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Abstract

The objective of this study is to present numerical computations of a fractional-order Zika virus (ZIKV) model
by developing a computational framework that incorporates stochastic Levenberg-Marquardt backpropagation

neural networks (LMBNNs). In this paper, we present a fractional-order model for the ZIKV with the effect

of environmental pollution, utilizing the Caputo fractional derivative. Fractional-order derivatives have been
employed to achieve more precise performance of the fractional-order mathematical ZIKV model in comparison

to integer-order derivatives. The fractional order ZIKV model is categorized into five classes: susceptible (Sh),
stressed (Shs ), infected (Ih), susceptible (Sv) and infected (Iv). Four different cases involving fractional order

derivatives have been numerically demonstrated using the mathematical ZIKV model. The results obtained from

the ZIKV model are displayed by employing the computational stochastic framework of LMBNNs, which involves
verification, training, and evaluation procedures aimed at reducing the mean square error (MSE). For the fractional-

order mathematical ZIKV model, the data selection process is carried out as follows: 70% for training and 15%

for certification and testing. A thorough study has been conducted to examine regression analysis, correlation,
MSE, error histograms (EHs), and information about STs in order to evaluate the proficiency and accuracy of the

suggested computing framework. The numerical findings shows the validity of the stochastic LMBNNs computing

framework.
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1. Introduction

For humans, mosquito-borne disease epidemics are a major global health issue. The transmission rate of many
viruses such as dengue, coronavirus, influenza, and other human infections have transmitted around the world in
recent years. One of the diseases caused by vectors, the ZIKV, is spread to people by the bite of an infected Aedes
genus mosquito [12]. ZIKV is classified as part of the Flaviviridae family of flaviviruses [53]. Mosquitoes are the
cause of spreading diseases to humans through their bites. Even the virus can also spread via sexual interaction,
blood donations, and pregnancy from a pregnant woman to her fetus [31]. The symptoms of that disease involve
fever, irritation, conjunctivitis, muscle and joint discomfort, headaches, and malaise. Most ZIKV patients have no
symptoms at all or mild symptoms and do not need to be hospitalized. As of yet, there is no approved medication or
vaccination for ZIKV. The ZIKV first appeared in a Rhesus monkey in Uganda’s Zika jungle in 1947 [1]. First cases
of humans were found in Nigeria in 1954, and after that time, sporadic human cases have been described on occasion
[1, 29]. There are several outbreaks of ZIKV occurring all over the world, including in Brazil, Venezuela, Honduras,
Canada, and El Salvador. Between 440,000 and 1,500,000 confirmed probable cases, Brazil has the highest number
of ZIKV cases ever reported [11, 45]. In 2016, the World Health Organization labeled ZIKV an epidemic because of
microcephaly clustering and neurological disorders in several virus-affected locations, such as Brazil. ZIKV has the
potential to be transmitted across the globe, so it’s crucial to investigate the disease’s transmission patterns.
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It has been recognized that mathematical models are crucial tools for examining the dynamics of disease spreading.
The ZIKV continued to propagate to other regions, with 86 countries having reported cases of infection to date.
We may establish control techniques to take over the disease by employing mathematical modeling to identify the
critical parameters involved in the disease’s advancement. Many mathematical models have been presented to show
the different levels of complexity depending on the characteristics of the problem; for example, some systems require
a higher level of complexity to simulate, particularly those that are stiff and intricate. There is a long history of
mathematical modeling offering insights into the control and spread of many viral diseases worldwide [4, 17, 19,
30, 43, 44]. Another significant issue facing contemporary society is pollution of the environment. There has been
an exponential rise in environmental contamination in the recent past. The environment suffers greatly as a result
of increased motor vehicle use, industrialization, and construction projects. Continuous exposure to environmental
pollution is leading to numerous diseases and disabilities. Infections and disease transmission may be facilitated by
environmental pollution, according to several studies [9, 27]. Mathematical models have also been used to address how
pollution contributes to the spread of infectious diseases [5, 18, 47].

