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We construct a dual-layer coupled complex network of communities and residents to represent the interconnected risk
transmission network between communities and the disease transmission network among residents. It characterizes the
process of infectious disease transmission among residents between communities through the SE2IHR model considering
two types of infectors. By depicting a more fine-grained social structure and combining further simulation experiments, the
study validates the crucial role of various prevention and control measures implemented by communities as primary execu-
tors in controlling the epidemic. Research shows that the geographical boundaries of communities and the social interaction
patterns of residents have a significant impact on the spread of the epidemic, where early detection, isolation and treatment
strategies at community level are essential for controlling the spread of the epidemic. In addition, the study explores the
collaborative governance model and institutional advantages of communities and residents in epidemic prevention and
control.
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1. Introduction
The COVID-19 pandemic has affected the lives of bil-

lions, significantly impacting health, economy, environment
and social sectors, plunging the global economy into its most
severe recession since World War II.[1] This crisis has under-
scored the crucial role of public health systems in controlling
infectious diseases, revealing inadequacies in current systems.
This demands not only enhanced governance and intervention
efficacy from nations but also necessitates in-depth research
into the mechanisms of pandemic spread to better handle fu-
ture crises.

Looking at China’s early COVID-19 containment expe-
rience, community-level control proved effective in slowing
the spread, buying time for medical institutions.[2] Communi-
ties, defined as social collectives within specific geographic
areas,[3] form the basic units of grassroots governance in
China, with clear institutional identities, geographic bound-
aries, populations and dedicated service personnel. Due to
the covert nature of infectious diseases and the characteristics
of community transmission, communities have become sig-
nificant transmission spaces, making community-level control
a key link in halting the spread of the pandemic.[4–6] Before
effective drugs for treating infectious diseases are developed,
early detection, isolation and treatment are effective methods
to control the spread.[7,8] Therefore, understanding the im-
pact of community structures and resident relationships on the

spread, and quantifying the role of community control mecha-
nisms in pandemic prevention are the focus of this study.

The SEIR model, a classic compartmental model in
transmission dynamics,[9] considers the significant incuba-
tion period of infectious diseases, using a latent state com-
partment as a transition from susceptible to infected states.
Many studies have validated its effectiveness in depicting the
transmission mechanisms of latent period diseases in real-
world societies.[10,11] Building on this, the SEIHR model was
proposed,[12] introducing a new compartment H for hospital-
ized individuals, which allows analysis of the speed at which
infections are diagnosed and admitted, and the interaction with
other compartments post-admission, affecting disease spread.
Researchers have expanded on this for diseases such as Ebola,
MERS and COVID-19, achieving valuable results in transmis-
sion analysis, prevention strategy effectiveness and basic re-
production number calculations.[13–17]

Research based on compartmental models typically as-
sumes uniform mixing networks, overlooking the impact of
local contacts on disease spread, a premise inconsistent with
reality.[18,19] The evolution of complex network science of-
fers new perspectives and approaches for studying pandemic
transmission mechanisms. As scholars delved deeper, Watts
and Strogatz’s discovery of small-world properties in hu-
man contact patterns revealed that different network types
affect disease spread speed and range — diseases spread
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faster and wider in small-world networks compared to regu-
lar networks.[20] Researchers are increasingly studying trans-
mission mechanisms on complex network levels, with Hsu et
al.[21] considering the impact of air travel in their mathemati-
cal modeling of H5N1 and H1N1 influenza, analyzing the ef-
fect of passenger behavior in small-world networks and the
potential efficacy of airport control measures. Li et al.[22] de-
veloped a small-world network-based model considering incu-
bation periods and asymptomatic carriers to describe COVID-
19 spread, assessing the effectiveness of different prevention
measures at various stages. Thurner et al.[23] proposed a
network-structured model akin to SIR to explain the linear
growth in infection rates, a phenomenon with which traditional
compartment models struggle, finding that this approach nat-
urally explains the occurrence of linear growth rates. Further-
more, they discovered that this model can accurately describe
the impact of non-pharmaceutical interventions on epidemic
spread without the need for parameter fitting and tuning. Re-
searchers have found that combining compartmental transmis-
sion models with complex network structures better describes
the impact of human behavior on epidemic spread.[24,25]

Integrating compartment models with two-tier or multi-
tier complex networks for the study of information and disease
propagation has become a new trend in recent years. In partic-
ular, the interaction mechanism between information dissem-
ination and disease spread is of paramount importance. Re-
searchers, such as He and Zhu,[26] Zhao et al,[27] Li et al.[28]

and Ma et al.[29] have proposed dual-layer or multi-layer net-
work models that combine the viral transmission layer with the
information dissemination layer. These models are utilized to
simulate the interactive spread of viruses and related aware-
ness. Studies indicate that spreading positive information,
increasing media coverage and enhancing the rate of aware-
ness dissemination can effectively prevent the spread of epi-
demics. This is closely related to the interaction between the
epidemic and the information dissemination layer. Another
significant research direction is exploring the impact of dif-
ferent social relationships on disease transmission. Scabini et
al,[30] Chung and Chew,[31] and Turker and Bingol[32] devel-
oped network models encompassing multiple facets such as
household, workplace, school, and friendship layers to observe
the influence of different social activity layers on disease trans-
mission rates. The findings suggest that prioritizing the man-
agement of the “friendship” layer can significantly slow down
the spread of epidemics, providing valuable insight and effec-
tive measures for understanding and controlling pandemics.
However, theoretical research on disease transmission mod-
els with community structures and preventive measures such
as increasing social distancing and implementing community
quarantines remains insufficient,[33] necessitating further ex-
ploration.

