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Abstract: This paper investigated the dynamical behaviors of the SIQS (susceptible, infected,
isolated, and again susceptible) infectious disease model with nonlinear incidence rate and degenerate
diffusion in a stochastic environment. By introducing nonlinear contagion rate, the model was able
to more realistically reflect the complexity of real-world disease transmission, including the effects of
social behavior, medical resource constraints, and public health interventions. It was proved that the
infectious disease will be extinct when R;) < 1. Furthermore, by utilizing Markov semigroup theory, we
obtained that there existed stationary distribution for the system when R > 1. Numerical simulations
were conducted by introducing three different forms of nonlinear incidence rates (standard incidence,
non-monotonic incidence, Beddington-DeAngelis incidence) to verify our results.
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1. Introduction

Infectious diseases, as a major challenge in global public health, have always been an important
object of scientific research. An in-depth understanding of the dynamics of infectious disease is
particularly critical in today’s globalized world, where the speed of transmission and the scope of
impact of infectious disease have increased dramatically [1]. At the beginning of the 20th century,
Kermak and McKendrick developed models of infectious disease [2], then biomathematical modeling
has became a key tool for understanding and controlling infectious disease. In recent years, many
scholars have studied different types of biomathematical models, such as the SIS (susceptible,
infected, and again susceptible) model [3, 4], the SIR (susceptible, infected, and recovered)
model [5, 6], the SEIR (susceptible, exposed, infected, and recovered) model [7-9], etc., in order to
explore effective prevention and control strategies for infectious disease. As the first line of defense to
reduce the spread of infection, isolation has been used as an important means of controlling infectious
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disease for centuries. Therefore, the study of SIQS (susceptible, infected, isolated, and again
susceptible) infectious disease modeling that includes isolation measures is of particular
importance [10-13]. In the SIQS model, infection does not confer immunity on the individual.
Susceptible people become infected once they are infected, and a proportion of infected persons
return to susceptible groups after remaining infected throughout the period of infection, and the other
portion of infected persons are moved to the isolation category until they are no longer infectious and
subsequently revert to the susceptible category. In this context, Herbert et al. [13] explored an SIQS
model of infectious disease that emphasizes the importance of isolation for controlling the spread of
disease and its dynamic mechanisms

ds
dit_) =A=BSOI®) — uS @) +yI(1) + pQ(®),

% =S = (u+y +6+a) (), o

% =6I(t) — (u+p +a)Q(1).

In mathematical modeling, the form of the incidence function significantly affects the system
dynamics characteristics [14, 15]. Wei et al. [16] showed that the equilibrium stability and the
time-lag-induced Hopf bifurcation behavior of a predator-prey model using a
Beddington-DeAngelis-type functional response function are highly dependent on the parameter
structure of this function. Similarly, in the field of human infectious diseases, the introduction of
nonlinear incidence rates makes the models more relevant to reality: Liu et al. [17] used generalized
incidence rates under random perturbations in a variable population size SEIS (susceptible, exposed,
infected, and again susceptible) model to analyze extinction and persistence thresholds and to reveal
the modulation mechanism of noise on disease transmission; Wei et al. [18] further constructed two
stochastic differential equations (SDEs) perturbed by white noise and one ordinary differential
equation (ODE) described by a hybrid model to derive sufficient conditions for extinction and
persistence of disease transmission based on an incidence function parameterized by constant
exposure rates; Chen et al. [19] investigated the dynamical behavior of a stochastic SIR model with
standard incidence rate and demonstrated the existence of stationary distribution of endemic
equilibrium points in conjunction with the Lyapunov function. For some infectious diseases, such as
avian influenza and dengue fever [20,21], a bilinear form of incidence based on the mass action law is
widely used and has been shown to model the spread of these diseases well. However, in practice,
when faced with a disease outbreak, susceptible people tend to take self-protective measures to
minimize contact with infected people, mainly due to media reports and individual psychological
reactions to the disease [22]. In addition, for situations like sexually transmitted diseases, it may not
be accurate to assume that contact between individuals in a population is uniformly distributed [23].
Therefore, in order to more accurately characterize the actual spreading process of a disease, it is
common to use incidence functions that have a general nonlinear form [22, 24, 25]. To make the
model (1.1) realistic, we use the nonlinear incidence rate f(S (), I(¢)), and assume that the mortality
rate associated with infectious disease in the infected population is different from the mortality rate
associated with infectious disease in the isolated population, respectively a4, a3, i.e.,
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ds
% =BFSOIW) = (u+y + 5+ anl), "
d

%t) = 0I(t) = (u + p + @) Q).

Significant progress has been made in characterizing the dynamics of infectious diseases with
quarantine mechanisms using stochastic SIQS models. Existing studies, such as Wei et al. [11]
developing a stochastic model incorporating a saturated incidence rate, provide valuable insights into
complex transmission behaviors. However, such models typically introduce environmental noise
solely in an additive form within the state equations, and their analysis is predominantly confined to
the stability near the disease-free equilibrium. This approach fails to adequately capture the intrinsic
interference of noise on the core parameters governing the transmission process. To construct a more
realistic stochastic system, incorporating Brownian motion into deterministic models is a common
methodology [22, 26-30]. This study presents a key advancement within the stochastic SIQS
framework: we employ a nonlinear incidence rate f(S(¢),(¢)), which better reflects practical
transmission dynamics, while simultaneously accounting for stochastic perturbations affecting the
transmission coefficient g, i.e., 8 — B + oB(f). Consequently, the deterministic model (1.2) is
transformed into the following stochastic SIQS system, characterized by a nonlinear incidence rate
and parametric stochastic perturbation of the transmission coefficient

ds (1) =[A=Bf(S @), 1) — pS (@) +yI@) + pQO)]dt — o f(S (1), 1(1))dB(1),
dl(t) = [Bf(S (), 1(t)) — (u+y+ 06+ a)l®)]dt + o f(S(2),(t)dB(1), (1.3)
dQ(t) = [61(1) — (u + p + a2)Q(1)]dt,

where S (7), I(t), Q(t) indicate susceptible, infected, and isolated population, respectively. B(f) indicates

independent standard Brownian motion, and o indicates the strength of B(¢). The definitions of the
remaining parameters in the model are outlined in the Table 1.