The review by Wiratsudakul et al. [54] intends to give a general overview of mathematical modeling techniques,
especially those that were devised for the transmission of the ZIKV. They explored the use of mathematical frameworks
for estimating Zika import risk and establishing interventions, and they gave a demonstration of how the models were
used during the Zika epidemics. Suparit et al. [51] used data from the 2015–2016 Zika epidemics in Bahia, Brazil, to
develop a mosquito-borne compartmental model that corresponds to the virus’s potential future spread and assessed
the effectiveness of vector control measures. A mathematical model of the ZIKV on a complex network was developed
by Srivastav et al. [49], with consideration for both mosquito-borne and sexually transmitted forms of the disease.
Rahman et al. [36] devised an algorithm to determine the parameters that can be inferred from the given data,
employing a mathematical framework of ZIKV dynamics and a complex-step derivation estimate. A deterministic
Zika model, which included vector control, human awareness, and sexual and vector transmission channels in the
depletion of disease-induced mortality, was established and evaluated by Biswas et al. [10]. Goswami and Shanmukha
[16] gave a mathematical model by incorporating standard incidence-type interactions for the spread of the ZIKV
from human to human. Taylor [52] developed a novel mathematical approach for ZIKV interactions that involves
four control measures, comprising two preventive measures for mosquito bites and sexual transmission. Sharma et
al. [48] devised a compartmental model, with the objective of studying how vaccinations affect disease control by
providing the best feasible outcome. Alzahrani et al. [8] established a unique mathematical model that incorporated
ZIKV mutations along with three controls to demonstrate their findings. An innovative ZIKV model was formulated
by Ali et al. [3] that incorporates human cognition in the host population as well as mosquito and mosquito-borne
transmission. Alshehri and Hajji [6] proposed an effective mathematical model for explaining ZIKV spread with a
nonlinear general incidence rate. A compartmental model was presented by Kumar et al. [26] to examine the Zika
outbreak in Brazil. Sabir et al. [39] developed a swarming computational method to simulate the spread of ZIKV across
the susceptible, exposed, infected, and recovered categories. To explain the risk of virus transmission by immigrants,
Yue et al. [55] developed a ZIKV model involving immigrants. They presented screening strategies for immigrants to
determine the best control scheme based on an optimal control approach and cost analysis, emphasizing the potential
for suitable screening in ZIKV management. Murugappan et al. [32] studied a population of males, females, and
children utilizing a non-linear mathematical model of ZIKV transmission. A new deterministic mathematical model
was presented by Omede et al. [34] to study the dynamics of co-infection between the ZIKV and HIV, considering both
horizontal as well as vertical transmission. Using a probabilistic neural network-based intelligent computation solution,
Suantai et al. [50] provided the computational outcomes and perspectives of the SEIR framework employing the Zika
virus propagation. Huo et al. [20] constructed a novel model for the transmission of the ZIKV, which comprises three
modes of transmission: vertical transmission, sexual transmission between males and females, and human transmission
through mosquito bites. Jose et al. [23] studied the epidemic dynamics of dengue fever (DF) and ZIKV co-infections
using a mathematical model. An innovative mathematical model was devised by Zafar et al. [56] to investigate the
dynamics of ZIKV infections with the mutant in actual, reported cases in Colombia.

Ahmadkhanpour et al. [2] presented a unique method termed improved back-propagation that uses artificial neu-
ral networks to solve ordinary differential equations. Multilayer perceptron neural networks, which have adjustable
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parameters like weights and biases, were employed. Dadashzadeh et al. [13] introduced the flexible fractional wavelet
neural network, a unique neural network architecture that adds two more fractional wavelet parameters to conven-
tional wavelet networks. The suggested method was assessed for both one-dimensional and multi-dimensional dynamic
system identification. The accuracy and efficiency of the network are shown to be greatly enhanced by the fractional
wavelet parameters. In order to solve partial differential equations, Liu et al. [28] employed a physically informed
neural network and adaptive activation function tuning. They also introduced several nonlinear Schrödinger equations
that are relevant to semiconductor optical amplifier fiber laser applications.

