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The outbreak of COVID-19 in 2019 has made people pay more attention to infectious diseases. In order to re-
duce the risk of infection and prevent the spread of infectious diseases, it is crucial to strengthen individual immunization
measures and to restrain the diffusion of negative information relevant to vaccines at the opportune moment. This study
develops a three-layer coupling model within the framework of hypernetwork evolution, examining the interplay among
negative information, immune behavior, and epidemic propagation. Firstly, the dynamic topology evolution process of
hypernetwork includes node joining, aging out, hyperedge adding and reconnecting. The three-layer communication model
accounts for the multifaceted influences exerted by official media channels, subjective psychological acceptance capabili-
ties, self-identification abilities, and physical fitness levels. Each level of the decision-making process is described using
the Heaviside step function. Secondly, the dynamics equations of each state and the prevalence threshold are derived using
the microscopic Markov chain approach (MMCA). The results show that the epidemic threshold is affected by three trans-
mission processes. Finally, through the simulation testing, it is possible to enhance the intensity of official clarification,
improve individual self-identification ability and physical fitness, and thereby promote the overall physical enhancement of
society. This, in turn, is beneficial in controlling false information, heightening vaccination coverage, and controlling the
epidemic.
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1. Introduction
For an extended period, various epidemic events have

brought heavy impacts on individual physical and mental
health, social security, and even the global economy.[1,2] The
rapid development of the Internet makes global information
spread indiscriminately,[3,4] and the structure of social net-
works becomes more and more complex. Consequently, it is
crucial to utilize the dynamic network of multi-level interac-
tions to explore the epidemic transmission mechanism more
thoroughly, thereby controlling and preventing epidemic out-
breaks.

Concerning epidemic transmission, Kermack et al. ini-
tially employed mathematical models to derive the dynamic
equations and thresholds of epidemic dissemination, and first
proposed the infectious disease model.[5,6] Later, experts pro-
posed various more optimized propagation models on this ba-
sis. Among them, people have found that the spread of in-
formation in the network has a very big impact on the diffuse
of the epidemic.[7–11] Specifically, Huang et al.[12] explored
the role of knowledge infiltration in the two-layer network of
information spreading and epidemic dissemination, and con-

cluded that knowledge permeation can obviate rumours and
outbreak of disease. Zhou et al.[13] proposed a double-layer
dynamic coupling propagation model that considers individ-
ual mobility for information diffusion and epidemic transmis-
sion, revealing that epidemic transmission is to some extent
influenced by the mechanism of the epidemic itself, individual
mobility, and information diffusion. Li et al.[14] discussed the
impact of multi-information dissemination and indirect touch-
ing on the expansion of the pandemic by combining individual
conformity psychology, prevention costs, and risk perception
within a duallayer network framework.

Certainly, the spread of the epidemic is not only influ-
enced by the diffusion of information, but also closely re-
lated to immunization activities such as vaccination. Numer-
ous researchers have investigated factors related to the impli-
cations of vaccination on epidemic transmission, such as vac-
cination costs,[15–18] vaccine risk perception,[19] vaccination
strategies,[20–22] and multiple doses of vaccination.[23] Among
them, Li et al.[24] used the SIRV-UAU coupling network to
analyze the effect of individual heterogeneity represented by
social differences on the epidemic and vaccine harmony, as
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well as the impact of subjective psychological perception on
the evolutionary dynamics of vaccine administration, taking
into account factors such as social reinforcement, forgetting
mechanism and incomplete vaccination, and observed that en-
hancing social reinforcement and initial protection can help
upgrade vaccination balance. Meng et al.[25] explored how
evolving individual vaccination strategies influence infectious
disease spread by implementing two distinct rules for updat-
ing vaccination strategies: a local strategy update rule based
on return comparisons with a single random neighbour and a
global update strategy based on return comparisons with the
social average. The results suggest that updating personal vac-
cination strategies is more conducive to reducing the eventual
epidemic size.

The above studies only focused on the interplay of infor-
mation diffusion or vaccination behaviors on epidemic trans-
mission, or only discussed the influence of different informa-
tion propagations on vaccination.[26] However, it is essential
to recognize that information diffusion, vaccination, and epi-
demic transmission are interconnected processes. Due to er-
rors in the production and use of vaccines and other immuniza-
tion measures, the availability of immunization is reduced, re-
sulting in individuals’ disappointment with vaccines and even
wantonly dissemination of adverse vaccine-related informa-
tion. The spread of negative messages could make individuals
afraid of taking vaccines and other behaviors, consequently
reducing the vaccination coverage rate in society. The fewer
individuals who adopt immune behavior, the higher the risk
of epidemic infection, which makes epidemic prevention and
control more difficult. Hence, there is a need to probe the com-
bined effects of contrary arguments related to immunization
steps and the adoption of immunization behavior on epidemic
transmission.

In addition, studies on the effect of information
diffusion[27–29] or vaccination[31,32] on epidemic transmission
have focused on complex networks. With the increasing com-
plexity of social networks, an individual has multiple social
circles, and the friends in each social circle are associated
with other groups in reality or on the Internet. The com-
plex networks based only on ordinary graphs have limitations
on the current research. The hypernetwork that can contain
any number of nodes and different types of subnets is more
conducive to depicting the real-life network topology and dy-
namic evolution.[33,34] Consequently, the use of hypernetwork
theory to describe information transmission in dynamic social
hypernetwork[35] and epidemic dissemination dynamics[36,37]

is closer to reality. On the basis of above discussion, we build a
three-layer super network model, which delved into the inter-
action between bad immune behavior-related remarks, adop-
tion of immune-related actions, and plague transmission. This
dissertation has the following major contributions:

(i) In consideration of the high-order correlation of in-
dividuals within the network, this paper constructs a three-
layer coupling UBU–NVEVIVE–SIS dynamic multilayer hyper-
networks propagation model. The evolution of the dynamic
hypernetwork includes node entry, aging, hyperedge addition,
and reconnection.

(ii) The model’s first layer represents the dissemination
of negative information related to immunization measures, the
second layer expresses the transmission of immunization be-
havior, and the third layer describes the spread of epidemic.

(iii) The impact of official media, personal self-
identification ability, subjective acceptance capability, and
physical quality on the whole evolutionary processes is con-
sidered. And the Heaviside jump function is introduced to de-
pict the decision–acceptation procedure.[38]

(iv) The dynamics equations in each state and prevalence
threshold are obtained by using MMCA. and the validity of the
model is verified, with some suggestions being put forward re-
garding epidemic prevention and control.

