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Abstract 

To investigate the interaction between protective information diffusion and disease trans-
mission, this study proposes an information–epidemic coupled spreading model on an 
age-heterogeneous multilayer network. The population is divided into three age groups: 
youth, middle-aged individuals, and older adults. Disease transmission and protective 
information diffusion are represented in the physical disease layer and the virtual infor-
mation layer, respectively. A UA-SIR framework is adopted to describe the coupled evo-
lution of nodes’ information awareness states and epidemic states. The model further in-
corporates age-specific spreading parameters, the effects of awareness on infection risk 
and recovery processes, and the feedback effect of infection status on information diffu-
sion. Node-level state transition equations are established, and the epidemic threshold is 
analyzed using an age-aggregated next-generation matrix. Simulation results show that 
age-dependent information diffusion, infection-induced feedback, the initial location of 
information seeds, and network topology all affect the epidemic spreading process. Em-
pirical analyses based on four real infectious disease datasets further indicate that intro-
ducing information diffusion can reduce the infection peak, flatten the epidemic curve, 
and delay the peak time in some scenarios. These findings provide theoretical insights 
into age-stratified information intervention strategies in heterogeneous populations. 
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1. Introduction 
The spread of infectious diseases is influenced not only by pathogen transmissibility, 

individual immunity, and contact network structure, but also by public risk perception, 
access to protective information, and behavioral responses. The classical susceptible–in-
fected–recovered (SIR) model provides a fundamental framework for epidemic modeling. 
Its core idea is to divide the population into susceptible, infected, and recovered individ-
uals and to describe epidemic evolution through state transitions [1]. However, classical 
compartmental models are usually based on the homogeneous mixing assumption, which 
makes it difficult to capture heterogeneity in individual contact patterns, information ac-
quisition, and protective behaviors in real societies. With the development of complex 
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network theory, epidemic processes have increasingly been embedded in social contact 
networks, revealing the effects of degree distribution, clustering structure, hub nodes, and 
community structure on epidemic thresholds, infection scale, and spreading speed [2–4]. 

Real-world spreading processes are inherently multilayered. On the one hand, dis-
eases mainly spread through physical contact networks, such as households, schools, 
workplaces, and communities. On the other hand, protective information diffuses 
through virtual or semi-virtual channels, including social media, instant messaging, news 
platforms, and offline communication. Multilayer network theory provides an effective 
framework for describing different types of relationships and their interactions [5,6]. In 
studies of coupled information–epidemic spreading, many existing information–epi-
demic models assume that the information layer and the disease layer may have different 
topological structures, and the same individual may have different neighbors in different 
layers. Information diffusion can change individual protective behaviors, thereby reduc-
ing infection probability or improving compliance with medical treatment; conversely, an 
epidemic outbreak can increase public attention to preventive information and further 
promote information diffusion. 

Previous studies have investigated the influence of awareness on epidemic spreading 
from different perspectives. Funk et al. [7] first incorporated the spread of awareness into 
epidemic models and showed that individuals may acquire risk information through ob-
servation and communication, even without centralized information release, and subse-
quently change their behaviors. Granell et al. [8,9] proposed coupled awareness–epidemic 
spreading models on multiplex networks, revealing the dynamic interplay between infor-
mation diffusion and epidemic transmission and showing that awareness diffusion can 
alter epidemic outbreak thresholds. Subsequent studies further examined the effects of 
information forgetting, mass media, local risk perception, self-initiated protective behav-
ior, different time scales, and network topology on coupled spreading processes [10–14]. 
In recent years, related research has been extended to more complex scenarios, such as 
selective mass media, awareness heterogeneity, temporal multilayer networks, infor-
mation reception costs, and activity-driven individual behaviors [15–20]. These studies 
indicate that information diffusion is not merely an external factor in epidemic spreading, 
but rather an important dynamical mechanism that can coevolve with disease transmis-
sion and reshape both spreading intensity and spreading tempo. Recently, Gao et al. [21] 
investigated epidemic propagation dynamics on higher-order multilayer networks and 
demonstrated that higher-order interactions can significantly influence epidemic spread-
ing patterns and epidemic thresholds. Their work provides an important extension of ep-
idemic dynamics from traditional pairwise interactions to higher-order network struc-
tures. However, the study mainly focuses on the influence of higher-order interactions on 
disease propagation and does not explicitly consider the co-evolution between protective 
information diffusion and epidemic transmission, nor does it incorporate behavioral het-
erogeneity among different age groups. 

Although existing models have provided important insights into coupled infor-
mation–epidemic spreading, several aspects still require further investigation. First, many 
studies are based on general two-layer networks or homogeneous individual assump-
tions, with insufficient attention paid to age structure, household relationships, and cross-
age contact heterogeneity. In real public health events, different age groups exhibit signif-
icant differences in social contact range, information channels, protective awareness, in-
fection risk, and recovery capacity. Social contact surveys and age-specific contact matrix 
studies have shown that contact frequency and contact partners are strongly age-depend-
ent, and that households, schools, and workplaces play important roles in infectious dis-
ease transmission [22,23]. Second, although some models introduce an information layer, 
they mainly focus on average infection size, epidemic thresholds, or overall information 
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coverage, while the functional roles of different age groups in information seeding, cross-
layer diffusion, and prevention strategies remain insufficiently discussed. Third, many 
existing studies are mainly based on theoretical simulations, and comparative analyses 
using multiple types of real infectious disease data remain relatively limited. 

To address these issues, this study constructs a UA-SIR information–epidemic cou-
pled spreading model on an age-heterogeneous multilayer network. The population is 
divided into three age groups: youth, middle-aged individuals, and older adults. The dis-
ease layer is used to describe age-stratified physical contact relationships, while the virtual 
information layer is used to describe the diffusion of protective information. One-to-one 
interlayer node mapping is introduced to dynamically regulate disease-related parame-
ters according to individuals’ information states. 

The main contributions of this study are as follows. First, an “information virtual 
layer–age-heterogeneous disease layer” multilayer modeling framework is constructed to 
distinguish information diffusion carriers from disease transmission carriers. Second, age-
specific information-spreading rates, information forgetting rates, disease transmission 
rates, and recovery rates are incorporated into the UA-SIR coupled framework to charac-
terize behavioral and spreading differences among age groups. Third, node-level discrete-
time state-transition equations are established, and a next-generation matrix is con-
structed under age aggregation to analyze the epidemic threshold. Fourth, Monte Carlo 
simulations are conducted to quantitatively evaluate the effects of information-spreading 
strategies, initial information seed locations, and network structures on epidemic dynam-
ics. The results provide a mechanism-level assessment of how age-dependent information 
diffusion and infection-induced feedback regulate infection peaks, information coverage, 
and epidemic evolution. In addition, empirical comparisons are performed using four 
types of real infectious disease data, including viral cold, influenza, acute intestinal infec-
tious disease, and COVID-19, to qualitatively investigate the regulatory role of infor-
mation diffusion in epidemic spreading processes. 

2. Materials and Methods 
2.1. Construction of the Information–Epidemic Coupled Spreading Model 

In this study, a three-layer age-heterogeneous multilayer hypernetwork is used as 
the spreading carrier. Its topological structure and top-view projection are shown in Fig-
ure 1. The network divides the population into three mutually coupled subnetworks ac-
cording to spreading behaviors and susceptibility characteristics, namely youth, middle-
aged individuals, and older adults. Each layer follows connection rules according to its 
specific interaction mechanism, while interlayer coupling is established through house-
hold relationships. This hypernetwork can effectively describe the heterogeneity among 
different age groups in terms of information-spreading ability, social activity, and disease 
susceptibility. Meanwhile, through both intralayer and interlayer connection rules, it pro-
vides a network representation that is closer to complex interpersonal contact patterns in 
real society. Compared with traditional single-layer or two-layer networks, the age-heter-
ogeneous multilayer hypernetwork can better reflect population differences and thus pro-
vides a more realistic network basis for the analysis of information–epidemic coupled 
spreading dynamics in this study. 
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(a) (b) 

Figure 1. Age-family hyperedge multilayer heterogeneous network structure. (a) 3D schematic of 
the three-layer network with youth, middle-aged, and elderly age groups connected via household 
hyperedges; (b) Top view of the age-stratified multilayer network with household hypergroup clus-
ters. 

On the basis of the age-heterogeneous multilayer hypernetwork, and in response to 
the limitations of existing information–epidemic coupled models that do not sufficiently 
integrate age heterogeneity with information diffusion, this study constructs a four-layer 
information–epidemic coupled heterogeneous network. The network consists of one vir-
tual information layer and three physical age-specific disease layers, including the youth 
layer, the middle-aged layer, and the older-adult layer. These layers are mutually coupled, 
and connections within each layer and household-based cross-age interactions follow het-
erogeneous construction rules. The schematic topology of the proposed network is shown 
in Figure 2. The virtual information layer is responsible for the diffusion of protective in-
formation and is not constrained by physical contact. Instead, it interacts with the age-
specific disease layers through cross-layer node mapping. The youth, middle-aged, and 
older-adult layers serve as physical disease-spreading layers, where disease transmission 
occurs through interpersonal contacts. At the same time, nodes in these layers receive pro-
tective information from the virtual information layer through cross-layer connections, 
thereby enabling bidirectional coupled spreading between information diffusion and dis-
ease transmission. 

Although different layers represent different interaction mechanisms, the coupling 
between layers is not established through arbitrary interlayer edges. Specifically, the vir-
tual information layer and the physical disease layers share the same population node set 
through one-to-one node correspondence. Each individual node in the information layer 
corresponds to the identical individual node in the disease layers, and the information 
state of each node affects its disease transition probabilities through the coupled state-
transition mechanism. 

The virtual information layer is constructed according to information diffusion rela-
tionships, whereas the physical disease layers are generated according to age-dependent 
contact patterns. Therefore, the differences among layers originate from their interaction 
meanings and connection-generation rules rather than from independent populations. 
Household relationships are introduced as close-contact structures connecting individu-
als from different age groups. Individuals belonging to the same household are connected 
through household edges, which influence both disease transmission and information ex-
change among family members. 
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For age-dependent contacts, the contact matrix Cab is used to characterize the aver-
age interaction intensity between individuals from age groups a and b. During the con-
struction of the physical disease network, the probability of establishing a contact edge 
between two individuals is determined according to the corresponding element of Cab. 
Specifically, 𝑃൫𝐴௜௝ = 1 ∣ 𝑎௜ = 𝑎,𝑎௝ = 𝑏൯ = 𝐶௔௕, 
where Aij denotes the adjacency relationship between individuals i and j. The same age-
dependent contact structure is further used in the epidemic threshold analysis to construct 
the age-aggregated next-generation matrix. 