The impact of community structures and resident rela-
tionships on epidemic spread, and quantifying the role of com-
munities in pandemic control are central to this study. Existing
literature predominantly focuses on the transmission process,
exploring various transmission characteristics and dynamical
mechanisms, with scant attention to the influence of real-world
social structures on transmission. However, in real life, a com-
munity is a social living community with spatial boundaries,
tied together by geographical or residential relationships, and
residents’ relational networks are somewhat constrained by
their community affiliations.[34]

In this paper, the definition of public health risks refer-
ences the related reports by the World Health Organization
(WHO),[35] where “health risks” are defined as factors that in-
crease the probability of adverse health outcomes. Particularly
during the Covid-19 pandemic, scholars have connected the
concept of “health risks” with the spread and impact of Covid-
19, examining how health risks manifest geographically dur-
ing the pandemic and how urban and regional planning can
address these risks.[36] Thus, we adopt these perspectives, con-
sidering “health risks” as various risk factors related to health,
such as disease transmission, environmental pollution, unsafe
food and water sources, especially in the context of sudden
public health events such as infectious disease outbreaks or
environmental disasters, posing threats to public health.

In this paper, we have developed the SE2IHR transmis-
sion dynamics model that considers two different types of out-
lier infectors and diagnosed and treated patients, to character-
ize the transmission mechanism of public health risk events.
Classic compartment models can be seen as transmission un-
folding in uniformly mixed, fully connected networks. These
models are simple and facilitate fitting and analysis, effec-
tively reflecting the true trend of epidemic spread. However,
when aiming to further analyze the impact of social struc-
tures and control measures on epidemic spread, these models
lack finer-grained depictions of social structures. Therefore,
to study the influence of real-world community structures and
community-level control mechanisms on epidemic spread, we
consider the social network structures formed among residents
and the coupling between community–resident complex net-
works. This dual approach enables us to study the impact of
complex network structures on epidemic diffusion while also
validating through further simulation experiments the critical
role of community control in pandemic prevention.

2. Propagation model incorporating the dual-
layer coupling of community–resident net-
works
To further explore the impact of community structures

and various prevention measures on controlling the spread
of significant public health emergencies, in this section we
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construct a dual-layer complex network representing the
inter-community risk transmission network and the intra-
community disease transmission network among residents.
The structure of this model is illustrated in Fig. 1. Nodes
in different layers of the network represent different entities.
In the community layer, each node represents a community,
while in the resident layer, each node represents an individual
resident. The connections between nodes at different levels

have different meanings, which are detailed in Subsections 2.1
and 2.2. Risk events are transmitted between adjacent nodes
in the community network layer, while the epidemic spreads
within the social network layer of residents. Assuming there
are NCommunity nodes in the community network layer, and
each community consists of a network of NResident nodes due
to the subordinate relationship between communities and their
residents.

Community 

layer

Resident 
layer

:Normal state community

:Exposed state community

:Susceptible state residents

:Exposed state residents

:Two types of infected state residents

:Removed state residents

Subordinate 
relationship

:Risk state community

Fig. 1. The dual-layer coupling of community–resident networks.

2.1. Resident layer: SE2IHR network model with two
types of infectors

For the resident layer, this study proposes the SE2IHR
model based on complex network theory, considering six dif-
ferent groups: susceptible (S), exposed (E), type 1 infection
(I1), type 2 infection (I2), hospitalized (H), removed (R). This
model more intricately defines the states and transmission dy-
namics of different types of infected populations, dividing
the unadmitted infected group into two independent compart-
ments: type 1 infection (unadmitted infectors) and type 2 in-
fection (to-be-admitted infectors). Addressing the long incu-
bation periods characteristic of some infectious diseases, this
paper follows other researchers’ methods[10,11,37] by setting a
latent state compartment to simulate the condition of patients
during the incubation period.

Considering the transmission characteristics of significant
public health emergencies, this paper provides definitions for
each group in the SE2IHR model (the dynamical transmission
characteristics of the model are shown in Fig. 2).

S E

H

R

I1

I2
h

β

↼↩q↽γ

qγ γ

γ

Fig. 2. Dynamical transitions in the SE2IHR model.

Susceptible group (S): the susceptible group represents

the potential population at risk of infection. Individuals are
susceptible before being infected, meaning they can be in-
fected by an infectious person with whom they come into con-
tact. After contact with an infector, susceptible individuals
transition to the exposed group with a certain probability.