It is better to use fractional order derivatives rather than integer order models to comprehend the dynamics of
Zika virus transmission. While using the fractional order derivative one may obtain significantly better analysis,
forecasting, and estimation of illness parameters of ZIKV than implemented with the help of a conventional one.
Fractional derivatives have the advantage of offering more degrees of freedom, which enables a wider variety of analysis
of the dynamic behavior of the system, including nonlocal solutions. Among the many fractional derivatives found in
the literature, one of the most popular methods in fractional calculus is the Caputo fractional derivative. One major
advantage of using the Caputo fractional derivative is that it preserves the same initial conditions as conventional
derivatives.

Research on fractional-order differential equations (FDEs) is crucial across various fields, including mathematics,
physics, control systems, and particularly engineering. In many distinct regions, fractional calculus is a practical
mathematical tool for comprehending and solving real-world issues [7, 21, 22]. By using fractional operators, khan et
al. [24] used artificial intelligence and neural networking techniques to mimic the dynamics of Zika virus transmissions
between hums and mosquitoes. In order to comprehend the long-term consequences of public health issues, they
demonstrated how fractional derivatives allow for a more thorough description of memory effects and time delays in
the disease transmission processes. In the context of Zika virus transmission, they demonstrated, this is especially
important because accurate forecasts of outbreak trajectories require assuming delays in infection onset and variance
in transmission rates.

A stochastic numerical strategy was presented by Sabir et al. [41] to address a fractional order water pollution prob-
lem model by applying artificial neural networks and the Levenberg-Marquardt backpropagation method. Rezapour
et al. [38] devised a novel mathematical model that employs the fractional-order Caputo differential to illustrate how
the ZIKV transmits from humans to mosquitoes. A Caputo fractional-order-based SEIR framework for hosts and an
SEI framework for mosquitoes were established by Prasad et al. [35] to examine ZIKV transmission. They inspected
the outbreaks that occurred between 2013 and 2016 in six of the main French Polynesia archipelagos. Sabir et al. [42]
provided a computational framework employing stochastic L-MBNNs to simulate the fractional-order computational
influenza disease model. The influenza disease nonlinear system (IDNS) was numerically simulated by Sabir et al.
[40] employing stochastic artificial neural networks (ANNs) processes backed by LMB, or ANNs-LMB. To solve the
six distinct IDNS variations, numerical computations were carried out using the stochastic ANNs-LMB. This work
highlights several innovative points, including:

• A fractional-order ZIKV model formulation is explained and effectively solved numerically.
• Further precise solutions for the fractional order ZIKV model have been generated by applying the Caputo
fractional order derivatives.

• To illustrate the numerical representations of the mathematical ZIKV model, four fractional-order derivative
cases have been investigated. The fractional-order derivatives are considered to lie between 0 and 1.

• The goal of developing the computational stochastic structure relying on LMBNNs is to numerically address
fractional-order problems.

• The consistency and reliability of the proposed LMBNNs are assessed through EHs, correlation, STs, MSE,
and regression analysis to slove fractional order mathematical ZIKV model.

We applied the Caputo fractional derivative to give a mathematical model of Zika virus propagation [26]. In the
procedure of modeling, the classification of human population into three separate categories: susceptible (Sh), stressed
(Shs

), and infected (Ih). During the formulation process, the human susceptible population is classified into stressed
compartment. Similarly, we divided the population of mosquito into two categories: susceptible (Sv) and infected
(Iv). The flow chart of the mathematical ZIKV model is shown in Figure 1.
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Figure 1. Schematic diagram of ZIKV model.

