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proficiency for insights into the model's behavior over time. Findings demonstrate system
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1- Introduction

Lotka (1925) [1] and Volterra (1926) [2] presented the first-ever models for competition phenomenon communication
between prey and predators. Holling restructured these models by introducing three types of functional responses in
prey-predator models to explain predation dynamics. Non-linear systems construct biological models of interest. That
system is concerned with ordinary and partial differential equations. Prey-predator dynamics is a mathematical model
generated from the cohabitation of foxes with rabbits. Foxes consume rabbits for their prey, which is a culture of the
clover plant. As the number of foxes decreases in rabbits' habitat area, the rabbits' safety increases, and vice versa, i.e.,
if the number of rabbits decreases, the population of foxes increases [3]. Two species of animal populations are
decreasing, and the other is growing. In a non-linear prey-predator system, population dynamics are represented in
ordinary differential equations.

Mathematic ecology, which is of global importance, uses ordinary differential equations (ODES). The existing and
accurate models of ordinary differential equations (ODEs) are used to model biological systems [4]. The ODE models
of biological systems are inherently non-linear. The first and second integrals are often difficult to come by, and this
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inherent difficulty makes it challenging to solve non-linear ordinary differential equations (ODEs) often used to model
predators and prey.

These items are commonly classified as stiff or unrealistic and are known for posing significant challenges and
complexities when attempting to discover analytical solutions. Hence, the effective and potent method for locating
numerical solutions to complex non-linear systems has garnered significant interest. The research community's primary
emphasis has been studying prey-predator models that incorporate interactions between two variables, namely
interspecific interactions.

Nevertheless, Danca et al. [5], Jing & Yang [6], Liu and Xiao [7], and Elsadany et al. [8] have researched discrete-
time non-linear models that describe the dynamics of prey-predator interactions. The lifetime of dynamics in discrete
time models exceeds that of continuous-time systems in terms of endurance. Summers et al. studied four ecosystem
models affected by periodic forcing effects in discrete time [9]. Danca et al. conducted research with Holling to
investigate the chaotic dynamics of discrete-time prey-predator systems [5]. Several innovative methods have recently
been created to tackle these non-linear problems efficiently. The study employed various methods, such as the Runge-
Kutta-Fehlberg method, the Laplace Adomian decomposition method [10], the differential transformation method [11],
the finite element method [12], the Sumudu decomposition method [13], the Homotopy analysis method [14], and the
new coupled fractional reduced differential transform method [15].

Food chains have a crucial role in the environment across several disciplines, including ecological science, applied
mathematics, engineering, and economics. In a food chain model, organisms, energy, and resources flow along a single
path. Food webs are complex due to their interconnection with multiple food chains. Various trophic levels have been
seen in the food chain. Various categories of organisms in different stages include producers, consumers, and
decomposers. Food chains play a vital role in the environment in various fields, such as ecological science, applied
mathematics, engineering, and economics. Organisms, energy, and resources move linearly in a food chain model. Food
webs are complex due to their interconnection with multiple food chains. Various trophic levels are present in the food
chain. Various categories of organisms in different stages include producers, consumers, and decomposers. A food web
employs a lattice architecture during its formation [16]. We may represent the food chain as a differential equation by
employing mathematical analysis and modeling approaches. In ecology, food chains consist of a sequence of species
that serve as a food source for the organisms immediately next to them. When many food chains are interconnected, they
form a complex network known as a food web [17, 18]. The flexible food chain theory elucidates the structure and
functioning of food webs with low trophic levels to understand the construction and dynamics of ecosystem stability
[19, 20]. The life cycle of many species in nature is categorized into at least two groups, adult and juvenile, based on
their behavior. The papers comprehensively examine food web models [21, 22]. The impact of cannibalism on the
environmental perspective has been extensively discussed. Cannibalistic populations exist in terrestrial and marine food
webs [23, 24]. Stage-structured individuals frequently engage in cannibalism, both within their population and
throughout the aquatic food chain [25]. The article [26] examines the global stability of a predator-prey model, including
both diffusive and non-diffusive dynamics. The model assumes that both species share a similar food source.

The authors in Ejaz et al. [27] and Arif et al. [28] have introduced a three-species predator-prey system where a
predator and a prey species share a similar food source and illness in the interacting species. A fractional-order predator-
prey model is introduced and examined in Arif et al. [29]. Artificial intelligence algorithms have effectively used
stochastic computing paradigms to solve linear and non-linear models in many applications throughout applied science
and technology [30, 31]. In Kumar et al. [32], authors look at a system of two fractional-order differential equations that
describe the fear effect in prey-predator interactions, where the density of predators determines the rate of prey death. In
Mollah & Sarwardi [33], they see the proposal of a three-dimensional prey-predator model that incorporates the factors
of disease in predators and a temporal delay brought about by the gestation of the predator population. This work [34]
examines the Lotka-Volterra model, a well-known dynamical system in mathematical biology, in its fractional version.
For partial functional differential equations with non-linear diffusion, Xing & Jiang [35] established the exact formulae
for the normal form coefficients associated with Turing-Hopf bifurcation. Recently, some researchers investigated the
broader dynamics of tri-trophic food chain systems. In Kumari and Kumar [36], the authors investigated the impact of
cannibalism within the middle predator. A range of cannibalism rates are used to investigate the impact of cannibalism
on the stability property of the system. Different rates of cannibalism parameters are taken in the study, ranging from
0.02 t0 0.29. In Kumari & Kumar [36], it is also shown that diffusion does not reveal a noticeable impact on the dynamic
of the system. In Kar et al. [37], the authors investigated the tri-trophic food chain, and the Lyapunov function was
constructed to show the global stability of the model. The author showed that under certain conditions the system shows
stable behavior for the interior equilibrium point. It is observed that when basal prey population density is high,
competition for resources for basal prey can increase, which may lead to cannibalism as an alternative food source. In
the present study, we have shown that cannibalism in the basal prey impacts the interacting species’ behavior. It is shown
that the system is globally stable under some conditions. Moreover, a high cannibalism rate moves the system towards
the stability of interacting populations for their coexistence. Below is an analysis of the identified gaps in the existing
literature and the proposed approach to address them:
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Identified Gaps in the Literature:

Limited Integration of Cannibalism and Human Harvesting Practices: Cannibalism among basic prey and the effect
of human harvesting on top predators are complex dynamics that current ecological models frequently ignore.
Unfortunately, existing models do not take cannibalism and harvesting into account nearly enough, despite the fact that
these practices can drastically change population dynamics and ecological stability.

