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Abstract: Considering that people usually take non-drug protective measures (making behavior
changes), this paper proposes a new SEAIRS model by combining behavior changes during the spread
of the COVID-19 epidemic. First, we prove the positivity and boundedness of the solution of the model.
Furthermore, the existence and stability of the equilibrium points are discussed in three behavior
scenarios (Bc = 0, Bc = 1, 0 < Bc < 1, where Bc represents the proportion of susceptible individuals
(S ), exposed individuals (E), and asymptomatic infected individuals (A) who adopt preventive behavior
changes). Finally, we illustrate the model’s behaviour using COVID-19 data from Romania, and
summarize some valuable results: (i) the spread of diseases can be effectively controlled by reducing
the contact between susceptible, exposed, and infected individuals; (ii) increasing the proportion of
behavioral changes can significantly reduce the number of infected individuals. The model suggests
two main theoretical measures to promote behavior changes within the framework: one is to increase
the return difference between the two behaviors by adjusting relevant parameters, and the other is to
increase the value of the information function.
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1. Introduction

The COVID-19 outbreak, which began at the end of 2019, is an infectious disease caused by the
SARS CoV-2 virus. This virus has a strong transmission ability and high pathogenicity [1–3]. In the
early stages of the outbreak, many scholars primarily focused on the basic transmission mechanism of
the virus, thereby extending the classic SIR (Susceptibility, Infection, Recovery) model to various
mathematical models such as SAIR and SEIR for research, prediction, prevention and control of
the epidemic [4–10]. For example, Ansumali et al. [4] established a class of SAIR compartment

https://www.aimspress.com/journal/mbe
https://dx.doi.org/10.3934/mbe.2026072


1972

models that considered population migration based on the asymptomatic infection characteristics of
COVID-19, and discussed the global asymptotic stability of equilibrium points using the Lyapunov
theory. In addition, parameter estimation methods were proposed and applied to multi-country data
prediction. Singh and Bajpai [5] proposed a new SEIHCRD model that can more accurately predict
the spread, number of cases, mortality rate, and medical resource demand of COVID-19 by extending
the SEIR model and adding three compartments: death, hospitalization, and critical illness. Ramos et
al. [8] developed a simplified but sufficiently complex SIR model called theta SEIHQRD, which
effectively simulates the transmission dynamics of COVID-19 in Italy and the impact of different
prevention and control measures. The models in this stage mostly focus on the transmission
characteristics of the virus itself, thereby emphasizing the transformation laws between different
populations, thus laying the foundation for subsequent research on infectious disease dynamics
models. However, the regulatory role of human behavior on epidemic transmission has not been
fully considered.

In recent decades, behavioral dynamics in epidemic modeling have been widely studied. Poletti et
al. [11, 12] pioneered game-theoretic frameworks, while Funk et al. [13] and Verelst et al. [14]
provided systematic reviews. Jentsch et al. [15] further applied the evolutionary game theory to study
vaccination behaviors. With the widespread outbreak of the COVID-19 pandemic in recent years,
non-pharmacological interventions such as isolation, social distancing, and mask-wearing have been
widely practiced worldwide. In response, scholars have gradually incorporated these behaviors into
model frameworks to enhance the practical applicability and align with real-world scenarios [16–24].
For example, Mandal et al. [19] developed a SEQIR model with isolation and prevention measures to
mitigate COVID-19 transmission and showed that both the quarantine and governmental intervention
strategies, such as implementing blockades, strengthening media coverage on social distancing, and
improving public hygiene, can reduce the spread of COVID-19. Zhang et al. [20] proposed a
two-layer network SEIX model, thereby combining the transmission of infectious diseases with
human isolation dynamics. The author’s research results indicate that the spread of contagious
diseases can be controlled when a certain proportion of individuals voluntarily isolate. Das et al. [22]
analyzed an extended SEIR model and quantified the detection ratio required for isolation
effectiveness. Arif et al. [24] constructed a SEIQR model with isolation, and validated its predictive
accuracy via a theoretical analysis and MATLAB simulation, thus highlighting isolation’s key role in
epidemic control.

However, although the epidemic models mentioned above incorporate individual protective
behaviors, they focus on only one or a few specific protective measures and fail to fully consider the
diversity and dynamic evolution of individual behaviors in real-world scenarios. This limitation
reduces their practical explanatory power and application value. In this regard, Tang et al. [25]
developed a more comprehensive framework that uniformly addresses individuals’ behavioral
changes based on game-theoretic methods [26–29]. Their research systematically integrates
behavioral changes with disease transmission, clarifying their impact on susceptibility and infectivity,
which represents an important progress in behavioral modeling. In detail, they divided the total
population (N) into susceptible (S ), exposed (E), asymptomatic infected (A), symptomatic infected
(I), diagnosed and isolated (H), symptomatic recovered (RI) and asymptomatic recovered (R)
individuals. The model is based on the following assumptions: (i) once the infected person is
diagnosed, they will be immediately quarantined, and the quarantined person (H) cannot transmit the
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virus; (ii) asymptomatic infected people will not transfer to symptomatic (I) and will eventually
become recovered, and (iii) individuals without symptoms (S , E, A,R) can reduce their susceptibility
or contagiousness by changing their behavior. Under the above assumptions, (S , E, A,R) are
partitioned into two subcategories, namely, individuals who do not change their behavior
(S n, En, An,Rn) and individuals who change their behavior (S c, Ec, Ac,Rc). Through ordinary
differential equations, the disease transmission model is established as follows:

S ′n(t) = −λS n,

S ′c(t) = −qλS c,

E′n(t) = λS n − σEn,

E′c(t) = qλS c − σEc,

A′n(t) = (1 − ϱ)σEn − γAAn,

A′c(t) = (1 − ϱ)σEc − γAAc,

I′(t) = ϱσEn + ϱσEc − (δI(t) + γI) I,
H′(t) = δI(t)I − (α(t) + γH) H,
R′I(t) = γI I + γHH,
R′n(t) = γAAn,

R′c(t) = γAAc,

(1.1)

where λ = (βI I+βAAn+qβAAc)/N is the force of infection, and the notations βI and βA are the effective
propagation coefficients of I and A, respectively. The parameter q (0 ≤ q ≤ 1) is the proportion
of the decrease in propagation rate caused by the changing behavior, 1/σ represents the incubation
period, and δI(t) denotes the time-varying diagnostic rate. The proportion of σE transferred to I is
recorded as ϱ, α(t) is the mortality rate caused by diseases, and (γI , γA, γH) are the recovery rates of
(I, A,H), respectively. Next, they used an information index to describe the phenomenon of infection
risk promoting the evolution of human behavior, and set its form as follows:

M′(t) = aδI(t)I − ηM,

where a measures the level of acceptance of information obtained from confirmed cases δI(t)I, and η
is the decay rate of the information index. Tang et al.’s model is an early attempt to capture the
interaction between human behavioral changes and COVID-19 transmission dynamics using the
evolutionary game theory. Due to its pioneering nature, it serves as the baseline framework for
our study.

