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Abstract: Background: As COVID-19 continues to spread around the world, understanding how patterns of human
mobility and connectivity affect outbreak dynamics, especially before outbreaks establish locally, is critical for
informing response efforts. In Taiwan, most cases to date were imported or linked to imported cases.

Methods: In collaboration with Facebook Data for Good, we characterized changes in movement patterns in
Taiwan since February 2020, and built metapopulation models that incorporate human movement data to identify
the high risk areas of disease spread and assess the potential effects of local travel restrictions in Taiwan.

Results: We found that mobility changed with the number of local cases in Taiwan in the past few months. For
each city, we identified the most highly connected areas that may serve as sources of importation during an
outbreak. We showed that the risk of an outbreak in Taiwan is enhanced if initial infections occur around holidays.
Intracity travel reductions have a higher impact on the risk of an outbreak than intercity travel reductions, while
intercity travel reductions can narrow the scope of the outbreak and help target resources. The timing, duration,
and level of travel reduction together determine the impact of travel reductions on the number of infections, and
multiple combinations of these can result in similar impact.

Conclusions: To prepare for the potential spread within Taiwan, we utilized Facebook’s aggregated and
anonymized movement and colocation data to identify cities with higher risk of infection and regional importation.
We developed an interactive application that allows users to vary inputs and assumptions and shows the spatial
spread of the disease and the impact of intercity and intracity travel reduction under different initial conditions. Our
results can be used readily if local transmission occurs in Taiwan after relaxation of border control, providing
important insights into future disease surveillance and policies for travel restrictions.
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Background
The Coronavirus Disease 2019 (COVID-19) was first re-
ported in Wuhan, China in December 2019 and has since
caused a global pandemic, with over 15,000,000 confirmed
cases and over 600,000 deaths reported by July 23, 2020

[1]. Scientific discoveries have advanced at an unprece-
dented pace, with numerous clinical trials of drugs and
vaccines underway [2, 3]. In the meantime, public health
officials must rely on other interventions, such as social
distancing and travel restrictions, to slow the spread and
reduce the peak of the outbreak, in order to prevent health
systems from being overwhelmed [4, 5].
In January 2020, as the epidemic in Wuhan grew,

many countries implemented travel bans, and airlines
canceled flights to attempt to slow the spread [6]. A
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number of studies have estimated the risk of importation
globally, with some suggesting up to two-thirds of all
imported cases went undetected [7, 8]. For Taiwan, there
have been 411 reported cases as of June 30, 2020 [9],
with 356 imported (87%) and 55 local cases (13%). Fifty-
two local cases (94.5%) were linked to imported or
known cases, and 3 local cases (5.5%) have unknown ori-
gin. Since February 7th, Taiwan has implemented entry
restrictions on foreign nationals based on their travel
histories; 14-day home quarantine started being required
for visitors from certain locations from February 10th
and became required for all travelers from March 19th
[10]. While COVID-19 transmission in Taiwan is rela-
tively well-controlled, the number of cases globally is
still increasing [1]. When border control is relaxed in
Taiwan in the future, importation from other countries
has the potential to lead to local outbreaks, especially if
other non-pharmaceutical interventions, such as hand
washing or mask wearing, are not adopted at the same
level as in March and April 2020.
As the number of cases globally due to community

transmission grows relative to the number of imported
cases, attention has turned to more local measures to
decrease spread, such as cancellations of mass gather-
ings, business closures, and local travel restrictions [11].
Mobility data can provide critical information for
responding to outbreaks and understanding the impact
of travel restrictions [12]. Recent studies have analyzed
the effects of human mobility and travel restrictions on
disease spread during the COVID-19 pandemic [6, 13–
16]. Here, to prepare for COVID-19 and its impact, in
collaboration with Facebook Data for Good, we describe
the metapopulation models we’ve built that include hu-
man movement data to better understand the high risk
areas of disease spread and assess the potential impact
of local travel restrictions in Taiwan.

