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Abstract This paper proposes a novel approach
for solving fractional-order nonlinear predator—prey
dynamical systems using artificial neural networks
(ANNs), with the goal of improving accuracy and
computational efficiency in modeling complex real-
world ecological interactions. A hybrid computa-
tional intelligence framework is developed, integrating
ANNs with a Genetic Algorithm-Interior Point Algo-
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rithm (GA-IPA) for parameter optimization. The ANN
serves as the modeling core, while the GA-IPA opti-
mization refines network parameters to achieve high
precision and stability. Numerical simulations confirm
that the proposed ANN-GA-IPA approach effectively
captures the dynamics of the fractional-order nonlin-
ear predator—prey system. The method demonstrates
strong robustness and high accuracy, outperforming
conventional techniques in representing dynamic eco-
logical behaviors. This work introduces, for the first
time, the application of a hybrid ANN—-GA-IPA strat-
egy to fractional-order dynamical systems, delivering
improved computational performance and modeling
accuracy, offering a powerful tool for analyzing com-
plex biological interactions and presenting potential
extensions to other classes of nonlinear systems.
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1 Introduction

Nonlinear systems, often referred to as complex sys-
tems, provide some of the most accurate represen-
tations of real-world phenomena due to their ability
to capture intricate and dynamic interactions. Among
these, the predator-prey model, originally introduced
by Vito Volterra and Alfred Lotka in the early 20th
century, stands as a fundamental example. Known as
the Lotka-Volterra system, it describes the interactions
between two species: prey and predators, serving as a
cornerstone in mathematical biology and ecology by
offering insights into natural population dynamics.

The model divides the total population into two dis-
tinct subpopulations: prey and predators. Prey are sub-
ject to predation at a rate §, causing a decline in their
numbers, and also experience natural mortality at rate
y . Predators, conversely, grow in number at arate & pro-
portional to the prey population while suffering natural
mortality at rate 6.

This interaction is mathematically expressed as:

u'(t) = u)(y —sv(t)),
V(1) = —v(t) (0 — eu(t)),
u(0) =ug, v(0) =vy.

Here, u(t) and v(¢) denote prey and predator pop-
ulations respectively. The term y — dv(¢) represents
the prey’s net growth rate, balancing natural mortal-
ity and predation, while —v(#)(6 — eu(t)) accounts for
the predator’s net decline, reflecting natural death and
dependence on prey availability.

Recent studies have advanced predator-prey model-
ing through diverse approaches. For example, Mehdi
et al. [18,19] investigate chaotic bifurcation dynam-
ics in predator-prey interactions with logistic growth
and Holling type-II responses, analyzing stability and
control mechanisms in discrete models with prey
refuge effects, uncovering complex chaotic behav-
iors. Hammouch et al. [9] explore fractional-order
predator-prey models incorporating Holling type-II
functional responses, providing numerical simulations
and detailed dynamic investigations using fractional
calculus techniques. These works enrich our under-
standing of nonlinear and fractional dynamics in eco-
logical systems.

Beyond ecology, the Lotka-Volterra system has been
adapted to model various interactions, including epi-
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demiological dynamics of infectious diseases such
as measles, HIV, and COVID-19. In these cases,
predator-prey dynamics analogously represent interac-
tions between susceptible, infected, and recovered indi-
viduals, facilitating detailed analysis of disease spread
and control measures.

The predator-prey model offers a foundational frame-
work for understanding complex dynamical systems.
By examining species interactions and parameter influ-
ences, researchers can develop new nonlinear dynam-
ical models applicable across fields, from ecology to
epidemiology. This framework underscores the power
of mathematical modeling in capturing real-world com-
plexities and provides valuable tools for predicting and
managing dynamic behaviors across scientific disci-
plines.

Moreover, the integration of Artificial Intelligence
(AD) introduces new dimensions to the analysis and
modeling of complex systems. While nonlinear predator-
prey models provide foundational insights into ecolog-
ical dynamics, the advent of Al technologies brings
advanced tools and methodologies that can signifi-
cantly enhance our analytical capabilities.

Artificial Intelligence, a term first introduced by
John McCarthy in 1956, has since evolved into a multi-
faceted field. Initially, Al required substantial process-
ing power and time to develop, but today it encom-
passes several distinct types. Narrow Al, or Weak Al,
represents the most common form, where systems are
designed to perform specific tasks with high efficiency.
For example, email spam detection and product rec-
ommendation systems are applications of Narrow Al.
These systems excel within their designated tasks but
lack broader cognitive abilities.

On the other hand, Artificial General Intelligence
(AGI), also known as intelligent agents, is designed to
replicate the full spectrum of human intellectual capa-
bilities. AGI systems are capable of understanding and
performing any cognitive task that a human can, show-
casing remarkable adaptability and flexibility.

At the pinnacle of Al development is Artificial
Superintelligence (ASI). This form of Al is envisioned
to surpass human intelligence across all domains.
Although still theoretical, ASI holds the promise of
revolutionary advancements but also poses significant
challenges due to its superior cognitive abilities.

John McCarthy’s pioneering work laid the foun-
dation for exploring various Al subfields, including
machine learning, deep learning, and natural language
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processing (NLP). Machine learning, a subset of Al,
automates the learning process by enabling systems
to improve from experience without explicit program-
ming. Applications such as email spam filters and pre-
dictive analytics exemplify how machine learning can
streamline and enhance diverse tasks.

Deep learning, a more specialized area within
machine learning, utilizes artificial neural networks
designed to simulate the human brain. This technology
is particularly effective in complex tasks such as image
and speech recognition. Deep learning algorithms con-
tinuously refine their performance by analyzing vast
amounts of data, leading to significant advances in these
areas.

In parallel, natural language processing (NLP)
focuses on the ability of machines to understand and
interact with human language. NLP drives innovations
such as chatbots and language translation systems, rely-
ing on advanced language processing techniques to
facilitate human-computer interaction.