 

Figure 2. The four-layer information–disease-coupled heterogeneous mixed network proposed in 
this work, containing one virtual information layer and three age-based disease transmission layers 
(youth, middle-aged, elderly layers, with gray nodes representing individuals belonging to different 
age groups). Light blue nodes stand for informed individuals and dark red nodes stand for unin-
formed individuals in the information layer; straight lines between layers represent the coupling 
connections of information and disease spread. Each physical individual node in the three age layers 
has a one-to-one corresponding node in the virtual information layer, and the vertical connecting 
lines indicate the mapping relationship between physical nodes and information nodes. 

The model is established based on the following assumptions: (1) individuals are 
mapped one-to-one between the information layer and the disease layer, although the 
connection-generation mechanisms of the two layers are different; (2) disease transmis-
sion occurs only in the physical contact network, whereas information diffusion occurs 
only in the information network; (3) individuals who are aware of protective information 
have a reduced infection risk and a higher probability of recovery or treatment compliance 
after infection; (4) the infected state increases individuals’ willingness to disseminate pro-
tective information, thereby forming a feedback effect from disease transmission to infor-
mation diffusion; and (5) specific pathogen types are not distinguished in this study, and 
the model parameters are represented as normalized probabilities, which can be cali-
brated using disease-specific data in future applications. 

Age heterogeneity is a core setting of the proposed model. Youth groups usually ex-
hibit strong peer clustering, and school-based and peer contacts play an important role in 
their disease transmission. Middle-aged individuals are involved in work, family, and so-
cial interactions, and therefore have more frequent cross-age contacts, potentially serving 
as an important bridge between the youth layer and the older-adult layer. Older adults 
generally have relatively stable contact ranges, but they may have higher infection risks 
and lower recovery capacity in certain disease scenarios. Age-related contact patterns 
have been widely confirmed by social contact surveys and contact matrix studies [15–17]. 
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At the network generation level, this study allows different age layers to adopt dif-
ferent topological structures. If random and relatively homogeneous contacts need to be 
represented, an ER random network can be used. If heterogeneous social structures with 
hub nodes need to be described, a BA scale-free network can be adopted [18,19]. To rep-
resent strong ties such as household relationships, interlayer household edges or house-
hold hyperedges can be introduced among the three age layers. Household relationships 
usually involve frequent and close contacts; therefore, relatively high transmission 
weights can be assigned to these connections in the disease transmission layer [17–19]. 

After the network is constructed, spreading states are defined separately in the vir-
tual information layer and the physical disease layers. Nodes in the information layer are 
classified into different states according to their awareness of epidemic prevention infor-
mation, whereas nodes in the disease layers are classified as susceptible, infected, or re-
covered according to the disease progression process. On this basis, the cross-layer cou-
pling mechanism enables information diffusion to indirectly regulate disease transmis-
sion. Specifically, after receiving and becoming aware of protective information, individ-
uals may adopt preventive behaviors such as wearing masks, reducing gatherings, and 
undergoing active testing, thereby reducing the probability of disease transmission. 
Meanwhile, widely disseminated health information can also improve individuals’ will-
ingness to seek medical treatment and their treatment compliance, thereby indirectly in-
creasing the recovery probability. Consequently, a coupled process is formed in which 
information diffusion and disease transmission interact with each other and coevolve dy-
namically. 

The coupling between layers follows a one-to-one individual mapping and a state-
oriented regulation rule. Each individual node exists simultaneously in the virtual infor-
mation layer and in the corresponding age-specific physical disease layer, enabling cross-
layer node correspondence. The epidemic prevention awareness state of an individual in 
the information layer dynamically modifies the transmission and recovery parameters of 
the corresponding node in the disease layer, thereby enabling active intervention in dis-
ease transmission. Conversely, the infection status in the disease layer also acts back on 
the information layer by increasing individuals’ willingness to disseminate information 
and reducing information forgetting, thus changing the diffusion process of epidemic pre-
vention information. These two processes interact and evolve dynamically, forming a bi-
directional cross-layer coupling mechanism. 

The four-layer mixed heterogeneous network constructed in this study separates the 
virtual layer of information diffusion from the physical layers of disease transmission, 
thereby reflecting the difference between contact-free information diffusion and contact-
based disease transmission. In addition, by introducing three age-heterogeneous disease 
layers corresponding to youth, middle-aged individuals, and older adults, together with 
directed cross-layer coupling rules, the proposed topology captures the heterogeneity of 
different age groups in social behavior, information acquisition ability, and disease sus-
ceptibility. This topological structure provides a clear network basis for incorporating in-
formation-diffusion dynamics and deriving coupled state-transition equations. It also im-
proves the applicability of the model to realistic scenarios and supports subsequent theo-
retical analysis of information–epidemic coupled spreading dynamics. 

The main contributions of this paper are summarized as follows: 
A UA-SIR age-heterogeneous multilayer network model is proposed to jointly de-

scribe information diffusion and epidemic spreading among youth, middle-aged, and el-
derly populations. 

Age-dependent transmission parameters and household cross-age interactions are 
incorporated to capture heterogeneous behavioral characteristics. 
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A bidirectional coupling mechanism is introduced, where awareness suppresses dis-
ease transmission and infection promotes information diffusion. 

An age-aggregated next-generation matrix is established to theoretically analyze the 
epidemic threshold, and extensive simulations together with real epidemic datasets are 
used to validate the proposed framework. 

2.2. Definition of Spreading States and Rule Analysis 

The state of each node is jointly determined by its information state and disease state. 
The information state includes the unaware state U and the aware state A. The unaware 
state indicates that an individual has not received or has not adopted relevant protective 
information, whereas the aware state indicates that an individual has acquired protective 
information and may adopt preventive behaviors, such as wearing masks, reducing gath-
erings, undergoing active testing, and seeking timely medical treatment. The disease state 
follows the SIR spreading framework, including the susceptible state S, infected state I, 
and recovered state R. 

Therefore, the coupled state of node i at any time t can be represented by one of six 
combinations: US, UI, UR, AS, AI, and AR. For example, US indicates that the node is 
unaware of protective information and is susceptible; AI indicates that the node is aware 
of protective information but is still infected; and AR indicates that the node is aware of 
protective information and has recovered from the disease. Let Pi

US(t) , Pi
UI(t) , Pi

UR(t) , 
Pi

AS(t) , Pi
AI(t) , and Pi

AR(t)  denote the probabilities that node i is in the corresponding 
states at time t, respectively. In this study, one discrete simulation time step represents 
one unit of epidemic evolution time. For simplicity and consistency with the epidemic 
spreading literature, each time step is interpreted as one day. Therefore, the temporal evo-
lution curves shown in the following experiments use days as the time unit. These proba-
bilities satisfy the following normalization condition: 𝑃௜୙ୗ(𝑡) + 𝑃௜୙୍(𝑡) + 𝑃௜୙ୖ(𝑡) + 𝑃௜୅ୗ(𝑡) + 𝑃௜୅୍(𝑡) + 𝑃௜୅ୖ(𝑡) = 1 (1) 

For simplicity, the probability that node i is aware of protective information and the 
probability that node i is infected at time t are defined as follows: 𝑃௜୅(𝑡) = 𝑃௜୅ୗ(𝑡) + 𝑃௜୅୍(𝑡) + 𝑃௜୅ୖ(𝑡) (2) 𝑃௜୍ (𝑡) = 𝑃௜୙୍(𝑡) + 𝑃௜୅୍(𝑡) (3) 

The model is based on the following basic assumptions. First, disease transmission 
occurs only in the physical disease layers, whereas information diffusion occurs only in 
the virtual information layer. Second, individuals who are aware of protective infor-
mation adopt certain preventive behaviors, thereby reducing their probability of infection. 
Third, infected individuals who are aware of protective information have higher treat-
ment compliance or a stronger willingness to seek medical care, and therefore their recov-
ery probability is relatively increased. Fourth, the infected state enhances individuals’ 
willingness to disseminate protective information, thereby forming a feedback effect from 
disease transmission to information diffusion. Fifth, recovered individuals no longer par-
ticipate in the current round of disease transmission, and no transition from R back to S is 
considered. 

The preceding section defines the coupled node states, the normalization constraint 
of state probabilities, and the key aggregated probabilities. Since the model involves a 
series of parameters and state probability symbols that distinguish information states, dis-
ease states, and age-stratified layers, this section summarizes the core variables and pro-
vides standardized definitions to ensure consistency throughout the paper and to help 
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readers quickly understand the physical meanings of the mathematical symbols, as shown 
in Table 1. 

Table 1. Table of Core Symbols Used in the Model. 

Symbol Definition 

a ∈ {y,m,e} Age layer, representing youth, middle-aged individuals, and older 
adults, respectively 𝑀ij 

Adjacency matrix of the virtual layer, namely the information layer, 𝑀ij = 1 if node (i) is connected to node (j) in the information layer 

Bij 
Adjacency matrix of the physical layer, namely the disease layer, 
Bij = 1 if node (i) is connected to node (j) in the information layer 

λ Information-spreading rate, denoted by λ_y, λ_m, λ_e for different age 
layers; after infection, denoted by 𝜆௜୅ 

δ Information forgetting rate,  
denoted by δ_y, δ_m, δ_e for different age layers 

α 
Disease transmission rate, denoted by α_y, α_m, α_e for different age lay-

ers; after awareness, denoted by 𝛼௜୅ 

β 
Disease recovery rate, denoted by β_y, β_m, β_e for different age layers; 

after awareness, denoted by 𝛽௜୅ 
Pi

US(t) Probability that node (i) is in the (US) state at time (t) 
Pi

UI(t) Probability that node (i) is in the (UI) state at time (t) 
Pi

UR(t) Probability that node (i) is in the (UR) state at time (t) 
Pi

AS(t) Probability that node (i) is in the (AS) state at time (t) 
Pi

AI(t) Probability that node (i) is in the (AI) state at time (t) 
Pi

AR(t) Probability that node (i) is in the (AR) state at time (t) 

ri(t) 
Probability that node (i) is not informed  

by its neighbors in the virtual information layer at time (t) 

qi
U(t) Probability that node (i), when unaware,  

is not infected by its neighbors in the physical disease layer at time (t) 

qi
A(t) Probability that node (i), when aware,  

is not infected by its neighbors in the physical disease layer at time (t) 

γ, 0 < γ < 1 
Reduction rate of disease transmission  

after becoming aware of protective information 

η, 0 < η < 1 
Increase rate of disease recovery  

after becoming aware of protective information 
ω, 0 < ω < 1 Increase rate of information-spreading after infection 

Cab Contact intensity between infected individuals  
in age layer (a) and susceptible individuals in age layer (b) 

K Next-generation matrix 

ρ(K) Spectral radius of matrix (K),  
namely the maximum modulus of its eigenvalues 

2.2.1. Information Diffusion Mechanism 

Real-world social media platforms and online information diffusion networks usu-
ally exhibit significant degree heterogeneity, in which a small number of highly connected 
nodes play a key role in information dissemination. Therefore, this study adopts a BA 
scale-free network to represent the virtual information layer. Based on this topology, the 
UA spreading model is used to describe the diffusion process of epidemic prevention in-
formation, where individuals’ information states are divided into the unaware state U and 
the aware state A. Individuals in the unaware state have not acquired relevant epidemic 
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prevention information, whereas individuals in the aware state have acquired such infor-
mation and may adopt protective measures. 

