through public transport, to communes that we could call “high-risk
communes” due to the high number of infections in them. Consequently, public transport
thus becomes the main diffuser of the virus at this stage of the pandemic.

To quantitatively describe this situation, we consider, by using OD matrices, the flow
of public transport users from low-income communes to richer communes (with a higher
contagion rate). Without any other measure restricting mobility, the flows between com-
munes follow regular and well-established patterns that are observed daily in the public
transport of the MR (see Figure 8). Therefore, we estimated the flow between communes by
aggregating the number of trips registered with the origin–destination matrices [44]. Only
trips between 6:00 a.m. and 8:00 a.m. were considered, as these trips are mainly motivated
by work reasons. In the late afternoon, at the end of the working day, mainly from 6:00 p.m.,
users return to the communes of origin, eventually carrying the virus with them.

To validate the hypothesis, which essentially states that during the first stage of the
pandemic the virus spread from the richest to the poorest communes, with a predominant
role played by public transport, we built the following regression model:

CumCasesi = β1 · Flowi + β2 · Flowi ×MobOuti (1)

+ β3 ·MobOuti + β4 ·MobIni + β5 · Scorei + β0 + εi

where Flowi is the the sum of the trips between 6:00 a.m. and 8:00 a.m. from commune
i to high-risk communes normalized by the number of inhabitants of commune i. We
considered the interval from 20 February to 30 March. The variable scorei is the average
score of commune i in the given time interval. MobIni and MobOuti are the average
internal and external Mobility Indices, respectively, in the indicated interval for commune
i, and CumCasei are the cumulative cases as of 30 March for commune i.

The fit of the regression model (1) is shown in Appendix B. The regression has
R2 = 0.86, but we are also interested in the β1 coefficient, which measures the effect
of flows on case growth. This value is positive, and as the statistical test indicates, it is
significantly different from zero. This result establishes that a high flow of connectivity be-
tween communes with a low number of cases and communes with a high number of cases
through public transport produces a quantifiable growth of COVID-19 cases in the former.

A further exploratory data analysis indicates that the low-income communes with the
highest regular flow to and from wealthy communes (communes with a high prevalence
of COVID-19 in the early stages of the pandemic) later experienced greater growth in
the number of cases. This fact, in turn, also suggests that urban public transport was a
vector for the spread of contagion in the initial phase of the pandemic. In fact, from the
available O-D matrices, it can be shown that from 4% to 8% of the population of the MR
communes go to work daily to the higher-income communes (Las Condes, Vitacura, Lo
Barnechea, and Providencia) using public transport. For communes like Puente Alto,
for example, this is more than 25.000 people who move to areas of high risk of contagion
and then back. The “interaction” of internal mobility with this flow of users by itself can
explain up to 51% of the variance of the accumulated case data as of March 26 in the MR
communes (for this date, the communes: Las Condes, Vitacura, Lo Barnechea, Providencia,
Santiago, Ñuñoa, Independencia entered into partial lockdown, and a suggested model is:
CumCasesi = 18.309 + 4.055 · Flowi ×MobIni + εi, has R2 = 0.51).

As shown in the next section, the clear relationship that model (1) shows between
the growth of cases and the mobility indices during the first days of the pandemic is no
longer so clear in the subsequent stages. In fact, when confinement measures begin to
operate, socioeconomic determinants become more noticeable, and social inequities are
more apparent.

3.4. The Role of Confinement Measures in the Local Evolution of the Pandemic

Using model (1), we can declare that a significant and quantifiable variation in the
number of accumulated cases in a commune is due to the number of trips (flow), for work
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reasons, of a fraction of its inhabitants to the high-risk/high-income communes at the
beginning of the pandemic. These trips favored contact with those infected with the virus
of the high-income communes. The virus followed established and regular public transport
routes to spread to low-income communes.

In the work [65], through counterfactual simulations, the authors showed that taking
mobility restriction control measures in a time effective manner reduces the number of
infections and deaths. In our study, we show using the available data and model (1) that if
these control measures had been implemented earlier, a substantial number of COVID-19
cases could have been prevented, simply because the transmission of viruses to the most
precarious communes had been avoided by stopping the flow of public transport users to
high-risk/high-income commune. In other words, mobility restrictions could have had a
significant impact on reducing the number of cases, but only if the high-risk communes,
which in the case of the MR are also high-income communes, are isolated early under
strict conditions.

These restrictive measures had to be taken once the virus reached the country and
established itself in high-income communities. However, the measures were taken late and
could have been not only inefficient but also counterproductive for low-income communes
with precarious health and socioeconomic resources [32]. Indeed, the data suggested that
restrictions on mobility may even have accelerated the contagion process and thus led to a
higher than expected number of cases within low-income communes, as shown in Figure 9.
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Puente Alto (✻)
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Figure 9. Cumulative cases of COVID-19 for the communes of the Metropolitan Region.

