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Abstract: Tween-20 plays a significant role in the biological, food, and pharmaceutical industries. Additionally, it plays
a vital role in improving the quality of reverse mechanisms of multi-drug resistance. This paper uses artificial neural
computing to examine Tween-20 nanoparticles’ behaviors in a base fluid called ethyl acetate to enhance the applications
in nanomedicine, drug delivery and biotechnology. The study focuses on the nonlinear model of a viscous fluid at
the stagnation point, where mixed convection processes and activation energy are present. The study incorporates slip
velocity and melting boundary conditions to examine heat and mass transfer, taking into account thermal and solutal
stratification. Various fields of research and technology, specially in industrial engineering that include hydrodynamics,
panto-graph systems, and biomedical mathematics, extensively utilize artificial computing. The datasets are based on
velocity, temperature, and concentration outlines. The fourth-order Runge-Kutta method is used to generate the datasets.
To validate the LMM-ABNNs, we have compared them with a numerical solution, showing a high level of agreement.
We utilize the error histogram and mean square error results to validate the performance, scrutinize the training and
testing methods, and explore the validity of the approximate answer. Furthermore, the quality characteristics such as
skin friction, rate of heat, and mass movement (Nusselt and Sherwood numbers) are statistically analyzed to forecast the
model’s durability. This article is the best example of investigating different fluid parameters with the latest artificial
neural computing.
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1. Introduction
An artificial neural network (ANN) is a computational system composed of interconnected neurons that carry out

information processing. It draws inspiration from biological neural networks. Weights in ANNs indicate the strength of
connections between neurons. These weights are organized into layers (input, hidden, and output) and play a crucial role in
facilitating learning and acquiring knowledge. The neurons in the network generate output values by nonlinearly altering
input data, enabling categorization and function approximation. Training an ANN involves assigning input patterns to
anticipated output patterns. An application uses the trained network to predict outputs for new input patterns. ANNs
introduce nonlinearity into calculations and optimize network parameters to improve performance by utilizing activation
functions, such as piecewise linear functions. ANNs are critical for advancing fluid mechanics research. They have
several applications, such as predicting gradients and objective function values in optimization problems [1]. Furthermore,
physics-informed machine-learning (PIML) methods combine ML algorithms with domain knowledge to improve the
reliability and effectiveness of predicting complex turbulent flows in fluid mechanics [2]. ANNs have significantly
influenced experimental fluid dynamics by enabling real-time estimation and control, enhancing experimental design, and
improvingmeasurement techniques. These advancements have increased accuracy and excellence in the field [3, 4]. Using
ANNs in fluid dynamics, research showcases the potential for advanced advancements and applications in engineering,
science, and healthcare. In their study, Rehman et al. [5] used ANNs to examine how cross-nanofluids move when an
inclined magnetic field and a heat source exist. Ali et al. [6] investigated the characteristics of unsteady hydromagnetic
flow through an angular rotating disk using artificial neural computing. More research using ANNs is being done to
examine how magnetic fields, heat transfer, entropy generation, and different kinds of nanoparticles affect the flow of
nanofluids. It can be found in [7–10]. We have utilized the ANNs to investigate the behavior of viscous nanofluid flow
under the influence of an angled magnetic field.

