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We investigate a four-dimensional coupled predator–prey model that integrates white noise to model continuous
environmental fluctuations and Markov switching to characterize discrete regime shifts. Compared with classical two-
dimensional models, this formulation allows a more realistic description of complex multispecies interactions. In the
deterministic case, the stability and bifurcation conditions for positive equilibrium are derived theoretically. The results
show that increasing the coupling strength can induce Andronov–Hopf bifurcations and spiral dynamics, leading the sys-
tem to evolve from a stable coexistence state to multimodal oscillations. In stochastic settings, the stochastic P-bifurcation
phenomenon caused by noise and switching is identified through changes in the stationary probability density functions and
the most probable trajectories. Based on the most probable trajectory theory, a quantitative indicator is further introduced to
determine the bifurcation conditions in the switched system and to evaluate species coexistence in a switching environment.
Results indicate that weak noise and switching rate can increase the coupling-induced bifurcation threshold and weaken
multimodal oscillations. The combined influence of these factors provides a guiding basis for the coexistence of multiple
species in switching environments.
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1. Introduction
Predator–prey models are widely used to describe

population dynamics, but deterministic models often fail
to capture real ecosystem dynamics under environmental
fluctuations.[1,2] In fact, populations are affected not only by
continuous small disturbances but also by regime shifts in-
duced by seasonal alternations or human activities, which are
commonly modeled as Markov switching.[3–5] This frame-
work provides a more realistic description of sudden environ-
mental changes and helps reveal the mechanisms underlying
species persistence in heterogeneous environments.

In recent years, stochastic predator–prey models with
Markov switching have been mainly studied in two-
dimensional systems. Existing works have established suffi-
cient conditions for weak persistence and extinction,[6,7] and
analyzed stochastic P-bifurcations and equilibrium transitions
using probability-weighted methods.[8–10] For models with
general functional responses, explicit stability conditions for
dynamical bifurcations have also been obtained.[11] Spatial
extensions have further characterized persistence thresholds
for reaction-diffusion systems under random switching.[12]

However, two-dimensional models cannot adequately rep-
resent food web complexity with multiple predators and
prey. Furthermore, the combined effects of multispecies cou-
pling, white noise, and Markov switching in multidimen-

sional ecosystems remain unclear. To address this limita-
tion, two-predator two-prey systems provide a typical four-
dimensional framework for describing interspecific competi-
tion and trophic interactions.

The theoretical study of two-predator two-prey coupled
systems can be traced back to the classical resource competi-
tion model.[13] Early studies primarily examined stability and
coexistence in deterministic systems, highlighting essential
differences between single trophic-level stability and whole-
system stability.[14] Later works developed the persistence the-
ory of species and emphasized the roles of heteroclinic cycles
and limit cycle oscillations.[15–17] In these models, coupling is
a key mechanism for describing species interactions.[18,19] It is
usually represented by predation and competition coefficients,
which quantify interaction strengths among different trophic
levels.[20] Existing studies have shown that coupling can af-
fect pest control,[21] induce period-doubling and symmetry-
breaking bifurcations,[22] destabilize otherwise stable subsys-
tems through persistent antiphase oscillations,[23] and shape
stability conditions and bifurcation behaviors through changes
in coupling strength.[24]

However, most existing two-predator two-prey models
are deterministic and insufficient to characterize the random-
ness and environmental switching in real ecosystems. There-
fore, this work develops a four-dimensional stochastic ecolog-
ical model incorporating Markov switching, white noise, and
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coupling mechanisms. The model extends previous studies on
coupling-induced oscillations and reveals the synergistic ef-
fects of switching, noise, and coupling. These effects generate
rich dynamics, such as noise-delayed and switching-delayed
bifurcations, coupling-induced spiral motion, and multimodal
distributions, which provide theoretical insight into species co-
existence in fluctuating environments.

This work makes three contributions. First, a four-
dimensional coupled model with Markov switching and white
noise is developed to extend conventional two-dimensional
models and describe complex multispecies interactions. Sec-
ond, coupling-induced bifurcations are analyzed under both
deterministic and stochastic conditions, showing the transition
from stable equilibria to multimodal oscillations. Third, the
effects of noise intensity and switching rate on the critical cou-
pling threshold are investigated, revealing how external distur-
bances and internal coupling jointly shape ecosystem stability.

The rest of this work is organized as follows. Section 2
formulates the two-predator two-prey model with white noise
and Markov switching. Section 3 analyzes deterministic sta-
bility and coupling-induced oscillations. Section 4 extends the
analysis to stochastic environments and examines the joint ef-
fects of noise, switching, and coupling on species coexistence.
Section 5 presents the conclusions and future work.

2. Two-predator two-prey system
Based on MacArthur’s pioneering work,[13] various mod-

els have been proposed to explore different ecosystems, as
shown in Fig. 1. These differences mainly result from the vary-
ing interactions among species. For example, Figs. 1(a) and
1(b) assume competition either within a single trophic level
(e.g., Y1 and Y2) or across two levels (e.g., X1 and Y2), while
some others consider both simultaneously (Figs. 1(c)–1(e)).

Fig. 1. Frameworks of the two-predator two-prey model. X1 and X2 denote prey populations, while Y1 and Y2 represent predator populations.
Solid arrows are predation relationships, and dashed lines represent interference competition. (a) Refs. [13,25]; (b) Refs. [14,23]; (c) Refs. [26];
(d) Refs. [17,21,22]; (e) Refs. [24]; (f) present study.

Although these deterministic frameworks reveal complex
population coexistence, randomness in natural environments
is ignored. Therefore, we extend the deterministic frame-
work (Fig. 1(e)) in Ref. [24] by incorporating more com-
plex interactions and environmental disturbances. Specifi-

cally, the predator self-competition terms, continuous pertur-
bations (Gaussian white noise), and discrete state transitions
(Markov switching) are added. The resulting stochastic two-
predator two-prey system with Markov switching is formu-
lated as follows:



Ẋ1 = a(r(t))1 X1 −b(r(t))11 X2
1 −b(r(t))12 X1X2 − c(r(t))11 X1Y1 − c(r(t))12 X1Y2 +σ

(r(t))
1 X1W1(t),

Ẏ1 =−d(r(t))
1 Y1 −h(r(t))1 Y 2

1 +n(r(t))1 c(r(t))11 X1Y1 +
θ
(r(t))
1 c(r(t))21

m(r(t))+X2
X2Y1 − f (r(t))1 Y1Y2 +σ

(r(t))
2 Y1W2(t),

Ẋ2 = a(r(t))2 X2 −b(r(t))22 X2
2 −b(r(t))21 X1X2 −

c(r(t))21
m(r(t))+X2

X2Y1 − c(r(t))22 X2Y2 +σ
(r(t))
3 X2W3(t),

Ẏ2 =−d(r(t))
2 Y2 −h(r(t))2 Y 2

2 +n(r(t))2 c(r(t))12 X1Y2 +θ
(r(t))
2 c(r(t))22 X2Y2 − f (r(t))2 Y1Y2 +σ

(r(t))
4 Y2W4(t),

(1)

