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Human settlements are embedded in traffic networks with hierarchical structures. In order to understand the spreading
mechanism of infectious diseases and deploy control measures, the susceptible-infected-removed spreading process is stud-
ied with agents moving globally on the hierarchical geographic network, taking into account agents’ preference for node
layers and memory of initial nodes. We investigate the spreading behavior in the case of global infection under different
scenarios, including different directions of human flow, different locations of infection source, and different moving behav-
iors of agents between layers. Based on the above-mentioned analysis, we propose screening strategies based on layer rank
and moving distance, and compare their effects on delaying epidemic spreading. We find that in the case of global infection,
infection spreads faster in high layers than in low layers, and early infection in high layers and moving to high layers both
accelerate epidemic spreading. Travels of high-layer and low-layer residents have different effects on accelerating epidemic
spreading, and moving between high and low layers increases the peak value of new infected cases more than moving in the
same layer or between adjacent layers. Infection in intermediate nodes enhances the effects of moving of low-layer residents
more than the moving of high-layer residents on accelerating epidemic spreading. For screening measures, improving the
success rate is more effective on delaying epidemic spreading than expanding the screening range. With the same number
of moves screened, screening moves into or out of high-layer nodes combined with screening moves between subnetworks
has better results than only screening moves into or out of high-layer nodes, and screening long-distance moves has the
worst results when the screening range is small, but it achieves the best results in reducing the peak value of new infected
cases when the screening range is large enough. This study probes into the spreading process and control measures under
different scenarios on the hierarchical geographical network, and is of great significance for epidemic control in the real
world.

Keywords: disease spreading, hierarchical geographical networks, screening strategies
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1. Introduction
Epidemic spreading has been a global issue owing to fast

development of transportation systems. Establishing more re-
alistic epidemic spreading models is of great significance for
understanding the mechanism of the spreading process and
taking appropriate control measures. Traditional compartment
models such as the susceptible-infected-removed (SIR) and
susceptible-infected-susceptible (SIS) models[1] assume ran-
dom and homogeneous mixing of population, and each mem-
ber in a compartment is treated similarly and indistinguishably
from the others in the same compartment, ignoring the con-
tact structure of individuals. Network models[2–5] can grasp
contact structures among people and have been a major ap-
proach to study epidemic spreading via human contacts, e.g.,
severe acute respiratory syndrome and influenza. However,
contact structure varies when human moves between settle-
ments, and network models neglect the diffusion of human.
Therefore, metapopulation network models[6–8] are proposed

where nodes represent subpopulations such as countries, cities
and districts within a city, or even shopping malls, schools and
homes, and links between the nodes represent traffic routes
between subpopulations. The metapopulation models assume
random and homogeneous mixing within subpopulations and
human can diffuse along the links. Metapopulation network
models are widely used in epidemic spreading with human
moving, especially large-scale spatial spreading of epidemic
through civil aviation and railway networks.[9–13]

In recent years, structure of metapopulation networks has
been a hot spot due to its significant influence on human mov-
ing and epidemic spreading. Researchers have shown that de-
gree heterogeneity of metapopulation network could sustain
the reaction activity in the limit of vanishing density of par-
ticles, suppressing the critical point in density-driven phase
transitions,[14] and strong heterogeneity would lead to high
degree of predictability for globally spreading epidemics.[15]

Modularity and assortativity, i.e., rich-club property, also have
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deep impact on the spreading velocity and outbreak size.[16,17]

In addition, influence of more complicated structures is stud-
ied. In multiscale mobility networks, compared with long-
range airline traffics, short-scale commuting flows were found
to contribute little to global spreading of epidemics.[18] By an-
alyzing the data regarding epidemic of measles and pertussis in
Iceland during 1888–1990, Watts et al. found that the distribu-
tion of outbreak size is not bimodal as it is generally believed,
but rather flat, and the new cases are resurgent throughout
an outbreak of the epidemic. Different from previous human
moving models that were restricted to mixing on two scales,
which were called “local” and “global”, Watts et al. consid-
ered the traffic network as multi-layered and human moving
as multi-scaled, and established a hierarchical metapopulation
model which could well explain the extreme size variation and
temporal heterogeneity.[19] To mimic multiscale mobility be-
haviors and the organization of traffic systems embedded in
realistic geography, Han et al.[20] proposed a hierarchical ge-
ographic network model, upon which a random walker gen-
erated a power-law-like travel displacement distribution with
tunable exponents, in accordance with empirical observations
reported by Brockmann et al.[21] Also, Zhao et al.[22] found
a hierarchical structure contributed to the resurgent and mul-
tiscale behavior of epidemics, implying high unpredictability
of epidemic spreading. Moreover, Han et al.[23] studied epi-
demic spreading on hierarchical geographical networks with
randomly walking agents, clarifying the relation between epi-
demic peak timing and pertinent demographic factors and pro-
viding a quantitative discussion of the efficiency of a border
screening procedure focused on delaying epidemic outbreaks
by reducing long-range travels.