Challenges in Addressing Non-linearities and Stiff Dynamics: The non-linear dynamics present in ecological systems
are difficult for traditional models grounded in ordinary differential equations (ODESs) to capture. The interactions
between different species in food webs might be difficult to depict precisely due to rigid dynamics.

Insufficient Utilization of Innovative Methodologies: Diverse numerical methods and discrete-time non-linear models
have been investigated in the past, but there has been little progress in applying these and other novel approaches to the
complicated problems of ecological dynamics. A lot of the current models can only account for certain kinds of
ecological interactions since they use old-fashioned mathematical methods.

Proposed Approaches to Fill the Gap:

Integration of Cannibalism and Harvesting in Ecological Models: The suggested method involves developing a tri-
trophic food chain model that explicitly includes cannibalism among the lowest-level prey and the impacts of human
harvesting on the highest-level predators. Researchers will be able to assess the combined impact of these factors on
population dynamics and stability with the help of an all-encompassing model, which will provide an improved
comprehension of ecosystem dynamics.

Integration of Artificial Intelligence Algorithms: Using Al algorithms like ANNs and machine learning algorithms
can enhance the analytical depth and predictive power of ecological models significantly. Artificial neural networks are
ideally suitable for simulating the intricate dynamics of ecological systems as they are capable of identifying the intricate
patterns and correlations within the data sets, and contributing Al algorithms to ecological models increases the accuracy
and precision of these ecological models. Thus, these models can make sharper predictions and provide better
comprehension regarding the general behavior of complex ecosystems.

The study adheres to a well-organized format with well-defined sections. In Section 2, a three-species tri-trophic
ecological model is presented, including a description of its characteristics and an analysis of how cannibalism affects
the basal prey. Section 3 presents the model's analysis, identifying equilibrium points, discussing their existence
conditions, and exploring local and global stability through the Routh-Hurwitz criterion and a Volterra-type Lyapunov
function. Section 4 discusses the outcomes of the results and simulation. Section 5 thoroughly analyzes the discussion.
Section 6 offers a brief conclusion summarizing important discussions and suggests potential areas for future
investigation.

Figure 1 shows the flowchart of the research methodology through which the objectives of this study were achieved.

Tritroc?r?;;:nFood S Modeling RN Analysis of the — Boundedness

Model

Graphical
Representation and
Explanation of

Application of Routh Application of
-l Hurwitz Criterion for >l Lyapunov Function
Local Stability for Global Stability
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System

Results

Graphical

Incorporation of Representation of
AN Results by ANN and
Discussion

Figure 1. Flow chart of the methodology
2- The Model

Ordinary differential equations (ODEs) proficiently explain the sophisticated dynamics of the interrelationships of
species. These equations are a strong basis for understanding the complex behaviors in ecological systems. A
combination of numerical methods and theoretical analysis is used to understand such a complex model. We will now
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focus on a tri-trophic model that includes three species — a basal prey, a medium predator, and an apex predator. In this
story, the main prey is a primary one. It has to swim through the complex environment of predation threats by both
intermediate and apex predators. Thus, this model focuses on not only the external predation pressures but also the
internal dynamics of the basic prey population. The internal dynamics involve the impact of cannibalism inside its
community.

To quantify the complex set of interactions and dynamics of the ecosystem, it is important to establish its ecosystem
through quantitative mathematical representations. These representations help establish the mathematical models. These
interactions can be broken down into a series of differential equations. These equations depict the changes over time to
intrinsic growth rates, predation rates, carrying capacities, and intra-specific interactions. It involves modeling a system
of differential equations for the prey, the medium predator, and the apex predator. Population over time.

Interactions among the species drive the ecosystem dynamics in such a tri-trophic system. Every species plays a
unique role in this model, made clear by the limitations and limitations of each species. The prey species that is basic
has constraints on population expansion due to resources and predation and is the principal food source of the medium
and top predators. The medium predator in this study maintains a balanced prey population because it is the prey of the
top predator, and its principal food is the prey population. The top predator uses the medium predator as prey to build
up pressure on the prey species, which is the basic prey population's food, to limit their population growth in this amicable
system.

The model got more complex by introducing cannibalistic traits into the basal prey. This greatly influences the
population dynamics of the basal prey by adding another rate of mortality that depends upon the abundance. It's another
way to make the population interact with the inhabitants.

Mathematical representation and simulation with theoretical analysis help to gain insight into the tri-tropic system's
stability, robustness, and behavior. This mathematical framework effectively helps us understand the complex
relationship between species and environmental factors in ecological systems, which is crucial for better managing and
preserving natural ecosystems.

du U

L=y (1 - k—l) 1 —UVa, — UWB, — cU? (1)
dv 14

L=v(1- k—z) Ty + UV, — VWY, @)
aw

W UW, + VWY, — (h+ DW. 3)

The parameters and their physical meanings are presented next.

Table 1 represents all the parameters and their physical meanings. The values of all parameters are taken to be positive.
Moreover, U(0) > 0,V (0) > 0 and W (0) > 0. For the sake of simplicity, we take h + d = pu.

Table 1. Parameters and their Description

Quantity Physical Meanings
U Density of basal prey
14 Density of medium predator
w Density of top predator

ki, k; Carrying capacity of U and V
T,y Intrinsic growth rate of U and V
ay, Bu v Predation rate of U by V and W and predation rate of V by W

Az, B2, Y- Growth rate of VV and W due to predation

c Cannibalism rate of basal prey
hd Death rate of a top predator due to harvesting and natural reasons
Vi Combined death rate of a top predator due to harvesting and natural reasons

3- Analysis of the Model

In this section, we present boundedness, the equilibrium points of the model, and the analysis of the fixed points for
the global stability of coexistence fixed point constructing the Lyapunov function.

Page | 1265



3-1-Boundedness of the System

Emerging Science Journal | Vol. 8, No. 4

Theorem 1: All solutions of the system (1-3) exhibit bounded behavior.

