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Abstract An emerging disease is one infectious epidemic
caused by a newly transmissible pathogen, which has either
appeared for the first time or already existed in human
populations, having the capacity to increase rapidly in
incidence as well as geographic range. Adapting to human
immune system, emerging diseases may trigger large-scale
pandemic spreading, such as the transnational spreading of
SARS, the global outbreak of A(HIN1), and the recent
potential invasion of avian influenza A(H7N9). To study
the dynamics mediating the transmission of emerging dis-
eases, spatial epidemiology of networked metapopulation
provides a valuable modeling framework, which takes
spatially distributed factors into consideration. This review
elaborates the latest progresses on the spatial metapopula-
tion dynamics, discusses empirical and theoretical findings
that verify the validity of networked metapopulations, and
the sketches application in evaluating the effectiveness of
disease intervention strategies as well.

L. Wang - X. Li (X))

Adaptive Networks and Control Laboratory, Department of
Electronic Engineering, Fudan University, Shanghai 200433,
China

e-mail: lix@fudan.edu.cn

L. Wang

Centre for Chaos and Complex Networks, Department of
Electronic Engineering, City University of Hong Kong,
Hong Kong SAR, China

Present Address:

L. Wang

School of Public Health, Li Ka Shing Faculty of Medicine,
The University of Hong Kong, Hong Kong SAR, China

&) SCIENCE CHINA PRESS

Keywords Complex networks - Epidemiology -
Spatial dynamics - Metapopulation

1 Introduction

The term metapopulation was coined by Levins [1] in 1969
to describe a population dynamics model of insect pests in
farmlands, yet the perspective has been broadly applied
to study the effect of spatially distributed factors on evo-
lutionary dynamics [2], including genetic drift, pattern
formation, extinction and recolonization, etc. The devel-
opment of metapopulation theory, in conjunction with the
fast development of complex networks theory, lead to the
innovative application of the networked metapopulation in
modeling large-scale spatial transmission of emerging dis-
eases. This interdisciplinary research field has attracted
much attention by the scientific communities from diverse
disciplines, such as public health, mathematical biology,
statistical physics, information science, sociology, and
complexity science. New insights are contributed to under-
standing the spatial dynamics of epidemic spreading, which
provides valuable support to public healthcare.

This review presents a survey of recent advances in the
emergent discipline of networked metapopulation epide-
miology, which is organized as follows. Section 2 intro-
duces some preliminaries of the compartment model,
network epidemiology, and networked metapopulation, and
also elucidates their relevance. Section 3 specifies the
validity of networked metapopulation. Section 4 focuses on
the recent progresses on metapopulation dynamics. The
application in evaluating the performance of intervention
strategies is presented in Sect. 5, and some outlooks are
provided at last.
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2 Dynamical models of infectious diseases: from single
population to networked metapopulation

2.1 Compartment model

To study the phenomena of epidemic spreading in human
society, a variety of dynamical models have been pro-
posed [3, 4]. The compartment model is one of the simplest
yet basic epidemic models, which was first introduced by
Bernoulli [5] in the 18th century. Assuming that a popu-
lation of individuals is mixed homogeneously, this model
organizes the persons into different compartments (states),
according to their health status, e.g., susceptible (denoted
by S, those healthy ones who may acquire the infection),
infectious (I, those infected ones who are contagious), and
recovered (R, those who are recovered from the disease).
Within each compartment, all individuals are identical. The
transitions between different compartments depend on the
specific transition rates. For example, the transmission rate
f represents the infection probability for a susceptible
individual that encounters an infectious person, and the
recovery rate u represents the probability with which an
infectious individual is recovered.

If the disease could not endow recovered persons with a
long lasting immunity but infect them again, e.g., seasonal
flu, asthma, gonorrhoea, the related epidemic reactions are
well described by the so-called SIS model; otherwise, if
recovered people become immune permanently to the
disease, e.g., pandemic influenza, pertussis, smallpox, the
epidemic dynamics can be characterized by the SIR model
properly. Figure la, b illustrate the relevant compartment
transitions in the SIS and SIR models, respectively. The
dynamical evolution of these models can be simply delin-
eated by ordinary differential equations [3].

One key parameter characterizing the severity of a dis-
ease is the basic reproductive number, Ry, which identifies
the expected number of infected individuals generated by
introducing an infectious carrier into an entire susceptible
population. This parameter signifies the epidemic threshold
applied for predicting whether or not an infectious disease
will prevail. Typically, given a “well-mixed” population,
Ry = f/u. If Ry<1, the disease dies out quickly, which
implies that the population remains at the disease-free
state.
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2.2 Network epidemiology

Due to the ubiquity of complex systems in modern society,
the study of complex networks becomes prosperous [6-9] .
The Internet and human friendship networks are just a few
examples that can be regarded as systems comprised of a
large number of connected dynamical units. The most
intuitive approach of modeling such complex systems is to
treat them as networks, where nodes represent component
units and edges represent connectivity. Importantly,
empirical findings have unraveled the presence of universal
features in most socio-technical networks, e.g., small-
world [10], scale-free (SF) [11], which inspires extensive
studies towards a better understanding about the impact of
population infrastructures (network connectivity) on
dynamical processes [12—15], including robustness [16,
17], synchronization [18-20], consensus [21-24], con-
trol [25-28], evolutionary game [29-36], traffic rout-
ing [37-39], self-organized criticality [40—43], etc.

Assuming that interactive individuals are mixed homo-
geneously, the aforementioned epidemic compartment
model neglects the significance of population connectivity.
Such simplification can hardly solve new puzzles emerged in
the present networking society. For example, why is it
extremely difficult to eradicate computer viruses from the
Internet or the World Wide Web, and why do those viruses
have an unusual long lifetime [44]? Similar matters have
been observed in diverse systems, ranging from the web of
human sexual relations to vaccination campaigns [4]. One
key factor inducing such problems is the scale-free property
of the networked systems, which causes a serious trouble that
the threshold of disease outbreak vanishes [45]. Within
complex networks, the basic reproductive number is
RY = Ro[1 + (CV)?, with CV identifying the coefficient of
variation of the degree distribution (degree represents the
number of edges k per node) [46]. For large networks taking
on a scale-free heterogeneous topology, Ry is always larger
than 1 no matter how small the transmission rate may be, due
to the infinite variance of the degree distribution.

