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Abstract

Infectious diseases attack humans from time to time and threaten the lives and survival of
people all around the world. An important strategy to prevent the spatial spread of infectious
diseases is to restrict population travel. With the reduction of the epidemic situation, when
and where travel restrictions can be lifted, and how to organize orderly movement patterns
become critical and fall within the scope of this study. We define a novel diffusion distance
derived from the estimated mobility network, based on which we provide a general model to
describe the spatiotemporal spread of infectious diseases with a random diffusion process
and a deterministic drift process of the population. We consequently develop a multi-source
data fusion method to determine the population flow in epidemic areas. In this method, we
first select available subregions in epidemic areas, and then provide solutions to initiate new
travel flux among these subregions. To verify our model and method, we analyze the multi-
source data from mainland China and obtain a new travel flux triggering scheme in the
selected 29 cities with the most active population movements in mainland China. The test-
able predictions in these selected cities show that reopening the borders in accordance with
our proposed travel flux will not cause a second outbreak of COVID-19 in these cities. The
finding provides a methodology of re-triggering travel flux during the weakening spread
stage of the epidemic.

Author summary

Human infectious diseases spread from their origins to other places with population
movements. In order to curb the spatial spread of infectious diseases, many countries and
regions may introduce some travel restrictions when the epidemic is severe, and reopen
the borders as the epidemic eases. This process involves some important issues such as the
start and end time of travel restrictions, the geographical scope of the implementation of
the exit strategy, and the allowable passenger flow on traffic lines. Here, we integrate
multi-source data with a mathematical model, and consequently develop a new method to
determine the travel flux in epidemic areas. As an application, we use this method to cal-
culate when and where the travel restrictions targeting COVID-19 in China in early 2020
could be lifted, and how to optimize passenger flow along the traffic lines among the
reopened cities. The testable predictions indicate that the population flow in accordance
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Introduction

In December 2019, the first COVID-19 case caused by infection with the coronavirus
SARS-CoV-2 was reported in Wuhan [1]. The coronavirus then quickly spread out nationally
[2] and internationally [3]. To prevent the spread of the novel virus, unprecedented measures
such as travel restriction, quarantine and isolation followed by contact tracing were introduced
by the Chinese government [4]. Most notably, strict travel restrictions were imposed on
Wuhan and nearby cities from 23 January 2020. Subsequently, the highest level of alert and
responses to the public health emergency were activated in mainland China [4]. The restric-
tions on mobility were also imposed on many other countries around the world to mitigate the
spatial spread of SARS-CoV-2 [5]. Several studies have evaluated the effect of travel restrictions
on the spread of SARS-CoV-2 [6] and have demonstrated that the lockdown imposed on
Wuhan combined with measures to control movements in and out of the city reduced the
number of domestic [7] and international [8] infections.

In epidemiology, a term (cordon sanitaire) refers to the restrictions of movement of people
into or out of a specific area such as a community, city or country [9]. In addition to respond-
ing to COVID-19 [10], cordons sanitaire have also been established to stop the spread of other
infectious diseases such as the 2001 foot and mouth disease epidemic in Britain [11], the 2003
SARS epidemic in China [12], the 2009 HIN1 flu epidemic in Mexico [13] and the 2014 Ebola
epidemic in West Africa [14]. Reduced mobility between areas plays a potentially important
role in decreasing transmission [15, 16], but it also has a potential social and economic impact
[17, 18]. Once infectious disease or diseases are under control or successfully contained in
some specific areas, the reopening of borders has been put on the agenda. However, it is not
clear how to balance the trade-offs between inter-regional mobility and the risk of potential
new outbreaks. Determining where and when restrictions on mobility can be relaxed and the
design of a new orderly movement pattern fall within the scope of this study.

In the most extreme case, the cordon is not lifted until the infectious disease is extinguished
[19], but it is not suitable for curbing a large-scale emergent epidemic [20], and hence many
countries are facing a balance between reopening and preventing the epidemic from rebound-
ing. A number of studies formulated mathematical models including mobility to investigate
the effect of massive movements on new infections [21-24]. However, few studies have focused
on the trade-off between mobility restrictions and virus spread. Preparing for a responsible
lockdown exit strategy [25] has been extremely important not only for the ongoing COVID-19
epidemic [26], but also for future pandemic outbreaks. Most integrated studies on mobility
data and the spatial spread of infectious diseases are based on meta-population models [27].
Combining the model with mobility data, Linka et al. [28] provided an exit strategy for the
travel ban in Canada. In their study, they made reopening forecasts by updating the fraction
by which the baseline movement matrix was multiplied and running the model repeatedly.
Once some acceptable simulations were obtained, the corresponding movement matrixes were
translated into suggestions to guide population mobility. Based on the same model, Rukta-
nonchai et al. [29] assessed the impact of coordinated COVID-19 exit strategies across Europe.
Similar to the work of Linka et al. [28], they simulated their model under different parameter
sets and initial states and found that appropriate coordinated exit strategies greatly improved
the possibility of curbing the spread of COVID-19 in Europe.
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Although meta-population models have provided a rich and nuanced perspective on pre-
dicting epidemic spread [30] and evaluating the effectiveness of interventions on mobility
[31], they would become highly complex and difficult to compute if more spatial heterogeneity
was introduced [26]. Another limitation of the previous studies is that the methods were based
on adjusting parameters or updating initial states. This approach generally only provides some
suggestions on the order [29] or degree [28] of reopening in some epidemic areas, and does
not provide relatively detailed information on where and when the restrictions on mobility
can be relaxed, nor answer what kind of population movement pattern among various areas is
optimal. To our best knowledge, there is just one study [32] in which the authors developed a
method to determine the optimal travel flux in epidemic areas and applied their method in the
Netherlands. Given the time horizon and regional division, Gosgens et al. [32] proposed an
optimal function which was positively related to mobility and negatively related to infections.
However, their method is computationally too expensive because it involves updating regional
divisions and solving a meta-population epidemiological model.