Table 1. Meaning of parameters in the model (1.3).

Parameters Meaning

Recruitment rate of the population

Natural mortality of the population

Infectious disease-related mortality in the infected population
Infectious disease-related mortality in the isolated population
Transmission coefficient

Metastasis rates in infected population

Rate of loss of immunity in the infected population

Rate of loss of immunity in the isolated population

T R %hggt:h

Against this background, the study of the dynamical behavior (extinction and stationary
distribution) in such models has become a hot topic in epidemiology and applied mathematics.
Extinction is when the infectious disease no longer occurs. Stationary distribution is when the
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probability distribution of the system state reaches a steady state on long time scales [21,31]. It not
only reveals the persistence of the disease in a stochastic environment, but also helps us to assess the
effectiveness of long-term intervention strategies. However, analyzing the existence and uniqueness of
stationary distribution is a complex and difficult task that requires advanced mathematical
tools [23,25,32,33].

What follows is organized according to the following structure: the necessary theoretical
background information is provided in Section 2. Then, Section 3 reveals the specific conditions
under which the disease extinction is under model (1.3). Section 4 further explores the conditions that
need to be met to form a stationary distribution for the model (1.3). In order to consolidate the
theoretical assumptions made in the previous sections, Section 5 conducts relevant numerical
simulation experiments. Finally, Section 6 summarizes and concludes the whole study.

2. Preparations

Let (Q,{F:};»0, P) be a complete probability space whose filters {F,};>o meet the standard
requirements for this work. We consider the formulation of model (1.3) on a probability space
(Q,{Fi}0, P).

To facilitate the subsequent analysis, we make the following assumptions:

(¥';) The function f(S, I) is second-order continuously differentiable on the entire positive real two-
dimensional space R?, which suggests that the rate of disease transmission does not change suddenly,
but follows a gradual process that is consistent with the nature of disease transmission in the real
world. f(S,I) is monotonically increasing for § > 0, which means that as the number of susceptible or
infected population increase, so does the number of transmission events, which is consistent with our
basic understanding of the spread of infectious diseases. f(S,0) = f(0,7) = 0 for all (S5,1) € Ri, the
so-called “zero boundary condition”, emphasizes the intuitive fact that in the absence of susceptible
or infected population, the spread of disease is necessarily zero. This principle forms the basis of all
models of infectious disease and highlights the critical role of susceptible and infected population in
the transmission of disease.

(P,) @ < w forany 0 < S < S*, 1> 0, and w > 0, where S* = %. This assumption
effectively requires that when an infectious disease outbreak occurs, the actual transmission efficiency
of each infected individual does not exceed the peak transmission efficiency at the beginning of the
outbreak. This suggests that the transmission of a single infected person decays as the susceptible
population decreases or as prevention and control are strengthened.

(¥'3) Assuming there exist constants 7 > 0,5, > 0,8, > 0 such that they satisfy the condition

; B1+BDf(S.D
Jnf {SHEGIED) > g 2.1)

This assumption ensures that there is a strictly positive lower bound 1 on transmission efficiency (within
the plausible region I'). It prevents biologically impractical “complete stagnation of transmission” in
the model and ensures that the disease always retains a minimum potential for transmission while there
are still susceptible and infected individuals.

With (¥)) and (¥,), we have
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(1) For any (S, 1) € R2, %S0 i5 jrreducible to S, and

+2? ol
af(0,1) _ 9£(S,0)
ol 8§

(2) For any constant r > 0, s > 0,1let J = {(S,1) : S 20,1 >0,r < S +1 < s}, then

0.

fS.D fS.D

max{ T }<oo. (2.2)

(S,heJ

Define

r:{(s,z,Q)eRi: §S+I+Q§%}.

H+a +a
Lemma 2.1. Every trajectory of model (1.3) stays on a tight set T.
Lemma 2.2. For all initial values (S(0),1(0), 0(0) € R3, model (1.3) has a unique solution
(S (1), I(2), Q(2)) that stays within R3 with probability one for all t > 0.

A detailed proof of this lemma can be based on [34].

Let m be the Leberger measure on R3, and let B(R?) be the o—algebra of a Borel subset of R3. The
subset of the space L' = L'(R3, B(R3), m) containing all densities is denoted by D

D={gel',g>0,lglly =1}

where || - |1 denotes the quantity of paradigms within L'. Given a linear mapping P : L' — L!, an
operator P is said to be a Markov operator when P(D) C D.
Ifk: R3 X R3 X R — [0, o) is a measurable kernel function such that

[ k(S,1,0:8 1.1\, Q)m(dS,dI,dQ) = 1, (2.3)

R

forall (Sy,1;,Q;) € R® and

Pg(S,1,0) = fk(S,I, 0;81,11,00)g(S 1,11, Q)m(dS 1,dl,,dQ),

R

then P is an integral operator and k is the kernel of the integral operator P.

If the following criteria are met by the family of Markov operators {P(t)}:>0,

(a) P(0) = Id, where Id is a constant operator on L',

(b) P(t + s) = P(t)P(s) for every t, s > 0.

(c) P(t)g is continuous, for t > 0 and g € L', then {P(1)},5( is a Markov semigroup.