In practice, Model (1.1) has several limitations: (i) as a potential source of infection, the exposed
individuals E pose a risk of disease transmission, thus, λ is lower than the actual infectivity of the
disease; (ii) some asymptomatic infected individuals directly transfer to recovered individuals after
some time, while others transfer to the symptomatic infected; and (iii) the individuals in H are isolated
and do not promote the spread of the virus so that we can ignore them. Given the above, the innovation
of this paper mainly includes several aspects: we first establish a novel SEAIRS model to make up
the shortcomings (i)–(iii) of Tang et al.’s model, thereby revealing the impact of behavioral changes
on disease transmission; then, the existence and stability of disease-free and endemic equilibria of the
model are obtained based on different behavior changes; and finally, we illustrate the model’s behaviour
using real data. The rest of this paper is organized as follows: in Section 2, a new SEAIRS model
with behavioral changes is presented; in Section 3, the dynamic properties of the SEAIRS system

Mathematical Biosciences and Engineering Volume 23, Issue 7, 1971–1994.



1974

are obtained, including the positivity and boundedness of the solution, as well as the stability of all
equilibrium points; in Section 4, we conduct several numerical simulations and parameter analyses to
validate the theoretical results; in Section 5, we illustrate the model’s behaviour using COVID-19 data
from Romania and discuss it accordingly; and a brief conclusion is given in Section 6. The main
contributions of this paper are as follows: (i) extending existing behavioral models to include the
infectivity of exposed individuals and the asymptomatic-to-symptomatic transition; (ii) introducing a
saturated information index that better reflects real-world information propagation; (iii) providing a
rigorous theoretical analysis of the coupled system; and (iv) illustrating the model’s behaviour with
real data.

2. A SEAIRS model with behavior changes

Suppose the total population N(t) is divided into susceptible, exposed, asymptomatic infected,
symptomatic infected, and recovered individuals at time t. Let S (t), E(t), A(t), I(t), and R(t) be the
corresponding proportions at time t. Among them, S , E, and A are further classified as two groups
based on whether they change their behavior, namely individuals who do not change their behavior
(S n, En, An) and individuals who change their behavior (S c, Ec, Ac). Obviously, S = S c + S n,

E = Ec + En, A = Ac + An, and S + E + A + I + R = 1. The population in compartments S , E, and A
cannot determine whether they are infected with the virus. Thus, we suppose that the proportion of
behavioral changes among these three groups can be considered the same, that is,
S c/S = Ec/E = Ac/A = (S c + Ec + Ac)/(S + E + A) = Bc (Assumption I).

Next, we redefine the force of disease infection as Θ = βI I+βEEn+ρEβEEc+βAAn+ρAβAAc, where
(βI , βE, ρEβE, βA, ρAβA) are the effective propagation coefficients of (I, En, Ec, An, Ac). A new SEAIRS
model is defined as follows: 

S ′n(t) = −ΘS n,

S ′c(t) = −qΘS c,

E′n(t) = ΘS n − σEn,

E′c(t) = qΘS c − σEc,

A′n(t) = ϱσEn − kAn,

A′c(t) = ϱσEc − kAc,

I′(t) = (1 − ϱ)σE + (1 − ϵ)kA − γI,
R′(t) = γI I + ϵkA,

(2.1)

where (1− ϵ)k and ϵk represent the ratios of A to I and R, respectively. As the number of infected cases
increases, the information index does not always rise but ultimately reaches saturation [30, 31]. Let b
be a saturation constant. We reset the information index to satisfy the following equation:

M′(t) =
aI

1 + bI
− ηM. (2.2)

Compared with the linear form used by Tang et al. [25], our saturated form is more realistic as it
captures the natural saturation of information dissemination. It should be emphasized that M(t) is a
latent variable, not a directly observable indicator. Its role in the model is to capture the aggregate
information effect at the population level, thereby integrating the dynamic interactions among
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information propagation, risk perception, and behavioral feedback. In the following content, we will
analyze the dynamics of behavioral changes. Usually, individuals will decide whether to change their
behavior by comparing their interests. Assume their update strategy follows the classic Fermi update
rule [20], that is, in the current round of comparison, the individual i randomly selects their nearest
neighbor j to compare payoffs, and the probability of i adopting j’s strategy in the next round is
defined by the Fermi function [32–34] as follows:

Wi→ j =
1

1 + exp[−ζ( f j − fi)]
, (2.3)

where f j − fi is the return difference between the two strategies, and ζ represents the individual
sensitivity to the payoff differences. Generally, negative cost values can measure the size of returns
for two behaviors, and they can be considered linearly related to the information function M(t).
Therefore, the specific payoffs of these two behaviors are expressed as follows:

 fn = −ξnM(t), behavior unchanged,
fc = −ξcM(t) −C, behavior change,

where C is a fixed cost paid by individuals who change their behavior, and ξn, ξc represent the cost of
infection risk for individuals with two behaviors, respectively. Changing cheir behavior can reduce the
risk of infection. Thus, ξn > ξc. Accordingly, a higher M(t) increases the payoff difference fc − fn =

(ξn − ξc)M(t) − C, which promotes the adoption of protective behaviors. This reduces the effective
contact rates and ultimately suppresses the disease transmission. In this way, M(t) serves as a bridge
that links information propagation to behavioral change and epidemic dynamics.

Let x(t) be the proportion of making a behavioral change at time t. According to [20], when fc < fn,
all individuals in (S , E, A) who adopt behavior change strategies will learn from other individuals who
do not change their behavior, and the probability of them changing their original strategy is Wc→n. Thus,
x will decrease: x− = x(t)(1 − x(t))Wc→n. On the contrary, when fc > fn, all individuals in (S , E, A)
who do not adopt behavior change strategies will learn from others who change their behavior, and the
probability of them adopting a behavior change is defined as Wn→c. In this situation, x will increase:
x+ = (1−x(t))x(t)Wn→c. From the above, it is easy to obtain that the evolutionary game equation for x in
two-strategic games is as follows: x(t)′ = ν(x+ − x−). Hence, the dynamics of human behavior changes
can be described by x′ = νx(1− x)(Wn→c−Wc→n), where ν is the speed of behavioral change. Following
Tang et al. [25], we apply a mean-field approximation and assume a well-mixed population where the
proportion of behavioral changers is identical across classes (Assumption I), thus allowing microscopic
payoff comparisons to translate into the deterministic evolution of Bc(t) based on the average payoff
difference ( fc − fn). Combining Eq (2.3), we obtain the following:
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x′ = νx(1 − x)(Wn→c −Wc→n)

= νx(1 − x)
(

1
1 + exp[−ζ( fc − fn)]

−
1

1 + exp[−ζ( fn − fc)]

)
= νx(1 − x)

(
exp[−ζ( fn − fc)] − exp[−ζ( fc − fn)]

2 + exp[−ζ( fc − fn)] + exp[−ζ( fn − fc)]

)
= νx(1 − x)

(exp[− ζ2 ( fn − fc)])2 − (exp[ ζ2 ( fn − fc)])2

(exp[− ζ2 ( fn − fc)] + exp[ ζ2 ( fn − fc)])2

= νx(1 − x)
exp[− ζ2 ( fn − fc)] − exp[ ζ2ζ( fn − fc)]

exp[− ζ2 ( fn − fc)] + exp[ ζ2 ( fn − fc)]

= νx(1 − x) tanh(
ζ

2
( fc − fn))

= : νx(1 − x) tanh(∆).