Proof: Considering the dynamics of each equation in the system (1-3), we derive the following inequalities:

Z—ZSU(I—%)Q

au U

at < k_l(kl - U)Tl

Ut) <k —21
1

U(t) < rk,

which proves the boundedness of Equation 1.

Now, Equation 2 gives the following inequalities.

Z—:SV(l—k%)r2+UVa2

L<v(ED)n +uve,

dt ko
Z< :—Z(kz — V)1, + UVa,
V(t) <k, + Ua,
V(t) < ryk, + ayrik,
Similarly, Equation 3 gives
< UWB, + VWY,
W) <U®)B2 +V()y:
W(t) < (rik1)Bs + (ks + azriky)y,

Hence, the theorem.

3-2-Equilibrium Points and Stability

(4)

®)

(6)

We present equilibrium points of the model (1-3) and discuss the stability of the coexistence equilibrium point.

Consider the following system of equations for computing the equilibrium points of the model presented in (1-3)

—c?+U(1- i) 1 —UVa, — UWB, =0,
kq
14
v(1 _E) 7y + UVa, — VWy, = 0,

-Wu+UWB, +VWy, = 0.

The solution of the above system leads to the following equilibrium points.

r(—u+k
E, = (0’ ﬁ' 2 (—u 27/2))
Y2 k2v172

EZ = (0! k2: 0);

k1(7'2ﬁ1(ﬂ — ky¥2) + kyya (—pay + 7'17/2))

kz(lﬂ'ﬂﬁ + ky(Br(nay +1,8;) + (cu — 7'132)]’1))

E, = k1o (o — kaayyy) + kp(kyaz By + (cky + 1)y1)v2 kaBo (2 — kaanyy) + k(R By + (cky + r)v)y,’

(= + koyy) + ki ((—cp + (ry — koaq) Bo + ckay,) + koap(—pay +1173))

k1B (121 — kpaqy1) + ka(kian By + (cky + 1)¥1)72

(H cpky + pry — kﬂiﬁz)
E,=|-, 0, - )
B> k1B1 B,

(7
(®)
©)

|
)
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ki,
Bs=(——2, 0, o)
cky+n
—k,nry + kik,ray k,(ckiry + iy + kyriay)
Eé =1 - 1] ] 0 ]
ckyry, + iy, + kik,aqa, ckiry + iy + kik,a,,

E,=(0, 0, 0)

Theorem 2: The Equations 1 to 3 are locally stable for the coexistence equilibrium point E5 if following holds
i. my; +my,<0,

il mygmyymay + My MyzMay > MypMyzMay + MyzMy My,

i, myymay, > mypmyy + myzsmsy + myzms,,

V. myq(—myamyy + My (Mg + myy) — myzmsy) <myp(Myymy, + Myzmsy) + (Myzmyy + Myamy3)ms,.

where,
e = — (cky + ) (M2 (1 — kp¥2) + Koy  (—uay + 11y2))

" k1 B2 (r2fy — kaaqy1) + ko (kyaz By + (cky + 7'1))’1))/2’
e = kyai (1B (1 — kaoy2) + koyi (—uay +1173))

12 kyBo (121 — kparvy) + ky(kyay By + (cky + 1)y1)Ys
—_— k1B (roBr(—1 + kay2) + kv, (uay — 11y2))

BT ke Bo(raBy — kaatyyy) + ky(kyayBy + (cky + 1)y1)Ys
S kya, (uryyy + k(B (ua, +1582) + (et — 1182)v1))

2 kyBo(r2f1 — kaa1v1) + ky(kyazfy + (cky + 7’1)}’1)72’
N 1o (=pryys — ke (B (uag + 122) + (cu — 11 82)v1))

22 =

kiBo(rafy — kpaivy) + ky(kiapfy + (cky +1)v1)ys

Mo = — koy i (uriys + ky(Br(nay + 1265) + (cu — 1162)v1))
23 k1 B2 (r2fy — kaaqv1) + ky(kyayfy + (cky + 7'1)}’1)72'

_ By (=p + kyy2) + ky (rp(—cp + (ry — kpay) By + ckyya) + kpay (—pay + Tﬂ/z)))

Maq =
317 k1B (21 — kaa1y1) + ko (kiaz By + (cky + 11)Y1)Y-

m _ Y2 (=p 4 kayy) + ka(ra(—cpu + (ry — ka1) By + ckyyz) + kpap (—pay + Tﬂ’z)))
27 k1B (21 — kaa1y1) + ko (kiaz By + (cky + 1)Y1)Y-

Proof. We find Jacobian for the system (1-3), which is given as under.

Urq

—2cU+ (1 - —) n———Va, -Vp; —Ua, -UpB;
1
] = Va, a- kl) T — ﬁ +Ua, —Vy, —Vy: ) (10)
2
VB, VVz —u+Up, +Vy,
Now we find Jacobian at the fixed point E;
myp My Myg
Je, = [mn my; mzs] (1)
mgz1 Mgz 0
where,
e = — (cky + 1) (121 (1 — kpY2) + kpyi (—pay + 11Y2))
t kiBo(raBy — kaayvy) + ky(kyaz By + (cky + 1)y1)vs
M = — kyay(raBy (1 = koY) + kaya (—pay + 11y2))
12 =

k1B (281 — kpa1y1) + ko (kyaz By + (cky + 7'1))’1)7/2,
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k1B (ro By (=1 + kay2) + kv, (uay — 11y2))

myz = 3
B ke Ba(raPy — kaayyr) + ko (kyaaPy + (cky +1)Y1)Y,

- ko (uriyy + ki (Bi(uay +126;) + (et — 1182)v1))
2 k1B (21 — kaa1v1) + ky(kyay By + (cky + 7’1))’1)7/2'

- 1 (—prys — ki(Bi(nay + 12f,) + (et — 112)v1))
22

ki Ba(rafBy — kyayyy) + ky(kyaBy + (cky +1)v1)Ys

o = — kyyi(uriys + ki (B (uay + 1265) + (cu — r182)v1))
2 kiBo (121 — kpayvy) + ky(kyayBy + (cky + 1)y1)vs

_ Bo(riry(—p + kay2) + ki ((—cu + (ry — kaa) By + ckayz) + ko (—pay + 11y2)))

m
3t k1B (21 — kaa1y1) + ko (kiap By + (cky + 1)y1)Y2

N YVo(rira (=t + kayo) + ki (rp(—cp + (1 — kyay) By + ckoys) + koay (—pay +1172)))
32 k1B (21 — kaa1y1) + ko (kiaz By + (cky + 11)Y1)Y-

The characteristic polynomial can be written as

_ 33 2
P(A) = A + 2°(—myy — Myyp) + My3MyMay — MypyMyzMgy — My3My Mgy + My My3ms, (12)
+ A(=mypmy; + myymy,; — myzmz; — myzmsy).