The ZIKV model [26] in its general form is provided in the form of system of differential equations as

dSh

dt
= (1− p)Ah − aλSh

Iv
Nh

− θSh + nξIh − d1Sh,

dShs

dt
= pAh − aλ(1 + δλ

′
)Shs

Iv
Nh

+ θSh + (1− n)ξ Ih − d1Shs ,

dIh
dt

= aλSh
Iv
Nh

+ aλ(1 + δλ
′
)Shs

Iv
Nh

− (d1 + ϕ+ ξ)Ih, (1.1)

dSv

dt
= Av − aβSv

Ih
Nh

− d2 Sv,

dIv
dt

= aβSv
Ih
Nh

− d2Iv.

We have considered the following initial conditions:

Sh(0) ≥ 0, Shs
(0) ≥ 0, Ih(0) ≥ 0, Sv(0) ≥ 0, Iv(0) ≥ 0. (1.2)

Table 1 displays the description of the state variables for each category according to the nonlinear ZIKV model.
The rest parts of the article are explained as follows: The ZIKV model, a fractional-order mathematical model, is

designed and given in Section 2. Section 3 provides a description of the stochastic framework relying on the LMBNNs.
Section 4 includes the simulations and results generated for the fractional order ZIKV model using the suggested
approach. The concluding remarks of this article are presented in Section 5.

2. Design of the fractional order ZIKV model

The study of fractional calculus (FC) was introduced centuries ago during Newton’s time, but it has gained con-
siderable importance in recent decades. Fractional-order derivatives have been found to produce a better fit between
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Table 1. Description of the state variables for each category of the ZIKV model.

Description Notation

Population’s constant rate of human recruitment Ah

Population’s constant rate of mosquito recruitment Av

Proportion of the new population enters the Shs compartment p

Remaining proportion belongs to the Sh class (1− p)

Constant rate of access of the susceptible population into the stressed compartment θ

Proportion of the recovered group goes into the Shs class (1− n)

Fraction of the class joins the Sh compartment n

Human population’s natural death rate d1
Human population’s disease-related death rate ϕ

Human population’s rate of recovery ξ

Biting rate of mosquito a

Probability of one infectious mosquito spreading the disease to a susceptible human per bite λ

Possibility of transmission from an infected person to a vulnerable mosquito via every bite β

Mosquito’s natural rate of death d2
Stress level δ

Rate to which stress raises λ λ
′

Overall populations of humans Nh

Overall populations of mosquitoes Nv

simulated and real data than do conventional models that employ integer-order derivatives [14, 15]. Moreover, the
fractional-order (FO) derivatives have been used to get analytical or numerical findings derived from nonlinear differ-
ential models. The goal of this research is to demonstrate the value and significance of the fractional order ZIKV model
based on the AI processes together with the LMBNNs. As Nh = Sh + Shs

+ Ih, and, Nv = Sv + Iv, Av = Nvd2 and
Ah = Nhd1. Both the human and mosquito populations are non-dimensionalized in order to minimize the system’s

(1.1) parameter number by x1 = Sh

Nh
, x2 =

Shs

Nh
, ih = Ih

Nh
, x3 = Sv

Nv
, iv = Iv

Nv
and m =

Av
d2

Nh
. The variables Sh, Shs

,
Ih, Sv, and Iv will be interpreted as x1, x2, ih, x3, and iv. The class of humans who are under the effect of stress is
represented by Shs

, susceptible humans are symbolized by Sh, and infected humans are represented by Ih. Likewise,
the susceptible mosquito is denoted as Sv, while the infected mosquito is denoted as Iv.

