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Abstract

The control of human mobility has quickly been targeted as a major leverage to contain the spread of SARS-CoV-2
in a great majority of countries worldwide. Using more than 151 million anonymized movements registered by one
of the major social media platforms combined with spatial and temporal Covid-19 data, the objective of this
research is to understand how mobility patterns and SARS-CoV-2 diffusion during the first wave are connected in
four different countries: the west coast of the USA, Colombia, Sweden and France. In this research, we could
demonstrate that introducing movement improved considerably the model. It underlines as well that mobility
played an important role in the diffusion of SARS-CoV-2, even during the lockdown, suggesting a moderate impact
of lockdown on virus diffusion. However, it suggests that government could better locate where disease
mitigation would be the most effective by systematically analyzing real-time movements of population.

Lockdown strategies and vaccination campaigns could, for example, be prioritized according to spatial
vulnerability and connectivity to hotspots of viral circulation.

Introduction

The way that COVID-19 has affected human mobility all across the world is unprecedented. Combined with
sanitation and social distancing measures, control of human mobility has quickly been targeted as a major
leverage to contain the spread of the virus. One important feature of the response to the first wave was
implementation of the sanitary cordon sand placing draconian travel restrictions on the population to prevent the
spread of the pathogen. The extent to which such measures were successful, however, is uncertain. Although
human mobility data correlated well with the spatial spread of the pathogen in Hubei prior to the implementation
of the sanitary cordon (Kraemer et al. 2020), the travel restrictions have been estimated to have delayed the
epidemic progression throughout China by only 3-5 days (Gibbs et al. 2020). More globally, both the timing and
extent of travel restrictions varied widely, providing an opportunity to perform a comparative analysis of the
impact of lockdown on the spread of SARS-CoV-2. In our hyper-connected world, there is extensive use of mobile
phones, internet providers and social media and there is currently much discussion on the use of such data to
guide the public health response to the Covid-19 epidemic (Grantz et al. 2020). Within strict guidelines concerning
personal privacy, several mobile phone operators, social network and internet service providers across the world
have offered their data at an aggregated level to be able to visualise patterns of mobility and contact (Buckee et
al. 2020; Pollina et al. 2020; Romm et al. 2020).

The objective of this research is to understand how spatio-temporal mobility patterns and SARS-CoV-2 diffusion
are connected in four different territories: the west coast of the USA, Colombia, Sweden and France. Using data
from the Facebook Data for Good program, which provides data on users sharing their location with the
application, we first aim to address the impact of lockdown strategies on mobility patterns between administrative
geographical units of each country. Then we estimate the contribution of these mobilities to the diffusion of
SARS-CoV-2 among administrative units within each territory. Analysing the relation between SARS-CoV-2 spatial
diffusion and changes in mobility provides insight into the efficiency of the diverse public health strategies
implemented by the four countries to tackle the diffusion of the virus.

Methods

Mobility and Covid-19 Data (Table 1)
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To measure mobility patterns during the pandemic, we accessed Facebook mobile users’ data provided within the
company’s Data for Good framework through a dedicated platform. With the most up-to-date information, these
data help us understand dynamically where people are. Measured every eight hours (00:00AM, 8:00AM, 4:00PM
GMT), they provide the number of people who moved from a given administrative unit to another between two
time periods. In this article, mobility is understood under this specific definition. The panel of users hereby
monitored is made of users over 18-year-old, who shared their location with the mobile application. As shown in
Table 1, this represents between 5-8% and 11-1% of the adult population across the studied countries for an
overall total of 10 million users who operated 151 million movement over 24 weeks period. The mode of user
spatial detection is passive, fully anonymised and no individual information is provided. The data are only
accessible in a spatially aggregated form. Covid-19 case data (Sweden, USA and Colombia) and positive test data
(France) were retrieved from the Public Health websites of each country.