Figure 9 shows the cumulative number of cases per 100.000 inhabitants (that is,
CumNumber
Population · 100.000) from 19 March 2020 to 12 February 2021, for a sample of Santiago MR

communes. An explosive growth of COVID-19 cases between April and July is observed.
This type of growth is much more sustained and steeper for low-income communes (for
example, La Pintana, San Ramón, Puente Alto), marked with (∗) in the figure. On the
other hand, the high-income communes (for example, Providencia, Vitacura, Las Condes),
marked with (4) in the figure, appear to handle the pandemic better since they have fewer
cases and gradual contagion rates, as can be seen from the figure.

At this stage (the first days of the mobility restrictions), the internal mobility index
(MobIn) positively correlates with the number of accumulated cases (correlation = 0.81).
While the external mobility index (MobOut) correlates negatively (correlation = −0.30).



Future Internet 2021, 13, 112 15 of 24

That is, even though the exits/entries to the commune decrease, the number of cases
continues to grow with high rates in these communes. However, these correlations change
as the constraint measures run their course, as it is shown in Figure 10.

C
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tio

ns

Date

(1)

(2)

Figure 10. Temporal evolution of the correlation between the mobility index and the cumulative number of COVID-19 cases
per 100.000 inhabitants in the period from 26 March to 30 October 2020.

It has been proposed that the most important factor in these adverse effects produced
by the confinement measure is that mobility restrictions are not effectively respected.
For example, Bennett M. in [66] analyzed the effectiveness of lockdowns at the commune
level in Chile during the first two months of the pandemic. She showed that lockdown
measures were not effective in lower-income areas that were subject to quarantine at
the same time as high-income communes. The cause of this, she explains, is because
the mobility restrictions were not respected in the low-income communes. However,
a more detailed analysis of the available mobility data shows that other causes may be
involved. For example, Figure 6 shows that during the first days of confinement, the effect
of restriction measures is appreciable in both poor and rich communes. Furthermore,
as shown in Figure 5, the mobilities of poor communes, such as Puente Alto, and that
of rich communes, such as Las Condes, are very similar (in the latter being even higher,
as shown in Figures 11 and 12 in this section), but the number of cases is very different,
disfavoring by far the poorest commune, Puente Alto.

The different socioeconomic conditions of the MR communes and the inequity in
resources are manifested at this stage (quarantine) of the pandemic. Mobility stops playing
an important role as it is shown by the correlation values between mobility and the number
of COVID-19 cases in Figure 10, which is practically null for this period.

In fact, in the first stage of the pandemic, there is a strong positive correlation between
mobility, measured by the mobility index, and the number of COVID-19 cases, but as of
26 March, the partial and dynamic quarantines begin and this clear correlation begins to
fade off.

Figure 10 shows the correlation between the mobility index and the cumulative
number of cases per 100.000 inhabitants of the commune. This correlation is calculated for
the period of time that goes from 26 March to 30 October 2020. Two dates, in particular, are
marked in the figure: 17 April with a maximum positive correlation (0.6) and 26 October
with a negative correlation (−0.34).
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On 26 March, it is still observed that the communes with higher incomes and also with
greater mobility have a greater number of cases (high-risk communes). Although other
determinants should be considered, in addition to mobility, a regression model indicates
that mobility alone explains about 37% in the variability of the observed cases (R2 ≈ 0.37)
in this phase of the pandemic. Figure 11 shows a scatter diagram in which the horizontal
axis stands for the mobility index and the vertical represents the cumulative number of
COVID-19 cases per 100.000 inhabitants. The radius of the bubbles is proportional to the
population in each commune.
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Figure 11. Mobility index vs. cumulative number of cases per 100.000 inhabitants of the commune at the beginning
of the total quarantine for the communes of the Metropolitan Region. The radii of the bubbles are proportional to the
commune population.

A characteristic pattern of this stage of the pandemic is observed. High-income
communes have high mobility and a high number of cases, which makes them particularly
active in spreading the virus. It could be inferred that total and effective isolation of
these communes in the early stages of the pandemic would have significantly reduced the
magnitude of the contagion. On the other hand, more towards the center of the figure and
above, with less mobility and with a smaller but already significant number of cases, are
the low-income communes. Further down and to the left are rural communes characterized
by low mobility and a low number of cases.