To solve the difficulties induced by the meta-population model, by defining a diffusion dis-
tance, we have reduced the complex spatiotemporal spread of virus into a simple wave mode,
and formulated a reaction diffusion equation. In this study, we further extend the reaction dif-
fusion system to a reaction diffusion-drift equation, where the drift term corresponds to deter-
ministic travel fluxes. Instead of testing different movement patterns, here we develop a novel
multi-source data fusion method that can integrate the model with data to calculate the opti-
mal travel flux in epidemic areas. Unlike the work of Gosgens et al. [32], our objective function
and constraints give a convex optimization, which means that the global optimum is available.
As a case study, we test this method with data for mainland China where a strict lockdown was
implemented in early 2020. We can thus obtain the specific timings for reopening, select suit-
able cities and determine the travel fluxes among these cities that would allow them to reopen
as well as keeping the epidemic from rebounding.

General methods
Diffusion distance

The complexity of human mobility, especially via air traffic and high-speed train, has recon-
structed subregions around the world into a high-dimensional spatial structure, which makes
it increasingly difficult to model the spread of emerging infectious diseases. To describe the
quick spread of infectious diseases over long distances using a simple reaction-diffusion system
[33], we define the “diffusion distance” based on the mobility network (MN) among various
locations. The mobility network (MN) [34] is a directed weighted network, and the weights of
the edges between pairs of nodes (locations) are the relative population flow among them. It is
very important to note that the absolute passenger flux between two locations is not important
in this study. What we want to characterize is that the traffic has made a new ranking of the
connections among different cities. Let (X, A, u) be a measure space, W(x, y) be the direct
population flow from location x € X to location y € X and W(x, x) = 0 for any x € X. Based on
this, we define an affinity function A(x, y) with

W(x,y) + Wy, x)
2 [ W(x, y)du(x)dpu(y)
for (x # y) and A(x, y) = 1 for (x = y) to quantify the connectivity between location x and loca-

tion y. In other words, A(x, y) represents the average of the relative population flow from one
location x to another y and from y to x.

Alx,y) = (1)
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Our affinity function A(x, y) gives a symmetric and positivity preserving kernel on space X.
Particularly, A(x, y) would transform the mobility network (MN) into an undirected graph
with edge weight A(x, y) if X is a set of the nodes of MN. The quantity P(x, y) = A(x, y)/%, A(x,
y) can be viewed as the probability for a random walker on X to make a step from the vertex x
to vertex y. Naturally, we get the transition matrix P and the stationary distribution c of this
Markov chain given by c(x) = ¥, A(x, y)/Z., A(x, y). Let PO(x, y) be the element of P (the pow-
ers of matrix P) given a scale parameter [, we then define the diffusion distance Dy(x, y)
between any locations x and y in space X by

D/(x,y) = Zﬁﬂ’% o) - Py, z>>2> , 2)

which is a special form of the general diffusion distance [35], and PO(x, 2) represents the prob-
ability of transition from x to z in [ steps. For a sufficiently large /, there is a diffusion map [36]
that embeds the points {x € X} into a low-dimensional Euclidean space R" in an approximately
isometric manner. That is to say, the diffusion distance of any two points in X is approximately
equal to the Euclidean distance between the points where they are mapped in R". It is worth
noting that Brockmann and Helbing [34] once constructed an effective distance to reduce the
complex spatiotemporal spread of infectious disease to a simple wave propagation pattern.
Although the effective distance succeeds in giving the pair of points with higher connectivity a
smaller distance, the lack of symmetry makes it only a quasi-distance. The diffusion distance
(2) in this paper actually defines a metric in space X, and D/(x, y) would also be small if there
are many paths connecting x and y. We use diffusion distance instead of effective distance here
to let the involved mathematical operations such as limit and isotropic weighting make sense
in this study.

Reaction diffusion-drift equation

For an epidemic outbreak in the space X, we let p(t, x) denote the density of infectious individ-
uals who can move freely and contact others at location x € X at time f. In the perspective of
diffusion distance, the evolution of density for infectious individuals can be modeled by a sim-
ple reaction-diffusion equation:

% = pAp(t, x) + R(t, x)p(t, x). (3)
Eq (3) states that, in each small region, the rate of change in the density of infectious individu-
als (left-hand side) is balanced by the physical movements with constant diffusion rate y and
the net reproduction of infectious individuals. Note that the net growth rate R(¢, x) is formu-
lated as R(t, x) = A(t, x) — T'(t, x) with the incidence rate A(t, x) and removal rate I'(, x). The
incidence rate is the average number of adequate contacts with susceptibles of a typical virus
carrier per unit time [37], and is given by

s(t, x)
n(t,x)

A(t,x) = BC(t, x) , (4)
where £ is the transmission probability, C(t, x) is the average contact rate of one person with
other individuals, and depends heavily on the intensity of intervention measures. s(f, x) and n
(t, x) denote the density of susceptible individuals and the total number of free-moving indi-
viduals, respectively.
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Facing severe epidemics (e.g., COVID-19), countries around the world have adopted mea-
sures such as entry-exit testing and regional lockdown to curb the spatial spread of the pan-
demic [5]. From a mathematical point of view, this type of interventions introduces a potential
function U = -y In(p) to counteract diffusion and to maintain a non-uniform density p(t, x) in
space X. The mobility of infectious individuals is restricted by these interventions since yAp +
V.(pVU) = 0. The key idea we pursue in this paper is to design a reasonable lockdown exit
strategy. To achieve this goal, we introduce another unknown potential function V which
determines the net travel flux from one location to another in X. Combining the function U
and function V together (i.e., F = U+ V), we get the complete reaction diffusion-drift equation
[38, 39], which has the following form:

% — 9Ap + V.(pVF) + Rp. (5)
The second term of the Eq (5) represents the spatial movements of individuals induced by the
deterministic travel flux —VF in X. Obviously, the Eq (5) describes the dynamics of the epi-
demic under complete lockdown if V =0 (or, VV = 0), and it would be Eq (3) without any
regional lockdown if V = ¥ In(p). What we want to do here is to find an optimal V to lift the
strong lockdown without causing a second outbreak in the epidemic area.