By integrating Al methodologies with nonlinear
dynamical systems such as predator-prey models,
researchers can harness the power of machine learn-
ing and deep learning to develop more accurate and
predictive models. This synergy enhances our ability
to analyze and understand complex systems, paving
the way for advances in both theoretical research and
practical applications. For a visual representation of
how these Al techniques are applied,

In addition to the advancements in artificial intel-
ligence and neural networks, the integration of these
technologies with partial differential equations (PDEs)
represents a significant development in computational
modeling. The application of neural networks to PDEs
addresses some of the limitations of traditional interpo-
lation models and iterative techniques, particularly in
handling large-scale systems. This modern approach
leverages the strengths of artificial neural networks
(ANNSs), which have been effectively utilized in regres-
sion and classification tasks [11,24].

The concept of fractional calculus (FC), introduced
by Leibniz in the 17th century, has since evolved
into a robust tool in various scientific domains. Ini-
tially a theoretical extension of integer-order calcu-
lus, fractional calculus is now extensively used across
diverse fields. In physics, it models complex phenom-
ena such as anomalous diffusion and quantum systems
through fractional Schrodinger equations [6, 14, 15,45].
In biology, fractional calculus aids in predicting disease

dynamics [1,13,16], while in engineering, it enhances
control systems and signal processing [4]. Its versatil-
ity further extends to economics, finance, and medicine,
showcasing broad applicability.

Several definitions of fractional derivatives have
emerged, each offering unique perspectives and method-
ologies. These include the Riemann-Liouville frac-
tional derivative [17,40], the Griinwald fractional
derivative [8,21], the Hadamard derivative [42], and the
Caputo fractional derivative [8,17]. Each contributes
to the rich landscape of fractional calculus, providing
valuable tools to address complex real-world problems.

This research builds upon these advancements,
utilizing the strengths of artificial neural networks
(ANNG5) alongside fractional calculus to develop inno-
vative solutions for dynamic systems. Previous works
have demonstrated the effectiveness of fractional-order
models in various contexts, such as the mathematical
modeling and analysis of two-variable systems with
non-integer order derivatives [23], fractional SEIR epi-
demic models [46], and multi-order models predicting
COVID-19 outbreaks [10]. Additionally, fractional-
order chaotic systems and delay differential equations
have been studied using fractional iterative and syn-
chronization methods [3,20].

The integration of artificial neural networks (ANN5)
with fractional calculus offers a powerful framework
for enhancing the accuracy and applicability of math-
ematical models across scientific and engineering
domains. This combination effectively captures com-
plex, memory-dependent dynamic behaviors inherent
in many real-world systems.

In this paper, we propose a hybrid computational
intelligence technique to solve fractional-order nonlin-
ear predator-prey systems by combining artificial neu-
ral networks with a Genetic Algorithm-Interior Point
Algorithm (GA-IPA) optimization. The ANN provides
a flexible mathematical modeling structure, while the
GA-IPA method optimizes the network parameters to
achieve high precision. The novelty of our approach lies
in the first application of this ANN-GA-IPA method-
ology to fractional-order dynamical systems, demon-
strating improved computational efficiency and accu-
racy compared to conventional methods. By leverag-
ing neural networks alongside metaheuristic optimiza-
tion, this framework advances the modeling of complex
ecological interactions and offers a scalable approach
applicable to a broad range of nonlinear systems.

@ Springer
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Recent developments in stochastic neural network
solvers have shown remarkable success in addressing
complex nonlinear and singular models. For instance,
the stochastic Levenberg-Marquardt backpropagation
neural network (LMBPNN) has been effectively applied
to solve singular nonlinear sixth-order pantograph dif-
ferential models combining pantograph and Emden-
Fowler dynamics, with performance validated across
training, validation, and testing phases [38]. Simi-
larly, Bayesian-regularized radial basis neural net-
works (RBNN) have demonstrated high accuracy in
modeling nonlinear malaria transmission dynamics
[36], while radial basis deep neural networks (RBDNN),
incorporating Bayesian regularization and implicit
Runge-Kutta integration, have successfully captured
predator-prey interactions [33]. Hybrid optimization
approaches such as the radial basis scaled conju-
gate gradient neural network (RB-SCGNN) have been
used to model the Zika virus dynamics, utilizing
Runge-Kutta-generated data to ensure convergence and
minimize error [37]. Additionally, stochastic LMB-
NN methods have been employed to solve fifth-
order Emden-Fowler systems by partitioning datasets
to reduce mean square error, achieving excellent
agreement with reference solutions [31]. Collectively,
these approaches highlight the versatility of stochastic
solvers in managing singularities, multi-scale dynam-
ics, and epidemiological compartmentalization, often
outperforming traditional numerical methods through
adaptive learning and robust regularization.

The application of computational intelligence in
predator-prey system analysis has grown substan-
tially. Combining ANNs with metaheuristic optimiza-
tion algorithms has proven effective in solving com-
plex nonlinear models with enhanced accuracy and
efficiency. Such hybrid methods harness the adaptive
learning capabilities of ANNs alongside the global
search advantages of metaheuristics, making them
well-suited for ecological modeling.

For example, Umar et al. [43] developed an intelli-
gent computing framework integrating ANNs, genetic
algorithms (GAs), and the interior-point algorithm
(TIPA) to analyze nonlinear predator-prey dynamics.
Their approach was validated through statistical met-
rics including mean absolute error (MAE), root mean
square error (RMSE), and Nash-Sutcliffe efficiency
(NSE), with comparisons against traditional Adams
numerical solvers. Similarly, Sabir et al. [28] intro-
duced a Scaled Conjugate Gradient Neural Network
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(SCGNN) approach for fractional-order predator-prey
models, effectively capturing memory-dependent bio-
logical dynamics and underscoring the potential of
fractional calculus in ecological modeling, especially
for systems with long-term dependencies.

Further enhancing computational efficiency, Umar
et al. [44] developed a solver combining Morlet
wavelet neural networks (MWNNSs), genetic algo-
rithms, and sequential quadratic programming (SQP).
Their method achieved high accuracy in modeling
predator-prey interactions, demonstrating the effective-
ness of hybrid optimization techniques in ecological
simulations. Likewise, Ruttanaprommarin et al. [26]
investigated the use of Levenberg-Marquardt back-
propagation in artificial neural networks to analyze
delayed predator-prey models with Holling type-III
functional responses. Their findings highlighted the
robustness of this approach in handling nonlinearity
and time delays, making it well-suited for realistic eco-
logical systems.