To link mobility and SARS-CoV-2 diffusion we need to match mobility information at the lowest available case
resolution provided by the official health agency from each country. Facebook movements from one
administrative unit (France — Department; USA (West-Coast) — County; Colombia — Municipios; Sweden -
County/Lén) to another were summed by week for every unit. For Colombia and France, the resolution of
mobilities and Covid cases were matching, but for the USA and Sweden we needed to downscale the mobility to
that between counties. Unfortunately, we could not access all the mobility data of Colombia as Facebook provided
only users’ mobility for 80% of the territory. The USA were limited to the West Coast, corresponding to the states of
California, Oregon, Washington and parts of Nevada, Arizona, Idaho, Montana and Utah. All mobility data were
processed with R (spatial and temporal aggregation, compilation of all the movements in one file...) and then
mapped with QGIS, an open-source Geographic Information System (QGIS; R core team 2020).

Table 1. Mobility and Covid 19 Metadata
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Country | Covid-19 Covid Facebook Starting | Number | Percentage Official Covid data website
data granularity data date for ofthe | FBover18
source granularity | mobility FB years old
collection | mobile
app
with
shared
location
France Santé Département | Département 3rd 3138 5-80% https://www.santepubliquefrance.fr/
Publique March 246
France
USA Centre for County Pitney 11th 3984 11-10% https://www.cdc.gov/
disease Bowes - March 921
control scaled down
to County
Colombia | Saludy Municipios Municipios 13th 2 666 7-40% https://www.minsalud.gov.co/Paginas/default.aspx
protection March 887
social
Sweden The County County 14th April | 572 617 6-70% https://www.folkhalsomyndigheten.se/the-public-
Public health-agency-of-sweden/
Health
Agency of
Sweden

Epidemiological analyses

The number of cases in the unit of origin was summed per week and multiplied by the summed Facebook
movements from unit of origin to unit of destination for the same week. This thus generated a potential incoming
force of infection (Fol) for every unit of destination based on every unit of origin number of cases and incoming
mobility (see Figure 1). This hybrid indicator combines the mobility connectivity of a geographical unit with the
epidemiological context in the related units. The summed values (N) for each unit of destination were then log(10)
(N+1) transformed yielding the variable /og(Fol):

Fol, =log10| 3, Cases;. Mobility;_,, +... + Cases,. Mobility,  +1

ieN|ita

A Generalized linear model (GLM) with a logarithmic Quasi-Poisson distribution (recommended for count data
with over-dispersion, Ver Hoef & Boveng, 2007) was then fitted to the number of cases per week per administrative
unit as a response variable. As explanatory variables, we included the new number of cases registered in each unit
during the previous week, and the /og(Fol) from the previous week, plus their interaction term. We included the
log(e) of each unit’'s population as an offset value. The model was refitted at each time step (weekly) to give a
dynamic perspective of the varying impact of the Fo/through time, and from one country to another.
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In order to evaluate the impact of the /og(Fol) in the model, we computed the Quasi Akaike Information Criterion
(QAIC) to assess the added value of increasing model complexity. The lower the value, the better the likelihood of
the model is, given that adding a variable is penalised (here the penalty = +2 points for each added term). The
value has no absolute meaning outside of the model’s own selection environment (i.e. no cross-country
comparison), but serves as a comparator between different models fitted on the same dataset, to determine if an
increase in the model complexity really improves the model fit. We then created box plots to display the diverse
values of the QAIC from each week’s models. The QAIC function from the MuMIn R package was used (Barton &
Barton, 2015). Then the B coefficients from the regression were examined. Since the model is based on a
logarithmic distribution, the exponential of the coefficients is giving the multiplication term on the response
variable by 1 unit increase in the explanatory variable. Applied to the log(Fol), we then verified how influential this
variable was on the number of cases of the following week. We also calculated the McFadden’s Pseudo-R,
(defined as 1-LLmod/LLO, where LLmod is the log likelihood value for the fitted model and LLO is the log
likelihood for the null model which includes only an intercept as predictor) to have an estimation of the goodness
of fit of each country’s regression, and the p-values to assess statistical significance. All these steps were carried
outinR.

Concentration Index (Gini I).