Nanofluids are novel heat transfer fluids with improved thermal properties of nanoparticles scattered throughout base
fluids. Even at modest nanoparticle concentrations, these colloidal solutions have demonstrated impressive enhancement
in the thermal conductivity of the base fluid. [11]. Nanofluids find significance in different sectors like cooling systems,
solar panels, and CO2 absorption because of their remarkable thermophysical properties. The preparation procedures
include synthesizing nanoparticles and applying methods such as ultrasonication to increase thermophysical properties
and stability [12]. Understanding the behavior of nanofluids requires a grasp of physicochemical concepts such as surface-
to-volume ratio, Brownian movement, electrical effects, and nanoparticle aggregation. Farooq et al. [13] explored the
oscillatory behavior of Maxwell nanofluid with heat and mass transport, utilizing the Laplace transform to acquire the
closed-form solution of themodel. Asgar et al. [14] investigate thermal characterization of hybrid nanofluid with impact of
convective boundary layer flow and Joule heating law. Lin et al. [15] demonstrated the effects of free convective behavior
of fractional nanofluid flow with heat source/sink via porous medium. Hussain et al. [16] scrutinized the behavior of zinc
oxide and zirconium oxide impacts on hybrid nanofluid (kerosene oil) flow between two porous and squeezing rotating
discs. Shah et al. [17] discoursed a numerical study of hybrid nanofluid flow through power law shrinking/stretching sheet
with radiation and suction effects. Lund et al. [18] presented the dual solution of MHD hybrid nanofluid flow via Darcy-
Forchheimer medium with the impact of joule heating and viscous dissipation. Rasool et al. [19] investigated the MHD
radiating thixotropic nanofluid flow over an extended sheet with convected conditions. Further studies on Newtonian and
non-Newtonian nanofluid flow can be done in [20–24].

Stratification is the emergence of layers of fluid with varying densities. This density variation results from variations
in the temperature or concentration of the fluid’s reservoirs. It is frequently employed in processes related to industry,
biomedicine, agriculture, and the environment. A few instances of stratification include heterogeneous combinations in
the atmosphere, reservoirs, and oceans. It also plays a big part in regulating the amounts of hydrogen and oxygen in the
atmosphere and oceans. It mostly affects the amount of algae, the quality of the water, and the lack of oxygen in the
lower reaches of ponds, lakes, and rivers. Raizah et al. [25] investigated the impacts of third-grade nanofluid flow with
melting phenomenon and temperature stratification over a Riga plate in the presence of stagnation point. Lone et al. [26]
scrutinized the temperature and concentration stratification in Casson nanofluid flow with the impacts of microorganisms
via a 3D bi-stretching sheet. Ganie et al. [27] studied the radiated Maxwell nanofluid with melting rheology and dual
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quadratic stratification having joule heating via an extended sheet. Algehyne et al. [28] analyzed thermally stratified
Carreau-Yasuda nanofluid flow behavior with Cattaneo-Christov heat flux, Brownian, and thermophoretic phenomenon.
The analytical solution is acquired via the homotopy analysis method (HAM). Zafar et al. [29] demonstrated the dual
stratification effects in Ree-Eyring nanofluid flow with gyrotactic microorganisms via a Darcy Forchheimer medium.
Entropy generation is also presented with radiation and heat source/sink. Leng et al. [30] proposed the numerical solution
of MHD thermally stratified Casson nanofluid flow with heat suction/injection properties and joule heating via a Darcy
Forchheimer permeable medium. Debnath et al. [31] analyzed numerically on heat transfer enhancement and design
optimization of modified SCTHX using Taguchi method. Das et al. [32] depicted the irreversible behavior of triply
stratified Powell-Eyring nanofluid flow with bio-Marangoni convection condition. So, we have also accounted for the
dual stratification effects on viscous nanofluid flow with melting and slip conditions.

Scientists have observed a significant need for power storage technologies that offer increased durability and
reliability. Battery storage systems are essential for reactor designs used in heating, wind power, mixed energy generation,
and waste-to-energy recovery. Latent heat storage is a method of storing energy. Latent thermal energy storage is a highly
efficient and cost-effective energy storage method. One way to store thermal energy in a substance is to cause it to melt.
We solidify the material to release the accumulated heat energy. The melting impacts encompass a variety of processes,
including semiconducting operations, tundra melting, magma solidification, and freezing heat exchanger coils in a ground-
based pump. The mixed convection viscous nanofluid flow via an inclined sheet with stagnation point, melting rheology,
and variable porosity and permeability have not been explored as far as the authors know. The model considers the effects
of thermal and solutal stratification and the influence of activation energy and joule heating. The base fluid, ethyl acetate,
creates a uniform mixture by immersing Tween-20 nanoparticles. We obtain the numerical solution using the fourth-order
Runge-Kutta method and then compare it with the results obtained via ANN computation. We examine the validation of
the approximation solution using error histograms andmean square error results to assess performance and analyze training
and testing procedures. In addition, probable error andmultilinear regressionmethods are utilized to establish a correlation
between the different embedded factors, specifically drag force, rate of heat, andmass transfer. Existing theoretical models
cannot accurately predict the behavior of such nanofluids under dynamic conditions. Refining or developing new models
is necessary to investigate such types of characteristics. Our proposed model would be an excellent example to explain
suchtypes of explanation.

