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Abstract. This paper is concerned with a predator-prey-parasite model with nonlinear incidence
rate that includes crowding effect of infected individuals. By analyzing the associated characteris-
tic equations, we characterize the dynamic behaviors of different equilibrium points of the system
with respect to three parameters. The infection and predator-free equilibrium is locally asymptot-
ically stable when the force of infection does not exceed some lower threshold value. If it exceeds
then the predator-free equilibrium appears and becomes locally asymptotically stable if the prey
attack rate is very low. The endemic equilibrium exists if both the force of infection and prey attack
rate exceed their respective lower critical value. It remains always stable if the parameter measur-
ing the crowding effect in the contact rate exceeds some lower threshold value. In the reverse case,
switching of stability may occur depending on the value of the prey attack rate. In this later case,
the endemic equilibrium is stable if the attack rate is low or high, and it is unstable if the attack
rate is intermediate or very high. Our study exhibits several insights into switching phenomenon
between oscillatory coexistence and stable coexistence of endemic equilibrium point. This type of
behavior is observed in the natural systems but was not unveiled by earlier theoretical studies.
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1 Introduction

One of the most important components of mathematical models for disease dynamics is to express the spread of infection in appropriate
mathematical term. The incidence rate in an epidemic is the rate at which susceptible becomes infectious [1]. The incidence rate (β),
or the rate of new infection, at any time t is mathematically represented by

β(t) = λg(I)S, (1.1)

where S(t) and I(t) are the densities of susceptible and infected populations at time t, g(0) = 0, g(I)> 0 for I > 0, g is differentiable
∀ I ≥ 0 and λ is the force of infection or the disease transmission coefficient. Most epidemiological models assume that the incidence
rate is bilinear, which is represented by β(t) = λIS with g(I) = I. This bilinear (or mass action) law has some unrealistic features,
viz., the function g(I) becomes unbounded when I is large [2]. Liu et al.[3] listed various reasons in favor of considering nonlinear
incidence rate instead of bilinear. A saturated nonlinear function for g(I), viz.

g(I) =
λIp

1+bIq , (1.2)

was proposed by Liu et al. [4]. Here p,q are positive constants and b is a nonnegative constant. In (1.2), λIp measures the infection
force of the disease and 1

1+bIq measures the inhibition effect from the behavioral change of the infective individuals when their number
increases, or from the crowding effect of the infective individuals. Thus, the general incidence rate (1.1) takes the form β(t) = λIpS

1+bIq .

Ruan and Wang [5] considered an epidemic model with nonlinear incidence rate (1.2) with p = 2 = q and studied the bifurcation
analysis of the model system. In an another study, Xiao and Ruan [2] considered p = 1 and q = 2 in (1.2) and used the nonmonotone
function β(t) = λIS

1+bI2 as the incidence rate to study the SARS outbreak. Li et al. [4] considered the function g as the ratio of infected
to susceptible individuals instead of infected only. They analyzed a SIR epidemic model with the ratio-dependent incidence rate
g( I

S )S = λIS
S+bI . Capasso and Serio [6] proposed a nonlinear saturated incidence g(I)S to model cholera epidemic, where g(I) has the

form of (1.2) with p = 1 and q = 1. The incidence rate, in this case, becomes

β(t) =
λSI

1+bI
. (1.3)

Later on many other authors [7, 8] considered this incidence rate to study the dynamics of different epidemic models. Researchers
have used many other nonlinear incidence rates to study different epidemic models and we refer the readers to the work of Levin et al.
[9] as a general discussion. Note that (1.3) becomes the bilinear incidence rate when b = 0. It also includes the crowding effect of the
infected individuals and prevents the unboundedness of the contact rate for positive b.