The framework of the rest of this paper is arranged as
follows: The second part presents the hypernetwork evolution
processes and the three-layer coupling model. The third part
is analyzed theoretically by MMCA, the dynamic equation is
obtained and the prevalence threshold is derived. The fourth
part analyzes the model by doing lots of numeric emulation
experiments. Lastly, we sum up the study of this paper and
give a preview of further researches.

2. Model description
In this section, the initial social network’s construction

steps are described, including the three hypernetwork evolu-
tion rules. Then, the coupled dynamic process of the proposed
UBU–NVEVIVE–SIS model is explained in detail.

2.1. Dynamic evolution model

The concept and theory of hypergraphs is a generalization
of ordinary graphs. Let V = {v1,v2, . . . ,vn} be a non-empty
and finite set, and E = {e1,e2, . . . ,em}, ei = {vi1,vi2, . . . ,vi j},
(vik ∈ V, k = 1,2, . . . , j), be a family of subsets of V . The
pair H = 〈V,E〉 is called a hypergraph, where the element
v1,v2, . . . ,vn is the node of the hypergraph, and the ei (i =
1,2, . . . ,m) is the hyperedge of the hypergraph. In a hyper-
graph, if there exists a hyperedge that encompasses two nodes,
the two nodes are said to be adjacent. Suppose that Ω = (V,E)
is a finite hypergraph and G is a map from T = [0,+∞] into Ω .
For any given 5 ≥ 0, G(t) = (V (t) ,E (t)) is a finite hyper-
graph. A hypernetwork {G(t) , t ∈ T} represents a collection
of hypergraphs.[39]

The hyperdegree of node v j is the number of hyper-
edges containing it, denoted by h j = ∑

m
i=1 ci j, where ci j is

the element in row i and column j of the incidence matrix
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C = (ci j)m×n, ci j = 1 signifies the inclusion of node vi in hy-
peredge ei, otherwise, ci j = 0.

In the context of social networks, whether virtual or phys-
ical, individuals establish new connections based on diverse
topics. The dissolution of these social connections is driven
by the absence of shared interests or the cessation of inter-
action. Individuals transition to new social groups and forge
new relationships, thereby continually reshaping their social
networks. Furthermore, the social network perpetually ex-
periences a steady influx of new individuals, who join social
groups to participate in new topics. Conversely, there are also
individuals who opt to disengage from ongoing topic discus-
sions within the network. This dynamic process of informa-
tion diffusion is a hallmark of social networks. In accordance
with the above situation, we represent the evolution of social
networks as follows: (i) Individuals build new social groups
around new topics. (ii) The termination of a topic results in a
new social group forming. (iii) New individuals join the social
group for discussion, and those who lose interest withdraw.

Considering that individuals with strong social abilities
will have greater influence, the hyperdegree preferential at-
tachment mechanism shown below is used here for social se-
lection between nodes:

Wj(t, ti) =
h j(t, ti)+1

∑
i, j=1

[h j(t, ti)+1]
, (1)

where ti denotes the time when the i-th batch of nodes enters
into the network, h j(t, ti) presents the hyperdegree of the j-th
node of the i-th batch at moment t, and Wj(t, ti) presents the
probability of being selected of the j-th node of the i-th batch
at moment t.

The initial social network is constructed as follows:
Step 1 Initialization
The initial network is constituted by N0 nodes and a hy-

peredge containing N0 nodes.
Step 2 Growth
At each time step, one of the following three dynamic

evolution rules must occur.
(S1) New hyperedges are added with a probability of p.
Randomly select a node in the network that is encircled

by a new hyperedge along with v existing nodes, totally m new
hyperedges are constructed with no repetitive hyperedges. The
selection rule obeys the hyperdegree preferential attachment
mechanism in Eq. (1).

(S2) Hyperedges are reconnect with a probability of q.
A node vi and one of its hyperedges ei are randomly se-

lected, and ei is subsequently deleted. Following Eq. (1), the
existing v nodes, along with the node i, are encircled by a new
hyperedge e′i. This process is repeated m times, ensuring that
no duplicate hyperedges are created.

(S3) New node batches are added and aging nodes are
deleted with a probability of 1− p−q.

When a new batch with m1 nodes is added to the network
at time t, these new nodes and v previously existing nodes are
encircled by a new hyperedge. The removal of existing nodes
adheres to the node aging rule. Specifically, the earlier a node
is introduced into the system, the greater the likelihood of its
removal.

Step 3 Repeat
Repeat Step 2 until the network size reaches the preset

value.
The dynamic network evolution process is shown

schematically in Fig. 1. The meaning of the initial structure
parameters of the network and the values taken are shown in
Table 1. These settings are applied in all subsequent experi-
ments.

In social networks, nodes represent individuals, and hy-
peredges express social circles between humans. It is clear that
immune behavior and disease transmission must be accompa-
nied by information interactions. Therefore, it is assumed here
that the dynamic evolution of the network in the immune be-
havior layer and disease transmission layer also satisfies the
above evolutionary rules.

e1

e2

e1

e2

e3 e1
e2 e1

e2
  

t t⇁

e3′

Fig. 1. Graphical representation of the dynamic evolution process of the
hypernetwork. At time t + 1, case 1 represents the addition of hyperedges
(randomly choosing node v7 and existing nodes v5, v6 to form a new hy-
peredge e3). Case 2 represents hyperedge reconnection (randomly choosing
node v5 and the hyperedge e2 containing it, disconnecting e2, v5 and v6, v7
to reconstruct the hyperedge e′2). Case 3 represents the addition and removal
of nodes (the new node batch containing nodes v8, v9 and the existing nodes
v5, v6, v7 form the new hyperedge e3 and node v4 exits).

Table 1. The meanings and values of initial network structure parame-
ters.

Parameters Meaning of the parameters Values

p probability of adding a new hyperedge 0.3

q probability of reconnecting the hyperedge 0.25

m number of hyperedges added or rewired 2

m1 number of new nodes added 5

m2 number of existing nodes removed 1

v number of original nodes selected to form
new hyperedges

5

2.2. Three-layer coupling UBU–NVEVIVE–SIS model

In this section, we propose a three-layer interaction hy-
pernetwork as a modeling framework for understanding cou-
pled dynamic processes, which involve information diffusion,
immune behavior, and epidemic transmission, as shown in
Fig. 2. In the three-layer multiplexed networks, the nodes cor-
respond one by one (that is, the nodes quantity in three-layer
network is uniform), and that each layer of the multilayer hy-
pernetworks has different connectivities.
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transmission layer

Information
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Fig. 2. Schematic diagram of model evolution mechanism. The information dissemination layer has two node statuses: Unbelieving (yellow)
and believing (purple). The immune behavior layer has three node statuses: non-vaccinated (gray), vaccinated effectively (blue), and vaccinated
inefficiently (navy). The epidemic transmission layer has two node statuses: susceptible (green) and infected (red). Cases 1, 2, 3 at time t +1
represent 1, 2, 3 of the hypernetwork dynamic evolution rules mentioned in Subsection 2.1, respectively.