The Gini coefficients of the countrywide distribution of cases (or infections) and mobilities were calculated to
assess the extent of case and mobility clustering.

Role of the funding source

The funders of the study had no role in study design, data collection, data analysis, data interpretation, or writing
of the manuscript. All authors had full access to all the data in the study. The corresponding author had final
responsibility for the decision to submit for publication.

Results

Mobility pattern reduction and geography of mobilities.

In Colombia, on March 20, the president announced a 19-day lockdown, starting on March 24. Before the
lockdown, there were more than 3-.5 million inter-municipios mobilities per week and 500,000 per day. These
mobilities were mainly located around the geographical units containing the major cities of Bogota, Cali and
Medellin, representing more than 65% of all inter-unit mobilities. The lockdown had a strong impact on inter-unit
mobilities leading to an overall reduction of 78% between March 27 and April 2 (Figure 2). While Bogota, Cali and
Medellin were well connected before the lockdown, Facebook data did not detect any mobilities among these
cities in the post-lockdown period, and long distance mobilities (more than 50km) reduced by 93% (see collection
of maps 1). At the local level, the reduction of mobilities around major municipios reduced by 70%. After April 10,
even though cases continued to increase, inter-unit mobilities increased slowly but steadily to reach 68% of pre-
lockdown level by mid-July. Overall, mobilities were highly concentrated to certain units of Colombia -the major

Page 5/18



metropolises of Colombia- before, during and after the lockdown, and the Gini index was approximately 0-95 at all
times (Tables 2 a & b).

In France, lockdown measures were announced on March 16 (to be implemented the next day at 12 AM). The
mobility among departments decreased by 82% during the peak of the lockdown before increasing slowly but
steadily after the ease of the lockdown (Figure 2). The highest decrease in movement was observed at long
distances during the peak of the lockdown, with no mobilities detected at distances >150km after March 27. As a
consequence, the major cities were disconnected from each other (see collection of maps 2). As in Colombia, the
majority of national movements before and during the lockdown were located in and adjacent to departments
containing the major French cities. Mobilities to the departments of the Nord region (with Lille as a main
metropolis), Bouches-du-Rhone (Marseille) and Rhéne (Lyon) concentrated only 7% of overall inter-department
mobilities over the period, whereas mobility between Paris and surrounding departments captured more than 66%
of all inter-department mobilities (Table 2a). With a Gini index of 0-76 before the lockdown, incoming mobility
concentration increased after the lockdown (G=0-79), to decrease again after the ease of the lockdown (G=0-74)
(Table 2b).

In the United States, the sanitary measures taken were not centralized, unlike in other countries. This resulted in a
very heterogeneous implementation of measures taken among states, counties and municipalities to counter the
advance of SARS-CoV-2. For example, California was the first state to implement “Stay at home orders” on March
19, whereas these were not taken in Nevada and Arizona until April 6. Globally, inter-county mobilities remained
relatively high, with 48% of inter-county mobilities maintained at peak lockdown (From April 6, graph 3), even if
high distance mobility (>150km) decreased by 62% (Figure 2). During this lockdown period, main cities such as
Los Angeles, San Francisco, Seattle, Sacramento and Portland remained highly connected to other more local
counties, at an intermediary distance (between 20 to 150km) (see collection of maps 3). Metropolitan areas of
each county captured more than 82% of inter-county mobility (Table 2a). As in France and Colombia, a small
number of counties adjacent to the large cities concentrated the majority of the inter-county movements of the
USA West Coast (G=0.77 before the lockdown) (Table 2b).

The Sweden scenario was exceptional since no travel restrictions were imposed at that time. The mobility data
from April 5 showed a slight increase in inter-county mobilities from 13 April until 15 June (Figure 2). Overall, no
significant reduction in mobility was observed at any time. Mobility data revealed less centralised movement
patterns than observed in the other countries, since the most connected counties (Stockholm and Uppsala)
concentrated only 25% of the incoming/outgoing population (Table 2a). This is translated into a Gini index that
was the lowest of all the countries (G=0.59-0.76), and, despite no lockdown, became increasingly homogeneous
over the same epidemic time period as the other countries (Table 2b).