Methods
Mobility data and geographic unit
Mobility data can provide important insights into
how people move and how these patterns change dur-
ing crisis situations [17, 18]. We incorporated two
different sources of mobility data from Facebook into
our models: Facebook colocation data and Facebook
movement data. Facebook users who have location
services enabled on their smart phones contribute
data to these data sets, with users’ locations catego-
rized into Bing Tiles [17, 18]. Facebook’s newly devel-
oped colocation matrices (Facebook colocation data)
give the probability that people from two different
geographic units will be in the same 600 m × 600 m
location for 5 minutes using data over the course of a
week. Facebook’s regular movement data (Facebook
movement data) aggregates the number of trips

Facebook users make between locations every 8 hours
(Figure S1) [18]. Mobility data between January 26th
and June 30th were used. Facebook movement data
were disaggregated by weekdays (Monday to Friday),
weekends, and holidays (Lunar New Year, Ching
Ming festival, and Dragon Boat Festival). Facebook
colocation data included weeks containing holidays
and weeks containing only regular (i.e. non-holiday)
days.
The geographic unit used in this study was at the

centrally-governed level of “city” (here “city” indicates
city, county or special municipality in Taiwan). Shape
files were downloaded from Government open data plat-
form (https://data.gov.tw/dataset/7442). We excluded
three cities outside of the main island of Taiwan from
the analysis due to their low connectivity with the main
island, leaving 19 cities.

Metapopulation models
We developed susceptible-latent-infectious-recovered
(SLIR) models of the spread of COVID-19 throughout
Taiwan. In order to understand the initial stages of dis-
ease spread, we ran the models stochastically using a
continuous-time Markov chain process [19]. The analo-
gous deterministic formulation, which contains transi-
tion probabilities used in stochastic simulations, is
described below. We ran the model until either (1) it
reached n cumulative infections or (2) the total number
of infections became 0 and repeated simulations 1000
times to estimate the probability of having more than n
infections (denoted by Pn,k, where k represents the num-
ber of initial infections), the time it takes to reach n in-
fections (denoted by Tn,k), and the standard deviation of
infection numbers at Tn,k (denoted by Vn,k). To assess
the initial stages of the outbreak, we used n = 1000 and
k = 3 as our baseline values.
Let Si, Li, Ii, Ri be the number of susceptible, latent, in-

fectious, and recovered individuals in location i, respect-
ively, and Ni be the total population in location i. Let DL

(=3.5) be the latent period, and DI (=3) be the duration
of infectiousness [13]. Because transmission rates can
change with non-pharmaceutical interventions, as shown
in previous studies, we vary.
R0 in our model (R0 = 2.4, 1.2, or 0.9) [13, 20, 21].
We modified spatial models from previous studies

[22–25] and constructed two metapopulation models, a
contact model and a residence model, with the former
using Facebook colocation data and the latter using
Facebook movement data. In the “contact model”, we as-
sumed that contact rates (and therefore transmission
rates) varied among locations and was proportional to
colocation probabilities (Cij, the probability that a person
from location i collocates with a person from location j)
from Facebook colocation data. We scaled R0 by Cij*Nj
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(for j not equal to i) or Cii*(Ni-1), standardized to the
average Cii*(Ni-1) across all 19 cities (denoted by

�CiiðNi − 1Þ ). In rare cases where R0ii was above 3.5, we
set it to a maximum value of 3.5.

dSi
dt

¼ −
X

j include i

Si
I j
N j

R0ij

DI

R0ij ¼ R0
CijN j

�Cii Ni − 1ð Þ

R0ii ¼ R0
Cii Ni − 1ð Þ

�Cii Ni − 1ð Þ
In the “residence model”, we first estimated the pro-

portion of time people living in location i spend in loca-
tion j (Pij) based on Facebook movement data (see
details in Supplementary Text), and modeled the trans-
mission dynamics by considering both that (1) non-
travelers get infected by infectious visitors to their home
location (the first part in the following equation) and
that (2) susceptible travelers get infected when they
travel (the second part in the following equation).