The information layer adopts the unaware–aware UA process to describe the diffu-
sion of protective information. Nodes in the unaware state U can receive protective infor-
mation from their neighbors in the information layer and transition to the aware state A. 
Nodes in the aware state A may forget the information and return to the unaware state U 
due to attention decay, information fatigue, or a decline in risk perception. Information-
spreading rates and forgetting rates differ across age groups. In general, youth groups are 
more active in online social interactions and have a higher frequency of information ex-
posure, but their information retention may be less stable. Middle-aged individuals have 
broader social connections and often act as information intermediaries in both household 
and workplace settings. Older adults have relatively limited information channels, and 
their efficiency in receiving and retaining information may be lower. 

Within each time step, an unaware node can obtain protective information from its 
neighbors in the information layer and become aware. Meanwhile, an aware node may 
forget the information due to information fatigue, attention decay, or reduced risk per-
ception, thereby returning to the unaware state. Considering age heterogeneity, different 
age layers are assigned different information-spreading rates λa and forgetting rates δa. 

To account for the feedback effect of infection status on individuals’ willingness to 
disseminate information, the effective information-spreading rate of node j at time t is 
defined as 

λj
eff(t) = min{1, λa(j)[1 + ωPj

I(t)]} (4) 

where a(j) denotes the age layer to which node j belongs, 𝑃௝ூ(t) represents the probability 
that node j is in the infected state at time t, and ω is the infection-induced feedback coeffi-
cient. When ω = 0, infection status has no effect on information diffusion. When ω > 0, a 
higher infection probability indicates a stronger tendency of the node to disseminate pro-
tective information. The minimum function is used to ensure that the effective infor-
mation-spreading rate does not exceed 1. The probability that node i does not receive pro-
tective information from any neighbor in the information layer at time t is given by 

ri(t) = ∏j=1
N [1-Mijλj

eff(t)𝑃𝑗𝐴(t)]. (5) 

Therefore, the probability that an unaware node i transitions to the aware state within 
one time step is 1 − ri(t). 

2.2.2. Disease Transmission Mechanism 

In the simulation experiments, the disease layer adopts the SIR epidemic model to 
describe disease transmission. Nodes in the susceptible state S can be infected by infected 
neighbors in the disease layer and then transition to the infected state I. Nodes in the in-
fected state I can recover with a certain probability and transition to the recovered state R. 
The recovered state R indicates that individuals no longer participate in the current round 
of disease transmission, and no transition from R back to S is considered in this study. 
Equation (6) describes the dynamic transition process among the three population groups, 
namely susceptible, infected, and recovered individuals, over time: 

⎩⎪⎨
⎪⎧ dS

dt
 = -αSI

dI
dt

 = αSI -βI

dR
dt

 = βI

 (6) 
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where α denotes the disease transmission rate, and β denotes the disease recovery rate. 
The classical SIR model described by the above differential equations provides the funda-
mental mechanism of epidemic transmission in a homogeneous population. However, the 
objective of this study is to investigate the co-evolution of awareness diffusion and epi-
demic spreading on age-heterogeneous multilayer networks. To facilitate node-level sto-
chastic state transitions and Monte Carlo simulations, the proposed UA–SIR model is for-
mulated in a discrete-time Markov framework, in which all node states are synchronously 
updated at each discrete time step. Therefore, the continuous-time SIR equations pre-
sented above are introduced only as theoretical background and are not used in the deri-
vation of the proposed model. 

2.2.3. Information–Epidemic Coupling Relationship 

There is a bidirectional coupling relationship between information diffusion and dis-
ease transmission. When individuals receive and become aware of epidemic prevention 
information, they may adopt protective behaviors, such as wearing masks and reducing 
gatherings, timely medical treatment and medication compliance, thereby reducing the 
probability of disease transmission and improving recovery efficiency. Importantly, this 
improved recovery efficiency reflects enhanced behavioral treatment adherence and vol-
untary isolation, rather than accelerated intrinsic physiological healing of the disease itself. 
In this way, information diffusion actively intervenes in the disease transmission process, 
as shown in Equations (7)–(9). Meanwhile, the health risks caused by disease transmission 
can stimulate the public to actively acquire and disseminate epidemic prevention infor-
mation, further promoting information diffusion. Once disease transmission begins, in-
fected individuals tend to have a stronger willingness to disseminate epidemic prevention 
information, and the information-spreading rate of a node increases with its infection sta-
tus, as shown in Equation (9). Therefore, disease transmission accelerates the diffusion of 
epidemic prevention information, while information diffusion in turn constrains disease 
spread. These two processes interact with each other and form a dynamic feedback mech-
anism, reflecting the coevolutionary relationship between infectious diseases and epi-
demic prevention information in realistic scenarios. 

( ) 10},1,1min{ ≤∂<∂−=∂ A
ii

A
i γ  

(7) 

( ) 10},1,1min{ ≤<+= A
ii

A
i ββηβ  (8) 

10},)1(,1min{ ≤<+= I
aa

I
a λλωλ  (9) 

where 𝛼௜஺  denotes the disease transmission rate of individual i when in the aware state 
A, 𝛼௜  denotes the initial disease transmission rate of individual i, 𝛽௜஺ denotes the disease 
recovery rate of individual i when in the aware state A, 𝛽௜  denotes the initial disease re-
covery rate of individual i, 𝜆௜ூ  denotes the information-spreading rate of individual i 
when in the infected state I, and  𝜆௜  denotes the initial information-spreading rate of in-
dividual i. The parameter 𝛾 represents the transmission reduction coefficient under the 
aware state, η  represents the recovery enhancement coefficient under the aware state, 
and ω represents the promotion coefficient of infection status on information-spreading. 
This setting indicates that individuals who are aware of protective information are more 
likely to reduce their effective infectious duration in the spreading network by adopting 
behaviors such as active testing, timely medical treatment, home isolation, proper medi-
cation, and reduced secondary exposure. It should be noted that awareness does not di-
rectly change an individual’s physiological recovery capacity. 
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If node i is connected to several infected neighbors in the disease layer, the probabil-
ity that it is not infected can be approximated under the assumption of independent trans-
mission from neighboring nodes. If the updated information state of node i in the current 
time step is U, the probability that it remains uninfected is given by 

qi
U(t) = ∏j=1

N [1 - Bijαୟ୙(i)P୨୍ (t)] (10) 

If the updated information state of node (i) in the current time step is (A), the proba-
bility that it remains uninfected is given by 

qi
୅(t) = ∏j=1

N [1 - Bijαୟ୅(i)P୨୍ (t)] (11) 

Therefore, under the information state X ∈ {U,A}, the probability that node i transi-
tions from the susceptible state S to the infected state I is 1− qi

௑(t). If the edges in the 
disease layer have different contact intensities, Bij can be replaced by a weighted matrix 𝑊ij, resulting in a more general weighted transmission form. It should be noted that the 
network generation probability 𝑝௔ is only used to generate the ER network or to set the 
average connection density. It should not be multiplied again with the number of existing 
infected neighbors; otherwise, the transmission probability would be counted repeatedly. 

Based on the four-layer multilayer coupled network and the bidirectional coupling 
mechanism described above, this study develops a UA-SIR information–epidemic cou-
pled spreading model. The overall operating logic and key procedures of the model are 
shown in Figure 3. The flowchart presents the complete process from topology construc-
tion, layer-specific spreading, cross-layer coupling, and node state evolution to simulation 
updating and result analysis. It also illustrates the bidirectional coupling pathways be-
tween the information layer and the disease layers, the differentiated setting of age-heter-
ogeneous parameters, and the state transition rules, thereby providing a clear logical basis 
for the subsequent derivation of dynamical equations and simulation experiments. 

 

Figure 3. UA-SIR Information-Disease Coupled Propagation Model Flowchart. 
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3. Node State Transitions and Dynamical Equations 
3.1. State Transition Rules 

In the discrete-time framework, the transition of node states from time t to time t + 1 
is jointly determined by the transition of the information state and the transition of the 
disease state. This study adopts a stepwise discrete-time updating rule. Within each time 
step, the information state of each node is first updated according to the states of its neigh-
bors in the information layer. Then, based on the updated information state, the disease 
transmission and recovery probabilities are modified, and the SIR state update is com-
pleted in the disease layer. 

The transition probabilities of the information state are defined as follows: 𝑃𝑟(𝑈 → 𝑈) = 𝑟௜(𝑡),𝑃𝑟(𝑈 → 𝐴) = 1 − 𝑟௜(𝑡) (12) 𝑃𝑟(𝐴 → 𝑈) = 𝛿௔೔ ,𝑃𝑟(𝐴 → 𝐴) = 1 − 𝛿௔೔ (13) 

The transition probabilities of the disease state depend on the current information 
state X ∈ {U,A} of the node. If X = U, qi

U(t) and β௔U are used; if X = A, qi
A(t) and β௔A are 

used. The disease state transition probabilities are given as follows: 𝑃𝑟(𝑆 → 𝑆|𝑋) = 𝑞௜௑(𝑡),𝑃𝑟(𝑆 → 𝐼|𝑋) = 1 − 𝑞௜௑(𝑡)   (14) 𝑃𝑟(𝐼 → 𝐼|𝑋) = 1 − 𝛾௔௑,𝑃𝑟(𝐼 → 𝑅|𝑋) = 𝛾௔௑ (15) 𝑃𝑟(𝑅 → 𝑅|𝑋) = 1 (16) 

where X denotes the information state of the node at time (t). According to the above rules, 
the transition probability from any coupled state (X,D) to (X′,D′) can be written as the 
product of the information state transition probability and the disease state transition 
probability: 𝑃𝑟[(𝑋,𝐷) → (𝑋′,𝐷′  )] = 𝑃𝑟(𝑋 → 𝑋′  )𝑃𝑟(𝐷 → 𝐷′ |𝑋′ ) (17) 

where X and X′ denote the information states before and after updating, respectively, and 
D and D′ denote the disease states before and after updating, respectively. This expression 
emphasizes that the disease state transition probability depends on the updated infor-
mation state X′. Therefore, it can cover all possible transition pathways among the six 
coupled states US, UI, UR, AS, AI, and AR. 