This meaningful finding has motivated the research of
network epidemiology, which concerns particularly the
spreading of epidemics in human social networks
[4, 14, 47]. Many subsequent works investigated exten-
sively the epidemic threshold on networks with special
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Fig. 1 (Color online) Schematic illustrations of the SIS (a) and the SIR (b) compartment models, where f3, it denote the transmission rate and the

recovery rate, respectively
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topological features, such as degree correlations [48],
small world [49], community [50], edge length [51], and
K-core [52]. Parshani et al. [53], Castellano and Pastor-
Satorras [54] demonstrated that the vanishing epidemic
threshold of the SIS model derives from the active
behavior of the largest hub, which acts as a self-sus-
tained source of the infection. Such disastrous effect of
highly connected hubs can also be observed in reality,
such as the presence of core groups in the propagation of
sexually transmitted diseases, and the appearance of the
patient zero that induces the dissemination of human
immunodeficiency virus (HIV). Considering that the
threshold condition generally predicts the final state of
the epidemic evolution, Li and Wang [49] studied the
relaxation behavior of epidemic spreading before reach-
ing a final disease-free or endemic phase.

2.3 Networked metapopulation

Although the performance of public healthcare systems has
been improved prominently to weaken the threat of
emerging diseases, it is impossible to entail a world free of
infectious pathogens [55]. From the beginning of this new
century, we have already witnessed several cases of the
large-scale geographic transmission of pandemics. In 2003,
through the international airline network, the SARS coro-
navirus (SARS-CoV) was rapidly transmitted from Hong
Kong to more than 30 countries [56, 57]. Several years
later, in 2009, the A(HIN1) swept across the world through
public transportation networks again: With only 3-4
months, it had spread over about 200 countries [58-61].
Recent potential invasion of avian influenza A(H7NO)
poses a new challenge [62—65]. It seems that the wide-
spread risk of emerging diseases is higher than before.
This urgent circumstance stems from the changes of
human social ecology in population distribution as well as
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human mobility patterns [66, 67]. Crowded metropolises
resulting from the urbanization process induce people’s
frequent contacts, and the fast development of massive
transportation (e.g., civil aviation) generates a nonlocal
pattern of human mobility, sharply reducing the time of
travel as well as the distance between populous cities.

It is not convincing to describe the large-scale spatial
pandemic spreading by directly following the routine of
network epidemiology, since the network perspective still
concerns the epidemic outbreak in a single population,
despite considering the connectivity structure among hosts.
This can hardly capture the key features of spatial trans-
mission of infectious diseases: epidemics prevails inside
separate locations such as cities, each of which can be
regarded as a population, and is transmitted among popu-
lations through the travel of infected individuals.

Spatial distribution of populations and human mobility
among connected locations are the pivotal elements mediating
the transmission of pandemic diseases. To introduce spatially
distributed factors into modeling substrates, it is intuitive to
generalize the network model by defining each node as a
subpopulation that has a specific location, in which a popu-
lation of individuals interplays according to the compartment
rule. People are also permitted to transfer among subpopula-
tions through mobility networks. This individual-network
frame organizes the entire system into networked populations,
leading to an important class of model in modern epidemiol-
ogy, namely, the networked metapopulation. Figure 2 illus-
trates the basic modeling structure.

3 Validity of networked metapopulation
Aside from the above conceptual descriptions, it is also

essential to verify the validity of the model from theoretical
as well as empirical perspectives.
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Fig. 2 (Color online) Illustration of the individual-network frame of the networked metapopulation model. a The model is composed of a
network of subpopulations. The disease transmission among subpopulations stems from the mobility of infected individuals. b Each
subpopulation refers to a location, in which a population of individuals interplays according to the compartment rule (e.g., SIR) that induces local
disease outbreaks. Individuals are transferred among subpopulations via mobility networks
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Developing a probabilistic metapopulation with the
consideration of long-range human migrations via a
worldwide aviation network composed of 500 largest air-
ports, Hufnagel et al. [68] first demonstrated the feasibility
of forecasting the real-world transmission of SARS through
computational approaches. To study the spatiotemporal
patterns of the transmission process, Colizza et al. [69]
defined a statistical measure based on the information
entropy, which quantifies the disorder level encoded in the
evolution profiles of disease prevalence. Comparing the
pandemic spreading on a data-driven networked metapop-
ulation with that on random reshuffled models providing
null hypotheses, the authors unveiled the presence of a
high-level heterogeneity in the geographic transmission of
epidemics.

To assess the predictability of metapopulation models,
one typical approach focuses on the coincident extent
between the simulation results and the realistic surveillance
reports for each contaminated region, which is an arduous
task due to the sophisticated calibration of parameters as
well as the unavoidable noise presented in the surveillance
process. Concerning the logistical feasibility of the model,
one can resort to an alternative simple means of inspecting
the evolution of related scaling laws [70], which is relevant
to critical transition patterns. The scaling theory concerns
the functional relations describing the data collapsing onto
a power-law curve, and the relations of the critical-point
exponents [71].

The Zipt’s law and the Heaps’ law are two representa-
tive scaling laws that usually emerge together in various
complex systems, however, their joint emergence has
hardly been clarified [72]. Using the data of laboratory
confirmed cases of SARS, H5N1, and A(HIN1) to analyze
the joint emergence of these two scalings in the evolution
process of large-scale geographic transmissions, Wang
et al. [70] unraveled a universal feature that the Zipf’s law
and the Heaps’ law are naturally shaped to coexist at the
initial stage of an outbreak, while a crossover comes with
their incoherence later before reaching a stable state, where
the Heaps’ law still presents with the wane of the strict
Zipf’s law. With the census populations and domestic air
transportation data of the United States (US) [73, 74], a
data-driven metapopulation network model on the US
country level is developed to analyze the evolution patterns
of scaling emergence. In contrast with a random reshuffled
model with a homogeneous structure, the data-driven het-
erogeneous metapopulation successfully reproduced the
scaling transitions observed in the real-world pandemics.
This demonstrates that the high-level heterogeneity of
infrastructure plays a key role in characterizing the spatial
transmission of infectious diseases, which also provides a
new insight to clarifying the interdependence between the
Zipf’s and Heaps’ scaling laws.

@ Springer

Within each subpopulation, the individuals are mixed
homogeneously, according to the coarse-grained approxi-
mation of the metapopulation framework. Interestingly,
this assumption can be supported by recent empirical
studies on the intra-urban human mobility. The analysis of
the data generated by the mobile phone or GPS shows that
human movement in the urban scale (e.g., inside a city)
generally has an exponential or binomial trip-length dis-
tribution [75-79]. Although this does not simply mean that
short-range human mobility is random, the related
dynamical feature is similar with that of the Boltzmann
gas, if the relevance among individuals is so weak as to be
negligible [76, 80, 81]. Accordingly, the homogeneous
mixing (within each subpopulation) assumption is adopted
to ease the computation.

More promisingly, full-scales computational models
become increasingly popular, due to the continuous
increase of computer power as well as the fast technical
developments of data collection and processing [82—84]. In
some cases, the real-time forecast of pandemic spreading is
becoming reality [85]. Technical details for the estimation
and validation of a large number of parameters in these
models are beyond the interest of this review. Next section
focuses on the recent theoretical progress of metapopula-
tion dynamics.