Supervised learning techniques have been instru-
mental in advancing predator-prey modeling. Saeed
et al. [39] utilized Levenberg-Marquardt backpropa-
gation within supervised neural networks to solve non-
linear biological predator-prey systems. Their frame-
work involved comprehensive training, validation, and
testing phases, with performance evaluated through
regression and correlation analyses. Recent innovations
include specialized neural architectures such as the
Gudermannian neural network (GNN), introduced by
Alkaabi et al. [2]. Their hybrid methodology combined
GNNs with genetic algorithms and interior-point opti-
mization, achieving strong concordance with Runge-
Kutta reference solutions. Additionally, Junsawang et
al. [12] applied Levenberg-Marquardt backpropagation
neural networks to solve a complex two-prey, one-
predator delay differential system, showing excellent
agreement with numerical benchmarks.

These computational techniques have also been
extended to other biological systems. Sabir et al. [29]
applied ANNs with Levenberg-Marquardt backpropa-
gation to simulate influenza disease dynamics. Sanchez
et al. [41] employed a hybrid artificial neural network-
particle swarm optimization-interior point algorithm
(ANN-PSO-IPA) framework for HIV infection model-
ing. Furthermore, Sabir et al. [27] developed a neuro-
evolutionary method to solve multi-singular differen-
tial equations, illustrating the broad applicability of
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these methods across complex nonlinear dynamic sys-
tems.

In this article, we extend the classical predator-
prey model (Eq. (1)) by incorporating the fractional
Caputo derivative, thereby introducing a more flex-
ible and realistic framework that captures memory
effects and non-local dynamics inherent in ecological
interactions. Unlike traditional integer-order models,
fractional-order formulations enable a nuanced repre-
sentation of the complex temporal dependencies char-
acteristic of predator-prey systems.

To advance our analysis, we employ artificial neural
networks (ANNs) to estimate the population dynam-
ics of both prey and predator species. This data-driven
approach complements the fractional-order model by
facilitating adaptive learning of the system’s behavior,
particularly valuable when obtaining precise analytical
solutions is challenging. The neural network architec-
ture is specifically designed to handle the nonlinear-
ities induced by fractional dynamics, yielding robust
and accurate numerical approximations.

Moreover, we develop a hybrid optimization frame-
work that synergistically combines a genetic algorithm
(GA) with an interior point algorithm (IPA) to effi-
ciently calibrate model parameters and enhance com-
putational performance. This GA-IPA hybrid leverages
the global search strengths of genetic algorithms along-
side the rapid local convergence properties of interior
point methods, enabling precise and efficient parame-
ter estimation even within complex, high-dimensional,
and non-convex optimization landscapes.

The generalized fractional predator-prey system is
formulated as:

“DPu(t) = u(t)(y” — 8°v(1)),
“DP(t) = —v() (67 — ePu(1)), (1)
u(©0) =ug, v(0) = vy.

The structure of this paper is as follows: Section 2
details the methodology employed to solve the non-
linear fractional predator-prey dynamic system (NFP-
PDS). Section 3 presents the numerical results derived
from this approach. Finally, the concluding section
summarizes the main findings and discusses their sig-
nificance in Section 4.

2 Design of the neural network

The neural network comprises H neurons in the input
layer and a single output neuron. The weights in the

input layer form an H x n matrix, while the weights in
the second layer are represented by a vector of H ele-
ments. The output of the network is a vector denoted
as Yprea = (U prea(t), Vprea(t)), as shown in Figure 1.
The outputs from the first layers are computed as:

z=w,r+B,, 2N =w,+B,

where W, and W, are the weight matrices, and B,, and
B, are the bias vectors. The predicted values for prey
and predator are then given by:

Mpred(t) _ZVMZA(Z 2

H
Vprea(t) = Vi i AZL)), 3)

i=1

where A is the activation function, specifically the sig-
moid function:

1

M= et

Thus, the equations become:

1
1 +exp(—W,.it — By.i)’

H
upred(t) = Z Vu,i X
i=1

4)
1

1 +exp(—Wyit — By;)’

H
Upred(t) = Z Vv,i X
i=1

The fractional derivatives of the predicted variables
are computed as:

CDpupred(t)

H
=D’ Z Vii X

1
I+ CXP(—WM,,‘[ - Bu,i)

(&)

_ P
F(l_p)ZVuthl/(t T)" A(Wut":

+ Bu,i)(l - A(Wu,if + Bu,i))dfv
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Fig. 1 A neural network architecture

chUpred(t)

H
1
=Dy V,;x
; T+ exp(—Wyit — By)
B (6)

H
1 t
= — E Vo.iWoi t—1) PAW,
r(—p) = v,i v,l[)( T) ( v,iT

+ Byi)(1 — A(Wy,it + Byi))dr.

To solve the fractional nonlinear predator-prey
dynamical system, we first define the merit function.
The merit function Frj; is given by:

Frit = Frit—1 + Frit—2 + Fri;_3, (7
where:

I § cp p p 2
Frii—1 = n Z ('D Upred,i — Upred,i(Y® — 8 Upred,i)) s

i=1
1 & 2
Frit—> = ; Z (chUpred,i + Upred,i(gﬁ7 - 8pupred,i)) 5
i=1

1
Frims = 5 (@) = tpreq.0* + ©(0) = vprea0)?)
®)

2.1 Measure of performance

This section provides a detailed analysis of the perfor-
mance metrics for the nonlinear fractional predator-
prey model, including Mean Square Error (MSE),
Absolute Error (MAE), Theil Inequality Coefficient
(TIC), and Error in Nash—Sutcliffe Efficiency (ENCE).
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These metrics not only illustrate the trajectory of the
method but also assess the accuracy of our approach
in solving fractional nonlinear predator-prey differen-
tial equations. Then we express these measures in the
following way,

The mean squared error (MSE) is defined as the average
of the squared errors across all observations

1 n
MSE, =~ (i = ttprea.i)’,
i=1
| - ©)
MSE, = ; Z(Ui - vpred,i)2v
i=1

Additionally, we define the mean absolute error in each
instantt;,forj = 1,2, ---, N by the following expres-
sions