Exposed group (E): due to the significant incubation pe-
riod characteristic of some diseases, the exposed group repre-
sents those who have been infected after contact with an infec-
tor but are still asymptomatic and in the incubation period. Af-
ter a certain incubation period, exposed individuals transition
to one of the two infection groups with a certain probability. It
is generally assumed that the exposed group lacks the ability
to transmit the infection.

Type 1 infection group (I1): this group represents individ-
uals who have shown symptoms of infection and can transmit
the disease. Type 1 infectors are those who have not been de-
tected and diagnosed by medical institutions throughout their
infection period, either due to personal reasons or limited de-
tection and treatment capacity of medical institutions. They
remain undetected within the population but are still conta-
gious. After a period of illness, these infectors transition to
the removed group. The type 1 infected individuals (I1) can be
regarded as asymptomatic carriers, which is consistent with
most existing disease transmission models. That is, a propor-
tion q of asymptomatic carriers in all infected individuals, as
seen in clinical statistics, is used to reflect the infection status
of the first class of infected individuals (I1).

Type 2 infection group (I2): in contrast with type 1, type 2
infectors are those who will be detected, diagnosed and treated
by medical institutions but have not yet been diagnosed. This
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group also has the capability to transmit the disease and transi-
tions to the hospitalized group with a certain probability. The
type 2 infected individuals (I2) can be considered as the pre-
cursor state to the confirmed treatment status (H), which is
exactly the number of cases observable in various statistical
data. Thus, the second class of infected individuals (I2) can
be estimated based on the daily number of newly treated cases
and the probability h of being treated per unit of time. Their
transition speed depends on local medical conditions and the
level of resources available.

Hospitalized group (H): this group consists of patients
who have been diagnosed through clinical diagnosis or nucleic
acid testing and are receiving treatment. Often placed in isola-
tion wards and treated by medical workers wearing protective
gear, it is assumed in this study that the hospitalized group is
not infectious.

Removed group (R): this group includes individuals who
have gone through the entire disease cycle and are no longer
affected by the infectious disease, typically those who have
recovered or died.

Furthermore, this paper considers the heterogeneity of
resident contact patterns and the structure of social networks
on epidemic transmission, proposing a resident-level epidemic
transmission network model. Intra-community social net-
works among residents are relatively fixed, with overlapping
residential and living paths. Connections between resident
nodes indicate stable contacts and close social distances. The
resident-level network has a total of NCommunity × NResident

nodes, with NCommunity parallel sub-networks representing
each community and NResident nodes in each sub-network rep-
resenting the total number of residents within each commu-
nity’s jurisdiction.

We first analyze the transmission mechanism within a sin-
gle sub-network. The node states are set as follows: suscep-
tible (S), exposed (E), type 1 infection (I1), type 2 infection
(I2), hospitalized (H), removed (R). Within each time step,
the epidemic spreads from infected nodes (I1, I2) to adja-
cent susceptible nodes with a probability βr through the net-
work edges. Susceptible nodes exposed to infected ones go
through an incubation (E) period before becoming infected.
Exposed residents transition to type 1 infection with probabil-
ity qγ1 and to type 2 infection with probability (1− q)γ1 at
each time step. Meanwhile, type 1 infectors transition to the
removed group with probability γ21, type 2 infectors are diag-
nosed and treated with probability h, and hospitalized patients
transition to the removed group with probability γ22. Let nr

be the maximum degree kr of nodes in the resident network.
Pkr (kr = 1,2, . . . ,nr) is the proportion of nodes with degree

kr among all nodes, meaning Pkr = 0 for kr > nr. Let Skr(t),
Ekr(t), I1,kr(t), I2,kr(t), Hkr(t) and Rkr(t) respectively represent
the number of resident nodes at time t with node degree kr in
each state. This paper considers two categories of active infec-
tors and hospitalized patients at the resident level, establishing
the SE2IHR model on a complex network as follows:

dSkr(t)
dt

=−βrkrSkr(t)[Θ1(t)+Θ2(t)],

dEkr(t)
dt

= βrkrSkr(t)[Θ1(t)+Θ2(t)]− γ1,rEkr(t),

dI1,kr(t)
dt

= qγ1,rEkr(t)− γ21I1,kr(t),

dI2,kr (t)
dt

= (1−q)γ1,rEkr (t)−hI2,kr (t) ,

dHkr (t)
dt

=−hI2,kr(t)− γ22Hkr(t),

dRkr (t)
dt

= γ21I1,kr(t)+ γ22Hkr(t). (1)

In this context, Θ1(t) represents the probability of any res-
ident node being connected to a type 1 infection node (I1),
and Θ2(t) represents the probability of any resident node be-
ing adjacent to a type 2 infection node (I2). The edges between
nodes in the network signify relatively stable social relation-
ships or close physical distances among residents, resulting
in stable close contacts. However, even stable close contacts
do not guarantee transmission from the two types of infected
patients, so we define βr as the effective transmission rate.
NResident is the number of residents in each community’s ju-
risdiction, and Nkr is the number of nodes with degree kr, so
∑

n
kr=1 Nkr = NResident,

Nkr = Skr (t)+Ekr (t)+ I1,kr (t)