3.2. State Transition Tree 

To intuitively illustrate the state evolution paths and transition probabilities of nodes 
during the information–epidemic coupled spreading process, this section constructs a 
coupled state-transition tree, as shown in Figure 4. The coupled state of a node is formed 
by combining its information state, namely the unaware state U or the aware state A, with 
its disease state, namely the susceptible state S, infected state I, or recovered state R. Ac-
cordingly, six basic coupled states are obtained: US, UI, UR, AS, AI, and AR. 

The state transition tree takes each basic state as a root node and hierarchically pre-
sents all possible evolution paths of a node under the effects of information diffusion, dis-
ease infection, recovery, and information forgetting. The corresponding transition proba-
bilities are also marked in the tree, including the information acquisition probability 1 − 
ri(t), the information forgetting probability δi, the disease infection probabilities 1 − qiA(t) 
and 1 − qiU(t), and the disease recovery probabilities βiA and βiU, which depend on the cur-
rent information state of the node. 
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The state transition tree clearly characterizes the dynamic evolution logic of node 
states under the bidirectional coupling mechanism. On the one hand, changes in the in-
formation state affect the probability of disease infection through the two branches qiU(t) 
and qiA(t). On the other hand, the disease infection state also influences the information 
diffusion and forgetting behaviors of nodes. Based on this state transition tree, the proba-
bility expressions of each coupled state at the next time step can be derived, thereby 
providing intuitive logical support for the subsequent construction of the complete cou-
pled state transition equations. 

  
 

(a) (b) (c) 

   

(d) (e) (f) 

Figure 4. State transition probability tree. Panels (a–f) show the transition paths starting from the 
six coupled states (AS), (AI), (AR), (US), (UI), and (UR), respectively. The transition probabilities 
include information acquisition 1 − ri(t), information forgetting δi, disease infection 1 − qiA(t) or 1 − 
qiU(t), and recovery βiU or βiA, depending on the information and disease states of the node. 

3.3. Properties of the Proposed State Transition Model 

To establish the mathematical consistency of the proposed UA–SIR model, we prove 
that the six-state transition system preserves the probability simplex. Specifically, the fol-
lowing proposition demonstrates that the total probability remains normalized and that 
all state probabilities remain non-negative throughout the evolution process. 

Proposition 1. For every node i, assume that the initial state probabilities satisfy: 𝑝௜௦(0) ≥0,∀𝑠 ∈ 𝛺, and ∑ 𝑝௜௦௦∈ఆ (0) = 1, where the set of coupled states is 𝛺 = ሼ𝑈𝑆,𝑈𝐼,𝑈𝑅,𝐴𝑆,𝐴𝐼,𝐴𝑅ሽ. 
If all state-transition probabilities belong to the interval [0, 1], then the six-state tran-

sition Equations (18)–(23) preserve both probability normalization and non-negativity for 
every t ≥ 0. 

Proof. Define the state-probability vector of node i at time t as 

𝒑௜(𝑡) = ൫𝑝௜୙ୗ(𝑡),𝑝௜୙୍(𝑡),𝑝௜୙ୖ(𝑡),𝑝௜୅ୗ(𝑡),𝑝௜୅୍(𝑡),𝑝௜୅ୖ(𝑡)൯் . 
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The six state-transition equations can be expressed in matrix form as 𝒑௜(𝑡 + 1) =𝑻௜(𝑡)𝒑௜(𝑡), where Ti(t) denotes the time-dependent state-transition matrix of node i. Un-
der the parameter constraints 0 ≤ 𝑟௜(𝑡) ≤ 1, 0 ≤ 𝑞௜௎(𝑡) ≤ 1, 0 ≤ 𝑞௜஺(𝑡) ≤ 1,  and 0 ≤ 𝛿௜ ≤1, 0 ≤ 𝛽௜௎ ≤ 1, 0 ≤ 𝛽௜஺ ≤ 1, all entries of Ti(t) are non-negative. For each current coupled 
state, all possible states at the next time step are mutually exclusive and collectively ex-
haustive. Therefore, the transition probabilities from each current state sum to one, ∑ [𝑻௜(𝑡)]௦ᇲ,௦௦ᇲ∈ఆ = 1, ∀𝑠 ∈ 𝛺. 

Thus, Ti(t) is a column-stochastic matrix. Let 𝒆 = (1,1,1,1,1,1)் . It follows that  ∑ 𝑝௜௦௦∈ఆ (𝑡 + 1) = 𝒆்𝒑௜(𝑡 + 1) = 𝒆்𝑻௜(𝑡)𝒑௜(𝑡) = 𝒆்𝒑௜(𝑡) = ∑ 𝑝௜௦௦∈ఆ (𝑡).  

Since ∑ 𝑝௜௦௦∈ఆ (0) = 1, it follows by mathematical induction that ∑ 𝑝௜௦௦∈ఆ (𝑡) = 1,∀𝑡 ≥ 0. 
Furthermore, because 𝑻𝒊(𝑡) ≥ 0 and 𝒑௜(𝑡) ≥ 𝟎, we obtain 𝒑௜(𝑡 + 1) = 𝑻௜(𝑡)𝒑௜(𝑡) ≥ 𝟎. 
Therefore, 𝑝௜௦(𝑡) ≥ 0,∀𝑠 ∈ 𝛺,∀𝑡 ≥ 0. 
Hence, the proposed six-state UA–SIR transition equations preserve both probability nor-
malization and non-negativity. □ 

3.4. State Transition Equations 

According to the above transition rules, the six-state probability evolution equations 
of node i can be obtained, as shown in Equations (18)–(23) 𝑝௜୙ୗ(𝑡 + 1) = 𝑟௜(𝑡)𝑞௜௎(𝑡)𝑝௜୙ୗ(𝑡) + 𝛿௜𝑞௜௎(𝑡)𝑝௜୅ୗ(𝑡), (18)

𝑝௜୙୍(𝑡 + 1) = 𝑟௜(𝑡)(1 − 𝛽௜௎)𝑝௜୙୍(𝑡) + 𝑟௜(𝑡) ቀ1 − 𝑞௜௎(𝑡)ቁ𝑝௜୙ୗ(𝑡)   +𝛿௜(1 − 𝛽௜௎)𝑝௜୅୍(𝑡) + 𝛿௜ ቀ1 − 𝑞௜௎(𝑡)ቁ 𝑝௜୅ୗ(𝑡),  (19)

𝑝௜୙ୖ(𝑡 + 1) = 𝑟௜(𝑡)𝛽௜௎𝑝௜୙୍(𝑡) + 𝛿௜𝛽௜௎𝑝௜୅୍(𝑡)+𝑟௜(𝑡)𝑝௜୙ୖ(𝑡) + 𝛿௜𝑝௜୅ୖ(𝑡),  (20)

𝑝௜୅ୗ(𝑡 + 1) = ൫1 − 𝑟௜(𝑡)൯𝑞௜஺(𝑡)𝑝௜୙ୗ(𝑡) + (1 − 𝛿௜)𝑞௜஺(𝑡)𝑝௜୅ୗ(𝑡),  (21)

𝑝௜୅୍(𝑡 + 1) = ൫1 − 𝑟௜(𝑡)൯ ቀ1 − 𝑞௜஺(𝑡)ቁ 𝑝௜୙ୗ(𝑡) + (1 − 𝛿௜)(1 − 𝛽௜஺)𝑝௜୅୍(𝑡)+൫1 − 𝑟௜(𝑡)൯(1 − 𝛽௜஺)𝑝௜୙୍(𝑡) + (1 − 𝛿௜) ቀ1 − 𝑞௜஺(𝑡)ቁ 𝑝௜୅ୗ(𝑡),  (22)

𝑝௜୅ୖ(𝑡 + 1) = ൫1 − 𝑟௜(𝑡)൯𝛽௜஺𝑝௜୙୍(𝑡) + (1 − 𝛿௜)𝛽௜஺𝑝௜୅୍(𝑡)+(1 − 𝛿௜)𝑝௜୅ୖ(𝑡) + ൫1 − 𝑟௜(𝑡)൯𝑝௜୙ୖ(𝑡),  (23)

The above equations fully describe the state evolution of nodes under the bidirec-
tional coupling mechanism, where ri(t), qi

U(t), and qi
A(t) denote the probabilities related 

to information diffusion and disease infection derived in the previous section. δ௜ repre-
sents the information forgetting rate, while β௜U and βi

A denote the disease recovery rates 
under different information states. This system of equations provides the core dynamical 
model for the subsequent simulation experiments. 

3.5. Matrix Form and Macroscopic Indicators 

The state probability vector of node (i) is defined as 𝑝௜(𝑡) = [𝑃௜୙ୗ(𝑡),𝑃௜୅ୗ(𝑡),𝑃௜୙୍(𝑡),𝑃௜୅୍(𝑡),𝑃௜୙ୖ(𝑡),𝑃௜୅ୖ(𝑡)]   (24) 

Then, the state evolution of the node can be written as 𝑝௜(𝑡 + 1) = 𝑝௜(𝑡)𝑇௜(𝑡) (25) 
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where Ti(t)  is a non-homogeneous state transition matrix jointly determined by ri(t) , 
qi

U(t) , qi
A(t) , δa, βa

A , and βa
U . Since ri(t) , qi

U(t) , and qi
A(t)  dynamically change with the 

states of other nodes in the network, the transition matrix is generally time-varying. There-
fore, the proposed process can be regarded as a discrete-time non-homogeneous Markov 
process. 

To describe the overall spreading dynamics of the system, the global information 
awareness rate A(t), infection proportion I(t), and recovery proportion R(t) are defined as 
follows: 𝐴(𝑡) = 𝑁ିଵ∑௜ୀଵே 𝑃௜஺(𝑡) (26) 𝐼(𝑡) = 𝑁ିଵ∑௜ୀଵே 𝑃௜ூ(𝑡) (27) 𝑅(𝑡) = 𝑁ିଵ∑௜ୀଵே [𝑃௜௎ோ(𝑡) + 𝑃௜஺ோ(𝑡)] (28) 

3.6. Age-Aggregated Epidemic Threshold Analysis 

3.6.1. Linearization near the Disease-Free Equilibrium 

The epidemic threshold is used to determine whether a small number of infected in-
dividuals introduced into the system can trigger large-scale spreading. A rigorous thresh-
old analysis usually requires linearizing the infection variables near the disease-free equi-
librium and constructing a next-generation matrix. For the age-heterogeneous infor-
mation–epidemic coupled model proposed in this study, node states are simultaneously 
affected by information states, disease states, and age-layer structures. Therefore, the epi-
demic threshold cannot be simply expressed as the ratio between a single infection rate 
and a recovery rate. 