Lockdown exit strategy

Lifting travel restrictions and restarting travel flux may cause an increase in the contact rate C
(t, x) in the selected subregions. We denote € to quantify the variation in the contact rate if a
new travel flux is initiated. Thus, the net growth rate R(¢, x) can be adjusted to a behavior-
related growth rate R(t, x, €) = A(t, x, €) — I'(t, x) with

s(t,x)

Altx,€) = B((1 = () +eC(0,2) T8,

(6)

We denote C(0, x) here to represent the normal contact rate at location x. Obviously, the lifting
of travel restrictions has no effect on the net growth rate if € = 0, and the local behavior of indi-
viduals has completely returned back to normal if € = 1. Although the incidence rate A(t, x)
also depends on interventions such as testing, contact tracing and isolation [40], we only intro-
duce an adjustment factor € to summarize the variations here without considering the details
because the purpose of this paper is to explore the lockdown exit strategy.

A good lockdown exit strategy should first ensure that the relaxation of travel restrictions
would not cause a second outbreak of epidemics during the weakening spread stage. In other
words, the changing rate in the density of infectious individuals dp/Jt should not be positive
after a new deterministic travel flux —V V(t, x) is initiated at some time ;. It is summarized by
the mathematical expression:

V.(p(t, x)VV(t,x)) + R(t, x, €)p(t, x) <0 (7)

for any time ¢ € [t,, t;), where t; is the end time of this travel flux. Here, the diffusion term is
cancelled out by the vector field induced by potential function U.

I. Where and when. Considering the lockdown subregions {Q;, Q,, ..., Q,,} C X and
assuming that the growth rate R(%, x, €) is homogeneous in each subregion Q(i=1, 2, ..., m).
We integrate the inequality (7) on Q = |J!", Q; and obtain

Xm:/g V.(p(t,x)VV(t,,x))du(x) + zm:R(t, Q,e)I(t,Q,) <0, (8)
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where I(t,Q,) fQ (t,x)dp(x) is the number of infectious individuals in subregion Q; at

time t. Without loss of generality, we assume that the lockdown exit strategy is only imple-
mented among the candidate subregions {Q;, €, . . ., Q,,}, which means that the infectious
individuals moving out from one candidate subregion must enter another one, so the total
divergence remains zero. Consequently, >~ | R(t,Q;, €)I(t,Q;) < 0 is a necessary condition
for lifting the strict lockdown in Q. According to Lemma 1 (S1 Text), the subregions {Q;, Q,,
., Q,,,} satisfying this necessary condition can be selected to initiate some new travel fluxes.
We introduce a logical variable &; here to indicate whether the lockdown exit strategy can be
implemented in the subregion Q; and obtain the following zero-one programming,

max lezm:é,
ZRtQ 1(t,Q,)¢, < 0, ©)

¢ €40,1}.

Where, §; = 1 means that the subregion Q; can be selected to initiate a new travel flux at time ¢,
and &; = 0 means that the travel restrictions cannot be lifted at this point in time. Maximizing
the objective function H; to get more subregions where the travel restrictions can be lifted. We
can look at the 0 — 1 integer linear programming (9) from two perspectives. On the one hand,
we can solve programming (9) at any fixed time #; to get the available subregions. On the other
hand, we can also focus on the subregions to determine the available time.

II. How. Given the available subregions {Q}, {,, . . ., Q,,}, infectious density p(t, x) and
growth rate R(t, x, €), we hope to determine the potential V(#,, x) by solving inequality (7).
This is a big challenge, we solve it here based on the approximation theory of diffusion maps
[35, 36], one important theory used in this paper. Assuming that the individuals are homoge-
neous in each subregion, then {Q;, Q,, . . ., Q,,} can be regarded as a set of points sampled
from the probability density function f(to, x) = p(to, x)/1(ty, X). Denote the kernel function

1
(n/6)"?

where Dy(€;, Q)) is the diffusion distance (2) between €; and Q;, k is the dimension of the
embedding space R* corresponding to the diffusion maps [35], and & is a parameter adjusting

—0D?(Q;,9;)

e P10, (10)

Ké(Qi’ Qj) =

the kernel width. Based on this kernel, we construct a Laplacian graph Ls ,, through the follow-
ing procedure. Set

K;(©Q, Q)
K(S.m (QH Qj) = : ’
| VOO K€, @) (7, K (€, )
Ké.m (Qi7 Q)
Qé.m(Qi7Qj) = -

ij:1 Kéﬁm (Qia Qj) 7
then the graph Laplacian L ,, = 46(Qs,,,, — E,») converges to the Kolmogorov operator £

(Lemma 2 in S1 Text). That is

lim L(MZL‘:V(IH‘D)-V—}-A, (11)

m—0o0

where E,, is an identity matrix with dimension m x m. For the Gaussian kernel, the bandwidth
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\/1/4 is usually set as the median value of the distances between all samples. Similar to the
vector V™ = [V(to, Q,), V(to, D), . . ., Vlte, Q,)] 7, we let R™ and p("’) denote the restriction
of functions R(f, x, €) and p(ty, x) to the candidate subregions, and then construct the follow-
ing inequality

diag(Ls, V™ + R™)ptm < 0", (12)

where diag(d@) denotes the diagonal matrix generated by vector @, and 0™ is a zero vector
with dimension m. Comparing inequality (12) and (7), the convergence of the Laplacian graph
Ls, (11) implies that any solution V™ of inequality (12) is a good approximation to the
potential V we want to determine, and the error would be very small if the sample sizes m are
large enough.