Lemma 2.3. Let {P(t)};>0 be a continuous kernel k(t;S,1,Q;S 1,1, Q) and a semigroup of integral
Markov chains on L', and let t > 0 satisfy (2.3). Suppose that for any g € D,

I~ P(g(S, 1, Q)dt > 0. (2.4)

Then, with regard to the tight set, the Markov semigroup {P(t)};so is either sweeping or asymptotically
stable [35, 36].
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3. Extinction

Define

o _ af(S*,0) B _19f(57,0), o?
0 ol u+y+d+a; 2 ol U+y+o+a;

Theorem 3.1. For all initial value (S (0), 1(0), Q(0)) € Ri, if Y1), (¥2) hold and R}y < 1, then

) In I(¢)
lim sup

t—00

Su+y+o+a)(Ry—-1)<0,

and the infection will be extinct.
Proof. By Ito’s formula for /ni(¢), then

_ Bf(S(®),1(n) o fA(S ), 1()) o f(S (), 1(2))
dlnl(t)_(T—(,u+y+5+a1)— 20 )dt +TdB(t).

The above equation integrates from O to ¢ and divides by 7, and we have

In/(-In 1(0) lnI(O) f (ﬁf(SI(S) ,1(s)) C(uty+6+ar) - 2fz(SZ(S) I(S)))
(s) 21%(s)
S(s),1
f o 1((?) G
g 53/(8°.0) ey esean - 0_(6f(S JUSI! f IS LIS
ol r Jo 1(s)
By the powerful number law of the harness [34], we obtain
1 (Mo f(S(s),1(s)) _
Hence, 2
lmsup i < SN0 g C S0
Suty+o+anR)—1).
If Ry < 1, then lim sup = Inf (‘) < 0, which means that the infection will be extinct. O

>0

4. Stationary distribution

Theorem 4.1. Assuming that (¥) and (Y,) hold, the transfer probability P(t; S 1, I, Q1; B) of a solution
(S (1), I(2), Q(t)) of model (1.3) has a continuous density k(t;S,1,Q;S 1,1}, Q1) € C°(R, X R> X R?).
Proof. Considering two differentiable vector fields A(S) and I(S) on R", the Lie bracket defined by
[A,1(S) = ([h, 111(S), [h, 1]o(S), - - -, [k, 1],(5)) is also a vector field

[hl(S)—Z(h — () -1 (S))z—12

08 ; Jas
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where

hS,1,Q)=| BfS,)—(u+y+d+anl of(S,1)

A=Bf(S, 1) —puS +yl +pQ -0 f(S,1)
(S, 1,0) = :
ol —(u+p+ay)Q 0

Based on computation, we can obtain [A, [](S, I, Q) = (E,, E,, E3)T, where

Ey=—-[A—-uS +vyl +pQ]o-af(§§’ D +[(u+y+o+ al)l]aaff;;’ D
—Hof(S, D) —yo f(S, D),
E,=[A—-uS +yl +pQ]O'aféSS’ D —[(u+y+0o+ al)l](raf(;;’ D

+(u+y+o+a)of(S,I),
E;s = -60f(S,]).

Continuing with the computation, we have [h, [k, []](S, 1, Q) = (Fy, F3, F 3)T, where the values of F,
_ 9f(S.D) _ Of(S.D _ fES.D

F», and F3; see Appendix A. For ease of computation, we denote v| = ==, v, = =7, v3 = =5,
_ PSS _ O fG.D _ PfS.D
V4= Tres Vs T Tasz V6 T Tap

By direct computation, we have the determinant

-of(S,1) E; F,
| 1 [h 0 [h[h 0Ol =| of(S,1) E» F»
0 E; F;

From E F3 + EyF3 — EsFy — E3F, < 0, the above determinant is greater than 0. This implies that
L, [h, 1], [h, [h,1]] is linearly independent on Ri almost everywhere. Therefore, for any Ri, the vector
I, [h, 1], [h, [h,[]] spans the space Ri. We find that the transfer probability function P(t; S 1, I1, Q; B) has
continuous density k(¢; S, 1, Q; S 1,1, Q1) € C*(R, xR3 xR>) by applying the Hormander theorem [37].
In what follows, we examine the positivity of the kernel function k(#; S, I, Q; S 1, I;, Q1) according
to the support theorem [33]. Considering a fixed constant 7 > 0, for arbitrary point (S, I}, Q1) € R3

and function ¢ € L3([0, T, R),

Se() =81+ fol [F1(S 6(5), s(5), Qy(5)) = TOF(S 4(5), I4(5))]1ds,
Iy(t) =1, + fot [f2(5¢(s)’ 14(5), Qy(5)) + TP f(S 4(5), 14(5)))ds, 4.1
Qu(1) = Q1 + [ f5(S 4(5), 1y(5), Qy((5))ds,

where
N (qu(s)’ I¢(S), Q¢(S)) =A —,Bf(Sqﬁ(S), I¢(S)) - IJS¢(S) + 71¢(S) + PQqﬁ(S),
J2(8 4(5), 15(5), Qp($)) = BF(S4(5), Lp(5)) — (+ ¥ + 6 + a)ly(s),
J3(S 5(8), 15(5), Qp(5)) = 61y(s) — (L + p + @2) Oy (5).

We denote X = (S,1,0)", Xy = (S1,1;,0))", and let Dyx,., be the function’s Frechet derivative
from ¢ = X4..(T) to X. If for Dy, 4, the derivative Dy, 4 has rank 3, then for X = X,(T), there is
k(T;SaI’Q;Sl9II’Ql)>O‘ O
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f1(S,1,0)
Let y(1) = f/(Xy4(1)) + ¢g’(X4(1)), where f; is the Jacobi determinant of f; = | f»(S,1, Q)

[(S,1,0)

-0 f(S,I)

g:[ of(S,I) ]
0

Theorem 4.2. Suppose that (¥,) and (¥,) hold, and that for any (S,1,,01) € ' and (S,1,Q) € T,

there is T > 0 such that k(T;S,1,0;S1,1;,0;) > 0.