Assumption 1 The first layer, termed the information
dissemination layer, is characterised by the propagation path
of negative information within the social network, as de-
picted by the network topology. This layer employs the UBU
(unbelieving–believing–unbelieving) model to illustrate the
propagation of negative information. The negative messages
mainly refer to those related to immunization measures like
vaccination (sequelae, by-effects, etc.) on online social net-
works. Among them, the person with U-state does not know or
believe the negative information, while the B-state individual
is aware of the negative message, believes and disseminates it.
Here, individuals’ choice, whether believe negative informa-
tion or not, is mainly influenced by their self-discriminating
ability, that is, when individuals have a high ability to distin-
guish between true and false message, they have a higher be-
lief threshold for unconfirmed information and will not easily
believe unfounded one. On the contrary, it is easy to believe
vague information, so that it is easy to be misled by wrong in-
formation, thereby increasing infection risks. Let the individ-
ual’s self-distinguishing ability be si (0≤ si ≤ 1) and assume
it follows the normal distribution G1 (si) ∼ N (µ1,σ1)

[38] to
describe the heterogeneity of individual discriminative ability,
where µ1 represents the mean self-distinguishing capability of
the entire group in the network, and σ1 denotes the fluctuation
amplitude of the difference in the group’s self-discriminating
ability. At the same time, considering that individuals are
likely to be affected by people around them and thus taking
herd actions, this part uses Heaviside step function to represent
the state transformation probability of the information dissem-
ination layer. That is, when x > 0, H(x) = 1, people choose to
believe negative information. Otherwise, H(x) = 0, the indi-
vidual does not choose to believe it. Therefore, hypothesizing

the possibility of U-state people believing the negative mes-
sages is

λi(t) = λH

 ∑
j=1

PB
j (t)

ki(t)
− si

 , (2)

where λ refers to the initial information propagation rate,
∑ j=1 PmB

j (t)/ki(t) represents the proportion of nodes in status
B among neighbours v j around node vi at time t, ki(t) repre-
sents the number of nodes adjacent to vi at time t, and PB

j (t)
refers to the chance of individual v j believing in negative in-
formation (being in status B) at time t. When si = 0, it in-
dicates that the individual has no self-distinguishing ability at
all and is completely affected by the group behavior of the sur-
rounding environment. When si = 1, individuals totally influ-
enced by their highest self-distinguishing ability. Only when
∑ j=1 PB

j (t)/ki(t) > si, will the individual believe the negative
information with possibility λ .

In state B, individuals will forget the information or grad-
ually wake up from the misleading information with a certain
probability δ , and then change to state U to choose not to be-
lieve the negative information.

Moreover, considering that in real life, timely clarifica-
tion of unfounded remarks by authoritative media such as of-
ficial accounts will play a great role in curbing the spread
of rumors, let us introduce officially authorized mass media
here,[12] which is associated with all points of the information
dissemination layer. When the correct message is released by
the official media, individuals in state B will accept the clari-
fied information with probability M and change to state U .

Assumption 2 The second layer, termed the immune
behavior layer, is characterised by the propagation path of
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the immune measures in the current physical contact, as de-
picted by the network topology. This layer employs the
NVEVIVE (nonvaccinated-vaccinated–vaccinated ineffectively-
vaccinated)[4] model to illustrate the propagation of immune
behavior. The immunization measures outlined in this paper
primarily address the decision-making process regarding vac-
cination. The nodes in state N have not yet taken the vacci-
nation behaviors, and individuals in state VE indicate that they
have been vaccinated, and VI-state nodes refer to an individual
who has adopted immune conduct but unfortunately remains
infected. We consider whether choosing to take immunization
measures is related to the inner acceptance of individuals. If
individuals have a fear of vaccination, that is, their inner ac-
ceptability of vaccination is low, then the threshold of vaccina-
tion will be high and the possibility of choosing immunization
measures will be low, otherwise the opposite. Here, we sug-
gest that the more people believe in negative information, the
more it affects people’s adoption of immune behaviors. Once
individuals realize and believe immune-related negative infor-
mation, their willingness to vaccinate is likely to be greatly re-
duced. Thereby, we assume that θi is the acceptance threshold
of node vi, θ is the doorsill of immune action of individuals
that is not affected by other factors (0≤ θ ≤ 1), and then the
acceptance doorsill of individuals in state B is θ B

i = θ . The at-
tenuation factor ζ (0≤ ζ ≤ 1) is introduced to depict the im-
pact of negative information related to immune measures on
individuals’ aspiration to take immune behaviors, and the ac-
ceptance doorsill of individuals in state U is θU

i = ζ θ . At the
same time, considering that people will follow the effect of the
behaviors trend of their neighbors, here we believe that indi-
viduals’ deed of taking immune measures belongs to a process
of adopting decision-making, which is described by the Heav-
iside step function. Set the probability of immunization for
unvaccinated nodes as

α
X
i (t) = αH

 ∑
j=1

PV
j (t)

ki(t)
−θ

X
i

 , (3)

where, X ∈ {U,B} and α refers to the initial probability of tak-
ing action, ∑ j=1 PV

j (t)/ki(t) represents the proportion of indi-
viduals taking immune behaviors in the neighbor v j of node vi

at time t, ki(t) represents the number of nodes adjacent to vi at
time t, and PV

j (t) = PVE
j (t)+PVI

j (t) refers to the sum of prob-
abilities of person in state VE and state VI at time t. As long
as the proportion of vaccinated neighbors ∑ j=1 PV

j (t)/ki(t) is
higher than the individual’s inner acceptance threshold θU

i ,
people will take immune measures with probability α .

In the immune behavior layer, this paper takes into ac-
count the fact that in real life vaccinated individuals are still
at risk of being infected, that is, if the vaccinated individual
is infected, this means that the individual’s status in the sec-

ond layer changes from VE to VI. Suppose that the probabil-
ity of individual who has been immunised being infected is
βV
(
βV = βUVES +β BVES

)
, which will be discussed in detail

in Assumption 3. In addition, we think that individuals who
have lost immunity may choose to re-immunize, and assume
that a recovered vaccine-ineffective individual has the same
probability of vaccination as an individual who has never been
vaccinated.