Let τ be the time unit of behavior change. Based on the above analysis, the dynamic equation of
behavior change between (S n, En, An) and (S c, Ec, Ac) in Model (2.1) satisfies the following:

S ′c(τ) =

νS c(S n + En + An) tanh(∆), ∆ < 0,
νS n(S c + Ec + Ac) tanh(∆), ∆ > 0.

S ′n(τ) =

−νS c(S n + En + An) tanh(∆), ∆ < 0,
−νS n(S c + Ec + Ac) tanh(∆), ∆ > 0.

E′c(τ) =

νEc(S n + En + An) tanh(∆), ∆ < 0,
νEn(S c + Ec + Ac) tanh(∆), ∆ > 0.

E′n(τ) =

−νEc(S n + En + An) tanh(∆), ∆ < 0,
−νEn(S c + Ec + Ac) tanh(∆), ∆ > 0.

A′c(τ) =

νAc(S n + En + An) tanh(∆), ∆ < 0,
νAn(S c + Ec + Ac) tanh(∆), ∆ > 0.

A′n(τ) =

−νAc(S n + En + An) tanh(∆), ∆ < 0,
−νAn(S c + Ec + Ac) tanh(∆), ∆ > 0.

(2.4)

From (2.1) and (2.4), a new model is expressed as follows:

S ′n(t) = −ΘS n +
1
α
S ′n(τ),

S ′c(t) = −qΘS c +
1
α
S ′c(τ),

E′n(t) = ΘS n − σEn +
1
α

E′n(τ),
E′c(t) = qΘS c − σEc +

1
α

E′c(τ),
A′n(t) = ϱσEn − kAn +

1
α

A′n(τ),
A′c(t) = ϱσEc − kAc +

1
α

A′c(τ),
I′(t) = (1 − ϱ)σE + (1 − ϵ)kA − γI,
R′(t) = γI + ϵkA,

(2.5)
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where α is the scale parameter between the time unit τ of behavioral change and the time unit t of
disease transmission. The two time units are related by t = ατ. Based on Assumption I, we have

Θ = βI I + βEEn + ρEβEEc + βAAn + ρAβAAc

= βI I + βEE
En

E
+ ρEβEE

Ec

E
+ βAA

An

A
+ ρAβAA

Ac

A
= βI I + (βEE + βAA)(1 − Bc) + (ρEβEE + ρAβAA)Bc,

and

(S c + Ec + Ac)′ = (S + E + A)′Bc + (S + E + A)B′c
= Bc(σ(ϱ − 1)E − kA) + B′c(S c + Ec + Ac)/Bc,

(S c + Ec + Ac)′ = σEc(ϱ − 1) − kAc +
ν

α
[(S c + Ec + Ac)(S n + En + An) tanh(∆)].

By combining the above two equations, it can be inferred that

B′c =
ν

α
Bc(1 − Bc)(S + E + A) tanh(∆). (2.6)

Figure 1. Flow diagram of disease transmission.

Note that x(t) and Bc(t) represent the same quantity: the proportion of individuals that adopt
behavioral change in (S , E, A). The notation Bc(t) is introduced after the mean-field approximation to
emphasize its role as a macroscopic state variable in the compartmental model. Bc(t) is a
model-implied variable derived from the evolutionary game dynamics described by Eqs (2.3)–(2.6). It
represents the proportion of individuals that adopt behavioral changes under the assumed payoff
structure and the Fermi update rule, rather than being directly observable or measured from survey
data. Next, we consider the case that recovered individuals may lose their immunity after some time,
and ultimately incorporate Model (2.5) to obtain the following SEAIRS model:

Mathematical Biosciences and Engineering Volume 23, Issue 7, 1971–1994.



1978



S ′ = µ − [βI I + (βEE + βAA)(1 − Bc) + (ρEβEE + ρAβAA)Bc]S (1 − Bc + qBc) − µS + δR,
E′ = [βI I + (βEE + βAA)(1 − Bc) + (ρEβEE + ρAβAA)Bc]S (1 − Bc + qBc) − σE − µE,
A′ = ϱσE − kA − µA,
I′ = (1 − ϱ)σE + (1 − ϵ)kA − γI I − µI,
R′ = γI I + ϵkA − µR − δR,

(2.7)

where µ denotes the susceptible populations’ natural mortality and inflow rates, and δ represents the
immune loss rate. Figure 1 is a simplified process to derive Model (2.7). In Figure 1(b),(c), we provide
the flowcharts for Models (2.5) and (2.7), respectively. In the following, we mainly discuss some basic
properties of Model (2.7).

Remark 1. In Section 3, we treat Bc as a constant parameter to simplify the stability analysis of the
disease transmission dynamics. The full dynamics of Bc (Eq (2.6)) will be incorporated in Sections 4
and 5.

3. Main results

3.1. Positivity and boundedness of solutions

It is essential to prove that all state variables of Model (2.7) are positive and bounded at all times t.
Denote R+0 = [0,+∞); the following results can be given.

Theorem 1. For any given initial value (S (0), E(0), A(0), I(0),R(0)) ∈ R+0, the solution of Model (2.7)
satisfies (S (t), E(t), A(t), I(t),R(t)) ∈ R+0 for all time t ≥ 0.

Proof. Let (S , E, A, I,R) be the solutions of Model (2.7) and u(τ) = [βI I(τ) + (βEE(τ) + βAA(τ))(1 −
Bc(τ)) + (ρEβEE(τ) + ρAβAA(τ))Bc(τ)](1 − Bc(τ) + qBc(τ)). According to the first equation of the
system (2.7), one has the following:

dS
dt
+ [βI I + (βEE + βAA)(1 − Bc) + (ρEβEE + ρAβAA)Bc]S (1 − Bc + qBc) + µS = µ + δR.

We multiply exp
{
µt +

∫ t

0
u(τ)dτ

}
on both sides of the above equation and obtain the following:

dS (t) exp
{
µt +

∫ t

0
u(τ)dτ

}
dt

= exp
{
µt +

∫ t

0
u(τ)dτ

}
(µ + δR).

Then, taking the integral from 0 to t yields the following:

S (t) exp
{
µt +

∫ t

0
u(τ)dτ

}
− S (0) =

∫ t

0
exp

{
µt +

∫ x

0
u(τ)dτ

}
(µ + δR)dx.

For any S (0) ≥ 0, it is easy to have

S (t) ≥ S (0) exp
{
− µt −

∫ t

0
u(τ)dτ

}
≥ 0.
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Similarly, for all t ≥ 0 and E(0) ≥ 0, A(0) ≥ 0, I(0) ≥ 0, R(0) ≥ 0, it can be shown that

E(t) ≥ E(0) exp
{
− (σ + µ)t

}
≥ 0, A(t) ≥ A(0) exp

{
− (k + µ)t

}
≥ 0,

I(t) ≥ I(0) exp
{
− (γ + µ)t

}
≥ 0, R(t) ≥ R(0) exp

{
− (δ + µ)t

}
≥ 0.

To prove the boundedness of the solutions, we add all equations of System (2.7), and we get

(S + E + A + I + R)′ = µ − µ(S + E + A + I + R).

Thus,
lim sup

t→∞
(S (t) + E(t) + A(t) + I(t) + R(t)) ≤ 1.

This implies lim supt→∞ S (t) ≤ 1, lim supt→∞ E(t) ≤ 1, lim supt→∞ A(t) ≤ 1, lim supt→∞ I(t) ≤ 1, and
lim supt→∞ R(t) ≤ 1. This proof is complete.