where X1(t), X2(t) denote the small-sized and large-sized prey
populations, and Y1(t), Y2(t) represent the small-sized and
large-sized predator populations, respectively. The system (1)
is considered with positive initial conditions X1(t0) > 0,
Y1(t0)> 0, X2(t0)> 0, and Y2(t0)> 0. The parameters ak (in-
trinsic growth rates), bkl (inter-prey competition rate), ckl (in-
terspecies capture rate), dk (predator mortality rate), nk (con-
sumption rate of prey x1), hk (predator self-competition rate),
m (half saturation constant), fk (inter-predator competition
rate), and θk (consumption rate of prey x2) for k, l = 1,2 are
positive constants. Wi(t) (i = 1,2,3,4) represent the indepen-
dent Gaussian white noises in the Stratonovich sense. These

noises have autocorrelation functions E [Wi(t)Wi(t + τ)] =

δ (τ), where δ (t) is the Dirac delta function and σi are noise

intensities. The superscript (r(t)) signifies that system param-

eters are modulated by the state of the Markov chain, reflecting

the ecological variations across different environmental modes

(e.g., seasonal cycles or habitat destruction). Let r(t) be a

right-continuous Markov chain taking values in the finite state

space S = {1,2, . . . ,N}. Specifically, for each state r(t) = i ∈

S, the system parameters a(i)k ,b(i)kl ,c
(i)
kl ,d

(i)
k ,n(i)k ,h(i)k ,m(i), f (i)k ,

and θ
(i)
k for k, l = 1,2 are constants. r(t) is governed by the

080507-2



Chin. Phys. B 35, 080507 (2026)

transition matrix Γ =
{

γi j
}

for i, j = 1,2, . . . ,N, and

P{r(t +∆t) = j | r(t) = i}=

{
γi j∆t +o(∆t), j ̸= i,

1+ γii∆t +o(∆t), j = i,
(2)

where γi j denotes transition rates, and γii = −∑ j ̸=i γi j. Sup-
pose that the Markov chain r(t) is irreducible, implying that
any state is accessible from any other one. Therefore, in
light of finite-state Markov theory, the ergodicity property is
valid.[7]

3. Deterministic case
3.1. Existence and uniqueness of positive equilibrium

In the absence of Markov switching and white noise, the
system (1) reduces to a deterministic one. After replacing
the random variables X1,Y1,X2,Y2 with deterministic variables
x1,y1,x2,y2, the equilibria of the deterministic non-switched
system can be solved by nullclines, satisfying ẋ1 = ẏ1 = ẋ2 =

ẏ2 = 0. Given our focus on a healthy food chain that sustains
all four species, this work investigates how coupling strength,

white noise, and Markov switching jointly influence multi-
species coexistence on ecosystem stability. Therefore, our
analysis is restricted to the dynamical behavior of the internal
coexistence equilibrium E (x*1,y

*
1,x

*
2,y

*
2). Specifically,

x*1 = M2 −M3x*2 −
M4x*2

m+ x*2
,

y*1=
h2

(
n1c11x*1 +

θ1c21x*2
m+x*2

−d1

)
− f1 (n2c12x*1 +θ2c22x*2−d2)

h1h2 − f1 f2
,

y*2=
h1 (n2c12x*1 +θ2c22x*2−d2)− f2

(
n1c11x*1 +

θ1c21x*2
m+x*2

−d1

)
h1h2 − f1 f2

.

(3)

The values of x*2 can be calculated by solving the following
cubic equation:[24]

A1x*3
2 +A2x*2

2 +A3x*2 +A4 = 0, (4)

where

A1 = N4, A2 = N1 +2mN4 +N2, A3 = 2mN1 +mN2 +N3 +m2N4 +N5, A4 = m2N1 +mN3,

M1 = b11 +
1

h1h2 − f1 f2
((c11h2 − c12 f2)n1c11 +(c12h1 − c11 f1)n2c12) ,

M2 =
a1(h1h2 − f1 f2)+(c11h2 − c12 f2)d1 +(c12h1 − c11 f1)d2

M1(h1h2 − f1 f2)
,

M3 =
b12(h1h2 − f1 f2)+(c12h1 − c11 f1)θ2c22

M1(h1h2 − f1 f2)
, M4 =

(c11h2 − c12 f2)θ1c21

M1(h1h2 − f1 f2)
,

N1 = a2 −b21M2 +
(d2h1 −d1 f2)c22 +M2c22(n1c11 f2 − c12h1n2)

h1h2 − f1 f2
,

N2 = b21M4 +
M4c22(c12h1n2 − c11 f2n1)+θ1c21 f2c22

h1h2 − f1 f2
+

M3c21(c11h2n1 − c12 f1n2)+θ2c21 f1c22

h1h2 − f1 f2
,

N3 =
c21(d1h2 −d2 f1 −M2(h2c11n1 −n2c12 f1))

h1h2 − f1 f2
, N5 =

c21 ((M4c11n1 −θ1c21)h2 −M4c12 f1n2)

h1h2 − f1 f2
,

N4 = M3
((−c11 f2n1 + c12h1n2)c22 +b21(h1h2 − f1 f2))

h1h2 − f1 f2
− h1θ2c2

22 +b22(h1h2 − f1 f2)

h1h2 − f1 f2
. (5)

The cubic equation given by Eq. (4) has discriminant
∆ = 18A1A2A3A4 − 4A3

2A4 + A2
2A2

3 − 4A1A3
3 − 27A2

1A2
4. For

∆ > 0, it has three distinct real roots, and for ∆ < 0, one real
root and a pair of imaginary roots. A unique positive solu-
tion x*2 exists if ∆ < 0 and A1A4 < 0. Moreover, for the inte-
rior equilibrium E*(x*1,y

*
1,x

*
2,y

*
2) to be biologically meaning-

ful, x*1,y
*
1, and y*2 must be positive.

3.2. Local stability of positive equilibrium

Linearizing the deterministic part of system (1), we ob-
tain the local asymptotic stability condition for its positive
equilibrium E* using the Jacobian matrix and Routh–Hurwitz
criteria.[24,27] The characteristic equation of the deterministic

non-switched system at the equilibrium E* is given below:

λ
4 +B*

1λ
3 +B*

2λ
2 +B*

3λ +B*
4 = 0. (6)

The specific expressions of B*
i (i = 1,2,3,4) are (see Ap-

pendix A)

B*
1 = B1|E* , B*

2 = B2|E* , B*
3 = B3|E* , B*

4 = B4|E* , (7)

where

B1 = −(J11 + J22 + J33 + J44) , B4 = det(J),

B2 = J11(J22 + J33 + J44)+ J22(J33 + J44)+ J33J44

−J12J21 − J13J31 − J14J41 − J23J32 − J24J42 − J34J43,

080507-3
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B3 = −(J11J22J33 + J11J22J44 + J11J33J44 + J22J33J44)

+J11J23J32 + J11J24J42 + J11J34J43 + J22J13J31

+J22J14J41 + J22J34J43 + J33J12J21 + J33J14J41

+J33J24J42 + J44J12J21 + J44J13J31 + J44J23J32

−J12J23J31 − J12J24J41 − J13J34J41 − J23J34J42

−J13J21J32 + J13J22J31 − J14J21J42 + J14J22J41

−J14J31J43 − J24J32J43, (8)

with

J11 = a1 −2b11x1 −b12x2 − c11y1 − c12y2, J12 =−c11x1,

J13 =−b12x1, J14 =−c12x1, J21 = n1c11y1,

J22 =−d1 −2h1y1 +n1c11x1 +
θ1c21x2

m+ x2
− f1y2,

J23 =
θ1c21my1

(m+ x2)2 , J24 =− f1y1, J31 =−b21x2,

J32 =− c21x2

m+ x2
,

J33 = a2 −2b22x2 −b21x1 −
mc21y1

(m+ x2)2 − c22y2,

J34 =−c22x2, J41 = n2c12y2, J42 =− f2y2, J43 = θ2c22y2,

J44 =−d2 −2h2y2 +n2c12x1 +θ2c22x2 − f2y1. (9)

