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• Segregated spatial domain and individual-based linkage are incorporated into SIS model.
• Activating a small number of individual-based linkage between different spatial domains can prompt the outbreak of epidemic globally.
• Narrowing segregated spatial domain and reducing mobility are conducive to suppression of infectious disease.
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a b s t r a c t

By incorporating segregated spatial domain and individual-based linkage into the SIS (sus-
ceptible–infected–susceptible) model, we propose a generalized epidemic model which
can change from the territorial epidemicmodel to the networked epidemicmodel. The role
of the individual-based linkage betweendifferent spatial domains is investigated. Aswe ad-
just the timescale parameter τ from 0 to unity, which represents the degree of activation of
the individual-based linkage, three regions are found. Within the region of 0 < τ < 0.02,
the epidemic is determined by local movement and is sensitive to the timescale τ . Within
the region of 0.02 < τ < 0.5, the epidemic is insensitive to the timescale τ . Within the
region of 0.5 < τ < 1, the outbreak of the epidemic is determined by the structure of the
individual-based linkage. As we keep an eye on the first region, the role of activating the
individual-based linkage in the present model is similar to the role of the shortcuts in the
two-dimensional small world network. Only activating a small number of the individual-
based linkage can prompt the outbreak of the epidemic globally. The role of narrowing
segregated spatial domain and reducingmobility in epidemic control is checked. These two
measures are found to be conducive to curbing the spread of infectious disease only when
the global interaction is suppressed. A log–log relation between the change in the number
of infected individuals and the timescale τ is found. By calculating the epidemic threshold
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and themean first encounter time, we heuristically analyze themicroscopic characteristics
of the propagation of the epidemic in the present model.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Over the past two decades, theworld haswitnessed the threat of infectious diseasewith long-range transmission, such as
the severe acute respiratory syndrome (SARS), the pandemic Influenza A (H1N1) and the 2014 Ebola epidemic. An outbreak
of the epidemic in human society is closely related to the spatial scale and the interaction structure. G. Chowell et al. have
investigated the growth patterns of the 2014 Ebola epidemic at different spatial scales [1]. They have found that the global
and the local growth rates exhibit different scaling laws. Depending upon the Cuban contact-tracing detection system, S.
Clemencon et al. have studied the HIV/AIDS epidemics in Cuba [2]. They have found that the contact network exhibits a
patternwith high intra-connectivity and low inter-connectivity. Understanding the reaction–diffusion processes in complex
systems and finding an effective way to prevent and control the outbreak of infectious disease have become an urgent but
difficult challenge [3].

In modeling the propagation of infectious disease, the susceptible–infected–susceptible (SIS) model and the suscepti-
ble–infected–recovered (SIR) model represent two distinctive disease transmission processes [4–6]. In the SIS model, each
individual is initially in one of the two states: S (susceptible) and I (infected). A susceptible individual may become infected
as he encounters an infected individual, and an infected individual may become susceptible again after some time. In the
SIR model, each individual is initially in one of the three states: S, I and R (recovered). The only difference between the SIS
model and the SIR model is that, in the SIR model, an infected individual firstly becomes healthy (recovered), when he is
immune to the disease. After some time, the recovered individual may become susceptible to the disease again.

The spread of infectious disease is closely related to mobility patterns and interaction patterns of the population [7–10].
An individual may move about aimlessly like a floating boat in the ocean or travel along a certain path like a move on the
chessboard. Two individuals may interact with each other day after day because they are in the same firm or only have a
chance encounter because neither of them likes establishing a fixed relationship with any other people. The mobility pat-
terns and the interaction patterns have been extensively studied in the coevolutionary dynamics. M. Perc et al. have studied
the coevolution of individual strategies and interaction structures, the coevolutionary rules are quite important in the occur-
rence of a variety of dynamical effects [11]. A. Szolnoki et al. have studied the effects ofmobility patterns on the emergence of
cyclic dominance, the mutual relations of pattern formation, the impact of mobility and the emergence of cyclic dominance
are found [12]. The original research related to the promising field can be found in Refs. [13–15]. In order to understand
the role of underlying structure in the evolution of collective behaviors, different network models are usually borrowed to
simulate the mobility patterns and the interaction patterns [16–22]. The existing network models can be classified into two
families: the network with a single layer, including regular network, random network and scale-free network [23–27], and
the networkwithmultiple-layers [28–32], which consists of two ormore sub-networks. S.V. Buldyrev et al. have studied the
properties of two interdependent networks [33], a broader degree distribution is found to increase the vulnerability of the
interdependent networks. J.X. Gao et al. have studied the percolation properties of interacting networks [34], an analytical
framework has been developed.