It is well documented that parasites play important role in maintaining food-web and biodiversity [10, 11, 12]. Parasites can mod-
ify the morphology, behaviour or physiology of their hosts [13, 14] and can alter the stability of system dynamics [15, 16]. Parasites
are ubiquitous and a certain level of infection always persists in aquatic ecosystems that helps predator to catch their prey infected
with these parasites. From biological perspective, the presence of parasite only makes the predator-prey relation possible. In absence
of parasite, the predator can prey upon the prey species but not to such an extent as to sustain a stable population [17]. Parasites can
greatly alter the quantitative dynamics of the community and can lead to high amplitude oscillations in abundance [18]. After the
pioneering work of Anderson and May [19], different predator-prey-parasite models or ecoepidemiological models have been pro-
posed and studied [20, 21, 22, 23, 24]. These models can predict some phenomena observed in the real world ecosystems. However,
the studies are far from complete and researchers are continuously trying to fill up the gap between the observed natural phenomena
and the theoretically obtained results. For example, the fish mortality event in Salton Sea [25, 26] of North California, USA drew
the attention of scientists of various fields. Infection persists through out the year in the Salton Sea and the predator-prey interaction
occurs in a balanced way except once or twice in a year when the system becomes very much unstable with large fluctuations in prey
and predator populations. Different mathematical models were proposed to study such ecoepidemiological situations with bilinear
[22, 23, 27, 29, 30, 31, 32, 33] and nonlinear incidence rates [34, 35, 36, 37]. The common feature of all these studies is that the
switching of stability occurs only once. In particular, the coexistence equilibrium remains unstable for all future time once the stability
is lost due to variation of a particular system parameter. It is worth mentioning that this observation is not a realistic one. In the natural
world, on the contrary, it is frequently observed that the system becomes stable by the course of time even when no external measure
is taken. In this study, we show that stability switch may occur more than once if the prey attack coefficient is varied in a predator-prey
parasite system with saturated infection rate.

The paper is arranged as follows. In the next section, we present our mathematical model. Analytical results are presented in
Section 3. The paper ends with a brief discussion in Section 4.
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2 The model

We consider the following predator-prey-parasite model studied by [22]:

dS
dt

= rS
(

1− S+ I
K

)
−λIS,

dI
dt

= λIS− mIP
a+ I

−µI, (2.1)

dP
dt

=
mαIP
a+ I

− cP.

The state variables S and I represent, respectively, the susceptible and infective prey densities at time t. P is the same for predator
population. The prey population grows logistically to environmental carrying capacity K with intrinsic growth rate r. Disease spreads
through horizontal transmission following bilinear or mass action law with λ as the disease transmission coefficient. µ is the death
rate of infectious prey excluding predation. Infected prey are unable to give birth due to parasitic castrations [10]. Predator consumes
infected prey only following Type II response function with m as the maximal capture rate and a as the half-saturation constant.
It is to be mentioned that this assumption is appropriate when disease persists heavily in the system so that there exists sufficient
number of infected preys for the predators. It indirectly says that the specific growth rate (r) of prey population is high enough so that
continuous replenishment of S−population is possible within the time scale associated with the system [33]. The parameters α and
c are, respectively, the conversion efficiency and food-independent death rate of predator. All parameters are assumed to be positive.
Variants of the system (2.1) were studied by many others [23, 27, 33, 34, 39, 40, 41, 42]. Here we study the model system (2.1) with
nonlinear saturated incidence rate of the form (1.3) instead of bilinear incidence rate. Under this assumption, the system (2.1) reads as

dS
dt

= rS
(

1− S+ I
K

)
− λSI

1+bI
,

dI
dt

=
λSI

1+bI
− mIP

a+ I
−µI, (2.2)

dP
dt

=
mαIP
a+ I

− cP.

The initial conditions of the model (2.2) is given by

S(0) = S0 > 0, I(0) = I0 > 0, P(0) = P0 > 0.

We study this system with respect to the parameters λ,m,b, respectively, the force of infection, the maximum prey attack rate of the
predator and the crowding effect in the contact rate.