4 Two scales of dynamics: recent progress

As stated in Sect. 2, the networked metapopulation model
is constructed with the individual-network frame, where
the individuals are organized into social units (e.g., vil-
lages, towns, cities) defined as subpopulations, which are
connected by transportation networks that identify the
mobility routes. The disease prevails inside each subpop-
ulation due to interpersonal contacts, and is transmitted
among subpopulations through the mobility of infected
individuals. Typically, the model is comprised of two
scales of dynamics: (i) disease invasion among different
subpopulations; (ii) disease reaction within each subpopu-
lation. Recent progresses on these two aspects are specified
here.

4.1 Inter-subpopulation invasion

The substrate of metapopulation depends on the spatial
structure of social environment, such as transport infra-
structures and mobility patterns. The lack of fine-grained
data capturing structural features of human mobility sys-
tems leads to the traditional application of random graphs
or regular lattices, which assumes homogeneous infra-
structures for the mobility substrates. To generalize meta-
population models with network approaches, the first
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attempt was contributed by Rvachev and Longini [86], in
which 52 major cities worldwide in that epoch were con-
nected through an intercity aviation transportation network.
They applied this mathematical model to simulate the
global spread of the 1968-1969 Hong Kong (H3N2) flu.
Subsequently, comparing the effect of non-local human
anomalous diffusion with that of the ordinary diffusion
behavior, Brockmann et al. [87] unraveled that long-range
human mobility and interactions generate novel irregular
spreading patterns without an apparent wavefront. Such
complex dynamical features require a mathematical
description of fractional diffusion equations, and they are
also well captured by the networked metapopulations.
Colizza et al. [69] developed a global stochastic meta-
population model in, using the data of worldwide sched-
uled flights and census populations to establish a complete
worldwide air transportation network (more than 3,000
airports). They studied the predictability and the reliability
of the pandemic forecast with respect to the intrinsic sto-
chasticity, and declared that the topological heterogeneity
reduces the predictability, whereas the high-level
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heterogeneity of traffic flows improves the pandemic
predictability.

As illustrated by Fig. 3a, air traffic network acts as a
major channel serving human long-range travels, which
mediates the pandemic transmission on a large geographic
scale. The epidemic dynamics occurred under this scenario
is well characterized by the reaction-diffusion pro-
cesses [88], which are also widely applied to model phe-
nomena as diverse as genetic drift, chemical reactions, and
population evolution [2].

From a theoretical viewpoint, it is significant to analyze
the epidemic threshold, which is instructive for the
assessment of the disease transmissibility as well as the
outbreak potential. Such information is also important to
regulate the implementation of intervention strategies.
Based on the empirical evidences that the topology of
various socio-technical networks including the airline net-
work presents a high-level heterogeneity, Colizza
et al. [88] studied the effect of general heterogeneous
networks, demonstrating that the epidemic threshold is
significantly ~decreased with the augmentation of

US Air transportation network

Fig. 3 (Color online) Air transportation network (a) vs. commuting network (b) of the US. Ldng—range airlines dominate the air transportation
network, whereas the commuting routes are much geographically localized
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topological fluctuations. Considering that the theory
developed in Colizza et al. [88] is based on the simplifi-
cation that individual diffusion rate per subpopulation is
inversely proportional to the degree of subpopulations,
Colizza and Vespignani [89] generalized the study by
introducing more realistic diffusion rules, such as the
traffic- and the population-dependent patterns. Importantly,
using the approach of branching process, Colizza and Ve-
spignani [89] proposed a global invasion threshold, Ry,
which distinguishes the lower bound condition for trans-
mitting the infections to downstream unaffected subpopu-
lations. The formula of Rx can be summarized as
Ry = E(Ro, 1) x T (k,0,m0), which combines the epide-
miology factors £(Ro, 1) with the diffusion properties of
mobility networks 7 (k, 0, wg). For large networks with a
high-level topological heterogeneity, the mobility item 7°
diverges, i.e., 7' & 0, thus R4 is always larger than
unity, which leads to a decreased epidemic threshold.
Based on the observation that human beings usually do not
perform random walks, yet have specific travel destina-
tions, Tang et al. [90] addressed the effect of objective
traveling behavior which enlarges the final morbidity.

The above studies mainly concern the influence of
human random diffusion, usually defining the mobility
scheme as a Markovian memoryless diffusive process [91].
Recent empirical findings on human mobility have shown
the crucial role of commuting mobility in human daily
transportation, which is reflected by the individual recur-
rent movement between frequently visited locations such
as household, school, and workplace [92-95]. Fig. 3b
visualizes the US commuting network with the census data
on commuting trips between counties [96]. Evidently, the
structural features are different between the commuting
network and the air transportation network.

It might be infeasible to analyze the non-Markovian
properties of human commuting with previous reaction-
diffusion theory. In this regard, Balcan and Vespignan-
i [91] extended the metapopulation framework by consid-
ering the impact of human recurrent commuting, which
assumes that individuals remember their subpopulations of
residence, with a constraint that commuters staying at their
destination subpopulations cannot continue moving to
other places but return to the residences with a certain rate.
The approach of time-scale separation is applied to perform
theoretical analysis, since in reality the number of frequent
commuters only accounts for a small fraction of local
populations. This leads to a mean-field description of sta-
tionary populations distribution. Generalizing the theory of
branching process, Balcan and Vespignani [97] obtained
the global invasion threshold for the reaction-commuting
networked metapopulation systems, which establishes a
new threshold relevant to the typical visiting duration of

@ Springer

commuters. With a high return rate, the sojourn time (i.e.,
length of stay) of infected commuters might be too short to
transmit the infection to susceptibles in adjacent unaffected
subpopulations.

To study the dynamical differences between the reac-
tion-commuting and the reaction-diffusion processes, Belik
et al. [98] analyzed their respective traveling wave solu-
tions on the one dimensional lattice. As the diffusion rate
increases, spatially constrained human commuting gener-
ates a saturated threshold of the wave front velocity,
whereas the reaction-diffusion model has an unbounded
front velocity threshold. Such distinction implies that the
estimation of transmission speed might be overestimated
under the reaction-diffusion framework. Besides, they have
also found that the characteristic sojourn time spent by
commuters induces a novel epidemic threshold. Since air-
line traffic and ground commuting networks both serve
human routine transportation, Balcan et al. [94] developed
a multiscale networked metapopulation model, where the
commuting networks in about 30 countries were embedded
into the worldwide long-range air transportation network.
The introduction of short-range commuting mobility
enhances the synchronization of epidemic evolution pro-
files for subpopulations in close geographical proximity.

Human beings are intelligent. Their risk perception and
adaptive abilities promote the active response to epidemic
outbreaks, which might in turn alter the disease propaga-
tion [99-101]. Many works [102-111] have investigated
the effect of disease-behavior mutual feedback on com-
partment models as well as network epidemiology, and
recent research topics also begin the generalization to deal
with human behavior of mobility response. For example,
Meloni et al. [112], Wang et al. [113] analyzed the impact
of self-initiated mobility on the invasion threshold, show-
ing a counterintuitive phenomenon that the mobility
change of avoiding infected locations with high preva-
lences enhances the disease spreading to the entire system.