In relation to the role of network structures in the outbreak of the epidemic, Z.H. Liu et al. have investigated the role of
community structure in epidemic propagation [35–37]. They have found that the existence of community structure leads
to a smaller threshold of epidemic outbreak. Z.M. Yang et al. have studied the effect of connection patterns on the outbreak
of epidemic. They have found that a heterogeneous network structure accelerates the spread of infectious disease [38–41].
K.P. Chan et al. have investigated the effect of aging and links removal on epidemic spread in scale-free networks. The local
and global spreads are found to be related to the number of links removed [42]. M. Dickison et al. have studied the epidemic
spreading on interconnected networks. A global endemic state is found to be related to the strongly-coupled or weakly-
coupled network systems [43]. X.F. Fu et al. have studied the effect of mobility patterns on the outbreak of epidemic. They
have found that the change of encounter probability, which may result from the change of population density or the change
ofmoving probability, plays an important role in the change of infected individuals [44,45]. V. Colizza et al. have investigated
the invasion dynamics in metapopulation systems. They have found that the heterogeneous connectivity and the mixed
mobility pattern play an important role in the outbreak of epidemic [46]. C. Granell et al. have studied the interrelation
between the spread of an epidemic and the risk awareness [47]. They have found that there exists a critical point for the onset
of the epidemics. M. Boguna et al. have studied the conditions for the absence of an epidemic threshold in heterogeneous
networks [5]. A delicate balance between the number of nodes with a high degree and the topological distance is found to
be quite important for the occurrence of the threshold.

Until today, in relation to the role of mobility patterns and connection patterns in the outbreak of epidemic, most of the
studies consider the two factors respectively. However, in the real world, the evolutionary dynamics in reaction–diffusion
systems is usually determined by the coupling of mobility and connectivity, especially the group dynamics in social and
economic systems [48–52]. For example, a susceptible individual may be infected by an unknown individual in a random
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walk after dinner or be infected by a business partner. The coupled effects of random walk and pre-arranged interaction
on contagion are short of in-depth study. In relation to the measures for disease control and prevention, the government
usually takes isolation measures to prevent the epidemic. For example, during the outbreak of the 2014 Ebola epidemic,
most countries tighten up on the rules for admitting people into the country. Alvarez Zuzek et al. have measured the effect
of isolation in the multiple network [53]. The epidemic threshold is found to increase with the rise of the isolation time.
S. Bonaccorsi et al. have studied the epidemic on the networks that are partitioned into local communities [54]. Their results
indicate that knowing the spectral radius of the graph is quite important in judgingwhether an overall healthy state is stable
or not. V.M. Kenkre et al. have studied the effect of confinement on the spread of epidemics in a system of random walkers
who move in n dimensions [55]. They have found that the spread of the epidemic has a non-monotonic dependence on
the extent of the home range of the individuals. A. Apolloni et al. have studied the effect of population partitions, mixing
patterns and mobility structures on the spread of the epidemic [19]. Some efficient strategies controlling the pandemic
potential have been found. The related work can also be found in Refs. [56–60]. A.X. Cui et al. have studied the effects of
strong ties on the spread of the epidemic [61]. They have found that the epidemic prevalence is promoted by the strong ties.
Although the mobility patterns and connection patterns have been considered as important factors for the spread of the
epidemic, most of the studies focus on the effects of immunization and isolation, which especially rely on the knowledge
of one’s activity routine and one’s friendship network. Generally speaking, compared with the route of random walk, a
predefined interaction structure is much easier to be understood. In view of the coupling of random walk and predefined
interaction structure, the effect of local activity restriction on global epidemic suppression and the role of the shortcuts
existing between the individuals geographically far away are worth extra attention.