The equilibrium point will be stable under the following conditions

myq +my,<0 (13)
My3MyM31 + My My3zM3y > MypMp3M3g + My3My M3, (14)
(15)

MMy > MypMyg + My3Mgy + My3Ms;
and
Myy (—MyaMaq + My (Myy + My3) — MyzMay) < Myp(Ma1Myy + MazMay) + (My3Myy + MaaMyz)ms,  (16)
Hence, the proof.

Theorem 3: The system (1-3) is globally asymptotically stable for the coexistence equilibrium point E5 under the
following conditions.

I a;>ay, By > pBrandy; >y,
ii. U,V, and W must deviate from U*,V*and W*.

Proof: Consider the following Lyapunov function for the coexistence equilibrium point E;(U*, V*, W*), where,

k1(7”zﬂ1 (U = kyv2) + kyyi (—pay + 7‘1)’2))

U= ,
k1o (r2fy — kaarye) + ka(kiayfy + (cky + 1)y1)72
V= kz(l””ﬂﬁ + ky(B1(uay +1265) + (cu — 7'1.32)]/1))
k1B (1281 — kaaryy) + kp(kyay By + (cky +1)y)ys
W* = iy (—p + kaya) + ki (rp(—cu + (p — ka1)B; + Ckzyz) + kya;(—pay +11y2))
k1B2(r2B1 — kaayy1) + ka(kiaafy + (cky +1)v1)Yye .
LUV, W) =1, (U —U* = U'log Ui) +1, (V —V* = V'log ) +15 (W —W* —W*log V‘f) 17)
where [, [, and [; are positive constants whose value is to be determined.
The derivative of the above equation leads to the following result.
dL U*\ dU V*\ dv W*\ dW
w=b(1-9)a+e(-9)a+s(-%)% (18)
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Some simplification of the above leads to

w-u () (s () 9)

& U-U [—cU +(1-Dyry —vVa, - Wﬁl] + L,V -V [(1 -y + Uay — Wyl] + (W —
dt kq k2

(20)
WH)[=p+ UB,y + Vy,]
As we have;
—cU + (1-D)n — Vi —Wp =0=r =10 + Vi, + WB,. (1)
kq keq
AISO(l—Z—*)rZ+U*a2 Wy, =0=nr= ——U a, + Wy;. (22)
2
And,
Using Equations 21 to 23 in Equation 20, we have
C=LW-U) [—cU — 2 —Va, - W + “” +cU +Via, + W* [?1] + L,V -V [Tz" Uta, +
! (24)
Wy, — :_27"2 +Ua, - WV1] + LW - W*)[_U ﬁz = Vv, + UB, + Vy,).
dL * * T1 * * * * T2
= LW -U)[-cU=-U) =2 W -U)—as(V = V") = s (W = W)| + L,V = V) [-2 (v -
1 2 (25)
VY + (U= UDaz =y (W = W] + LW = WU = U, + (V = V]
For simplicity, we assume that;
ll = lz = l3 = 1 (26)
Using Equation 26 in Equation 25, we get the following:
= DUV U= U = V)= B W= W)U = U) = 2V = V") + -
a,(U—-U" )(V =V =y (W =WHW = V) + (W = W)U = U) +y,(V = VHW —W™).
Some simplification leads to
d * *
= —(c+ )(U U)? = (ay —a)(U = U)WV = V) = (By = B)(W = W)U - U") —;—zz(V— (28)

V)2 (1 — Yz)(W wHV —v).

The coexistence equilibrium point is stable iff the following hold.

Ia;>ay, B> pBrandy; >y,
ii. U, Vand W must deviate from U*,V*and W*

Now, % < 0 if the above conditions i and ii hold. Hence, the theorem is proved.

Figure 2 depicts a hidden circuit, a recurrent neural network (RNN), used to protect privacy or security. It consists of
three layers of neurons, with the first layer taking input, the second layer taking output, and the third layer taking output.
The weights represent connections, biases, and summation. The arrows indicate the direction of information flow through
the hidden circuit, from input to output. This helps us understand the RNN's functionality.

Hidden Qutput

- gl i

Figure 2. Schematic representation of a recurrent neural network (RNN) including a concealed layer

Ii

Page | 1269



Emerging Science Journal | Vol. 8, No. 4

Table 2 summarizes the simulation with varying cannibalism rate (c) and death rate of prey (u). It includes
performance metrics like Gradient, learning rate (Mu), epochs, and time for training, validation, and testing
scenarios. The table provides a concise overview of the model's performance under different conditions, allowing a
comparison of the effects of varying cannibalism and death rates on training speed, learning efficiency, and overall
performance.

Table 2. Simulation Results: Predator-prey dynamics with varying cannibalism rate (c) and death rate of top predator (u).
Performance metrics include Gradient (Grad), learning rate (Mu), epochs, and time for training, validation, and testing
scenarios.

Physical Quantities Training Validation Testing Performance Grad Mu Epochs  Time
-10 -10 -10 -9 -5 -7
camibalismraeof 003 1120x107  210x10%  8.00x10 3.07x10 129x10°  1.07x10 312 11
basal prey (c) 001  193x10%0  209x10°  6.01x10%°  321x10°  39x10°  19x10° 234 5
-9 -9 -9 -9 -9 -8
DeathRateof Top 09 186<10°  216x10°  516x10 4.56x10 6.7x10°  1.9x10 567 8
Predator () 010  146x10°  296x10°  596x10°  3.6x10°  607x10°  18x10° 560 7

4- Results and Discussion

Here, we present the simulation results of the model (1-3). The solution of the model is provided using ode45. Time
series solutions and phase portraits are presented to show the impact of key parameters like intrinsic growth rate,
cannibalism, and death rate of top-predator species.