3.2. Existence and stability of disease-free and endemic equilibria

According to the next generation matrix method [35], we obtain the basic reproduction numbers for
Model (2.7) in three behavior scenarios, namely Bc = 0, Bc = 1, and 0 < Bc < 1, as follows:

R0
0 =

βE

σ + µ
+

βAϱσ

(σ + µ)(k + µ)
+
βI[ϱσ(1 − ϵ)k + (k + µ)(1 − ϱ)σ]

(σ + µ)(k + µ)(γI + µ)
,

R1
0 =

qρEβE

σ + µ
+

qρAβAϱσ

(σ + µ)(k + µ)
+
βIq[ϱσ(1 − ϵ)k + (k + µ)(1 − ϱ)σ]

(σ + µ)(k + µ)(γI + µ)
,

Rc
0 = (1 − Bc + qBc)

∗

[
((1 − Bc)βE + ρEβE Bc)

σ + µ
+

((1 − Bc)βA + ρAβABc)ϱσ
(σ + µ)(k + µ)

+
βI(ϱσ(1 − ϵ)k + (k + µ)(1 − ϱ)σ)

(σ + µ)(k + µ)(γI + µ)

]
.

Next, we will analyze three cases based on the value of Bc.
Case (i): If all susceptible, exposed, and asymptomatic infected individuals in System (2.7) do not

change their behavior (Bc = 0), then Model (2.7) can be simplified as follows:

S ′(t) = µ − (βI I + βEE + βAA)S − µS + δR,
E′(t) = (βI I + βEE + βAA)S − (σ + µ)E,
A′(t) = ϱσE − (k + µ)A,
I′(t) = (1 − ϱ)σE + (1 − ϵ)kA − (γI + µ)I,
R′(t) = γI I + ϵkA − (µ + δ)R.

(3.1)

Theorem 2. (i) If R0
0 < 1, then Model (3.1) has a disease-free equilibrium E0

1 = (1, 0, 0, 0, 0), which is
globally asymptotically stable. (ii) If R0

0 > 1, then there exists a unique endemic equilibrium
E∗1 = (S 1, E1, A1, I1,R1) in Model (3.1). If R0

0 > max{2βE/µ, 2βA/µ, 2βI/µ}, then E∗1 is locally
asymptotically stable.

Proof. The equilibrium point of System (3.1) satisfies the following equations:

µ − (βI I + βEE + βAA)S − µS + δR = 0,
(βI I + βEE + βAA)S − (σ + µ)E = 0,
ϱσE − (k + µ)A = 0,
(1 − ϱ)σE + (1 − ϵ)kA − (γI + µ)I = 0,
γI I + ϵkA − (µ + δ)R = 0.

(3.2)
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(i) When R0
0 < 1, we have I = 0. Thus, it is easy to obtain a unique disease-free equilibrium E0

0 =

(1, 0, 0, 0, 0) of Model (3.1). Next, we construct a Lyapunov function as follows:

V1 = E +
βI I
γI + µ

+
βA(γI + µ)A + βIk(1 − ϵ)A

(k + µ)(γI + µ)
.

Through calculation, its derivative satisfies the following:

V ′1 = E′ +
βI I′

γI + µ
+
βAA′

k + µ
+
βIk(1 − ϵ)A′

(k + µ)(γI + µ)

= (βI I + βEE + βAA)S − (σ + µ)E +
βI(1 − ϱ)σE + βI(1 − ϵ)kA

(γI + µ)
− βI I

+
βAϱσE
(k + µ)

− βAA +
βIk(1 − ϵ)ϱσE
(k + µ)(γI + µ)

−
βIk(1 − ϵ)A

(γI + µ)
.

By Theorem 1, it can be obtained that

V ′1 ≤ βEE − (σ + µ)E +
βI(1 − ϱ)σE

(γI + µ)
+
βAϱσE
(k + µ)

+
βIk(1 − ϵ)ϱσE
(k + µ)(γI + µ)

= (σ + µ)E
[
βE

(σ + µ)
+
βI(1 − ϱ)σ

(γI + µ)(σ + µ)
+

βAϱσ

(k + µ)(σ + µ)
+

βIk(1 − ϵ)ϱσ
(σ + µ)(k + µ)(γI + µ)

− 1
]

= (σ + µ)E(R0
0 − 1).

Obviously, if R0
0 < 1, then V ′1 ≤ 0. Furthermore, V ′1 = 0 only holds at the disease-free equilibrium

E0
0. According to LaSalle’s invariant principle, E0

0 is globally asymptotically stable when R0
0 < 1.

(ii) According to the third equation of Eq (3.2), the endemic equilibrium E∗1 = (S 1, E1, A1, I1,R1)
satisfies E1 = (k + µ)A1/ϱσ. Then, we bring this equation into the fourth and fifth equations of
Model (3.2) and obtain the following:

A1 =
ϱ(γI + µ)I1

(1 − ϱ)(k + µ) + ϱk(1 − ϵ)
, R1 =

γI I1

(µ + δ)
+

ϵkϱ(γI + µ)I1

(µ + δ)[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)]
.

From S + E + A + I + R = 1, we derive that S 1 = 1 − E1 − A1 − I1 − R1 = 1 − K1I1, where

K1 =
ϱσ(γI + µ)(µ + δ) + γIσ[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)] + ϵkϱσ(γI + µ) + (µ + δ)(k + µ)(γI + µ)

σ(µ + δ)[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)]
+ 1.

Substituting S 1, E1, A1 and I1 in the second equation of (3.2) yields the following:

(1− K1I1)[σ((1− ϱ)(k + µ)+ ϱk(1− ϵ))βI + βE(k + µ)(γI + µ)+σϱβA(γI + µ)] = (σ+ µ)(k + µ)(γI + µ).

By solving the equation, one has

I1 =
σ((1 − ϱ)(k + µ) + ϱk(1 − ϵ))βI + βE(k + µ)(γI + µ) + σϱβA(γI + µ) − (σ + µ)(k + µ)(γI + µ)

K1[σ((1 − ϱ)(k + µ) + ϱk(1 − ϵ))βI + βE(k + µ)(γI + µ) + σϱβA(γI + µ)]

=
(σ + µ)(k + µ)(γI + µ)(R0

0 − 1)
K1[σ((1 − ϱ)(k + µ) + ϱk(1 − ϵ))βI + βE(k + µ)(γI + µ) + σϱβA(γI + µ)]

,
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and S 1 = 1/R0
0. It is clear that I1 > 0 as R0

0 > 1. The Jacobian matrix of Model (3.1) at E∗1 is as follows:

J1 =


−(βI I1 + βEE1 + βAA1 + µ) −βES 1 −βAS 1 −βIS 1 δ

βI I1 + βEE1 + βAA1 βES 1 − (σ + µ) βAS 1 βIS 1 0
0 ϱσ −(k + µ) 0 0
0 (1 − ϱ)σ (1 − ϵ)k −(γI + µ) 0
0 0 ϵk γI −(µ + δ)


.