4.2 Intra-subpopulation contagion

The above studies focus on understanding the influence of
inter-subpopulation human mobility patterns, generally
assuming that the individuals behave identically in each
subpopulation. However, the diversity of individual
behaviors in different subpopulations also affects the pan-
demic spreading.

Although it is well-known that human contacts have
crucial impact on the spatiotemporal dynamics of infec-
tious diseases in a population [3], previous works assumed
that individual contact patterns are identical among all
subpopulations. Since the basic reproductive number, R, is
equivalent to the same constant in all subpopulations, it is
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(a) Destination-driven contact scenario
Subpopulation y

(b) Origin-driven contact scenario
Subpopulation y

0
4 Ry

Fig. 4 (Color online) Effect of location-specific human contact patterns. a, b The structure of the phenomenological metapopulation model used
in [124], where the reaction-commuting processes couple two typical subpopulations x, y. In the destination-driven scenario (a), individual
characteristic contact rates (c,, ¢,) depend on the visited locations, while in the origin-driven scenario (b), the contacts of individuals correlate to
their subpopulations of residence. ¢, d The phase diagrams of the global Rf under these two scenarios, respectively. The white dashed curve in
each panel shows the global threshold R} obtained through the NGM analysis. From Wang et al. [124]

predictable that the epidemic attack rates as well as evo-
lution profiles in different areas are similar, as one can
clearly observe in [114].

At the intra-subpopulation scale, aside from the empir-
ical support from the data analysis of intra-urban human
mobility (see Sect. 3), the feasibility of the “well-mixed”
contacts assumption is also consistent with the recent
findings on interactive patterns of human contact. For
example, diverse digital instruments, e.g., wireless sen-
sors [115], active Radio Frequency Identification (RFID)
devices [116, 117], and WiFi [118-120] (we resort to the
WiFi technology in our social experiments, due to its
ubiquity in urban areas), have been deployed in realistic
social circumstances to collect the data of human close
proximity contacts [121]. The data analyses have unveiled
an unexpected feature that the squared coefficient of vari-
ance is quite small for the distribution of the number of
distinct persons each individual encounters per day [115-119],

&) SCIENCE CHINA PRESS

which implies the presence of a characteristic contact rate
within each subpopulation.

Note that the characteristic contact rate might vary
evidently in different subpopulations. As illustrated by
empirical studies [122, 123], in reality, location-specific
factors are the potential drivers resulting in a substantial
variation of disease incidences between populations.
Inspired by this finding, Wang et al. [124, 125] introduced
two categories of location-specific human contact patterns
into a phenomenological reaction-commuting metapopu-
lation model. A simple destination-driven scenario is
considered first, where individual contact features are
determined by the visited locations. Since the residence
and the destination can be distinguished by the commuting
mobility, an origin-driven scenario is also introduced,
where the contacts of individuals are relevant to their
subpopulations of residence. Figure 4a—b illustrate the
modeling structures of these two scenarios.
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In these cases, it is infeasible to analyze the invasion
threshold through the theory of branching process, since the
prerequisite of identical basic reproductive number in all
subpopulations is invalid. Instead, the next generation matrix
(NGM) approach [126] can be applied to analyze the global
outbreak threshold R{ here. Due to the mixing of individuals
with heterogeneous contact capacities in each subpopula-
tion, which is analogous to the effect induced by annealed
heterogeneous networks [45], the addressed location-spe-
cific contact patterns reduce the epidemic threshold signifi-
cantly, and thus favor disease outbreaks in contrast to the
traditional homogeneous cases. Figure 4c—d show the phase
diagrams of the global R§ under these two types of contact
patterns, respectively. Interestingly, the variance of disease
prevalence under the destination-driven scenario has a
monotonic dependence on the characteristic contact rates,
whereas under the origin-driven scenario, counterintuitively,
the increase of contact rates weakens the disease prevalence
in some parametric ranges. This topic was also extended to
study the metapopulation network, which unraveled a new
problem of disease localization, i.e., the epidemic might be
localized on a finite number of highly connected hubs.

Other types of human behavioral diversity have also been
considered recently. Motivated by the evidence that the
diversity of travel habits or trip durations might yield het-
erogeneity in the sojourn time spent at destinations, Poletto
et al. [127] studied the impact of large fluctuations of vis-
iting durations on the epidemic threshold, finding that the
positively-correlated and the negatively-correlated degree-
based staying durations lead to distinct invasion paths to
global outbreaks. Based on the observation that the specific
curing (recovery) condition depends on the available med-
ical resources supplied by local health sectors, Shen
et al. [128] studied the effect of degree-dependent curing
rates, which demonstrates that an optimal intervention
performance with the largest epidemic threshold is obtained
by designing the heterogeneous distribution of curing rates
as a superlinear mode. Since the epidemic spreading is also
relevant to casual contacts during public gatherings, Cao
et al. [129] introduced the rendezvous effect into a bipartite
metapopulation network, and showed that the rendezvous-
induced transmission accelerates the pandemic outbreaks.

5 Performance of intervention strategies

The study of metapopulation model not only expands our
knowledge on the dynamics of spatial epidemic spreading,
but also manifests the power in evaluating the performance
of intervention strategies. For example, although the strat-
egy of travel ban is usually deployed during a pandemic
outbreak in reality, it is unclear whether the effectiveness is
excellent enough in limiting the pandemic spreading.
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Counterintuitively, recent studies have unraveled the lim-
ited utility of travel restrictions: Even if the worldwide air
traffic is decreased to an unprecedented low level, e.g., less
than 10 %, the disease landing to unaffected regions is only
postponed several weeks [130—-133]; the contribution to
reducing the morbity is also quite limited [130, 131, 134].
Such findings are consistent with the aforementioned fact
that the global invasion threshold is decreased significantly
by the presence of the high-level topological heterogeneity.

It thus becomes urgent to study the controllability of intra-
subpopulation measures, such as the usage of vaccine or
antiviral drugs, and the implementation of community-based
interventions, which are typical containment strategies sug-
gested by the World Health Organization (WHO) [55]. To
estimate and also to improve the performance of disease
response plans on decreasing the morbidity, large-scale
computational simulations have been performed extensively
to study various types of pharmaceutical interventions [4, 14,
56,57, 60, 68, 134-139], which aid in identifying the targeted-
groups and guiding the deployment of limited resources.