Apart from the metapopulation network structure, human
behavior is also an important factor to consider in epidemic
spreading. More and more studies have shown that the tim-
ing of many human activities, ranging from communication
to entertainment and work patterns, follow non-Poisson statis-
tics, characterized by bursts of rapidly occurring events sep-
arated by long time of inactivity, rather than Poisson distri-
bution assuming that human actions are randomly distributed
in time.[24–26] Non-Poisson nature of the contact dynamics re-
sults in slowing down of the spreading and prevalence decay
time significantly larger than that predicted by the standard
Poisson process based models,[27,28] which mainly stems from
weight-topology correlation and the burst activity pattern of
individuals.[29] Human moving trajectories also exhibit non-
Poisson characteristics. Brockman et al.[21] analyzed the dis-
posal of bank notes in the United States and extracted the scal-
ing laws of human travel, i.e., the human travel distance r and
the rest time tw between displacements obey the heavy-tailed
distribution p(r)∼ r−(1+b) and p(tw)∼ t−(1+a)

w , respectively,
where they predicted a = b = 0.6. Further, similar results

were found by studying the trajectories of mobile phone users
whose position was tracked, with individuals’ significant prob-
ability to return to a few highly frequented locations.[30] Based
on the findings, Ni and Weng[31] studied the impact of travel
pattern on epidemic dynamics in heterogeneous spatial net-
works and clarified the significant dependence of occurrence
probability of global outbreaks on travel distance, waiting time
and memory effects of human travel. Wang et al.[32] found that
due to the human mobility pattern, Bluetooth viruses spread
slowly, offering ample time to deploy countermeasures. Apart
from the non-Poisson property, influence of other moving be-
haviors was studied. Compared with random walk, recurrent
mobility patterns rendered saturation of the spreading veloc-
ity with an increasing travelling rate,[33–35] while dynamical
condensation[36,37] and objective travelling[38] through short-
est path from origin to destination facilitated epidemic spread-
ing. By analyzing human mobility data captured by mobile-
phone traces, Song proposed an explore and preferential return
model, which stressed the preference for frequently visited lo-
cations and explained the mechanism of number of distinct lo-
cations visited, visitation frequency and ultraslow diffusion in
human moving process. Barbosa further found that human not
only tended to move to frequently visited locations, but also
had preference for recently visited locations. Therefore, the
random walk model cannot accurately describe human mov-
ing process.

In view of the above analysis, this paper establishes
an epidemic spreading model with agents moving globally
with layer preference and memory of initial nodes on a hi-
erarchical geographical network. We first investigate on hu-
man moving and epidemic spreading under different scenar-
ios, including different directions of human flow, locations
of infection source, and moving behaviors between agents
in each layer. Based on the analysis, we propose mitigation
strategies respectively focusing on high-layer nodes and long-
distance moves, and compare their effects on delaying epi-
demic spreading.

2. Model
The epidemic spreading model in this paper consists of

three sub-models: network model, human mobility model, and
local infection model.

2.1. Network model

We use the form of hierarchical geographical network
model reported in Ref. [20] to describe the transportation sys-
tem in the real world. There are H layers with N1 nodes in the
first layer and node number expansion rate q between layers h
and h−1, thus the number of nodes in layer h is

Nh = N1×qh−1, (1)
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and the total number of nodes is

N =
N1(qH −1)

q−1
. (2)

Each node is randomly distributed in an S× S continuous
square with a pair of values of x and y within the interval [0,S)
to represent its coordinates. It should be noted that the Eu-
clidean distance between each pair of nodes is measured un-
der the periodic conditions, thus the maximum Euclidean dis-
tance between two nodes is S

√
2/2. Further, to study epidemic

spreading on different scales, the whole network is divided
into N1 subnetworks by the N1 first-layer nodes and the lower-
layer nodes under them, thus moving and infection within or
among the subnetworks are considered to be local or global,
respectively.

2.2. Human mobility model

The total number of agents in the system is M = A×N,
where A is the average number of agents in a node. Each agent
i is assigned to an initial node n, corresponding to its perma-
nent residence in the real world, and agent i is called a resident
of its initial node n. Probability of i assigned to n is propor-
tional to ωhn , where hn is the layer of n, and 0 < ω < 1 is to
adjust the difference of average number of residents in a node
between each layer. Agents are all located in their initial nodes
before the moving process begins.