The disease-free equilibrium is defined as the state in which there are no infected 
individuals in the system, that is, for all nodes: 𝑃௜ூ(𝑡) = 0. 

At this point, only the information diffusion process evolves independently, and an 
age-specific steady-state awareness proportion 𝜌௔஺  can be formed. 

At the early stage of disease invasion, the infection proportion is very low, and it can 
be approximated as 𝑃௜ூ(𝑡) ≈ 0,  𝑆௜(𝑡) ≈ 1 (29) 

Under this condition, the feedback term from infection status to information diffu-
sion does not directly enter the epidemic threshold under the first-order linear approxi-
mation, because 

λj
eff(t) = λa(j)[1 + ωPj

I(t)] ≈ λa(j) (30) 

This indicates that, under a given awareness structure or the quasi-steady state of 
information diffusion at the disease-free equilibrium, the infection-induced feedback term 
ω does not directly contribute to the first-order linear invasion term of the infection vari-
ables. Therefore, ω does not explicitly appear in the threshold expression in this study. 
However, ω can still affect the infection peak, peak time, and final infection size by accel-
erating information diffusion during the spreading process. 

To obtain an analytically tractable and epidemiologically interpretable epidemic 
threshold, we linearize the age-aggregated infection subsystem around the disease-free 
equilibrium and construct an age-aggregated next-generation matrix. Since the proposed 
UA-SIR model contains six coupled node states on a multilayer age-heterogeneous net-
work, the complete node-level linearization would lead to a 6N × 6N Jacobian matrix, 
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which is analytically intractable and difficult to interpret. Therefore, following the com-
mon practice in multilayer epidemic modeling, this study derives the epidemic threshold 
from an age-aggregated infection subsystem. The resulting next-generation matrix pro-
vides an interpretable approximation of the early-stage invasion dynamics under the dis-
ease-free equilibrium rather than an exact node-level threshold. Let 𝜌௔஺ denote the pro-
portion of individuals who are aware of protective information in age layer a during the 
early stage of disease invasion. The value of  𝜌௔஺ can be determined by the initial infor-
mation seed structure or by the quasi-steady awareness proportion formed by the infor-
mation diffusion process under the disease-free state. 

3.6.2. Effective Infection Rate and Effective Recovery Rate of Age Layers 

Given the awareness proportion ρୟ୅ in age layer a, the average effective infection rate 
of individuals in this age layer can be expressed as the weighted average of the infection 
rate in the unaware state and that in the aware state: 𝛼aതതത = (1 - 𝜌௔஺)𝛼௔௎+𝜌௔஺𝛼௔஺. 

If 𝛼௔஺ = (1 − 𝛾)𝛼௔௎ is adopted, then αaഥ  = (1 - 𝛾𝜌௔஺)𝛼௔௎. 
Similarly, the average effective recovery rate of individuals in age layer a is given by 𝛽௔തതത = (1 - 𝜌௔஺)𝛽௔௎ + 𝜌௔஺𝛽௔஺. 
If 𝛽௔஺ = (1 + η)𝛽௔௎ is adopted, then 𝛽௔തതത = (1 + η𝜌௔஺)𝛽௔௎. 
Thus, a higher awareness proportion 𝜌௔஺ in an age layer leads to a lower effective 

infection rate and a higher effective recovery rate, thereby reducing the risk of disease 
transmission. 

3.6.3. Construction of the Next-Generation Matrix 

Based on the linearized age-aggregated infection subsystem, let Cab denote the aver-
age intensity of effective contacts per unit time between infected individuals in age layer 
a and susceptible individuals in age layer b. Here, a represents the age layer of the infec-
tion source, while b represents the age layer of the susceptible individuals being infected. 
The element Kba of the next-generation matrix represents the expected number of new 
infections in age layer b caused by a single infected individual from age layer a during the 
entire infectious period. Therefore, the expected number of new infections in age layer b 
caused by one infected individual from age layer a can be expressed as 

Kba = Cab·𝛼௕തതത/𝛽௔തതത. 
where 𝛽௔തതത is the average effective recovery rate of the infection source in age layer a, and 
1/𝛽௔തതത represents the average infectious duration of the infected individual. 𝛼௕തതത is the aver-
age effective infection rate of susceptible individuals in age layer b, representing the prob-
ability of infection per effective contact. 

For the three age layers, namely youth, middle-aged individuals, and older adults, a 
3 × 3 next-generation infection matrix K = [Kba] is constructed. The columns of the matrix 
correspond to the age layer a of the infection source, and the rows correspond to the in-
fected age layer b, where a,b ∈ {y,m,e}. 

It should be noted that Cab in this study is defined as the average intensity of effective 
contacts per unit time between a single infected individual in age layer a and susceptible 
individuals in age layer b. Therefore, no additional correction term for age-layer popula-
tion proportions is introduced when constructing the next-generation matrix. If Cab is de-
rived from a reciprocal contact matrix obtained from real social contact surveys, whether 
a population-size correction should be included needs to be further determined according 
to the definition of the contact matrix. 
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3.6.4. Threshold Criterion 

Based on the next-generation matrix, the effective basic reproduction number of the 
age-heterogeneous information–epidemic coupled system under a given awareness struc-
ture is defined as 

R଴௘௙௙ = ρ(K). 

where ρ(K) denotes the spectral radius of matrix K, namely the maximum modulus of its 
eigenvalues. The threshold criterion is given as follows: 

R଴௘௙௙ < 1: the disease cannot persistently spread in the system, and the infection size 
tends to decline; 

R଴௘௙௙ > 1: the disease has the potential to invade and spread, and the system faces an 
outbreak risk. 

It should be emphasized that the proposed threshold is an age-aggregated approxi-
mation of the early-stage invasion dynamics rather than the exact epidemic threshold de-
rived from the full node-level Jacobian. Nevertheless, it captures the dominant effects of 
age-specific contacts, awareness-dependent transmission, and recovery processes while 
maintaining analytical tractability and epidemiological interpretability. It is more appro-
priate than a simple ratio of the average infection rate to the recovery rate, because it sim-
ultaneously considers the age-specific contact structure Cab, the awareness proportion 𝜌௔஺  
of each age layer, the inhibitory effect of information on the infection rate, and the pro-
moting effect of information on the recovery rate. 

It should be emphasized that R଴௘௙௙ mainly characterizes the linear spreading risk at 
the early stage of disease invasion, whereas the infection-induced feedback mechanism ω 
primarily affects the nonlinear dynamics in the middle and late stages of spreading. There-
fore, in the subsequent simulation experiments, R଴௘௙௙  can be reported together with 
Monte Carlo simulation indicators, such as the infection peak, peak time, and final infec-
tion size, to verify the consistency between the threshold indicator and the actual spread-
ing outcomes. Future work will investigate the exact node-level epidemic threshold by 
performing a full Jacobian-based stability analysis for the proposed six-state age-hetero-
geneous multilayer network. 

4. Multidimensional Simulation Experiments and Result Analysis 
Each experimental setting was independently simulated 50 times, and the reported 

curves represent the corresponding mean values. The time-dependent standard devia-
tions of the principal experiment are presented in Section 4.1, while those of the additional 
structural sensitivity analyses are provided in Supplementary Material. 

Numerical simulation calculations were coded with Python 3.9 (Python Software 
Foundation, Wilmington, DE, USA). All curves and figures in this manuscript were drawn 
and polished using Origin 2021 (OriginLab Corporation, Northampton, MA, USA). 

4.1. Parameter Setting and Comparative Analysis of Each Group 

To verify the effects of age-specific information diffusion strategies and infection-in-
duced feedback mechanisms on the information diffusion process, this study sets up three 
experimental scenarios: Control Group A, Control Group B, and the experimental group. 
Control Group A adopts a unified information-spreading rate and forgetting rate, without 
distinguishing differences in information diffusion among youth, middle-aged individu-
als, and older adults. Control Group B introduces age-specific information-spreading 
rates and forgetting rates, but does not consider the feedback effect of infection status on 
information-diffusion behavior. On the basis of age-specific parameter settings, the exper-
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imental group further introduces an infection-induced enhancement mechanism for in-
formation-spreading, indicating that infected individuals are more likely to actively dis-
seminate protective information due to increased risk perception. 

As shown in Table 2, the reduction rate of disease transmission after awareness, γ, 
and the enhancement rate of disease recovery after awareness, η, are kept consistent across 
the three groups and are both set to 0.5. Therefore, the differences among the three groups 
mainly arise from the age heterogeneity of information diffusion parameters and the in-
troduction of the infection feedback mechanism ω. This setting makes it possible to sepa-
rately examine the influence of changes in the information diffusion mechanism on the 
overall spreading process while keeping the inhibitory effect of awareness on disease 
transmission unchanged. 

To construct a neutral homogeneous baseline, the information transmission and for-
getting rates in Control Group A are set to the arithmetic means of the corresponding age-
specific parameters in the experimental group. This preserves the overall parameter mag-
nitude while eliminating age heterogeneity, ensuring a balanced comparison. 

Unless otherwise stated, the parameter values are selected according to representa-
tive settings reported in previous epidemic modeling studies and are used to investigate 
the coupled spreading mechanism rather than to calibrate a specific infectious disease. To 
further evaluate the robustness of the model under different parameter settings, sensitiv-
ity analyses are conducted by varying key parameters, including information-spreading 
rates, forgetting rates, network size, average degree, and household coupling strength. 
The results indicate that the main qualitative conclusions remain consistent under differ-
ent parameter configurations. 

Table 2. Comparative Experiment Between the Experimental Group and Control Groups. 

Parameters Control Group A Control Group B Experimental Group 

Information transmis-
sion rate 

Youth 0.183 0.25 0.25 
Middle-aged 0.183 0.18 0.18 

Elderly 0.183 0.12 0.12 

Information forgetting 
rate 

Youth 0.15 0.15 0.15 
Middle-aged 0.15 0.1 0.1 

Elderly 0.15 0.2 0.2 
Reduction rate of disease transmission rate 

after information awareness γ 0.5 0.5 0.5 

Promotion rate of disease recovery rate after 
information awareness η 0.5 0.5 0.5 

Promotion rate of information transmission 
rate after disease infection ω - - 0.5 

As shown in Figure 5a, the information awareness rates of all three groups increase 
rapidly in the early stage and reach relatively high levels within a short period, indicating 
that protective information can diffuse quickly in the information layer. In Control Group 
A, the awareness rate increases relatively slowly because unified information diffusion 
parameters are used. After age-specific spreading parameters are introduced in Control 
Group B, the information diffusion speed increases, suggesting that considering differ-
ences in information-spreading ability and forgetting characteristics among different age 
groups helps improve overall information coverage more rapidly. The experimental 
group shows the fastest increase in awareness rate during the early stage and maintains a 
relatively high level in the later stage, indicating that the infection feedback mechanism 
can further promote the diffusion of protective information. When individuals become 
infected, their risk perception increases, which enhances their willingness to disseminate 
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protective information and enables more nodes to acquire such information during the 
early stage of disease transmission. As shown in Figure 6a, the standard deviation of the 
aware-state proportion is relatively large during the initial information-diffusion stage, 
especially within the first several time steps, and then decreases rapidly. Although the 
experimental group exhibits a slightly larger initial fluctuation because of the infection-
induced feedback mechanism, the standard deviations of all three groups soon converge 
to a relatively low level, approximately between 0.002 and 0.004. This result indicates that 
the awareness dynamics are more sensitive to stochastic initial conditions and local net-
work structure during the early diffusion stage, whereas the information-coverage pro-
cess becomes highly stable after approaching its steady state. 