1
MAEM = ; Z |1/li — upred,i|7
l:l (10)
1
MAE, = ; Z lv; — Upred,i |
i=1

The Theil Inequality Coefficient (Theil’s U) measures
a model’s prediction accuracy by comparing its fore-
cast errors to those of a naive benchmark. The formal
expression is as follows

1
\/ﬁ Z?:](ui - Mpred,i)2
1 n 2 /1 n 2
\/z DI \/z Dz WUpred,i

TIC, =

’
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1
\/71 Zyzl(vi - Upred,i)z
1 n 2 /1 n 2
NESYEE NS VR

The Nash-Sutcliffe Efficiency (NSE) is a normalized
statistic that measures the predictive ability of a hydro-
logical or environmental model by comparing its per-
formance to a benchmark simulation based on the mean
of observed values

TIC, =

. Y

var(u; — upred,i)

NES, =1— s

var(u;) (12)
NES, =1— var(v; — Upred,i)

var(v;)

The metrics MSE, MAE it measure the mean square
error, and mean absolute error, respectively, associate
to each state variable at all instants ¢;, j = 1,2, ..., N
, as this values decrease as the predicted state are too
close to the approximate state. The Thiel’s Inequality
Coefficient T/ C is a normalized measure of the pre-
diction error that ranges between 0 and 1. When TIC
is too close to zero this is mean a best prediction of the
state variable. While, when this value is close to 1 this

indicate a completely inaccurate prediction. For NES is
measure of the model’s predictive power, ranging from
—oo to 1 (1 is perfect prediction).

From a biological perspective, the mean squared
error (MSE) quantifies the divergence between model
predictions and empirical observations. Elevated MSE
values may signal clinically relevant inaccuracies,
whereas minimal MSE reflects close alignment with
experimental or patient-derived data.

The mean absolute error (MAE) provides an intu-
itive measure of average deviation in natural units,
offering practitioners direct insight into prediction reli-
ability for individual cases.

For benchmarking, the normalized error score (NES)
evaluates model performance against a naive reference
( random chance). Superior NES values demonstrate
the model’s capacity to discern authentic biological pat-
terns from stochastic variability.

Theil’s inequality coefficient (TIC) serves as a
normalized fidelity metric, where: O denotes perfect
concordance with biological reality, and, 1 indicates
biologically implausible predictions Models yielding
lower TIC values exhibit stronger empirical validity
(Fig. 2).
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Fig. 2 Graphic
representation of GA-IPA
for solving the fractional
nonlinear predator-prey
dynamical system
(NFPPDS)
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GA Start :
Input: The chromosome signified with the same entries of the network as:
¢ =[¢e,, ¢, forC, = [V,,w,, B,] and C, = [V,,w,, B,] where
Vi =[Vu1,Vauz s Var ]l Wa = [Wa1, Wazs .. Wan |, Bu = [But, Buzs s Bun)
Vy = [Vo1,Viz, o, Vol Wy = [Wa1, Wz, ., W], By = [Boa, By, o, By
Population: The set of chromosomes is written as: P = [(C’ull, Cu2soens C’uv,\,), (C',,J, Cp2, s C’,,VN)]
Where, Cui = (Vi Wui, By and Cpy = (Vo 1, Wy, i, By i)
Output: The best GA values are assigned as Cgy -
Initialization: 1. Produce C vector using the real values to indicate a chromosome.
2. Adjust the € vector to form an initial : P
3. Regulate the generations and declarations values using gaoptimset
Fitness formulation: Obtained f; for € in P using Egs (8, 9)
Termining creteria: Execution of the scheme stop if: fr;; = 10~1?, population size 200, max generations 200
Others: defaults values.
Store Cg, with time, fr;, generations, and current GA trials
End the GA process
Start the IPA process
Inputs: Primary weights are Cgu
Outputs: GA-IPA is the weight vector Cga_rpa
Initialisation: Cg, is applied as an initial point
Termination creterias: [fy; = 1072°], [iterations =891], [Maxfunctionevaluation=26000000],
[TolFun=10-29], [Tolx=10"22],
While [Terminate],
Fitness Evaluation: To assess f;, of C for Egs (8, 9)
Fine-tuning: 1. Apply [fmincon] routine,
2. Update the factors of € for each iteration of IPA and calculate f;,of enhanced € for Egs (8, 9)
Store, store Cg,_ypa, iterations, fr; , time, and function counts

End of IPA process

3 Numerical results

This section presents numerical results for the NFPPDS
using the Neural Network and GA-IPA method to solve

We apply the GA-IPA method with H = 10 neu-

rons in the hidden layer and a time span of 5 units,

using a step size of & = 0.005. This results in

n= final time—initial time

the system in equation (1). Due to the unavailability

of exact solutions, we compare these results with ref-

erence outcomes based on the Adams-Bashforth frac-

tional method [3,7]. The numerical results are provided

where,

for seven specific cases.

Case 1 : We consider the following fractional
predator-prey dynamical system with the param-

eters, y =
conditions

n

i=1
18 =1%,0 =1, & = 1 and the initial N 2
uy = 2, and vy = 4 also the fractional - <§) Vpred,i) |

order is fixed on p = 0.8

“DPu(t)
“DPu(t)
up =2,

n

Frit = Frit—1 + Frir—2 + Fri;—3,

1
> 0.8
Frii—1 = ; Z ‘D Upred,i — Mpred.i(

nodes. Therefore, the func-
tional objectif is written as follows:

(14)

()"

1 X 2
Frit— = ; Z (L Do'gvpred,i + Upred,i(l - Mpred,i)) s

=u®)($ = H*8 xv(1)), Py
; ;v4(.t)(1 —u®), (3) Frit—3 = % ((2 - upred,o)2 + (4 - vpred,O)z) . (15)
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Case 2 :In this case we consider the following
fractional predator-prey dynamical system with the
parameters, y = 3,8 = g, 6 =1, e = 1 and the
initial conditions 1y = 4, and vy = 6 also the frac-
tional order is fixed on p = 0.7

“Dru() = u((2)™ ~ (3)* x v,
cDPY(t) = —v(t)(1 — u(1)), (16)
uy =4, vg =06.