We have already mentioned that V = 0 means that there is a complete lockdown in the epi-
demic area X, and V = y In(p) means that there is no restriction. Our lockdown exit strategy
here is to lift travel restrictions as much as possible without worsening the epidemic. There-
fore, we give the following optimization to determine V™

min  H, = [|[V®™ —yIn(I™)|?,
(13)

s.t. L,V + Rm < otm,

Where I = [I(t,, Q,), I(to, Qo), . . ., I(fy, Q,,)]%, and the constraint of optimization (13) is
derived from the inequality (12) because p™ is positive in epidemic area. Note that we use the
number of infectious individuals instead of density in the cost function H, because the latter is
difficult to quantify in actual data, and the degree of real lockdown is usually adjusted by the
size of the number of regional infectious individuals rather than their density. Without loss of
generality, we assume that the calculation result yields V(t,, ;) > V(t,, ;) for i < j because we
can always achieve it by adjusting the order of the subregions. The drift process in model (5) is
the movement of infectious individuals from the region with high potential to nearby regions
with low potential, which leads us to define a net flow matrix J among the distinct subregions
with

Jij = max{gij(v(tﬂ?gj) — V(t,Q))/D)(Q;, ), 0}, (14)

where the parameter 6;; > 0 adjusts the net population outflow from subregion Q; to other ;.
Consequently, this movement strategy yields a patch model

ai(t,Q,) &
T = Z (]i,jI(t7 Qj) - ]inI(t, Qi)) + R(t, in E)I(t, Qi) (15)
p
withi=1,...,mand t € [to, t;). Similar to water flow, the net population movement repre-

sented by the matrix J always moves from subregions with higher potential to subregions with
lower potential. For the parameter 6; j, we develop a source-sink method (S1 Text) to deter-
mine it. So far our lockdown exit strategy in the lockdown subregions has been quantified by
the matrix J. To meet the real needs, we further extend the one-way movement matrix J to a
non-negative matrix B to present the two-way movements through a population balance equa-
tion with random noise

~

(t,Q,

i

I(t, Q)

]

~—

+ 1+ 5)]1,]" (16)

where the random noise from & breaks the expected balance in movements. Note that the
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factor & should not be less than —1 and & = 0 means an optimal two-way mobility represented
by matrix B. The testable simulations are based on system (15) with the matrix B.

Real applications

As a verification and test of the method, we apply it to the context of the COVID-19 epidemic
with strict control in Mainland China from the end of 2019 to the early part of 2020. We inte-
grate the data from different sources into our method and finally give a movement strategy
among the representative cities in Mainland China. More details about calculation and simula-
tion can be found in S1 Text.

Data

The migration indexes were collected from a website http://qianxi.baidu.com which is an open
big data platform including the daily immigration rate and emigration rate of each city in
Mainland China. These indices are obtained by dividing the number of people moving out
(in) from the current city by the total number of people moving out (in) from all cities in
Mainland during the same period. Specifically, a greater migration index in a city is associated
with its more outbound (inbound) events by rail, air and road traffic. Although the migration
index quantifies the movement of a population, it does not track the movement directions and
trajectories of individuals. In other words, the migration index ranks the mobility of popula-
tion in different cities but does not provide a quantity for the population flow from one city to
another. We selected the cities with the top 25 immigration rate or top 25 emigration rate as
the objects of our case study.

The population flow from one city to another is derived from other data. Generally, the
population flow from one region to another depends on many factors [41] such as the local
population size [42, 43], economic level [44] and geographic distance between them [45]. In
this study, the per capita Gross Domestic Product (GDP) (corresponding to the local economic
level) and the number in the resident population (the local population size) are obtained from
the China Statistical Yearbook 2019 [46] and are summarized in S1 Text. The geographic dis-
tance between each pair of cities was collected from the Baidu Maps (https://map.baidu.com).
Based on these data, we estimated the relative population flow among the selected cities with
high migration indices for further analysis.

We obtained the number of daily confirmed COVID-19 cases and the cumulative number
of confirmed cases between 23 January and 24 February from the National Health Commis-
sion of the People’s Republic of China [47]. Although there will be a time lag in reporting, it is
believed that the number of confirmed cases reflect the true epidemic situation in each city.

Mobility network and diffusion distance

We show the distribution of the migration indexes of the selected cities in Fig 1A, and rank
these cities according to the mean value of the migration index. These selected cities are mainly
divided into labor-intensive export cities with large populations (Chonggqing, Zhoukou, Lang-
fang, etc.) or cities with developed economies (Beijing, Shanghai, Guangzhou, Shenzhen, etc.).
Due to the Spring Festival, the emigration rate in these cities does appear to be higher than the
immigration rate, but the cities ranked by two indices show a high degree of overlap (Fig 1A).
Beijing and Guangzhou with the highest emigration rate also had the highest immigration

rate. Thus, despite the effect of returning home during the Spring Festival, the population
moving out of and into a city still has a weak symmetry. To compensate for the lack of direc-
tionality of the migration index, we estimate the direct population flow W;; from any subregion
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https://doi.org/10.1371/journal.pcbi.1009473.9001

Q; to subregion €, (i # j) with the gravity model [48]

leflM{fz
i = GT/,jy (17)

where G is a proportionality constant, M; and M, are the quantitative representation of “mass”
(the mean of population size and GDP) in the subregions Q; and Q;, respectively. The constant
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r is the characteristic length that governs the decay of population flow with geographic distance
r;;. The parameters 0, and o, tune the dependence of population flow to the regional mass. The
estimation of parameters is derived from a global scale study by Balcan et al. [49].