Proof. We first prove that the rank of Dy, is 3. Since we only consider the continuous control function
¢, then (4.1) can be rewritten as follows:

S grc(®) = f1(S pre(D): Lyre()s Qpre(1)) = (@ + )D) f(S gic(D), Lgre(D)),
Ly1c(1) = foS p4e(0), Ly (1), Qpic(D)) + (P + DS p4c(D)s Lpie(D)) (4.2)
Qprc() = f5(S grc (), Lp1c(1), Qv (D).

Calculating the derivatives of the system of equations with respect to ¢, and setting ¢ = 0, we obtain

{(%@));) o (qb)‘?f o (¢)"f ;i [(S¢(t));,]

ONEE "”’2 + (¢) G <¢) 7 || GO
—<Tf (S4(0), 1¢(t))
o f(S4(0), 14(1))
0
where
(ﬁ_f afi B_f) (6f(S 1, Q) 0fi(S,1, Q) 0fi(S,1, Q)) |
85 81 0Q oS ol aQ (S,1,0)=(S p(1),15(1),04 (1)),
f Of ¢ 8f(S I) of(S.1) ¢
(5 E) =( al ) l¢s.1)= (S 4 (D.14(1)).
Fori=1,2,3, set
W05 G-y B (S o(1)),
(o) = afz +o@g Lro@)d L |LUD=| U0, ]
o o §—Q (Qs(D):.
From (4.3), we can get
=Y @OU + uf(S4(), 15(1)), 4.4)

where u = (-0, 0,0)". Since for any c, (S 9+¢(0), 15:.:(0), Qy+c(0)) = (S1,1;, Qy), the initial condition
is established as U (O) (0,0,0). Define R(t) as the principal fundamental matrix solution to the
differential system = Y()U, and let R(z, s) = R(1)R™'(s) for parameters 0 < s < t < T. Applying
the constant var1at10na1 method, we have

T
U@ = f(; R(t, s)uf(S 4(5),15(s))ds.
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Then, we get
T
Dyx,.pc = f R(T, )uf(S 4(s).15(s))c(s)ds.
0

Let & € [0,T] and () = 1j7-¢7)(t) denote the indicator function on the interval [T — &, T]. Based
on the Taylor expansion,

R(T,s)=1+y(T)(s—T) + %z,/lz(T)(s —T)Y +o((s=T)>%).

Hence,

T
Dy,.4c = f R(T, $)uf(S 4(s),15(s))c(s)ds
0
1 1
= gu— &Y+ &Y (Du+ o),

By B, p -0 B,
Y(TMu=| By By O g =| B, |,

where

0 0 Bxs 0 B
Dy Dy Dy -0 D,
Y (T)u=| Dy Dy Dy o |=| D, |,
D3y D3, D3 0 D;
with the values of each of the above parameters; see Appendix B.
By calculation, we obtain the determinant
-0 Bl D1
lu y(Tu Y (Tu|=| o By D, |=-0(B:Ds— DyB3) — o(BD; — D\ By).

0 Bz Ds

It follows from B,D; — D,B; > 0 and B;D; — D;B; > 0 that the above determinant is less than
0. This means that u, y(T)u, y*(T)u is linearly independent everywhere on R®. Therefore, the rank of
Dy, 1s 3.

Then, we prove that given any two points (S, /1, Q) € ' and (S», I, ;) € I, there is a control
function ¢ such that the solution of model (1.3) satisfies (S 4(0),14(0), Qs(0)) = (Sy,1;, Q1) and
(S o(T) Io(T), Qo(T)) = (S 2.1, Q).

Let Ty =S4 + Iy + Qy, then the model (4.2) becomes

S9(1) = 81(S 4(1), Y (1), Q1) = TG f(S (1), Ty (1) = S (1) — Qp(1)),
Ty(1) = 82(5 (1), T(1), Qy(1)), (4.5)
Qy(1) = 83(S 4(1), Ty(1), Qg (1)),

where

&S, T,0) =A=-Bf(S,T-5 -0)—uS +y(T -5 - 0) +pQ,
&S, T, Q) =A—-puT-a (Y-S5 - 0) - a0, (4.6)
88,1, Q) =6(T =S5 -Q)—(u+p+x)0.
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Let
A A

A
Iy = {(S,T,Q)eRi 0<S5,0<—, ——— <T<-,S§ <T,Q<T}.
U+t H
Assume that there is 7 > 0 for any (§1,7;,Q1) € Iy and (S,,T,, Q) € Ty, such that
(S,,,(O), T¢(0), Q¢(0)) = (51, T1,Q1) and (S¢(T), T¢(T), Q¢(T)) = (82,12, 02).
To construct the function ¢, we employ the subsequent methodology. We start by determining a
differentiable function
A A)
p+a+ay pu
which satisfies T4(0) = Y1, To(T) = T2, Ty(0) = g2(S1, 11, Q1) = T3, Ty(T) = g2(S2, T2, Qo) =
Yy, and

A= (U+a; +a)Ty(t) < Ty(t) < A—ply(t), 1 €[0,T]. 4.7)

In order to satisfy the above condition, we divide the formulation of the function ', into intervals
[0,w],[w,T —w], and [T —w,T], where 0 < w < % Let

1 A A A A
ﬂ:—min{‘rl— , 1o — ,——Tl,——‘I’Q}.
2 H+a+a H+a +a; u u

If Yy € ( A__ 19,4 —9), we have

pragt+az H
A-(u+a+a)YVy(t) < —(u+a; +a)d <0,A - puYyt) > ud > 0. (4.8)
Therefore, according to (4.8), we can construct a C? function Ty

A A
0.w] > (—————+ 39, —-1),
H+ar+ar H

which satisfies T4(0) = T, ‘Y’¢(O) =Ts, ‘Y’¢(w) =0, and (4.7) fort € [0, w].

Meanwhile, we also can construct a C? function Ty:

A A
(T -w,T] » (—— +9,— - 1),
pra+a, p

which satisfies Yy(T) = T2, To(T) = Y4, To(T —w) = 0, and (4.7) fort € [T —w, T].