Table 2a. Percentage of inter-unit mobilities captured by different metropolitan areas

France Paris Rhone (Lyon) Nord (Lille) Colombia | Bogota | Medellin Cali
70-2 31 1.7 352 229 72
724 3-8 1-8 35-8 20-1 7-3
67-1 39 19 34-1 24.4 8-6
West Coast (USA) | Los Angeles | San Francisco | Sacramento | Portland | Seattle [ Sweden | Stockholm | Uppsala | Sormland
311 19-6 109 10-8 9.9 20-1 15.7 121
311 16-7 11 11.9 10-2 21.2 14.2 139
326 18 9.8 10-6 10-8 23 14.2 13-8

Table 2b. Gini index related to mobility at different lockdown time-steps for the four countries
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Colombia | France | West Coast | Sweden
Gini Before lockdown (1st week of the data) 0-95 0-76 0-77 0-76
Gini Lock (1st week after the lockdown) 0-95 0-79 0-77 0-6
Gini last week of August 0-96 0-74 0-72 0-59

Epidemiological analyses

During the period March16 to August 31, the part of Colombia selected recorded 501,701 cases peaking in the
week starting on July 17 with 53,829 cases (Figure 3). Santa Fe de Bogota was the most affected municipio with
246,395 cases registered by August 31, followed by Cali (57,640 cases). These two units recorded more than 60%
of all cases registered in the studied area (Table 3a). The countrywide case distribution was highly concentrated
before and during lockdown (G=0-98) and slowly decreased as the epidemic progressed and the virus spread
nationally (G=0-87 in August) (Table 3b).

In France, from the period of March 5 until August 28, there were 197,550 positive tests (Figure 3). If the
percentage of units detecting at least one case was higher than in Colombia when the lockdown was
implemented (76%), a small number of units still captured the majority of cases (G=0.78) (Table 3b). The units
concentrating most of the cases over the studied period were located around Paris (lle de France), which
concentrated from 59-3% to 33:3% of all Covid cases detected, followed by Lyon (3:1%-6%) and Lille (0-3%-2-8%)
(Table 3a). As in Colombia, the Gini index tended to decrease during the epidemic (G=0-74 during the lockdown,
G=0-66 in August)(Table 3b).

In USA, in the counties of the states of California, Idaho, Montana, Nevada, Oregon and Washington, from March
10 until August 31, there were 849,278 cases with a peak in the week starting on the August 3, with 80,721 cases
(Figure 3). Once again, the majority of cases were concentrated in a small number of units before the lockdown
(G=0-91) and the Gini index decreased steadily over the period to reach 0-72 in August (Table 3b).

In Sweden, the peak of the epidemic was reached by June 6, with more than 8,000 cases registered in a week
(Figure 3). The nationwide case distribution was much less clustered in Sweden at all times and mirrored that of
the population mobility distribution (Tables 2b and 3b).

Table 3a. Percentage of cases captured by different metropolitan areas.

France Paris Metropole Rhone (Lyon) Nord (Lille) Colombia Bogota Medellin Cali
59-3 5-1 0-3 46 15:2 14-8
46-1 32 0-8 60-1 82 17-5
333 6 2-8 452 15-3 7-11
West Coast (USA) Los Angeles San Francisco | Sacramento | Portland | Seattle | Sweden | Stockholm | Uppsala | Sormland
9-8 28 24 0-9 444 381 52 7-8
45-1 10-1 2:4 1-2 10-3 26-3 6-1 6-5
39-1 10-6 5-3 11 31 251 5 82

Table 3b. Gini index related to mobility at different time-steps and for the four countries
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Colombia | France | West Coast | Sweden
Gini Before lockdown (1st week of the data) 0-98 0-78 0-91 0-57
Gini Lock (1st week after the lockdown) 0-97 0-7 0-85 0-5
Gini last week of August 0-87 0-66 0-72 0-59

Force of Infection

In Colombia and France, the log(10) transformed Facebook weighted force of infection /og(Fol) explained a
considerable amount of variation in weekly unit case number (20-50%, mean 41-2, SD 7-8), with only a small
decrease in the weeks that followed the strictest lockdown period in both the countries (Supplementary Figure 1).
The log(Fol) explained far more of the variation than cases in the previous week in that unit (mean 17-:4%, SD 7-6).
There was a small but significant negative association of case number with the interaction term of previous
week's cases and /log(Fol) (% variation explained mean 7-2% SD 5-9).