The statistical results show that the estimated population flow W;; from region Q; to region
Q; and the estimated population flow W;; from region ; to region Q; are highly symmetrical
(S1 Fig), which is indeed different from the population movement during the Spring Festival.
This initially counterintuitive result makes sense when we consider that the population size in
each city is always relatively stable and the gravity model is not modeled for a specific period.
To further illustrate the reliability of our estimated results, we compared the estimated relative
outflow from Wuhan to another 295 cities in China with the real aggregate population outflow
(Fig 1B), where the real data come from the work of Jia et al. [2]. The estimated relative outflow
from Wuhan show a significant correlation with the real data, and the correlation coefficient is
0.63 with the p-value less than 107, It is worth noting that the existing data only focus on the
population outflow from Wuhan, which can neither form a complete mobility network nor
form cross-validation to train the gravity model. Here, we construct an undirected mobility
network (MN) with the edges weighted by the relative population flow after symmetrization
(1) and visualize it in Fig 1C. The undirected weighted network shows that there were high
population flows (the darker edges in Fig 1C) among the cities with the larger population sizes
(bigger red dots) and the eastern cities with more developed economies in mainland China.
This means that more SARS-CoV-2 carriers came to these cities than to other weakly con-
nected cities before the strict lockdown, which implies that there would be more severe epi-
demics in these strongly connected cities. Later statistics on the geo-temporal spread of
COVID-19 in China [6, 47] fully support this conclusion. In short, it is believed that using the
estimated population flow to characterize the connectivity between cities is as reliable as real
data.

By defining a new diffusion distance (2) derived from the mobility network (MN), we
replace the conventional geographic distance by this new metric and visualize the diffusion
distances from Wuhan to other selected cities in Fig 2. The length of polar paths connecting
Wuhan to other cities in this pandemic invasion tree is the estimated diffusion distance.
Interestingly, in the perspective of diffusion distance, Guangzhou is the closest city to
Wuhan among the 29 cities, while Fuyang, which has the closest geographical distance to
Wuhan, has become the farthest. Moreover, it follows from Fig 2A to 2D that the diffusion
distance re-shapes the irregular and complicated spatiotemporal spread patterns of
COVID-19 in the conventional geographic perspective [6, 47] into a regular, wavelike solu-
tion (i.e., the epidemic first reaches the regions closest to the initial outbreak city). Specifi-
cally, COVID-19 cases outside of Hubei Province are first confirmed in Beijing and
Shenzhen, and the diffusion distance between Wuhan and them are also shorter than most
other cities (Fig 2A). On 20 January 2020, confirmed cases were also reported in Shanghai
and Huizhou. Although Shenzhen, Shanghai, Beijing and Huizhou are in the top 11 cities
with the smallest diffusion distance from Wuhan (Fig 2B), on 21 and 22 January 2020,
COVID-19 cases were confirmed in the cities with larger diffusion distance from Wuhan
(Fig 2C and 2D). From this sequence of panels, we find that the shorter the diffusion dis-
tance to Wuhan, the earlier the confirmed cases appear, which implies that to a great extent,
the diffusion distance can reflect the order of disease spread from the epicenter to other cit-
ies. This provides the evidence that our redefined diffusion distance reshapes the spatial
spread of the SARS-CoV-2 into a wave-like solution, which led us to connect the spread pat-
tern of COVID-19 with the classical reaction diffusion system [50] in the perspective of dif-
fusion distance.
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https://doi.org/10.1371/journal.pcbi.1009473.9002

Net growth rate

Based on this novel notion of distance, we model the complex spatiotemporal spread patterns
of COVID-19 by a simple reaction-diffusion Eq (3) where the diffusion rate ¥ and net growth
rate R can be estimated from real data. In the early stages of COVID-19 spread, the spatial
movements of infected individuals were mainly from the initial outbreak city Q, to others.

Assuming that the infected individuals and net growth rate are homogeneous in each city Q;,

we get the following ordinary differential equation for the dynamics of the epidemic (details in
S1 Text):

TED) o 010,0,) + R Q)1(1.0), (18
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where y,(t) is the degree of movement from the initial outbreak city Q, to other cities Q; and
assuming that the movement rate y;(f) was constant y; (particularly, y, o< —y) before lockdown
and was 0 during the period of lockdown. In China, the travel ban and the first level response
to major public health emergencies were initiated on 23 January 2020 [8], which definitely pre-
vented the movement of population while these measures also reduced the contact rate
between people. Therefore, we assume that the incidence rate A(t, Q;) (4) contains an activa-
tion function h(t) = 1/(1 + ¢"~) [51] adjusting the contact rate, where t, is the critical time
point of 23 January 2020. In addition, we can simplify the incidence rate (4) to BC(#, x) since s
(t, x) was very close to n(t, x) in the early stages of COVID-19 in China. Consequently, during
our research period, the regional net growth rate can be approximated by

R(t,Q) = A(Q)h(t) - T(Q), (19)

where A(Q;) is the maximal incidence, I'(Q;) is the removal rate.

Due to reporting delays and infection detection durations, we assume that the daily number
of reported new cases I (t, Q,) is proportional to the numbers I(t — 7;, Q;) of infectious individ-
uals at 7; days ago, where the reporting time-delay 7; is region specific. Therefore, a dynamic
system for the daily number of reported new cases is given by

di(t,Q)

dt = Vi(t - Ti)j(t - T+ To» Qo) + R(t - Ty Qi)j(t7 Qi)' (20)

To this end, we initially estimated the unknown parameters in each city Q; by MCMC methods
[52], and then the regional growth rate can be approximated by formula (19) using the esti-
mated parameters. Specifically, we initially fit the model (20) to the daily number of reported
new cases in city €y and obtain the estimates for parameters (i.e., ¥o, 7o, A(€0), I'(Q0),
1(0,9Q,)) associated with this city. Secondly, once we have estimates for all parameters about
the initial outbreak city €}y, we then apply the same procedure to estimate the relevant parame-
ters (¥ 7. A(Q;), T(Q;)) and initial value I (0,Q,) for each city Q; by fitting model (20) to the
daily number of reported new cases in city Q;. The mean values of the estimated parameters
and their standard deviations are listed in S1 Table. Fig 3A-3C displays the fitted results of the
daily number of reported new cases and the estimated net growth rate in three cities (Wuhan,
Chongging and Wenzhou) with the largest peak of confirmed cases in all 29 cities.