As of 15 May, the total quarantine comes into effect. However, by this date, the conta-
gion has spread to the lowest-income communes, and the measure seems to be enforced
late for these communes. Although there is still a positive correlation between mobility
and the number of cases, this correlation is becoming smaller and smaller. There is a slight
decrease in mobility at the beginning of this period, but it never decreased significantly,
as was shown in Figure 6, which indicates a slow but sustained growth in mobility for
this period.

By October, the situation has changed. Mobility has been increasing and the communes
with the highest incomes have the highest values in the mobility index, while the number
of cases in these communes is low. Figure 12 shows a scatter diagram illustrating this stage
of the pandemic. Again, clear patterns can be seen in the distribution of the communes
in the figure. On the bottom right, with high mobility and a low number of cases are the
communes with the highest income. In the center, with less mobility but with a much
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higher number of cases, are the low-income communes. Further to the left and below,
preserving a situation similar to that shown in Figure 11, the rural communes are located.
In this period, mobility is a variable that explains only 11% of the variance of the observed
cases (R2 ≈ 0.11) and obviously, other determinants, such as socioeconomic conditions and
vulnerability in general, are fundamental to explaining the observed contagion patterns.
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Figure 12. The mobility index vs. the cumulative number of cases per 100.000 inhabitants after relaxing the confine-
ment measures.

The sustained increase in mobility, once control measures are relaxed or eliminated,
in locations with sustained transmission can reintroduce infections in places where trans-
mission is well suppressed, increasing the opportunities for local transmission and case
growth, triggering a second regrowth or “second wave”. The first signs of this situation can
already be seen in Figure 9 where the cumulative case curves since the end of December
begin to show an increase in the growth rates of COVID-19 cases.

3.5. Assessment of the Timely Lifting of Quarantine Measures through Augmented Synthetic
Control Method

Another relevant aspect of the analysis of the role of mobility restriction measures is
precisely the timely lifting of these measures, especially quarantine. Since 15 May 2020,
a long period of quarantine has been implemented in the MR. Although the measure was
taken for practically all the communes of the MR simultaneously, the de-confinement
occurred gradually. The communes were coming out of quarantine as the number of cases
decreased. The first to leave were Colina, La Reina, Las Condes, Lo Barnechea, Til Til,
and Vitacura (basically some rural communes, along with the communes with the highest
income). On the other hand, the communes with the longest confinement time are at a
partial level: Puente Alto, specifically the western sector, which was under the measure for
172 days; and in their territorial totality: El Bosque and Quinta Normal, where quarantines
were in force for 158 days (all these communes are low-income). The case of Puente Alto is
particularly interesting, given that it is the commune with the most COVID-19 cases in the
country and where the lockdown measures were, therefore, inefficient.

We used synthetic control [67] to estimate the effect that the lifting of the quarantine
had on the number of cases and also on the mobility of the affected communes. For the
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analysis, we consider that the communes in the “pre-treatment” stage are all those that
are in quarantine (practically all the communes of the MR for the observation time inter-
val considered).

In this case, the “treatment” is lifting the quarantine, which the communes were
gradually leaving. To consider this staggered lifting of the confinement measures and to be
able to estimate the “treatment effects”, we used the augmented synthetic control method
(ASCM) [67–69]. The objective here is to estimate its consequences on mobility and the
number of COVID-19 cases for these communes by comparing with the opposite option,
that is, having spent more days in quarantine.

The idea is to construct a weighted average of donor communes, known as a synthetic
control, that matches the pre-treatment results of the treated communes. The estimated
effect is then the difference in post-treatment outcomes between the treated communes
and the synthetic control. The donors for the estimation were determined from the avail-
able group of communes and their memberships to different clusters previously defined
from the similarities in mobility and also considering the socioeconomic conditions of
the communes.

Figure 13 shows the estimate of the effect of lifting the quarantine in the Recoleta, San
Ramón, La Cisterna, La Granja, San Joaquín, and San Miguel communes (all of them with
low income) compared to the synthetic control built from other communes with similar
socioeconomic characteristics that subsequently abandoned the quarantine (Quinta Nor-
mal, La Pintana, Lo Prado, Cerro Navia, Conchalí, Puente Alto and Lo Espejo). The figure
describes how, initially, the number of COVID-19 cases, on average, for the treated com-
munes tends to fall after lifting the restriction measure. However, this number is rapidly
growing again, indicating that the measure may have caused a resurgence of contagion in
the treated communes.

Figure 13. Estimation of the effect of lifting the quarantine on COVID-19 new cases for low-income
communes in the Metropolitan Region.