3 Analysis of the model

3.1 Preliminary results

We first show that solutions of the system (2.2) are positive for all t > 0. From the first equation of (2.2), we have

S(t) = S0e
∫ t

0

{
r
[
1− S(ν1)+I(ν1)

K

]
− λI(ν1)

1+bI(ν1)

}
dν1 . (3.1)

Therefore, S(t)> 0 for all t ≥ 0, whenever S0 > 0. Again, the second equation of (2.2) gives

I(t) = I0e
∫ t

0

[ λS(ν2)
1+bI(ν2)

− mP(ν2)
a+I(ν2)

−µ
]
dν2 . (3.2)

This shows that I(t)> 0 for all t ≥ 0, whenever I0 > 0. The last equation of (2.2) gives

P(t) = P0e
∫ t

0

[
mαI(ν3)
a+I(ν3)

−c
]
dν3 . (3.3)



4 Adak and Bairagi

It implies that P(t) > 0 for all t ≥ 0 whenever P0 > 0. Hence, all the solutions of the system (2.2) are positive for all t ≥ 0 under the
considered initial condition.

Now we show that the solutions of system (2.2) are ultimately bounded. The first equation of (2.2) gives

dS
dt

= rS
(

1− S+ I
K

)
− λSI

1+bI
≤ rS

(
1− S

K

)
.

This gives S(t)≤ AK
A−e−rt , A being a constant. Therefore,

lim
t−>∞

S(t)≤ K.

Let
V (t) = αS(t)+αI(t)+P(t).

Differentiating V (t) along the solutions of (2.2), we get

V̇ = rαS
(

1− S+ I
K

)
−µαI − cP ≤ 2rαS−

[
rαS+µαI + cP

]
.

Assuming δ = min{r,µ,c}, we have

V̇ +δV ≤ 2rαK.

Therefore, we obtain
lim

t−>∞
V (t)≤ 2rαK

δ
.

Thus, V (t) is bounded for all t ≥ 0. Evidently, I(t) and P(t) are also bounded. Hence solutions of the system (2.2) are bounded for all
t ≥ 0.

3.2 Existence of equilibrium points

The system (2.2) has four steady states: (i) Trivial equilibrium, E0(0,0,0), (ii) Infection and predator-free equilibrium E1(K,0,0),
(iii) Predator-free equilibrium E2(S̄, Ī,0) and (iv) Coexistence or interior equilibrium E∗(S∗, I∗,P∗). Equilibrium points E0 and E1

always exist. From the second equation of (2.2), one gets the equilibrium susceptible prey density of E2 as S̄ = µ(1+bĪ)
λ . The infective

equilibrium population density, Ī, is determined by the positive root of

f (Ī) = a1 Ī2 +a2 Ī +a3 = 0, (3.4)

where a1 = rb(λ+µb) (> 0), a2 = rλ+2rµb+Kλ2−rbλK and a3 = (µ−λK)r. It is easy to observe that if λ> λ∗, where λ∗ = µ
K , then

the equation (3.4) possesses one positive and one negative root given by I+ =
−a2+

√
a2

2−4a1a3
2a1

and I− =
−a2−

√
a2

2−4a1a3
2a1

, respectively.

Therefore, E2 exists with equilibrium densities S̄ = µ(1+bĪ)
λ and Ī =

−a2+
√

a2
2−4a1a3

2a1
if λ > λ∗.

In case of E∗, the equilibrium density of infected prey is given by I∗ = ca
mα−c and it exists if m > c

α . The equilibrium density of

predator population is given by P∗ = a+I∗
m

[
λS∗

1+bI∗ −µ
]
. Thus, P∗ will be positive if λS∗

1+bI∗ > µ. Substituting the value of S∗ from the
first equation of (2.2), one can express the last inequality as

a1I∗2 +a2I∗+a3 < 0, (3.5)

where a1, a2, a3 are as in (3.4). One can thus express (3.5) as

(I∗− I+)(I∗− I−)< 0.