According to the Routh–Hurwitz criteria, E* is locally asymp-
totically stable if[24]

B*
1 > 0, B*

3 > 0, B̄* = B*
1B*

2 −B*
3 > 0,

B̂* = B*
1B*

2B*
3 −B*2

3 −B*2
1 B*

4 > 0. (10)

To validate the above conclusions, the time series of the
deterministic non-switched system is presented in Fig. 2. The
parameter values are[24] a1 = 0.85, a2 = 0.7, b11 = 1.4 ×
10−4, b22 = 3.5× 10−4, c11 = 0.013, c22 = 0.03, m = 1200,
d1 = 0.04, d2 = 0.03, n1 = 0.007, n2 = 0.001, θ1 = 0.0104,
θ2 = 0.0093, c12 = 0.005, c21 = 0.002, b12 = 1 × 10−6,
b21 = 9× 10−4, f1 = 0.002, f2 = 5× 10−4, h1 = 1.2× 10−5,
h2 = 1 × 10−5, and σ1 = σ2 = σ3 = σ4 = 0. Substituting
these values into Eq. (10) yields B*

1 = 0.15, B*
3 = 2.52×10−3,

B̄* = 4.92× 10−3, and B̂* = 2.06× 10−6. Hence, the steady
state of the system is confirmed to be a locally asymptotically
stable equilibrium E*.

In the absence of white noise and Markov switching,
Fig. 2(a) displays three solution trajectories starting from ini-
tial points Lk, (k = 1,2,3), all converging to equilibrium E*,
indicating stable species coexistence. Figures 2(b) and 2(d)
show the transient anti-phase oscillations between prey x1 and
predator y1: As x1 increases, y1 decreases, forming repeated
cycles until stabilization. Figure 2(c) exhibits impulse-like os-
cillations in prey x2 without corresponding behavior in preda-
tor y2. The asymmetry appears to originate in distinct func-
tional responses between the predators. Both consume prey x1

at a linear rate, and predator y2 also feeds linearly on x2. In
contrast, predator y1 responds to x2 with a Holling type II sat-
urating functional response. Therefore, even without random
disturbances, multidimensional ecosystems can exhibit com-
plex nonlinear behaviors.

Fig. 2. Trajectories of the deterministic non-switched system starting from three initial values Lk (k = 1,2,3). The curves lk represent the trajec-
tories originating from Lk , which eventually converge to the interior equilibrium E*. Specifically, L1 = (350,45,100,10), L2 = (450,40,400,5),
L3 = (850,45,350,15), and E* ≈ (547.37,57.72,201.32,4.56).

3.3. Effects of coupling strength

Coupling between species is an important factor affecting
species coexistence and ecosystem stability. We now examine
the impact of coupling strength on the stability characteristics
of the positive equilibrium E*, which governs long-term coex-
istence dynamics. The coupling strength c21 serves as a critical
control parameter, representing the predation rate of predator
y1 on prey x2 and thus measuring interaction intensity. Based

on the analysis in the previous subsection, the necessary and
sufficient conditions for the existence of an Andronov–Hopf
bifurcation at c21 = c*21 are[28]

B*
j(c

*
21)> 0, B̄* = B*

1(c
*
21)B

*
2(c

*
21)−B*

3(c
*
21)> 0,

B*
ξ
=

dξ j

dc21

∣∣∣c21=c*21
̸= 0, j = 1,2,3,4,

B̂* = B*
1(c

*
21)B

*
2(c

*
21)B

*
3(c

*
21)−B*2

3 (c*21)
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−B*2
1 (c*21)B

*
4(c

*
21) = 0, (11)

where ξ j is the real part of the j-th eigenvalue, and B*
ξ
̸= 0

denotes the transversality condition essential for bifurcation

occurrence. To elucidate these theoretical conditions, the bi-

furcation diagrams of the steady states y1 and y2 as functions

of the coupling strength c21 are presented in Fig. 3.

Fig. 3. Bifurcation diagrams of positive steady states in the deterministic non-switched system with varying coupling strength c21. (a) and (b) Two-
dimensional bifurcation diagrams of steady states y1 and y2 with respect to c21, showing an Andronov–Hopf bifurcation (AHB) at c21 = c*21 ≈ 1.58
(theoretically calculated). (c) and (d) Three-dimensional bifurcation diagrams of phase portraits x1–y1 and x2–y2 with respect to c21.

Fig. 4. Phase portraits and time series of the deterministic non-switched system under different coupling strengths c21. Initial values are
(x1(0),y1(0),x2(0),y2(0)) = (100,50,100,10). Increasing c21 will cause the steady state to change from an equilibrium to a limit cycle, or even
result in a spiral trajectory.

Figure 3 presents the bifurcation analysis with respect to
the coupling strength c21, representing how intensifying pre-
dation pressure from predator y1 on prey x2 reshapes ecosys-
tem dynamics. Figures 3(a) and 3(b) show the equilibrium
and periodic branches for predator populations y1 and y2, re-
spectively. An Andronov–Hopf bifurcation is identified at
c21 ≈ 1.58, a value derived theoretically from Eqs. (9)–(11).
Below this threshold, the system maintains a stable equilib-
rium where all species coexist. Above it, the system tran-
sitions to stable periodic oscillations. Biologically, stronger
predation of y1 on x2 breaks the original trophic balance and
redistributes energy flow among species, thereby amplifying
population fluctuations. With further increases in c21, the
dynamics of the species pair (x1,y1) evolve from simple os-
cillations to more complex behaviors, including asymmetric
oscillations (at c21 ≈ 1.95) and multimodal oscillations (for
c21 > 2.51).[28,29] This might be because the predator y1 ob-
tains resources from both x1 and x2, whereas the interaction
involving x2 is regulated by the Holling type II functional re-
sponse. In contrast, the species pair (x2,y2) only undergoes the
initial Andronov–Hopf bifurcation, without additional bifurca-
tions, but shows declining population densities and heightened
extinction risk. This may be because increasing c21 redirects
part of the resource flow from x2 to y1, reducing the food sup-
ply for y2. Thus, the species pair (x2,y2) mainly shifts to a
limit cycle with lower population levels, rather than develop-
ing further complex bifurcations. Figures 3(c) and 3(d) pro-

vide three-dimensional confirmation of the complex bifurca-
tion structure and cascading phenomenon.[22,29] The increas-
ing oscillation amplitude and the emergence of spiral trajecto-
ries indicate that higher species richness amplifies ecosystem
complexity, which may not be conducive to species coexis-
tence.

To further analyze, we selected coupling strength values
c21 = 0.5,1.8,2.2 and 3 to represent distinct dynamical states
identified in Fig. 3. The corresponding time series and phase
portraits of the deterministic non-switched system are plotted
in Fig. 4. For c21 = 0.5, the steady state is an equilibrium,
and the time series trajectory converges to a fixed point. At
c21 = 1.8, the steady state becomes a limit cycle, and the phase
diagram shows a closed orbit. For c21 = 2.2 and c21 = 3, the
phase diagram of species pair (x1,y1) exhibits spiral shapes
of different sizes.[22,29] This self-intersection phenomenon in
the 2D projection confirms the complex torsion of the trajec-
tory in the four-dimensional phase space.[28] In contrast, the
species pair (x2,y2) mainly exhibits enlarged oscillation am-
plitudes, while its phase portrait remains a stable limit cycle,
as shown in Fig. 4(b). This asymmetric response indicates
that as c21 increases, the predation pressure imposed by y1 on
x2 becomes stronger, directly disturbing the population bal-
ance of the second predator–prey pair. The enlarged oscilla-
tion amplitude implies that the population density of (x2,y2) is
more likely to approach low-density states during oscillations,
thereby increasing its potential extinction risk. The time series
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in Figs. 4(c) and 4(d) further validate the above conclusions.