A A
Ty:[O,wIN[T -—w,T] » (———+ 3, —-9).
H+ar+a H

Hence, we can expand the function to a C? function T, defined on [0, T], provided that T is
sufficiently large, such that

A—(u+a +a)Yy(t) < —(u+a; +ap)d < ‘Y‘¢,(t) <pd <A - uTy(),

for t € [w,T —w]. Then, the function T, satisfies (4.7) on the interval [0,T]. Thus, we are able
to determine two C'—functions S, and Q, that meet the requirements of the first equation and third
equation of (4.5). Furthermore, a continuous function ¢ can be found from (4.5).
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The control mapping ¢(7) : [0, T] — R is ultimately defined through the following construction:

A=BF(S (1), Ty(1) =S (1) = (1)) =S (1) +y (L (1) =S (1) = O (1)) +p O (1) — S¢(t)
Tf(S (1), Ly(1)=S ¢(1) = Oy (1))

Therefore, on the interval [0, T'], we can finally get

Sg(1) = A = BF(S (1), T(1) = S 4(1) = Qp(1)) = S 5() + V(L) = S 4(1) = Qy(1))
' +pQy(1) = TP f(S 4(1), Ty (1) = S (1) — Qy(1)),

Ty(t) = A = pYo(0) — a1 (o(t) = S (1) = Qy(1) — @204(0),

Qy(1) = 6(Yy(1) = S (1) = Qy(1) = ( + p + @2) Dy (1).

Based on the above discussion, we determine ¢ such that the solutions of (4.1) satisfy
(§4(0), C4(0), @p(0)) = (S1, 11, Q1), (Sy(T), Yo(T), Qp(T)) = (S2, T2, Q). Therefore, by supporting
the theorem [28], we can conclude that for any (S,7;, Q) € I'and (S, 1, Q) € I', there is T > 0 such
that k&(T'; S, 1, Q; S 1,11, Q1) > 0. O
Theorem 4.3. Suppose that (Y1) and (‘¥>) hold. If Ry > 1, then the semigroup {P(t)};so is sweeping or
asymptotically stable with respect to the tight set.

Proof. Theorem 4.1 gives us that {P(#)}5 is a complete Markov semigroup with a continuous kernel
for t > 0. It follows from Lemma 2.1 that it is sufficient to investigate the semigroup’s restriction to
the space L!(I'). Theorem 4.2 gives us the result that for every g € D,

¢(1)=

f P(t)gdt > 0.
0

Therefore, we deduce that the Markov semigroup {P(#)};»o is sweeping or asymptotically stable with
regard to the tight set from Lemma 2.3. O
Theorem 4.4. Suppose that (¥), (¥2), and (¥3) hold. If Ry > 1, then the semigroup {P(1)}q is not
sweeping for any tight set, and there exists a unique stationary distribution.

Proof. To eliminate sweeping, a nonnegative twice continuously differentiable function V and a closed
set M must be constructed to satisfy

sup ¢V < -1,
(S,1,Q)el'\M

Denote 87(5°0)
: P

Ry =

u+y+86+a+ O_Z(Gf(S 0))

Then, Ry > 1 is equivalent to R} > 1. We define the following:

V(S,I, Q) :NV1 +V2+V3, (49)

where V|, = § + (1 + #+7+6+(11)I+2Q—a1 InS —a,Inl,V, = —InS, V3 = —InQ, and N, a,, a, are

positive constants satisfying

af(§*,0) 1 1

-—,a2 =
or  An p+y+8+a+ oS0 0))

a =
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and

-Né+Cy < -2, (4.10)

where

£ =3[(Ry)s 11> 0,
N OS(5°,0) G+ BK + 30°K?)
ol An

C=NA+

1
+NB +2u+p+ar+BK, + 50-21(12,

BB af(S*,0) }
Ci= su -NQu+p + 2 + N6 + I1+Cy,,
1 (S,I,QI))GF{ @utp )0 ( u+y+9o+a ol )
Cry= sup {C—-NuS -NQCu+p+2a)0}.

(S,1,0)el’

It is clear that when (S, I, Q) approaches the boundary of Ri, V(S,1, Q) converges to +oco. Therefore,

V(S,I, Q) has a minimum value at point (S,/;, Q;) € I. We can define a nonnegative C>—function
V(S,1,0)

V(S’Ia Q) :NVI + V2+ V3 - V(Slalla Ql)

By (2.2), we set @ < K, where K is a positive constant, then

@ Vi = A=Bf(S, D =S +yl+pQ + (1 + =) Bf(S, D)

Fy+o+a
—(/1+)/+6+041)I)+2(5I—(y+pi¢yy2)Q)
~TA-BAS. D~ S + 71 +pQ) = FBFS. D = (u+y+5+a))

aio? (f(S,D)*  aa® (f(S,D)
+ +
2 S? 2 I?
=A-uS —Qu+p+20)0—-(u+0o6+al
BB f(S,I)—,Bl—,BZI+2(SI—a1A+a1’8f(S’I)

u+y+o+a S S
_ayl  apQ  aBf(S, 1)

+au S +a(u+y+o+ap)
+a1<72 (f(S, D) N aa? (f(S, D) s
2 e 2 2 975" 0)
<A—puS —Qu+p+2a)0 + (26 + pB ACHE )

U+vy+0o+a 861
1 l S*,O
tai(u+ Ky + EO'ZKf) +ar(u+y+o+ar+ 502(—f( ))2)

ol
—((B) + o) + a;A + az,BfI(S,I)) + 1.

