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ABSTRACT. This study presents a numerical approach for solving fractional-order formulations of classi-
cal population dynamics models (the Logistic, Richards, Gompertz, and Predator-Prey models). The aim is
to verify the impact of incorporating non-integer orders in these models. The methodology is based on a dis-
cretization scheme tailored to fractional differential equations, combined with Newton’s iterative method,
for solving the resulting nonlinear systems. Stability, convergence, and robustness of the proposed method
were verified by means of the mesh refinement and sensitivity tests. Comparisons with classical analyt-
ical solutions and high-precision numerical results also demonstrated the method’s accuracy. The results
highlight the significant role of the fractional order α in modulating system behavior: smaller values of α

lead to memory effects that slow population growth and attenuate oscillations in predator-prey interactions.
These results indicate the potential of fractional calculus to improve the modeling of complex population
dynamics.

Keywords: fractional calculus, population dynamics, differential equations.

1 INTRODUÇÃO

Mathematical modeling plays an important role in understanding population dynamics, as it en-
ables the formulation of equations that describe growth, interaction, and decline processes in
biological systems. Classical models, such as the logistic and predator-prey equations, have long
been employed to capture the essential features of such dynamics. However, it is well known
that these models are limited in their ability to incorporate memory and hereditary effects, which
are intrinsic to many biological and ecological phenomena. In this regard, fractional calculus
has emerged in recent years as a powerful tool for extending traditional models by introduc-
ing derivatives of non-integer order, thereby offering a more flexible and accurate framework to
capture the complex dynamical behaviors observed in real-world populations.
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2 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

In this context, numerous studies have explored the application of fractional differential oper-
ators to classical population models. The stability, existence, uniqueness, and numerical solu-
tion of the fractional-order logistic equation were investigated using an Adams-type predictor–
corrector method [9]. Mathematical models for mosquito-borne diseases involving systems of
fractional-order differential equations were studied in [22]. The Caleman linearization technique
was applied to seek an exact solution to the fractional logistic equation with a Caputo deriva-
tive [29]. However, it was later demonstrated that the real function proposed by [29] is not,
in fact, an exact solution of the fractional logistic equation [4]. The modeling of hepatitis B
using systems of fractional differential equations was investigated in [8]. Two systems of frac-
tional differential equations were employed to study the dynamics between tumor cells and the
immune system [23]. An adaptation of the three-step Adams–Bashforth scheme was used to
numerically solve fractional population dynamics models, including the logistic and predator–
prey equations [12]. A version of the fractional logistic equation involving the Caputo–Fabrizio
derivative was solved analytically in [16]. The Laplace Residual Power Series Method (LRPSM)
was applied to numerically solve a fuzzy population dynamics model with a Caputo fractional
derivative [17]. Solutions to a population model involving a fractional derivative were obtained
through a scheme combining the Laplace transform and the generalized power series method [2].
An approach based on the Fibonacci wavelet method and the quasi-linearization technique was
proposed to solve the fractional-order logistic equation [1]. A multilayer neural network for deep
learning based on fractional differential equations was employed to study two fractional logistic
models, and parallel computing was used to determine the optimal network architecture [28].
Power series expansions were used to solve a fractional population model incorporating an Allee
effect [5]. A fractional differential equation was employed to model global population growth,
and comparisons with real data from 1910 to 2010 showed that the fractional model outper-
formed its classical integer-order counterpart [27]. A nonlinear system of fractional differential
equations was employed to study hepatitis B, with model parameters estimated from real-world
data [7]. A technique based on the Elzaki transform was applied to solve a fractional population
model [10]. A fractional population model with carrying capacity was analyzed in [24]. A model
involving a Caputo fractional derivative was employed to describe the transmission dynamics of
HIV/AIDS [3]. Finally, the dynamics of COVID-19 transmission were modeled through a system
of equations with Caputo fractional derivatives [13].

Unlike the aforementioned studies, the present work focuses on the application of Grünwald-
Letnikov fractional derivatives to four classical nonlinear models: three based on a single or-
dinary differential equation (the Logistic, Richards, and Gompertz models) and one based on
a system of ordinary differential equations (the Predator-Prey model). It also addresses the nu-
merical solution of the resulting nonlinear systems, with the objective of evaluating the potential
of fractional models to describe real biological systems and of highlighting the precautions that
must be taken when applying such models.