4. Stochastic case
In this section, we investigate the influence of coupling

strength on the system dynamics under the combined action
of two random mechanisms: white noise and Markov switch-
ing. Following a similar analytical structure to the determinis-
tic framework, we first establish the mathematical foundation
by proving the existence and uniqueness of positive solutions
for the stochastic system.

4.1. Existence and uniqueness of stochastic positive solu-
tion

Theorem 1 For any initial value (X1(0),Y1(0),X2(0),Y2(0),
r(0)) ∈ R4 × S, there exists a unique positive solution
(X1(t),Y1(t),X2(t),Y2(t),r(t)) ∈ R4

+ × S to system (1) for all
t ≥ 0 with probability one.

Proof Apply the logarithmic transformation q1(t) =

lnX1(t), p1(t) = lnY1(t), q2(t) = lnX2(t), and p2(t) = lnY2(t).
By the Itô lemma, the system (1) is transformed into the fol-
lowing form for t ≥ 0:[7,30]



dq1 =

(
a(r(t))1 −b(r(t))11 eq1 −b(r(t))12 eq2 − c(r(t))11 e p1 − c(r(t))12 e p2 +

σ
2(r(t))
1

2

)
dt +σ

(r(t))
1 dB1(t),

d p1 =

(
−d(r(t))

1 −h(r(t))1 e p1 +n(r(t))1 c11 eq1 +
θ
(r(t))
1 c(r(t))21

m(r(t))+eq2
eq2 − f (r(t))1 e p2 +

σ
2(r(t))
2

2

)
dt +σ

(r(t))
2 dB2(t),

dq2 =

(
a(r(t))2 −b(r(t))22 eq2 −b(r(t))21 eq1 − c(r(t))21

m(r(t))+eq2
e p1 − c(r(t))22 e p2 +

σ
2(r(t))
3

2

)
dt +σ

(r(t))
3 dB3(t),

d p2 =

(
−d(r(t))

2 −h(r(t))2 e p2 +n(r(t))2 c12 eq1 +θ
(r(t))
2 c(r(t))22 eq2 − f (r(t))2 e p1 +

σ
2(r(t))
4

2

)
dt +σ

(r(t))
4 dB4(t),

(12)

with initial values (q1(0), p1(0),q2(0), p2(0)) =

(lnX1(0), lnY1(0), lnX2(0), lnY2(0)). B j(t) ( j = 1,2,3,4) are
the Brownian motions defined on the complete probability
space (Ω ,ℱ ,{ℱt}t≥0,P). Since the coefficients of system (12)
satisfy the local Lipschitz condition, there exists a unique local
solution (q1(t), p1(t),q2(t), p2(t),r(t)) ∈ R4 ×S on t ∈ [0,τe)

a.s., where τe is the explosion time. To show this solution is
global, we prove τe = ∞ a.s. Let ε0 ≥ 1 be sufficiently large
such that initial values lie within the interval [1/ε0,ε0]. For
each integer ε ≥ ε0, define the stopping time as

τε = inf
{

t ∈ [0,τe) : min{X1(t),Y1(t),X2(t),Y2(t)} ≤
1
ε

or max{X1(t),Y1(t),X2(t),Y2(t)} ≥ ε

}
. (13)

Clearly, τε increases as ε → ∞. Let τ∞ = limε→∞ τε , whence
τ∞ ≤ τe a.s. If τ∞ = ∞ a.s. is true, then τe = ∞ and
(X1(t),Y1(t),X2(t),Y2(t)) ∈ R4

+ a.s. for all t ≥ 0. Conse-
quently, to complete the proof, it suffices to prove τ∞ = ∞ a.s.
Suppose, for contradiction, that this does not hold; then there

exist constants T > 0 and ξ ∈ (0,1) for which

P{τ∞ ≤ T}> ξ . (14)

Consequently, one can find an integer ε1 ≥ ε0 satisfying

P{τε ≤ T} ≥ ξ , ∀ε ≥ ε1. (15)

Define a C2-function V : R4
+ → R̄+ by

V (X1,Y1,X2,Y2) =

(
X1 −η −η ln

X1

η

)
+ψ1(Y1 −1− lnY1)+ψ2(X2 −1− lnX2)

+ψ3(Y2 −1− lnY2), (16)

where η ,ψ1,ψ2, and ψ3 are the positive switching parameters
to be determined later. The nonnegativity of the function V
can be seen from w−1− lnw ≥ 0 for any w > 0.

According to the Itô lemma, a direct calculation of the
differential dV (t) along the solutions leads to

dV (X1,Y1,X2,Y2) = ℒV (X1,Y1,X2,Y2)dt +σ
(r(t))
1 (X1 −η)dB1(t)+σ

(r(t))
2 ψ1(Y1 −1)dB2(t)

+σ
(r(t))
3 ψ2(X2 −1)dB3(t)+σ

(r(t))
4 ψ3(Y2 −1)dB4(t), (17)

where ℒV : R4
+ → R̄ is defined by

ℒV = (X1 −η)
(

a(r(t))1 −b(r(t))11 X1 −b(r(t))12 X2 − c(r(t))11 Y1 − c(r(t))12 Y2

)
+ψ1(Y1 −1)

(
−d(r(t))

1 −h(r(t))1 Y1 +n(r(t))1 c(r(t))11 X1

+
θ
(r(t))
1 c(r(t))21 X2

m(r(t))+X2
− f (r(t))1 Y2

)
+ψ2(X2 −1)

(
a(r(t))2 −b(r(t))22 X2 −b(r(t))21 X1 −

c(r(t))21 Y1

m(r(t))+X2
− c(r(t))22 Y2

)
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+
ησ

2(r(t))
1
2

+ψ3(Y2 −1)
(
−d(r(t))

2 −h(r(t))2 Y2 +n(r(t))2 c(r(t))12 X1 +θ
(r(t))
2 c(r(t))22 X2 − f (r(t))2 Y1

)
+

ψ1σ
2(r(t))
2
2

+
ψ2σ

2(r(t))
3
2

+
ψ3σ

2(r(t))
4
2

= −b(r(t))11 X2
1 −ψ1h1Y 2

1 −ψ2b(r(t))22 X2
2 −ψ3h2Y 2

2 +
(
−b(r(t))12 −ψ2b(r(t))21

)
X1X2 −

(
ψ2 −ψ3θ

(r(t))
2

)
c(r(t))22 X2Y2

+
(
−c(r(t))12 +ψ3n(r(t))2 c(r(t))12

)
X1Y2 +

(
−ψ2 +ψ1θ

(r(t))
1

)
c(r(t))21 X2Y1

m(r(t))+X2
+
(
−c(r(t))11 +ψ1n(r(t))1 c(r(t))11

)
X1Y1

−
(

ψ1 f (r(t))1 +ψ3 f (r(t))2

)
Y1Y2 +

[
a(r(t))1 +ηb(r(t))11 +ψ2b(r(t))21 −ψ1n(r(t))1 c(r(t))11 −ψ3n(r(t))2 c(r(t))12

]
X1

+
[
ηb(r(t))12 +ψ2a(r(t))2 +ψ2b(r(t))22 −ψ3θ

(r(t))
2 c(r(t))22

]
X2 +

[
ηc(r(t))11 +ψ1h(r(t))1 +ψ3 f (r(t))2 −ψ1d(r(t))