2. Mathematical modeling
A two-dimensional viscous fluid flow through a porous region that is non-Darcy saturated is considered. An

incompressible fluid saturates a semi-infinite region enclosed by a continuously moving stretching sheet. Heat
transmission characteristics have been set out by variables such as heat generation/absorption and variable thermal
conductivity. It applies a magnetic field angled α to the stretching surface. Due to the low magnetic Reynolds number,
the induced magnetic field is ignored. Under the boundary layer, the continuity, momentum, energy, and concentration
equations are given [33, 34].

∂u
∂x

+
∂v
∂y

= 0, (1)
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ρn f (u
∂u
∂x

+ v
∂u
∂y

) = µn f
∂ 2u
∂y2 −

µn f ε(y)
K(y)

u−
ρn fCbε2(y)√

K(y)
u2 −σn f sin2(α)B2

0(u−U∞)

+ρn fU∞
dU∞

dx
+g(ρβT )n f cos(β )(T −Tm), (2)

(ρCp)n f (u
∂T
∂x

+ v
∂T
∂y

) = Kn f
∂ 2T
∂y2 +µn f (

∂u
∂y

)2 +Q0(T −Tm) (3)

+σn f sin2(α)B2
0(u−U∞)

2,

u
∂C
∂x

+ v
∂C
∂y

= Dm
∂ 2C
∂y2 −K∗

B(
T
T∞

)nexp[
−Ea

kT
](C−Cm), (4)

with the boundary conditions

u =Uw(x) = ax+N
∂u
∂y

, T = Tm,C =Cm as y → 0 (5)

u =U∞(x) = bx,T = T∞, C =C∞ as y → ∞ (6)

Kn f
∂T
∂y

|y=0 = ρn f [λ +Cs(Tm −T0)]v(x,0) (7)

where, Tm = T0 +d1x3, T∞ = T0 +d2x3, Cm =C0 + e1x3, C∞ =C0 + e2x3.

In this case, u and v stand for the horizontal and vertical components of velocity, respectively, as well as ρ fluid density,
ρn f density of nanofluid, µn f viscosity of nanofluid,ε(y) and K(y) are porosity and permeability of the porous medium,
respectively, σn f permeability of nanofluid, Cb inertia coefficient, B0 field strength, Cp specific heat, U∞ fluid velocity
outside boundary layer, g acceleration due to gravity, βTn f thermal expansion, βCn f solutal expansion of nanofluid, Kn f

thermal conductivity of nanofluid, Q0 coefficient of heat generation/absorption, Dm mass diffusivity, K∗
B chemical reaction

rate, Ea activation energy,λ thermal conductivity.
The porosity, ε(y) and permeability, K(y) are defined by follows,

ε(y) = ε0(1+b1e−η), (8)

K(y) = K0(1+be−η), (9)

the porosity and permeability at the boundary layer’s edge are denoted by ε0 and K0. While b1 = b = 0 for uniform
permeability (see [35]), the variable porosity and permeability values are 1.5 and 3.0, respectively.

The transformation variables are defined as follows,
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η = y
√

a
ν f

, u = ax f
′
(η), v =−

√
aν f f (η),

θ(η) =
T −Tm

T∞ −T0
, ϕ(η) =

C−Cm

C∞ −C0
, (10)

where ν f kinematic viscosity of a fluid. Since Eq. 1 automatically satisfied by using Eq. (10) and other equations from
Eq. (2)-Eq. (4) converted as follows,

a1( f
′2 − f f

′′
) =

f
′′′

(1−φ)2.5 − 1
(1−φ)2.5

1
σRe

(1+b1e−η)