In contrast to Colombia and France, in USA the majority of the variation in the current week’s case number was
explained by the previous week’s case number in that county (mean 17-8% SD 15-8) and most notably during the
first 12 weeks of the epidemic (until June 7)(Supplementary Figure 1). However, the log(Fol) did explain a
considerable amount of county case number variation (1-20%, mean 9-2% SD 6-4). Once again, there was a small
but significant negative association of case number with the interaction term of previous week’s cases and
log(Fol) (% variation explained mean 15:0% SD 10-5). In Sweden, there was no significant association with
log(Fol) or with the interaction term on the current week’s case number.

As shown by the significantly decreasing Quasi Akaike Information Criteria, fitting the /og(Fol), case number and
their interaction largely improved the goodness of fit of the model for Colombia, France and USA. Globally, fitting
the complete regression model improves the model performance as compared to fitting a model with only cases
from the previous week (Fig. 4). There was a significant and consistent improvement of the likelihood with the full
model for Colombia (medianfintercept +Cases week-1]= 415 vs. median(l+C._;+Fol+(C.;*Fol)=279), France
(mean(l+C._;]= 128 vs. median(l+C.;+Fol+(C.;*Fol)=106) and USA (mean[l+C._;]= 129 vs. mean(l+C._;+Fol+(C.
1*Fol)=116). In the case of the USA, the interaction term played an important role since the QAIC only decreased
after its addition, meaning the /og(Fol) predictive power was significantly moderated by the number of cases.
However, for Sweden there was no gain in increasing the complexity of the model (mean(l+C_;]= 30 vs. mean[l+C.
;+Fol+(C_;*Fol)=31).

To assess the exact strength of the nexus between this mobility driven variable (log(Fol)) and the number of cases
per week (Figure 5), the exponential of the regression coefficients at each time step was calculated. This shows
the size of the multiplicative term on the cases of the current week that an increase of 1 unit in the /og(Fol) of the
previous week would generate. For Colombia it was relatively constant, with an average of 1-30 over all the time
period. In France, although more variable, the strength of the association was stronger, averaging at 1-47. For
these two countries, we can see a common temporal tendency with a decrease of the /og(Fol) effect following the
first lockdown. The effect then increases again from May onwards, probably because of the alleviation of the
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mobility restriction in both countries at that time. In the USA, the effect was very mild, with an average of 1-15 and
peaking in June. By comparison the multiplicative term was only 1-18 on average for Sweden with a confidence
interval that often overlapped with 1, meaning that the relationship between those two variables is not even clearly
positive overall, despite two main peaks in the beginning of June and July.

The interaction of the /og(Fol) with the other main variable used, the number of cases registered in the previous
week, was largely negative (Figure 6). This can be interpreted as follows: the influence of the /og(Fol) in the
regression was stronger in administrative units where fewer cases had been recorded the previous week. In other
words, the impact of potentially imported cases is stronger in units that are lesser affected. This is particularly
true at the very beginning of the epidemic in Colombia, which would underline the early role of mobility in the
dissemination of the virus. This can be observed to a lesser but more continuous extent in France.

Looking at the P-values of the /og(Fol) variable (Figure 7) confirms this same tendency; this variable was
consistently significant for both Colombia and France, exceeding P= 0.01 threshold very rarely. On average, P-
values were generally below 0.05 in the USA but went beyond that threshold during 11 weeks (over a total of 25
weeks). The P-values in the Sweden models remained far superior to 0-05 for the vast majority of the time,
suggesting that the link between /og(Fol) and the cases of the following week was generally not significant.