Inspired by the metapopulation epidemic model, the territorial epidemic model and the networked epidemic model
in Refs. [62,63,17,23,64,65,25,6], in the present model, we incorporate a multi-layer network, which consists of a regular
network with segregated spatial domains and a random network representing individual-based linkage, into the SIS model.
The coupled dynamics of random walk and pre-arranged linkage is investigated. The role of narrowing segregated spatial
domain and reducing mobility in epidemic control is checked. The motivation of the present work is to find out how the
individual-based linkage between segregated spatial domains affects the outbreak of the epidemic globally, just as the role
of the shortcuts in the outbreak of the epidemic on the small world network. The following are our main findings.

(1) Activating the prearranged linkage between different spatial domains can prompt the outbreak of the epidemic globally.
As the value of timescale τ ranges continuously from 0 to unity, three regions are observed. Within the region of
0 < τ < 0.02, the epidemic is determined by local movement and is sensitive to the timescale τ . Within the region of
0.02 < τ < 0.5, the epidemic is insensitive to the timescale τ . Within the region of 0.5 < τ < 1, the outbreak of the
epidemic is determined by the structure of the individual-based linkage. The role of activating the prearranged linkage
in the present model is similar to the role of the shortcuts in the two-dimensional small world epidemic model. Only
activating a small number of the prearranged linkage can effectively promote the global outbreak of the epidemic.

(2) The size of the segregated spatial domain plays an important role in the outbreak of the epidemic. As both the overall
spatial size and the population size are given, narrowing the segregated spatial domain not only slows down the spread
of infectious disease but also leads to a decrease in the number of infected individuals in the final steady state.

(3) Local mobility has a great impact on the global spread of infectious disease. On condition that there is little individual-
based connection, reducing local mobility can effectively suppress the global spread of epidemic.

(4) A heuristic analysis indicate that the change of the macroscopic characteristics of the propagation of the epidemic in
the present model is closely related to the change of the scaling laws for the epidemic threshold and the mean first
encounter time on a two-dimensional lattice with overlapping spatial domains.

The rest of the paper is organized as follows. The SIS model with a multi-layer network is introduced in section two. In
section three, simulation results are presented and discussed in detail. The epidemic dynamics is analyzed in section four
and conclusions are drawn in section five.

2. The model

In the present model, each individual has two possible activities: acting as a random walker whose activity domain is
restricted to a given local area and acting as a businessman whose activity is confined to interacting with his familiars. In
order to model the evolutionary dynamics in local movement and global interaction (activating the prearranged linkage)
respectively, we incorporate amulti-layer networkwith two subnetworks, which are called residential area and relationship
network respectively throughout the paper, into the SIS model. The restricted residential area is common in territorial
animals, where each individual is confined to local area and shares overlapping area with their neighbors [66,67]. The
relationship network is common in human society, which is a kind of relatively fixed person-to-person relation and has
nothing to do with geographic distance [64]. Such relationship is usually modeled as a random network, a small world
network or a scalefree network [68–71].

Similar to that in Ref. [62]. The residential area is a regular network with L × L sites, each of which has eight connected
neighbor sites. The overall spatial domain is divided into Nlocal =

L
dx−1dx

×
L

dy−1dy
segregated spatial domains. The area of

each domain is s = dx × dy and the overlapping area of two nearby domains is 1s = dy × 1dx or dx × 1dy. There are total
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Fig. 1. The time-dependent ratio of infected individuals for a system with N = 500, pI = 1, ps = 0.001, dx = dy = 11, v = 0.05, (a) φ = 0.002, τ = 0
(line), 0.001 (slash), 0.01 (slash dotted), 0.1 (slash dotted dotted); (b) φ = 0.002, τ = 0.15 (line), 0.2 (slash), 0.3 (slash dotted), 0.4 (slash dotted dotted);
(c) φ = 0.002, τ = 0.5 (line), 0.9 (slash), 0.99 (slash dotted), 1 (slash dotted dotted); (d) φ = 0.01, τ = 0 (line), 0.001 (slash), 0.01 (slash dotted), 0.1 (slash
dotted dotted); (e) φ = 0.01, τ = 0.15 (line), 0.2 (slash), 0.3 (slash dotted), 0.4 (slash dotted dotted); (f) φ = 0.01, τ = 0.5 (line), 0.9 (slash), 0.99 (slash
dotted), 1 (slash dotted dotted).