Usinga+b+c > 3(abc)% and combining (2.1), we obtain

Vi <A—uS —Qu+p+2a:)0 + (26 + —LL_UC 0y

Uty+o+ag ol
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1 1 *
+a(u + BK; + 502K2) +a(u+y+5+a+ Ea-z(w

Saapa ETEDED

<A-—uS - Qu+p+2a)0+ (20 +

LOF(S*.0) (u+ BK: + 507K}
ol An

SA-uS —Qu+p+2a)0+ (20 +

L 01(5°.0) (u + BK, + 30°K})

%)

BB af(s*,0)
u+y+o+a 0l

)

~2-3[(R)* — 11+ By

B af(§*,0)
u+y+o+a; 0l

)

—-&+
ol An &+ B, 2
¢ Va = —5(A=Bf(S, D —puS +yI + pQ) § QUCD?
. 7 p0 1 oo
< —— K _ P C 2k
- S +ﬁ 1+M S S +2 1

Vs =—50l -~ (u+p+a)Q) =G +u+p+a.

Therefore,

@'V < NA = NuS = NQu +p +2a,)Q + N(26 + —L22_2C 0y

pAy+o+ay
6 §*,0) (u +BK, + 50°K7) A
f(al ) A —N§+Nﬁ1—§+ﬁK1+2ﬂ
v_pQ b1

212
- - cKi—-—+p+
s s 2 o PT®

< NE - NuS — NQu +p +2a2)Q + N@o + —PE_9165-0)

u+y+o+a, 0l

Define a closed set M inI” as follows:
:{(S,I,Q)erzbss <SLb<I<S K <Q<S7Y,

where b > 0 is a sufficiently small constant and the assumption is

A
—Ng—E+C1 <-1,
1

__ BB 9S*.0)
N(26+ pu+y+o+a; 0l )

§
-N¢——+Cy < -1.
-5 TG

Subsequently, I'\M will be decomposed into three different subsets

={8,1,0)eTl:0< S <b},
M, ={(S,1,0)el':S >b,0<1<b},
M;={(S.1.Q)eT:S 2b,12b,0<Q<b}.

)
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Case 1. If (S, 1, Q) € M,, we have

BB af(s*,0)
SV < _N& — —NQ2 2 2 1
¢V < =N&=NuS = NQp+p + 2a2)Q + N( 5+’u+7+5+a’1 ol )

A_vl_pQ @.11)

A
S—Nf—N/JS+C1—§S—N§+C1—ES—1.

Case 2. If (S, 1, Q) € M,, we have
BB af(S*,0)

“V < —NE—NuS - N2 2 C+NQ6 I
¢V < -N&—Nu Qu+p+2a)0 + C + N( +u+y+6+a1 o )
vyl &1
) (4.12)
0f(S*,0
< —N&+C, + N(25 + B A ))bs—l.
U+y+0+a ol
Case 3. If (S, 1, Q) € M5, we have
of(S*,0
@'V < —=NE—NuS — NQu+p +2a,)Q + N(26 + Pb /T ))[
sI U+y+o+a ol
+C—pS—Q—— (4.13)

Hence, from (4.11), (4.12), (4.13), we can obtain b > 0O sufficiently small such that ¢*V < —1 is not
sweeping for all (S,7, Q) € I'\M. Then, due to the argument of [26], we may determine that the
semigroup {P(#)};s0 1s not sweeping for any tight set because of the presence of the
Khasminskii function. O

5. Numerical simulation

This part will involve some examples to test the previous theory. These examples are based on the
model (1.3) that we constructed and discussed in Sections 3 and 4. For specific approaches to numerical
simulation, we refer to Carletti et al [38] as well as Higman [39]. Furthermore, the discretized system
corresponding to model (1.3) is shown below

Skt =Sk +[A=Bf(Sk, ) — uSk + vl + pQi]At
— 0 f(Sk I VAL + 50(& — DA,
L1 = L+ [Bf(Sk l) — (u+ 7y +6 + a)]At
+ 0 f(S i I VAL + 1o(& — DAY,
Oi+1 = Ok + [0l — (u + p + a2) Ok]AL,

where the time increment Az > 0, & is an independent Gaussian random variable, which adheres to the
distribution N(0,1),k=1,2,-- -, n.

Before carrying out numerical simulation, we perform a sensitivity analysis of the relevant
parameters of Rj by means of the PRCC (partial rank correlation coefficient) values [40]. From

Electronic Research Archive Volume 33, Issue 7, 4259-4283.



4273

Table 2. Parameters and values.

Parameters Example 1 Example 2 Example 3
AR % 1+SA£12 m
A 0.25 0.32 0.18

2.1 1.6 1.3
U 0.05 0.12 0.1
0 0.35 0.32 0.25
Yy 0.3 0.28 0.2
P 0.01 0.2 0.15
) 0.17 0.1 0.23
o) 0.15 0.12 0.25
A4 0 0 0.1
Ay 0 0.2 0.2

0.4 w w r r | |

PRCC Value

0.5 1 1 1 1 1 1
B p v § o o

Parameters
Figure 1. The PRCC values for parameters related to R;).

Figure 1, it can be seen that parameters y, y, 6, a1, o have negative correlation with R and parameter
B has positive correlation with R}. This means that increasing § may lead to disease outbreaks; on the
contrary, increasing u, v, d, @y, o favor blocking the spread of the disease.

Initially, in order to test our theory, we investigate the dynamical behavior of the three nonlinear
incidence rates in model (1.3) (satisfying assumptions (), (¥;), and (¥3)), i.e., standard incidence
(Example 1), non-monotonic incidence (Example 2), and Beddington-DeAngelis incidence
(Example 3). The next values taken are shown in Table 2.

Example 1 It is clear that (W) and (¥,) hold. When 8, = 0.5, 3, = 0, = 0.1, (¥5) holds. Further, we
obtain R} = 2.4138 — 020.5747.
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Figure 2. Paths of /(¢) of model (1.3) for different o~ with initial values of (S, Iy, Qp) =
(1,1.5,1). (a) Standard incidence(o- = 1.6); (b) Non-monotonic incidence(oc = 1.0); (c)
Beddington-DeAngelis incidence(o = 1.1).