+ I2,kr (t)+Hkr (t)+Rkr (t) ,

(kr = 1,2, . . . ,nr) . (2)

We assume that once the network structure is generated, it does
not change; that is, each sub-network’s degree distribution is
fixed. Based on this definition, we can express the probabil-
ity of any node being connected to the two types of infection
nodes:

Θ1(t) =
1
kr

∑
n
kr=1 krPkr

I1,kr(t)
NResident,kr

, (3)

Θ2(t) =
1
kr

∑
n
kr=1 krPkr

I2,kr(t)
NResident,kr

. (4)

Considering realistic constraints, we provide the constraint
conditions:

{
Skr(t)+Ekr(t)+ I1,kr(t)+ I2,kr(t)+Hkr(t)+Rkr(t) = Nkr ,

0≤ Skr(t), Ekr(t), I1,kr(t), I2,kr(t), Hkr(t), Rkr(t)≤ Nkr .
(5)
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The basic reproduction number is a crucial indicator for mea-
suring the transmission capability of an infectious disease. It
generally refers to the average number of other individuals
that the initial case of an infection can infect under conditions
where there is no intervention, control measures are absent,
and all individuals are susceptible to infection at the onset of
an outbreak.[38] In this section, we refer to the research meth-
ods of Diekmann et al.,[39] Guerra et al.[40] and Mwalili et
al.[41] to derive the basic reproduction number of the SE2IHR
infectious disease model proposed in this paper using the next-
generation matrix method. The largest eigenvalue or spectral
radius of the next-generation matrix is defined as the basic re-
production number.

The infectious disease model proposed in this paper di-
vides the population into six different compartments based
on the different stages of infection status individuals are in.
Therefore, in this paper, we define X = (x1,x2,x3,x4,x5,x6) as
the combination of various compartments, which represents
the number of individuals in each compartment. The matrix
represents the rate of increase of individuals in each compart-
ment, with J(x) being the vector of ji(x). Similarly, it is de-
fined as the rate of removal of individuals from each compart-
ment, with V (x) being the vector of vi(x). Based on the dif-
ferential equations of the SE2IHR infectious disease model,
expressions can be obtained as

J(X) =


βrkrSkr(t)(I1,kr(t)+ I2,kr(t))

0
0
0
0
0

 , (6)

V (X) =


γ1Ekr(t)

βrkrSkr(t)(I1,kr(t)+ I2,kr(t))
γ21I1,kr(t)−qγ1,rEkr(t)

hI2,kr(t)− (1−q)γ1,rEkr(t)
γ22Hkr(t)−hI2,kr(t)
−γ21I1,kr(t)− γ22Hkr(t)

 . (7)

Subsequently, we define 𝐽 and 𝑉 as the Jacobian matrices of
J(X) and V (X), respectively. Thus, the Jacobian matrix con-
cerning X can be obtained by

𝐽 =

[
F 0
0 0

]
, 𝑉 =

[
V 0
J3 J4

]
. (8)

From this, we can construct the matrices F and V , here con-
sidering only the states E, I1, and I2, as these states are directly
related to new infections and state transitions. The expressions
for F and V can be obtained as

F (X) =

 0 βkr βkr
0 0 0
0 0 0

 ,

V (X) =

 γ1,r 0 0
−qγ1,r γ21 0

−(1−q)γ1,r 0 h

 . (9)

Therefore, the next-generation matrix of the system is defined
as follows:

FV−1 =

 0 βkr βkr
0 0 0
0 0 0

×


1
γ1,r

0 0

q
γ21

1
γ21

0

1−q
h

0
1
h



=


βkr(hq−qγ21 + γ21)

hγ21

βkr

γ21

βkr

h
0 0 0
0 0 0

 . (10)

The largest eigenvalue or spectral radius of the next-generation
matrix is defined as the basic reproduction number

R0 =
βkr(hq−qγ21 + γ21)

hγ21
. (11)

2.2. Community layer: Community-associated risk trans-
mission network model

At the community layer, we propose the NERN (normal–
exposed–risk–normal) model based on the SEIS model
mechanism[42] in complex networks, with the network trans-
mission dynamics illustrated in Fig. 3. In our community net-
work layer, edges between nodes represent geographical prox-
imity between different communities. When sudden public
health events occur, health risks are more likely to spread be-
tween geographically close communities. Residents of differ-
ent communities located close to each other are more likely to
have risk contacts in public areas at the community boundaries
(such as supermarkets, community clinics, restaurants, etc.).
The community layer’s network consists of NCommunity nodes,
and the state of each node is related to the state of all residents
in its jurisdiction, which will be elaborated in the following
sections.

In our proposed NERN model, R represents the risk state
of a community node, meaning the community contains in-
fectious residents (I1, I2) and has the capacity to transmit the
risk to other communities. E represents the exposed state of
a community node. Communities in the risk state can spread
the risk to other adjacent communities, but when susceptible
residents in normal state communities have risk contact with
infected residents in risk state communities, residents do not
immediately transition to the infected state due to the incuba-
tion period, at which point the community status is set to the
exposed state. N represents the normal state of a community
node. When there are no infected residents (I1, I2) in the com-
munity, the community status is set to normal (N).
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Risk transmission

Risk state community (R) Normal state community (N)
Random infection 

pathways

Fig. 3. Schematic diagram of the process of establishing random connecting edges in community risk propagation.