N(≤ L×L) individuals staying on the sites of the residential area, each ofwhomcanmove along the link between the sites but
is not allowed towalk out of the segregated spatial domainwhich is randomly allocated to each individual at the initial time.

The relationship network is a random network with N sites and (N − 1)φ links on average for each site. Different sites
denote different individuals and the links between sites denote social relations between the individuals. The prearranged
interaction only takes place between the individualswith immediate connections. As the value ofφ increases from0 to unity,
the relationship network changes from a disconnected network to a fully-connected network. Different from the original
networked epidemic model, where the existence of the links between different individuals means the existence of the
interactions between them. In the present model, the existence of these links only means the possibility of the interactions.
Only when the links are activated, the interactions between the individuals really take place.

The reaction–diffusion process in the multi-layer network is as follows. There exists a timescale τ between prearranged
interaction and local movement. At each time step, an individual i firstly makes his decision whether to interact with his
familiar or go for a random walk. He makes prearranged interaction with probability τ and makes local movement with
probability 1 − τ . In the process of local movement, individual i firstly makes his decision whether to move or not with
probability v. If he chooses ‘‘Yes’’, he randomly chooses a neighbor site from the total nine connected sites to stay on. If
the chosen site is outside the local area, he does not move. If he chooses ‘‘No’’, he does not make a movement. After the
movement decision has been made, for an infected individual, he becomes susceptible with probability ps. For a susceptible
individual, he becomes infected with probability nI

ns+nI
pI , in which ns and nI are the number of susceptible individuals and

infected individuals respectively and ns+nI is the total number of individuals on the same site. In the process of prearranged
interaction, individual i firstly chooses an individual j from his connected neighbors. Then, if individual i is an infected
individual, he becomes susceptiblewith probability ps. If individual i is a susceptible individual and individual j is an infected
individual, individual i becomes infected with probability pI . The updating is made asynchronously.

Therefore, as the value of timescale τ ranges continuously from 0 to unity, the presentmodel changes from the territorial
epidemic model to the random network epidemic model. The residential area and the relationship network are coupled
by the individuals. The local epidemic dynamics and the global epidemic dynamics are coupled by the time scale τ . For
0.5 < τ ≤ 1, the global interaction process is faster than the local interaction process. For τ = 0.5, the global interaction
process is the same as the local interaction process. For 0 ≤ τ < 0.5, the global interaction process is slower than the local
interaction process.

3. Simulation results and discussions

In the present model, we especially care about the coupled effects of local movement and prearranged interaction. In
this section, the following parameters are given. The overlapping size is 1dx = 1dy = 1. The overall spatial size is L × L =

100 × 100. The initial ratio of infected individuals is ρI = 0.05. To reduce the influence of boundary effect, the segregated
spatial domain is given as a square domain, that is, dx = dy.

In Fig. 1 we give the time-dependent ratio of infected individuals ρI for different time scale τ . In Fig. 1(a)–(c), the ratio
of prearranged linkage is φ = 0.002. In Fig. 1(d)–(f), the ratio of prearranged linkage is φ = 0.01. Fig. 1(a) shows that,
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Fig. 2. The averaged ratio of infected individuals (a) as a function of timescale τ for the ratio of random connection φ = 0.001 (circles), 0.002 (squares),
0.004 (triangles) and (b) as a function of the ratio of random connection φ for τ = 0.1. The final data are obtained by averaging over 10 runs. In each run
the relaxation time is 105 time steps and the data are averaged over 104 time steps. Other parameters are: N = 500, pI = 1, ps = 0.001, dx = dy = 11,
v = 0.05.