We implement the GA-IPA method with H = 10
neurons in the hidden layer over a 5-unit time span,
utilizing a step size of 4 = 0.005. Consequently, the
number of nodes is given by n = fnaltime—initial time
Therefore, the functional objectif is Wntten as fol-
lows:

Frit = Frit—1 + Frit—2 + Frir—3, (17)

where,

g 038 2\%*
Fpit—1 = ;Z DU pred i — Upred,i (5)

i=1

4\038 2
- (3) vpred,i)) ,

1 & 2
Frit—2 = . Z (cDo'gvpred,i + Vpred,i(l — upred,i)> .
i=1
1 2 2
Frpit—3 = 5 ((4 - upred,O) + (6 — Upred,O) ) .
(18)

Case 3 : Consider the following fractional predator-
prey dynamical system with parameters y = 1,
§ = ‘3‘, 6 =1, ¢ = 1, and initial conditions uy = 3
and vg = 9. The fractional orderis fixed at p = 0.8.

“DPut) = u)(1 — (H%8 x v(1)),
CDPu(t) = —v(t)(1 — u()), (19)
upg = 3, vy = 9.

As in the previous case, we apply the GA-IPA
method with H = 10 neurons in the hidden layer over
a 5-unit time span, using a step size of 7 = 0.005. This
results in n = w nodes. Therefore, the
functional objectif is written as follows:

Frit = Frit—1 + Frit—2 + Fri;_3, (20)
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where,

n

1
0.8
Frip—1 = — ) (CD Upred,i
i=1

08 2
—Upred,i 1- (g) Upred,i ,

1 & 2
Frit—2 = n Z (LDO'SUpred,i + Upred,i(l - upred,i)) )
i=1
1 2 2
Frpit—3 = E ((3 - ”pred,()) +0O - Upred,O) ) .
(21)

Table 1 presents the predicted states of the predator-
prey system for Cases 1, 2, and 3 at time instants
t = 0.0,0.5,1.0,1.5,2.0,2.5,3.0,3.5,4.0, 4.5, and
5.0. The solutions demonstrate the temporal evolution
of both predator (vp,eq) and prey (u preq) populations
in each case 1, 2, and 3.

Figures 3,4,5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16,
and 17 display the numerical results for these cases,
providing a comprehensive comparison of the opti-
mization techniques under investigation.

Figures 3 and 4 show fitness values derived with the
genetic algorithm (GA) and the interior point method
(IPA), illustrating their distinct convergence character-
istics. For example, Figure 3 shows the final fitness val-
ues for the three test cases as 0.83, 1.63, and 0.3 when
employing the genetic algorithm. While these results
indicate the GA’s ability to explore a large search field,
they also reveal areas for improvement.

To improve precision, the interior point algorithm
(IPA) was set up with the GA answers as starting points.
The hybrid technique improved outcomes dramatically,
with the IPA obtaining fitness values of 0.15 x 1074
for case 1, 10~ for case 2, and 2.5 x 107 for case 3.
The significant reduction in fitness values demonstrates
the IPA’s efficacy in fine-tuning solutions near optimal
regions.

Figure 5 shows a histogram of fitness values for the
three scenarios under examination. Subfigure 5a shows
that most fitness values cluster around 325, generat-
ing a clear peak in the distribution. Beyond this peak,
frequency drops sharply, implying that numbers much
higher or lower than 325 are rare. The overlay red curve,
which represents a smoothed density estimate, accen-
tuates the data’s central tendency while verifying that
the distribution is unimodal and has a tight concen-
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Table 1 Series solutions of predicted states in cases 1, 2, and 3

Time Case 1 Case 2 Case 3
Upred Upred Upred Upred Upred Upred
0.0 2 3.9998 3.9994 5.9997 2.9999 8.9998
0.5 2.3389 0.8542 3.3864 0.88785 0.86963 2.8679
1.0 3.1466 0.34711 4.4037 0.35676 0.80119 1.7517
1.5 4.2681 0.17464 5.9342 0.17904 0.86481 1.1918
2.0 5.7961 0.10136 8.0108 0.10545 1.0019 0.85797
2.5 7.8626 0.059281 10.847 0.063691 1.2003 0.6355
3.0 10.652 0.035008 14.669 0.037766 1.4702 0.4757
3.5 14.421 0.022141 19.842 0.023735 1.8368 0.3564
4.0 19.516 0.015781 26.832 0.016945 2.3374 0.26591
4.5 26.397 0.012787 36.282 0.013881 3.0189 0.19693
5.0 35.691 0.011422 49.051 0.012558 3.9313 0.14435
3000 Best: 0.833062 Mean: 2.22064 3500 Best: 1.63599 Mean: 5.19242 3500 Best: 0.232544 Mean: 1.11338
3000 . ‘:: i 3000 |+
g - é 1500 % 1500
= = T onmton “ = S T comten “ o B T ot -

(a) case 1 : values via GA.

GA.

Fig. 3 The fitness value via the GA method
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Fig. 4 The fitness value via the IPA method
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Fig. 5 Histogram plots of the fitness values in the cases 1, 2, and 3
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Fig. 6 Boxplots of the fitness values in the cases 1, 2, and 3

Predected stats for pery predator via IPA-GA w©

u(t)
— (1)

35

1

Fitness Value

1
Fitness Value

Boxplot of fitness (c) case 3 : Boxplot of fitness

The dynamic on prey via IPA-GA and Adams method

values.

The dynamic on predator via IPA-GA and Adams method

‘Adams method ‘Adam method
IPAGA
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Fig. 7 States variables via GA-IPA method in case 1

tration around the mean. Subfigures 5b and 5c show
similar trends for other fitness function settings, con-
firming the constancy of this tendency across several
experimental setups.