Within each time step, risk events in the community layer
propagate from a community node in the risk state (R) to adja-
cent normal state community nodes (N) with a probability βc.
Given the strong randomness in contacts between residents of
neighboring communities in the network, it is assumed that
when a normal state community node (N) is influenced by a
risk state community node (R), susceptible residents (S) within
the normal state community randomly establish connections
with infected residents (I1, I2) in the risk state community (R)
and get infected. Whenever a community in a normal state (N)
is infected by a community in a risk state (R), each resident in
the risk state community who is in an infected state (I1, I2)
has a probability of βr to infect susceptible residents (S) in the
normal state community, changing the state of susceptible res-
idents to the exposed state (E). Based on the above mentioned
transmission mechanism, we establish the NERN model on a
complex network that considers the state of the community as
follows:

dNkc (t)
dt

=−βckcNkc(t)Θc(t)+(γ1,cEkc(t)−∆gkc(t)),

dEkc(t)
dt

= βckcNkc(t)Θc(t)− γ1,cEkc(t),

dRkc(t)
dt

= ∆gkc(t),

(12)

where Θc(t) represents the probability of any normal state
community node being adjacent to a risk state community
node

Θc(t) =
1
kc

∑
n
kc=1 kcPkc

Rkc(t)
NCommunity,kc

. (13)

∆gkc(t) represents the rate at which risk state communities
transition to normal state communities per unit of time. Since
the state of the community depends on the status of its resi-
dents, we have

∆gkc (t) = ∑
NCommunity
i=1 gkc,i (t)−∑

NCommunity
i=1 gkc,i (t−1), (14)

where gkc,i(t) is an indicator function representing whether
each community has both types of infected residents

gkc,i(t) =

{
1, ∑

nr
kr=1 I1,kr (t)+∑

nr
kr=1 I2,kr (t)> 0,

0, otherwise.
(15)

3. Numerical simulation and result analysis
To study the impact of the dual-layer complex network

structure of community–residents on disease transmission, in
this section, we perform numerical calculations and simula-
tion experiments on the Watts–Strogatz small-world network,
using the spreading characteristics of the COVID-19 outbreak
as a basis for modeling. Many networks in real life exhibit
the structural characteristics of small-world networks, such as
social networks,[43] corporate cluster networks,[44] transporta-
tion networks[45,46] and community structure networks.[47]

Among them, the network generation algorithm that is closely
related to community and resident social relationships is the
small-world network generation algorithm. This is primarily
because interactions in small-world networks feature short av-
erage distances and higher clustering coefficients, leading to
faster disease transmission speeds, which are more consistent
with real-world transmission scenarios.[30] Therefore, consid-
ering the balance between data availability and the complete-
ness of the study, we adopt the small-world network genera-
tion algorithm as the multi-layer network foundation for the
community and resident layers.

The network structure parameters are set based on pre-
vious research on social structure networks[48] and physical
contact networks between people during the epidemic.[23] In
the community network layer, we use a Watts–Strogatz net-
work composed of NCommunity = 100 nodes, with an average
node degree of kc = 4 and a random reconnection probability
pc = 0.2. Each node in the community network corresponds
to a sub-network in the resident layer with NResident = 1000
nodes, an average node degree of kr = 3, and a random re-
connection probability pr = 0.2, thus generating NCommunity

sub-networks of NResident nodes each in the resident layer.
For the parameters related to infectious disease transmis-

sion, the parameters for the resident layer will be set based
on the SEIR model, adapted to fit the real COVID-19 data
published by the Chinese National Health Commission[49] us-
ing the particle swarm optimization algorithm. This approach
aims to align the model parameters as closely as possible with
the actual public health event. Specifically, the parameters
are set as βr = 0.3, γ1,r = 0.1923, q = 0.1317, γ21 = 0.08,
γ22 = 0.1095, h = 0.8684. For the community layer, based on
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references[50] and expert recommendations, βc = 0.1 is set at
0.1. Simulations are conducted over discrete time steps with a
total time T = 200. Due to the potential for single experiments
to be influenced by randomly generated network structures
and random transmission probabilities, multiple repetitions of
the experiment are conducted, with the number of repetitions
L = 1000.

3.1. Numerical simulation of the community–resident
dual-layer network model

This section focuses on analyzing the impact of the dual-
layer network structure of community–residents on the spread
of public health events, without considering the active re-
sponse measures of the communities. For comparison pur-
poses, we set up a scenario to simulate the absence of com-
munity structure, where all residents are in the same network,

constructed using the Watts–Strogatz small-world network al-
gorithm with parameters set at (N′Community = 1, N′Resident =

100000), ensuring the total number of residents in the sys-
tem remains the same. The simulation results for these two
cases can be seen in Figs. 3(a)–3(d). We then take βc = 0.1 as
the baseline case and consider scenarios where community ag-
gregation is sparser (βc = 0.05) and denser (βc = 0.15), with
results shown in Figs. 3(e) and 3(f).