The five column Gerschgorin circles of matrix J1 are as follows:

G1 : |λ + (βI I1 + βEE1 + βAA1 + µ)| ≤ βI I1 + βEE1 + βAA1,

G2 : |λ − βES 1 + σ + µ| ≤ βES 1 + σ,

G3 : |λ + k + µ| ≤ 2βAS 1 + k,
G4 : |λ + γI + µ| ≤ 2βIS 1 + γI ,

G5 : |λ + µ + δ| ≤ δ.

By the Gale circle theorem, all five eigenvalues of matrix J1 are in
⋃5

i=1 Gi. If
R0

0 > max{2βE/µ, 2βA/µ, 2βI/µ} holds, we have the following:

−2(βI I1 + βEE1 + βAA1) − µ ≤ λ ≤ −µ < 0,
−2σ − µ ≤ λ ≤ 2βES 1 − µ < 0,
−2βAS 1 − 2k − µ ≤ λ ≤ 2βAS 1 − µ < 0,
−2βIS 1 − 2γI − µ ≤ λ ≤ 2βIS 1 − µ < 0,
−2δ − µ ≤ λ ≤ −µ < 0.

According to the Routh-Hurwitz theorem, E∗1 is locally asymptotically stable.

Case (ii): When all susceptible, exposed, and asymptomatic infected in the Model (2.7) change
their behavior (Bc = 1), Model (2.7) can be rewritten as follows:

S ′(t) = µ − q(βI I + ρEβEE + ρAβAA)S − µS + δR,
E′(t) = q(βI I + ρEβEE + ρAβAA)S − (σ + µ)E,
A′(t) = ϱσE − (k + µ)A,
I′(t) = (1 − ϱ)σE + (1 − ϵ)kA − (γI + µ)I,
R′(t) = γI I + ϵkA − (µ + δ)R.

(3.3)

Theorem 3. (i) If R1
0 < 1, then Model (3.3) has a disease-free equilibrium E0

2 = (1, 0, 0, 0, 0), which is
globally asymptotically stable. (ii) If R1

0 > 1, then there exists a unique endemic equilibrium
E∗2 = (S 2, E2, A2, I2,R2) in Model (3.3). If R1

0 > max{2qρEβE/µ, 2qρAβA/µ, 2qβI/µ}, then E∗2 is locally
asymptotically stable.

Proof. The equilibrium point of System (3.4) satisfies the following equations:

µ − q(βI I + ρEβEE + ρAβAA)S − µS + δR = 0,
q(βI I + ρEβEE + ρAβAA)S − (σ + µ)E = 0,
ϱσE − (k + µ)A = 0,
(1 − ϱ)σE + (1 − ϵ)kA − (γI + µ)I = 0,
γI I + ϵkA − (µ + δ)R = 0.

(3.4)
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(i) When R1
0 < 1, we have I = 0. Thus, it is easy to obtain a unique disease-free equilibrium E0

2 =

(1, 0, 0, 0, 0) of Model (3.3). Define a Lyapunov function as follows:

V3 = E +
qβI I
γI + µ

+
qρAβA(γI + µ)A + qβIk(1 − ϵ)A

(k + µ)(γI + µ)
.

Based on (3.3), we can derive that

V ′3 = E′ +
qβI I′

γI + µ
+

qρAβAA′

k + µ
+

qβIk(1 − ϵ)A′

(k + µ)(γI + µ)

= q(βI I + ρEβEE + ρAβAA)S − (σ + µ)E +
qβI(1 − ϱ)σE + qβI(1 − ϵ)kA

(γI + µ)

− qβI I +
qρAβAϱσE

(k + µ)
− qρAβAA +

qβIk(1 − ϵ)ϱσE
(k + µ)(γI + µ)

−
qβIk(1 − ϵ)A

(γI + µ)
.

By applying S ≤ 1, we have the following:

V ′3 ≤ qρEβEE − (σ + µ)E +
qβI(1 − ϱ)σE

(γI + µ)
+

qρAβAϱσE
(k + µ)

+
qβIk(1 − ϵ)ϱσE
(k + µ)(γI + µ)

= (σ + µ)E
[

qρEβE

(σ + µ)
+

qβI(1 − ϱ)σ
(γI + µ)(σ + µ)

+
qρAβAϱσ

(k + µ)(σ + µ)
+

qβIk(1 − ϵ)ϱσ
(σ + µ)(k + µ)(γI + µ)

− 1
]

= (σ + µ)E(R1
0 − 1).

From the above equation, if R1
0 < 1 holds, then V ′3 ≤ 0. V ′3 = 0 only holds at the disease-free

equilibrium point E0
2. By LaSalle’s invariant principle, E0

2 is globally asymptotically stable.
(ii) Similar to E∗1, we obtain the positive equilibrium E∗2 = (S 2, E2, A2, I2,R2) of Model (3.3), where

E2 =
(k + µ)A2

ϱσ
, A2 =

ϱ(γI + µ)I2

(1 − ϱ)(k + µ) + ϱk(1 − ϵ)
,R2 =

γI I2

(µ + δ)
+

ϵkϱ(γI + µ)I2

(µ + δ)[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)]
,

I2 =
qσ((1−ϱ)(k+µ)+ϱk(1−ϵ))βI+qρEβE(k+µ)(γI+µ)+qρAσϱβA(γI+µ)−(σ+µ)(k+µ)(γI+µ)

K1[qσ((1−ϱ)(k+µ)+ϱk(1−ϵ))βI+qρEβE(k+µ)(γI+µ)+qρAσϱβA(γI+µ)]

=
(σ + µ)(k + µ)(γI + µ)(R1

0 − 1)
K1[qσ((1 − ϱ)(k + µ) + ϱk(1 − ϵ))βI + qρEβE(k + µ)(γI + µ) + qρAσϱβA(γI + µ)]

,

and S 2 = 1 − E2 − A2 − I2 − R2 = 1 − K1I2 = 1/R1
0. From the expression of I2, we can easily see that

I2 > 0 as R1
0 > 1. The Jacobian matrix J2 of Model (3.3) at E∗2 is formed by the following:

J2 =


−q(βI I2 + ρEβEE2 + ρAβAA2) − µ −qρEβES 2 −qρAβAS 2 −qβIS 2 δ

q(βI I2 + ρEβEE2 + ρAβAA2) qρEβES 2 − (σ + µ) qρAβAS 2 qβIS 2 0
0 ϱσ −(k + µ) 0 0
0 (1 − ϱ)σ (1 − ϵ)k −(γI + µ) 0
0 0 ϵk γI −(µ + δ)


.

The five column Gerschgorin circles of matrix J2 are as follows:

H1 : |λ + q(βI I2 + ρEβEE2 + ρAβAA2) + µ| ≤ q(βI I2 + ρEβEE2 + ρAβAA2),
H2 : |λ − qρEβES 2 + σ + µ| ≤ qρEβES 2 + σ,

H3 : |λ + k + µ| ≤ 2qρAβAS 2 + k,
H4 : |λ + γI + µ| ≤ 2qβIS 2 + γI ,

H5 : |λ + µ + δ| ≤ δ.

Mathematical Biosciences and Engineering Volume 23, Issue 7, 1971–1994.