Figure 6 shows boxplots summarizing the merit
function’s distribution, providing a detailed picture of
its statistical characteristics. The subfigure 6a depicts
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5 [ 1 2 3 4 5
Time

(c) Case 1 : The states variable
u(t) via GA-IPA method.

the fitness values’ central tendency (median) and dis-
persion (interquartile range, whiskers). Notably, the
existence of many outliers above the upper whisker
indicates that, while the majority of solutions converge
within a narrow range, a fraction obtains much higher
fitness values. The median 50% of the data (interquar-
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Fig. 9 States variables via GA-IPA method in case 1
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Fig. 11 The 3D-Histogram shows the values of the weights vectors prey stat in each case 1,2 and 3

Fig. 12 The absolute error
between the GA-IPA
method and the Adams
approach for the state v(z)
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Fig. 13 The 3D-Histogram shows the values of the weights vectors prey stat in each case 1,2 and 3
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Fig. 14 Histogram of TIC values of prey u () in the case 1,2 and 3
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(b) case 2 : Boxplot of TIC val-
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Fig. 15 Boxplot of TIC values of prey u(¢) in the case 1,2 and 3
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(a) case 1 : Histogram of TIC (b) case 2 : Histogram of TIC (c) case 3 : Histogram of TIC

values of predator v(t).

values of predator v(t).

Fig. 16 Histogram of TIC values of predator v(¢) in the case 1,2 and 3

tile range) ranges from 10™% to 3 x 107, suggesting a
minimal variability for the majority of observations.
Further comparative analysis is provided in Fig-
ures 7, 8, and 9, which statistically contrast the perfor-
mance of the Genetic Algorithm-Interior Point Algo-
rithm (GA-IPA) hybrid method against the conven-
tional Adams method in modeling a fractional predator-

values of predator v(t).

prey dynamical system. The absolute errors between

these two approaches, visualized in Figures 10 and 12,

cision.

reveal that the GA-IPA method consistently achieves
lower error magnitudes, underscoring its superior pre-

Figures 14-17 demonstrate the Theil Inequality
Coefficient (TIC) as an additional validation of the GA-
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(a) case 1 : Boxplot of TIC val-
ues of predator v(t).
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(b) case 2 : Boxplot of TIC val-
ues of predator v(t).

Fig. 17 Boxplot of TIC values of predator v(¢) in the case 1,2 and 3

Table 2 Series solutions of predicted states in cases 4, 5, and 6

1
Tic,

(c) case 3 : Boxplot of TIC val-
ues of predator v(t).

Time Case 4 Case 5 Case 6

Upred Vpred Upred Vpred Upred Vpred
0.0 1.9999 3.9999 3.9998 5.9994 2.9998 8.9998
0.5 0.565 2.0009 0.98258 2.2031 0.43713 3.6503
1.0 0.50905 1.4927 0.89446 1.6024 0.37581 2.6928
1.5 0.49945 1.2097 0.91248 1.2848 0.36836 2.1796
2.0 0.51114 1.0298 0.95934 1.0603 0.37459 1.8331
2.5 0.53622 0.89696 1.0231 0.89128 0.38543 1.5823
3.0 0.56967 0.79316 1.1036 0.76271 0.39914 1.3972
35 0.60831 0.71143 1.2031 0.66487 0.41572 1.255
4.0 0.65011 0.6475 1.3244 0.59049 0.43556 1.1383
4.5 0.69377 0.59789 1.4706 0.53397 0.45926 1.0357
5.0 0.73845 0.55966 1.6454 0.49106 0.48753 0.93998

IPA method’s efficacy. The TIC values, which define
prediction accuracy, are consistently near zero through-
out all examined states (e.g., u(¢) and v(t). Figure 14
shows that the TIC for state u(¢) is within a limited
range of 1.1 x 1073 to 2.1 x 1073, indicating the
method’s reliability. These findings imply that the GA-
IPA method beats the Adams method in terms of pre-
cision and robustness, indicating that it is a promising
tool for analyzing complicated dynamical systems.

Figures 7, 8, and 9 present the behavior of the
state variables ¥ and v in comparison with the Adams
method, using the same fractional order p = 0.7 in the
three cases 1, 2, and 3 respectively.

The weights vector that’s gives those optimal resu-
alts are showed in the histogram figure 11

The weight vector that yields these optimal results
is shown in the histogram in Figure 13.
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Case 4 : Now we consider the following fractional
predator-prey dynamical system with the parame-
ters, y = %,5 = %, 6 =1, ¢ = 0.2 and the initial
conditions uy = 2, and vy = 4 also the fractional
order is fixed on p = 0.65

“DPu(t) = u® ()" = ()OS x v(1)),
cDPu(t) = —v()(1 — 0.299(1)),
uy =2, vg = 4.

(22)

We apply the GA-IPA method with H = 10 neu-
rons in the hidden layer and a time span of 5 units
with a step size of # = 0.005. This results in
n= w nodes. Therefore, the func-

tional objectif is written as follows:
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Friy = Frit—1 + Frit—2 + Fri;—3, (23)

where,

1 n 0.65 2 0.65
Fpit—1 = ; Z ‘D™ Upred,i — Upred,i (5)

i=1

41065 2
- <§) Upred,i)) ,

n

1
0.65
Frit—2 = ; E ‘D Upred,i + Upred,i
i=1

2
X (1 — 0.20'65141,,6[1,,-)) s

<(2 — uprgd,0)2 + (4 - Upred,O)z) .
(24)

1
Frii—3 = 3

Case 5 : Now we consider the following fractional
predator-prey dynamical system with the parame-
ters, y = 3,8 = 3,0 = 1, & = 0.65 and the initial
conditions ug = 4, and vg = 6 also the fractional
order is fixed on p = 0.65

“DPu(t) = u@® ()" = (H*5 x v(1)),
cDPu(t) = —v()(1 — 0.65%%3u(z)),
uy = 4, Vo) = 6.

(25)

We use the GA-IPA method with H = 10 neu-
rons in the hidden layer, a time span of 5 units,
and a step size of &~ = 0.005. This configuration
results in p = final time—initial time \,4o¢ Therefore,
the functional objectif is written as follows:
Frit = Frit—1 + Frii—2 + Fri/-3, (26)

where,

1 n
 170.65
Fri1 =+ > (LD Upred,i = Upred.i

i=

(G- )" o))

1
0.65
Fpit—2 = ; Z ‘D Upred,i

i=1

X

2
+ Upred,i(l - 0'650‘65upred,i)> s

1
Frit—3 = 5 ((4 - Mpred,O)z + (6 — Upred,O)z) .
(27)

Case 6 : We now examine the fractional predator-
prey dynamical system with the parameters y = %,
§= %‘, 6 =1, ¢ = 1, and initial conditions uy = 3
and vp = 9. The fractional order is set at p = 0.65.

cDPu(t) = u)((3)%% — ()% x v(1)),
“DPu(t) = —v(®)(1 — u(t)),
uy = 3, Vo) = 9.