Despite technical difficulties, it is probable to analyze
the delaying effect of different strategies. With the theory
of renewal process, Wang et al. [140] developed a general
mathematical framework to deal with the scenario of
minimum metapopulation, where two typical subpopula-
tions are connected by the travel flows. This is a rational
approximation of the initial stage of an outbreak. It is
shown that with a short response time, the intra-subpopu-
lation measures perform much better than that of the inter-
subpopulation travel restrictions. However, this advantage
is weakened considerably as the response time increases.

Recent clinical evidences obtained from the real-world
pandemic campaigns have uncovered new problems on the
prompt response with pharmaceutical interventions. For
example, there presents an unavoidable delay of 4-6
months for developing the proper vaccine against a par-
ticular pandemic virus [141-143]; and an extensive usage
of antiviral drugs might induce the prevalence of antiviral
resistance [144—146]. Therefore, it is crucial to thoroughly
examine the effectiveness of community-based interven-
tions by using the models of networked metapopulation,
which deserves more efforts in near future.

6 Conclusions and outlooks

Networked metapopulation contributes an ideal epidemic
modeling platform, which promotes our understanding on
the dynamics of large-scale geographic transmission of
emergent diseases. The models have the potential to be
applied in the real-time numerical pandemic forecast, and
are also very useful in evaluating the effectiveness of dis-
ease response strategies.
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Recently, the good, the bad and the ugly facts of the Big
Data have triggered extensive debates around the world.
The interdisciplinary research of metapopulation epidemi-
ology establishes a paradigm for the study of data science,
since one remarkable progress in this field is the innovative
usage of fine-grained data in verifying key assumptions and
in establishing model substrates. Technical developments
in the data collection, processing and analysis not only
offer key insights into the dynamical properties of human
mobility infrastructures as well as human behavioral
diversity, but also raise new questions referring to their
influences on the spatial transmission of emerging infec-
tious diseases. Such methodology can be applied to study
diverse types of contagion phenomena, including the
spreading of computer viruses, information, innovations,
emotion, behavior, crisis, culture, etc.

At the end of discussions, some open questions still
deserve to be addressed. The development of the sophisti-
cated computational techniques and the consideration of
detailed human/population dynamics are quite important for
the research of spatial epidemiology. However, it is also
crucial to understand the fundamental principals governing
the complex contagion phenomena [147]. In this regard, an
interesting question poses itself, namely, whether it is
possible to define a unified mathematical framework that
can characterize different kinds of spatial dynamics models
of emerging diseases.

It is also probable to generalize present theoretical
results to deal with reverse problems, such as the identifi-
cation of infection sources [147-149], possible mobility
networks [150], and disease invasion process. Such infer-
ence problems are valuable to establish an optimal
response plan for tracing and preventing the pandemics.

Acknowledgments We appreciate the two anonymous referees for
their valuable comments. We are grateful to the instructive discus-
sions with Guanrong Chen, Joseph T. Wu, Shlomo Havlin, Ming
Tang, Daqing Li, Xiaoyong Yan, Zhen Wang, Jianbo Wang, Lang
Cao, Xun Li. We thank Yan Zhang for the help of preparing the
figures. We acknowledge the support from the National Basic
Research Program (2010CB731403), the National Natural Science
Foundation (61273223), the Research Fund for the Doctoral Program
of Higher Education (20120071110029) of China, and the Hong Kong
Research Grants Council under the GRF Grant CityU 1109/12. Lin
Wang also acknowledges the partial support by Fudan University
Excellent Doctoral Research Program (985 Project).

Conflict of interest The authors declare that they have no conflict
of interest.

References

1. Levins R (1969) Some demographic and genetic consequences
of environmental heterogeneity for biological control. Bull
Entomol Soc Am 15:237-240

&) SCIENCE CHINA PRESS

10.

11.

13.

14.

15.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

. Hanski I, Gaggiotti OE (eds) (2004) Ecology, genetics and

evolution of metapopulations. Elsevier, Burlington

. Anderson RM, May RM (1991) Infectious diseases of humans:

dynamics and control. Oxford University Press, Oxford

. Keeling MJ, Rohani P (2008) Modeling infectious diseases in

humans and animals. Princeton University Press, Princeton

. Bernoulli D (1766) Essai d’une nouvelle analyse de la mortalité

causée par la petite vérole, et des avantages de I’inoculation
pour la prévenir. Mém Math Phys Acad Roy Sci Paris 1-45

. Albert R, Barabasi AL (2002) Statistical mechanics of complex

networks. Rev Mod Phys 74:47-97

. Cohen R, Havlin S (2010) Complex networks: structure,

robustness and function. Cambridge University Press, New York

. Newman MEJ (2010) Networks: an introduction. Oxford Uni-

versity Press, New York

. Chen GR, Wang XF, Li X (2012) Introduction to complex

networks: models, structures, and dynamics. Higher Education
Press, Beijing

Watts DJ, Strogatz SH (1998) Collective dynamics of small-
world networks. Nature 393:440-442

Barabasi AL, Albert R (1999) Emergence of scaling in random
networks. Science 286:509-512

. Boccaletti S, Latora V, Moreno Y et al (2006) Complex net-

works: structure and dynamics. Phys Rep 424:175-308
Dorogovtsev SN, Goltsev AV, Mendes JFF (2008) Critical
phenomena in complex networks. Rev Mod Phys 80:1275-
1335

Barrat A, Barthélemy M, Vespignani A (2008) Dynamical
processes on complex networks. Cambridge University Press,
New York

Castellano C, Fortunato S, Loreto V (2009) Statistical physics of
social dynamics. Rev Mod Phys 81:591-646

. Albert R, Jeong H, Barabasi AL (2000) Error and attack toler-

ance of complex networks. Nature 406:378-382

. Gao JX, Buldyrev SV, Stanley HE et al (2012) Networks formed

from interdependent networks. Nat Phys 8:40-48

. Li X, Wang XF, Chen GR (2004) Pinning a complex dynamical

network to its equilibrium. IEEE Trans Circuits Syst I
51:2074-2087

Chen GR, Duan ZS (2008) Network synchronizability analysis:
a graph—theoretic approach. Chaos 18:037102

Arenas A, Diaz-Guilera A, Kurths J et al (2008) Synchronization
in complex networks. Phys Rep 469:93-153

Redner S (2001) A guide to first-passage processes. Cambridge
University Press, Cambridge

Masuda N, Gibert N, Redner S (2010) Heterogeneous voter
models. Phys Rev E 82:010103(R)

Zhan JY, Li X (2013) Consensus of sampled-data multi-agent
networking systems via model predictive control. Automatica
49:2502-2507

Wang Z, Liu Y, Wang L et al (2014) Freezing period strongly
impacts the emergence of a global consensus in the voter model.
Sci Rep 4:3597

Wang XF, Li X, Lv JH (2010) Control and flocking of net-
worked systems via pinning. IEEE Circ Syst Mag 10:83-91
Liu YY, Slotine JJ, Barabasi AL (2011) Controllability of
complex networks. Nature 473:167-173