Since (I∗− I−) is positive, we have
I∗− I+ < 0

⇒ ca
mα− c

< I+ = Ī
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⇒ m >
c(a+ Ī)

αĪ
> 0.

Therefore, P∗ > 0 if m > m∗ and λ > λ∗, where m∗ = c(a+Ī)
αĪ and λ∗ = µ

K . Observe that positivity of P∗ assures the positivity of I∗.

The equilibrium density of susceptible prey is given by S∗ = 1+bI∗
λ

[
mP∗
a+I∗ +µ

]
. Thus, S∗ > 0 whenever I∗ > 0 and P∗ > 0.

Therefore, E∗ exists if m > m∗ and λ > λ∗, where m∗ = c(a+Ī)
αĪ , λ∗ = µ

K . It is to be observed that the positivity condition of P∗ yields

µ <
λS∗

1+bI∗
<

λK
1+bI∗

< λK.

This implies that existence of E∗ assures the existence of E2, but the reverse is not necessarily true.

3.3 Behavior of the equilibrium points

Proposition 3.1. The trivial equilibrium E0 is always unstable.

Proof. The variational matrix at E0(0,0,0) is V (E0) =

 r 0 0
0 −µ 0
0 0 −c

 and the corresponding eigenvalues are r(> 0),−µ(< 0) and

−c(< 0). Therefore, the equilibrium E0 is always unstable.

Proposition 3.2. The infection and predation-free steady state E1(K,0,0) of the system (2.2) is locally asymptotically stable if λ < λ∗,

where λ∗ = µ
K .

Proof. The variational matrix at E1 reads as V (E1) =

 a11 a12 0
0 a22 0
0 0 a33

 ,

where

{
a11 =−r (< 0), a12 =−(r+λK) (< 0),
a22 = λK −µ, a33 =−c (< 0).

(3.6)

The characteristic roots are given by
ξ1 = a11,ξ2 = a2,ξ3 = a33.

It is easy to observe that all roots will be negative and the equilibrium E1 will be locally asymptotically stable if λ < λ∗.

Remark 3.2. It is important to observe that if E1 is locally stable then E2 and E∗ do not exist.

Proposition 3.3. Suppose the predator-free equilibrium E2(S̄, Ī,0) of the system (2.2) exists. Then it is locally asymptotically stable

when m < m∗, where m∗ = c(a+Ī)
αĪ .

Proof. The variational matrix at E2(S̄, Ī,0) is V (E2) =

 b11 b12 0
b21 b22 b23

0 0 b33

 ,

where


b11 =− rS̄

K (< 0), b12 =−
[

rS̄
K + λS̄

(1+bĪ)2

]
(< 0),

b21 =
λĪ

1+bĪ (> 0), b22 =− λbS̄Ī
(1+bĪ)2 (< 0),

b23 =− mĪ
a+Ī (< 0), b33 =

mαĪ
a+Ī − c.

(3.7)

The characteristic equation is given by

ξ3
2 +X2ξ2

2 +Y2ξ2 +Z2 = 0, (3.8)

where


X2 =−(b11 +b22 +b33),

Y2 = b22b33 +b11b33 +b11b22 −b12b21,

Z2 = b33(b12b21 −b11b22),

(3.9)
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and X2Y2 − Z2 = −b2
11b33 − b2

11b22 − b2
22b33 − b2

22b11 − b2
33b22 − b2

33b11 − 2b11b22b33 + b12b21(b11 + b22). Evidently, X2, Z2 and
X2Y2 −Z2 will be positive if b33 < 0. Therefore, using Routh-Hurwitz criterion, E2 will be locally asymptotically stable if b33 < 0, i.e.,
if m < m∗, where m∗ = c(a+Ī)

αĪ . Hence the proposition is proved.

Remark 3.3. It is to be noted that when E2 is locally stable then E∗ does not exist.