Assumption 3 The third layer, termed the epidemic
transmission layer, simulates the epidemic transmission model
under the effect of negative information spreading and im-
mune behavior through SIS (susceptible–infected–susceptible)
model.[41]

In epidemic transmission layer, we believe that the in-
fection situation of different individuals will be affected by
individual physical fitness, and the better the physical fit-
ness of person, the stronger the immune ability to resist dis-
eases. Here, fi is used to portray the heterogeneity of personal
physique, and postulate that it follows the normal distribution
G2 ( fi) ∼ N (µ2,σ2), where µ2 represents the average physi-
cal fitness of the entire group in the network, and σ2 means
the fluctuation amplitude of physical fitness differences in the
group. Besides, the conduct of immunization measures will
improve the level of personal physical fitness to a certain ex-
tent, so it is assumed that

f =

 fi, the state of VE,
γ1 fi, the state of VI,
γ2 fi, the state of N,

where γi (i = 1,2) represents the degree of physical fitness
decline of individuals who did not take immunological behav-
iors and immune failure. Logically, as long as immunization
measures are taken, even if they are infected later, the relevant
steps will still produce some antibodies in the body to some
extent, so γ1 ∈ [0.5,1], γ2 ∈ [0,0.5). However, in order to re-
duce the equation, let γ1 = γ2 = γ , then we get

f =
{

fi, the state of VE,
γ fi, the state of VI or N.

Meanwhile, the infection rate of each individual was also re-
lated to its corresponding status in information dissemination
layer and immune behavior layer. If an individual believes
negative message or does not adopt relevant immune behav-
iors, then he will reduce his alertness to approaching others,
thus increasing the risk of contagion. Therefore, we assume
that people who do not believe negative information will re-
duce ϕ1 (0≤ ϕ1 ≤ 1) infection rate, and as long as individuals
take immune measures (whether effective or not), the proba-
bility of infection will be reduced ϕ2 (0≤ ϕ2 ≤ 1). Thus, the
initial infection probabilities under different states can be ob-
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tained as follows:

β
Y =


β , the state of BNS,
ϕ1β , the state of UNS,
ϕ2β , the state of BVES,BVIS,
ϕ1ϕ2β , the state of UVES,UVIS,

where Y ∈ {UNS,BNS,UVES,BVES,UVIS,BVIS} and β refers
to the initial probability of infection.

To simplify our model, this paper regards the influence of
information as equivalent to that of immune behavior, namely
ϕ1 = ϕ2 = ϕ . The initial infection probability after the simpli-
fied parameters can be obtained that

β
Y =


β , the state of BNS,
ϕβi, the state of UNS,BVES,BVIS,
ϕ2βi, the state of UVES,UVIS.

Considering that the entire process of epidemic infection
is closely related to the physical fitness of individuals and the
infection of their neighbors, we believe that epidemic infec-
tion is a decision-making process, which is also expressed by
the Heaviside step function. So, we can get the corresponding
infection rate as follows:

β BNS
i (t) = βH

( ∑
j=1

PI
j(t)

ki(t)
− γ fi

)
,

βUNS
i (t) = β

BVIS
i (t) = ϕβH

( ∑
j=1

PI
j(t)

ki(t)
− γ fi

)
,

β
BVES
i (t) = ϕβH

( ∑
j=1

PI
j(t)

ki(t)
− fi

)
,

β
UVES
i (t) = ϕ2βH

( ∑
j=1

PI
j(t)

ki(t)
− fi

)
,

β
UVIS
i (t) = ϕ2βH

( ∑
j=1

PI
j(t)

ki(t)
− γ fi

)
,

(4)

where, ∑ j=1 PI
j(t)/ki(t) represents the proportion of individu-

als infected with infectious diseases in the neighbor v j of node

vi at time t, ki(t) represents the number of nodes adjacent to
vi at time t, and PI

j(t) refers to the probability that individuals
are in state I at time t. ϕ denotes the infection rate attenuation
factor that is not affected by information or immune behavior,
0 ≤ ϕ ≤ 1. If an individual is infected with possibility βY ,
it is necessary to meet the requirement that the proportion of
pathogenic individuals around ∑ j=1 PI

j(t)/ki(t) is greater than
individual constitution f .

The I state individual will be healed and back to S state
with recovery rate µ .

Assumption 4 Thus, the individual states under the
three-layer coupling hypernetworks can be obtained as fol-
lows: UNS, UNI, UVES, UVEI, UVIS, UVII, BNS, BNI,
BVES, BVEI, BVIS, BVII. In this paper, it is assumed that
once infected, vaccinated individuals will be disappointed
with immunization measures and believe negative informa-
tion. Hence, individuals of states UVEI, UVII, and BVEI will
automatically change into state BVII. Finally, there are 9 valid
node states involved, which are UNS, UNI, UVES, UVIS, BNS,

U

N VE VI

S I

B
λi

Μ

αi

αi

µ

βY

βV

Fig. 3. Schematic diagram of transitions between states of each layer.
From top to bottom, the image shows the process of spreading negative
information related to immune behavior, the process of taking immu-
nization measures, and the process of spreading epidemics.

Table 1. The definition of relevant parameters to the three-layer model.

Parameters Definition
H Heaviside step function
λ initial information propagation rate
si self-distinguishing ability of individual vi

µ1 average self-distinguishing ability of the entire group
σ1 fluctuation amplitude of the difference in the group’s self-distinguishing ability
λi probability of Ustate individuals believing negative information
M The probability of B state individuals accepting the clarified information from official mass
δ probability of negative information forgetting
α initial probability of taking immune action
ζ attenuation factor of immune behavior acceptance doorsill
θ doorsill of immune action of individuals that is not affected by other factors
αi The probability of immunization for unvaccinated individuals
fi physical fitness of individual vi

µ2 average physical fitness of the entire group
σ2 fluctuation amplitude of the difference in the group’s physical fitness
γ attenuation factor of physical fitness for VI or N individuals
β initial probability of infection

βY
i probability of individuals in different states being infected

ϕ attenuation factor of infection rate for VE, VI or U individuals
µ probability of I state individuals being healed
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BNI, BVES, BVIS, BVII. Based on the description of the hyper-
network evolution model and the UBU–NVEVIVE–SIS model,
we show the information-immune-epidemic transmission pro-
cess based on the hypernetwork evolution in Fig. 3. Besides,
the relevant parameters involved are defines as shown in Ta-
ble 2.

3. Theoretical analysis
3.1. Dynamic network theory analysis

The total amount of super network nodes is denoted as
N(t). According to the dynamic evolvement mechanism of
hypernetwork introduced in Subsection 2.1, we can depict the
dynamic equations about hyper degree h j (t, ti) as follows.