(28)

We use the GA-IPA method with H = 10 neu-
rons in the hidden layer, over a 5-unit time span
with a step size of & = 0.005. This setup results in

p = finaltime—initial time 1, \q4oq Therefore, the func-

tional objectif is written as follows:

Frit = Frit—1 + Frir—2 + Frir—3, (29)

where,

n

1
0.65
Fpir—1 = ; Z (CD Upred,i

i=1

2 065 4 065 2
—Upred,i (5) - (5) Upred,i ,

| &
0.65
Frit—2 = 0 E ‘D Upred,i
i=1

2
+ Vpred.,i (1 - Mpred,i)) ,

1
Fri-s = 5 (G = tprea0)® + O = vprea0)?)
(30)

Table 2 presents the predicted states of the predator-
prey system for Cases 4, 5, and 6 at time instants
t = 0.0,0.5,1.0,1.5,2.0,2.5,3.0,3.5,4.0, 4.5, and
5.0. The solutions demonstrate the temporal evolution
of both predator (vp¢q) and prey (u r.q) populations
in each case 4, 5, and 6.
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Figures 18 through 32 show the efficiency of the
hybrid Genetic Algorithm-Interior Point Algorithm
(GA-IPA) technique. Figures 18 and 19 show the fit-
ness values obtained from the genetic algorithm and
the interior point approach, respectively. IPA achieves
much lower fitness values ( 0.4 x 10~ for case 4) than
GA alone (0.23 for case 4), showcasing IPA’s refine-
ment capacity when initiated by GA solutions. This
significant improvement implies that the hybrid strat-
egy effectively combines GA’s global search and IPA’s
local convergence (Fig. 23).

Figure 20 shows a histogram of fitness values across
three scenarios, with a concentration around 550 and
decreasing frequency beyond this point. The adjacent
red curve depicts the distribution pattern, which has
a distinct center tendency. Figure 21 analyzes these
results through boxplots of the merit function. The
medianks in each case is concetrated between 1.2 x
10~* in case 4 to 0.7 x 10~* in case 6. These narrow
boundaries suggest consistent performance with low
variability among runs.

The method’s application to fractional predator-prey
systems is shown in Figs. 22-24, comparing GA-IPA
results with the Adams method. The absolute errors
between these approaches, depicted in Figs. 25 and
27, decrease below 1073 over time. This convergence
demonstrates the hybrid method’s ability to accurately
capture system dynamics, particularly for challeng-
ing fractional-order systems where traditional methods
may struggle.

Figures 29-32 show the Theil Inequality Coefficient
(TIC) study, which analyzes method agreement quan-
titatively. Boxplots and histograms indicate TIC values
continuously near to 0, with precise ranges of 1 x 1073
to 10.5 x 1073 for state u(¢) (Fig. 30a). Figures 30b,
30c, and 32a—32¢ show similar findings for other states,
confirming the correctness of the technique across all
system components. The narrow distributions of TIC
values suggest consistent performance with little vari-
ation from reference solutions (Fig. 31).

These findings show that the GA-IPA hybrid tech-
nique successfully solves fractional-order dynamical
systems by combining the strengths of global optimiza-
tion and local refining. The consistently low fitness
values, narrow error distributions, and low TIC coeffi-
cients indicate that the technique is both accurate and
reliable. The method’s performance across several test
scenarios demonstrates robustness, giving it a promis-
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ing alternative to traditional methodologies for compli-
cated nonlinear systems.

The weights vector that’s gives those optimal resu-
alts are showed in the histogram Fig. 26

The weights vector that’s gives those optimal resu-
alts are showed in the histogram Fig. 28

Case 7 : In this case, we show the effect of the frac-
tional order on the dynamics of NFPPDS. Then,
for this purpose, we varied the fractional order p,
while the other parameters are fixed in the values
y =2/3,8 =4/3,0 =1, and ¢ = 1. Figures 33b
and 34b show the population dynamics of predator
and prey species using our fractional-order model.
These findings show how the fractional Caputo
derivative captures the complicated relationships
of the two populations. Figures 33a and 34a pro-
vide a comparison of the typical Adams-Bashforth
technique answers. Interestingly, we find that both
techniques predict almost identical behavioral pat-
terns for predator and prey populations throughout
fractional orders. This extraordinary consistency
implies an intrinsic symmetry in their ecological
interactions that remains regardless of the deriva-
tive order used in the modeling approach.

The use of fractional calculus, particularly the
Caputo derivative framework, offers numerous
important advantages over typical integer-order
models in ecological modeling. First, the fractional
approach naturally incorporates memory effects,
allowing the model to account for how past popula-
tion conditions influence current dynamics. This is
especially useful in predator-prey systems, where
past population densities, seasonal fluctuations,
and cumulative environmental influences all play
important roles in determining contemporary inter-
actions. The non-local nature of fractional opera-
tors allows the model to capture long-term depen-
dencies that traditional models sometimes ignore.

Recent studies on predator-prey systems have pre-
dominantly focused on classical integer-order dynam-
ics, neglecting the nuanced memory-dependent and
non-local interactions captured by fractional calculus
(see, [2,26,29]). For example, the study in [2] presents
Gudermannian Neural Networks (GNNs) for solving a
nonlinear biological predator-prey system, optimized
using a hybrid genetic algorithm-interior point algo-
rithm (GA-IPA). Six variants of the model were tested,
and the results confirmed the scheme’s accuracy. The
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(a) case 4 : Histogram value.

Fig. 20 Histogram plots of the fitness values in the cases 4, 5, and 6

method’s reliability was demonstrated by low Abso-
lute Error values. Statistical performance was assessed
using Min, and Median, with small error values validat-
ing the method’s precision. Further validation was con-
ducted through Fit, TIC, and ENSE, confirming high
accuracy across multiple trials. In the field of frac-
tional order predator-prey, the paper [28] investigate

(b) case 5 : Histogram value.