Figure 8 shows us a general assessment of the performance of the models through the calculation of McFadden'’s
Pseudo R?, which again reasserts that this predictive approach seems valid for Colombia and France, with median
pseudo R? of 0-68 and 0-60 respectively. For the USA, this indicator drops to 0-39 and for Sweden, to 0-33.

Interpretation

Using the data collected by one of the major social media platforms, our analyses showed a great concentration
of mobilities in metropolitan areas in non-lockdown periods. The three most important metropolitan areas
concentrated more than 80% of inter-unit mobilities in Colombia, 79% in France, 61% in the West coast of USA and
50% in Sweden before the lockdown. These administrative units represent less than 10% of the overall number of
units in each country. We also found that despite a drop in mobility in three of the four countries (USA, France,
Colombia) just after the lockdown, the Gini index and the share of mobility captured by these metropolitan areas
remained as high as prior to lockdown. Thus, whilst lockdown successfully reduced the mobility intensity in these
countries, the mobility structure remained the same.

This phenomenon of human flow concentration can be problematic: just as a hyper connected individual can
spread the virus disproportionately (a superspreader) (Lloyd-Smith et al. 2005; Kucharski et al. 2020; Lau et al.
2020) and large public gatherings lead to outbreaks (Ghinai et al. 2020; Hamner et al. 2020), a hyper-connected
geographical unit can transmit the disease through its mobility network. Again, in three of the four countries
studied, the Gini indices indicated an important concentration of cases in a small number of units; in each country,
the most affected units were precisely those that were the most connected. The significant association of the
mobility weighted force of infection and the much-improved model fit upon its inclusion in three of the four
countries studied, supports the importance of considering contact intensity among units when analysing the risk
of infection. This brings a paradigm change in the study of disease spread since it enables to apprehend the
relational risk. The risk of Covid-19 in one administrative unit does not only depend on its intrinsic characteristics -
such as human density or poverty- but is also a function of the epidemiological situation across the
connectedness network.
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This relational dimension is little understood beyond the individual scale. This can be imputed to the lack of data
that can help to capture the mobility patterns in real-time. Until recently, mobility data have not been made
available, were spatially aggregated and not provided in real-time. This is particularly an issue in a context of a
lockdown since mobilities tend to change quickly and vary according to geographical scale. Fortunately, these
types of data are getting increasingly provided by social media or mobile operators, and they can be used to help
administrations to observe changes in mobility patterns and/or to better locate where to implement disease
control operations (Pollina & Busvine 2020; Pullano et al. 2020; Romm et al. 2020).

The negative interaction between the previous week’s cases in the administrative unit of interest and the incoming
force of infection into that unit suggests that as the association of one variable (log70(Fol) or previous week’s
cases) on weekly cases becomes stronger, the other becomes weaker and vice versa. The very sharp decrease in
the size of the (negative) coefficient in France and especially Colombia at the beginning of the study period
mirrors almost exactly the decrease in the number of Facebook mobilities. This would suggest that the incoming
Fol, at least at this early stage of the epidemic is not only having the major role in seeding infections, but that
there is considerable heterogeneity among geographical units both with respect to numbers of cases and
Facebook connectivities. That the interaction remains significant and negative throughout, despite the increasing
number of cases, confirms the conclusions that this heterogeneity remains. This is confirmed by the Gini index
that shows in every country a high concentration of both the cases and the mobility patterns.