(i) New hyperedges are added with a probability of p

∂h j (t, ti)
∂ t

= pm
{

1
N(t)

+ v
h j (t, ti)+1

∑i, j=1 [h j (t, ti)+1]

}
. (5)

(ii) Hyperedges are reconnect with a probability of q

∂h j (t, ti)
∂ t

= qm
{
− 1

N(t)
+ v

h j (t, ti)+1
∑i, j=1 [h j (t, ti)+1]

}
. (6)

(iii) New node batches are added with a probability of
1− p−q

∂h j (t, ti)
∂ t

= (1− p−q)vλ̃1m1
h j(t, ti)+1

∑i, j=1 [h j(t, ti)+1]
, (7)

where λ̃1 presents the entry rate of nodes, assuming that it
obeys the Poisson distribution.

Combining Eqs. (5)–(7), we can get

∂h j (t, ti)
∂ t

=
(p−q)m

N(t)
+
[
(p+q)m+(1− p−q)λ̃1m1

]
v

×
h j (t, ti)+1

∑i, j=1 [h j (t, ti)+1]
. (8)

For large t, N(t) ≈ (1− p− q)λ̃1m1t, ∑i, j=1 [h j (t, ti)+1] ≈
[mp(1+ v)+(1− p−q)m1] · E [N(t)]. Let C1 = (1 − p −
q)λ̃1m1, C2 = mp(1+v)+(1− p−q)m1, equation (8) can be-
come

∂h j (t, ti)
∂ t

=
(p−q)m

C1t
+
[
(p+q)m+(1− p−q)λ̃1m1

]
×v

h j (t, ti)+1
C2E [N(t)]

. (9)

To simplify the equation, let A = m(p−q)/C1, D =[
(p+q)m+(1− p−q)λ̃1m1

]
v, we can simplify Eq. (8) as

∂h j (t, ti)
∂ t

=
A
t
+B

h j (t, ti)
C2E [N(t)]

. (10)

By integrating both sides of Eq. (10) simultaneously, the
hyper degree can be obtained

h j (t, ti) =
(

m1 +
A+C

C

)(
t
ti

)C

− A+C
C

, (11)

where

A =
m(p−q)

(1− p−q)λ̃1m1
,

C =

[
(p+q)m+(1− p−q)λ̃1m1

]
v

[mp(1+ v)+(1− p−q)m1] (1− p−q)λ̃1m1
.

3.2. Theoretical analysis based on MMCA

Based on the three-layer UBU–NVEVIVE–SIS model re-
gard to official media, the j-th node of the i-th batch can
be in a certain state: PUNS

j (t, ti), PBNS
j (t, ti), PUVES

j (t, ti),

PBVES
j (t, ti), PUVIS

j (t, ti), PBVIS
j (t, ti), PUNI

j (t, ti), PBNI
j (t, ti),

PBVII
j (t, ti). They satisfy the normalization condition that the

sum of the above nine probabilities is 1. Let
(
ai jkl

)
N×N ,(

bi jkl
)

N×N , and
(
ci jkl

)
N×N be the adjacent matrix of informa-

tion, behaviors, and epidemic transmission levels, separately.
We record ni j as the j-th node of the i-th batch, in the layer
of negative information spread, if node ni j and nkl are in-
terrelated, so then ai jkl = 1, or ai jkl = 0. Similarly, in the
vaccination behavior layer (or epidemic propagation layer), if
node ni j is linked with nkl , then bi jkl = 1

(
ci jkl = 1

)
, other-

wise bi jkl = 0
(
ci jkl = 0

)
. Besides, we let r j (t, ti) presents

the probability of U-state individual ni j does not believe the
negative information propagated by the neighbors in the first
layer at time t. qUNS

j (t, ti), qBNS
j (t, ti), qUVES

j (t, ti), qBVES
j (t, ti),

qUVIS
j (t, ti), and qBVIS

j (t, ti) is used to express the chance that
the individual ni j in the corresponding status is not permeated
by the neighbors at time t, respectively.

(a)

(c)

(e) (f) (g) (h) (i)

(b)

(d)

Fig. 4. Transfer probability tree of nine available statuses in the three-layer
network model.
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r j (t, ti) = Π
k

Π
l

[
1−ai jklPB

l (t, tk)λ j (t, ti)
]
,

qUNS
j (t, ti) = Π

k
Π
l

[
1− ci jklPI

l (t, tk)β
UNS
j (t, ti)

]
,

qBNS
j (t, ti) = Π

k
Π
l

[
1− ci jklPI

l (t, tk)β
BNS
j (t, ti)

]
,

qUVES
j (t, ti) = Π

k
Π
l
[1− ci jklPI

l (t, tk)β
UVES
j (t, ti)],

qBVES
j (t, ti) = Π

k
Π
l
[1− ci jklPI

l (t, tk)β
BVES
j (t, ti)],

qUVIS
j (t, ti) = Π

k
Π
l
[1− ci jklPI

l (t, tk)β
UVIS
j (t, ti)],

qBVIS
j (t, ti) = Π

k
Π
l
[1− ci jklPI

l (t, tk)β
BVIS
j (t, ti)], (12)

where

PB
l (t, tk) = PBNS

l (t, tk)+PBNI
l (t, tk)+PBVES

l (t, tk)

+PBVEI
l (t, tk)+PBVII

l (t, tk) ,

PI
l (t, tk) = PUNI

l (t, tk)+PBNI
l (t, tk)+PBVII

l (t, tk) .

Then, according to Fig. 3 and Eq. (12), a state transitional
probability tree can be established to announce the transfer
probabilities among 9 diverse states, as figure 4 shows.

Furthermore, based on this, we can use the MMCA to es-
tablish the following transformation equations of the relevant
states.[42–44]

PUNS
j (t +1, ti) =

{
PUNS

j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PBNS
j (t, ti) [δ +(1−δ )M]

}[
1−α

U
j (t, ti)

]
qUNS

j (t, ti)

+
{

PUNI
j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PBNI

j (t, ti) [δ +(1−δ )M]
}

µ,

PBNS
j (t +1, ti) =

{
PUNS

j (t, ti) [1− r j (t, ti)]+PBNS
j (t, ti)(1−δ )

}
(1−M)

[
1−α

A
j (t, ti)

]
qBNS

j (t, ti)

+
{

PUNI
j (t, ti) [1− r j (t, ti)]+PBNI

j (t, ti)(1−δ )
}
(1−M)µ,

PUVIS
j (t +1, ti) = PUVIS

j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]
[
1−α

U
j (t, ti)

]
qUVIS

j (t, ti)

+PBVIS
j (t, ti) [δ +(1−δ )M]

[
1−α

U
j (t, ti)

]
qUVIS

j (t, ti) ,

PBVIS
j (t +1, ti) = PUVIS

j (t, ti) [1− r j (t, ti)] (1−M)
[
1−α

A
j (t, ti)