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 3

2 FRACTIONAL-ORDER DERIVATIVES

Several definitions of fractional-order derivatives are available in the literature [15,18,21]. In this
paper, however, we exclusively employ the left-sided Grünwald-Letnikov derivative, which can
be approximated as follows [18]:

dα y
dtα

≈ 1
hα

t/h

∑
j=0

wα
j y(t − jh), (2.1)

where t denotes time, y = y(t) is the dependent variable, α is the order of the derivative, h is the
time step, and wα

j are the weights defined recursively by

wα
0 = 1, wα

j =

(︃
1− α +1

j

)︃
wα

j−1, j = 1,2, . . . . (2.2)

3 POPULATION DYNAMICS MODELS

3.1 Logistic Model

The classical logistic model, also known as the Verhulst model [25], is given by

dP
dt

= rpP
(︃

1− P
M

)︃
, (3.1)

where P = P(t) is the population size at time t, rp is the intrinsic growth rate, and M is the
carrying capacity of the environment, representing the maximum sustainable population size.
The fractional logistic model, in turn, is given by

dα P
dtα

= rpP
(︃

1− P
M

)︃
, (3.2)

which can be rewritten as
dα P
dtα

= rpP−
rp

M
P2. (3.3)

3.2 Richards Model

The Richards model [20], also known as the generalized logistic model, is given by

dP
dt

= rpP
[︃

1−
(︃

P
M

)︃m]︃
, (3.4)

where m is a shape parameter that controls the asymmetry of the growth curve. The fractional
form of the Richards model is given by

dα P
dtα

= rpP
[︃

1−
(︃

P
M

)︃m]︃
, (3.5)

which can be rewritten as
dα P
dtα

= rpP−
rp

Mm Pm+1. (3.6)

Trends Comput. Appl. Math., 27 (2026), e01884
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4 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

3.3 Gompertz Model

The Gompertz model [11] is given by

dP
dt

= rpP ln
(︃

M
P

)︃
, (3.7)

and its fractional counterpart is
dα P
dtα

= rpP ln
(︃

M
P

)︃
. (3.8)

3.4 Predator-Prey Model

The classical predator-prey model, based on the Lotka-Volterra equations [14, 26], is defined as
the system: ⎧⎪⎪⎨⎪⎪⎩

dP
dt

= β1pP−β2pPZ,

dZ
dt

=−β1zZ +β2zPZ,
(3.9)

where P(t) is the prey population and Z(t) is the predator population. The parameters are: β1p

(intrinsic growth rate of the prey), β2p (predation rate coefficient), β1z (natural death rate of the
predator), and β2z (growth rate of the predator per prey consumed).

The corresponding fractional model is given by:⎧⎪⎪⎨⎪⎪⎩
dα P
dtα

= β1pP−β2pPZ,

dα Z
dtα

=−β1zZ +β2zPZ,
(3.10)

4 DIMENSIONAL ANALYSIS AND DISCRETIZATION

The application of fractional derivatives to the Logistic, Richards, Gompertz, and Predator–Prey
models requires special attention to preserve dimensional consistency. In the classical setting, the
operator d/dt has units of time−1, whereas the fractional operator dα/dtα has units of time−α .
This dimensional inconsistency is a well-known issue in the fractional calculus literature and has
been discussed extensively in, among others, [8, 18, 22, 23].

Although this inconsistency could be corrected mathematically by redefining the model pa-
rameters, such as growth and decay rates, this approach would alter their physical interpreta-
tion. A common alternative is to introduce a dimensional parameter τ with units of time. Since
(1/τ1−α)(dα/dtα) has units of time−1, dimensional consistency is restored [8, 22, 23]. Equiv-
alently, this corresponds to multiplying the right-hand side of each fractional equation by the
factor τ1−α .

This approach is adopted throughout the present work. Consequently, the dimensionally consis-
tent coefficients are written as r = τ1−α rp for the Logistic, Richards, and Gompertz models. For

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 5

the Predator–Prey model, the coefficients become β1 = τ1−α β1p, β2 = τ1−α β2p, β3 = τ1−α β1z,
and β4 = τ1−α β2z.

The resulting fractional-order models and their corresponding discretized systems are presented
below.