1

]
Y1

+
[
ψ3h(r(t))2 +ηc(r(t))12 +ψ2c(r(t))22 +ψ1 f (r(t))1 −ψ3d(r(t))

2

]
Y2 −

ψ1θ
(r(t))
1 c(r(t))21 X2

m(r(t))+X2
+

ψ2c(r(t))21 Y1

m(r(t))+X2

+
ησ

2(r(t))
1
2

ψ1σ
2(r(t))
2
2

+
ψ2σ

2(r(t))
3
2

+
ψ3σ

2(r(t))
4
2

−ηa(r(t))1 −ψ2a(r(t))2 +ψ1d(r(t))
1 +ψ3d(r(t))

2 . (18)

Choose ψ1 = min
{

1
n(r(t))1

, ψ2

θ
(r(t))
1

}
and ψ3 = min

{
1

n(r(t))2

, ψ2

θ
(r(t))
2

}
, such that

ℒV ≤ sup
X1>0

{
−b(r(t))11 X2

1 +
(

a(r(t))1 +ηb(r(t))11 +ψ2b(r(t))21

)
X1

}
+ sup

Y1>0

{
−ψ1h(r(t))1 Y 2

1 +

(
ψ1h(r(t))1 +ηc(r(t))11 +ψ3 f (r(t))2 +

ψ2c(r(t))21

m(r(t))

)
Y1

}

+ sup
X2>0

{
−ψ2b(r(t))22 X2

2 +
(

ηb(r(t))12 +ψ2a(r(t))2 +ψ2b(r(t))22

)
X2

}
+ sup

Y2>0

{
−ψ3h(r(t))2 Y 2

2 +
(

ψ3h(r(t))2 +ηc(r(t))12 +ψ2c(r(t))22 +ψ1 f (r(t))1

)
Y2

}
+ψ1d(r(t))

1 +ψ3d(r(t))
2 +

ησ
2(r(t))
1
2

+
ψ1σ

2(r(t))
2
2

+
ψ2σ

2(r(t))
3
2

+
ψ3σ

2(r(t))
4
2

. (19)

Setting η = ψ2 = 1, we have

ℒV ≤

(
a(r(t))1 +b(r(t))11 +b(r(t))21

)2

4b(r(t))11

+

(
ψ1h(r(t))1 + c(r(t))11 +ψ3 f (r(t))2 +

c(r(t))21
m(r(t))

)2

4ψ1h(r(t))1

+

(
a(r(t))2 +b(r(t))12 +b(r(t))22

)2

4b(r(t))22

+

(
ψ3h(r(t))2 + c(r(t))12 + c(r(t))22 +ψ1 f (r(t))1

)2

4ψ3h(r(t))2

+ψ1d(r(t))
1 +ψ3d(r(t))

2

+
σ

2(r(t))
1

2
+

ψ1σ
2(r(t))
2
2

+
σ

2(r(t))
3

2
+

ψ3σ
2(r(t))
4
2

:= K0, (20)

where K0 is a positive constant. Following the same procedure
as in the proof of Theorem 1 by Liu et al.,[30] the remaining
details are omitted.

Consequently, for any initial value (X1(0),Y1(0),X2(0),
Y2(0),r(0)) ∈ R4

+×S, system (1) admits a unique global so-
lution almost surely. To illustrate this theoretical result, we
consider a numerical example involving a two-state switch-
ing environment. Specifically, we define the state space as
S = {1,2}, with transition rates γ12 = 5 and γ21 = 10. Then

the corresponding transition matrix Γ is given by

Γ =

[
γ11 γ12
γ21 γ22

]
=

[
−γ12 γ12
γ21 −γ21

]
=

[
−5 5
10 −10

]
. (21)

Note that for a two-state Markov switching, the diagonal el-
ements are completely determined by the off-diagonal transi-
tion rates (rows sum to zero). Therefore, in all subsequent
analyses of two-state switched systems, we only need to spec-
ify the transition rates γ12 and γ21 to fully characterize the en-
vironmental switching dynamics.
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Fig. 5. Trajectories of system (1) with both white noise and Markov switching starting from three initial values Lk (k = 1,2,3). The curves l̄k
represent the trajectories originating from Lk , which eventually oscillate around the equilibrium E*. Noise and switching cause the stochastic
trajectories to fluctuate around the deterministic ones (Fig. 2), with species pair (X1,Y1) exhibiting larger fluctuations.

Next, the system is assumed to switch between two en-
vironmental states, which are used for numerical illustration
rather than to represent a specific ecosystem. State r(t) = 1
can be interpreted as a relatively favorable or less disturbed
state, such as a resource-rich season or a stable habitat con-
dition. The parameter values are adopted from Ref. [24],
specifically: a(1)1 = 0.85, a(1)2 = 0.7, b(1)11 = 1.4×10−4, b(1)22 =

3.5×10−4, c(1)11 = 0.013, c(1)22 = 0.03, m(1) = 1200, d(1)
1 = 0.04,

d(1)
2 = 0.03, n(1)1 = 0.007, n(1)2 = 0.001, θ

(1)
1 = 0.0104, θ

(1)
2 =

0.0093, c(1)12 = 0.005, c(1)21 = 0.002, b(1)12 = 1 × 10−6, b(1)21 =

9× 10−4, f (1)1 = 0.002, f (1)2 = 5× 10−4, h(1)1 = 1.2× 10−5,
h(1)2 = 1× 10−5. State r(t) = 2 represents an alternative state
with changed resource availability, predator activity, and dis-
turbance intensity, such as seasonal stress, habitat degrada-
tion, or human interference. The differences in the param-
eters between the two states reflect reasonable variations in
the values of parameters such as growth rate and capture effi-
ciency. The corresponding parameter values are: a(2)1 = 0.8,
a(2)2 = 0.78, b(2)11 = 1 × 10−4, b(2)22 = 3 × 10−4, c(2)11 = 0.01,
c(2)22 = 0.02, m(2) = 1200, d(2)

1 = 0.03, d(2)
2 = 0.04, n(2)1 =

0.006, n(2)2 = 0.0005, θ
(2)
1 = 0.01, θ

(2)
2 = 0.009, c(2)12 = 0.004,

c(2)21 = 0.003, b(2)12 = 1.1×10−6, b(2)21 = 8×10−4, f (2)1 = 0.001,
f (2)2 = 4×10−4, h(2)1 = 1.3×10−5, h(2)2 = 1.1×10−5. In par-
ticular, throughout the simulation, we assume uniform noise
intensities in both states: σ

(1)
i = σ

(2)
i = σ (i = 1,2,3,4). The

corresponding results are presented in Fig. 5.
Figure 5 displays the transient solution trajectories of the

system (1) subject to both white noise (σ = 0.005) and Markov
switching. In contrast to the deterministic trajectories (Fig. 2)
that converge to the positive equilibrium E*, the stochastic tra-
jectories fluctuate around their deterministic counterparts due
to environmental stochasticity and Markov switching, reflect-
ing how natural populations rarely achieve perfect equilibrium
in variable environments. This oscillation phenomenon is par-
ticularly evident for the species pair (X1,Y1) rather than the
pair (X2,Y2). It may be because predator Y1 obtains resources
from both X1 and X2, and its interaction with X2 follows a

Holling type II functional response. The analysis indicates
that low-intensity noise mainly causes minor fluctuations in
the solutions while still maintaining the tendency towards a
stable steady state.