Figure 3 depicts the impact of the intrinsic rate growth of basal prey on the interacting population for two different
values of the said rate. Figures 3-a and 3-b clearly show that the parameter significantly affects the population. In these
plots, the values of the parameters are taken as follows. r; = 0.49978,r, = 0.50980, «; = 67581, 8; = 0.5600,y; =
0.08794, a,0.645, B, = 0.2549,y, = 0.0643,c = 0.3421, u = 0.00854 whereas the values of r; are taken as r; =
0.49978 and r; = 0.99978.

Figures 3-a and 3-b depict a simulated food chain where the growth rate of the basal prey significantly influences the
entire system’s stability. In the first figure, with a very high growth rate for U, we see a boom-and-bust cycle. The basal
prey flourishes initially, leading to a surge in medium predators. However, this abundance attracts top predators, who
then feast on the medium predator, causing their population to crash. This decline in medium predators eventually
reduces the food source for the top predators, potentially leading to their population decline as well. The cycle can then
repeat as the basal prey recovers. In contrast, the second figure shows a more stable system with a lower growth rate.
The limited growth restricts the medium predator population, resulting in smaller fluctuations for both herbivores and
top predators. This comparison highlights how the intrinsic growth rate of the basal prey plays a critical role in shaping
the dynamics of the food chain. A higher growth rate can lead to dramatic fluctuations, while a lower growth rate
promotes a more stable system.

Time Series Phase Portrait
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(a) Time series and phase portrait at r=0.49978
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Time Series Phase Portrait
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Figure 3. Impact of r; on the population dynamics for two different intrinsic growth rate

Figure 4 depicts the impact of the cannibalism effect of prey on the interacting population for two different values of
the said rate. Figures 4-a and 4-b clearly show that the parameter significantly affects the population. In these plots, the
values of the parameters are taken the same as in Figure 3 for two different values of ¢=0.03421 and 0.013421,
respectively, whereas as r; = 0.49978. It is evident from the plots that decreasing the parameter’s value increases the
oscillations in the solution, and the limit cycle is evident in Figure 4-b. Figure 5 depicts the impact of harvesting of top
predators on the interacting population for two different values of the said rate. Figures 5-a and 5-b clearly show that the
parameter significantly affects the population. In these plots, the values of the parameters are taken the same as in Figure
3 for two different values of 4=0.90085 and 0.10085, respectively, whereas as r; = 0.49978 and ¢=0.013421.

These two, Figures 4-a and 4-b, depict a simulated food chain where the basal prey can consume each other. Figure
4-a has a higher cannibalism rate (¢ = 0.03421) compared to Figure 4-b (c = 0.013421). The presence of cannibalism can
potentially reduce the dramatic fluctuations sometimes seen in food chains. By consuming each other, the plants (basal
prey) help regulate their population growth. This can lead to smaller fluctuations in the populations of medium and top
predators compared to scenarios without cannibalism. By comparing these two plots, we can see that the lower
cannibalism rate in Figure 4-b might be associated with slightly larger fluctuations in the populations compared to the
higher cannibalism rate in Figure 4-a.

Moving to Figure 5, the focus shifts to the impact of harvesting the top predator on the interacting population. Figures
5-a and 5-b echo the trend observed in the previous plots, emphasizing the significant influence of this parameter on the
population. The parameter values for this scenario align with those in Figure 3, while u assumes two different values,
0.90085 and 0.10085, withr; = 0.49978 and ¢=0.013421. Analogous to Figure 4, a decrease in the parameter u
intensifies oscillations in the solution, culminating in an evident limit cycle as portrayed in Figure 5-b, underscoring the
behavior identified in Figure 4.

The plots show how this death rate can affect the population dynamics of all three trophic levels. When the top
predator death rate is high (Figure 5-a), the top predator population appears smaller. This potentially allows the medium
predator population to grow with less predation pressure. However, the primary producers might experience increased
grazing pressure from the larger top predator population. In contrast, a lower death rate for top predators (Figure 5-b)
suggests a larger and more stable carnivore population. This can lead to increased predation on herbivores (green line),
potentially regulating their population at a lower density. Consequently, the primary producers (blue line) might
experience less grazing pressure and potentially show larger fluctuations or reach higher densities.
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Figure 4. Impact of g on the population dynamics for two different harvesting rates
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Figure 6 disentangles the impact of the growth rate of the top predator stemming from predating the basal prey. This
elegantly crafted graph illuminates the population’s response to two distinct values of this pivotal rate. It can be observed
from the multifaceted choreography depicted in Figures 6-a and 6-b that this parameter exerts a profound influence on
the population. Remarkably, these plots maintain parameter consistency with the preceding narrative in Figure 5, holding
steadfast to the values that have woven the complex ecological tale. The growth rate parameter u stands at 0.10085,
while the dynamic duo of B, assumes the distinct values of 0.02459 and 0.00124, crafting a visual narrative that
articulates the sensitivity of population dynamics to this parameter. The plots gracefully illustrate a key observation: the
reduction in the parameter value is met with an amplified amplitude of oscillations in the solution, unveiling the
captivating complexities of the ecosystem’s response to alterations in the growth rate of the top predator.
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(a) Time series solution at 8, = 0.02459 (b) Time series solution at 8, = 0.00124

Figure 6. Impact of B, on the population dynamics for two different growth rate values

Figure 7-a shows a training process for an artificial neural network (ANN) to model the impact of a specific
cannibalism rate on population dynamics in two scenarios. The ANN’s accuracy is measured by the mean squared
difference between its predictions and actual population data. The best validation performance was achieved at epoch
1000, indicating the model’s optimal configuration. The model’s ability to generalize and develop during training
suggests it may be resilient. As a result, the ANN may help understand and manage populations impacted by cannibalism
by making accurate predictions on population dynamics under various cannibalism scenarios. Throughout one thousand
training epochs, the train, validation, and test datasets’ mean squared errors (MSEs) are displayed in Figure 7-b. The
effect of a single parameter, c=0.013, on population dynamics is the target of the ANN’s training. When an ANN
achieves peak performance on a validation set, it can reliably predict outcomes in novel situations. Epoch 1000 is optimal
since ANN learns and generalizes the most effectively