The estimated net growth rate R(t, Q;) shows a visible decline in these three cities after 20
January 2020 (Fig 3A-3C), which coincides with fact that on 20 January 2020 confirmation of
human-to-human transmission of SARS-CoV-2 was announced and COVID-19 was incorpo-
rated as a notifiable disease in the Infectious Disease Law and Health and Quarantine Law in
China [53], by which individuals became aware of the risk of disease and started to consciously
protect themselves. The net growth rate of these three cities was reduced to zero on about 23
January 2020 (Fig 3A-3C), which indicated that the lockdown of Wuhan and the first-level
emergency response in other cities greatly reduced the exposure rate and resulted in a balance
between the incidence rate and the removal rate of infected individuals (mainly caused by
medical isolation and deaths) in the free moving population. After 23 January, the estimated
net growth rate in the three cities decreased to negative values (Fig 3A-3C), indicating that the
epidemic curve of new infections in these cities should peak around 23 January 2020, which
coincides with the results that the epidemic curve of illness onset peaked around 26 January in
China [47] and the median incubation period of Chinese COVID-19 patients was 3 days [54].

It is worth noting that there exists a lag between the time when the net growth rate R(¢, Q,)
reaches zero and the time when the daily number of reported new cases peaks due to the incu-
bation period of COVID-19 [54, 55] and the delays between diagnosis and case reports. From
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net growth rates and the numbers of reported cases in each city. D: The estimated reporting time delays in all 29 cities. These reporting time delays are region specific.

https://doi.org/10.1371/journal.pchi.1009473.9003

Fig 3A to 3C, we find that these delays are region specific. Our estimated reporting time delays
in all 29 cities are shown in Fig 3D, which illustrates that the delays varied between different
cities. This is in agreement with a population-level observational study [56] which showed that
there were large differences between Wuhan and other cities in China in terms of reporting
time delay. On average, except for Wuhan with a reporting lag of 19 days, the reporting time
delays in other cities were less than 15 days, and the numbers of infected individuals in most

cities were diagnosed within 10 days.

Where can be unlocked?

To investigate where and when the lockdown exit strategy can be implemented among the
selected 29 cities, we solved the optimization problem (9) with various adjustment factors e
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https://doi.org/10.1371/journal.pcbi.1009473.9004

and plot Fig 4 to visualize our calculation results. Note that the adjustment factor € quantifies
the changes of contact rate after lifting the travel restrictions (6), and the larger the value of e
the higher the contact rate.

Fig 4 shows that the travel restrictions could not be lifted during the whole study period in
all 29 cities if € was not less than 0.54. This implies that if the incidence rate A(t, ;) cannot be
maintained at a low level through interventions such as focussing on hygiene, keeping social
distancing and maintaining bans on large gatherings, travel restrictions cannot be lifted until
the number of infected individuals falls below the local invasion threshold [34]. If the change
of contact rate caused by lifting of travel restrictions is relatively small, for example € = 0.47
(Fig 4), our calculation results indicate that except for densely populated cities such as
Chengdu, Chongqing and Guangzhou, the strict travel restrictions in the other 25 cities could
be lifted after 26 January. In particular, for an extremely small value of € (for example € = 0.1 in
Fig 4), travel restrictions in most cities only need to last one day, and it is not necessary to
impose strict travel restrictions on the cities such as Langfang, Suzhou, Ningbo, Beijing, Hefei,
Wuxi and Guiyang. That is to say, the strict travel restrictions can be lifted early or even be
unnecessary in more cities if other mild interventions such as keeping social distance, wearing

masks and improving hygiene can maintain the contact rate at a lower level. It is worth noting
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that the lifting of travel restrictions we are discussing here only implies a non-zero movement
rate of the population among the selected cities, not that the individuals can move freely.

The level of new traffic flow

Although we have determined that where and when the lockdown exit strategy can be imple-
mented by solving the optimization problem (9), the details on how to implement the lock-
down exit strategy has not been provided yet. In order to obtain the level of optimal traffic
flow from one city to another, we first calculate the potential V{(#,, Q;) for each viable city Q; at
available time #, by solving the optimization problem (13). Here we calculate potentials for the
selected cities on 6 February (two weeks after the lockdown of Wuhan) with different adjust-
ment factors. From the optimization (13), we know that the potential of each city is related to
the growth rates and the numbers of infectious individuals in all selected cities, as well as the
diffusion distance among them. In Fig 5A, we plot the estimated potential versus the growth
rate, the logarithmic number of cases, and the average diffusion distance to other cities. Each
of these dots represents a city. We can clearly see that, with an adjustment factor € = 0.39, the
cities with larger growth rates and more COVID-19 cases tend to have higher potential, but
the estimated potential does not show a clear correlation with diffusion distance. We further
investigate the correlation between estimated potential and these three factors under different
contact rates. From Fig 5B, we find that the estimated potential is significantly correlated with
the number of COVID-19 cases when the contact rate is relatively low and is significantly cor-
related with the growth rate when the contact rate is high. However, there is no significant lin-
ear correlation between the potential and diffusion distance. In fact, such results fully meet the
requirements of our lockdown exit strategy (13). We hope to remove travel restrictions as
much as possible without making the epidemic more severe. This is easier to achieve when the
growth rate of COVID-19 cases is lower.