Proposition 3.4. Assume that existence conditions of the interior equilibrium E∗ hold.

(i) If b > 1
a then E∗ is locally asymptotically stable whenever it exists.

(ii) If b < 1
a then the stability of E∗ depends on the signs of X3 and X3Y3 −Z3. E∗ is locally asymptotically stable in the range of

m(> m∗) where both X3 and X3Y3 −Z3 are positive. Whereas, E∗ is unstable if at least one of X3 and X3Y3 −Z3 is negative for some

m > m∗.

Proof. The variational matrix at E∗(S∗, I∗,P∗) is V (E∗) =

 c11 c12 0
c21 c22 c23

0 c32 c33

 ,

where


c11 =− rS∗

K (< 0), c12 =−
[

rS∗
K + λS∗

(1+bI∗)2

]
(< 0),

c21 =
λI∗

1+bI∗ (> 0), c22 =
mP∗I∗
(a+I∗)2 − λbS∗I∗

(1+bI∗)2 ,

c23 =− mI∗
a+I∗ (< 0), c32 =

aαmP∗

(a+I∗)2 (> 0).

(3.10)

The characteristic equation in this case is given by

ξ3
3 +X3ξ2

3 +Y3ξ3 +Z3 = 0, (3.11)

where


X3 =−(c11 + c22),

Y3 = c11c22 − c12c21 − c23c32,

Z3 = c11c23c32,

(3.12)

and X3Y3 −Z3 =−c2
11c22 − c2

22c11 + c12c21(c11 + c22)+ c22c23c32.

Observe that Z3 is always positive. Noting the signs of Ci j (i, j = 1,2,3), one can claim that X3 and X3Z3 −Y3 will be also positive if
c22 < 0. After some simplification, c22 can be expressed as

c22 =
c

mα

(
λS∗

1+bI∗
−µ

)
− bλS∗I∗

(1+bI∗)2

=
λS∗

1+bI∗

[
c

mα
− bI∗

1+bI∗

]
− µc

mα

=
cλS∗

1+bI∗

[
(1−ab)(mα− c)

mα{(mα− c)+bca}

]
− µc

mα
.

Thus, the sufficient condition for negativity of c22 is b > 1
a . Therefore, all roots of the equation (3.11) will have negative real parts

if b > 1
a and the equilibrium E∗ will be locally asymptotically stable by Routh-Hurwitz criterion. However, X3 and X3Z3 −Y3 may

not be positive if b < 1
a . The equilibrium E∗ will be stable for those values of m where both of X3 and X3Y3 −Z3 are positive and

will be unstable if any one of these quantities be negative. Since the expressions of X3 and X3Y3 −Z3 are very complicated, we shall
numerically observe their change of signs, if any, with respect to the parameter m, when m > m∗.

3.4 Simulation results

Analytically we have studied the system (2.2) with respect to three parameters λ,m and b. To visualize the system dynamics, we
therefore fix all parameters as follows, unless it is stated, except the above three:

r = 4,K = 100,a = 15,µ = 0.3,α = 0.5,c = 0.09.
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Parameter values and units are arbitrary and have been used for illustration purpose only. The values of the parameters m,λ and b will
be selected from the existence and stability conditions of the equilibrium points. Following Proposition 3.4, we consider two values of
b viz. 0.01 and 0.1 so that ab becomes, respectively, less than and greater than unity. From Proposition 3.2, we calculate the value of λ∗

as 0.003. Therefore, for any λ less than 0.003, whatever the value of m and b, the equilibrium E1(K,0,0) will be locally asymptotically
stable. Fig. 1 depicts such behavior of the system for λ = 0.002 (< λ∗).
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Fig. 1 Phase plane diagram of the system (2.2) for λ = 0.002. This figure shows that trajectories starting from different

initial points converge to the disease-free equilibrium E1. Other parameters are r = 4,K = 100,a = 15,b = 0.01,µ =

0.3,α = 0.5,c = 0.09.