) Best Validation Performance is 1.1905e-09 at epoch 1000 Best Validation Performance is 5.5993e-10 at epoch 1000
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Figure 7. Training process of an artificial neural network (ANN) for the impact of two different cannibalism (a) ¢ =0.03421
and (b) ¢=0.013421 on the population dynamics
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Figure 8-a shows how an artificial neural network (ANN) is trained to account for the effect of p=0.90085 on
population dynamics for two distinct harvesting rates. Epoch 1000 was the sweet spot for the ANN’s performance on
the validation dataset; at this time, the MSE was 2.6785e-09. Triangular in shape, the graphic depicts three curves:
training, validation, and test. While avoiding overfitting, reducing the MSE on the training dataset should be the goal.
An upward trend in the validation curve at epoch 800 indicates that overfitting is being monitored. The relatively low
MSE shows good generalization to new data around 10~5, measured by the test curve, which evaluates the ultimate
performance. A model of the effect of a specific harvesting rate on the dynamics of a fish population is shown in Figure
8-b, which shows the training process of an ANN. The graph shows the ANN’s mean squared error (MSE) on training,
validation, and test datasets over 1000 epochs. The ANN’s best validation performance is 2.6948e-09 at epoch 1000,
indicating its lowest MSE on the validation dataset. The MSE on training data decreases rapidly over the first few epochs,
while on validation data, it increases slightly after 200 epochs, indicating overfitting.
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Figure 8. Training process of an artificial neural network (ANN) for the impact of two different harvesting rates (a)
1=0.90085 and (b) u=0.10085 on the population dynamics

Figures 9-a and 9-b show a simulation of a predator-prey system with cannibalism, depicting the population of basal
prey changes over time for different cannibalism rates. This figure details the transition state of cannibalism rate,
Gradient, and Mut. The simulation runs smoothly with no errors. The two plots show the population of basal prey for
different cannibalism rates, with higher rates leading to a lower population of basal prey. This is a typical result in
predator-prey models. Figures 10-a and 10-b show a study on population dynamics in a system affected by harvesting
using a hybrid artificial neural network (ANN) approach. The model predicts system behavior for different harvesting
rates with high accuracy. The population density decreases with higher harvesting rates, as harvesting removes
individuals. The model’s performance is evaluated through validation checks over time, with zero validation checks for
both rates. The image also provides additional information about the ANN model, including Gradient, mu value, and
epoch. Overall, the ANN model accurately models the population dynamics of a system affected by harvesting
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Figure 9. Results of the transition state of cannibalism rate of basal prey (a) c=0.03421 and (b) ¢=0.013421 on the population
dynamics
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Figure 10. Results of the transition state on the population dynamics for two different harvesting rates (a) ©=0.90085 and
(b) u=0.10085

The error histogram in Figures 11-a and 11-b is a visual representation of the error distribution between the target
values and the output values of an ANN model for predicting the cannibalism rate of basal prey. The histogram has 20
bins, with the x-axis representing the range of errors and the y-axis showing the number of instances within each bin.
The errors are mostly concentrated around zero, indicating the ANN model’s good performance. However, there is a
small tail of errors on both the left and right sides, indicating significant differences from the target values. The error
histogram in Figures 12-a and 12-b is a graphical representation of the distribution of errors in a data set, illustrating the
differences between the target values and the actual outputs of a training program. The histogram shows the number of
errors within each of the 20 bins, with the zero-error line at the center. The training data has the most errors around zero,
with fewer errors as the error magnitude increases. The validation and test data have similar error distributions to the
training data, indicating that the training program is not overfitting. The histogram is useful for visualizing error
distribution and tracking training progress.

Figures 13-a and 13-b display four graphs illustrating the fit of a model for predicting the target variable (Y-T) against
the actual target variable (Target). The model’s fit is better when points are closer to the diagonal line. The top left graph
shows the model perfectly fitting the training data, while the top right graph shows it doesn’t. The bottom left graph
shows the model fits the test data, and the bottom right graph shows it fits the combined data. The regression analysis
shows the model fits the data well for both cannibalism rates. The Figures 14-a and 14-b show four graphs related to the
training and validation of a neural network used for regression analysis. The top left graph shows the relationship
between predicted and actual target values during the training phase, with all data points lying on the diagonal line. The
top right graph shows the relationship between predicted and actual target values during the validation phase, with all
data points close to the diagonal line. The bottom left graph shows the relationship between predicted and actual target
values on a separate test dataset, with all data points close to the diagonal line. The bottom right graph combines data
from all three phases into a single plot, indicating a good overall fit of the neural network model to the data. However,
an R-value of 1 in all cases might suggest overfitting, where the model fits the training data too closely but may not
generalize well to new data.
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In this research, we use an artificial neural network (ANN) to predict and understand how the food chain model will
act in the future. With the use of ANNs, we can better understand the interconnectedness of the tri-trophic food chain
and predict how it will react in various scenarios. Particular insights and predictions offered by the ANN are listed below:

Pattern Recognition and Prediction: Artificial neural networks are excellent at identifying trends in data, and as a
result, they are good at predicting future occurrences based on historical data. For example, the ANN can detect the
trends of population dynamics and predict future occurrences within the framework of our food chain model. If we
change the important characteristics like the prey growth rate, the predator predation rate, and the cannibalism intensity,
it would be able to predict the long-run influence on all populations on all trophic levels.

Scenario Analysis: The ANN makes it possible to carry out a scenario analysis by simulating numerous hypothetical
situations and assessing their outcomes. For instance, possible impacts of degrees of harvesting pressure on populations
of Apex predators can be analyzed, and the capacity of the food chain model to adapt to radical alterations in climatic
conditions can be evaluated. As a result of this, we can anticipate the potential barriers and create adaptable ways to
handle them.