We consider that agents move globally with preference
for layers and memory of initial nodes. A highly developed
traffic system enables human to arrive in any corner of the
world in one day, thus in the model, agents can visit any node
in the network in a time step, which is different from most
metapopulation network models where agents can only visit
neighbor nodes of their current nodes in a time step. Human
moving process is modeled as follows.

(i) Travel For each agent i located in its initial node n,
at each time step, i leaves n with probability ptravel and enters
node m along the shortest path with the probability

p(n→ m)∼ hµ
m

qhm−1N1
× d−(1+β )

mn

N(dmn)
, (3)

then it goes to step (ii); otherwise, i stays in node n and goes to
step (i) again at the next time step. Here hm is the layer of m,
qhm−1N1 is the number of nodes in layer hm, dmn is the distance
between n and m, which is the sum of Euclidean distances be-
tween adjacent pairs of nodes along the shortest path from n to
m. To count the number of nodes at different distances from a
node, we divide the distance between nodes into several inter-
vals, each of which has a length of S/100, and N(dmn) is the
number of nodes whose distance from n is within the distance
interval of dmn. The first item on the right side of Eq. (3) ex-
presses the preference for layers with an adjustable parameter

µ , and µ > 0 means that agents tend to enter low-layer nodes
when they move, otherwise agents tend to move to high-layer
nodes. Therefore, the value of µ determines the direction of
the human flow. The second item on the right side of Eq. (3)
expresses the preference for distance when agents move with
an adjustable parameter β .

(ii) Wait When i arrives in node m, it will be assigned
a waiting time tw that is drawn from the heavy-tailed distribu-
tion p(tw)∼ t−(1+α)

w (1 6 tw 6 Tmax), where α is an adjustable
parameter governing the distribution of tw and Tmax is the max-
imum waiting time in a non-initial node. Here i stays in m for
tw time steps then goes to step (iii).

(iii) Return or drift After waiting for tw time steps in
node m, i will return back to its initial node n along the short-
est path with probability preturn, then starts again from step (i)
at the next time step; otherwise, it will drift to another non-
initial node j that is chosen according to Eq. (3), followed by
step (ii).

n

m

i

i

j

↩preturn

preturn

pleave

p↼tw↽~tw
−(1+α)

Fig. 1. Human moving process in a hierarchical geographical network
with H = 3 and q = 2. Larger nodes represent higher-layer settlements.

2.3. Local infection model

Local infection process is described by the SIR model.
At each time step, each agent contacts with k other agents in
the same node. In addition, each agent that moves at the time
step additionally contacts with k other agents in each interme-
diate node it passed between the origin node and the destina-
tion node during the move. When a susceptible agent contacts
with an infected agent, the susceptible one gets infected with
probability pSI if the contact occurs neither in the intermediate
nodes of the infected agent nor in the intermediate nodes of the
susceptible agent, or with probability r× pSI otherwise. At the
same time, infected agents are removed with probability pIR at
each time step.

At the first time step, agents are all susceptible and lo-
cated in their initial nodes. In order to make the population
distribution stable in each layer, we let agents move under the
model rules for 1000 time steps before the infection is intro-
duced. We set the initial infection in layer hinit by randomly
choosing an agent in hinit as the initial infector, i.e., infection
source. We fix the model parameters as default parameter set-
tings in all the following discussions, unless a given parameter
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value is differently specified: the network parameters S = 100,
H = 4, N1 = 6, q = 6, thus N = 1554; the human moving
parameters A = 100, M = 155400, ω = 0.5, ptravel = 0.005,
preturn = 0.8, µ = 0, β = α = 0.6 and Tmax = 365; and the
infection parameters k = 5, pSI = 0.06, pIR = 0.1, r = 0 and
hinit = 1.

3. Simulation results
3.1. Human moving and epidemic spreading under differ-

ent scenarios

According to Ref. [21], the Euclidean distance of human
moving obeys power-law distribution p(r) ∼ r−(1+b), which
can also be generated in our model. Figure 2(a) shows the
power-law exponent b decreases from 1.55 to 0.42, as µ de-
creases from 2.0 to −2.0, indicating that moving to high lay-
ers increases the frequency of long-range moves. The propor-
tion of global moves between different subnetworks decreases
as µ increases, as shown in Fig. 2(b), because of the shorter
distance between high-layer nodes and other subnetworks. In
addition, we compare the number of intermediate nodes in a
move of the residents of each layer. Figure 2(c) shows that res-
idents of low layers pass more intermediate nodes in a move
than residents of high layers. In addition, moving to high lay-
ers further reduces the number of intermediate nodes for high-
layer residents, while it increases the number of intermediate
nodes for low-layer residents.