(1+be−η)
f
′

−a1β ∗ (1+b1e−η)2√
(1+be−η)

f
′2 − c3M2sin2(α)( f

′ −S)+S2 +GrT a1c1θcos(β ), (11)

a2(3 f
′
θ +3A f

′ − f θ
′
) =

c4

Pr
θ

′′
+

1
(1−φ)2.5 Ec f

′′2
(12)

+δ1θ + c3sin2(α)EcM2( f
′ −S)2,

3 f
′
ϕ +3A1 f

′ − f ϕ
′
=

1
Sc

ϕ
′′ − γ1((θσ1 +1)γ)nexp[

−Ea

1+σ1θ
]ϕ . (13)

The boundary conditions (Eq. (5)-Eq. (7)) are converted as the following forms,

f ′(0) = 1+N∗ f
′′
(0), θ(0) = 0, ϕ(0) = 0 as η → 0, (14)

f
′
(∞) = S, θ(∞) = 1−A and ϕ(∞) = 1−A1 as η → ∞, (15)

Pr f (0)+
c4

a1
M1θ

′
(0) = 0 as η → 0. (16)

Here some parameters which are used to conversion, density ρn f = (1−φ)ρ f +φρs, a1 = (1−φ)+φ
ρs

ρ f
, a2 =

(1−φ)+φ
(ρCp)s

(ρCp) f
, c1 = (1−φ)+φ

βTs

βTf

, c3 =
σn f

σ f
= 1−

3φ(1− σs

σ f
)

(2+
σs)

σ f
+φ(1− σs

σ f
)

, c4 =
kn f

k f
=

2ks +2k f −2φ(k f − ks)

ks +2k f +φ(k f − ks)
,

kinematic viscosity, ν =
µ
ρ
, local inertial parameter, β ∗ =

Cbε2
0√

k0
, local magnetic parameter,M2 =

σ f B2
0

ρ f a
, dynamic viscosity

µn f =
µ f

(1−φ)2.5 , ratio parameter, S =
b
a
, Grashof number for temperature, GrT =

gβTf (T∞ −T0)

aUw
, local permeability
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parameter, σ =
k0a2

U2
wε0

, local Reynolds number, Re =
Uwx
ν f

, Prandtle number, Pr =
(µCp) f

k f
, thermal stratification, A, ratio

parameter, B2 =
Kn f

K f
, Eckert number, Ec =

U2
w

Cp f (T∞ −T0)
, heat source/sink, δ1 =

Q0

a(ρCp) f
, Schmidt number, Sc =

ν f

Dm
,

chemical reaction parameter, γ1 =
K∗

B
a
, material parameter, γ =

Tm

T∞
, material parameter, σ1 =

T∞ −T0

Tm
, activation energy,

E =
Ea
kTm

, material parameter, N∗, solutal stratification, A1, melting parameter, M1 =
Cp f (T∞ −T0)

λ +Cs(Tm −T0)
.

The temperature gradient (Nusselt number) at the wall of the stretching sheet, the velocity gradient (skin friction or
drag force) at the normal surface, and the Sherwood number are the engineering interest quantities are defined as follows,

C f =
τm

ρU2
m
, Nux =

xqm

k f (T∞ −Tm)
, Shx =

xqs

DB(C∞ −Cm)
, (17)

where τm, qm, and qs are known as the wall shear stress, the surface heat flux, and the wall mass flux, respectively, and
are defined as follows,

τm = µ(
∂u
∂y

)y=0, qm =−kn f (
∂T
∂y

)y=0, qs =−DB(
∂C
∂y

)y=0. (18)

Using the variable transformations Eq. (10), we obtain the ordinary differential equation for skin friction, Nusselt
number, and Sherwood number, respectively,

C f
√

Rex = f
′′
(0), −NuxRe

− 1
2

x =
c4θ ′

(0)
1−A

and −ShxRe
− 1

2
x =

ϕ ′
(0)

1−A1
.