As shown in Figure 5b, the infection proportion I(t) in all three groups exhibits typical 
SIR dynamics, characterized by an initial increase, a peak, and a subsequent decline. How-
ever, differences can still be observed in the infection peaks and curve shapes among the 
groups. Control Group A has the highest infection peak, indicating that under unified 
information diffusion parameters, information diffusion fails to sufficiently reflect differ-
ences among age groups, and its inhibitory effect on disease transmission is relatively 
limited. In Control Group B, after age-specific information diffusion parameters are intro-
duced, the infection peak decreases slightly, suggesting that assigning different infor-
mation-spreading rates and forgetting rates to different age groups can improve the dif-
fusion efficiency of protective information to some extent and thereby reduce disease 
transmission intensity. The experimental group has the lowest infection peak, and its in-
fection curve is generally lower than those of the two control groups. This indicates that 
introducing the infection feedback mechanism on the basis of age-specific information 
diffusion can further enhance the inhibitory effect of information diffusion on disease 
transmission. Figure 6b further presents the standard deviations of the infected-state pro-
portion obtained from 50 independent Monte Carlo simulations. The standard-deviation 
curves exhibit two distinct fluctuation peaks. The first and largest peak occurs at approx-
imately the 17th–18th time step, corresponding to the rapid epidemic-development stage, 
whereas a smaller second peak appears around the 30th–33rd time step. These peaks in-
dicate that stochastic differences among independent realizations are most pronounced 
during the epidemic growth and transition stages. Control Group A generally exhibits the 
largest variability, followed by Control Group B, while the experimental group shows the 
lowest standard deviation over most of the simulation period. In particular, the maximum 
standard deviation decreases from approximately 0.034 in Control Group A to approxi-
mately 0.026 in the experimental group. This suggests that the age-specific information 
parameters and infection-induced feedback mechanism reduce not only the mean infec-
tion prevalence but also the run-to-run variability of the epidemic process. After the sec-
ond fluctuation peak, the standard deviations gradually decrease in all three groups, in-
dicating increasing convergence among independent realizations during the epidemic-
decay stage. 

By jointly analyzing the changes in information awareness rate and infection propor-
tion, it can be found that higher information diffusion efficiency is generally associated 
with a lower infection peak. In the experimental group, a high level of information cover-
age is formed more rapidly during the early stage of spreading, allowing more susceptible 
individuals to acquire protective information in advance and adopt corresponding pre-
ventive behaviors, thereby reducing their probability of infection. Meanwhile, the infec-
tion feedback mechanism enables infected nodes to further promote the diffusion of pro-
tective information, forming a dynamic feedback process of “disease transmission–en-
hanced risk perception–accelerated information diffusion–suppressed disease transmis-
sion”. Therefore, compared with Control Group A and Control Group B, the experimental 
group exhibits a stronger inhibitory effect on disease spreading. 
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It should be noted that the differences among the three infection curves are not dras-
tic, but are mainly reflected in the gradual reduction in the infection peak and overall 
curve height. This indicates that, under the current parameter settings, age-specific infor-
mation diffusion strategies and the infection feedback mechanism have a certain inhibi-
tory effect on disease transmission, although the magnitude of this effect is jointly con-
strained by factors such as the baseline disease transmission rate, information diffusion 
efficiency, and information forgetting rate. This result suggests that relying solely on a 
unified information diffusion strategy may not fully exploit the role of protective infor-
mation. In contrast, incorporating age-group differences and infection-induced feedback 
can more reasonably characterize the coupling relationship between information diffu-
sion and disease transmission in real public health events. 

In summary, the comparative results between the experimental group and the con-
trol groups show that age-specific information diffusion strategies can improve the diffu-
sion efficiency of protective information, while the infection feedback mechanism can fur-
ther enhance the dynamic responsiveness of information diffusion. Under their combined 
effect, the infection peak is reduced to some extent, and the spreading process is moder-
ately suppressed. These results validate the rationality of introducing age heterogeneity 
and infection-induced feedback into the proposed information–epidemic coupled spread-
ing model. 

  
(a) (b) 

Figure 5. Comparison between the experimental group and the control groups. (a) Partial view of 
the information awareness rate (A(t)) over time (day). Only the early and middle stages are shown 
because the awareness rate changes only slightly after reaching a relatively stable level in the later 
stage. (b) Evolution curves of the infection proportion (I(t)) in the disease transmission process. 
Control A adopts unified information diffusion parameters, Control B introduces age-specific in-
formation diffusion parameters, and the experimental group further incorporates the infection-
induced feedback mechanism. 



Mathematics 2026, 14, 2746 21 of 32 
 

https://doi.org/10.3390/math14152746 

  
(a) (b) 

Figure 6. Stochastic variability of the coupled spreading dynamics. (a) Standard deviation of the 
aware proportion; (b) Standard deviation of the infected proportion. The standard deviations were 
calculated from 50 independent Monte Carlo realizations. 

4.2. Sensitivity Analysis of the Information-Spreading Rate λ and Forgetting Rate δ 

To analyze the effects of the information-spreading rate and information forgetting 
rate on the information–epidemic coupled spreading process, as shown in Table 3, this 
study takes Experiment 1 as the baseline group. Under the condition that other parameters 
remain unchanged, the information-spreading rate λ and information forgetting rate δ of 
the youth, middle-aged, and older-adult layers are adjusted separately, and Experiments 
2–8 are designed for comparative analysis. While Figure 6a shows the corresponding 
changes in the information awareness rate A(t) during information diffusion, Figure 6b 
shows the changes in the infection proportion I(t) during disease transmission under dif-
ferent experimental conditions. 

Table 3. Parameter settings for the sensitivity analysis of age-specific information-spreading and 
forgetting rates. 

Parameter Sensitivity Analysis 1 Exp.1 Exp.2 Exp.3 Exp.4 Exp.5 Exp.6 Exp.7 Exp.8 

Information trans-
mission rate 

λ_y 0.25 0.3 0.4 0.25 0.25 0.25 0.25 0.25 
λ_m 0.18 0.18 0.18 0.25 0.18 0.18 0.18 0.18 
λ_e 0.12 0.12 0.12 0.12 0.18 0.12 0.12 0.12 

Information for-
getting rate 

δ_y 0.15 0.15 0.15 0.15 0.15 0.25 0.15 0.15 
δ_m 0.1 0.1 0.1 0.1 0.1 0.1 0.2 0.1 
δ_e 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.3 

From the perspective of the information awareness rate, the awareness rate of each 
experimental group gradually increases over time and tends to remain at a relatively high 
level in the later stage. This indicates that protective information can continuously diffuse 
in the information layer and form broad information coverage. However, certain differ-
ences can still be observed among the experimental groups in terms of early information 
diffusion speed and final awareness level. In Experiment 2, the information-spreading rate 
of the youth layer, λ_y, is slightly increased compared with that in Experiment 1. How-
ever, the improvement in the awareness rate is not obvious, and its effect on the infection 
curve is also weak. This suggests that a small increase in the information-spreading rate 
of the youth layer is insufficient to significantly change the overall spreading process. In 
Experiment 3, after the information-spreading rate of the youth layer is further increased, 
the information diffusion speed is enhanced, and the infection peak is relatively reduced. 
This indicates that when the information-spreading ability of the youth layer reaches a 
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certain level, it can strengthen the diffusion of protective information within the youth 
group and its adjacent groups, thereby exerting a more noticeable inhibitory effect on dis-
ease transmission. 

In Experiment 4, the information-spreading rate of the middle-aged layer, λ_m, is 
increased. The awareness rate increases more rapidly in the early stage, indicating that 
stronger information-spreading ability in the middle-aged layer enables protective infor-
mation to diffuse more effectively to other age layers. In age-heterogeneous networks, 
middle-aged individuals usually serve as a bridge connecting the youth layer, the older-
adult layer, and broader social contacts. Therefore, improving the information-spreading 
ability of this layer is more likely to affect the global information coverage level and fur-
ther change the disease transmission process. In Experiment 5, the information-spreading 
rate of the older-adult layer, λ_e, is increased. From the awareness curve, this adjustment 
improves the overall information coverage to a certain extent, but its effect on the infection 
peak is relatively limited. This suggests that increasing the information-spreading rate of 
the older-adult layer can improve information diffusion within the older-adult group, but 
due to its relatively weaker cross-layer connectivity, its regulatory effect on global disease 
transmission is less obvious than that of the youth and middle-aged layers. 

From the perspective of information forgetting rate, Experiments 6, 7, and 8 increase 
the information forgetting rates of the youth, middle-aged, and older-adult layers, respec-
tively. Compared with the baseline experiment, an increase in the information forgetting 
rate weakens individuals’ ability to continuously retain protective information, causing 
some nodes to return to the unaware state and thereby reducing the inhibitory effect of 
information diffusion on disease transmission. In particular, after the forgetting rate of the 
middle-aged layer is increased in Experiment 7, the peak of the awareness rate decreases 
significantly, while the infection peak increases noticeably. This indicates that the infor-
mation retention ability of the middle-aged layer plays an important role in the overall 
prevention and control effect of the system. Since the middle-aged layer has strong cross-
age connections and acts as an information intermediary, an increase in its forgetting rate 
weakens both the continuous diffusion of protective information within the network and 
its cross-layer transmission, which further increases infection risk. In Experiments 6 and 
8, increasing the forgetting rates of the youth and older-adult layers also changes the in-
fection curves to some extent, but the overall effect is weaker than that caused by changes 
in the forgetting rate of the middle-aged layer. 