On the other hand, Figure 14 shows the gradual increase in mobility after relaxing
the confinement measure. Because the lifting of the quarantine was not total and the
communes went to the so-called Phase 2 of the “Step by Step” plan (i.e., the quarantine
measure was maintained only on weekends), periodicity is observed in the estimation of
the mobility difference. On weekends, the difference with the mobility of the synthetic
control decreases as, once again, the communes are temporarily quarantined.
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Figure 14. Estimation of the effect of lifting the quarantine on mobility in low-income communes of
the Metropolitan Region.

4. Conclusions

Although there is a vast and growing literature that analyzes the evolution of the
pandemic, there are still numerous unknowns related to local contexts, the routes of spread,
and the precise time of application of the restriction measures, among many other topics
that are not yet clear. In this work, we used a data-driven approach, taking advantage of
the detailed data recorded during the pandemic, to address the complex context of the
spread of COVID-19.

The main contribution of this work lies in using the data to show how different forces
intervene in shaping the spread patterns of the virus. We find, for example, that mobility is
more correlated with the number of cases during the first part of the pandemic, precisely
when there is an exponential growth in the number of cases. When the quarantine measures
come into effect, this correlation becomes very low or practically null, allowing other factors
to have a greater preponderance, for example, socioeconomic factors, which explain the
sustained increase in the number of cases despite a decrease in mobility.

The precise moment to implement the restriction measures is also addressed in this
work, as well as the propagation routes given by the use of public transport, which led to
the spread of the virus from high-income to low-income communes in the first stage of
the pandemic. This study also highlights that the restriction measures were successful in
high-income communes; however, their effect was very limited in low-income communes,
repeating patterns similar to those that have occurred in other parts of the world.

Furthermore, the precise time to withdraw the restriction measures is also addressed
in the paper, demonstrating that in the poorest communes, the lifting of the measures
was done at the wrong time, causing subsequent growth in the number of cases once the
measure was lifted.

Some limitations: This work did not address in detail which socioeconomic factors
are the most influential in diffusion, and this analysis is for future work. The data used
includes only the year 2020. However, new phenomena have emerged with the application
of vaccines, the appearance of new variants of the virus, clear signs of fatigue in the
population that is unwilling to serve long periods of confinement, etc., in the current year
of 2021. These analyses are also left for future work.

5. Discussion

One of the objectives of this work was to make a consistent and validated narrative
with the available data on the contagion patterns observed during the evolution of the
pandemic in the MR of Santiago. This description of the events would help to understand
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how several interacting causes shape the observed patterns of the virus spread and would
support decision-making in future contagion developments.

The available data comprise (1) human mobility data, (2) socioeconomic data, and (3)
COVID-19 epidemiological data. The used methodology was based on: (1) discover-
ing/analyzing mobility patterns; (2) analysis of correlations and regression models; and (3)
generating synthetic data to estimate causal relationships in the number of COVID-19 new
cases and the mobility after lifting the mobility restriction measures.

The initial contagion in the MR of Santiago begins in the richest communes where its
inhabitants can afford international travel. Therefore, at the beginning of the pandemic,
these communes were at high risk of contagion. An effective containment measure at this
stage (creating a sanitary cordon around high-risk communes) could have reduced the
size of the subsequent contagion across the country. This measure was not taken in time,
and the virus followed established routes of human mobility to spread. This occurs mainly
through the public transport service. In fact, workers who have their source of work in
high-risk communes were infected and carried the virus with them to their communes
of origin. The effect is a rapid spread in both rich and low/middle-income communes,
reinforced by the fact that workers use public transport to travel between communes.

At this stage, there is a strong correlation between mobility and the number of cu-
mulative cases of COVID-19 in each commune. Thus, the government begins with the
policies of confinement and quarantines. The measure has a positive effect in the richest
communes, which have greater resources and a better socioeconomic situation, but in the
low/middle-income communes, its effectiveness is poor, and there are even cases of an
acceleration in the number of cases for these communes. In most cases, far from a decrease,
the reverse effect is observed.

There is no appreciable decrease in the internal mobility of the communes, but this
happens similarly for both poor and rich communes. In low-income communes, it is
impossible to stay home due to the lack of food and financial resources to survive in
combination with little and late government aid. The effects are aggravated by the reduction
in the number of services (in addition to its high geographic concentration that produces
long lines and crowds of people), and the confinement measures prevent people from
“escaping” from the high-incidence places.

As a result, the contagion and the number of deaths grew in low-income communes,
despite quarantines and measures taken. This entire situation is aggravated by poor
hygienic conditions, frequent base diseases in the population, and poor diet, among other
factors that further promote the spread and mortality of the virus.