Spreading velocity and propagation scale are two impor-
tant concerns in epidemic spreading dynamics. In the SIR
model, the spreading velocity is often measured by the peak
timing of new infected cases, and the propagation scale is mea-
sured by the proportion of the removed agents at the end of the
infection, i.e., at the time when there are no infected agents
left. However, propagation scale is not appropriate to measure
the spreading risk, due to the different spreading behaviors, in-
cluding surging or ultra-slow increase of the infected agents,
and rapid extinction or ultra-slow decrease of them. For ex-
ample, slowly increasing the number of infected agents with
long time scale leads to large propagation scale, but the risk is
low due to the sufficient time to deploy mitigation measures.
Therefore, more attention should be paid to the spreading ve-
locity in the case-growing phase of the spreading process. The
peak timing of new infected cases is also not enough to mea-
sure the spreading velocity, because it only expresses the time
it takes for an infection to reach its maximum value of new in-
fected cases, i.e., the peak value, and the peak value is also an
important index of the spreading velocity. In this study we fo-
cus on large-scale spreading of epidemics, i.e., global spread-
ing, in which infected nodes exist in every subnetwork. In this
case, the peak value and peak timing of new cases, respectively
represented as C(τ) and τ , are used to measure the velocity of
the spreading, with larger C(τ) and smaller τ corresponding to
larger spreading velocity.

0.1 1 10
10-6

10-5

10-4

10-3
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µ=-2
µ=0
µ=2p
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E
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dE

-2 -1 0 1 2
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p
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1 2 3 4

1.2

1.6
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2.4

h
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µ=0
µ=2

µ

(c)(b)(a)

Fig. 2. Impact of preference for layers on human moving behavior. (a) The move-length distribution of agents under different µ , where the
move length is measured by the Euclidean distance. (b) The proportion of global moves as a function of µ . (c) The number of intermediate
nodes in a move of residents of each layer under different µ . All the results are averaged by 100 runs, each of which lasts for 103 time steps.

We first investigate the influence of hinit and µ on the
spreading velocity in each layer. Figures 3(a) and 3(b) display
C(τ) and τ of each layer respectively in the case of different
µ and hinit. Infection always spreads faster in high layers than
in low layers regardless of the preference for layers and loca-
tion of infection source, while moving to low layers and early
infection in low layers reduce the difference of spreading ve-
locity between high and low layers. This is because of the
aggregation of agents in the relatively small number of high-
layer nodes. Then we study the influence of hinit and µ on the
overall spreading velocity. Figure 3(c) shows that the infec-
tion spreads faster when hinit is smaller, and smaller µ further
accelerates epidemic spreading, indicating that early infection
in the high-layer nodes and moving to the high-layer nodes

both accelerate epidemic spreading. A node is infected when
there are infected residents in it. Therefore, a node gets in-
fected by two means: resident-induced infection and visitor-
induced infection. Resident-induced infection is caused by
the return of infected residents that get infected in other non-
initial nodes, and visitor-induced infection is caused by resi-
dents of the node that get infected by infected visitors enter-
ing the node. Due to the faster infection in high-layer nodes,
moving to the high-layer nodes increases the proportion of
visitor-induced infection of high-layer nodes, while it reduces
the proportion of visitor-induced infection of low-layer nodes,
as shown in Fig. 3(d). This result also indicates that larger pro-
portion of nodes in high layers get infected by visitor-induced
infection than in low layers, and resident-induced infection is
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the main form of node infection. Here hinit has little influence
on the proportion of visitor-induced infection of each layer, as
shown in Fig. 3(e). In the real world, moving behavior dif-
ferences exist among residents of different layers due to the
position in the traffic system and social relations. In this paper
we mainly discuss two aspects of layer-related moving behav-
ior differences that may have influence on epidemic spreading,
i.e., travel frequency and preference for layers.

To represent the differences of travel frequency between
residents of each layer, we first set the average travel proba-
bility of all the agents as ptravel, thus the average number of
agents travelling from their initial nodes at each time step is
Minit (t)× ptravel, where Minit (t) is the total number of agents
that are in their initial nodes at time t. Next, we consider that
the number of travelling agents of layer h is proportional to hλ

at each time step, where λ governs the degree of the difference
in the number of agents travelling from each layer. Thus the
number of agents travelling from layer h is

Mh
travel (t) = Minit (t)× ptravel×

hλ

∑
H
h=1 hλ

, (4)

and the travel probability of agents of layer h is

ph
travel (t) =

Mh
travel (t)

Mh
init (t)

. (5)

For λ = 0, the number of travelling agents of each layer is
equal, and larger λ means that there are more agents travel
from low layers than from high layers. To ensure that residents
in high layers do not run out, leading to insufficient population
in high layers to continue the moving process, λ can not be too
small.