5- Conclusion

To better understand the complex dynamics of primary prey population cannibalistic interactions and the apex
predator's selective harvesting techniques, we have developed a new tri-trophic food chain model. Our analysis,
grounded in the rigorous application of the Routh-Hurwitz criteria and Lyapunov function analysis, has provided deep
insights into the stability properties of coexistence equilibrium points within the system. Through visually compelling
graphical representations, we have elucidated the significant influence of key parameters, such as intrinsic growth rates,
cannibalism intensity and predation rates, on the overall dynamics of the system. Our integration of artificial neural
networks into the analytical framework has further enriched our ability to gain profound insights and enhance predictive
capabilities. One of the central contributions of our research lies in highlighting the critical aspects of conditional linear
stability and global asymptotic stability concerning coexistence equilibrium points. Our findings underscore how
variations in parameter values can induce complex oscillatory patterns in the temporal evolution of solutions, thus
emphasizing the system's susceptibility to parameter perturbations and the potential emergence of dynamic complexities
in real-world scenarios. Through the systematic flow of our methodology, as illustrated in the provided flowchart, we
have navigated through the conceptualization, modeling, analysis, and visualization stages with precision and clarity.
The complex relationship between species interactions and human harvesting techniques in ecological systems has been
better understood with each step. Moving forward, our research enriches not only theoretical knowledge in the field of
ecological modeling but also offers practical implications for effective ecosystem management strategies. By shedding
light on the complex dynamics of tri-trophic food chains, our findings pave the way for informed decision-making aimed
at promoting ecological stability and resilience in the face of environmental challenges.

Real-world food chains and ecosystems can be better understood and managed with the help of our study's findings.
Ecological research and the creation of sustainable management strategies for resilient ecosystems are both improved by
our use of mathematical modeling in conjunction with empirical data and sophisticated analytical methods.

6- Declarations
6-1- Author Contributions

Conceptualization, M.S.A. and A.E.; methodology, M.S.A.; software, A.E.; validation, A.M., AEE., and M.S.A;;
formal analysis, A.M.; investigation, M.S.A.; resources, A.M.; data curation, A.M.; writing—original draft preparation,
M.S.A.; writing—review and editing, A.E.; visualization, A.M.; supervision, M.S.A.; project administration, A.M.;
funding acquisition, A.M. All authors have read and agreed to the published version of the manuscript.

6-2- Data Availability Statement
The data presented in this study are available on request from the corresponding author.
6-3- Funding

The authors would like to acknowledge the support of Prince Sultan University for covering the article processing
charges for this publication.

6-4- Acknowledgement:

The authors wish to express their gratitude to Prince Sultan University for facilitating the publication of this article
through the Theoretical and Applied Sciences Lab.

6-5- Institutional Review Board Statement

Not applicable.

Page | 1277



Emerging Science Journal | Vol. 8, No. 4

6-6- Informed Consent Statement

Not applicable.

6-7- Conflicts of Interest

The authors declare that there is no conflict of interest regarding the publication of this manuscript. In addition, the
ethical issues, including plagiarism, informed consent, misconduct, data fabrication and/or falsification, double
publication and/or submission, and redundancies have been completely observed by the authors.

7- References
[1] Lotka, A. J. (1925). Elements of physical biology. Williams & Wilkins, Philadelphia, United States.

[2] Holling, C. S. (1966). The Functional Response of Invertebrate Predators to Prey Density. Memoirs of the Entomological Society
of Canada, 98(S48), 5-86. doi:10.4039/entm9848fv.

[3] Biazar, J., & Montazeri, R. (2005). A computational method for solution of the prey and predator problem. Applied Mathematics
and Computation, 163(2), 841-847. doi:10.1016/j.amc.2004.05.001.

[4] Solis, F. J. (2008). Self-limitation in a discrete predator-prey model. Mathematical and Computer Modelling, 48(1-2), 191-196.
doi:10.1016/j.mcm.2007.09.006.

[5] Danca, M., Codreanu, S., & Bakd, B. (1997). Journal of Biological Physics, 23(1), 11-20. doi:10.1023/a:1004918920121.

[6] Jing, Z., & Yang, J. (2006). Bifurcation and chaos in discrete-time predator—prey system. Chaos, Solitons & Fractals, 27(1), 259—
277. doi:10.1016/j.chaos.2005.03.040.

[7] Liu, X., & Xiao, D. (2007). Complex dynamic behaviors of a discrete-time predator—prey system. Chaos, Solitons & Fractals,
32(1), 80-94. doi:10.1016/j.chaos.2005.10.081.

[8] Elsadany, A. E. A., EI-Metwally, H. A., Elabbasy, E. M., & Agiza, H. N. (2012). Chaos and bifurcation of a nonlinear discrete
prey-predator system. Computational Ecology and Software, 2(3), 169.

[9] Summers, D., Cranford, J. G., & Healey, B. P. (2000). Chaos in periodically forced discrete-time ecosystem models. Chaos,
Solitons and Fractals, 11(14), 2331-2342. d0i:10.1016/S0960-0779(99)00154-X.

[10] Paul, S., Mondal, S. P., & Bhattacharya, P. (2016). Numerical solution of Lotka Volterra prey predator model by using Runge-
Kutta-Fehlberg method and Laplace Adomian decomposition method. Alexandria Engineering Journal, 55(1), 613-617.
doi:10.1016/j.aej.2015.12.026.

[11] Batiha, B. (2014). The solution of the prey and predator problem by differential transformation method. International Journal of
Basic and Applied Sciences, 4(1), 36. doi:10.14419/ijbas.v4i1.4034.

[12] Garvie, M. R., Burkardt, J., & Morgan, J. (2015). Simple Finite Element Methods for Approximating Predator—Prey Dynamics
in Two Dimensions Using Matlab. Bulletin of Mathematical Biology, 77(3), 548-578. d0i:10.1007/s11538-015-0062-z.

[13] Bildik, N., & Deniz, S. (2016). The Use of Sumudu Decomposition Method for Solving Predator-Prey Systems. Mathematical
Sciences Letters, 5(3), 285-289. d0i:10.18576/msl/050310.

[14] Yu, J.S., & Yu, J. J. (2014). Homotopy analysis method for a prey-predator system with holling IV functional response. Applied
Mechanics and Materials, 687—691, 1286—1291. doi:10.4028/www.scientific.net/ AMM.687-691.1286.