Yan G, Ren J, Lai YC et al (2012) Controlling complex
networks: how much energy is needed? Phys Rev Lett
108:218703

Yuan ZZ, Zhao C, Di ZR et al (2013) Exact controllability of
complex networks. Nat Commun 4:2447

Nowak MA (2006) Five rules for the evolution of cooperation.
Science 314:1560-1563

Szab6 G, Fath G (2007) Evolutionary games on graphs. Phys
Rep 446:97-216

@ Springer



3520

Chin. Sci. Bull. (2014) 59(28):3511-3522

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

@ Springer

Rong ZH, Li X, Wang XF (2007) Roles of mixing patterns in
cooperation on a scale-free networked game. Phys Rev E
76:027101

Wang Z, Wang L, Yin ZY et al (2012) Inferring reputation
promotes the evolution of cooperation in spatial social dilemma
games. PLoS One 7:¢40218

Wang Z, Szolnoki A, Perc M (2013) Interdependent network
reciprocity in evolutionary games. Sci Rep 3:1183

Zhang GQ, Sun QB, Wang L (2013) Noise-induced enhance-
ment of network reciprocity in social dilemmas. Chaos Soliton
Fract 51:31-35

Tan SL, Lv JH, Yu XH et al (2013) Evolution and maintenance
of cooperation via inheritance of neighborhood relationship.
Chin Sci Bull 58:3491-3498

Jin Q, Wang L, Xia CY et al (2014) Spontaneous symmetry
breaking in interdependent networked game. Sci Rep 4:4095
Wang WX, Wang BH, Hu B et al (2005) General dynamics of
topology and traffic on weighted technological networks. Phys
Rev Lett 94:188702

Meloni S, Arenas A, Moreno Y (2009) Traffic-driven epidemic
spreading in finite-size scale-free networks. Proc Natl Acad Sci
USA 106:16897-16902

Wu J, Tse CK, Lau FCM et al (2013) Analysis of communi-
cation network performance from a complex network perspec-
tive. IEEE Trans Circuits Syst I 60:3303-3316

Zhang GQ, Wang L, Chen TL (2009) Analysis of self-organized
criticality in weighted coupled systems. Phys A 388:1249-1256
Zhang GQ, Tirnakli U, Wang L et al (2011) Self organized
criticality in a modified Olami—Feder—Christensen model. Eur
Phys J B 82:83-89

Wang L, Zhang GQ, Chen TL (2011) Self-organized criticality
analysis of earthquake model based on heterogeneous networks.
Commun Theor Phys 55:89-94

Brummitt CD, D’Souza RM, Leicht EA (2012) Suppressing
cascades of load in interdependent networks. Proc Natl Acad Sci
USA 109:E680-E689

Pastor-Satorras R, Vespignani A (2004) Evolution and structure
of the internet: a statistical physics approach. Cambridge Uni-
versity Press, New York

Pastor-Satorras R, Vespignani A (2001) Epidemic spreading in
scale-free networks. Phys Rev Lett 86:3200-3203

Lloyd AL, May RM (2001) How viruses spread among com-
puters and people. Science 292:1316-1317

Fu XC, Small M, Chen GR (2014) Propagation dynamics on
complex networks: models, methods and stability analysis.
Wiley, New York

Boguiia M, Pastor-Satorras R, Vespignani A (2003) Absence of
epidemic threshold in scale-free networks with degree correla-
tions. Phys Rev Lett 90:028701

Li X, Wang XF (2006) Controlling the spreading in small-world
evolving networks: stability, oscillation, and topology. IEEE
Trans Automat Control 51:534-540

Liu ZH, Hu B (2005) Epidemic spreading in community net-
works. Europhys Lett 72:315

Guo WP, Li X, Wang XF (2007) Epidemics and immunization
on Euclidean distance preferred small-world networks. Phys A
380:684—-690

Pastor-Satorras R, Castellano C (2012) Competing activation
mechanisms in epidemics on networks. Sci Rep 2:371
Parshani R, Carmi S, Havlin S (2010) Epidemic threshold for the
susceptible-infectious-susceptible model on random networks.
Phys Rev Lett 104:258701

Castellano C, Pastor-Satorras R (2010) Thresholds for epidemic
spreading in networks. Phys Rev Lett 105:218701

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.
76.

World Health Organization. Pandemic influenza preparedness
and response. http://www.who.int/influenza/resources/documents/
pandemic_guidance_04_2009/en/index.html

Leung GM, Bacon-Shone J (eds) (2006) Hong Kong’s health
system-reflections, perspectives and visions. Hong Kong Uni-
versity Press, Hong Kong

Mclean AR, May RM, Pattison J (eds) (2005) SARS: a case
study in emerging infections. Oxford University Press, New
York

Fraser C, Donnelly CA, Cauchemez S et al (2009) Pandemic
potential of a strain of influenza A (HINI): early findings.
Science 324:1557-1561

Khan K, Arino J, Hu W et al (2009) Spread of a novel influenza
A(HINI) virus via global airline transportation. N Engl J Med
361:212-214

Yang Y, Sugimoto JD et al (2009) The transmissibility and
control of pandemic influenza A (HINI1) virus. Science
326:729-733

Simonsen L, Spreeuwenberg P, Lustig R et al (2013) Global
mortality estimates for the 2009 influenza pandemic from the
GLaMOR project: a modeling study. PLoS Med 10:e1001558
Gao RB, Cao B, Hu Y et al (2013) Human infection with a novel
avian-origin Influenza A (H7N9) virus. N Engl J Med
368:1888-1897

Yu H, Cowling BJ, Feng L et al (2013) Human infection with
avian influenza A H7N9 virus: an assessment of clinical sever-
ity. Lancet 382:138-145

Zhuang QY, Wang SC, Wu ML et al (2013) Epidemiological
and risk analysis of the H7N9 subtype influenza outbreak in
China at its early stage. Chin Sci Bull 58:3183-3187

Shi JZ, Deng GH, Liu PH et al (2013) Isolation and character-
ization of H7N9 viruses from live poultry markets—implication
of the source of current H7N9 infection in humans. Chin Sci
Bull 58:1857-1863

McMichael AJ (2004) Environmental and social influences on
emerging infectious diseases: past, present and future. Phil Trans
R Soc Lond B 359:1049-1058

Riley S (2007) Large-scale spatial-transmission models of
infectious disease. Science 316:1298-1301

Hufnagel L, Brockmann D, Geisel T (2004) Forecast and control
of epidemics in a globalized world. Proc Natl Acad Sci USA
101:15124-15129

Colizza V, Barrat A, Barthélemy M et al (2015) The role of the
airline transportation network in the prediction and predictabil-
ity of global epidemic. Proc Natl Acad Sci USA 2006:103
Wang L, Li X, Zhang YQ et al (2011) Evolution of scaling
emergence in large-scale spatial epidemic spreading. PLoS One
6:¢21197