3. Methodology
The first section explains the process of creating a dataset for (11)-(16). The second section outlines the exact

processes utilized to implement the dataset. An efficient, competent, and adept technique in the artificial neural networks
toolbox developed in MATLAB, the fitting tool “nftool” plays an important role in the simulation of the planned model.
The suggested model combines a multi-layer neural network architecture with backpropagated neural networks that use a
Levenberg Marquard topology to improve it. The results of numerical experiments for the dynamics indicated in (11)-(16)
are presented here, along with the important justification for the developed model.

In MATLAB, for each scenario of a model, four different cases are shown in Tables 1-6. The reference dataset for
velocity, temperature, and concentration profiles is established using the fourth-order Runge Kutta method approach. The
cases of model are represented in (11)-(16). The input data ranges from 0 to 1, with intervals of 0.001. The reference
results utilized throughout this paper are generated by applying the fourth-order Runge-Kutta algorithm to the dataset
containing velocity, temperature, and concentration profiles. For 1,000 input points, 70% of the input values are used for
training, 15% for validation, and 15% for testing. The reference results for the velocity profile and temperature profile
are established. Figure 1 displays the schematic diagram of the neural network’s structure. The proposed approach, called
LMM-ABNNs, is applied to six physical parameters. The parameters Grt , M1, ϕ , S, Ec, and Sc are varied in four separate
scenarios, and equations (11)-(16) are used. The specific values used are presented in Tables 1-6.
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Figure 1. Schematic diagram (in ref. [36]) of the neural network’s structure

Table 1. Results of NN-BLMS for Grt

Grt Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

1 2.4e-07 1.4e-04 3.3e-06 1.04e-08 4.97e-05 1e-8 1,000 10
10 3.4e-08 2.7e-05 3.8e-05 1.71e-08 1.35e-5 1e-7 1,000 09
20 1e-08 3.1e-07 1.6e-05 2.88e-08 7.6e-06 1e-7 1,000 10
50 3.4e-05 8.7e-04 3.7e-04 2.96e-05 1.87e-03 1e-5 125 06

Table 2. Results of NN-BLMS for M1

M1 Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

0.1 6.7e-09 6.1e-05 7.7e-05 5.23e-08 2.91e-05 1e-7 788 06
0.5 1.6e-08 2e-04 8.2e-05 2.16e-08 5.8e-6 1e-7 1,000 10
0.9 1.8e-07 2.2e-04 1.1e-04 1.22e-07 2.61e-05 1e-6 1,000 12
1.3 4.2e-08 1.1e-04 8.6e-06 1.15e-08 1.73e-05 1e-7 1,000 11

Table 3. Results of NN-BLMS for ϕ

ϕ Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

0.001 3.9e-08 1.3e-05 2.1e-04 3.14e-09 1.36e-05 1e-8 1,000 07
0.006 6.6e-08 1.4e-04 2.9e-05 1.91e-07 3.41e-5 1e-7 1,000 10
0.01 2.67e-09 2.4e-04 1.6e-04 4.36e-07 2.58e-05 1e-6 1,000 10
0.06 2.8e-08 2.3e-05 1.1e-05 2.12e-08 1.25e-05 1e-7 1,000 1.21
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Table 4. Results of NN-BLMS for S

S Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

0.1 1.1e-06 2e-06 3.4e-06 1.42e-08 2.09e-04 1e-8 1,000 14
0.5 1.8e-08 3e-04 9.7e-04 3.72e-08 5.5e-6 1e-7 1,000 08
0.9 3.6e-08 1.8e-06 4e-06 2.08e-09 9.96e-08 1e-8 387 08
1.3 3.2e-08 8.4e-07 1.8e-06 2.41e-09 9.98e-08 1e-8 343 07

Table 5. Results of NN-BLMS for Ec

Ec Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

0.1 2.6e-08 3.2e-06 9.4e-06 8.43e-08 1.18e-05 1e-8 1,000 14
0.2 3.2e-06 2.4e-05 1.2e-07 1.21e-07 2.03e-5 1e-7 867 06
0.3 2.6e-08 1.3e-04 1.5e-04 9.06e-07 2.79e-05 1e-8 1,000 07
0.4 9.4e-08 1.9e-02 8.9e-04 2.59e-07 9.32e-05 1e-8 1,000 07