4.2. Effects of coupling strengths under Gaussian white
noise

In this subsection, the influence of coupling strength on
the system (1) subjected to white noise perturbation will be
analyzed. As shown in Fig. 5, the stochastic solution trajecto-
ries exhibit highly irregular oscillations, making it difficult for
the phase diagram and time series to provide meaningful dy-
namical information. Therefore, we introduce the stationary
probability density function and the most probable trajectory
as analytical tools for the stochastic part.

Definition 1[31,32] The probability distribution of ran-
dom variable X is described by its probability density func-
tion p(X). The stationary probability density function
(SPDF), denoted as ps(X), is defined for a stochastic process
whose probability density function remains time-invariant,
i.e., ∂ ps(X)/∂ t = 0.

Definition 2[33–35] The most probable trajectory Xm(t) is
defined as the continuous path that passes through local max-
ima of the probability density function p(X , t) at each time
point t. Mathematically, Xm(t) satisfies

∇X p(X , t)|X=Xm = 0, (22)

with the Hessian matrix ∇2
X p(X , t)|X=Xm being negative defi-

nite.
Using Y1(t) as our focal variable, we define Y1m as the lo-

cal maximum point of the ps(Y1), representing the most prob-
able stationary solution (MPSS) of Y1 in stochastic system (1).
Similar to the analysis of the deterministic non-switched sys-
tem shown in Fig. 3, Fig. 6 depicts how Y1m varies with cou-
pling strength c21, allowing a direct comparison between de-
terministic and stochastic bifurcation behaviors in the non-
switched case.
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m

Fig. 6. Bifurcation diagrams of the stationary distribution in the stochastic non-switched system with varying coupling strengths c21. (a) Bifurca-
tion diagram of MPSS Y1m versus c21 for case σ = 0 and σ = 0.002. c*21 ≈ 1.58 denotes the Andronov–Hopf bifurcation value, while c̄*21 ≈ 1.92
represents the stochastic P-bifurcation value. (b), (c) Marginal SPDFs ps(Y1) projected onto the c21–Y1 plane for noise intensities σ = 0.002 or
σ = 0.005, demonstrating that increasing noise intensity causes reduced ps(Y1) value and fewer peaks.

Fig. 7. Marginal and joint SPDFs under varying coupling strengths c21 and noise intensities σ . (a)–(d) illustrate the evolution of ps(Y1) from
unimodal to multimodal distributions, demonstrating that increased noise intensity suppresses complex multimodal oscillations but broadens the
distribution. Vertical arrows mark the equilibrium position in (a), indicating ps(Y1)→ ∞. (e)–(h) present three-dimensional views illustrating the
transition from unimodal to multimodal distributions.

Figure 6 presents the bifurcation behavior of stationary
distributions in the stochastic two-predator two-prey system
as coupling strength c21 varies. Figure 6(a) compares the
deterministic non-switched system with the stochastic non-
switched system. The deterministic case exhibits a smooth
and continuous Andronov–Hopf bifurcation at c21 ≈ 1.58,
whereas the stochastic case remains a unimodal distribution
until c21 ≈ 1.92. This occurs because environmental noise dif-
fuses lower-probability peaks (see Fig. 6(b)) and delays the
onset of the bifurcation phenomenon. Only when the coupling
strength increases sufficiently (c21 ≈ 1.92) does the underly-
ing deterministic bifurcation structure overcome the diffusive
effect of noise, allowing ps(Y1) to transition from unimodal to
bimodal through a stochastic P-bifurcation.

Additionally, at σ = 0.002, MPSS Y1m exhibits a nar-
rower range with fewer peaks, demonstrating noise-induced
suppression of extreme fluctuations and multimodal oscilla-
tions. Figures 6(b) and 6(c) further display the ps(Y1) for
different noise intensities (σ = 0.002 and σ = 0.005). At
σ = 0.002, the ps(Y1) evolves from unimodal to bimodal or

multimodal states, with higher probability density at higher
Y1 values, indicating preferential stabilization at higher preda-
tor populations. However, at σ = 0.005, although the com-
plex multimodal patterns are replaced by simplified unimodal
distributions, the significantly widened distribution range in-
dicates reduced ecosystem stability as intense environmental
fluctuations eliminate alternative stable distributions.

Figure 7 further shows the marginal stationary probability
density function ps(Y1) and joint stationary probability den-
sity function ps(X1,Y1) under the combined effects of varying
coupling and noise. At weak coupling (c21 = 0.5), ps(Y1) re-
mains unimodal regardless of noise intensity. At intermediate
coupling (c21 = 1.8), the deterministic non-switched system
develops two peaks, but increasing noise eliminates the lower
peak while broadening the dominant one. At strong coupling
(c21 = 2.2 or 2.5), noise progressively simplifies the multi-
modal deterministic structure, merging adjacent peaks and dif-
fusing the trajectory range. Hence, Figs. 7(a)–7(d) validate
the stochastic P-bifurcations through unimodal-to-multimodal
transitions, while Figs. 7(e)–7(h) visually reveal the evolution
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from needle-like equilibria to broad multimodal oscillations.
Figures 7(g) and 7(h) further reveal that noise intensity can
smooth complex coupling-induced structures into dispersed
distributions, reduce peak values, and consequently weaken
system stability.

4.3. Effects of coupling strengths under Gaussian white
noise and Markov switching

The previous section explored the influence of white
noise on the stationary distribution of the system in a single
environmental state. However, due to factors such as seasonal
changes and human hunting, the interaction parameters among
populations are not constant. Markov switching is used to re-
flect the impact of heterogeneous environments on population
dynamics. Since the occurrence of switching is accompanied
by at least two pairs of system parameters, the coupling ef-
fect in the switched system requires the analysis of at least
two coupling parameters simultaneously. Next, we study the
combined influence of continuous fluctuations (white noise)
and discrete environmental shifts (Markov switching) on sys-
tem (1).

In this framework, we focus on the scenario where the
coupling strength alternates between two environmental states,
i.e., S = {1,2}. Accordingly, the coupling strength is c(1)21 at
state r(t) = 1 and switches to c(2)21 at state r(t) = 2. To quantita-
tively characterize the bifurcation dynamics under this switch-
ing effect, we introduce an indicator NY1m , defined as the num-
ber of local maximum points Y1m in the stationary probability
density function ps(Y1) of species Y1. Topologically, NY1m = 1
corresponds to a unimodal distribution, whereas NY1m = 2 sig-
nifies a bimodal distribution.

Fig. 8. Bifurcation diagrams in the coupling strengths c(1)21 –c(2)21 plane
quantifying the number NY1m of peaks with fixed transition rates γ12 =
γ21 = 5. (a) depicts the deterministic case and (b) the stochastic case
with different c(1)21 and c(2)21 . Here, PAHB is the Andronov–Hopf bifurcation
point, PSPB is the stochastic P-bifurcation point, and PDSB is the bifurcation
point of the noise-free switched system. White noise elevates the critical
threshold of coupling-induced oscillations under fixed transition rates.