Stanley HE (1999) Scaling, universality, and renormalization:
three pillars of modern critical phenomena. Rev Mod Phys
71:S358-S366

Lv L, Zhang Z-K, Zhou T (1082) Deviation of Zipf’s and
Heaps’ laws in human languages with limited dictionary sizes.
Sci Rep 2013:3

United States Census Bureau (2009) Annual estimates of the
population of metropolitan and micropolitan statistical areas:
April 1, 2000 to July 1, 2009. http://www.census.gov/popest/
data/metro/totals/2009/

Bureau of Transportation Statistics, United States. http://www.
bts.gov/

Barthélemy M (2010) Spatial networks. Phys Rep 499:1-101
Bazzani A, Giorgini B, Rambaldi S et al (2010) Statistical laws
in urban mobility from microscopic GPS data in the area of
Florence. J Stat Mech P05001

&) SCIENCE CHINA PRESS


http://www.who.int/influenza/resources/documents/pandemic_guidance_04_2009/en/index.html
http://www.who.int/influenza/resources/documents/pandemic_guidance_04_2009/en/index.html
http://www.census.gov/popest/data/metro/totals/2009/
http://www.census.gov/popest/data/metro/totals/2009/
http://www.bts.gov/
http://www.bts.gov/

Chin. Sci. Bull. (2014) 59(28):3511-3522

3521

7.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

Peng CB, Jin XG, Wong KC et al (2012) Collective human
mobility pattern from taxi trips in urban area. PLoS One
7:e34487

Hasan S, Schneider CM, Ukkusuria SV et al (2012) Spatio-
temporal patterns of urban human mobility. J Stat Phys 1:245
Liang X, Zhao JC, Dong L et al (2013) Unraveling the origin of
exponential law in intra-urban human mobility. Sci Rep 3:2983
Yan XY, Han XP, Wang BH et al (2013) Diversity of individual
mobility patterns and emergence of aggregated scaling laws. Sci
Rep 3:2678

Hu H, Nigmatulina K, Eckhoff P (2013) The scaling of contact
rates with population density for the infectious disease models.
Math Biosci 244:125-134

Lazer D, Pentland A, Adamic L et al (2009) Computational
social science. Science 323:721-723

Helbing D (2013) Globally networked risks and how to respond.
Nature 497:51-59

Salathé M, Freifeld CC, Mekaru SR et al (2013) Influenza A
(H7N9) and the importance of digital epidemiology. N Engl J
Med. doi:10.1056/NEJMp1307752

Nsoesie EO, Brownstein JS, Ramakrishnan N et al (2013) A
systematic review of studies on forecasting the dynamics of
influenza outbreaks. Influenza Other Respi Viruses. doi:10.1111/
irv.12226

Rvachev LA, Longini IM Jr (1985) A mathematical model for
the global spread of influenza. Math Biosci 75:3-22
Brockmann D (2009) Human mobility and spatial disease
dynamics. In: Schuster HG (ed) Reviews of nonlinear dynamics
and complexity, vol 2. Wiley, Germany

Colizza V, Pastor-Satorras R, Vespignani A (2007) Reaction-
diffusion processes and metapopulation models in heteroge-
neous networks. Nat Phys 3:276-282

Colizza V, Vespignani A (2008) Epidemic modeling in meta-
population systems with heterogeneous coupling pattern: theory
and simulations. J Theor Biol 251:450-467

Tang M, Liu ZH, Li BW (2009) Epidemic spreading by
objective traveling. Europhys Lett 87:18005

Balcan D, Vespignani A (2011) Phase transitions in contagion
processes mediated by recurrent mobility patterns. Nat Phys
7:581-586

Rose G (2006) Mobile phones as traffic probes: practices,
prospects and issues. Transp Rev 26:275-291

Gonzalez MC, Hidalgo CA, Barabasi AL (2008) Understanding
individual human mobility patterns. Nature 453:779-782
Balcan D, Colizza V, Gongalves B et al (2009) Multiscale
mobility networks and the spatial spreading of infectious dis-
eases. Proc Natl Acad Sci USA 106:21484-21489

Song CM, Qu ZH, Blumm N et al (2010) Limits of predictability
in human mobility. Science 327:1018-1021

United States Census Bureau. Census 2000. http://www.census.
gov/

Balcan D, Vespignani A (2012) Invasion threshold in structured
populations with recurrent mobility patterns. J Theor Biol
293:87-100

Belik V, Geisel T, Brockmann D (2011) Natural human mobility
patterns and spatial spread of infectious diseases. Phys Rev X
1:011001

Ferguson N (2007) Capturing human behaviour. Nature 446:733
Gross T, Sayama H (eds) (2009) Adaptive networks: theory,
models and applications. Springer, New York

Manfredi P, d’Onofrio A (eds) (2013) Modeling the interplay
between human behavior and the spread of infectious diseases.
Springer, New York

Bauch CT, Galvani AP, Earn DJD (2003) Group-interest versus
self-interest in smallpox vaccination policy. Proc Natl Acad Sci
USA 100:10564-10567

&) SCIENCE CHINA PRESS

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

Epstein JM, Parker J, Cummings D et al (2008) Coupled con-
tagion dynamics of fear and disease: mathematical and com-
putational explorations. PLos One 3:¢3955

Funk S, Gilad E, Watkins C et al (2009) The spread of aware-
ness and its impact on epidemic outbreaks. Proc Natl Acad Sci
USA 106:6872-6877

Zhang HF, Zhang J, Zhou CS et al (2010) Hub nodes inhibit the
outbreak of epidemic under voluntary vaccination. New J Phys
12:023015

Perra N, Balcan D, Gongalves B et al (2011) Towards a char-
acterization of behavior-disease models. PLos One 6:¢23084
Wu Q, Fu X, Small M et al (2012) The impact of awareness on
epidemic spreading in networks. Chaos 22:013101

Zhang HF, Wu ZX, Xu XK et al (2013) Impacts of subsidy
policies on vaccination decisions in contact networks. Phys Rev
E 88:012813

Ruan ZY, Tang M, Liu ZH (2013) Epidemic spreading with
information-driven vaccination. Phy Rev E 86:036117

Xia CY, Wang Z, Sanz J et al (2013) Effects of delayed recovery
and nonuniform transmission on the spreading of diseases in
complex networks. Phys A 392:1577-1585

Zhu GH, Chen GR, Xu XJ et al (2013) Epidemic spreading on
contact networks with adaptive weights. J Theor Biol 317:
133-139

Meloni S, Perra N, Arenas A et al (2011) Modeling human
mobility responses to the large-scale spreading of infectious
diseases. Sci Rep 1:62

Wang B, Cao L, Suzuki H et al (2012) Safety-information-dri-
ven human mobility patterns with metapopulation epidemic
dynamics. Sci Rep 2:887