1983

Therefore, all five eigenvalues of matrix J2 are in
⋃5

i=1 Hi. If R1
0 > max{2qρEβE/µ, 2qρAβA/µ, 2qβI/µ}

holds, then we obtain the following:

−2q(βI I2 + ρEβEE2 + ρAβAA2) − µ ≤ λ ≤ −µ < 0,
−2σ − µ ≤ λ ≤ 2qρEβES 2 − µ < 0,
−2qρAβAS 2 − 2k − µ ≤ λ ≤ 2qρAβAS 2 − µ < 0,
−2qβIS 2 − 2γI − µ ≤ λ ≤ 2qβIS 2 − µ < 0,
−2δ − µ ≤ λ ≤ −µ < 0.

By the Routh-Hurwitz theorem, E∗2 is locally asymptotically stable.

Case (iii): 0 < Bc < 1. In this case, Bc is the proportion of individuals who adopt behavioral
changes in (S , E, A). Denote the following:

K2 =
(µ + δ)(k + µ)(γI + µ) + σϱ(µ + δ)(γI + µ) + (µ + δ + σγI)[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)] + σϵkϱ(γI + µ)

(µ + δ)σ[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)]
.

Theorem 4. (i) If Rc
0 < 1, then Model (2.7) has a disease-free equilibrium E0

3 = (1, 0, 0, 0, 0), which is
globally asymptotically stable. (ii) If Rc

0 > 1, then there exists a unique endemic equilibrium
E∗3 = (S 3, E3, A3, I3,R3) in Model (2.7). In addition, E∗3 is locally asymptotically stable whenever Rc

0 is
larger than the maximum listed below:

Rc
0 > max

{2[βE(1−Bc)+ρEβE Bc](1−Bc+qBc)
µ

, 2[βA(1−Bc)+ρAβABc](1−Bc+qBc)
µ

, 2βI (1−Bc+qBc)
µ

}
.

Proof. (i) When Rc
0 < 1, we have I = 0. Thus, the unique disease-free equilibrium E0

3 = (1, 0, 0, 0, 0).
Construct a Lyapunov function as follows:

V5 = E +
(1 − Bc + qBc)βI I

γI + µ
+

(1 − Bc + qBc)[(βA(1 − Bc) + ρAβABc)(γI + µ) + βIk(1 − ϵ)]A
(k + µ)(γI + µ)

.

Based on (3.3), we have the following:

V ′5 = E′ +
(1 − Bc + qBc)βI I′

γI + µ
+

(1 − Bc + qBc)[(βA(1 − Bc) + ρAβABc)(γI + µ) + βIk(1 − ϵ)]A′

(k + µ)(γI + µ)
.

= [βI I + (βEE + βAA)(1 − Bc) + (ρEβEE + ρAβAA)Bc]S (1 − Bc + qBc) − (σ + µ)E

+
(1 − Bc + qBc)βI[(1 − ϱ)σE + (1 − ϵ)kA − (γI + µ)I]

(γI + µ)

+
(1 − Bc + qBc)[(βA(1 − Bc) + ρAβABc)(γI + µ) + βIk(1 − ϵ)][ϱσE − (k + µ)A]

(k + µ)(γI + µ)
.

According to S ≤ 1 and 1 − Bc ≤ 1, it can be inferred that

V ′5 ≤ (1 − Bc + qBc)(1 − Bc)βEE + (1 − Bc + qBc)BcρEβEE − (σ + µ)E

+
(1 − Bc + qBc)[(βA(1 − Bc) + ρAβABc)(γI + µ) + βIk(1 − ϵ)]ϱσE

(k + µ)(γI + µ)
+

(1 − Bc + qBc)βI(1 − ϱ)σE
(γI + µ)

= (σ + µ)E(Rc
0 − 1).
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Obviously, V ′5 ≤ 0 when Rc
0 < 1, and V ′5 = 0 only holds at the disease-free equilibrium point E0

3. By
LaSalle’s invariant principle, E0

3 is globally asymptotically stable.
(ii) From the Eq (2.7), we conclude that the endemic equilibrium E∗3 = (S ∗, E∗, A∗, I∗,R∗) satisfies

the following equations:

E∗ =
(k + µ)A∗

ϱσ
, A∗ =

ϱ(γI + µ)I∗

(1 − ϱ)(k + µ) + ϱk(1 − ϵ)
, R∗ =

γI I∗

(µ + δ)
+

ϵkϱ(γI + µ)I∗

(µ + δ)[(1 − ϱ)(k + µ) + ϱk(1 − ϵ)]
,

and S ∗ = 1− E∗ − A∗ − I∗ −R∗ = 1−K2I∗. Substituting S ∗, E∗, A∗, and R∗ into the second equation, we
have the following:

S ∗(1 − Bc + qBc)[βI I∗ + (βEE∗ + βAA∗)(1 − Bc) + (ρEβEE∗ + ρAβAA∗)Bc] − (σ + µ)E∗ = 0.

By directly solving the above algebraic equation, we can obtain I∗ = (Rc
0 − 1)/K2Rc

0 and S ∗ = 1/Rc
0.

Note that I∗ > 0 for Rc
0 > 1. The Jacobian matrix J3 of Model (2.7) at E∗3 is as follows:

J3 =


−∆1 − µ −∆2(1 − Bc + qBc) −∆3(1 − Bc + qBc) −βIS 3(1 − Bc + qBc) δ

∆1 ∆2(1 − Bc + qBc) − (σ + µ) ∆3(1 − Bc + qBc) βIS 3(1 − Bc + qBc) 0
0 ϱσ −(k + µ) 0 0
0 (1 − ϱ)σ (1 − ϵ)k −(γI + µ) 0
0 0 ϵk γI −(µ + δ)


,

where ∆1 = [βI I3 + (βEE3 + βAA3)(1 − Bc) + (ρEβEE3 + ρAβAA3)Bc](1 − Bc + qBc),∆2 = [βE(1 − Bc) +
ρEβE Bc]S 3, and ∆3 = [βA(1 − Bc) + ρAβABc]S 3. The five column Gerschgorin circles of matrix J3 are
as follows:

D1 : |λ + ∆1 + µ| ≤ ∆1,

D2 : |λ − ∆2(1 − Bc + qBc) + σ + µ| ≤ ∆2(1 − Bc + qBc) + σ,
D3 : |λ + k + µ| ≤ 2∆3(1 − Bc + qBc) + k,
D4 : |λ + γI + µ| ≤ 2βIS 3(1 − Bc + qBc) + γI ,

D5 : |λ + µ + δ| ≤ δ.

Therefore, all five eigenvalues of matrix J3 are in
⋃5

i=1 Di. If

Rc
0 > max

{ 2[βE(1−Bc)+ρEβE Bc](1−Bc+qBc)
µ

, 2[βA(1−Bc)+ρAβABc](1−Bc+qBc)
µ

, 2βI (1−Bc+qBc)
µ

}
holds, than we can derive the following result:

−2∆1 − µ ≤ λ ≤ −µ < 0,
−2σ − µ ≤ λ ≤ 2∆2(1 − Bc + qBc) − µ < 0,
−2∆3(1 − Bc + qBc) − 2k − µ ≤ λ ≤ 2∆3(1 − Bc + qBc) − µ < 0,
−2βIS 3(1 − Bc + qBc) − 2γI − µ ≤ λ ≤ 2βIS 3(1 − Bc + qBc) − µ < 0,
−2δ − µ ≤ λ ≤ −µ < 0.