]
qBVIS

j (t, ti)

+PBVIS
j (t, ti)(1−δ )(1−M)

[
1−α

A
j (t, ti)

]
qBVIS

j (t, ti)+PBVII
j (t, ti)µ,

PUVES
j (t +1, ti) =

{
PUNS

j (t, ti)+PUVIS
j (t, ti)

}
PUNS

j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]αU
j (t, ti)qUVES

j (t, ti)

+
{

PBNS
j (t, ti)+PBVIS

j (t, ti)
}

PBNS
j (t, ti) [δ +(1−δ )M]αU

j (t, ti)qUVES
j (t, ti)

+
{

PUVES
j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PUVIS

j (t, ti) [δ +(1−δ )M]
}

qUVES
j (t, ti) ,

PBVES
j (t +1, ti) =

{[
PUNS

j (t, ti)+PUVIS
j (t, ti)

][
1− r j (t, ti)

]
+
[
PBNS

j (t, ti)+PBVIS
j (t, ti)

]
(1−δ )

}
(1−M)αA

j (t, ti)qBVES
j (t, ti)

+
{

PUVES
j (t, ti) [1− r j (t, ti)]+PBVES

j (t, ti)(1−δ )
}
(1−M)qBVES

j (t, ti) ,

PUNI
j (t +1, ti) =

{
PUNS

j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PUNS
j (t, ti) [δ +(1−δ )M]

}[
1−α

U
j (t, ti)

][
1−qUNS

j (t, ti)
]

+
{

PUNI
j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PBNI

j (t, ti) [δ +(1−δ )M]
}
(1−µ),

PBNI
j (t +1, ti) =

{
PUNS

j (t, ti) [1− r j (t, ti)]+PBNS
j (t, ti)(1−δ )

}
(1−M)

[
1−α

A
j (t, ti)

][
1−qBNS

j (t, ti)
]

+
{

PUNI
j (t, ti) [1− r j (t, ti)]+PBNI

j (t, ti)(1−δ )
}
(1−M)(1−µ),

PBVII
j (t +1, ti) =

{
PUNS

j (t, ti)
[
r j (t, ti)+(1− r j (t, ti))M

]
+PBNS

j (t, ti)
[
δ +(1−δ )M

]}
α

U
j (t, ti)

[
1−qUVES

j (t, ti)
]

+
{

PUNS
j (t, ti)

[
1− r j (t, ti)

]
+PBNS

j (t, ti)(1−δ )
}
(1−M)αA

j (t, ti)
[
1−qBVES

j (t, ti)
]

+
{

PUVIS
j (t, ti)

[
r j (t, ti)+(1− r j (t, ti))M

]
+PBVIS

j (t, ti)
[
δ +(1−δ )M

]}[
1−α

U
j (t, ti)

][
1−qUVIS

j (t, ti)
]

+
{

PUVIS
j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PBVIS

j (t, ti) [δ +(1−δ )M]
}

α
U
j (t, ti)

[
1−qUVES

j (t, ti)
]

+
{

PUVIS
j (t, ti) [1− r j (t, ti)]+PBVIS

j (t, ti)(1−δ )
}
(1−M)

[
1−α

A
j (t, ti)

][
1−qBVIS

j (t, ti)
]

+
{

PUVIS
j (t, ti) [1− r j (t, ti)]+PBVIS

j (t, ti)(1−δ )
}
(1−M)αA

j (t, ti)
[
1−qBVES

j (t, ti)
]

+
{

PUVES
j (t, ti) [r j (t, ti)+(1− r j (t, ti))M]+PBVES

j (t, ti) [δ +(1−δ )M]
}[

1−qUVES
j (t, ti)

]
+
{

PUVES
j (t, ti) [1− r j (t, ti)]+PBVES

j (t, ti)(1−δ )
}
(1−M)[1−qBVES

j (t, ti)]+PBVII
j (t, ti)(1−µ). (13)
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As time approaches infinity, the system tends to stabil-
ity, and Pj (t +1, ti) = Pj (t, ti) = Pi j is applicable to any node
and all states available. βc is a crucial parameter in the epi-
demic spread network, and the number of individual infections
is close to zero near the epidemic threshold value. Therefore,
assuming PI

i j = PUNI
i j +PBNI

i j +PBVII
i j = εi j � 1, equation (12)

might be approached as

qUNS
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
UNS
j (t, ti)

]
≈ 1−β

UNS
i j ∑

k
∑

l
ci jklεkl ,

qBNS
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
BNS
j (t, ti)

]
≈ 1−β

BNS
i j ∑

k
∑

l
ci jklεkl ,

qUVES
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
UVES
j (t, ti)

]

≈ 1−β
UVES
i j ∑

k
∑

l
ci jklεkl ,

qBVES
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
BVES
j (t, ti)

]
≈ 1−β

BVES
i j ∑

k
∑

l
ci jklεkl ,

qUVIS
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
UVIS
j (t, ti)

]
≈ 1−β

UVIS
i j ∑

k
∑

l
ci jklεkl ,

qBVIS
j (t, ti) = π

k
π
l

[
1− ci jklPI

l (t, tk)β
BVIS
j (t, ti)

]
≈ 1−β

BVIS
i j ∑

k
∑

l
ci jklεkl . (14)

Combining Eqs. (13) and (14), the last expression in Eq. (13)
can be simplified as follows:

µεi j =
{

PUNS
i j [ri j +(1− ri j)M]+PBNS

i j [δ +(1−δ )M]
}(

1−α
U
i j
)

β
UNS
i j ∑

k
∑

l
ci jklεkl

+
[
PUNS

i j (1− ri j)+PBNS
i j (1−δ )

]
(1−M)

(
1−α

A
i j
)

β
BNS
i j ∑

k
∑

l
ci jklεkl

+
{

PUNS
i j [ri j +(1− ri j)M]+PBNS

i j [δ +(1−δ )M]
}

α
U
i j β

UVES
i j ∑

k
∑

l
ci jklεkl

+
[
PUNS

i j (1− ri j)+PBNS
i j (1−δ )

]
(1−M)αA

i jβ
BVES
i j ∑

k
∑

l
ci jklεkl

+
{

PUVIS
i j [ri j +(1− ri j)M]+PBVIS

i j [δ +(1−δ )M]
}(

1−α
U
i j
)

β
UVIS
i j ∑

k
∑

l
ci jklεkl

+
{

PUVIS
i j [ri j +(1− ri j)M]+PBVIS

i j [δ +(1−δ )M]
}

α
U
i j β

UVES
i j ∑

k
∑

l
ci jklεkl

+
[
PUVIS

i j (1− ri j)+PBVIS
i j (1−δ )