From Figs. 4(a) and 4(b), it can be observed that the trend
of the epidemic’s development in both single-layer and dual-
layer networks is essentially consistent, indicating that the
community structure does not affect the transmission charac-
teristics of the infectious disease itself. For example, the peak
time for the exposed population precedes the peak time for
various infection groups, and the hospitalized group remains
the largest infected group in the system.
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Fig. 4. The impact of community network structure on epidemic spread (a) the development trend of each resident group in a single-layer
network, (b) the development trend of each resident group in the presence of a dual-layer community–resident network structure, (c) the
development trend of each infection group in a single-layer network, (d) the development trend of each infection group in the presence of a
dual-layer community–resident network structure: βc = 0.1, (e) the development trend of each infection group in the presence of a dual-layer
network structure: βc = 0.05, (e) the development trend of each infection group in the presence of a dual-layer network structure: βc = 0.15.

Comparing Figs. 4(c) and 4(d), it can be observed that,
under baseline conditions, when a community structure is
present, the scale of the epidemic’s spread (the peak values
of first-class infected individuals, second-class infected in-
dividuals, and treated individuals) is generally smaller than
when there is no community structure. The timing of reach-
ing the peak is largely consistent in both scenarios. How-
ever, the rate of increase and decrease of infections is slightly
higher when a community structure exists. Further experi-
ments, comparing Figs. 4(d)–4(f), show that when commu-
nity aggregation is sparser (βc = 0.05), the peak values for
each infection group are significantly reduced compared to
the baseline case (βc = 0.1), and the time to reach peak in-
fection is delayed. When community aggregation is denser

(βc = 0.15), there is no significant change in the peak val-
ues for each infection group compared to the baseline case
(βc = 0.1). The simulation experiments conclude that the
community structure impacts the scale and spread speed of
the epidemic. Specifically, when there is a community struc-
ture, a lower degree of community aggregation implies rela-
tively fewer cross-community–resident risk contacts, meaning
the community structure acts as a protective barrier, reducing
the peak infection value and slowing the spread of the epi-
demic. Conversely, when the degree of community aggrega-
tion is higher, increased cross-community contacts negate the
isolating effect of communities, functioning instead like the
long-range links in a small-world network, significantly accel-
erating the spread of the epidemic.
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Observing Fig. 5 further elucidates the harm posed by un-
traceable cases in the spread of the epidemic. In the early
stages of the epidemic, the proportion of new cases transmitted
by type 1 infectors (untraceable cases) rapidly rises. As the sit-
uation becomes more severe and medical institutions begin to
respond, this proportion quickly stabilizes. After the infection
rate reaches its peak (as can be seen in Fig. 4(d)), the propor-
tion of new cases transmitted by type 1 infectors gradually in-
creases again. In the later stages of the epidemic, this propor-
tion once again stabilizes but remains at a high level. The sim-
ulation results indicate that both in the early and later stages
of the epidemic, the transmission ability of type 1 infectors
should not be underestimated. Especially in the later stages
of the epidemic, sporadically emerging untraceable cases be-
come a major form of epidemic transmission.
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Fig. 5. The proportion of daily new cases transmitted by type 1 infectors.

3.2. Numerical simulation of the community–resident
dual-layer network model considering community re-
sponse measures

In Subsection 3.1, we conducted numerical simulations to
analyze epidemic transmission models with and without con-
sideration of community structure. We found that the degree of
community aggregation significantly impacts the speed of epi-
demic spread, highlighting that targeted prevention and control
measures at the community level are crucial for controlling the
epidemic.

To further investigate the impact of community preven-
tion actions on epidemic spread, we propose the NERCN
(normal–exposed–risk–control–normal) model, based on the
previously mentioned model. This model incorporates the nor-
mal state (N), exposed state (E) and risk state (R) of commu-
nity nodes, similar to the NERN model. The control state (C)
is defined as follows:

When a community node has residents diagnosed and
treated (H group), the community’s status will switch to the
control state.

Simultaneously, if any neighboring community node
shifts to the control state due to the presence of diagnosed and
treated individuals (H group), that community also transitions
to the control state.

A community node in the control state will sever connec-
tions with all neighboring nodes (simulating real-life commu-
nity lockdowns and travel restrictions).

The probability of residents within a community node in
the control state getting infected reduces to βr/2 (simulating
internal community lockdowns, encouraging home isolation
and reducing social interaction).

If no newly diagnosed and treated patients (H group) ap-
pear within a community node in the control state for 14 con-
secutive days, it transitions to the normal state.

Based on the description of the control state, we conduct
numerical simulations of the community–resident dual-layer
network model considering community lockdown measures.
The results are shown in Fig. 6.