Now we will extend ZIKV model (1.1) using the fractional derivative, as

Dα
t Sh = (1− p)d1 − aλmShIv − θSh + nξIh − d1Sh,

Dα
t Shs

= pd1 + θSh − aλ(1 + δλ
′
)mShs

Iv + (1− n)ξIh − d1Shs
,

Dα
t Ih = aλmShIv + aλm(1 + δλ

′
)ShsIv − (d1 + ϕ+ ξ)Ih, (2.1)

Dα
t Sv = d2 − aβSvIh − d2Sv,

Dα
t Iv = aβSvIh − d2Iv,

subject to initial conditions Sh(0) ≥ 0, Shs(0) ≥ 0, Ih(0) ≥ 0, Sv(0) ≥ 0, Iv(0) ≥ 0.
Where α represents the FO derivative defined in the Caputo sense, which is utilized to represent the fractional

order ZIKV model in system (2.1). The fractional-order derivatives are considered to lie between 0 and 1. However,
in order to solve the nonlinear ZIKV model with more realistic results, these derivatives are employed in this study.

3. Designed stochastic framework: LMBNNs

This section describes the proposed LMBNN structure to solve all variants of the fractional order ZIKV model.
Figure 2 illustrates the step-by-step workflow using a computational stochastic approach for tackling the fractional
order ZIKV model. The model is illustrated in the first part of Figure 2, and the system’s mathematical representations
are presented in the second part. The third part outlines the LMBNNs’methodological steps, while the last part
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Table 2. Configuring the LMBNNs execution parameters.

Index Setting
Fitness objective (MSE) 0

Iteration 1000
Adaptive parameter (mu) 0.001
Maximum value of (mu) 10−6

Hidden neurons 10
Validation trials 15%

Samples for testing and vefification 15%
Samples for training 70%

Sample choice Arbitrary
Solver for dataset generation Adam method

Input, output and hidden layers Single for all three
Adams solver parameter for stopping and execution Default

describes the simulations of the outcomes. Figure 3(A) shows the structure of the multi-layer network of neurons, and
Figure 3(B) hidden neurons, one input vector, and five target vectors. Table 2 displays the parameter configuration
for the ZIKV model based on the stochastic structure. Furthermore, the references contain the execution process as
well as some crucial theoretical information based on the LMB algorithms [25, 33, 37, 46].

4. Discussion-based simulations and investigation

This section provides the numerical computations of ZIKV model (2.1) in four distinct variations through the cre-
ation of a computational framework that incorporates stochastic procedure of artificial neural networks with Levenberg-
Marquardt backpropagation (LMBNNs). The numerical results based on the fractional order mathematical ZIKV
model (2.1) with Caputo fractional derivative are displayed by selecting the different values of FO α = 0.7, 0.8, 0.9
and α = 0.95. In the subsequent cases, the differential description for each variant is presented as follows:
Case 1. Assume the fractional order ZIKV model is shown as:

D0.7
t Sh = (1− p)d1 − aλmShIv − θSh + nξIh − d1Sh, Sh(0) = 100,

D0.7
t Shs

= pd1 + θSh − aλ(1 + δλ
′
)mShs

Iv + (1− n)ξIh − d1Shs
, Shs

(0) = 70,

D0.7
t Ih = aλmShIv + aλm(1 + δλ

′
)Shs

Iv − (d1 + ϕ+ ξ)Ih, Ih(0) = 20, (4.1)

D0.7
t Sv = d2 − aβSvIh − d2Sv, Sv(0) = 80,

D0.7
t Iv = aβSvIh − d2Iv, Iv(0) = 30.

Case 2. Assume the fractional order ZIKV model is given as:

D0.8
t Sh = (1− p)d1 − aλmShIv − θSh + nξIh − d1Sh, Sh(0) = 100,

D0.8
t Shs

= pd1 + θSh − aλ(1 + δλ
′
)mShs

Iv + (1− n)ξIh − d1Shs
, Shs

(0) = 70,

D0.8
t Ih = aλmShIv + aλm(1 + δλ

′
)Shs

Iv − (d1 + ϕ+ ξ)Ih, Ih(0) = 20, (4.2)

D0.8
t Sv = d2 − aβSvIh − d2Sv, Sv(0) = 80,

D0.8
t Iv = aβSvIh − d2Iv, Iv(0) = 30.