4.1 Fractional Logistic Model

The resulting fractional-order logistic model is given by

dα P
dtα

= rP− r
M

P2. (4.1)

4.1.1 Discretization of the Logistic Model

Considering a temporal mesh defined by ti = t0 + ih, with h = (tN − t0)/N for i = 0,1, . . . ,N, and
using Eq. (2.1), Eq. (4.1) leads to the following nonlinear system:

i

∑
j=0

wα
j Pi− j −hα rPi +

hα r
M

P2
i = 0, (4.2)

where i = 1,2, . . . ,N, and P0 is the initial population size.

4.2 Fractional Richards Model

The resulting fractional-order Richards model is given by

dα P
dtα

= rP− r
Mm Pm+1. (4.3)

4.2.1 Discretization of the Richards Model

Using the same temporal mesh as in the logistic model and applying Eq. (2.1) to Eq. (4.3), we
obtain the following nonlinear system:

i

∑
j=0

wα
j Pi− j −hα rPi +

hα r
Mm Pm+1

i = 0, (4.4)

where i = 1,2, . . . ,N, and P0 is the initial population size.

4.3 Fractional Gompertz Model

The resulting fractional-order Gompertz model is given by

dα P
dtα

= rP ln
(︃

M
P

)︃
. (4.5)

Trends Comput. Appl. Math., 27 (2026), e01884
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6 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

4.3.1 Discretization of the Gompertz Model

Using the temporal mesh ti = t0 + ih and Eq. (2.1), the discretized form of Eq. (4.5) results in:

i

∑
j=0

wα
j Pi− j −hα rPi ln

(︃
M
Pi

)︃
= 0, (4.6)

where i = 1,2, . . . ,N, and P0 is the initial population size.

4.4 Fractional Predator–Prey Model

The resulting fractional-order predator–prey system is given by⎧⎪⎪⎨⎪⎪⎩
dα P
dtα

= β1P−β2PZ,

dα Z
dtα

=−β3Z +β4PZ,
(4.7)

4.4.1 Discretization of the Predator-Prey Model

Using the same temporal mesh and applying Eq. (2.1), the discretized version of the system (4.7)
is:

i

∑
j=0

wα
j Pi− j −hα

β1Pi +hα
β2PiZi = 0, (4.8)

i

∑
j=0

wα
j Zi− j +hα

β3Zi −hα
β4PiZi = 0, (4.9)

where i = 1,2, . . . ,N, P0 is the initial prey population, and Z0 is the initial predator population.

5 SOLUTION OF NONLINEAR SYSTEMS

The numerical scheme resulting from the discretization of the fractional differential equations
was solved using Newton’s method. This section provides a detailed description of the method
and presents numerical tests conducted to assess its convergence, stability, and sensitivity, as well
as the effects of time-step refinement.

5.1 Newton’s Method for Solving Nonlinear Systems

Consider a nonlinear system of equations of the form

F(X) = 0, (5.1)

where

F(X) =

⎡⎢⎢⎢⎢⎣
f1(x1, . . . ,xn)

f2(x1, . . . ,xn)
...

fn(x1, . . . ,xn)

⎤⎥⎥⎥⎥⎦ , X =

⎡⎢⎢⎢⎢⎣
x1

x2
...

xn

⎤⎥⎥⎥⎥⎦ , (5.2)

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 7

and each fi is a nonlinear function of n variables. Newton’s method is an iterative procedure used
to approximate the solution of such systems. The method proceeds as follows [6]:

1. Choose an initial approximation X(0) ∈ Rn.

2. Compute the Jacobian matrix J(X) of partial derivatives:

J(X) =

⎡⎢⎢⎢⎢⎣
∂ f1

∂x1
· · · ∂ f1

∂xn
...

. . .
...

∂ fn

∂x1
· · · ∂ fn

∂xn

⎤⎥⎥⎥⎥⎦ . (5.3)

3. For each iteration k = 0,1,2, . . . , solve the linear system

J(X(k))∆X(k) =−F(X(k)), (5.4)

and update the approximation:

X(k+1) = X(k)+∆X(k). (5.5)

4. Repeat the process until a convergence criterion is satisfied, such as:

∥∆X(k)∥∞ < ε or ∥F(X(k))∥∞ < ε, (5.6)

for a prescribed tolerance ε > 0.