Figure 8 displays the bifurcation behavior of the sys-
tem (1) under fixed transition rates and varying switching pa-
rameters. Unlike the single-parameter bifurcation diagrams
(Figs. 3 and 6), the proposed method quantifies and com-
pares the stationary responses of the stochastic switched sys-
tem from the perspective of the most probable trajectory using
NY1m . Along the black diagonal line c(1)21 = c(2)21 , the system

effectively has no switching effects. Consequently, the sys-
tem recovers the non-switching baseline where critical thresh-
olds PAHB = (c*21,c

*
21) = (1.58,1.58) and PSPB = (c̄*21, c̄

*
21) =

(1.92,1.92) align with the single-state bifurcations identified
in Figs. 3 and 6. Outside the diagonal region where switch-
ing occurs (modeling natural heterogeneity across habitats
or seasons), the bifurcation thresholds depend on combined
parameters of all subsystems rather than a single bifurca-
tion value c*21 or c̄*21. Specifically, the points on the bound-
ary curves between differently colored regions represent the
critical transition values of the switched system. While de-
terministic non-switched systems lose unimodal stability at
c21 > c*21 ≈ 1.58, the switched system maintains unimodality
even at c21 > c*21, demonstrating how Markov switching weak-
ens coupling-induced multimodal oscillations. For instance,
the point PDSB = (c(1)21 ,c

(2)
21 ) = (2.5,0.81) in Fig. 8(a) repre-

sents the bifurcation point at which the ps(Y1) transitions from
a unimodal form (NY1m = 1) to a bimodal form (NY1m = 2).
Compared with Fig. 8(a), white noise (σ = 0.002) in Fig. 8(b)
shifts the boundaries between colored regions toward the up-
per right, causing the NY1m values to remain unchanged or de-
crease. This indicates that noise influences the system sim-
ilarly regardless of parameter switching. These results also
suggest that Markov switching more effectively elevates bi-
furcation thresholds and suppresses complex cascading bifur-
cation phenomena, highlighting the conservation importance
of preserving environmental heterogeneity.

In Fig. 8, we select four characteristic points Pi (i =
1,2,3,4) from the c(1)21 –c(2)21 plane for detailed analysis and
plot their ps(Y1) in Fig. 9. Under fixed transition rates γ12 =

γ21 = 5, the ps(Y1) exhibits varying multimodal characteris-
tics across different points: At P1, the system maintains a
unimodal distribution (NY1m = 1) for both noise intensities
σ = 0 and σ = 0.002; at P2, it transitions to bimodality when
σ = 0 (NY1m = 2) while remaining unimodal when σ = 0.002
(NY1m = 1); at P3, the distribution becomes more complex with
a quadrimodal distribution for σ = 0 (NY1m = 4) and bimodal
distribution for σ = 0.002 (NY1m = 2); finally, at P4, the system
shows five peaks when σ = 0 (NY1m = 5) but stabilizes into a
trimodal distribution (NY1m = 3) when σ = 0.002, demonstrat-
ing how environmental states interact with system parameters
to shape population stability patterns. Therefore, Fig. 9 re-
veals how environmental switching shapes the peak structure
of ps(Y1) under white noise, demonstrating how environmen-
tal heterogeneity can help prevent species collapse in homoge-
neous environments.

Figure 10 displays the bifurcation behavior of the sys-
tem under the fixed switching parameters and varying transi-
tion rates. The points on the γ12–γ21 plane, such as γ12 = 3
and γ21 = 8, represent the transition rate from state r(t) = 1
to state r(t) = 2 as 3, and the reverse transition rate as 8.
In Fig. 6(a), the deterministic non-switched system shows a
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Fig. 9. Marginal SPDFs ps(Y1) at switching parameter points Pi (i = 1,2,3,4), validating the topological transition from unimodal to multimodal
distributions. Here, P1 = (2.2,0.5), P2 = (1,2.5), P3 = (2.5,1.8), and P4 = (2.5,2.7). White noise weakens coupling-induced multimodal oscillations.

multi-peak stationary distribution at c21 = 3 and NY1m = 6. Af-
ter Markov switching is introduced, NY1m decreases to 2 at
c(1)21 = 0.5 and c(2)21 = 3 in Figs. 8(a) and 10(a). This sug-
gests that Markov switching weakens multi-peak population
oscillations and raises the threshold for coupling-induced os-
cillation. It is worth noting that when both γ12 and γ21 are
large (indicating rapid environmental switching), values of
NY1m and the parameter region corresponding to NY1m > 4 are
smaller, demonstrating that faster switching effectively sup-
presses multimodal oscillations and reduces the probability of
extreme states. In particular, with γ21 fixed (e.g., γ21 = 3), in-
creasing γ12 transforms the ps(Y1) from unimodal (NY1m = 1)
to bimodal (NY1m = 2) to quadrimodal (NY1m = 4), exhibiting
a period-doubling-like bifurcation pattern arising from envi-
ronmental heterogeneity and state-switching dynamics. Com-
pared to Fig. 10(a), the NY1m values in regions influenced
by white noise (σ = 0.002) in Fig. 10(b) remain unchanged
or decrease. Thus, the suppressing effect of white noise on
coupling-induced bifurcation also persists in the switched sys-
tem.

Similar to Fig. 9, we select four specific points Qi (i =
1,2,3,4) in Fig. 10 to correspond to four sets of different tran-
sition rates. The corresponding marginal stationary probabil-

ity density functions ps(Y1) are given in Fig. 11. Figure 11
illustrates the evolution of the ps(Y1) at points Q1–Q4 under
increasing noise intensity with peak numbers reducing from
NY1m = 2 to NY1m = 1 at Q1, NY1m = 4 to NY1m = 2 at Q2,
NY1m = 4 to NY1m = 3 at Q3, and NY1m = 6 to NY1m = 4 at
Q4. In conclusion, environmental noise and Markov switching
can weaken the multimodal phenomenon caused by coupling,
thereby simplifying the system dynamics.

Fig. 10. Bifurcation diagrams in the transition rates γ12–γ21 plane quan-
tifying the number NY1m of peaks with fixed switching parameters c(1)21 =

0.5 and c(2)21 = 3. (a) depicts the deterministic case and (b) the stochastic
case with different γ12 and γ21. The NY1m values influenced by white noise
in (b) remain unchanged or decrease compared to (a). Markov switching
elevates the threshold for coupling-induced oscillations under fixed cou-
pling strengths.

Fig. 11. Marginal SPDFs ps(Y1) at different transition rate points Qi (i = 1,2,3,4), validating the topological transition from unimodal to
multimodal distributions. Here, Q1 = (8.5,9), Q2 = (7,4), Q3 = (5,1.5), Q4 = (9.5,0.5). Markov switching has an effect similar to that of white
noise and tends to suppress coupling-induced multimodal behavior.

5. Conclusion
We analyze a four-dimensional two-predator two-prey

system with coupling, Gaussian white noise, and Markov
switching, and examine how these factors jointly shape bifur-
cation thresholds and species coexistence.

Compared with existing two-dimensional predator–prey
models with Markov switching, this model extends the anal-
ysis from a single predator–prey interaction to two coupled
predator–prey pairs. It can describe inter-prey competition,

inter-predator competition, cross predation, and asymmetric
functional responses. Thus, the effects of coupling strength on
multispecies coexistence can be analyzed more explicitly. In
addition, this work focuses on the joint influence of coupling
strength, Gaussian white noise, and Markov switching on bi-
furcation behavior.