Figure 4 exhibits C(τ) and τ versus λ . Figures 4(a) and
4(b) shows the case of hinit = 1 and hinit = 4, respectively,
with no infection in the intermediate nodes considered, i.e.,
r = 0. Curves of C(τ) have different trends under different µ .
C(τ) increases monotonically as λ increases from 0.0 to 4.0
in the case of µ = −2, while C (τ0) increases first and then
decreases in the case of µ = 2. This can be explained as fol-
lows. As residents in low layers are more dispersed, travel of
low-layer residents is conducive to making residents of more
nodes contact with each other. According to Figs. 3(a) and
3(b), agents in high layers get infected earlier. When µ is
small, larger λ causes susceptible residents of more nodes to
move up and contact with infected agents in high layers, thus
increases resident-induced infection and C (τ0) increases with
λ . However, when µ is large, moving of low-layer residents
no longer causes more resident-induced infection, due to more
moves between low-layer nodes and contact between suscepti-
ble agents, which contribute little to the infection. At the same
time, visitor-induced infection decreases as λ increases due
to fewer infected agents travelling from high layers. There-
fore, C(τ) first increases and soon decreases with λ in the
case of µ = 2. Here τ increases monotonically as λ increases.
According to Fig. 3(c), moving to the high-layer nodes ac-
celerates the spreading process. When λ is small, there are
relatively more agents travelling from high layers, leading to
easier exchange of agents between subnetworks due to the
shorter distance between high-layer nodes and other subnet-
works, which accelerates the spreading process and reduces
τ .
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Fig. 3. Epidemic spreading under different preference for layers and location of infection source. (a) C(τ) and τ of agents in each layer under
different µ . (b) C(τ) and τ of agents in each layer under different hinit. (c) Overall C(τ) and τ versus hinit under different µ . (d) Proportion
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different hinit. Each point is generated from 500 simulations of global infection.
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Figure 4(c) shows the case that the infection in interme-
diate nodes is considered under hinit = 1 and µ = 2. Different
from the case of r = 0, C(τ) increases monotonically with λ

under r = 0.5 and r = 1. Larger r leads to larger difference
in C(τ) and smaller difference in τ among cases of different
λ . This is because low-layer residents go through more inter-
mediate nodes than high-layer residents in a move, and when
r 6= 0, larger λ makes low-layer residents participate in the
infection of more high-layer intermediate nodes, take the in-
fection to other susceptible high-layer nodes, and bring the in-
fection to their initial nodes, thus increases C(τ) and reduces
τ .

To study the influence of the difference of preference for
layers between residents of each layer on epidemic spreading,
we first set λ = 0 to ensure that the number of agents moving
from each layer is the same at each time step. We consider that
residents of layer h has the same layer preference coefficient
µh, and the layer preference coefficients of all layers are con-
sidered as an arithmetic progression, with the average value
µ and tolerance ∆µ . Thus the layer preference coefficient of
residents of layer h is

µh =

(
h− H +1

2

)
×∆µ +µ, (6)

where µ is set as 0, and ∆µ > 0 means that residents of high
layers are more inclined to moving to high-layer nodes and
residents of low layers are more inclined to moving to low-
layer nodes, while ∆µ < 0 means the cross-layer moving pat-
tern.

Figures 5(a) and 5(b) shows the cases of hinit = 1 and
hinit = 4, respectively, with r = 0. As can be seen from the fig-

ures, C(τ) decreases monotonically as ∆µ increases. Accord-
ing to Figs. 3(a) and 3(b), infection spreads faster in high-layer
nodes than in low-layer nodes. Cross-layer moving pattern
enhances both visitor-induced infection by high-layer infected
agents moving to low-layer susceptible nodes, and resident-
induced infection by low-layer susceptible agents moving to
high-layer infected nodes, thus increases C(τ). When r = 0, τ

first decreases then increases as ∆µ increases under hinit = 1,
while τ increases monotonically under hinit = 4. This phe-
nomenon can be explained as follows. Larger ∆µ makes
moves between high-layer nodes more frequent, and when the
infection source is in the high layers, the infection can quickly
spread to all the high-layer nodes, thus accelerates the spread-
ing process and reduces τ . However, larger ∆µ also makes
residents of low-layer nodes, which accounts for most part of
the total population, move to low-layer nodes, slowing down
epidemic spreading. Therefore, when ∆µ is too large, τ in-
creases. On the other hand, when the infection source is in
low-layer nodes, smaller ∆µ instead facilitates the quick infec-
tion of high-layer nodes due to the cross-layer moving pattern.
It also makes low-layer residents move to high-layer nodes,
which further accelerates the spreading process. Thus τ in-
creases monotonically as ∆µ increases.