dSi
dt

¼ − SiPii
R0

DI

P
j includes iI jPjiP
j includes iN jPji

− Si
X

j≠i

Pij
I j
N j

R0

DI

Because the difference between residence models with
and without considering the interaction occurring be-
tween visitors from different cities inside another third
city was minimal (see Supplementary Text for details),
for simplicity, we considered the model without the
interaction occurring between visitors from different cit-
ies inside another third city. The remaining equations
are the same across the two models.

dLi
dt

¼ − dSi
dt

−
Li
DL

dIi
dt

¼ Li
DL

−
Ii
DI

dRi

dt
¼ Ii

DI

Ni ¼ Si þ Li þ Ii þ Ri

In addition to using different movement data, the
major difference between two models is that the trans-
mission rate within each city (R0/DI) varies with coloca-
tion matrices in the contact model, while it remains
constant in the residence model. In this sense, the

contact model is similar to the traditional density
dependent model, where contact rates (and therefore
transmission rates) vary with population density, and the
residence model is similar to the frequency dependent
model [26]. As it is unclear which is most appropriate
for COVID-19, we used both and compared the results.

Risk of infection and regional importation
We defined three connectivity measures relevant for dis-
ease transmission, risk of infection, risk of regional im-
portation, and source of importation. Using Facebook
colocation data, we defined R0ii as intracity R0 and

P
j≠i

R0ij as intercity R0 for location i. The sum of intracity R0

and intercity R0 reflects total risk of infection and was
standardized to the highest value.
Risk of infection for location i =

P
j include iR0ij.

Similarly, using Facebook movement data, we de-

fined ðP j≠i
mjiN j

q j
Þ=Ni as risk of regional importation

(i.e. importation from other cities within Taiwan) for
location i, where qj represents the average number of
subscribers in location j and mji represents the aver-
age number of people moving from location j to loca-
tion i per unit of time in Facebook movement data.
Source of importation was defined as the number of
travelers from each location i and standardized to the
highest value.

Source of importation for location i =
P

j≠i
mijNi

qi
.

Facebook colocation data from regular days were used
to calculate risk of infection, and weekday movement
data were used to calculate risk of regional importation
and source of importation.

Modeling travel reduction
To assess the potential effect of travel restrictions at
multiple levels, we modeled either intra-city travel re-
ductions, inter-city travel reductions, or a combin-
ation of both travel reductions (“overall reduction” in
texts and figures) for 1, 2, 3, or 6 months or for the
whole period of time. Intracity travel reductions rep-
resent decreased contacts between people within the
same city, which could be achieved through a com-
bination of measures, such as individual quarantines
or social distancing policies. Travel reductions started
from the beginning of the simulations or when there
were 10, 20, 30, 50, or 100 accumulated infections.
The proportion of reduction is denoted by G. In the
contact model, intracity reduction was modeled by
R0ii*(1–G) for all i, and intercity reduction was mod-
eled by R0ij*(1–G) for all i not equal to j. In the resi-
dence model, intracity reduction was modeled by
R0*(1–G) and intercity reduction was modeled by
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Pij*(1–G) for all i not equal to j and Pii + (1–Pii)*G
for all i.

Results
Varying human mobility across space and time in Taiwan
We quantified how intercity and intracity mobility varied
at the centrally-governed level in the past 5 months
using Facebook mobility data. On average, intracity
movement was 7-fold of intercity movement, and intra-
city colocation probability was over 200-fold of intercity
colocation probability. We quantified the difference in
connectivity between locations by three measures: risk of
infection, risk of regional importation, and source of im-
portation (Fig. 1 and Table S1). Risk of infection identi-
fies locations with larger colocation probabilities. If
assuming contact rates were proportional to colocation
probabilities, disease transmission rates are expected to
be higher in locations with higher risk of infection, such
as Taipei City, New Taipei City, and Kaohsiung City.
Risk of regional importation represents the relative
number of travelers and local people, and higher
values indicate higher possibility that travelers will
transmit virus to local people. Source of importation
calculates how much travelers from each location
contribute to other locations. Viruses are expected to
spread more quickly if initial local infections in
Taiwan occur in locations with higher values of
source of infection. Taipei and New Taipei City are
cities with the highest risk of regional importation
and source of importation, respectively. These three
measures quantify different but related aspects of mo-
bility and connectivity that are relevant for disease