for τ = 0, which corresponds to the situation where the contact between different individuals only results from random
walk, ρI increases slowly with time and finally reaches an intermediate level of ρI ∼ 0.6. As τ increases from τ = 0.001
to τ = 0.1, the relaxation time decreases while the ratio of infected individuals in the final steady state increases with the
rise of τ . Similar results are also found in Fig. 1(d). Therefore, within the range of 0 < τ < 0.1, the existence of shortcuts
between segregated spatial domains has a great impact on the outbreak of the epidemic. The ratio of infected individuals in
the final steady state is sensitive to the degree of activation of the prearranged linkage.

Different from the results in Fig. 1(a), (b) shows that, within the range of 0.1 < τ < 0.5, the ratio of infected individuals
in the final steady state is insensitive to the degree of activation of the prearranged linkage. As τ increases from τ = 0.15
to τ = 0.45, the ratio of infected individuals in the final steady state keeps the highest value of ρI ∼ 0.9 and changes little
with the rise of τ . Similar results are also found in Fig. 1(e).

Fig. 1(c) shows that, as τ increases from τ = 0.5 to τ = 0.99, the relaxation time increases while the ratio of infected
individuals in the final steady state decreases with the rise of τ . For τ = 1, which corresponds to the situation where the
contact between different individuals only results from the prearranged linkage, the ratio of infected individuals in the final
steady state is a low level of ρI ∼ 0.37. Different from the results in Fig. 1(c), (f) shows that, within the range of 0.5 < τ < 1,
the ratio of infected individuals in the final steady state changes little with the rise of τ . Such results indicate that, for a
small value of φ, which corresponds to the situation where the relationship network is disconnected, the existence of local
movement can prompt the outbreak of the epidemic globally. For an intermediate or a large value ofφ, which corresponds to
the situation where there is no disconnected individuals or disconnected clusters in the relationship network, the outbreak
of the epidemic is determined by the structure of the relationship network.

As we keep an eye on the role of the prearranged linkage between different spatial domains in the outbreak of the
epidemic, the role of activating the prearranged linkage in the presentmodel is similar to the role of the existence of shortcuts
in the two-dimensional small world epidemic model in Ref. [64]. Only activating a small number of the prearranged linkage
can prompt the outbreak of the epidemic globally.

In order to find the quantitative relation between ρI and τ for a given φ and the quantitative relation between ρI and φ
for a given τ , in Fig. 2(a), we give ρI as a function of τ for φ = 0.001, 0.002, 0.004. In Fig. 2(b) we give ρI as a function of
φ for τ = 0.1. Fig. 2(a) shows that, for a small φ = 0.001, within the range of 0 < τ < 0.02, ρI increases quickly from
ρI ∼ 0.58 to ρI ∼ 0.78. Within the range of φ > 0.02, ρI changes little with the rise of τ . For τ > 0, an increase in φ
leads to an overall rise of ρI . Fig. 2(b) tells us that, for a given τ = 0.1, only within the range of 0 < φ < 0.008, ρI is quite
sensitive to the change in φ. Within the range of φ > 0.008, ρI reaches its maximum value and changes little with the rise of
φ. Such results indicate that, in the scenario where the individuals are confined to segregated spatial domain, the existence
of a small number of shortcuts can effectively lead to a rise of the ratio of infected individuals, which is similar to the result
found in the small world network [64].

The above results indicate that the evolutionary dynamics in the presentmodel is determined by themobility pattern and
the connection pattern. To find out the relationship between local behavior and global behavior, in the following, the effects
of three parameters on epidemic control are investigated respectively. The three parameters are: the area of segregated
spatial domain s, the frequency of the interactions resulting from prearranged linkage τ , and the ratio of segregated spatial
domains with activity restriction ζ (called slow domain in the following).