5.2 Convergence and Stability Tests

To verify the mesh independence of the numerical solutions obtained for the fractional models,
simulations were performed using different values of N. For the Logistic, Richards, and Gom-
pertz models, N = 20,40,80,160,320,640, and 1280, with t0 = 0, tN = 10, α = 0.95, ε = 10−5,
P0 = 10, r = 0.8, m = 4, and M = 500. All numerical experiments and simulations presented in
this work were conducted with τ = 1.

Figure 1 shows the results for the fractional Logistic model. As N increases, the solution curves
become increasingly similar. The maximum relative error at t = 10 between the solutions for
N = 640 and N = 1280 was approximately 0.1%, justifying the use of N = 640 in the subsequent
simulations.

A similar pattern is observed for the Richards model (Figure 2), with a maximum relative error
of 0.003% at t = 10, reinforcing the adequacy of N = 640.

For the Gompertz model (Figure 3), the maximum relative error at t = 10 between the two finest
meshes was 0.001%, and once again, N = 640 was adopted.

Trends Comput. Appl. Math., 27 (2026), e01884
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8 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

Figure 1: Mesh independence test – Logistic model.

Figure 2: Mesh independence test – Richards model.

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 9

Figure 3: Mesh independence test – Gompertz model.

For the Predator-Prey model, larger mesh sizes (N = 40 to 2560) were used due to the greater
number of equations involved (2N). Simulations were performed with t0 = 0, tN = 100, P0 = 40,
Z0 = 9, α = 0.95, ε = 10−5, β1 = 0.1, β2 = 0.02, β3 = 0.01, and β4 = 0.1. Figures 4 and 5 show
the solution curves for P (prey) and Z (predator), respectively. The mesh with N = 1280 was
selected, since the relative error between N = 1280 and N = 2560 was 0.8% for P and 3% for Z.

Figure 4: Mesh independence test – prey population (P) in the Predator-Prey model.

Trends Comput. Appl. Math., 27 (2026), e01884
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10 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

Figure 5: Mesh independence test – predator population (Z) in the Predator-Prey model.

As expected, reducing the time step h (i.e., increasing N) led to smaller differences in the solution
curves, suggesting convergence of the method. To further assess this, sensitivity tests were con-
ducted by introducing 1% perturbations in the initial conditions and, subsequently, in both the
initial conditions and parameters. The objective was to quantify the impact of small variations on
the solutions.

Table 1 summarizes the maximum percentage deviations observed in P or Z. With the exception
of the Predator-Prey model, 1% perturbations in initial conditions led to deviations of the same
magnitude. When perturbations were also applied to parameters, variations generally ranged
from 1.4% to 4.4%, with the Predator-Prey model showing higher sensitivity (up to 7.6%).

Table 1: Maximum pointwise percentage deviations due to perturbations in the initial conditions
(ICs) or both ICs and model parameters.

Model ICs only ICs and parameters
Logistic 1.0% 3.3%
Richards 1.0% 4.4%
Gompertz 1.0% 2.5%

Predator-Prey (P) 2.5% 7.6%
Predator-Prey (Z) 2.9% 6.6%

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 11

The analytical solutions for the classical models (with integer-order derivatives) are given by:

Logistic model:

P(t) =
M

1+
M−P0

P0
e−rt

, (5.7)

Richards model:
P(t) =

M[︃
1+
(︃(︃

M
P0

)︃m

−1
)︃

e−rmt

]︃1/m , (5.8)

Gompertz model:

P(t) = Me
−e−rt ln

(︄M
P0

)︄
, (5.9)

For α ≈ 1, the solutions of the fractional models are expected to approximate the classical so-
lutions above. Figure 6 shows the relative errors over time between the classical analytical solu-
tions and the numerical solutions of the fractional models with α = 0.9999. For the Predator-Prey
model, the reference solution was computed using the classical Runge-Kutta method of order 4.
In all cases, the maximum relative error remained below 2%, highlighting the high accuracy of
the method.

Figure 6: Relative error between the analytical (or high-precision numerical) solutions of the
classical models and the fractional model solutions with α = 0.9999.