]
(1−M)

(
1−α

A
i j
)

β
BVIS
i j ∑

k
∑

l
ci jklεkl

+
[
PUVIS

i j (1− ri j)+PBVIS
i j (1−δ )

]
(1−M)αA

i jβ
BVES
i j ∑

k
∑

l
ci jklεkl

+
{

PUVES
i j [ri j +(1− ri j)M]+PBVES

i j [δ +(1−δ )M]
}

β
UVES
i j ∑

k
∑

l
ci jklεkl

+
[
PUVES

i j (1− ri j)+PBVES
i j (1−δ )

]
(1−M)β BVES

i j ∑
k

∑
l

ci jklεkl . (15)

According to the previous assumption, equation (15) can
be transformed into Eq. (16)

µεi j =
[(

PUNS
i j ϕ +PBNS

i j
)

β
BNS
i j +

(
PUVES

i j ϕ +PBVES
i j

)
β

BVES
i j

+
(

PUVIS
i j ϕ +PBVIS

i j

)
β

BVIS
i j

]
∑
k

∑
l

ci jklεkl . (16)

Further simplification can obtain

µεi j =
[(

PUVIS
i j ϕ

2 +PBVIS
i j ϕ +PUNS

i j ϕ +PBNS
i j

)
τ1

+
(

PUVES
i j ϕ +PBVES

i j

)
ϕτ2

]
β ∑

k
∑

l
ci jklεkl , (17)

where

τ1 = H

(
∑ j=1 PI

j(t)

ki(t)
− γ fi

)
, τ2 = H

(
∑ j=1 PI

j(t)

ki(t)
− fi

)
.

Next, we can rewrite Eq. (17) as

∑
k,l

{[(
PUVIS

i j ϕ
2 +PBVIS

i j ϕ +PUNS
i j ϕ +PBNS

i j

)
τ1

+
(

PUVES
i j ϕ +PBVES

i j

)
ϕτ2

]
ci jkl−

µ

β
ξi jkl

}
εkl = 0, (18)

where ξi jkl presents the elements of the unital matrix. Let each
element of the matrix O be

oi jkl =
[(

PUVIS
i j ϕ

2 +PBVIS
i j ϕ +PUNS

i j ϕ +PBNS
i j

)
τ1

+
(

PUVES
i j ϕ +PBVES

i j

)
ϕτ2

]
ci jkl ,

and Λmax(O) be the greatest eigenvalue of the matrix O. By
solving for variable in Eq. (18), the prevalence threshold of
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our UBU–NVEVIVE–SIS model is acquired as

βc = β
B
c =

µ

Λmax(O)
. (19)

It is clear from Eq. (19) that, the threshold value β B
c is closely

related to the information dissemination process, immune
measures taking process, recovery probability µ during epi-
demic transmission, the level of attenuation of infection rate
ϕ , individual physical fitness condition fi j, and physical fit-
ness decline degree γ .

4. Numerical simulations
The following experiments were all completed on MAT-

LAB software, and MC simulations have been used to validate
the feasibility of the model proposed in this paper based on
MMCA. Then, the influence of each parameter on the percent
of the people infected with epidemics and infective threshold
value were studied in turn. The original nodes value for the
three layers is a random number between 5 and 30, and an
initial social network with 1000 nodes is randomly generated
according to the evolution process of the hypernetwork. In
addition, let the starting value of the individual density of the
state B, VE, I to be ρB = ρVE = ρ I = 0.1. In the process of in-
formation diffusion, news with official background is often in-
terpreted confrontationally by the public, and the phenomenon
of “Tacitus trap” is gradually increasing.[45] Therefore, this
paper assumes that the probability of an individual accepting
clarifying information M is 0.3, and the probability of infor-
mation forgetting δ is 0.1. The other parameters are set as
follows: λ = 0.5, δ = 0.1, θ = 0.2, ζ = 0.5, α = 0.6, γ = 0.5,
ϕ = 0.6, µ = 0.3, µ1 = µ2 = 0.4, σ1 = σ2 = 0.2 (unless oth-
erwise specified, the parameter settings in the next section are
the same).[37,38,43,45,46]

First, we studied the influence of clarification intensity of
official media M on epidemic threshold βC and infection scale
ρ I. Figure 5 clearly shows that ρ I decreases and βC increases

as M increases. This experimental result is consistent with
reality, i.e., the trend of evolution indicates that the more the
official media clarifies unverified information, the more people
are inclined to disbelieve negative information, thus reducing
the spread. Furthermore, people adopt more immune behav-
iors, resulting in a decrease in the number of infections and an
increase in the threshold for epidemic outbreaks. Moreover,
figure 6 provides an illustration of the impact of clarification
intensity of official media M and the infection probability β on
the scale of disease infection ρ I for different initial negative
information dissemination rates λ . By Figs. 6(a)–6(c) com-
parisons show that the increase of negative information dis-
semination rates λ can increase ρ I and decrease βC. In other
words, it plays an important role to release the timely clarifi-
cation of unverified false information by the media to weaken
the diffusion of rumors in curbing the spread of the epidemic.
Therefore, the whole society should boost the operation effec-
tiveness of state-controlled media, increase the promotion of
scientific publicity among citizens, and reduce the probability
of initial belief in false information, to help epidemic preven-
tion and control.

 . . . . .


.

.

.

.

.

.

.

.

ρ
I

M/.
M/.
M/.

M/.

β
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Fig. 6. The ρ I as a function of the infection probability β and the clarification strength of mass media M. Setup λ from left to right as 0.3, 0.5, 0.8.

Figure 7 tests the influence of individual subjective ac-

ceptance doorsill θ on βC and ρ I. It is evident that as the

magnitude of θ increases, the magnitude of ρ I concomitantly

rises, while the magnitude of βC decreases. This evolutionary

trend is consistent with the fact that when an individual’s door-

sill of acceptance of immune measures is extensive, they are

less inclined to engage in immune behavior, thereby increas-

ing the risk of contagion. Moreover, when the threshold for
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acceptance was lower, they had almost the same proportion of
infected individuals. When the infection rate β is large, the
effect of θ on ρ I is very slight. Moreover, figure 8 provides
an illustration of the impact of individual subjective accep-
tance doorsill θ and the infection probability β on the scale
of disease infection ρ I for different initial behavior probability
α . The infection rate that an individual can bear gradually in-
creases, and the density of infectors is comparatively few with
the increase of initial behavior probability α . Hence, in the
prophase of the disease, timely promotion of relevant knowl-
edge and other activities can reduce the threshold of public
acceptance of immunization measures and increase the rate of
citizens’ adoption of immunization action, which can timely
control the epidemic outbreak.
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Fig. 7. The ρ I as a function of the infection probability β under differ-
ent individual subjective acceptance doorsill θ .
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Fig. 8. The ρ I as a function of the infection probability β and the individual subjective acceptance doorsill θ . Setup α from left to right as 0.2, 0.5, 0.8.