Overall, Figure 7 shows that the information-spreading rate and forgetting rate fur-
ther affect the infection proportion by changing the rising speed and stable level of the 
information awareness rate. In general, a faster increase in the awareness rate and a higher 
awareness level in the later stage are more conducive to reducing the infection peak and 
flattening the infection curve. Conversely, an increase in the information forgetting rate 
weakens the protective effect of information, leading to a higher infection peak or a pro-
longed spreading process. These results indicate that the role of protective information in 
disease transmission depends not only on whether information can diffuse rapidly, but 
also on whether individuals can continuously retain protective awareness. 
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Figure 7. Sensitivity analysis of the information-spreading rate λ and forgetting rate δ. (a) Partial 
view of the information awareness rate (A(t)) under different parameter settings. Only the early and 
middle stages are shown because the curves change only slightly after reaching a relatively stable 
level in the later stage. (b) Evolution curves of the infection proportion (I(t)) in the disease transmis-
sion process under different parameter settings. Experiments 1–8 correspond to different adjust-
ments of the information-spreading rate and forgetting rate in the youth, middle-aged, and older-
adult layers. 

4.3. Sensitivity Analysis of Initial Information Seed Locations 

To analyze the effect of the initial information seed location on the information–epi-
demic coupled spreading process, this study sets up four comparative experiments. In 
Experiment 1, the initial information seeds are placed in the middle-aged layer; in Exper-
iment 2, they are placed in the youth layer; in Experiment 3, they are placed in the older-
adult layer; and in Experiment 4, they are allocated according to the age proportions. Un-
der the condition that the network structure, disease transmission parameters, infor-
mation-spreading rates, information forgetting rates, and the inhibitory parameters of in-
formation on disease transmission remain unchanged, the changing trends of the infor-
mation awareness proportion (A(t)) and the infection proportion (I(t)) under different in-
itial information seed locations are compared. 

As shown in Figure 8a, the results of the information awareness proportion (A(t)) 
indicate that the initial information seed location has a noticeable effect on the speed of 
information diffusion. The awareness proportions of all four experiments eventually 
reach relatively high levels, suggesting that protective information can spread widely in 
the information layer under the given information-spreading and forgetting rates. How-
ever, in the early stage of spreading, the information diffusion speed varies significantly 
across different seed locations. The mixed seeding group shows the fastest increase in the 
awareness proportion and reaches a relatively high level within a short time, indicating 
that allocating initial information seeds according to age proportions allows protective 
information to enter multiple age layers simultaneously, thereby improving early infor-
mation coverage. The middle-aged seeding group also shows a relatively fast information 
diffusion speed, suggesting that the middle-aged layer has strong cross-layer connectivity 
and an information intermediary role, enabling it to effectively promote information dif-
fusion toward both the youth and older-adult layers. In contrast, when seeds are placed 
only in the youth layer or the older-adult layer, the early diffusion of information to other 
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age layers is relatively slow, indicating that seeding in a single age layer is more likely to 
be constrained by intralayer spreading range and cross-layer connectivity. 

As shown in Figure 8b, the results of the infection proportion (I(t)) show that different 
initial information seed locations also affect the disease transmission process. The infec-
tion curves of all four groups exhibit typical SIR spreading characteristics, with an initial 
increase, a peak, and a subsequent decline. However, differences can be observed in the 
rising speed and peak time. The infection curves of the older-adult and youth seeding 
groups rise more rapidly in the early stage and reach their peaks relatively earlier, indi-
cating that when protective information is mainly concentrated in a single age layer, it is 
difficult for information to promptly cover groups with frequent cross-age contacts, and 
disease transmission may still spread rapidly in the early stage. By contrast, the infection 
curves of the middle-aged seeding group and the mixed seeding group increase more 
gradually, and their peak times are relatively delayed. This suggests that placing infor-
mation seeds in groups with strong cross-layer connectivity, or distributing seeds across 
multiple age layers simultaneously, is more conducive to forming an early population-
level protective barrier and delaying the disease transmission process. 

A further comparison between the information awareness proportion and the infec-
tion proportion shows that scenarios with faster information diffusion generally exhibit a 
slower increase in the infection curve and a shift in the infection peak occurrence toward 
later simulation time steps compared with the corresponding baseline scenarios. This in-
dicates that initial information seeds affect not only the diffusion process within the infor-
mation layer, but also the transmission dynamics in the disease layer through the cross-
layer coupling mechanism. When protective information can cover key nodes and cross-
layer connecting nodes earlier, more susceptible individuals can acquire protective infor-
mation at the early stage of disease transmission, thereby reducing the effective infection 
probability and delaying the rapid growth of the infection size. 

Overall, the results of the four experiments show that the initial information seed 
location has an important influence on both information diffusion efficiency and the 
tempo of disease transmission. The mixed seeding strategy can establish information 
sources simultaneously in multiple age layers and therefore performs well in improving 
the information awareness proportion. The middle-aged seeding strategy, relying on the 
strong cross-layer connectivity of middle-aged individuals, also shows a favorable effect 
in delaying disease transmission. In contrast, seeding only in the youth layer or the older-
adult layer results in a relatively limited information diffusion range and a weaker inhib-
itory effect on global disease transmission. These results indicate that, in an age-heteroge-
neous multilayer network, public health information intervention should focus not only 
on the number of information seeds but also on their initial locations. Prioritizing middle-
aged nodes with strong cross-age connectivity or adopting a mixed seeding strategy cov-
ering multiple age layers can help improve the diffusion efficiency of protective infor-
mation and enhance its inhibitory effect on disease transmission. 
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Figure 8. Sensitivity analysis of initial information seed locations. (a) Partial view of the information 
awareness rate (A(t)) under different initial information seed locations. Only the early and middle 
stages are shown because the curves change only slightly after reaching a relatively stable level in 
the later stage. (b) Evolution curves of the infection proportion (I(t)) in the disease transmission 
process under different seed-location strategies. Experiments 1–4 correspond to information seeds 
initially placed in the middle-aged layer, youth layer, older-adult layer, and mixed-age layers, re-
spectively. 

4.4. Sensitivity Analysis of Network Topology 

To analyze the effects of different network topologies on the information–epidemic 
coupled spreading process, this study sets up three comparative experiments. In Experi-
ment 1, the youth, middle-aged, and older-adult layers all adopt BA scale-free networks. 
In Experiment 2, all three layers adopt ER random networks. In Experiment 3, the youth 
and middle-aged layers adopt BA scale-free networks, whereas the older-adult layer 
adopts an ER random network, forming a mixed topological structure. In the three exper-
iments, the network size, initial infection proportion, information diffusion parameters, 
disease transmission parameters, and coupling parameters describing the effect of infor-
mation on disease transmission are kept consistent. Only the topology of the disease trans-
mission layers is changed, so as to examine the influence of network structural differences 
on information diffusion and disease transmission. 

As shown in Figure 9a, the changes in the infection proportion (I(t)) indicate that the 
disease transmission process differs substantially under different network topologies. 
When all three layers adopt ER random networks, the infection curve rises the fastest and 
reaches the highest peak at an earlier time, with a peak value significantly higher than 
those of the BA network and the mixed network. This suggests that in ER random net-
works, node connections are relatively homogeneous, allowing the disease to spread rap-
idly to a large number of nodes and making a concentrated outbreak more likely within a 
short period. Since ER networks lack obvious hub nodes, protective information can still 
diffuse, but it is difficult to form efficient transmission blocking through key nodes. As a 
result, the intensity of disease transmission is relatively high. 

Compared with the ER random network, when all three layers adopt BA scale-free 
networks, the infection curve increases more slowly, the infection peak is substantially 
reduced, and the occurrence time of the infection peak shifts to a later simulation time 
step. This result indicates that, under the information–epidemic coupling mechanism pro-
posed in this study, hub nodes in BA networks may serve not only as important pathways 
for disease transmission but also as key nodes for the rapid diffusion of protective infor-
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mation. When hub nodes acquire protective information at an early stage, their infor-
mation-spreading ability and behavioral responses can affect a large number of adjacent 
nodes, thereby accelerating protective information coverage and weakening the ability of 
the disease to spread along core connection pathways. Therefore, under coupled infor-
mation diffusion and disease transmission, BA networks exhibit stronger information dif-
fusion advantages and protective blocking effects. 

The infection curve of the mixed-topology network is relatively close to that of the 
BA scale-free network. The differences in peak height and peak time between the two are 
small, and both are clearly lower than those of the ER random network. This indicates 
that, after the youth and middle-aged layers adopt BA structures, the system still retains 
strong hub-driven spreading characteristics. High-degree nodes in the youth and middle-
aged groups can promote the diffusion of protective information and further suppress 
disease transmission. Since the older-adult layer adopts an ER random network, the 
mixed structure shows slight differences from the pure BA structure during some periods. 
However, its overall spreading trend remains close to that of the BA network, suggesting 
that the topological structures of the youth and middle-aged layers play a more important 
regulatory role in the overall spreading process. 

As shown in Figure 9b, the changes in the information awareness proportion (A(t)) 
show that the awareness rate increases rapidly in the early stage and reaches a relatively 
high level within a short time under all three network topologies. This indicates that, un-
der the given information diffusion parameters, protective information can spread widely 
across different topological structures. The awareness rate of the ER network is slightly 
higher in the early stage, but its infection peak remains the highest. This suggests that the 
speed of information coverage alone cannot fully determine the prevention and control 
effect; the influence of network structure on disease transmission pathways is equally im-
portant. Although the final awareness levels of the BA network and the mixed network 
are close to that of the ER network, their hub nodes play a key role in both information 
diffusion and disease transmission blocking. Therefore, their infection peaks are lower, 
and the spreading process is smoother. 

Overall, network topology has a significant influence on information–epidemic cou-
pled spreading. In ER random networks, node connections are relatively homogeneous, 
and disease transmission is more likely to form a rapid and concentrated outbreak. In BA 
scale-free networks, due to the existence of hub nodes, protective information can be dif-
fused more effectively, and disease transmission pathways can be blocked more efficiently 
when information diffusion plays a sufficient role. The mixed topology combines the in-
formation diffusion advantages of BA networks with age-layer heterogeneity. Its spread-
ing results are close to those of the pure BA network, while it is also more consistent with 
the real-world characteristics that youth and middle-aged groups usually have more ac-
tive social connections, whereas older adults have relatively stable contact ranges. There-
fore, in the subsequent empirical fitting, it is reasonable to adopt a mixed topology in 
which the youth and middle-aged layers are modeled as BA networks and the older-adult 
layer is modeled as an ER network. 
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Figure 9. Sensitivity analysis of network topology. (a) Evolution curves of the infection proportion 
(I(t)) in the disease transmission process under different network topologies. (b) Partial view of the 
information awareness rate (A(t)) under different network topologies. Only the early and middle 
stages are shown because the curves change only slightly after reaching a relatively stable level in 
the later stage. BA denotes the case in which all three age layers adopt BA scale-free networks, ER 
denotes the case in which all three age layers adopt ER random networks, and the mixed model 
denotes the case in which the youth and middle-aged layers adopt BA networks while the older-
adult layer adopts an ER network. 