Table 6. Results of NN-BLMS for Sc

Sc Mean square error Performance Gradient µ Epoch Time (seconds)

Training Validation Testing

0.1 5.6e-08 2.1e-05 1.9e-05 9.51e-09 3.08e-05 1e-8 1,000 08
0.6 2.5e-06 1.1e-04 1.6e-05 2.5e-07 8.58e-4 1e-7 518 07
1.2 2.5e-08 3.7e-05 1.1e-04 8.68e-09 1.56e-05 1e-8 1,000 07
2 2.4e-09 3.3e-06 1.4e-04 4.05e-09 6.88e-06 1e-8 1,000 08

4. Statistical analysis
We will look at skin friction, Nusselt number, and Sherwood number with the help of correlation coefficients,

probable errors, and the absolute ratio of correlation coefficient to probable error. To achieve this goal, we have prepared
Tables 7-9 that will be used to determine the correlation coefficient. The correlation coefficient is essential for determining
any connection’s strength and direction.

Table 7. Correlation coefficient (r), probable error (PE), and | r
PE

| values of skin friction

Parameters r PE | r
PE

|

α -0.067038 0.122593 0.546837
Grt 1.000000 0.000000 ∞
Grc 1.000000 0.000000 ∞
M2 -0.975167 0.006040 161.443678
M1 0.999458 0.000134 7483.660724
ϕ -0.999793 0.000051 19632.366023
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Table 8. Correlation coefficient (r), probable error (PE), and | r
PE

| values of Nusslet number

Parameters r PE | r
PE

|

α -0.936956 0.015038 62.306826
S 0.992784 0.001771 560.630031
ϕ -0.153425 0.131255 2.550797

M2 -0.975893 0.005866 166.367674
M1 0.992978 0.001723 576.179117
Ec -1.000000 0.000000 ∞
A 0.999995 0.000001 887351.829991

Table 9. Correlation coefficient (r), probable error (PE), and | r
PE

| values of Nusslet number

Parameters r PE | r
PE

|

E -0.339702 0.108936 3.118379
Sc 0.999948 0.000013 78326.201362
A1 0.989431 0.002589 382.121283
γ1 0.990816 0.002252 440.043203

4.1 Probable error and correlation coefficient

Here, the correlation coefficient, the probable error (PE), and the absolute value of the ratio, | r
PE

| for skin fraction,
Nusselt number, and Sherwood number are provided in Tables 7-9 respectively. The correlation coefficient is used to
compute the probable error. These computations are essential to ensure the correlation coefficient values are precise and
accurate. The probable error is defined as follows,

PE =
1− r2
√

n
0.6745

where r stands for the correlation coefficient and n stands for number of observations.

4.2 Multiple linear regression

The connection between the extract (the dependent variable) and one or more predictors (the independent variables)
is evaluated using linear regression analysis. Multiple regression analysis is used to estimates C fxRe

1
2
x , NuxRe−x

1
2 , and

ShxRe−x
1
2 and obtained all correlations are significant. The suggested models’ general forms are provided by:

C fest = a0 +aα α +aGrcGrc +aGrt Grt +aM2M2 +aM1M1 +aϕ ϕ ,

Nuest = b0 +bα α +bSS+bM2M2 +bM1M1 +bϕ ϕ +bEcEc+bAA,
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Shest = c0 + cEE + cScSc+ cA1A1 + cγ1γ1,

where the confidence intervals for coefficients are, a0 ∈ (−4.6135, −4.1712), aα ∈ (−0.0024, 0.0008), aGrt ∈ (−0.0260,
0.0253), aGrc ∈ (−0.0093, 0.0409), aM2 ∈ (−0.0766, −0.0265), aM1 ∈ (0.2441, 0.9630), aϕ ∈ (−13.7202, −8.6339),
b0 ∈ (−0.8010, −0.1836), bα ∈ (−0.0017, 0.0023), bS ∈ (−0.9393, −0.0839), bM2 ∈ (−0.0921, −0.0147), bM1 ∈
(0.7353, 1.6844), bϕ ∈ (−7.6003, −0.6285), bEc ∈ (−0.3657, −0.2947), bA ∈ (−2.1305, −1.1711), c0 ∈ (−1.0127,
−1.0046), cE ∈ (−0.0002, 0.0001), cSc ∈ (0.2718, 0.3071), cA1 ∈ (0.0563, 0.0910) and cγ1 ∈ (−0.0285, −0.0027).