Then, we discuss the implication of the attenuation factor
γ of individual immunity caused by failure to make immune
operation on βC and ρ I. It is not difficult to observe in Fig. 9
that the increase of γ could raise the infection rate threshold
value βC, because increasing γ means increasing the physical
fitness of individuals who are not engaged in immune behav-
iors or fail to be immune, and reducing the spread of infectious
diseases by improving their physical fitness. What is more, fig-
ure 9 reveals that regardless of the value of γ , ρ I remains in a
stable state when β is approximately greater than 0.25. Thus,
society should call on citizens to take immunization measures
in time before the outbreak of the epidemic, and improve their
own immune ability to lower down the epidemic scope of dis-
ease. Moreover, figure 10 provides an illustration of the im-
pact of attenuation factor γ and the infection probability β on
the scale of disease infectionρ I for different attenuation fac-
tors of infection probability φ . The infected size ρ I will be
lower when φ is lower by comparing the three subgraphs in

Fig. 10. This also confirms that when individuals disbelieve
false messages or choose to take immunization measures to
protect themselves, the risk of infection of the epidemic can
be reduced, so then inhibiting its spread.
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Fig. 9. The ρ I as a function of the infection probability β under differ-
ent attenuation factors of individual immunityγ . Set M = 0.2.
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We continue to focus on the effects of attenuation factor
of infection probability φ . φ can be understood as the degree
of self-protection obtained by individuals who choose not to
believe negative information or take immune measures. The
smaller φ is, the larger the intensity of self-protection of in-
dividuals and the less likely they are to be infected with the
virus. Figure 11 shows the same idea that ρ I increases and
βC decreases with the increase of φ . Meanwhile, looking
into Figs. 12(a)–12(c), the proportion of infected people ρ I

increased significantly with the decrease of the entire popula-
tion’s the mean value of body constitution µ2. This suggests
that if each of us is low in physical fitness, the chances of an in-
dividual’s immune system being broken will increase. Conse-
quently, everyone’s physical exercise should be strengthened
to enhance the average physical fitness of the whole society,

and actively take self-protection measures to reduce the spread
of the epidemic.
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Fig. 11. The ρ I as a function of the infection probability β under dif-
ferent attenuation factors of infection probability φ .
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Fig. 12. The ρ I as a function of the infection probability β and the attenuation factor of infection probability φ . Setup µ1 from left to right as 0.1, 0.2, 0.4.

Finally, we also investigated the population’s average
self-discriminating ability µ1 on βC and ρ I. As can be seen
from Fig. 13, the prevalence threshold decreases effectively
with the increase of µ1. Specifically, βC reaches its peak and
tends towards a steady state when µ1 = 0.7. This is because,
the accumulated average self-identification ability to a certain
extent must lead to an improvement in the recognition abilities
of the whole group by osmosis, and the possibility of trusting
and spreading negative messages can be reduced, thereby af-
fecting the adoption of immune behaviors and disease infec-
tion. In addition, figure 14 analyzes the impact of the fluctu-
ation amplitude σ1 of differences in self-discriminative ability
on disease propagation. By comparisons, the larger σ1, the
larger share of group’s affected people ρ I . In other words,
it is not only necessary to raise the average level of discrim-
inability in the entire society, but also to pay more attention
to enhancing the self-identification ability of individuals in the
group, otherwise the difference in the group identification abil-
ity is too large, which will only make negative information

more easily spread and have a greater impact on the spread
of the epidemic. Thus, society should intensify the scientific
knowledge education of the whole people, and improve the
self-identification ability of the whole people while reducing
the differences between individuals, which will do some ben-
efit to preventing and controlling pandemic.
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Fig. 13. The ρ I and βc as a function of the infection probability β under
different population’s average self-discriminating ability µ1.
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Fig. 14. The ρ I as a function of infection probability β and the population’s average self-discriminating ability µ1. Setup σ1 from left to right as 0.15, 0.2, 0.25.
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5. Conclusion
This research probes the co-evolutionary effects of

immune-relevant negative messages, immunization actions,
and pandemic propagation by building a multi-layer dy-
namic super network UBU–NVEVIVE–SIS model with official
medium influence. Among them, the Heaviside step function
has been brought in so as to describe the selection decision
of three-layer processes. At the same time, factors such as
self-identification ability and physical fitness are considered to
improve the interaction between the networks. Firstly, theoret-
ical analysis of the negative information diffusion, immuniza-
tion behaviors inoculation, epidemic transmission process, and
epidemic threshold is by applying the Micro Markov chain ap-
proach. Then, the validity of the above dynamic equations and
theoretical results is confirmed by MATLAB numerical sim-
ulations. Finally, the impacts of parameters related to the co-
evolution of mass media and three-layer networks on the scale
and threshold of disease are discussed in turn through MMCA,
and effective suggestions on how to control the spread of dis-
ease in social networks are put forward.

This paper describes the importance of disbelieving nega-
tive information and actively accepting and adopting immune
conducts in dynamic hypernetworks for the spread of the epi-
demic, and several results were reached as follows: (i) Timely
elimination of false negative information by official media
through public relations can effectively weaken the spread of
negative information and so then inhibit the spread of the epi-
demic. (ii) Negative messages increase the psychological re-
sistance of individuals to immunization measures. The en-
hancement of self-identification ability to avoid bad informa-
tion can push on individuals to take immune behaviors, thus
reducing the risk of disease infection and suppressing the epi-
demic situation. (iii) Improving the physical fitness of indi-
viduals by adopting immune actions and daily exercise can
raise the immune capacity of individuals, thereby reducing the
possibility of being infected by diseases. (iv) Strengthening
national education and fitness, narrowing the differences in
ability between groups, and thus heightening the average self-
discriminating ability and average physical fitness will have a
positive effect on epidemic prevention and control.

Since the real network is dynamic, and the process of epi-
demic transmission is bound to be affected by negative infor-
mation transmission and immunization behaviors inoculation,
the epidemic transmission mechanism under the three-layer
coupled network based on the evolution of the super-network
is closer to the real situation, and can better predict the epi-
demic transmission in the real world. However, there are many
factors affecting information transmission and immunization
in social networks, and the actual dynamic network is more
complex. In the future, we will propose models that take into
account more influencing factors, try to gather realistic social
network data to further confirm the authenticity of the model,
or consider more dynamic evolutionary processes to complete
the network environment.
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