5. Qualitative Comparison with Empirical Epidemic Trajectories 
The empirical epidemic datasets used in this section are not employed for parameter 

calibration, optimization, or prediction evaluation. Instead, they serve as qualitative ref-
erence trajectories to examine whether the proposed information–epidemic coupling 
mechanism can reproduce general epidemic characteristics and illustrate the regulatory 
effect of information diffusion on disease transmission. Therefore, the comparison focuses 
on differences between epidemic dynamics with and without information diffusion under 
fixed representative parameter settings rather than disease-specific curve fitting. 

To verify the applicability of the proposed information–epidemic coupled multilayer 
network model in real infectious disease spreading scenarios, this study selects four types 
of real infectious disease data for empirical experiments, namely viral cold, influenza, 
acute intestinal infectious disease, and COVID-19. The experiments compare the real in-
fection proportion curves, the age-heterogeneous disease spreading model without infor-
mation coupling, and the information–epidemic coupled multilayer network model with 
the information diffusion mechanism. The evaluation indicators mainly include the infec-
tion peak, peak time, peak error, peak-time error, and peak reduction rate, which are used 
to analyze the effects of information diffusion on disease spreading intensity and spread-
ing tempo. The real disease data are used to qualitatively verify the general epidemic evo-
lution trend under fixed representative parameters, rather than for parameter calibration 
or precise time-series prediction. This study mainly focuses on the dynamic mechanism 
of information intervention and theoretical threshold analysis, while disease-specific 
model calibration will be explored in future work. 

From the overall trend, all four types of real data exhibit a typical spreading process 
in which the infection proportion first increases, reaches a peak, and then gradually de-
clines. The age-heterogeneous disease spreading model without information coupling can 
reasonably capture the basic spreading pattern of diseases in age-stratified contact net-
works. In particular, in spreading scenarios with relatively high peaks and concentrated 
outbreaks, such as viral cold, influenza, and COVID-19, the infection peaks generated by 
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the model are relatively close to those of the real data. This indicates that the age-hetero-
geneous contact structure can, to some extent, reflect population contact differences in real 
disease transmission. 

A further comparison between the model with information coupling and the model 
without information coupling shows that, after introducing the information diffusion 
mechanism, the infection curves generally exhibit reduced peaks, delayed peak times, and 
smoother curve shapes. This result indicates that the role of protective information is not 
simply to improve the point-by-point comparison accuracy of the model to the real curves. 
Instead, it changes the dynamic pattern of disease transmission by reducing the infection 
risk of aware individuals, increasing the effective recovery probability of infected individ-
uals, and incorporating the feedback effect of infection status on information diffusion. As 
a result, an originally concentrated outbreak process is transformed into a lower-intensity 
but longer-lasting spreading process. 

As shown in Figure 10a, for the viral cold data, the real infection curve is character-
ized by a rapid increase, a relatively high peak, and a rapid decline after the peak. The 
model without information coupling reproduces the general epidemic trend, including 
the approximate peak position and peak height of the real data. In contrast, the model 
with information coupling generates a lower infection peak than the model without infor-
mation coupling, and the occurrence time of the infection peak shifts to a later simulation 
time step. This indicates that, under a high-transmission-intensity scenario, the diffusion 
of protective information can effectively reduce the short-term infection peak, but it may 
also lead to a certain low-level tailing phenomenon in the spreading process. This result 
reflects the “peak-shaving and curve-flattening” effect of information intervention. 

  
(a) (b) 

  
(c) (d) 
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Figure 10. Empirical comparison of infection dynamics under different disease scenarios. (a) Viral 
cold; (b) influenza; (c) acute gastrointestinal infectious disease; (d) COVID-19. In each panel, the real 
infection data are compared with the information-free age-heterogeneous multilayer disease 
spreading model and the information-aware multilayer heterogeneous mixed network model. The 
dashed lines indicate the corresponding infection peaks and peak times. The results illustrate the 
effects of information diffusion on reducing the infection peak, delaying the peak time, and smooth-
ing the epidemic spreading process under different types of infectious diseases. 

As shown in Figure 10b, for the influenza data, the real curve also exhibits a high 
peak and rapid spreading characteristics. The model without information coupling can 
reasonably describe the concentrated outbreak trend of influenza, whereas the model with 
information coupling shows a lower infection peak and a smoother declining process than 
the model without information coupling. This suggests that, for respiratory infectious dis-
eases with rapid transmission and large infection scales, the information diffusion mech-
anism can significantly weaken the intensity of concentrated outbreaks and delay the dis-
ease transmission process. 

As shown in Figure 10c, for the acute intestinal infectious disease data, the overall 
real infection proportion is relatively low, and the spreading process is comparatively 
smooth. Compared with diseases with high transmission intensity, acute intestinal infec-
tious disease does not form an obvious large-scale outbreak even in the model without 
information coupling. Therefore, after introducing the information diffusion mechanism, 
the decrease in the infection peak is not highly significant, and the effect is mainly reflected 
in the smoothing of the spreading process and changes in peak time. This indicates that 
the effect of information intervention varies across disease types. When the intrinsic trans-
mission intensity of a disease is relatively low, the inhibitory effect of the information 
mechanism is relatively limited, and its role is mainly reflected in regulating the spreading 
tempo rather than significantly reducing the infection peak. 

As shown in Figure 10d, for the COVID-19 data, the real curve shows a rapid increase 
in the middle stage, followed by a relatively high peak and a gradual decline. The model 
without information coupling can reasonably approximate the peak height of the real 
curve, whereas the infection peak of the model with information coupling is clearly lower 
than that of the model without information coupling. Its infection peak occurs at a later 
simulation time step, and the overall curve becomes smoother. This indicates that, in me-
dium- to high-intensity epidemic spreading scenarios, the information diffusion mecha-
nism can produce obvious peak-reduction and delay effects on disease transmission by 
changing individual protective behaviors. 

Overall, the empirical results of the four diseases show that the age-heterogeneous 
model without information coupling is more suitable for describing the basic spreading 
process under conditions where information intervention is not considered, whereas the 
information–epidemic coupled model is more suitable for analyzing changes in the 
spreading process after protective information intervention is introduced. From the per-
spectives of infection peak, peak time, and spreading control effect, the model with infor-
mation coupling more clearly reflects the regulatory effect of protective information on 
disease transmission. Specifically, it shows reduced infection peaks, shifts in the infection 
peak occurrence toward later simulation time steps, and smoother spreading curves, in-
dicating that information diffusion can exert varying degrees of inhibitory effects on dis-
ease transmission under different disease scenarios. 

Therefore, the empirical results demonstrate that the information–epidemic coupled 
multilayer network model constructed in this study can not only describe disease trans-
mission under age-heterogeneous contact structures, but also further reveal the effects of 
protective information diffusion on disease transmission intensity and spreading tempo. 
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These results validate the rationality of introducing the information diffusion mechanism 
into an age-heterogeneous multilayer disease transmission model. They also indicate that, 
in public health prevention and control, improving public awareness of protective infor-
mation, enhancing information diffusion efficiency, and reducing information forgetting 
can help reduce infection peaks, delay disease spread, and alleviate short-term prevention 
and control pressure. 

6. Conclusions 
This study develops an information–epidemic coupled spreading model on an age-

heterogeneous multilayer network by integrating protective information diffusion and 
epidemic transmission into a unified UA–SIR framework. By coupling a virtual infor-
mation layer with three age-specific disease layers, the proposed model characterizes the 
heterogeneity of different age groups in information diffusion, contact behavior, infection 
risk, and recovery processes. Moreover, the model incorporates the effects of protective 
information on disease transmission, recovery enhancement, and infection-induced feed-
back on information-spreading. Compared with conventional information–epidemic 
models that usually assume homogeneous information diffusion or neglect the feedback 
between epidemic states and individual behaviors, the proposed framework provides a 
more detailed description of the dynamic interaction between information diffusion and 
epidemic transmission. The advantages of the proposed model are quantitatively reflected 
through changes in infection peaks, information coverage, and epidemic evolution under 
different intervention scenarios. These results demonstrate that incorporating age-de-
pendent information diffusion and infection-induced feedback can improve the represen-
tation of behavioral heterogeneity and enhance the understanding of information-medi-
ated epidemic regulation. 

Theoretical analysis demonstrates that the epidemic threshold is jointly affected by 
age-dependent contact patterns, disease-related parameters, and information awareness 
levels. Increasing the proportion of informed individuals can reduce the effective infection 
rate and enhance the effective recovery rate, thereby lowering epidemic risks. Simulation 
results further show that age-specific information diffusion strategies and infection feed-
back mechanisms improve information-spreading efficiency and suppress disease trans-
mission to varying degrees. Sensitivity analyses indicate that the middle-aged group plays 
an important role in information dissemination due to its relatively strong connectivity 
and information retention capability. Meanwhile, initial seeding strategies involving mid-
dle-aged individuals or mixed age groups can accelerate early information coverage and 
contribute to epidemic mitigation. 

The empirical comparisons further demonstrate that introducing the information dif-
fusion mechanism generally leads to lower infection peaks, smoother epidemic evolution, 
and shifts in infection peak occurrence toward later simulation time steps in some scenar-
ios. These results suggest that protective information is not merely an external interven-
tion factor but can dynamically regulate epidemic evolution by influencing individual 
protective behaviors and recovery-related processes. 

From a practical perspective, the finding that middle-aged or mixed seeding strate-
gies improve information diffusion efficiency does not imply that elderly populations 
should be excluded from public health interventions. In real-world epidemic prevention, 
vaccination and awareness campaigns usually involve multiple objectives, including pro-
tecting vulnerable groups, reducing severe outcomes, and interrupting transmission 
chains. Therefore, effective intervention strategies should balance risk-oriented protection 
for vulnerable populations with information diffusion-oriented targeting of socially active 
groups. 
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Nevertheless, several limitations remain. The current model is based on abstract age 
structures and network assumptions and does not fully incorporate real individual con-
tact networks. In addition, the awareness state is simplified into binary aware and una-
ware states without considering information credibility, behavioral adoption intensity, or 
heterogeneous protective responses. Furthermore, the empirical experiments mainly fo-
cus on qualitative comparisons rather than disease-specific prediction or parameter cali-
bration. Future work will incorporate real contact matrices, time-varying networks, me-
dia-driven information diffusion, and more detailed behavioral mechanisms. Moreover, 
the current model assumes that infection enhances individuals’ willingness to disseminate 
protective information, while severe symptoms may reduce communication ability and 
social activity. Incorporating disease severity and activity-dependent information diffu-
sion behaviors will further improve the realism of the proposed framework. 
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