0 50 100 150 200 250 300 350 400 450 500
t

(a)

0
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t
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t

(0

Figure 3. Standard incidence: paths of S (¢), I(¢), and Q(¢) of model (1.3) for different noise
intensities (a) o = 0.1, (b) o = 0.3, (¢) o = 0.5 with initial values of (S, Iy, Qo) = (1, 1.5, 1).

When o takes the value of 1.6, the corresponding R is 0.9427 and the numerical simulation is
shown in Figure 2(a). The corresponding R; is 2.4081, 2.3621, and 2.2701 when o takes the values
0.1, 0.3, and 0.5, respectively, and the numerical simulations are shown in Figures 3 and 4.

Example 2 It is obvious that (¥;) and (¥;) hold. When 8, = 0.5,8, = 0,7 = 0.1, (¥5) holds. Further,
we obtain R} = 5.2033 — 0%4.3362.

When o takes the value of 1.0, the corresponding Rj is 0.8671 and the numerical simulation is
shown in Figure 2(b). The corresponding R} is 5.1599, 4.8130, and 4.1193 when o takes the values
0.1, 0.3, and 0.5, respectively, and the numerical simulations are shown in Figures 5 and 6.

Example 3 It is evident that () and (¥,) hold. When 8; = 0.5,5, = 0, = 0.1, (¥5) holds. Further,
we obtain RS = 2.5424 — 0*1.4916.

When o takes the value of 1.1, the corresponding Rj is 0.7376 and the numerical simulation is
shown in Figure 2(c). The corresponding R is 2.5275, 2.4082, and 2.1695 when o takes the values
0.1, 0.3, and 0.5, respectively, and the numerical simulations are shown in Figures 7 and 8.

Next, we simulate the infected population /(¢) in model (1.3) using different isolation rates . The
other parameters are detailed in Table 2, and the numerical simulations are shown in Figure 9.

We observe that the behavior of susceptible, infected, and isolates may differ significantly when
the noise intensity is different, and higher noise may lead to greater volatility, but even so, these paths
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Figure 4. Standard incidence: histograms and stationaried curves of the probability density
functions of S(¢), I(r), and Q(r) for the stochastic model (1.3) with noise intensities o =
0.1(left panel), oo = 0.3(middle panel), and o~ = 0.5(right panel), respectively.

still show some stability. Figures 4, 6, and 8 show histograms and stationaried curves of the respective
probability density functions of susceptible, infected, and isolated at different nonlinear incidence rates
and different noise intensities. The form of the probability density function can be seen to change
under different noise intensities (the left, middle, and right panels correspond to different levels of
noise, respectively): the stronger the noise, the distribution may become broader, with a lower peak
reflecting a greater degree of uncertainty, suggesting that stochastic factors increase the variability of
the system; however, it forms a stable form of the distribution, suggesting that, even under the influence
of stochastic factors, the system is able to maintain its characteristic long-term behavior pattern.

In the case of standard incidence, non-monotonic incidence, and Beddington-DeAngelis incidence,
it is shown that when Rj < 1, the disease will become extinct (see Figure 2). In addition to this,
the susceptible population will increase when the infected population becomes extinct. This is due to
the fact that the susceptible population will not be infected. From the model (1.3), the source of the
isolated population is only the infected population, so the isolated population also becomes zero after a
period of time when the infected population becomes extinct. When Rj) > 1, it will be model (1.3) that
there exists stationary distribution, and the disease will persist for a long time (see Figures 3, 5, and 7).
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Figure 5. Non-monotonic incidence: paths of S(¢), I(¢), and Q(¢) of model (1.3) for different
noise intensities (a) o = 0.1, (b) o = 0.3, (¢c) o = 0.5 with initial values of (S, Iy, Qy) =

(1,1.5,1).
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Figure 6. Non-monotonic incidence: histograms and stationaried curves of the probability
density functions of S (¢), I(¢), and Q(¢) for the stochastic model (1.3) with noise intensities
o = 0.1(left panel), o = 0.3(middle panel), and o = 0.5(right panel), respectively.

When the noise intensity o is set to 0.1, the stochastic fluctuations within the model (1.3) are minimal,
resulting in trajectories that exhibit relatively stationary behavior. In contrast, as o increases to 0.3
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Figure 7. Beddington-DeAngelis incidence: paths of S(¢), I(¢), and Q(¢) of model (1.3)
for different noise intensities (a) o = 0.1, (b) o = 0.3, (¢c) o = 0.5 with initial values of

(S(),I(), Q()) = (1, 15, 1)
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Figure 8. Beddington-DeAngelis incidence: histograms and stationaried curves of the
probability density functions of S (¢), I(¢), and Q(¢) for the stochastic model (1.3) with noise
intensities o~ = 0.1(left panel), o = 0.3(middle panel), and o~ = 0.5(right panel), respectively.

and further to 0.5, the model (1.3) experiences heightened stochastic perturbations, leading to more
pronounced irregularity in the trajectories. This demonstrates that the influence of stochastic factors
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Figure 9. Paths of I(¢) of model (1.3) for different 6 with initial values of (S, Iy, Qo) =
(1, 1.5, 1). (a) Standard incidence; (b) Non-monotonic incidence; (c) Beddington-DeAngelis
incidence.

on the model (1.3) becomes increasingly significant with higher noise intensities. In addition, it can be
seen that as ¢ increases, the number of infected population /(¢) will decrease (see Figure 9). Combining
with the perspective of the threshold Ry, where an increase in ¢ implies a decrease in Ry, the disease
will become extinct, which means that isolation measures can reduce the spread of the disease.