transmission, and while well-connected cities tend to
have high values for all three measures, there are still
some differences among them.
We found intercity mobility between some of the loca-

tions first decreased and then increased in the past few
months, which is consistent with the changes in the
number of local cases in Taiwan and global number of
cases (Figures S2 and S3), indicating the level of change
that can happen without travel restrictions imposed by
the government. We also observed significant changes
during holidays. Lunar New Year was within the early
stages of the SARS-CoV-2 outbreak, and for most of cit-
ies pairs (95%), colocation probabilities during Lunar
New Year was significantly higher than regular days, as
expected during holidays. However, the proportion of
city pairs with higher than usual intercity connectivity
during the Ching Ming Festival, which occurred at
the time when the number of cases was increasing
dramatically globally and the number of local cases
was just starting to decrease, decreased to 67%.
Dragon Boat Festival was at the time the number of
local cases remained zero for more than a month,
and the proportion of city pairs with higher than
usual intercity mobility increased to 76%.

The impact of the location of initial infections on the risk
of the spread
At the end of June 2020, most cases in Taiwan were
imported or linked to imported cases. Therefore, we
used meta-population models parameterized by human
mobility data from Facebook to simulate the spread of
SARS-CoV-2 under a variety of initial conditions,

Fig. 1 Connectivity measures. Three kinds of connectivity measures relevant to disease spread are shown. The values for bigger cities were larger.
a Risk of infection. b Risk of importation. c Source of importation. The maps were plotted using shape files from Taiwan Map Store [27]
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including both the number of initial infections and their
locations. We developed a web-based interface (https://
roachchang.shinyapps.io/TW_CoV_Dynamics/) to show
the geographic distribution of infections given different
initial conditions, which can be readily used to inform
targeted surveillance and control if SARS-CoV-2 starts
spreading locally in Taiwan. Because other disease-
relevant hygiene behaviors, such as hand washing, mask
wearing, or social distancing, may also have changed due
to the awareness of COVID-19, we explored different
transmission rates (R0 = 2.4, 1.2, or 0.9).
We considered different aspects of disease spread –

the probability of outbreak, the speed of spread, and the
geographic range of outbreak. We estimated the prob-
ability of having more than 1000 infections (denoted by
P1000,k, where k represents the number of initial infec-
tions) using stochastic simulations and used this to rep-
resent the probability of an outbreak. As expected, we
found that, if we assumed that the transmission rates
varied among cities (contact model), the probability of
having more than 1000 infections also varied with the
locations of initial infections, with the cities with larger
risk of infection showing larger P1000 (Figure S4A and
Table S2). In simulations where 1000 infections were
reached, the time it took to reach 1000 infections (de-
noted by T1000,k) was also shorter for cities with larger
risk of infection (Figure S4B). When assuming that the
transmission rates in different cities were the same (resi-
dence model), the probability of having more than 1000
infections and the time to reach 1000 infections did not
vary much with the locations of initial infections (Figure
S5 and Table S3). The effect of intercity connectivity,
however, was reflected in the variation in infection num-
bers across cities at T1000 (denoted by V1000). The vari-
ation in infection numbers was lower in cities with
higher values of source of importation (Figure S4C) as
the chance of spreading the virus to other cities was
higher. In both models, well connected cities played
more important roles, as they spread the virus to other
cities more quickly and more widely.