Our analyses suggest a relatively modest impact of lockdown on the spread of the virus at the national scale
since no country successfully implemented control measures to stem the spread of the virus despite varying
levels of lockdowns. As observed in Hubei (Chinazzi et al. 2020), it is likely that the virus had already spread very
widely prior to lockdown; the number of affected administrative units was already very high despite low testing
levels. Only in Colombia was the initial number of affected units relatively low, but despite the strictest of
lockdowns, affected units rose inexorably. Although undeniably important within a city, the contact intensity
driven by hubs of connectivity clearly feed virus to bordering locations and this flow is maintained despite drastic
reductions in mobilities at least over longer distances. Once seeded, the virus then spreads among locally
connected units. However, the fact that the /og(Fol) is more significant in countries who implemented a drastic
lockdown suggests that mobility reduction helps to predict paths of diffusion according to remaining mobilities.
While we underlined that this mobility remained high mostly in metropolitan areas during the lockdown, it
suggests that disease control implemented in these areas could have a maximum impact over the short term.
This element, combined with the interaction between the FOI and the previous weeks cases is particularly
promising: it suggests that mitigation strategies and vaccine implementation in the most connected units of a
highly affected area could prevent the geographical spread of the virus.

In constructing a framework to integrate mobility patterns into an understanding of pathogen diffusion to guide
the way diseases are managed in a long-term perspective, the question arises of properly managing diseases in a
context of exacerbated mobility that cannot be completely stopped at the local scale. As such, the redefinition of
the systems reflecting the connectivity among units should make it possible to better manage epidemics by
aligning the area of action of health policies with the area of predicted dissemination of the infectious agents.
However, as they are currently conceived, health policies and infrastructures are very largely circumscribed
according to the administrative boundaries of municipalities / regions, which no longer correspond to the realities
of daily mobility.
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Limitations

This study is clearly limited in two aspects: the quality of the case data and the non-representativity of Facebook
users and the general population. However, this being said, it is remarkable that such a simple combined
Facebook infection measure yields consistent results across three very different settings. Facebook users tend to
be biased to the adult population, who are in turn more likely to travel between administrative units for work
purposes and thus more likely to interact with other adults. Insofar as the epidemiological role of children is now
believed to be significantly less than that of adults, the Facebook data may actually give a more representative
picture of the flow of the important epidemiological sector of the population.

In conclusion, human mobility has played a significant role in the spread of SARS-CoV-2 and to an extent that
could have been predicted from the mobility network. Incorporation of such network information would
significantly aid in developing more refined public health strategies for disease management and control both in
the short and long term.
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Figure 1

THEORETICAL MODEL CREATED TO COMPUTE FORCE OF INFECTION FOR UNIT A, WITH FACEBOOK USERS
MOBILITY TRAVELING FROM UNITS B, C, D, E (IN BLUE), NUMBER OF COVID-19 REGISTERED IN ONE UNIT (GREY
AND RED CIRCLE) AND RELATED FOI (YELLOW RECTANGLE).
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Figure 2

EVOLUTION OF INTER-UNIT MOBILITIES IN THE FOUR COUNTRIES. WE USE A RATIO TO COMPARE THE EFFECT
OF LOCKDOWN IN EACH COUNTRY. THE BLACK BOX FOR EACH COUNTRY INDICATES THE REFERENCE DATE

FOR ESTABLISHING THE RATIO FOR EACH COUNTRY.
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Figure 3

WEEKLY EVOLUTION OF COVID 19 INCIDENT CASES FROM MARCH 9 UNTIL AUGUST 24
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Figure 4

BOXPLOTS OF THE QAIC VALUES TAKEN BY EACH MODEL WHILE UPDATING FOR EACH WEEK
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Figure 5

MULTIPLICATIVE TERM ON CASES FOR LOG(FOI) VARIABLE UNIT INCREMENTATION, WITH 95% CI SMOOTHING
CURVES.
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Figure 6

COEFFICIENT OF THE INTERACTION TERM BETWEEN THE LOG(FOI) AND THE NUMBER OF CASES OF THE
PREVIOUS WEEK. COLOMBIA — RED LINE; FRANCE — GREEN LINE; SWEDEN - BLUE LINE; USA — MAUVE LINE
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Figure 7

P VALUES CALCULATED FOR THE LOG(FOI) VARIABLE AT EACH TIME STEP
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Figure 8
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GOODNESS OF FIT MEASURED BY THE MCFADDEN'S PSEUDO R2 OF THE RESPECTIVE MODELS AT EACH
TIMESTEP
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