(c) case 6 : Histogram values in
case 3.

an infection-based fractional-order nonlinear predator-
prey system using stochastic scaled conjugate gradi-
ent neural networks (SCGNNSs). The model was tested
with three fractional-order values and validated against
the Adams-Bashforth-Moulton method. The SCGNN5s
demonstrated high accuracy, reliability, and computa-
tional efficiency, confirming the method’s robustness
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Fig. 21 Boxplots of the fitness values in the cases 1, 2, and 3
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The dynamic on prey via IPA-GA and Adams method The dynamic on prey via IPA-GA and Adams method The dynamic on prey via IPA-GA and Adams method
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(c) Case 6 Comparaison
between GA-IPA method and
Adams method of the behaviour
of prey stats u(¢).
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between GA-IPA method and between GA-IPA method and
Adams method of the behaviour Adams method of the behaviour
of prey stats u(t). of prey stats u(t).

Fig. 23 Comparaison between GA-IPA method and Adams method of the behaviour of prey stats u(¢). in each case 4,5 and 6
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4, The dynamic on predator via IPA-GA and Adams method
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(c)

Comparaison
between GA-IPA method and
Adams method of the behaviour
of predator stats v(t).

Fig. 24 Comparaison between GA-IPA method and Adams method of the behaviour of predator stats v(¢). in cases 4, 5, and 6

Fig. 25 The absolute error
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Fig. 26 The 3D-Histogram shows the values of the weights vectors prey stat in each case 4,5 and 6
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Fig. 27 The absolute error Absolut error for predator v
between the GA-IPA 0.25 ' ' ' '
method and the Adams Case IV
approach for the state v(z) Case V
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Fig. 28 The 3D-Histogram shows the values of the weights vectors prey stat in each case 4,5 and 6
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(a) case 4 : Histogram of TIC (b) case 5 : Histogram of TIC (c) case 6 : Histogram of TIC
values of prey u(t). values of prey u(t). values of prey u(t).

Fig. 29 Histogram of TIC values of prey u(¢) in the case 4, 5 and 6
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(a) case 4 : Boxplot of TIC val-
ues of prey u(t).

Fig. 30 Boxplot of TIC values of prey u(¢) in the case 4,5 and 6
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(b) case 5 : Boxplot of TIC val-
ues of prey u(t).
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ues of prey u(t).
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(a) case 4 : Histogram of TIC (b) case 5 : Histogram of TIC
values of predator v(t).
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(c) case 6 : Histogram of TIC
values of predator v(t).

Fig. 31 Histogram of TIC values of predator v(¢) in the case 4,5 and 6
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(a) case 4 : Boxplot of TIC val-
ues of predator v(t).

in capturing the system’s dynamics with strong agree-
ment between predicted and reference solutions.

In our study we introduce a new artificial neural net-
work (ANN)-based method for solving fractional-order
nonlinear predator-prey systems, improving accuracy
and efficiency in modeling complex ecological dynam-
ics. The hybrid approach combines ANNs with a
Genetic Algorithm-Interior Point Algorithm optimizer
for high precision. Results show robustness and relia-

1
Tic,

(b) case 5 : Boxplot of TIC val-
ues of predator v(t).

1
ic,

(c) case 6 : Boxplot of TIC val-
ues of predator v(t).

bility, with potential for broader applications in nonlin-
ear biological systems, making this approach a novel
development.

4 Conclusion
In this paper, we present a unique neural network-based

strategy to solving the nonlinear fractional predator-
prey dynamical system (NFPPDS). Our method uses

@ Springer
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(a) The behaviour of prey using Adams Bash-
fourth method.

Fig. 33 The behavior of prey state
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(a) The behaviour of predator using Adams Bash-
fourth method.

Fig. 34 The behavior of predator state

a hybrid GA-IPA (Genetic Algorithm-Interior Point
Algorithm) optimization framework to generate explicit
analytical representations of the projected states. By
combining GA’s global search capabilities with IPA’s
local refinement accuracy, our hybrid technique effec-
tively addresses the issues of non-convex optimiza-
tion in fractional-order systems while maintaining con-
straint satisfaction and computational economy.
Numerical simulations show that our technique
accurately captures complex ecological dynamics, such
as memory-dependent interactions and long-term
behavioral trends found in fractional predator-prey sys-
tems. Validation against the Adams-Bashforth method
validates our solutions’ robustness, with our strategy

@ Springer

(b) The behaviour of prey using GA-IPA hybrid
method.

v(t)

Time

(b) The behaviour of predator using GA-IPA hy-
brid method.

achieving higher accuracy and faster convergence in
large-scale simulations.

To carefully evaluate our strategy, we carried out
a detailed performance analysis utilizing known mea-
sures. This includes evaluating numerical accuracy
using Mean Square Error (MSE) and Mean Absolute
Error (MAE) for all state variables, with a focus on error
distribution at important points in population dynam-
ics. Computational efficiency was measured using con-
vergence rates, Processing time, and memory use at
various system scales to demonstrate the scalability of
our approach.

Comparative investigations with the Adams-
Bashforth approach show considerable gains in accu-
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racy and stability. The hybrid GA-IPA architecture,
when combined with neural networks, achieves a 2%
reduction in absolute error (AE) for transient dynam-
ics while improving long-term stability in phase por-
traiture. Furthermore, our strategy more accurately pre-
serves critical system invariants, resulting in physiolog-
ically realistic population thresholds in extended sim-
ulations.

The ANN-integrated framework demonstrates
remarkable adaptability in handling fractional-order
variations. Its unified architecture enables continuous
order adaptation within the range @ € (0, 1), allowing
efficient generation of solution families across different
fractional orders without structural modifications.

Through rigorous metric-based validation and flex-
ible order adaptation, our method establishes itself
as a robust tool for fractional ecological modeling.
Its advantages are particularly pronounced in stud-
ies requiring high-fidelity reproduction of memory-

dependent dynamics or investigations of order-dependent

system behaviors. Future work may extend this frame-
work to stochastic systems and spatial ecological mod-
eling applications.
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