Once we have calculated the potential for each selected city, we define a net flow matrix J
(14) and then approximate the reaction diffusion-drift process (5) into a patch model (15). Fig
4 shows that the lockdown exit strategy can be implemented among Langfang, Suzhou, Beijing,
Changsha, Wuxi and Ningbo on 6 February 2020 when € = 0.5. We give the net flow matrix
among them in Fig 5C. Generally, a city with a higher potential also has more outflows (bot-
tom left corner in Fig 5C), for example, Langfang compared with Ningbo. Although the poten-
tial does not show a significant correlation with the diffusion distance, it seems that the
outflow population from one city is more likely to reach the closer city (bottom right corner in
Fig 5C). Note that the net flow matrix is a lower triangular matrix which means that it only
quantifies a one-way net flow of population from the place with high potential to another one
with low potential, and cannot reflect the two-way flow of population between the two cities in
the actual situation. Here we give a two-way travel strategy through the balance Eq (16) with-
out noise, which shows that the relative movement rate B;; from city €2; to city Q; can be deter-
mined as long as the opposite movement B;; is given. This provides a quantitative reference for
the travel flux, that is, the direct travel flow from one city to another (or vice versa) can be lim-
ited to meet the balance equation, which reduces the risk of secondary outbreak of COVID-19
in these cities.

As a special case, we let the travel flow B;; from city €, to city Q; be 1, and then calculate the
relative travel flow B;; from city €, to city €; according to the balance Eq (16). We visualize the
calculated results in Fig 5D where the order of cities is ranked according to the number of
COVID-19 cases. The value in each cell (i, j) of this heatmap is log,o(B;;B;; = 1) which is the
relative travel flow from city Q; to city €; after a logarithmic operation. The values in the trian-
gular area above the antidiagonal of the heatmap are positive, while the values below the
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https://doi.org/10.1371/journal.pcbi.1009473.9005

antidiagonal are negative, and the cells far away from the diagonal are associated with larger
absolute values. This indicates that the travel flow from a city with a severe epidemic to a city
with a mild epidemic should be smaller than the travel flow in the opposite direction, and the
difference between two opposite travel flows increases as the numbers of COVID-19 cases in
two cities have a larger difference. It is worth noticing that the relative travel flow between
Wuhan and other cities is very different in the two directions (Fig 5D), which means that in
order to satisfy the balance Eq (16), the size of the population traveling from Wuhan to other
cities should be much less than the size of the population going to Wuhan from other cities.
This conclusion is a result of our lockdown exit strategy and is obtained for a specific date, 6

February 2020. Note that our method can calculate the optimal population flows among
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selected cities at any specific time , as long as this time meets the restrictions of zero-one pro-
gramming (9).

Testable predictions

To test our lockdown exit strategy, we ran the patch model (15) with some movement matri-
ces. As a baseline, we first sample from the estimated movement rates (S1 Table) to form a
basic movement matrix. Once the basic movement matrix is obtained, we replace the matrix J
in the patch model (15) with it and run model (15) to obtain the predictions of the daily num-
ber of reported COVID-19 cases. In Fig 6A, we visualize the simulations in Guangzhou, where
the involved movement is a basic movements matrix. In this movements pattern close to the
real situation, the epidemic in Guangzhou begins to rebound when the adjustment factor € for
the contact rate exceeds 0.35 (Fig 6A). On the one hand, it shows that unrestricted movements
of the population are likely to cause a second COVID-19 epidemic in Guangzhou. On the
other hand, it also reveals that the growth rate plays a core role in the development of the epi-
demic, and that prevention of the epidemic can also be achieved by reducing the effective con-
tact rate instead of imposing a strict travel ban.

To compare our proposed travel pattern with the baseline movements, we simulate the
patch model (15) with movement matrix B (16). In Fig 6B, we set the interference term & in the
balance Eq (16) to 0, and then simulate the time series of the daily number of reported
COVID-19 cases with some acceptable variations in the contact rate. In the first part of our
lockdown exit strategy, we already know that this strategy cannot be implemented in Guang-
zhou if the adjustment factor € is not less than 0.47 (Fig 4). We test the acceptable situations
and find that the risk of a secondary outbreak of COVID-19 in Guangzhou is greatly reduced
according to our calculated movements (Fig 6B). The calculated optimal movements always
satisfy a noise-free balance Eq (16) which actually requires the difference between the two-way
movements of the population between two cities to be equivalent to the net flow. We further
explore what will happen if the balance is broken by some random noise. Here we first con-
sider low noise randomly sampled from the intervals (0, 1) or (-1, 0) as the value of £ In Fig
6C and 6D, we show the simulations with & > 0 (we call this positive noise) and £ < 0 (negative
noise), respectively. It seems that the positive noise contributes to the extinction of the
COVID-19 epidemic in Guangzhou, while the negative noise increases the risk of the second
outbreak. This further supports our idea about the lockdown exit strategy, that the population
should move from the cities with higher potential to low-potential cities, because the move-
ment matrix B with positive noise enhances the effect of the net flow matrix J while negative
noise is resisting this pattern.

In order to further verify the effectiveness of the travel scheme that we have designed, we
simulate the estimated time series of the daily number of reported new cases for all selected cit-
ies in our proposed travel pattern and the baseline travel pattern (S2 Fig). Similar to the simu-
lations in Guangzhou, different travel patterns hardly affect the transmission of COVID-19 in
all cities if the value of € is relatively small, while with € increasing, our proposed travel scheme
has notable advantages in preventing the second outbreak of disease in the selected cities.
These findings suggest that it is essential for traffic resumption to coincide with reducing the
contact rate by wearing masks and maintaining social distancing. Moreover, our designed
travel flux pattern will provide a flow scheme to avoid inducing the second outbreak even if
the contact rate cannot reach the relatively low level. The simulations in Guangzhou (Fig 6C)
show that a moderate increase in the movements flow toward the cities with low potential is
beneficial to the prevention and control of the epidemic. However, from S3 Fig we find that if
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Fig 6. Testable predictions of the number of daily cases reported in Guangzhou under our lockdown exit strategy. A: The baseline movements induce a secondary
outbreak of COVID-19 in Guangzhou easily. B: The travel pattern we present does not cause a secondary outbreak. C-D: The simulations based on our travel pattern
with positive and negative noise, respectively.

https://doi.org/10.1371/journal.pchi.1009473.9006

the positive noise is too strong, the movements still increase the number of COVID-19 cases in
many cities.