From Figs. 6(a) and 6(b), it can be observed that after
implementing community lockdown measures, the develop-
ment trend of the epidemic is significantly suppressed com-
pared to the scenario without lockdown measures (as can be
seen in Figs. 4(b) and 4(d)). Specifically, the peak number
of diagnosed individuals (H group) decreased from 12859 to
148, and the time to reach the peak of the epidemic slowed
from T = 97 to T = 63. Comparing Figs. 6(c) and 6(d), it can
be noted that the number of communities affected by the epi-
demic also significantly decreases when community lockdown
measures are implemented. Without lockdown measures, the
epidemic freely spreads between communities, quickly affect-
ing all connected communities, as can be seen in Fig. 6(d)
where the number of communities in the risk state rapidly rises
to a peak and remains at a high level, eventually decreasing as
“herd immunity” is formed in the communities. When com-
munity lockdown measures are adopted, the communities with
diagnosed cases (H group) and their connected communities
in the network transition to the control state, maintaining the
number of communities that can freely spread risk within the
network at a consistently low level. It is noteworthy, according
to Figs. 6(e) and 6(f), that the management of associated com-
munities is crucial for the effectiveness of epidemic prevention
and control. When no lockdown measures are implemented
in communities associated with risk areas, the effectiveness
of the lockdown is greatly reduced, the peak number of diag-
nosed individuals increases, and the fluctuations in the num-
ber of risk communities rise. From Fig. 6(b), it can be seen
that the number of hospitalized individuals reaches a first peak
at T = 63 and a second, slightly lower peak at T = 193, de-
creasing from 148 to 61 individuals. The results indicate that
community lockdown measures can control the epidemic to
some extent, but there are also some periodic rebounds, mean-
ing the epidemic is not completely controlled, and the number
of communities in the control state remains around 15.
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Fig. 6. Impact of community lockdown measures on epidemic spread in the community–resident dual-layer network. (a) Development trend of
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Due to community isolation measures, a community with
diagnosed cases will transition to an isolation state, and its
connected communities in the network will also shift to the
isolation state. These lockdown measures effectively contain
infectious residents within the community and cut off con-
tacts between risk communities and other communities. At
the same time, measures encouraging home isolation within
controlled communities reduce social interaction frequencies.
The adoption of community lockdown measures is equivalent
to setting βc = 0, meaning that while undiagnosed patients
still exist within the community, the probability of spread-
ing the risk to other communities is zero. The reduced social
interaction frequency lowers the transmission rate βr among
residents, making the rate of susceptible residents getting in-
fected and transitioning to the exposed state slower than the
rate of exposed residents transitioning to infected states, i.e.,
βckrNkr(t)Θr(t)< γ1,rEkr(t). In this state, the epidemic within
the community will eventually be controlled.

However, under the scenario of community lockdown
measures, we also observe that the epidemic is never fully con-
trolled, with latent cases, both types of infected cases, and di-
agnosed and treated cases not reduced to zero, and a second
wave of the epidemic occurring. This situation arises due to
two main reasons. First, the requirement for a community to
transition from a control state to a normal state is the absence
of newly diagnosed and treated cases within 14 days. How-
ever, among all the states of residents, only the diagnosed and
treated state (H) is observable. There is a certain probability
that the epidemic still exists in the form of latent cases or both

types of infected cases. While the average incubation period
is 5 to 7 days, there are still a few cases with much longer in-
cubation periods, a situation that also occurs in reality.[51–53]

Moreover, not all cases will transition to the diagnosed and
treated state. Due to the lack of screening mechanisms, the two
types of infected cases in the community remain unobservable
if not diagnosed and treated. Thus, communities might lift
lockdowns while still harboring risk, leading to a second wave
of the epidemic. Second, the transition of a risk community to
a control state is relatively delayed, occurring only after diag-
nosed and treated cases emerge. Although the control strategy
involves transitioning all communities connected to a commu-
nity with diagnosed cases to a control state, there is still a small
probability that the epidemic has already spread to other com-
munity nodes beyond those connected before the diagnosed
cases are identified. This delay in the discovery of diagnosed
cases causes community control measures to always lag be-
hind the epidemic’s spread, preventing the epidemic from be-
ing fully controlled.

In real-world epidemic prevention and control, in addi-
tion to community lockdowns, another important measure of-
ten used is short-cycle, multiple-round, universal nucleic acid
testing in risk areas. However, some views suggest that uni-
versal nucleic acid testing in risk areas has limited practical
effects and low cost-effectiveness. Therefore, to verify the ac-
tual effect of this measure on epidemic control, further simu-
lation experiments are conducted in this section.

Building on the NERCN model discussed earlier, we con-
sider an epidemic screening mechanism for communities un-
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der lockdown. During the COVID-19 pandemic, health de-
partments in various regions implemented epidemic screening
mechanisms to varying degrees in areas at risk. Nucleic acid
testing in specific risk areas can actively search for potential
COVID-19 infectors, aiding in further targeted measures to
curb the spread of the epidemic. Hence, for communities in
the control state, we define the following screening mecha-
nisms:

When a community transitions to the control state, all res-
idents within its jurisdiction will undergo epidemic screening.

In the control state, before returning to the normal state,
all residents will undergo epidemic screening every 7 days.

During community epidemic screening, all residents in

the first and second types of infection states will be identi-
fied and transitioned to the diagnosed and treated state (H),
and some residents in the latent state will also be detected and
transitioned to the diagnosed and treated state.