Fig. 3(a) displays the averaged ratio of infected individuals ρI as a function of s for φ = 0.01 and τ = 0, 0.001, 0.01
respectively. For τ = 0, as s increases from s = 9 to s = 121, ρI increases quickly from ρI ∼ 0.04 to ρI ∼ 0.58. As s
increases from s = 121 to s = 2601, ρI increases slowly and finally reaches its maximum value ρI ∼ 0.62. Increasing τ
leads to an overall rise of ρI within the whole range of 9 ≤ s ≤ 2601. The smaller the value of s, the more sensitive of ρI to
the change in τ .
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Fig. 3. (a) The averaged ratio of infected individuals as a function of the area s of segregated spatial domain for φ = 0.01, τ = 0 (circles), 0.001 (squares),
0.01 (triangles); (b) The change in the averaged ratio of infected individuals, 1ρI = ρs=2601

I − ρs=9
I , as a function of τ . The final data are obtained by

averaging over 10 runs. In each run the relaxation time is 105 time steps and the data are averaged over 104 time steps. Other parameters are: N = 500,
pI = 1, ps = 0.001, v = 0.05.

Fig. 4. (a) The averaged ratio of infected individuals as a function of the ratio of slow domains ζ for φ = 0.01 and τ = 0.001 (circles), 0.002 (squares),
0.003 (triangles), 0.004 (stars); (b) The change in the averaged ratio of infected individuals 1ρI = ρ

ζ=0
I − ρ

ζ=0.5
I as a function of τ for φ = 0.01. The

final data are obtained by averaging over 10 runs. In each run the relaxation time is 105 time steps and the data are averaged over 104 time steps. Other
parameters are: N = 500, pI = 1, ps = 0.001, dx = dy = 11, v = 0.05, vslow = 0.1v.

The above results indicate that, by narrowing the segregated spatial domain (called activity domain restriction in the
following), the epidemic spread may be inhibited, the effect of which depends on whether there exists global interaction or
not. A higher frequency of global interaction will make activity domain restriction become less effective. Fig. 3(b) shows the
relationship between the change of ρI , 1ρI = ρs=2601

I − ρs=9
I , and the time scale τ . A log–log relation between 1ρI and τ ,

1ρI ∼ aτ−b, in which a ∼ 4.2 × 10−6 and b ∼ 1.53, is found.
To find out whether local mobility restriction can effectively inhibit the global spread of epidemic, in Fig. 4(a) we plot the

averaged ratio of infected individuals as a function of the ratio of slow domain ζ . In the slow domain, themoving probability
is given as vslow = 0.1v. For τ = 0.001, as ζ increases from ζ ∼ 0 to ζ ∼ 0.9, ρI decreases continuously from ρI ∼ 0.74 to
ρI ∼ 0.4. For a larger τ , ρI also decreases continuously with the rise of ζ but the slope of line becomes gentle.

The above results indicate that, local mobility restriction may inhibit the global spread of epidemic, the effect of which
depends on whether there exists global interaction or not. A higher frequency of global interaction will make local mobility
restriction become less effective. In Fig. 4(b)we plot the relationship between the change of ρI ,1ρI = ρ

ζ=0
I −ρ

ζ=0.5
I , and the

timescale τ . A log–log relation between 1ρI and τ , 1ρI ∼ a′τ−b′

, in which a′
∼ 1.19 × 10−5 and b′

∼ 1.46, is found. Such
results indicate that the ratio of infected individuals is related to the average moving probability. An increase in the ratio of
slow domain leads to a decrease in the average moving probability and then a decrease in the ratio of infected individuals.

The results in Figs. 3 and 4 indicate that, to make activity domain restriction and local mobility restriction become more
effective on epidemic control, we should firstly slow down the frequency of global interaction. Or else, both the epidemic
control methods cannot play their proper role.