Figure 5(c) shows the case that infection in intermediate
nodes is considered for hinit = 1. As r increases, the curve of
τ gradually loses the decrease phase and increases monoton-
ically. This is because larger r enhances the effects of cross-
layer moving on the quick infection of high-layer nodes, by
low-layer residents participating in the infection of more in-
termediate high-layer nodes when ∆µ is small.
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3.2. Screening strategies based on layer rank and moving
distance

Border screening is a common strategy to prevent epi-
demics from spreading to other discrete settlements.[39,40]

However, effectiveness of border screening is still contro-
versial. For example, confronted with the bursts of severe
acute respiratory syndrome (SARS), Chinese government im-
plemented entry screening policy which turned out to be very
effective in preventing SARS from spreading to more cities.
However, some research on travel restriction stated that travel
restriction is highly ineffective in containing epidemics.[10] In
this paper, we propose two kinds of screening strategies re-
spectively aiming at moves into or out of high-layer nodes,
and moves of long distance.

As we know from the analysis above, moving to high-
layer nodes is more conducive to reducing τ , and moving be-
tween high-layer and low-layer nodes is more conducive to in-
creasing C(τ). Thus, strategy I is to weaken the spreading by
shutting down high-layer nodes, i.e., preventing agents from
moving into or out of high-layer nodes. On the other hand,
global moves increase the contact range of agents and reduce

the proportion of repeated contact between agents from dif-
ferent nodes, thus facilitates the spreading. Hence, to achieve
better effects, preventing moves into or out of high-layer nodes
should be together with preventing global moves, which is
strategy II.

In order to ensure the feasibility, for strategy I we choose
nodes in the top two layers to implement move screening in se-
quence from 1st -layer nodes to 2nd-layer nodes, and nodes are
chosen randomly in the same layer. As N1 = 6 and q = 6, the
maximum number of target nodes is N1 +N2 = 42 and Ns = 6
represents move screening for 1st -layer nodes. For strategy II,
moves between subnetworks are also screened besides move
screening for high-layer nodes. In addition, the probability
that a chosen move is successfully screened is set as ps = 0.8,
which serves as the measure of success rate of the screening
strategy. If a move is successfully screened when the agent is
returning, then the return probability of the agent is 1 before
the agent arrives in his initial node, representing that the trip
out of the initial node is finished. Once the agent arrives in the
initial node, his return probability is 0.8 again.
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Fig. 6. Effects of strategy I and strategy II on delaying epidemic spreading under different µ . (a) Ms versus Ns for strategy I and strategy II
under µ = −2 and µ = 2. (b) C(τ) and τ versus Ns for strategy I under µ = −2 and µ = 2. (c) C(τ) and τ versus Ns for strategy II under
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under µ = 2. Each point is generated from 500 simulations of global infection.

Figure 6 exhibits the results of strategy I and strategy II.
Figure 6(a) shows the average proportion of moves screened
out of all the moves in a time step before τ , which is repre-
sented as Ms, versus the number of target high-layer nodes Ns

for strategy I and strategy II under µ = −2 and µ = 2. These
two strategies screen more moves when µ is smaller. Ms in-
creases monotonically as Ns increases, and the curves have

larger slope when Ns 6 N1 = 6, especially under µ = −2. In
addition, strategy II screens more moves than strategy I. The
difference in Ms between the two strategies becomes smaller
as Ns increases, and their difference is larger under µ = 2 than
under µ = −2, indicating that screening for high-layer nodes
can effectively screen out global moves when agents tend to
move to high-layer nodes, but it is not effective when agents
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move to low layers. Figures 6(b) and 6(c) show C(τ) and τ ver-
sus Ns under different µ respectively for strategy I and strategy
II. The curves of C(τ) and τ for strategy I have similar trends
with them for strategy II. C(τ) decreases monotonically as Ns

increases, especially sharply when Ns 6 N1 = 6, which is op-
posite to the trend of Ms versus Ns, while the curves of τ have
similar trends with Ms versus Ns. Figures 6(d)–6(e) show the

comparison of the effects between strategy I and strategy II

respectively under µ = −2 and µ = 2. Strategy II has better

effects in delaying epidemic spreading than Strategy I with the

same value of Ns, and the difference of their effects increases

under larger µ due to the enlargement of the difference of Ms

according to Fig. 6(a).
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At the same time, we investigate on the screening strat-
egy focusing on moves of long distance, which is strategy III.
Here we set the distance threshold dc, and moves with distance
that is larger than dc at the time step will be screened with ps.
Figure 7(a) exhibits Ms as a function of dc under µ = −2 and
µ = 2.Ms decreases monotonically, and the curves of Ms be-
come flatter as dc increases. Ms under µ = 2 decreases faster
when dc is small, while Ms under µ = −2 decreases faster
when dc is large. The shape of the curves of Ms versus dc