These tests demonstrate the robustness and reliability of the numerical method across differ-
ent fractional population models. The consistent convergence with mesh refinement, along with

Trends Comput. Appl. Math., 27 (2026), e01884



i
i

“1884” — 2026/7/22 — 18:36 — page 12 — #12 i
i

i
i

i
i

12 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

sensitivity analyses, confirms that the chosen discretization ensures both stability and accuracy.
Furthermore, the agreement between the solutions of the fractional models for α ≈ 1 and the
corresponding classical solutions provides strong validation of the proposed approach.

6 RESULTS

This section presents the results obtained from the numerical solutions of the fractional models.
In all cases, the same parameter values used in the previously described tests were employed.
For the Logistic, Richards, and Gompertz models, results were obtained for t = 0 to t = 10 with
α values of 1.00, 0.99, 0.95, 0.90, 0.85, 0.80, 0.75, 0.70, 0.65, 0.60, 0.55, and 0.50. For the
Predator-Prey model, results were obtained for t = 0 to t = 50, with α values of 1.00, 0.98, 0.96,
0.94, 0.92 and 0.90.

Figure 7 displays the results for the fractional logistic growth model. The solution curves exhibit
characteristic sigmoidal growth behavior. The population initially grows slowly, then accelerates
during an intermediate phase (approximately between t = 2 and t = 8, depending on the value
of α), and finally the growth rate decreases as the population approaches its carrying capacity
(M = 500).

Figure 7: Results – Logistic model.

Higher values of α (e.g., 1.00, 0.99, and 0.95) result in significantly faster population growth.
The population reaches the inflection point (where the growth rate is maximal and corresponds to
half the carrying capacity) and approaches saturation near t = 10. For smaller values of α (e.g.,
0.50, 0.55, and 0.60), the growth is substantially slower. The population reaches only between
200 and 300 at t = 10, remaining in a pronounced growth phase and still far from saturation.

In this context, the order of the derivative serves as a memory-related parameter that indirectly
governs the system’s responsiveness to growth. Higher values of α indicate that the population
grows more rapidly under ideal conditions (e.g., in scenarios with abundant initial resources).

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 13

Lower values of α , in contrast, result in slower initial growth, which can be particularly useful
for modeling situations with limited early resources or representing populations that face initial
adaptation challenges and progressively overcome them over time.

Figure 8 presents the results of the fractional Richards model. As observed in the logistic model,
all curves exhibit a sigmoidal shape. The population initially grows slowly, accelerates during an
intermediate phase, and then the growth rate decreases as it approaches M = 500.

Figure 8: Results – Richards model.

The most notable feature here, compared to the previous plot, is that the main effect of varying
α is a horizontal shift of the curves along the time axis. The overall shape of the curve and the
saturation level remain virtually unchanged. However, the order of the derivative influences the
timing of the accelerated growth phase and, consequently, the time required to reach saturation.

Although the timing is shifted, the slopes of the steepest central regions of each curve remain
nearly identical. This suggests the existence of a threshold-like temporal activation, after which
the population begins to grow rapidly, and that the value of α determines how early (or late) this
threshold is reached.

From an application perspective, in situations where a specific event or condition initiates
growth, the fractional order α could represent the efficiency with which this hypothetical trigger
operates–leading to either a faster or slower onset of population growth. While this interpreta-
tion is intuitive, it warrants further investigation and may be explored more rigorously in future
studies.

Figure 9 presents the results obtained for the fractional Gompertz model. For all values of α , the
population initially grows at an increasing rate, and then the growth rate decreases as the popu-
lation approaches the carrying capacity M. As in previous models, higher values of α (e.g., 1.00,
0.99, and 0.95) result in faster initial population growth and quicker convergence to saturation.
For instance, for α = 1.00, the population reaches approximately 450 around t = 5. In con-

Trends Comput. Appl. Math., 27 (2026), e01884
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14 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

trast, for α = 0.50, growth is significantly slower, and the population remains in an accelerated
expansion phase at t = 10.

Interestingly, during the early stage (t = 0 to t = 2), the curves for different α values are very close
and even intersect around t = 2 and a population size of approximately 200. This suggests that the
order of the derivative has a less pronounced effect at the beginning of the process. However, this
behavior may be attributed to the attenuation of the fractional memory effect during the initial
stages.

Figure 9: Results – Gompertz model.

Another noteworthy observation is that the plateau reached by the curve for α = 0.50 appears sig-
nificantly lower than M within the observed time interval. This may suggest that α influences not
only the growth rate but also the system’s long-term equilibrium or apparent carrying capacity.