4. Theoretical analysis

In order to get a clear picture of the microscopic characteristics of the propagation of the epidemic in the present model,
in the following, we calculate the percolation threshold and the mean first encounter time on two-dimensional lattice with
overlapping domains. Scaling laws for the epidemic threshold and the mean first encounter time are found.
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Fig. 5. The epidemic threshold (a) as a function of the number of individuals n̄ in each segregated spatial domain for τ = 0 (circles), 0.001 (squares), 0.005
(triangles), 0.01 (stars); (b) as a function of the average moving probability v for n̄ = 2 and τ = 0 (circles), 0.001 (squares), 0.005 (triangles), 0.01 (stars);
The final data are obtained by averaging over 10 runs. In each run the relaxation time is 5 × 104 time steps and the data are averaged over 103 time steps.
Other parameters are: ps = 0.001, dx = dy = 11, φ = 0.01.

4.1. Relationship between epidemic threshold and activation of individual-based linkage

The epidemic threshold is the critical value of infection probability, belowwhich the ratio of infected individuals is small,
while above which nearly all the individuals become infected. In a two-dimensional small world network, the epidemic
threshold is found to be related to the connection range, the dimension of the lattice and the ratio of shortcuts [64,72].

In the presentmodel, without the individual-based linkage, whichmeansφ = 0, the epidemic dynamics is similar to that
in a regular network. Each individual can only interact with his nearest neighbors, those who are in the same segregated
spatial domain or in the neighboring domain. In order to find the effect of the activation of the individual-based linkage on
the evolutionary dynamics, in the following, the individuals are evenly distributed in the segregated spatial domains. Both
the relationship between the epidemic threshold and the average number of individuals in each segregated domain and the
relationship between the epidemic threshold and the moving probability are checked.

In Fig. 5(a) we give the epidemic threshold as a function of the number of individuals n̄ in each segregated spatial domain
for the ratio of the individual-based linkage φ = 0.01 and different timescale τ . For τ = 0, which corresponds to the
situationwhere all the individuals are confined to local domains, as n̄ increases from n̄ = 2 to n̄ = 6, the epidemic threshold
pc ranges from pc ∼ 0.121 to pc ∼ 0.025. An increase in τ leads to an overall decrease in pc . A scaling law for pc ∼

1
n̄α is

found. As τ increases from τ = 0 to τ = 0.01, the value of α decreases from α ∼ 1.418 to α ∼ 0.998.
In Fig. 5(b) we give the epidemic threshold as a function of the average moving probability v for n̄ = 2, φ = 0.01 and

different τ . For τ = 0, as the value of v ranges from v = 0.2 to v = 1, pc decreases from pc ∼ 0.266 to pc ∼ 0.121. An
increase in τ leads to an overall decrease in pc . A scaling law for pc ∼

1
vβ is found. As τ increases from τ = 0 to τ = 0.01,

the value of β ranges from β ∼ 0.434 to β ∼ 0.077.
Comparing the results in Fig. 1(a) with the results in Fig. 5(a) and (b), we find that the effect of activating the prearranged

linkage on the change of the epidemic threshold is similar to the effect of activating the prearranged linkage on the change
of the ratio of the infected individuals in the final steady state. The smaller the value of the epidemic threshold, the higher
the value of the ratio of the infected individuals in the final steady state. For a small value of timescale τ , both the epidemic
threshold and the ratio of the infected individuals in the final steady state are sensitive to the change of τ . Such a result is
similar to what has been found in the small world epidemic model [64,72].

The above results can be understood as follows. For τ = 0, as each individual is confined to his local domain, a longer
separation leads to a higher epidemic threshold and a smaller ratio of the infected individuals in the final steady state.
For τ ≠ 0, the activation of a small number of shortcuts produces a shorter separation, which leads to a lower epidemic
threshold and a larger ratio of the infected individuals in the final steady state.

4.2. Relationship between the mean first encounter time and the size of segregated spatial domain on two dimensional lattice

The propagation speed of the epidemic is related to the pairwise interaction between an infected individual and a
susceptible individual. If the mean first encounter time between different individuals is small, it is much easier for the
epidemic to break out. On one-dimensional lattice with segregated spatial domains, it has been found that the mean first
encounter time is related to the size of the segregated domain dx and the size of the overlapping area1dx [62]. In the present
model, the individuals are confined to two-dimensional lattice with segregated spatial domains. By calculating the mean
first encounter time, we can find out the relationship between the encounter probability and the variables of the size of the
segregated domain s and the average number of individuals in each segregated domain n̄. The microscopic characteristics
of the epidemic on a two-dimensional lattice with segregated spatial domains can be understood.
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Fig. 6. The mean first encounter time (a) as a function of the average number of individuals in each segregated spatial domain for s = 25 (circles), 100
(squares), 225 (triangles) and (b) as a function of the area of segregated spatial domain for n̄ = 1. Other parameters are 1dx = 1dy = 1, v = 1, φ = 0,
τ = 0. Final results are averaged over 50 runs.