Case 3. Assume the fractional order ZIKV model is displayed as:
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Figure 2. Graphical representations of constructed LMBNNs to solve the fractional order ZIKV
model: Phase 1 presents a review of the problem. Phase 2 is an illustration of the mathematical
system. Phase 3 employs the LMBNNs to identify the practical block. The simulation results and
analysis are shown in Phase 4.
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(a) Construction of general form of single neuron.

(b) Proposed layer structure, a single vector based input layer, 10 hidden neurons in
hidden layer, and five outcome vectors in output layer.

Figure 3. Stochastic structure of LMBNNs for sloving the ZIKV model.

D0.9
t Sh = (1− p)d1 − aλmShIv − θSh + nξIh − d1Sh, Sh(0) = 100,

D0.9
t Shs = pd1 + θSh − aλ(1 + δλ

′
)mShsIv + (1− n)ξIh − d1Shs , Shs(0) = 70,

D0.9
t Ih = aλmShIv + aλm(1 + δλ

′
)Shs

Iv − (d1 + ϕ+ ξ)Ih, Ih(0) = 20, (4.3)

D0.9
t Sv = d2 − aβSvIh − d2Sv, Sv(0) = 80,

D0.9
t Iv = aβSvIh − d2Iv, Iv(0) = 30.

Case 4. Assume the fractional order ZIKV model is written as:
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Figure 4. Performances of STs and MSE for solving the fractional order ZIKV system.
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Figure 5. Valuations of the results and EHs of the fractional order ZIKV model.

D0.95
t Sh = (1− p)d1 − aλmShIv − θSh + nξIh − d1Sh, Sh(0) = 100,

D0.95
t Shs

= pd1 + θSh − aλ(1 + δλ
′
)mShs

Iv + (1− n)ξIh − d1Shs
, Shs

(0) = 70,

D0.95
t Ih = aλmShIv + aλm(1 + δλ

′
)Shs

Iv − (d1 + ϕ+ ξ)Ih, Ih(0) = 20, (4.4)

D0.95
t Sv = d2 − aβSvIh − d2Sv, Sv(0) = 80,

D0.95
t Iv = aβSvIh − d2Iv, Iv(0) = 30.
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Figure 6. Regression measures for the fractional order ZIKV model.

Table 3. LMBNNs performances for each case of the fractional-order ZIKV model.

Variant Validation(MSE) Performance(MSE) Gradient Mu Iteration Time(sec)
1 0.00069236 0.000716 0.094374 1× 10−06 688 15
2 0.00064752 0.000432 0.062114 1× 10−06 1000 21
3 0.00060933 0.00118 0.18257 1× 10−05 542 11
4 4.51× 10−5 4.90× 10−5 0.11369 1× 10−07 778 16

The successful performances made possible by the stochastic structure of LMBNNs (see Figure 2 and Figure 3)
are explored with inputs t ∈ [0, 500] for the ZIKV model (2.1) with 10 neurons organized using the 70% of the
training statistics are picked, whereas 50% are chosen for the validation and testing processes. Figures 4-8 display
mathematical simulations of the fractional order ZIKV model using the computation outcomes of the LMBNNs.
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Figure 7. Assessment of the outcomes through the LMBNNs for solving the fractional-order ZIKV
model.