By the Routh-Hurwitz theorem, E∗3 is locally asymptotically stable.
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4. Numerical simulations

This section provides numerical simulations to illustrate the theoretical results. We use the
classical fourth-order Runge-Kutta method to obtain the discretization equations of the deterministic
Model (2.7). We provide the following example to intuitively express the impact of behavioral
changes in susceptible, exposed, and asymptomatic infected on disease transmission within the model.
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Figure 2. The variation curves of E(t), A(t), and I(t) under different Bc.

Example 1. Take Bc = (0, 0.1, 0.3, 0.5, 0.7, 1) and (µ, βI , βA, βE, δ, σ, k, γI , ϱ, ϵ, ρA, ρE, q) = (0.1, 0.4,
0.4, 0.4, 0.05, 0.8, 0.3, 0.2, 0.8, 0.1, 0.9, 0.8, 0.3). Figure 2 shows that the number of E(t), A(t), and I(t)
in Model (2.7) decreases with the increase of Bc. Within the model framework, increasing behavioral
changes leads to a reduction in the spread of diseases.
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Figure 3. The variation curves of fc − fn and Bc(t).

Whether susceptible, exposed, and asymptomatic infected individuals in Model (2.7) adopt
behavioral changes depends on the return difference fc − fn between these two behaviors. We provide
Example 2 to verify.
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Example 2. Assume that (a, b, ν/α, η, ζ, ξn, ξc,C) = (0.48, 0.3, 15, 0.08, 0.025, 0.5, 0.1, 0.04),
(S (0), E(0), A(0), I(0), R(0),M(0), Bc(0)) = (0.5, 0.2, 0.1, 0, 1, 0.1, 0.3, 0.002), and the remaining
parameter values are shown in Example 1. From Figure 3, it can be seen that when fc > fn, Bc(t)
increases, while Bc(t) decreases when fc < fn. This result indicates that increasing the difference in
returns fc − fn can effectively promote behavior changes in susceptible, exposed, and
asymptomatic infected.

In the following example, we analyze the impact of some key parameters on the difference in returns
fc − fn between these two behaviors.
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Figure 4. The variation curves of fc − fn , Bc(t) and (E(t), A(t) , I(t)) under different ξn, ξc,
and C.

Example 3. Assume that the parameter values are the same as in Example 2. The variation curves of
fc − fn, Bc(t), and (E(t), A(t) , I(t)) under different (ξn, ξc,C) are shown in Figure 4. Within the model,
increasing ξn or decreasing ξc and C leads to an increase in fc − fn and Bc(t), and a decrease in (E(t),
A(t), I(t)). According to the model, adjusting the parameter values (ξn, ξc,C) reduces the infection
levels, thus suggesting a theoretical pathway for disease control.

Special Note: The parameter values in Examples 1–3 are theoretically chosen to clearly illustrate
the model’s qualitative behavior under different scenarios, rather than to fit any specific real-world data.

5. COVID-19 epidemic

In this part, we consider the cases of reported COVID-19 in Romania from July 28 to December 8,
2021. The daily new infection data shown in Figure 5 are from https://ourworldindata.org/. We divide

Mathematical Biosciences and Engineering Volume 23, Issue 7, 1971–1994.



1987

the time of the COVID-19 epidemic into two phases, namely, July 28 to October 15 and October 16 to
December 8, 2021. According to https://ourworldindata.org/, the total population of Romania in 2021
was 19,328,558. Assume that at the beginning of the two stages, the number of E(t) is 200 and 800,
the A(t) is 100 and 400, and the R(t) is 1000 and 2000. Take Bc(0) = 0.001, 0.9999, and M(0) = 1000,
20,000. In addition, the daily new infections on July 28 and October 16, 2021, were 175 and 15,828,
respectively. Thus, the initial values (S (0), E(0), A(0), I(0),R(0), Bc(0),M(0)) for the two stages are
(19,327,083, 200, 100, 175, 1000, 0.001, 1000) and (19,309,530, 800, 400, 15,828, 2000, 0.9999,
20,000), respectively. We use the least-square method to fit the model with accurate data. Tables 1 and 2
list the estimated values of the parameters. (It should be noted that the fitting procedure in this section
is intended to illustrate the model’s behavior rather than to perform rigorous statistical inference. The
fitting data are limited to the daily new cases of symptomatic infected individuals I(t); the initial
values of the other compartments are based on assumptions. Due to the high-dimensional parameter
structure of the model and the use of only a single incidence time series, the parameter estimates
are not uniquely identifiable; different parameter combinations may generate highly similar epidemic
trajectories. Therefore, the estimated values in Tables 1 and 2 should be regarded as illustrative rather
than as precise estimates of real-world epidemiological parameters.) Figure 6 shows the two-stage
fitting curves for real data. The M(t) curve in Figure 7(a) is the theoretical trajectory of the model-
generated information index, and the Bc(t) curve in Figure 7(b) is a theoretical trajectory obtained from
Eq (2.6). Figure 7(c) depicts the thresholds (Rc

0,R
0
0,R

1
0) in the two phases. From Figure 7(a)–(c), we

observe three results. (i) In the first phase (disease ascending period), both M(t) and Bc(t) increase with
the increase of I(t); additionally, an increase in Bc(t) leads to a decrease in Rc

0, as shown in Figure 7(c).
In the second phase (disease decline period), Bc(t) rises slowly, and Rc

0 decreases gradually. (although
the observed changes are small in magnitude, they are directionally informative). (ii) The relationship
between Rc

0,R
0
0, and R1

0 is R0
0 ≥ Rc

0 ≥ R1
0, which means that behavioral changes can reduce the basic

regeneration number.
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Figure 5. The numbers of new infected in Romania, from July 28 to December 8, 2021.

Next, we take the model’s parameter values as the estimated values for the first phase in Table 1. It
should be emphasized that the following discussion is solely based on the model’s theoretical
framework. Figure 8(a)–(c) shows the theoretical trajectories of M(t), Bc(t), and (Rc

0,R
0
0,R

1
0) computed

from the model under different values of η, a, and C. The model results indicate that under the
assumed conditions, increasing a or decreasing the decay rate η and the behavioral cost C leads to
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higher theoretical values of M(t) and Bc(t), and a lower Rc
0. Taking the second stage parameter

estimation values as an example, Figure 9(a) depicts the values of E(t) and I(t) at different βI , βE, and
γI . It can be seen that reducing the contact rates βI and βE or increasing disease cure rate γI is
beneficial for disease control.

It should be further noted that the large differences in fitted parameter values between the two phases
should not be interpreted as literal epidemiological regime shifts, as they likely reflect a combination of
behavioral, reporting, and modeling simplifications. Comparisons should focus on qualitative trends
rather than absolute values. Moreover, behavioral dynamics are governed by the payoff difference
fc − fn. Given the definitions fn = −ξnM(t) and fc = −ξcM(t) − C, the parameters ξn, ξc,C, and M(t)
are not independently identifiable, as they collectively form a composite behavioral driver. Therefore,
individual fitted values of these parameters should not be over-interpreted.

Table 1. The estimated values of model parameters in the first phase.