In Fig. 6(a) we plot the mean first encounter time as a function of the average number n̄ of individuals in each segregated
spatial domain for φ = 0. For simplicity and refraining from the border effect, here we only consider the case where the
domain is satisfied with the condition dx = dy. It is observed that, for dx = dy = 5, as n̄ increases from n̄ = 1 to n̄ = 10, tc
decreases from tc ∼ 280 to tc ∼ 50. Increasing dx (dy) leads to an overall rise of the value of tc . A scaling law for tc ∼

1
n̄γ ,

in which γ ∼ 0.73, is found. As the value of dx changes from dx = 5 to dx = 15, the value of γ changes little. In Fig. 6(b)
we plot the mean first encounter time as a function of the size of the segregated spatial domain for n̄ = 1. A scaling law for
tc ∼

1
sk
, in which k ∼ 1.96, is found.

Comparing the results in Fig. 3(a) with the results in Fig. 6(a) and (b), we find that a decrease in ρI by narrowing the
segregated spatial domain should result from the competition of the following two processes: a decrease in the area of the
segregated spatial domain and a decrease in the average number of individuals in each domain. In the present model, the
population size and the spatial size are fixed. A decrease in the size of the segregated spatial domain leads to an increase
in the total number of the segregated spatial domains and a decrease in the average number of individuals in each domain.
From the simulation results in Fig. 6(a) and (b) we find that a decrease in the size of the segregated spatial domain leads
to a decrease in the mean first encounter time while a decrease in the average number of individuals in each segregated
spatial domain leads to an increase in the mean first encounter time. In the present model, the decrease of the mean first
encounter time resulting from the decrease of the size of the segregated spatial domain should be slower than the increase
of themean first encounter time resulting from the decrease of the number of individuals in each segregated spatial domain.
Therefore, the coupling of the above two contradictory processes leads to the occurrence of the macroscopic characteristics
of the outbreak of the epidemic in Fig. 3(a), that is, the smaller the size of the segregated spatial domain, the lower the ratio
of the infected individuals in the final steady state.

5. Summary

By incorporating segregated spatial domains and individual-based linkage into the SISmodel, we investigate the coupled
effects of local movement and global interaction on contagion. The role of activating the prearranged linkage between
different spatial domains in the outbreak of the epidemic is especially concerned. Compared with the scenario where only
randomwalk exists, the existence of shortcuts betweendifferent spatial domains leads to awider spread of the epidemic. The
effects of home range restriction andmobility restriction on epidemic control are extensively investigated. When the global
interaction is restricted, both narrowing the segregated spatial domain and reducing local mobility can effectively curb the
spread of the epidemic. Activating the prearranged linkage makes the epidemic control methods become less effective.

A heuristic analysis indicates that themacroscopic characteristics of the propagation of the epidemic in the presentmodel
is closely related to the microscopic characteristics of the individuals moving on two-dimensional lattice. Activating the
shortcuts between different spatial domains lowers the epidemic threshold effectively and therefore prompt the outbreak
of the epidemic. Narrowing the segregated spatial domain leads to a decrease in the area of random walk and a decrease in
the average number of individuals in each area simultaneously. The coupling of the two processes results in an increase in
the mean first encounter time and therefore the effectiveness of activity restriction on epidemic control.

In the future, the coupled effects of mobility patterns and interaction patterns on the evolutionary dynamics will be
extensively studied in reaction–diffusion systems and gamemodels. The evolutionary dynamics of one tomany interactions
in similar coupled systems will be investigated in the near future.
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