The equilibrium E2(S̄, Ī,0) exists for any λ > λ∗ (= 0.003) and it will be locally asymptotically stable, following Proposition
3.3, if m < m∗, where m∗ = c(a+Ī)

aĪ = 0.285. Fig. 2 exhibits such behavior of the system for λ = 0.14 (> λ∗) and m = 0.25 (< m∗).
Observe that trajectories with different initial points converge to the planar equilibrium E2, depicting stability of the system around
the predator-free equilibrium.
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Fig. 2 Phase diagram of the system (2.2) for λ = 0.14 and m = 0.25. This figure shows that different trajectories

converge to the stable planar equilibrium E2. Other parameters are as in the Fig. 1.
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The interior equilibrium E∗(S∗, I∗,P∗) exists when λ > λ∗ and m > m∗, where λ∗ = 0.003 and m∗ = 0.285. Stability of E∗

depends on the value of b. If b > 1
a = 0.0667, following Proposition 3.4(i), the equilibrium E∗ is stable whenever it exists. Fig.3 shows

that solutions starting from different initial points converge to E∗, depicting stability of the interior equilibrium. However, following
Proposition 3.4(ii), if b < 1

a = 0.0667 then E∗ will be stable if both X3 and X3Y3 −Z3 are positive for m > m∗. Considering b = 0.01,
we check numerically (Fig. 4) the signs of X3 and X3Y3 −Z3 for varying attack rate, m.
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Fig. 3 This figure shows that the interior equilibrium E∗(S∗, I∗,P∗) of the system (2.2) is locally asymptotically stable

when b > 1
a = 0.0667. Here b = 0.1,m = 0.3,λ = 0.14 and other parameters are as in the Fig. 1.

Stability switching phenomena will occur if any of X3 and X3Y3 −Z3 becomes negative for m > m∗ where E∗ exists. Observe that
both the curves remain positive for m∗ < m < m01 and m03 < m < m04. Therefore, the equilibrium E∗ would be stable in these ranges
of m. In contrary, E∗ would be unstable in the ranges m01 < m < m03 and m > m04, where at least one of X3 and X3Y3 −Z3 is negative.
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Fig. 4 Graphs of X3 and X3Y3 − Z3 with respect to m when b < 1
a = 0.0667. Here b = 0.01, λ = 0.14 and other

parameters are as in the Fig. 1. This figure shows that X3 changes sign twice (at m = m01 ≈ 0.32 and m = m02 ≈ 0.375)

and X3Y3 −Z3 changes sign thrice (at m = m01, m = m03 ≈ 0.43, m = m04 ≈ 1.02).
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Fig. 4 thus indicates that E∗ switches its stability thrice when the attack rate m is varied. E∗ first losses its stability at m = m01 and then
gains it at m = m03 and finally it becomes unstable for all m > m04. The bifurcation diagram (Fig. 5) confirms such behaviors of the
system. These figures indicate that populations are in stable state in m∗ < m < m01 and then they are unstable in m01 < m < m03. As
m crosses m03, the system gains stability and all populations remain in stable condition for m03 < m < m04. At m = m04, the system
again losses stability and populations fluctuate for all m > m04.
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Fig. 5 Bifurcation diagrams of the system (2.2) in (S, I,m) space (Fig. 5a) and (P,m) plane (Fig. 5b) with m as the

bifurcation parameter. Here b = 0.01,λ = 0.14 and all other parameters are as in the Fig. 1. These figures show that

stability switch occurs at three values of m, viz. at m01 ≈ 0.32, m03 ≈ 0.43 and m04 ≈ 1.02.
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Fig. 6 Fig. (a) is the parameter regions for the stability of different equilibrium points of the system (2.2) in the (λ,m)

plane when b < 1
a . It shows that when m is varied then E∗ changes its stability once for λ < 0.13 or thrice for λ > 0.13.