After a long time with the conditions described above, that is, high rates of infection
and death, finally, the confinement measures begin to work and the number of cases
begins to decrease. From here, the government begins to gradually relax the measures of
restriction of mobility, and slowly several communes leave the quarantine.

However, the virus remains in the population, mainly in some “pockets” located in
low-income communes. With the explosive increase in mobility and the return to the old
routes of movement, the conditions are again in place for the virus to spread again, thus
beginning what some have called the “second wave”. From here on, the government again
takes up lockdown policies, this time through the “Step by Step” plan. However, restrictive
measures lose their effectiveness. The long period lived with restrictions gives way to clear
elements of “fatigue”. On the one hand, people lose respect for these measures, and on the
other, they simply do not have the economic resources to comply with them. Eventually,
this creates the conditions for this second wave to have greater proportions or for a high
prevalence level to be maintained for a long period of time in which the number of cases
cannot be reduced.
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Appendix A. Timeline of Major Events Related to Confinement Measures for Communes in the Metropolitan
Region of Santiago from 26 March 2020 to 28 September 2020

(*) 03/26-02/04 Las Condes, Vitacura, Lo Barnechea, Providencia, Santiago,
Ñuñoa, Independencia enter into partial lockdown.
(1) 02/04-08/04 Independence comes out of quarantine.
(2) 04/09-04/16 Las Condes, Santiago (North), Ñuñoa (North), remain in
quarantine. Puente Alto (West) enter into partial lockdown.
(3) 04/16-04/23 Only Santiago (North), Ñuñoa (North), El Bosque,
San Bernardo (Northeast) remain in quarantine.
(4) 04/23-04/30 Santiago (North), Ñuñoa (North), Quinta Normal, PAC,
El Bosque, San Bernardo (Northeast), Puente Alto (West)
in partial lockdown.
(5) 04/30-05/07 Santiago (North), Ñuñoa (North), Quinta Normal,
Estación Central, PAC, Independencia, El Bosque,
San Bernardo (Northeast), Puente Alto (West), San Ramón (South)
in partial lockdown.
(6) 05/07-05/12 Santiago, Quilicura, Recoleta, Independencia, Quinta Normal,
Ñuñoa (North), Estación Central, Cerrillos, PAC, San Ramón (South),
San Bernardo (Northeast), Puente Alto (West) in partial lockdown.
(7) 05/12-05/15 Total Lock-down for: Santiago, Quilicura, Conchalí, Cerro Navia,
Renca, Recoleta, Independencia, Quinta Normal, Macul, Lo Espejo,
San Miguel, San Joaquín, Peñalolén, La Florida, La Granja,
La Cisterna, La Pintana, Estación Central, Cerrillos, PAC,
San Ramón, San Bernardo (Northeast), Puente Alto (West)
(8) 07/28 The first communes go to phase 2, transition~\cite{paso-paso}:
Colina, La Reina, Las Condes, Lo Barnechea, Til Til, Vitacura.
(9) 08 /10 Lampa, Melipilla y Providencia go to phase 2, transition.
(10) 08/17 Santiago y Estación Central go to phase 2, transition.
(11) 08/24 San José de Maipo, Peñalolén, Padre Hurtado y Peñaflor
go to phase 2, transition. Paine enters quarantine.
(12) 08/31 La Florida, Maipú, Cerrillos, Calera de Tango, El Monte, PAC,
Macul, Talagante y Huechuraba go to phase 2, transition.
(13) 09/07 Recoleta, San Ramón, La Cisterna, La Granja, San Joaquín
y San Miguel go to phase 2, transition.
(14) 09/14 Quilicura, Isla de Maipo, San Bernardo go to phase 2, transition.
(15) 09/21 Pudahuel, Independencia y El Bosque go to phase 2, transition
(16) 09/28 Quinta Normal, La Pintana, Lo Prado, Cerro Navia, Buin, Conchalí,
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Puente Alto, Lo Espejo go to phase 2, transition.

For an explanation of the meaning of phase 2 transition, see [40].

Appendix B. Regression Coefficients

Coefficients:
Estimate Std. Error t value Pr(>|t|)

(Intercept) -175.865 43.281 -4.063 0.000354 ***
MobIn 22.627 2.272 9.957 1.06e-10 ***
MobOut 6.989 6.385 1.095 0.283061
Flow 51.454 12.228 4.208 0.000240 ***
Score 1.210 0.483 2.506 0.018292 *
MobOut:Flow -7.276 1.738 -4.186 0.000255 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘~’ 1

Residual standard error: 25.67 on 28 degrees of freedom
Multiple R-squared: 0.8574,Adjusted R-squared: 0.832
F-statistic: 33.68 on 5 and 28 DF, p-value: 5.178e-11
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