This is clarified in Figure 10, which shows the solution curves extended to t = 200. For larger
values of t, P continues to grow and gradually tends toward M, albeit more slowly, with P(50) =
447, P(100) = 463, P(150) = 470, and P(200) = 474.

Figure 10: Results for t = 0 to t = 200 (α = 0.5) – Gompertz model.

Trends Comput. Appl. Math., 27 (2026), e01884
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J. W. SCOTTON 15

Figure 11 presents the results of the Predator-Prey model, where the black dashed line represents
the prey population and the red dotted line represents the predator population. The graphs exhibit
cyclic oscillations in both populations, a characteristic behavior of such systems. Peaks in the
prey population (P) generally precede those in the predator population (Z). This pattern aligns
with biological reasoning: an increase in prey provides more food for predators, leading to a
subsequent rise in the predator population. This, in turn, causes a decline in the prey population
due to intensified predation, which is followed by a decline in the predator population due to
food scarcity.

Figure 11: Comparison between P (black dashed line) and Z (red dotted line) in the Predator-Prey
model for different values of α .

For α = 1, the system exhibits high-amplitude oscillations in both populations. The prey popu-
lation reaches peaks of approximately 40 and troughs near zero, while the predator population
peaks around 20, also reaching values close to zero at the minima. For α = 0.98, the oscilla-

Trends Comput. Appl. Math., 27 (2026), e01884
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16 NONLINEAR FRACTIONAL MODELS IN POPULATION DYNAMICS

tions remain of high amplitude, though a slight reduction is noticeable. For smaller values of α ,
this decreasing trend continues, and the oscillations become progressively damped, leading the
populations to fluctuate within a narrower range.

The plots suggest that the order of the derivative may play a significant role in the stability and
coexistence dynamics of the Predator-Prey system. Higher values of α promote large-amplitude
oscillations, which may pose a potential risk to the long-term persistence of both species due to
population troughs approaching zero. In contrast, lower values of α (e.g., around 0.90) tend to
guide the system toward a more stable state, in which oscillations are damped and the populations
stabilize at a coexistence equilibrium.

7 CONCLUSION

This study presented a numerical framework for solving the Logistic, Richards, Gompertz,
and Predator-Prey population models in their fractional-order formulations. The discretization
scheme, coupled with Newton’s iterative method, proved to be effective in addressing the non-
linearities inherent to the models under consideration. The mesh refinement and sensitivity anal-
yses confirmed both the numerical stability and the convergence of the solutions. Furthermore,
comparisons with classical analytical solutions and high-precision numerical results validated
the method’s accuracy and reliability.

The fractional order α proved to be an important parameter influencing system dynamics. It
introduces memory effects that modulate both growth rates and oscillatory behavior. Notably,
lower values of α resulted in slower growth in single-species models and contributed to the
attenuation of oscillations in the predator-prey dynamics. These effects highlight the enhanced
flexibility of fractional-order models in capturing complex population behaviors that may not be
adequately represented by classical integer-order formulations.

This study contributes theoretically by highlighting the feasibility and advantages of fractional
modeling in representing the complex temporal dynamics of population systems. In real-world
contexts, several studies have demonstrated the superiority of fractional models over classical
ones. The study by [19], for instance, which modeled the spread of COVID-19, showed that the
fractional model produced predictions that were closer to the observed data, a result similar to
that reported by [13]. Nevertheless, certain limitations are acknowledged, particularly regard-
ing the selection of appropriate fractional orders in practical applications. Future research could
address these challenges by incorporating data-driven parameter estimation and applying the pro-
posed approach to real cases. Such efforts would enhance its practical relevance and predictive
capability.

Practically, the fractional population models and numerical techniques presented herein offer
promising tools for ecological studies in which memory and hereditary effects are significant.
Possible applications include the modeling of species with delayed responses to environmental
changes, epidemics characterized by incubation periods, and systems strongly impacted by the
past.

Trends Comput. Appl. Math., 27 (2026), e01884
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In summary, the findings reinforce the potential of fractional calculus in population dynamics, en-
abling the representation of more realistic biological behaviors. The proposed numerical method-
ology offers a robust foundation for future studies seeking to explore fractional models in broader
ecological or epidemiological contexts.
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