Here b = 0.01 and other parameters are as in the Fig. 1. Fig. (b) is the same when b > 1
a . It shows that E∗ does not

change its stability. Here b = 0.1 and other parameters are as in the Fig. 1.

Stability regions of different equilibrium points on (λ,m) plane for the case b < 1
a is shown in Fig. 6(a) and that for the case b > 1

a

is shown in Fig. 6(b). These figures show that for higher infection rate the system may exhibit stability switching of the coexistence
equilibrium point for different prey attack rate if the crowding effect is low (Fig. 6(a)). On the other hand, if the crowding effect is
high then there will be no stability switching and the coexisting equilibrium point will be always in stable state whenever it exists (Fig.
6(b)). Similar behaviors can also observed when λ is varied with some intermediate value of m. To demonstrate it, we have plotted
the bifurcation diagrams of S, I and P populations in Fig. 7. It shows that the system experiences several switching of stability when
infection rate is varied. If predator consumes a small amount of susceptible prey, the qualitative behavior the system around E∗ does
not change but its stability area is increased (figures not shown).
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Fig. 7 Bifurcation diagrams of susceptible prey (Fig. 7a), infected prey (Fig. 7b) and predator (Fig. 7c) populations

with varying infection rate, λ. These figures show the existence of several stability switching when infection rate is

varied. Here b = 0.01,m = 0.5 and all other parameters are as in the Fig. 1.



12 Adak and Bairagi

4 Discussion

Successful invasion of a parasite into a host population and resulting host-parasite dynamics can be significantly altered by predators.
On the other hand, incidence rate is an admittedly debatable phenomenon in host-parasite model. Different studies show that nonlinear
saturated incidence rate is a better approximation for modelling the spread of infection comparison to bilinear or standard incidence
rate. In this paper, we have studied the dynamics of a predator-prey-parasite model with nonlinear incidence rate that includes the
crowding effect of infected individuals. We have shown that the specific behavior of the model can be characterized by three pa-
rameters, viz. the epidemiological parameter λ that measures the force of infection; the ecological parameter m which measures the
maximum prey attack rate of the predator; and the parameter b which measures the crowding effect in the contact rate. Our analysis
reveals that the trivial equilibrium (E0) is always unstable, which means that all populations can not go to extinction simultaneously.
The infection and predator-free equilibrium (E1) always exists but it is locally asymptotically stable if the force of infection (λ) does
not exceed some lower threshold value (λ∗). The predator-free equilibrium (E2) exists if the force of infection exceeds the lower
threshold value and it becomes locally asymptotically stable if the maximum prey attack rate is less than some threshold value. If both
the force of infection and maximum prey attack rate exceed their respective lower critical value then the coexisting equilibrium (E∗)
exists. It remains always stable if the parameter measuring the crowding effect in the contact rate (b) exceeds some lower threshold
value. In the opposite case, switching of stability may occur for some λ depending on the value of the prey attack rate. Several stability
switching also occur when the force of infection is varied for some fixed m.

Our results give several insights into switching phenomenon between oscillatory coexistence and stable coexistence of endemic
equilibrium point. It is observed that predation rate of infected prey may destabilize (stabilize) an otherwise stable (unstable) predator-
prey-parasite interaction if the parameter measuring the crowding effect of infected individuals is low. The dynamics become simple
and no switching phenomenon is observed if the crowding effect is high. Earlier studies on ecoepidemiological systems with bilinear
or nonlinear incidence rates either do not show such switching phenomenon when one system parameter is varied or were not unveiled.
More specifically, the coexistence equilibrium in these studies remains in unstable state once it switches from its stable state for the
variation of a single parameter. Thus, our study of a predator-prey-parasite system with nonlinear incidence rate having crowding
effect of infected individuals shows richer dynamics in comparison to other similar studies and corroborates with the results observed
in natural systems such as appearance and disappearance of cycles.
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