6. Conclusions

Building upon the deterministic SIQS model framework established by Herbert et al. [13], this
study incorporates nonlinear incidence rates and stochastic perturbations acting on the transmission
coefficient to construct and analyze a stochastic SIQS infectious disease dynamics model. Compared
to the stochastic SIQS model proposed by Wei et al. [11], which employs a saturated incidence rate
and confines stochastic perturbations to fluctuations around the disease-free equilibrium, our work
incorporates a broad class of nonlinear incidence functions. This approach overcomes the limitation
of the specific saturated functional form used in [11], significantly enhancing the model’s capacity to
describe complex transmission mechanisms. Furthermore, distinct from the equilibrium-centric
perturbations in [11], our model directly applies environmental noise to the core transmission
parameter (the transmission coefficient). This formulation more realistically captures the fundamental
impact of stochastic factors on the infection process. The specific investigations conducted are
detailed as follows:

First, we obtain the condition for the extinction of infectious disease, i.e., R < 1 (see Theorem 3.1).
Subsequently, through Markov semigroup theory, we derive the related Theorems 4.1-4.3. Meanwhile,
a suitable Liapunov function is constructed to verify the sufficient condition for the model (1.3) to
reach a stationary distribution, i.e., R > 1 (see Theorem 4.4). In this way, we hope to provide new
perspectives and tools for understanding and predicting the development of such infectious diseases.

Furthermore, since f(S(¢)I(¢)) is not specified as a concrete function, we support our theoretical
findings by introducing three specific forms. Figures 3 and 4 illustrate the dynamics of disease under
standard incidence, Figures 5 and 6 depict the dynamics of disease under non-monotonic incidence,
and Figures 7 and 8 demonstrate the dynamics of disease under Beddington-DeAngelis incidence.
Finally, Figure 9 reveals that as the isolation rate ¢ increases, the disease transmission rate decreases.
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The paper not only improves the understanding of the transmission mechanism of complex
infectious diseases, but also provides a scientific basis for the development of effective intervention
strategies. By adjusting key parameters in the model (e.g., transmission coefficient, isolation rate,
etc.), the effectiveness of different prevention and control measures can be evaluated, and, thus, the
allocation of resources can be optimized to control the spread of the epidemic. In conclusion, this
work highlights the importance of incorporating nonlinear incidence rate into infectious disease
modeling, and validates the proposed model through rigorous mathematical derivation and exhaustive
numerical experiments. Future work will further explore the potential of applying the model in more
complex real-world scenarios involving multiple stochastic factors and dynamics, e.g., the
introduction of Markov chains or the incorporation of jump noise. All of this is the work we need to
do in the future.
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Appendices

Appendix A. The values of F, F,, and F3

Fi=[A=Bf(S. D) —uS +yl+pQIl(A —uS + vyl +pQ)(—0vs)
+((u+7y+5+a))ovy —yov;]
—[(A—=uS +yI+p0)(—ov))+(u+y+06+a)lov,]
—uo f(S, 1) —yo f(S, DI(=Bvi — w) + Bf(S, 1)
—(u+y+o+ay))D[—yovi+(A—-uS +yl +pQ)—0v;
+(0+ap))ova+(u+y+0+a)lov)
—[(A=uS +yI+pQ)ovi—((u+y+06+a)))ov,
+p+y+6+a)of(S,DI(=Bva+7)
+(0I = (u+ p + @2) Q)(—pov1) + 60 f(S, Dp,

Fy =[A=Bf(S,D) = uS +yI+pQll(A —uS +yl +pQ)ovs
—((u+y+o+ap))Dovy+ (y+6 + ay)ovy]
HA-uS +yl+pQ)ovi+(u+v+0+aylovy, —ucf(S,1I)
—yo f(S,DIBvi + [BF(S, D) — (w+7y+d+a)lllyov,
+A—-uS +yl+pQ)ovs —(u+y+06+a)lov)
—[A=uS +yI+pQ)ovi—(u+y+d+ay)lov,
+u+y+o+a)of(S,DIPva—(u+y+06+a)l
+(0I — (L +p + @2)Q)povy,

F3=[A-Bf(S. ) —puS + vyl +pQl(-60vi)
+HBSS, D) = (+y+6+a)ll(=60v2)
—[(A—=uS +yI+pQ)ovi—(u+y+d+aylov,
+(u+y+0+a)of(S,D]0—00(u+p+ar)f(S,I).
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Appendix B. The values of each of the parameters

By =-B+0¢)vi —p, B = =B+ 0d)v2 +,
By =(B+0d)vi,Bun =B+, —(u+y+5+a),
By = —(u+p+ @), By =0l(B+0d)v +ul-olB+od)v, —vl,
By=-cB+ ooy +olB+op)vs—(u+7y+06+ay)],B; =06.
Dy = [(B+0dvi +pul* = (B +Td)v2 = yI(B + od)vi,

Dy = [(B+0d)vi +ull(B+od)va —y] = [(B+ 0d)va — 7]
[(B+0o@)va— (u+7y+6+a)]+pod,

Dy =—-[(B+0d)v +ulp—(u+p+a)p,

Dy = —[(B+ o)y + ull(B + od)v]
+HB+ oo [(B+od)vs —(u+y+6+ar)l,

Dy = —[(B+ 0d)vy —yI[(B + od)vi]
+HB+odvs — (u+y+5+a)l,

Dy = (B + od)vip, D31 = (B+ Td)vi,
Dy =[(B+0¢)vs—(U+y++a)]d— (u+p+a2)d Dz = (u+p+ar),

Dy = —o[((B+ ad)vi + u)?* = (B + o), — Y)B + op)vi]
+o[((B+od)vi + W((B + od)va —y)
—((B+od)vy —YN(B+0oP)vy —(u+7y+06+ay))+ pdl,

D, = o[(B+ od)vi + W)((B + Td)v1)
+H((B+TP)vi)(B+od)va —(u+7y+06+ar))]
—o[((B+ T@)vs = Y)((B + Td)v))
HB+oPvs— (u+7y+06+a))],

D;=-0B+0dpvi0+0[(B+od)v, —(u+y+d+ 1)) — (u+p+ay)dl.
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