Ajelli M, Gongalves B, Balcan D et al (2010) Comparing large-
scale computational approaches to epidemic modeling: agent-
based versus structured metapopulation models. BMC Infect Dis
10:190

Salathé M, Kazandjieva M, Lee JW et al (2010) A high-reso-
lution human contact network for infectious disease transmis-
sion. Proc Natl Acad Sci USA 107:22020

Isella L, Stehlé J, Barrat A et al (2011) What’s in a crowd?
Analysis of face-to-face behavioral networks. J Theor Biol
271:166-180

Takaguchi T, Nakamura M, Sato N et al (2011) Predictability of
conversation partners. Phys Rev X 1:011008

Zhang Y, Wang L, Zhang YQ et al (2012) Towards a temporal
network analysis of interactive WiFi users. Europhys Lett
98:68002

Zhang YQ, Li X (2012) Characterizing large-scale population’s
indoor spatio-temporal interactive behaviors. In: Proceeding of
the ACM SIGKDD international workshop on urban computing
(UrbComp’12), Beijing, China, pp 25-32

Zhang YQ, Li X (2013) Temporal dynamics and impact of event
interactions in cyber-social populations. Chaos 23:013131
Holme P, Saramaéki J (eds) (2013) Temporal networks. Springer,
Berlin

Lessler J, Cummings DAT, Read JM et al (2011) Location-
specific patterns of exposure to recent pre-pandemic strains of
influenza A in southern China. Nat Commun 2:423

Crighton EJ, Elliott SJ, Moineddin R et al (2007) An
exploratory spatial analysis of pneumonia and influenza hos-
pitalizations in Ontario by age and gender. Epidemiol Infect
135:253-261

Wang L, Wang Z, Zhang Y et al (2013) How human location-
specific contact patterns impact spatial transmission between
populations? Sci Rep 3:1468

Wang L, Zhang Y, Wang Z et al (2013) The impact of location-
specific contact pattern on the sir epidemic transmission
between populations. Int J Bifurcat Chaos 23:1350095

@ Springer


http://dx.doi.org/10.1056/NEJMp1307752
http://dx.doi.org/10.1111/irv.12226
http://dx.doi.org/10.1111/irv.12226
http://www.census.gov/
http://www.census.gov/

3522

Chin. Sci. Bull. (2014) 59(28):3511-3522

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

@ Springer

Diekmann O, Heesterbeek JAP (2000) Mathematical epidemi-
ology of infectious diseases: model building, analysis and
interpretation. Wiley, New York

Poletto C, Tizzoni M, Colizza V (2012) Heterogeneous length of stay
of hosts’ movements and spatial epidemic spread. Sci Rep 2:476
Shen CS, Chen HS, Hou ZH (2012) Strategy to suppress epi-
demic explosion in heterogeneous metapopulation networks.
Phys Rev E 86:036114

Cao L, Li X, Wang B et al (2011) Rendezvous effects in the
diffusion process on bipartite metapopulation networks. Phys
Rev E 84:041936

Déirdre Hollingsworth T, Ferguson NM, Anderson RM (2006)
Will travel restrictions control the international spread of pan-
demic influenza? Nat Med 12:497-499

Cooper BS, Pitman RJ, Edmunds W] et al (2006) Delaying the
international spread of pandemic influenza. PLoS Med 3:e212
Tomba GS, Wallinga J (2008) A simple explanation for the low
impact of border control as a countermeasure to the spread of an
infectious disease. Math Biosci 214:70-72

Bajardi P, Poletto C, Ramasco JJ et al (2011) Human mobility
networks, travel restrictions, and the global spread of 2009
HINT1 pandemic. PLoS One 6:¢16591

Ferguson NM, Cummings DAT, Fraser C et al (2006) Strategies
for mitigating an influenza pandemic. Nature 442:448-450

Wu JT, Riley S, Fraser C et al (2006) Reducing the impact of the
next influenza pandemic using household-based public health
interventions. PLoS Med 3:e361

Colizza V, Barrat A, Barthélemy M et al (2007) Modeling the
worldwide spread of pandemic influenza: baseline case and
containment interventions. PLoS Med 4:e13

Riley S, Wu JT, Leung GM (2007) Optimizing the dose of pre-
pandemic influenza vaccines to reduce the infection attack rate.
PLoS Med 4:e218

Elizabeth Halloran M, Ferguson NM, Eubank S et al (2008)
Modeling targeted layered containment of an influenza pan-
demic in the United States. Proc Natl Acad Sci USA
105:4639-4644

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

Wu JT, Lee CK, Cowling BJ et al (2010) Logistical feasibility
and potential benefits of a population-wide passive-immuno-
therapy program during an influenza pandemic. Proc Natl Acad
Sci USA 107:3269-3274

Wang L, Zhang Y, Huang TY et al (2012) Estimating the value
of containment strategies in delaying the arrival time of an
influenza pandemic: a case study of travel restriction and patient
isolation. Phys Rev E 86:032901

Stohr K, Esveld M (2004) Will vaccines be available for the
next influenza pandemic? Science 306:2195-2196

Leung GM, Nicoll A (2010) Reflections on pandemic (HINI1)
2009 and the international response. PLoS Med 7:¢1000346
Smith J, Lipsitch M, Almond JW (2011) Vaccine production,
distribution, access, and uptake. Lancet 378:428-438

Hayden FG (2006) Antiviral resistance in influenza viruses—
implications for management and pandemic response. N Engl J
Med 354:785-788

Lipsitch M, Cohen T, Murray M et al (2007) Antiviral resistance
and the control of pandemic influenza. PLoS Med 4:e15

Wu JT, Leung GM, Lipsitch M et al (2009) Hedging against
antiviral resistance during the next influenza pandemic using
small stockpiles of an alternative chemotherapy. PLoS Med
6:¢1000085

Brockmann D, Helbing D (2013) The hidden geometry of
complex, network-driven contagion phenomena. Science
342:1337-1342

Shah D, Zaman T (2011) Rumors in a network: who’s the cul-
prit? IEEE T Inform Theory 57:5163-5181

Luo WQ, Tay WP, Leng M (2013) Identifying infection sources
and regions in large networks. IEEE T Signal Proces 61:
2850-2865

Wang WX, Yang R, Lai YC et al (2011) Predicting catastrophes
in nonlinear dynamical systems by compressive sensing. Phys
Rev Lett 106:154101

&) SCIENCE CHINA PRESS



	Spatial epidemiology of networked metapopulation: an overview
	Abstract
	Introduction
	Dynamical models of infectious diseases: from single population to networked metapopulation
	Compartment model
	Network epidemiology
	Networked metapopulation

	Validity of networked metapopulation
	Two scales of dynamics: recent progress
	Inter-subpopulation invasion
	Intra-subpopulation contagion

	Performance of intervention strategies
	Conclusions and outlooks
	Acknowledgments
	References