[15] Saha Ray, S. (2015). A new coupled fractional reduced differential transform method for the numerical solution of fractional
predator-prey system. CMES - Computer Modeling in Engineering and Sciences, 105(3), 231-249.

[16] Naji R.K. (2012). Global stability and persistence of three species food web involving omnivory. Iragi Journal of Sciences, 53(4),
866-876.

[17] Nath, B., & Das, K. P. (2018). Density Dependent Mortality of Intermediate Predator Controls Chaos-Conclusion Drawn from
A Tri-Trophic Food Chain. J. Ksiam, 22(3), 179-199. do0i:10.12941/jksiam.2018.22.179.

[18] Khan, A., Abdeljawad, T., Gdmez-Aguilar, J. F., & Khan, H. (2020). Dynamical study of fractional order mutualism parasitism
food web module. Chaos, Solitons & Fractals, 134, 109685. doi:10.1016/j.chaos.2020.109685.

[19] Kondoh, M., Kato, S., & Sakato, Y. (2010). Food webs are built up with nested subwebs. Ecology, 91(11), 3123-3130.
doi:10.1890/09-2219.1.

[20] Holt, R. D., Grover, J., & Tilman, D. (1994). Simple rules for interspecific dominance in systems with exploitative and apparent
competition. American Naturalist, 144(5), 741-771. doi:10.1086/285705.

[21] Huang, C., Qiao, Y., Huang, L., & Agarwal, R. P. (2018). Dynamical behaviors of a food-chain model with stage structure and
time delays. Advances in Difference Equations, 2018(1). doi:10.1186/s13662-018-1589-8.

Page | 1278



Emerging Science Journal | Vol. 8, No. 4

[22] Thirthar, A. A., Majeed, S. J., Alqudah, M. A., Panja, P., & Abdeljawad, T. (2022). Fear effect in a predator-prey model with
additional food, prey refuge and harvesting on super predator. Chaos, Solitons & Fractals, 159, 112091.
doi:10.1016/j.chaos.2022.112091.

[23] Persson, L., De Roos, A. M., Claessen, D., Bystrém, P., Lovgren, J., Sjégren, S., Svanbdck, R., Wahlstrém, E., & Westman, E.
(2003). Gigantic cannibals driving a whole-lake trophic cascade. Proceedings of the National Academy of Sciences, 100(7),
4035-4039. doi:10.1073/pnas.0636404100.

[24] Van den Bosch, F., & Gabriel, W. (1997). Cannibalism in an age-structured predator-prey system. Bulletin of Mathematical
Biology, 59(3), 551-567. doi:10.1007/bf02459465.

[25] Jurado-Molina, J., Gatica, C., & Cubillos, L. A. (2006). Incorporating cannibalism into an age-structured model for the Chilean
hake. Fisheries Research, 82(1-3), 30-40. doi:10.1016/j.fishres.2006.08.018.

[26] Kundu, S., Alzabut, J., E.Samei, M., & Khan, H. (2023). Habitat complexity of a discrete predator-prey model with Hassell-
Varley type functional response. Community and Ecology, 1(1), 105. doi:10.59429/ce.v1i1.105.

[27] Ejaz, A., Nawaz, Y., Arif, M. S., Mashat, D. S., & Abodayeh, K. (2022). Stability Analysis of Predator-Prey System with
Consuming Resource and Disease in Predator Species. CMES - Computer Modeling in Engineering & Sciences, 131(1), 489-
506. doi:10.32604/cmes.2022.019440.

[28] Arif, M. S., Abodayeh, K., & Ejaz, A. (2023). On the stability of the diffusive and non-diffusive predator-prey system with
consuming resources and disease in prey species. Mathematical Biosciences and Engineering, 20(3), 5066-5093.

[29] Arif, M. S., Abodayeh, K., & Ejaz, A. (2023). Stability Analysis of Fractional-Order Predator-Prey System with Consuming
Food Resource. Axioms, 12(1), 64. doi:10.3390/axioms12010064.

[30] Mall, S., & Chakraverty, S. (2014). Chebyshev Neural Network based model for solving Lane-Emden type equations. Applied
Mathematics and Computation, 247, 100-114. doi:10.1016/j.amc.2014.08.085.

[31] Chakraverty, S., & Mall, S. (2014). Regression-based weight generation algorithm in neural network for solution of initial and
boundary value problems. Neural Computing and Applications, 25(3—4), 585-594. doi:10.1007/s00521-013-1526-4.

[32] Kumar, G. R., Ramesh, K., Khan, A., Lakshminarayan, K., & Abdeljawad, T. (2024). Bazykin’s Predator—Prey Model Includes
a Dynamical Analysis of a Caputo Fractional Order Delay Fear and the Effect of the Population-Based Mortality Rate on the
Growth of Predators. Qualitative Theory of Dynamical Systems, 23(3), 130. doi:10.1007/s12346-024-00981-6.

[33] Mollah, H., & Sarwardi, S. (2024). Mathematical modeling and bifurcation analysis of a delayed eco-epidemiological model
with disease in predator and linear harvesting. International Journal of Modelling and Simulation, 1-21.
doi:10.1080/02286203.2023.2296197.

[34] Khader, M. M., Macias-Diaz, J. E., Roméan-Loera, A., & Saad, K. M. (2024). A Note on a Fractional Extension of the Lotka—
Volterra Model Using the Rabotnov Exponential Kernel. Axioms, 13(1), 71. doi:10.3390/axioms13010071.

[35] Xing, Y., & Jiang, W. (2024). Turing-Hopf bifurcation and bi-stable spatiotemporal periodic orbits in a delayed predator-prey
model with predator-taxis. Journal of Mathematical Analysis and Applications, 533(1), 127994. doi:10.1016/j.jmaa.2023.127994.

[36] Kumari, N., & Kumar, V. (2022). Controlling chaos and pattern formation study in a tritrophic food chain model with
cannibalistic intermediate predator. European Physical Journal Plus, 137(3). doi:10.1140/epjp/s13360-022-02539-4.

[37] Kar, T. K., Ghorai, A., & Batabyal, A. (2012). Global dynamics and bifurcation of a tri-trophic food chain model. World Journal
of Modelling and Simulation, 8(1), 66-80.

Page | 1279