Parameters Initial values Estimated values Parameters Initial values Estimated values
βI 2.1200e−3 0.4086 γI 0.2640 0.7700
βE 0.0031 0.2947 a 0.3000 9.7143
βA 0.0501 0.3022 b 5.0000 3.0028
ρA 0.5320 0.5048 ν/α 0.8000 26.6164
ρE 0.1400 0.8590 ζ 3.1200e−3 0.8875
δ 2.1300e−3 0.3073 ξn 0.2000 0.8571
q 0.0400 0.9557 ξc 0.0110 0.1278
σ 0.0040 0.3942 C 1.0000e−6 5.7130e−5
ϱ 0.3100 0.0089 η 0.3200 0.0322
k 0.3310 0.9970 µ 0.0000 0.0202
ϵ 0.1310 0.0026 - - -

Table 2. The estimated values of model parameters in second phase.

Parameters Initial values Estimated values Parameters Initial values Estimated values
βI 0.2111 2.2892e−9 γI 0.2640 0.0830
βE 0.0203 0.6200 a 0.3000 9.6068
βA 5.5100e−3 0.8244 b 3.3690 2.5467
ρA 0.0140 0.8900 ν/α 0.8000 20.1265
ρE 0.1600 0.9999 ζ 3.1200e−3 0.6366
δ 0.1113 0.8099 ξn 0.2000 0.9809
q 0.5400 0.9420 ξc 0.0110 0.5536
σ 0.0040 0.7099 C 0.2312 8.2649e−5
ϱ 0.6310 6.0757e−9 η 0.6200 0.4706
k 0.3310 0.1425 µ 0.0000 3.2192e−8
ϵ 0.1310 1.2357e−6 - - -
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Figure 6. The real data and two fitted curves of Romania’s new symptomatic infected cases
from July 28 to December 8, 2021.
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Figure 8. Theoretical variation curves of the model-generated information index M(t),
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Figure 9. The variation curves of I(t) and E(t) under different βI , βE, γI in the Phase 2.
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6. Conclusions

This paper established a new SEAIRS model to study the impact of human behavior changes on
the COVID-19 epidemic. Our Model (2.7) improves the model proposed by Tang et al. (1.1) [25],
which is mainly reflected in the following two aspects: (i) the role of exposed individuals in the
spread of epidemics has been considered; and (ii) improved the form of the information function. As
a mechanistic and theoretical study, the following findings are analytical insights derived from model
simulations, and not directly implementable operational prescriptions.

We obtained the positivity and boundedness of the solution for Model (2.7) and then discussed the
existence and stability properties of equilibrium points for Model (2.7) in three situations (Bc = 0,
Bc = 1, 0 < Bc < 1). The results are summarized as follows. (i) Bc = 0: when R0

0 < 1, Model (3.1) has
a unique disease-free equilibrium E0

1, which is globally asymptotically stable; and When R0
0 > 1,

Model (3.1) has a unique endemic disease equilibrium E∗1, and if R0
0 > max{2βE/µ, 2βA/µ, 2βI/µ},

then E∗1 is locally asymptotically stable. (ii) Bc = 1: when R1
0 < 1, Model (3.3) has a unique

disease-free equilibrium E0
2 and E0

2 is globally asymptotically stable; when R1
0 > 1, Model (3.3) has a

unique endemic disease equilibrium E∗2, and if R1
0 > max{2qρEβE/µ, 2qρAβA/µ, 2qβI/µ},

then E∗2 is locally asymptotically stable. (iii) 0 < Bc < 1: when Rc
0 < 1, Model (2.7) has a

unique disease-free equilibrium point E0
3 and E0

3 is globally asymptotically stable; and when
Rc

0 > 1, Model (2.7) has a unique endemic disease equilibrium point E∗3. If
Rc

0 > max {2[βE(1 − Bc) + ρEβE Bc](1 − Bc + qBc)/µ, 2[βA(1 − Bc) + ρAβABc](1 − Bc + qBc)/µ, 2βI(1 − Bc + qBc)/µ},
then E∗3 is locally asymptotically stable. Within the model framework, numerical simulations show
that behavioral changes significantly inhibit the spread of diseases, and that increasing the return
difference fc − fn via the parameters (ξc, ξn,C) leads to more behavioral changes in (S , E, A). Finally,
we used COVID-19 data from Romania in two stages to illustrate the model’s behavior and discussed
the impact of some parameters on diseases. Under the model’s assumptions, the following results are
obtained. (i) A higher value of the information function may lead to a larger proportion of individuals
changing their behavior. Furthermore, according to the model, reducing the decay rate η or the
additional cost C, or increasing parameter a, results in an increase in the information function. These
are model-based theoretical insights, not empirical prescriptions. (ii) Lower contact rates βE and βI or
a higher cure rate γI leads to a decrease in the number of infections I(t). In summary, from the
model’s perspective, increasing the information function or reducing contact between susceptible and
infected / exposed individuals appears critical to reducing disease transmission.

Use of AI tools declaration

The authors declare they have not used Artificial Intelligence (AI) tools in the creation of this article.

Acknowledgments

This research was funded by the President’s Fund Project of Xinjiang University of Political Science
and Law (Grant No. XZZK2025018).

Mathematical Biosciences and Engineering Volume 23, Issue 7, 1971–1994.



1992

Data Availability Statement

The data presented in this study are available upon request from the corresponding author.
We thank reviewers and editors for their constructive and useful advice for improving this paper.

Conflict of interest

The authors declare that they have no conflict of interest.

References

1. T. Ichinomiya, H. Murata, M. Sekino, S. Nakaji, O. Yoshitomi, T. Hara, et al.,
Tracheobronchial stent insertion under venovenous extracorporeal membrane oxygenation in a
patient with coronavirus disease 2019, J. Cardiothorac. Vasc. Anesth., 36 (2022), 2548–2552.
https://doi.org/10.1053/j.jvca.2021.09.009

2. H. Abboud, F. Z. Abboud, H. Kharbouch, Y. Arkha, N. El Abbadi, A. El Ouahabi, COVID-19
and SARS-CoV-2 infection: Pathophysiology and clinical effects on the nervous system, World
Neurosurg., 140 (2020), 49–53. https://doi.org/10.1016/j.wneu.2020.05.193

3. G. Mark, Natural history of COVID-19 and coronavirus disease, J. Biomed. Sci., 12 (2023), 1–3.

4. S. Ansumali, S. Kaushal, A. Kumar, M. K. Prakash, M. Vidyasagar, Modelling a pandemic with
asymptomatic patients, impact of lockdown and herd immunity, with applications to SARS-CoV-2,
Annu. Rev. Control, 50 (2020), 432–447. https://doi.org/10.1016/j.arcontrol.2020.10.003

5. A. Singh, M. K. Bajpai, SEIHCRD model for COVID-19 spread scenarios, disease predictions and
estimates the basic reproduction number, case fatality rate, hospital, and ICU beds requirement,
Comput. Model. Eng. Sci., 125 (2020), 991–1031. https://doi.org/10.32604/cmes.2020.012503

6. E. A. Iboi, O. Sharomi, C. N. Ngonghala, A. B. Gumel, Mathematical modeling and
analysis of COVID-19 pandemic in nigeria, Math. Biosci. Eng., 17 (2020), 7192–7220.
https://doi.org/10.3934/mbe.2020369

7. L. Brugnano, F. Iavernaro, P. Zanzottera, A multiregional extension of the sir model, with
application to the COVID-19 spread in italy, Math. Methods Appl. Sci., 44 (2021), 4414–4427.
https://doi.org/10.1002/mma.7039
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