The impact of varying mobility on the risk of spread
Above results were based on mobility data on regular
days. Given that human mobility varied significantly in
the past few months without travel restrictions imposed
by the government, we further quantified the impact of
varying mobility in Taiwan on the risk of spreading
SARS-CoV-2. The impact was mainly reflected in the
geographic range of infections in both models. When
initial infections occurred in or around Lunar New Year,
the speed of disease spread was enhanced (Fig. 2). Be-
cause mobility during Ching Ming Festival and Dragon
Boat Festival differed less from regular days and these
two holidays only lasted 4 days, it only led to minor

differences in the geographic range of infections (Fig. 2).
In the contact model, the probability of local outbreak
was higher if initial infections occurred in or around
Lunar New Year, and this impact was more apparent
when initial infections were in locations with lower risk
of infection (Figure S6).

The effect of travel restrictions
We examined the impact of varying mobility that oc-
curred naturally during holidays on the disease spread
above. Here we explored the level to which travel re-
strictions imposed by the government could potentially
reduce the spread of SARS-CoV-2 in Taiwan at the ini-
tial stage of an outbreak. In both the contact model and
the residence model, decreasing intracity movement (e.g.
through quarantines or social distancing policies) had a
much larger impact on P1000,3 (Fig. 3 and Figure S11)
and T1000,3 (Figure S7) than decreasing intercity move-
ment. The impact of reducing intercity travel was most
evident in influencing how widespread the virus was: the
infections were located in only a few cities at T1000,3 if
intercity travel was reduced (Figure S8).
We then investigated the impact of duration and timing

of travel reductions (Fig. 4, and details at https://
roachchang.shinyapps.io/TW_CoV_Dynamics/). The prob-
ability of local outbreak decreased with increased duration
of intracity travel reduction, but not change with the
duration of intercity travel reduction. The results sug-
gest that higher levels of reduction and longer periods
of reduction for intracity travel can have similar im-
pacts. For example, a 60% intracity travel reduction
for 20 days had similar outcomes as a 70% reduction
for 10 days. While P1000,3 did not change with the
length of intercity travel reduction, longer intercity
travel reduction led to slower progression of the out-
break (higher T1000,3) in the contact model and more
clustered infections (higher V1000,3) in both models
(Figure S9). Furthermore, among the parameters we
used, it was the best to reduce travel as early as pos-
sible to reduce the risk of outbreak (Figure S10).

Discussion
By utilizing aggregated human mobility data from
Facebook, we characterized how mobility patterns in
Taiwan changed since the emergence of COVID-19,
and built metapopulation models to understand the
potential spread of SARS-CoV-2 in Taiwan and to as-
sess the potential impact of travel restrictions. We
identified the top cities with the highest risk of infec-
tion as well as the top cities with the highest import-
ation risk from other cities based on Facebook data
and population sizes. We made a web-based interface
showing the geographic distribution of infections at
different time points (T100, T500 and T1000) in the
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initial stages of the outbreak given different locations
of initial infections. We demonstrate that these mod-
eling results based on empirical mobility data can be
obtained before an outbreak occurs, and can be read-
ily used to help the public avoid high-risk areas, help
public health professionals identify surveillance tar-
gets, and inform decisions on travel restrictions, pro-
viding one of the key elements for COVID-19
preparedness.
Consistent with previous findings showing that

international or domestic travel bans are less effective

than social distancing [6, 28], we found that intracity
travel reduction has a higher impact on disease dy-
namics than intercity travel reduction, and increasing
the length of intracity travel reduction increases the
impact. Intercity travel reduction, however, influences
the variation in infection numbers across cities and
can reduce the number of cities that have infections
at the initial stage of the outbreak. While intercity
travel did not decrease the probability of outbreak,
containing the infections to a few cities has important
public health impacts, as this means surveillance