Research shows that most latent patients have a viral load
in the nasopharyngeal area detectable by nucleic acid tests.[54]

Therefore, we set the probability of detecting latent patients at
p = 0.5.

Based on the description of the screening mechanism in
the control state, we conduct numerical simulations of the
community–resident dual-layer network model considering
both community lockdown and screening mechanisms. The
results are shown in Fig. 7.
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Fig. 7. Impact of community lockdown and screening measures on epidemic spread in the community–resident dual-layer network. (a) De-
velopment trend of each resident group when community lockdown and screening measures are adopted. (b) Development trend of each
infection group when community lockdown and screening measures are adopted. (c) Development trend of communities in different states
when lockdown and screening measures are adopted.

From Figs. 7(a)–7(c), it can be observed that after im-
plementing risk area screening strategies in addition to com-
munity lockdown measures, the development trend of the epi-
demic is further controlled compared to only implementing
lockdown measures (as can be seen in Figs. 6(a) and 6(c)).
Specifically, the peak number of diagnosed individuals (H
group) decreased from 148 to 35, with no significant change in
the time it took for the epidemic to reach its peak. At the end
of the simulation, the total number of residents affected by the
epidemic in the lockdown and screening scenario (as shown by
the black lines in Figs. 6(a) and 7(a)) decreased to 311, com-
pared to the scenario considering only lockdown. We can con-
clude that when community lockdown and screening measures
are implemented, the epidemic can be thoroughly controlled
through proactive prevention methods. In the given system,
the numbers in both types of infected groups, diagnosed and
treated group, and latent state group, eventually drop to zero.

Community lockdown and screening measures compen-
sate for the shortcomings of lockdown measures alone, i.e.,
the community’s inability to detect residents’ unobservable
states, allowing latent patients to develop into both types of
infected states and continue to infect susceptible individuals
within the community. The lockdown and screening measures
enable the community to proactively detect residents in unob-

servable states, allowing for the identification of hidden first
and second types of infectors among residents, significantly
reducing their active duration and transmission capability.

4. Conclusion and perspectives
In this paper, we establish the SE2IHR model consider-

ing two types of infected populations, based on the dynami-
cal characteristics of major public health emergencies in real-
world transmission. Further extensions are made on this ba-
sis. Firstly, the transmission dynamics of the SE2IHR model
are analyzed from a network perspective. The social rela-
tionships among residents are not in the form of uniform
mixing but vary, and the physical contact network of res-
idents is generated through the Watts–Strogatz small-world
network. Secondly, the dual-layer complex network structure
of community–residents is considered. The community and
residents form a two-layer coupled transmission network. The
risk transmission at the community layer affects the epidemic
transmission pattern in the resident layer, and vice versa, pro-
viding a more detailed depiction of the role of communities
and residents in the epidemic transmission process. Through
further numerical simulation experiments, the spread of ma-
jor public health emergencies in the dual-layer complex net-
work structure is analyzed, and various prevention and con-
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trol strategies adopted by communities during the epidemic
are simulated, leading to the following conclusions:

(1) Dual role of community structure in epidemic trans-
mission: regardless of whether communities implement lock-
down measures, the scale and speed of epidemic transmission
are influenced by the community structure. Whether the com-
munity structure promotes or inhibits epidemic transmission
depends on the degree of community aggregation. When the
degree of aggregation between communities is low, the com-
munity structure serves as a barrier, slowing down the spread
of the epidemic. When the degree of aggregation is high,
the community structure provides connections for some long-
range nodes, accelerating the spread of the epidemic. There-
fore, during epidemic prevention and control, it is important to
focus on the management of public areas between communi-
ties, regularly disinfect public areas in risk zones, and advocate
for residents to reduce cross-community interactions. Proper
lockdown measures should be taken in risk communities to
prevent transferring risk to neighboring communities.

(2) Effectiveness and limitations of community lockdown
measures: when there is a lack of active detection capabili-
ties for unobservable states (latent population, hidden infec-
tors, outlier infectors), the speed of community lockdown will
always lag behind the development of the epidemic, causing a
second wave. The existence of unobservable states increases
the difficulty of control deployment and reduces the effective-
ness of lockdowns. The health department’s lack of real under-
standing of the epidemic situation may lead to incorrect judg-
ments and a rebound in the epidemic, making it difficult to
control completely.

(3) Efficacy of lockdown-screening strategy: nucleic acid
testing provides a method to actively detect unobservable
states, effectively screening the latent population and both
types of infectors from the crowd. It provides necessary infor-
mation support for the identification, lockdown, and unlocking
of risk communities, making nucleic acid screening in risk ar-
eas a key to eliminating the epidemic. The interval between
community screenings is sensitive to the effectiveness of con-
trolling the epidemic. If the interval is too long, the situation
may be similar to that of only implementing community lock-
downs, i.e., the epidemic rebounds and is difficult to control
completely. Therefore, in areas where the epidemic situation
is more severe, the interval between screenings should be ap-
propriately shortened.
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