The coupling-induced bifurcation mechanism is exam-
ined under deterministic and stochastic conditions. In the
deterministic non-switched case, increasing the coupling
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strength induces an Andronov–Hopf bifurcation. The sys-
tem changes from a stable coexistence equilibrium to peri-
odic or multimodal oscillations. Biologically, stronger cou-
pling enhances cross predation, modifies trophic interactions,
and destabilizes the corresponding predator–prey pair. The
effects of Gaussian white noise and Markov switching are
characterized using stationary probability density functions
and most probable trajectories. Weak noise delays stochas-
tic P-bifurcation and reduces the number of peaks in the
stationary distribution. Markov switching also suppresses
coupling-induced multimodal oscillations under alternating
environmental states. These results suggest that environmental
switching can buffer strong coupling effects and weaken ex-
treme oscillatory states. For the switched system, bifurcation
behavior depends on parameters from different environmen-
tal states and their transition rates. A single critical value is
therefore insufficient. An indicator based on the most probable
trajectory is introduced to quantify the number of local max-
ima in the stationary distribution. It distinguishes unimodal,
bimodal, and multimodal stationary responses. Overall, the
results show that Gaussian white noise and Markov switching
reshape the effects of coupling on stationary distributions and
provide theoretical insight into species coexistence in switch-
ing environments.

Further work will consider spatial coupling, more general
functional responses, and additional noise structures relevant
to fragmented habitats.

Appendix A: Linearization of the two-predator
two-prey system

To analyze the local stability of the interior equilibrium
E*(x*1,y

*
1,x

*
2,y

*
2) of the deterministic non-switched system (1),

we employ the linearization method and characteristic equa-
tion analysis. First, we introduce centered variables to trans-
form the system state into the interior equilibrium, eliminate
the constant terms, and simplify the linearization process. De-
fine

U1 = x1 − x*1, V1 = y1 − y*1,

U2 = x2 − x*2, V2 = y2 − y*2, (A1)

where U1,V1,U2,V2 represent small perturbations around
x*1,y

*
1,x

*
2,y

*
2 (i.e., |U1| ≪ x*1, |V1| ≪ y*1, |U2| ≪ x*2, |V2| ≪ y*2).

Substituting transformation Eq. (A1) into the deterministic
part of system (1), the right-hand side of each equation is
expanded by Taylor expansion near the positive equilibrium,
while fourth-order and higher-order terms are neglected. Tak-
ing x1 = x*1 +U1 as an example, substituting it into the deter-

ministic part of system (1) gives

dU1

dt
=

d(x*1 +U1)

dt
=

dx1

dt

= a1(x*1 +U1)−b11(x*1 +U1)
2 −b12(x*1 +U1)(x*2 +U2)

−c11(x*1 +U1)(y*1 +V1)− c12(x*1 +U1)(y*2 +V2)

= a1x*1 −b11x*2
1 −b12x*1x*2 − c11x*1y*1 − c12x*1y*2

+(a1 −2b11x*1 −b12x*2 − c11y*1 − c12y*2)U1

−b12x*1U2 − c11x*1V1 − c12x*1V2 −b11U2
1

−b12U1U2 − c11U1V1 − c12U1V2

= (a1 −2b11x*1 −b12x*2 − c11y*1 − c12y*2)U1

−c11x*1V1 −b12x*1U2 − c12x*1V2

−b11U2
1 −b12U1U2 − c11U1V1 − c12U1V2. (A2)

While the variable ẋ2 contains a fractional term g(x2,y1) =
x2y1

m+x2
, substitute y1 = y*1 + V1,x2 = x*2 + U2 and expand

(x*2+U2)(y*1+V1)

(m+x*2+U2)
around x2 = x*2 and y1 = y*1 retaining terms up

to the third order. We can obtain

ḡ(x2,y1) ≈ x*2y*1
m+ x*2

+
my*1

(m+ x*2)
2 U2 +

x*2
m+ x*2

V1

− my*1
(m+ x*2)

3 U2
2 +

m
(m+ x*2)

2 U2V1

+
my*1

(m+ x*2)
4 U3

2 − m
(m+ x*2)

3 U2
2 V1. (A3)

Following the same procedure as for Eq. (A2), we obtain

dV1

dt
≈ n1c11y*1U1 +

(
−d1 −2h1y*1 +n1c11x*1 +

θ1c21x*2
m+ x*2

− f1y*2

)
V1 +

θ1c21my*1
(m+ x*2)

2 U2 − f1y*1V2

−h1V 2
1 +n1c11U1V1 − f1V1V2 +θ1c21Θ ,

dU2

dt
≈ −b21x*2U1 −

c21x*2
m+ x*2

V1 +

(
a2 −2b22x*2 −b21x*1

− c21my*1
(m+ x*2)

2 − c22y*2

)
U2 − c22x*2V2

−b22U2
2 −b21U1U2 − c22U2V2 − c21Θ , (A4)

dV2

dt
= n2c12y*2U1 − f2y*2V1 +θ2c22y*2U2

+(−d2 −2h2y*2 +n2c12x*1 +θ2c22x*2 − f2y*1)V2

−h2V 2
2 +n2c12U1V2 +θ2c22U2V2 − f2V1V2, (A5)

where

Θ =
m

(m+ x*2)
2 U2V1 −

m
(m+ x*2)

3 U2
2 V1

− my*1
(m+ x*2)

3 U2
2 +

my*1
(m+ x*2)

4 U3
2 . (A6)
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Therefore, in a neighborhood of the positive equilibrium
E*, after linearizing the deterministic part of system (1), the
following perturbation system in matrix form can be obtained:

𝑊̇ = J(x*1,y
*
1,x

*
2,y

*
2)𝑊 +𝐷, (A7)

where 𝑊 = (U1,V1,U2,V2)
T is the perturbation vector, and

J(x*1,y
*
1,x

*
2,y

*
2) is the Jacobian matrix of the system evaluated

at E*, and 𝐷 = (D1,D2,D3,D4)
T is the vector of higher-order

residual terms. Following the derivations in Eqs. (A2)–(A6),
the Jacobian matrix J can be written as follows:

J(x1,y1,x2,y2) =


J11 J12 J13 J14
J21 J22 J23 J24
J31 J32 J33 J34
J41 J42 J43 J44

 , (A8)

where each element is defined as

J11 = a1 −2b11x1 −b12x2 − c11y1 − c12y2, J12 =−c11x1, J13 =−b12x1, J14 =−c12x1,

J21 = n1c11y1, J22 =−d1 −2h1y1 +n1c11x1 +
θ1c21x2

m+ x2
− f1y2, J23 =

θ1c21my1

(m+ x2)2 , J24 =− f1y1,

J31 = −b21x2, J32 =− c21x2

m+ x2
, J33 = a2 −2b22x2 −b21x1 −

mc21y1

(m+ x2)2 − c22y2, J34 =−c22x2,

J41 = n2c12y2, J42 =− f2y2, J43 = θ2c22y2, J44 =−d2 −2h2y2 +n2c12x1 +θ2c22x2 − f2y1. (A9)

According to Eqs. (A2)–(A6), the residual vector 𝐷, which
includes higher-order terms, is given by

D1 = −b11U2
1 −b12U1U2 − c11U1V1 − c12U1V2,

D2 = −h1V 2
1 +n1c11U1V1 − f1V1V2 +θ1c21Θ ,

D3 = −b22U2
2 −b21U1U2 − c22U2V2 − c21Θ ,

D4 = −h2V 2
2 +n2c12U1V2 +θ2c22U2V2 − f2V1V2. (A10)
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