Fig. 2 The impact of holiday travel on the disease spread. The speed of disease spread, quantified by the probability of spreading to 4 or more
cities when it reaches 50 infections, from simulations with initial infections in Taipei City (representing big cities) or Pingtong County
(representing small cities) are shown. The impact of Lunar New Year (10-day) was larger than Ching Ming Festival (4-day) and Dragon Boat
Festival (4-day). Colors represent the different timing of when initial infections occurred (blue: at the beginning of holidays; red and green: 7 days
and 14-days before holidays, respectively). After holidays, mobility changed back to that during normal days and stayed the same until the end of
each simulation. R0 = 2.4
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system can focus on fewer cities and control efforts
can be more targeted. Our findings therefore suggest
that once a case is identified, restriction of unneces-
sary intercity travel, can be important to geographic-
ally contain the spread in Taiwan.
Once a city experiences an outbreak, restrictions on

intracity travel must be implemented. Intracity travel re-
duction in our model is effectively the same as any meas-
ure that can reduce contact rates between individuals,
such as social distancing, or transmission probability given
contact, such as hand washing or wearing facemasks.
These measures have been shown to be effective in redu-
cing the transmission of respiratory viral pathogens in

both modeling and empirical studies [29–33], and should
be encouraged. It has been shown that contact rates can
be reduced by more than 70% during a lockdown [34].
Our study found that similar probabilities of an out-

break can occur with various combinations of length,
level, and timing of travel reductions. Health officials
can therefore take into consideration feasibility of differ-
ent interventions, impact on society [35], and the cap-
acity of the healthcare system to determine the optimal
interventions and their duration [5]. Because the volume
of travel in and around holidays can increase the speed
of virus spread, our results suggest that it is important
to avoid travel or reduce the impact of travel through

Fig. 3 The impact of travel reduction on the probability of having 1000 infections. P1000,3 from simulations with initial infections in Taipei City
(representing big cities) or Pingtong County (representing small cities) using both contact and residence models are shown. The difference
between big and small cities was more significant in the contact model than in the residence model. Intracity and intercity travel reduction
reduced P1000,3, while the impact of intercity travel reduction was minor. Here travel reduction was applied during the whole time and R0 = 2.4
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measures such as limiting social interactions and wear-
ing facemasks when taking public transportation to re-
duce the spread of the virus.
Previous studies have shown that the impact of mobil-

ity or travel restrictions on infectious disease spread de-
pends on region-specific mobility patterns, suggesting
the importance of using empirical mobility data in mod-
eling [36, 37]. We showed that Facebook mobility data
can be used to track how the volume and pattern of
travel change through time as the outbreak progresses,
and we can incorporate any change in human mobility
into the metapopulation models in nearly real time to
help fight COVID-19 [12, 38]. While the Facebook data
are limited to the population of Facebook users with lo-
cation services turned on, these movement data can pro-
vide important insights into mobility patterns [18].
Additionally, Facebook coverage was consistent across
cities (Table S4), suggesting minimal bias due to differ-
ential coverage by location. Moreover, our model

utilizing human mobility data from Facebook is not lim-
ited to intercity or intracity level, or Taiwan. Facebook
mobility data are also calculated at finer geographic
scales (such as towns) and for other countries, and our
model can be easily applied in these settings to under-
stand disease dynamics of COVID-19.

Conclusions
In Taiwan, most cases to date were imported or linked to
imported cases. To prepare for the potential spread within
Taiwan, we utilized Facebook’s aggregated and anonymized
movement and colocation data to identify cities with higher
risk of infection and regional importation. We showed that
both intracity and intercity movement affect outbreak dy-
namics, with the former having more of an impact on the
total numbers of cases and the latter impacting geographic
scope. The timing, duration, and level of travel reduction
together determine the impact of travel reductions on the
number of infections, and multiple combinations of these

Fig. 4 The impact of the duration of travel reduction and the level of reduction on the probability of having 1000 infections. P1000,3 from the
contact model (a) and the residence model (b) with initial infections in Taipei City and R0 = 2.4. The color represents the level of reduction in
P1000,3 (white to red represents smaller to larger reduction). As the duration of intracity travel reduction increased, P1000,3 decreased in both
models. P1000,3 did not change with the duration of intercity travel reduction

Chang et al. BMC Public Health          (2021) 21:226 Page 8 of 10



can result in similar impact. These findings have important
implications for guiding future policies for travel restric-
tions during outbreaks in Taiwan.
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