depends on the distribution of the moving distance under dif-
ferent µ . Figure 7(b) exhibits C(τ) and τ versus dc under dif-
ferent µ . Similarly, as dc increases, the curves of C(τ) and τ

become flatter. It is noticeable that strategy III achieves better
results in delaying epidemic spreading when µ is large, as τ

under µ = 2 increases much faster than τ under µ =−2 as dc

decreases.
In the real world, Ms is an important factor to consider,

and our goal is to minimize the value of Ms, at the same time
meet the effects of delaying epidemic spreading. Expanding
the screening range, i.e., increasing the number of target high-
layer nodes for strategy I and strategy II, or reducing the value
of dc for strategy III, and increasing the success rate ps, both

can enhance the effects of delaying spreading, at the same time
increase Ms. Thus, we discuss which method can achieve bet-
ter results with the same Ms. Figure 8 shows the results of
the three screening strategies with Ms in the case of different
screening range and µ , and the value of Ms corresponds to dif-
ferent ps in each case. Under the same value of Ms, smaller
Ns with larger ps has better effects than larger Ns with smaller
ps. Similarly, larger dc with larger ps has better effects than
smaller dc with smaller ps for strategy III. Their difference is
larger under µ = 2 than under µ = −2. This indicates that
increasing the success rate of screening strategies for higher-
layer nodes and longer-distance moves is more effective in de-
laying epidemic spreading than expanding screening range.

According to Fig. 2, agents moving to high-layer nodes
increases the frequency of global moves and long-distance
moves. Therefore, strategy I, strategy II and strategy III have
similar effects in delaying epidemic spreading. However, they
still have their own characteristics. Figures 9(a)–9(f) exhibit
the comparison of the results of the three strategies with Ms in
the case of different ps and µ , and the value of Ms corresponds
to different screening range in each case.

0.1 0.2 0.3
0.010

0.011

0.012

98

100

102

104

106

0 0.05 0.10 0.15

0.007

0.008

160

168

176

184

0.1 0.2 0.3 0.4 0.5

0.009

0.010

0.011

0.012

99

102

105

108

0 0.1 0.2

0.006

0.007

0.008

160

180

200

0.1 0.2 0.3 0.4 0.5 0.6 0.7

0.006

0.008

0.010

100

110

120

0 0.1 0.2 0.3

0.004

0.005

0.006

0.007

0.008

160

180

200

220

240

260

Ms Ms

Ms Ms

Ms Ms

τ

τ
τ

τ

C
(τ
)

τ

C
(τ
)C
(τ
)

C
(τ
)

C
(τ
)

τ

C
(τ
)

(a) (b)

(c) (d)

(e) (f)

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

τ(I↽
τ(II↽
τ(III↽

τ(I↽
τ(II↽
τ(III↽

τ(I↽
τ(II↽
τ(III↽

τ(I↽
τ(II↽
τ(III↽

τ(I↽
τ(II↽
τ(III↽

τ(I↽
τ(II↽
τ(III↽

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

C(τ)(I↽
C(τ)(II↽
C(τ)(III↽

Fig. 9. Comparison of the results of the three strategies with Ms in the case of different µ and ps: (a) µ =−2, ps = 0.4, (b) µ = 2, ps = 0.4, (c)
µ =−2, ps = 0.6, (d) µ = 2, ps = 0.6, (e) µ =−2, ps = 0.8, (f) µ = 2, ps = 0.8. The value of Ms corresponds to different screening ranges in
each case. The solid points represent C(τ) and hollow points represent τ . Each point is generated from 500 simulations of global infection.

128901-9



Chin. Phys. B Vol. 28, No. 12 (2019) 128901

Figures 9(a) and 9(b) show the comparison of the results
respectively in the case of µ =−2 and µ = 2 under ps = 0.4,
and Figs. 9(c)–9(d) and Figs. 9(e)–9(f) show the comparison
of the results in the case of different µ under ps = 0.6 and
ps = 0.8. With the same value of Ms, the three strategies have
similar effects on delaying epidemic spreading under µ =−2,
because most global moves and long-distance moves start or
end in high-layer nodes. However, when µ gets larger, larger
proportion of global moves and long-distance moves are be-
tween low-layer nodes. Thus, the differences in the effects
between the strategies become larger. Besides, larger µ also
weakens the role of high-layer nodes in accelerating spread-
ing, thus strategy II achieves smaller C(τ) and larger τ than
strategy I with the same Ms.