Conclusion and discussion

With the improvement of the epidemic situation, the prevention and control strategies (lock-
down, social distancing and others) in epidemic areas have been adjusted accordingly. In
order to avoid the second outbreak of the epidemic, when, where and at what level individuals
can flow normally are the critical problems that need to be decided. In this study, we redefined
a measure of diffusion distance derived from the underlying mobility network instead of geo-
graphic distance and embedded it to a reaction diffusion equation to describe the spread of
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infectious disease in the population without interventions. We further extend the reaction dif-
fusion model to a reaction diffusion-drift model with diffusion process and drift process of the
population. On the basis of the extended spatiotemporal spread model, we developed a novel
method to explore when and where and to what level travel flux can be triggered during the
late stage of an epidemic using the divergence theorem and diffusion map theory, and under
this designed movement pattern among various subregions a second outbreak due to individu-
als’ movement is impossible.

In the case study, analyzing data on a migration index from 1 to 22 January 2020 gave the
top 25 cities with the highest emigration/immigration rates, respectively, and suggested
twenty-nine cities with the most movements in mainland China. The mobility network among
them is reconstructed from the population size and per capita GDP of each city using a gravity
model [48]. We consequently integrated the multi-source data to our method and retrospec-
tively determined the movement matrix of the population among the selected cities at the “cor-
rect” time. Specifically, the estimated growth rate and the number of infected individuals
determine where and when the lockdown exit strategy can be implemented. The obtained
travel flux of populations among the selected cities is actually the net flow of the population
moved from a city with high potential to others with low potential. Finally, we test our travel
scheme in the selected cities and find that initiating a new traffic flux among these cities
according to our designed travel scheme does not cause a second outbreak of COVID-19.

It is worth noting that the case study in this paper is geographically specific, since the data
for mainland China used here are more complete and regular than those for other countries,
but we hope that the approaches we have used are applicable more generally. In particular,
under the condition that the COVID-19 epidemic is still not under full control, all countries
have started to resume work and production. Our method provides a possible reasonable travel
flux scheme under which individuals’ movements cannot induce the second outbreak. There
are still some features and issues about our method to be discussed.

Note that the growth rate of the epidemic and the mobility network of the population are
actually input variables in our method, and the estimates of them are part of the preparatory
work. The estimation of the growth rate is not limited to a specific method. In the initial out-
break stages where almost all of the population are susceptible (i.e., S(#)/N(t) ~ 1), we simpli-
fied the incidence (4) and then fitted the time series of the number of infected individuals
using our model to obtain the estimates. For a general community where this simplification is
not applicable, the growth rate can also be estimated from epidemic data using the back-track-
ing method [37].

Lacking available data, we reconstructed the mobility network using a gravity model [48],
which takes into account that the links between cities are positively related to their economic
activities [57] and population densities [42, 43], but negatively related to the geographic dis-
tance [45]. The gravity model provides a feasible approach to estimate the mobility among
major cities in mainland China. It is interesting to note that the closer the economic links, the
more the high speed trains and flights [58], which has broken the limits of physical distance on
mobility. The traditional physical distance is then less significant, hence we adopt the diffusion
distance here.

There are three free parameters involved in our method, the transfer step size [ in the diffu-
sion distance (2), the dimension k of the embedding space in the Gaussian kernel (10) and the
diffusion rate y in the optimization (13). In the case study, we chose [ = 25, k= 2 and y = 0.03
which is the estimated —y, (S1 Table). We evaluated the variations of these parameters in a rel-
atively large parameter space and found that the changes have little effect on our lockdown exit
strategy. Specifically, the change of parameters k and y almost has no effect on the minimum-
centered potential (S4 Fig), but increasing the parameter ! reduces it (S4 Fig). Although the
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variation of [ affects the value of the estimated potential, the order of estimates has not
changed. Cities with higher potential always have higher estimated potential, and the simula-
tions of numbers of COVID-19 cases only rise slightly under extremely large [ (54 Fig).

Supporting information

S1 Fig. Outflow versus inflow. The estimated relative population flow among these cities
exhibits a high degree of symmetry.
(EPS)

S2 Fig. Predictions of reported numbers of daily cases in all cities. The sub-figures in the
left column are the simulations in our movement pattern. The sub-pictures in the right column
are the simulations in the baseline movement pattern. The simulations in Wuhan are not
shown in the graphics window.

(EPS)

S3 Fig. Predictions of reported daily cases in all cities. The impact of variations in noise and
contact rates on our lockdown exit strategy. The simulations in Wuhan are not shown in the
graphics window.

(EPS)

S4 Fig. The sensitivity of the estimated potential to three free parameters. A-C: The esti-
mated potential function and the variation of potential with changes in the parameters. The
variation is the distance between two potential functions with adjacent parameter values. Little
variation means that the parameter change has little effect on the calculation of the potential.
D: Simulations of reported numbers of daily cases in all cities. The adjustment factor € = 0.45
and the potential are minimum-centered.
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S1 Text. Theory and method supplement of this paper. This text provides the computational
details and theory supplement for the main text.
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S1 Table. The estimated values of parameters and initial values. Estimated epidemiological
parameters of each city are listed in this table.
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S1 Data. Data used in the case study. Included in this document are the epidemiological data
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