The MSE performance for the fractional order ZIKV model is shown in Figure 4. The best performances values of
the fractional order ZIKV model have been computed for FO cases 1, 2, 3 and 4 are 6.9236 × 10−4, 6.4752 × 10−4,
6.0933×10−4 and 4.51×10−5 with epochs 688, 1000, 542 and 778. The most effective form to test, train, and validate
for the proposed fractional order ZIKV model is also depicted in Figures 4(A)-4(H). The values of the gradient are
assessed 9.4374 × 10−2, 6.2114 × 10−2, 1.8257 × 10−1 and 1.1369 × 10−1 for 1st, 2nd, 3rd and 4th case. The fitness
of acquired outcomes and the error histogram (EHs) efficiency for the fractional order ZIKV model via LMBNNs
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Figure 8. AE results using LMBNNs for addressing the fractional-order ZIKV model.

are shown in Figure 5. The EHs measures for of the fractional order ZIKV model are computed as −2.967 × 10−2,
−1.928× 10−2, −4.514× 10−2 and −1.551× 10−2.

The regression measures utilizing the LMBNNs for the fractional order ZIKV model that are based on the com-
putational approach are presented in Figure 6. Designate the value for correlation values 1 that suggest that the
model is optimal to each variant of the fractional order ZIKV model. The procedure for testing, validating, and
training describes how accurate the methodology is to solve the fractional type of ZIKV model. The MSE values for
the fractional order ZIKV model are calculated using the stochastic technique in Table 3. Results comparison and
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absolute error (AE) values for solving the fractional order ZIKV model are shown in Figure 7 and Figure 8. The
obtained outcomes indicates the efficiency of the stochastic framework. Figure 8 demonstrates the results of the AE’s
applying the proposed approach. The AE values for the susceptible (Sh) category are shown in Figure 8(A), where
the values for the first, second, third and fourth cases are around 10−1 to 10−13, 10−1 to 10−15, 100 to 10−14 and 10−1

to 10−17. For the first, second, third, and fourth cases, the AE for the class stressed (Shs) is shown in Figure 8(B) to
be approximately 100 to 10−16, 10−1 to 10−13, 100 to 10−12 and 10−1 to 10−15. The AE for infected (Ih) has been
carried out in Figure 8(C) approximately between 10−2 to 10−15, 10−3 to 10−18, 10−1 to 10−14 and 10−3 to 10−15.
Figure 8(D) presents the susceptible (Sv) AE values performances, which are obtained around 100 to 10−14, 10−2 to
10−18, 100 to 10−12 and 10−1 to 10−14. The calculated AE for the last class of infected (Iv) is 10

0 to 10−14, 10−2 to
10−14, 101 to 10−11 and 10−1 to 10−14, see Figure 8(E). The correctness of the ANN stochastic process is displayed
by the computed AE measures for the proposed ZIKV model (2.1) with Caputo fractional derivative.

5. Conclusions

The goal of this article is to provide a computation context consisting of stochastic LMBNNs in order to give
numerical computations of the fractional order ZIKV model. Fractional order studies have been proposed for attaining
more accurate results of the ZIKV as compared to integer order. For each ZIKV model category, the numerical
simulations have been displayed by using the FO derivatives to solve the four different variations. For the mathematical
ZIKV model, the data selection process is carried out as follows: 70% for training and 15% for certification and testing.
Throughout the investigation, the fractional order mathematical ZIKV system is solved using 10 neurons. A thorough
study has been conducted to examine regression analysis, correlation, MSE, EHs, and information about STs in
order to evaluate the proficiency and accuracy of the suggested computing framework. With the objective to slove
the fractional order mathematical ZIKV model, the AE was executed in a good manner. The numerical results
demonstrate the validity of the stochastic LMBNNs computing framework. Furthermore, the performance is shown
to verify the reliability of the scheme. This study offers useful data for future investigations and preventative actions
to stop the spread of the Zika virus worldwide. The fractional-order model could be expanded in future studies to
include environmental variables and spatial dynamics that affect Zika virus transmission. The predicted accuracy
and robustness of the model may be improved by incorporating real-time data from several locations. Examining the
effects of interventions like vaccination plans or vector control techniques within the fractional-order framework would
shed light on successful public health initiatives to stop the spread of the Zika virus.
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