Strategy III has the worst effects when Ms is small. This
is because for strategy III, small Ms corresponds to large dc,
which means that moves of extremely long distance will be
screened. In this case, moves between low-layer nodes ac-
count for a large proportion of the moves screened due to
the long distance between them, which contribute less to the
spreading velocity than moves into or out of high-layer nodes.
As Ms increases, strategy III can screen global moves, even
moves between high-layer and low-layer nodes within a sub-
network. At the same time, strategy III limits the moves of
agents within the range of dc, thus reduces the number of
nodes whose agents can contact with each other. In contrast,
strategy I does not reduce the move range of agents, and strat-
egy II only limits moves within each subnetwork. Therefore,
when Ms increases, strategy III reduces C(τ) and increases
τ more obviously than strategies I and II. When Ms is large
enough, strategy III has the best effects in reducing C(τ), while
strategy I has the worst effects. However, strategy III does not
outperform other strategies in increasing τ , because it is less
effective than strategies I and II on screening moves into or out
of high-layer nodes.

4. Conclusion and discussion
The objective of this paper is to probe into the mecha-

nism of epidemic spreading in hierarchical geographical net-
works under different scenarios and deploy more targeted mit-
igation strategies to control epidemic spreading. We build an
epidemic spreading model which consists of three sub-models:
hierarchical geographical network model with periodic bound-
ary conditions, human moving model with agents’ preference
for node layers and memory of initial nodes, and local infec-
tion model of SIR.

We investigate the spreading behavior of global infection
under different scenarios, including different directions of hu-
man flow, different locations of infection source, and different
moving behaviors of agents between each layer. We find that
(1) epidemics in high layers always spread faster than in low

layers regardless of the agents’ preference for layers and lo-
cation of infection source. Early infection in high layers and
moving to high layers both accelerate the spreading process.
(2) Travel of high-layer and low-layer residents have differ-
ent effects on accelerating epidemic spreading. Travel of res-
idents of high-layer nodes is more conducive to reducing the
peak timing of new infected cases. Travel of residents of low-
layer nodes is more conducive to increasing the peak value
of new infected cases, but only when agents tend to move to
high-layer nodes, and the effects of travel of low-layer resi-
dents on increasing the peak value is weakened when agents
move to low-layer nodes. Moving between high and low lay-
ers increases the peak value of new infected cases more than
moving in the same layer or between adjacent layers, and it
also reduces the peak timing when the infection source is in
the low layers. (3) Considering that low-layer residents pass
more intermediate nodes in a move than high-layer residents,
the infection in the intermediate nodes enhances the effects of
the move of low-layer residents on epidemic spreading more
than the effects of the move of high-layer residents. In general,
moving to high-layer nodes and moving between subnetworks
reduce the peaking timing of new infected cases, and moving
between high and low layers increases the peaking value of
new infected cases. Different from the previous studies that
focus on nodes in high layers and with large degree, the find-
ings highlight the role of agents in low-layer nodes in epidemic
spreading, especially when infection in the intermediate nodes
is considered.

Based on the above analysis, we have proposed screen-
ing strategies to reduce the risk of infectious disease spreading
from two perspectives of node layer and moving distance and
compared the inhibitory effects of different strategies. It is
found that (1) screening moves into or out of high-layer nodes
can screen out most global moves when agents move to high
layers, but it is not effective when agents move to low layers.
Screening long-distance moves achieves better effects when
agents tend to move to low layers than to high layers. (2)
With the same number of moves screened, improving the suc-
cess rate is more effective than expanding the screening range
for all three screening strategies. (3) With the same number
of moves screened, the three strategies have similar results in
delaying epidemic spreading when agents move to high lay-
ers. Screening moves into or out of high-layer nodes combined
with screening moves between subnetworks has better results
than only screening moves into or out of high-layer nodes
when agents move to low layers. Screening long-distance
moves has the worst results when the screening range is small,
but it achieves better results as the screening range increases,
and it has the best results in reducing the peak value of new
infected cases when the screening range is large enough. In
general, when we implement screening measures, increasing
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the success rate of screening for high-layer nodes and long-
distance moves should be a priority, followed by expanding
the screening range. We should not only restrict agents from
moving into or out of high-layer nodes, but also restrict agents
from moving between subnetworks, and limiting the moving
of agents to a relatively small range can effectively reduce the
maximum number of new infected cases.

Our findings show that traffic network structure and hu-
man moving pattern both have important consequences on epi-
demic spreading. Preventing agents from moving to high-layer
nodes, moving between subnetworks and between high and
low layers is of great significance in delaying epidemic spread-
ing. Control measures in the paper provide administrators with
the best option under different scenarios.
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