Using these confidence levels of intervals for coefficients, we estimate the following:

C fest =−4.3924−0.0008α −0.0004Grc +0.0158Grt −0.0516M2 +0.6036M1 −11.1771ϕ ,

Nuest =−0.4923+0.0003α −0.5116S−0.0534M2 +1.2098M1 −4.1144ϕ −0.3302Ec−1.6508A,

Shest =−1.0127−0.0001E +0.2895Sc+0.0736A1 −0.0156γ1.

When a parameter has a positive sign in the estimated regression coefficient, it indicates that the drag coefficient, the
heat transfer rate, and the mass transfer rate are rising. When it has a negative sign, it indicates that the drag coefficient,
the heat transfer rate, and the mass transfer rate are falling. From the first mentioned models, we observed that the drag
coefficient goes down with increasing α , Grc, M2, ϕ and goes up with augmentation in Grt and M1. For the second
mentioned model, we observed that the heat transfer rate decreases with increasing S, M2, ϕ , Ec, A and increases with
augmentation in α and M1. For the last linear regression model, the mass transfer rate goes down with increasing E, γ1,
and goes up with augmentation in Sc and A1. Through Figures 8(a-c), the predicted regression model’s accuracy (for the
selected sample) has been determined. Tables 7-9 show similar output with our extracted results.

For three cases, the values of R-square, F-statistic, P-value, and error variance estimate are given in Table 10.
The study of the drag coefficient revealed that our projected model performed well, as evidenced by R-square values
of (0.85115). Additionally, the model’s reliability was confirmed by the F-statistic of (21.9195), which is unusually
high, the low values of P-values (1.9276E − 08), and the significant level of precision for the error variance estimate
(0.00944455). The Nusselt number revealed that our model performed highly, as evidenced by R-square values of
(0.95373). Additionally, the model’s reliability was confirmed by the F-statistic of (64.7794), which is unusually high, the
low values of P-values (3.2518E − 13), and the significant level of precision for the error variance estimate (0.014868).
Based on the Sherwood number study, the high performance of the projected model is evidenced by R-square values of
0.98097. The model’s reliability is also supported by the model’s unusually high F-statistic of 322.1138, low P-value of
4.1369E −21, and significant precision for the error variance estimate of 2.8761E −05.

Table 10. Statistical parameters

Parameters R-square F-statistic P-value Error variance estimate

C fest 0.85115 21.9195 1.9276E-08 0.00944455
Nuest 0.95373 64.7794 3.2518E-13 0.014868
Shest 0.98097 322.1138 4.1369E-21 2.8761E-05
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5. Results and discussion
The primary goal of our article is to use ANNs to examine the effects of an angled magnetic field across a non-

Darcy-saturated porous region. We used the LMM-ABNNs model to examine the importance of various parameters on
the mentioned stretching surface. Here we mention comparison and error analysis of the LMM-ABNNs model with
numerical results for Grt , M1, ϕ , S, Ec, and Sc in the following:

In Figure 2, the velocity distribution increased as the Grashof number, which gives us the buoyancy force becomes
more dominant than the viscous force of the non-Darcy saturated porous region are plotted in Figure 2a, in Figure 2b
shows that increasing of Grashof number, the error fluctuation is increasing proportionally, the best performance recorded
2.545e− 08 at epochs 1,000 with the MSE e− 08 are plotted in Figure 2c, corresponding gradient and Mu are around
1.3547e−05 and 1.0e−07 respectively in Figure 2d, Figure 2e gives error histogram of each input point with zero line
has error −4.9e−06, the height error for different data is 5e−05 in Figure 2f, lastly the results of regression analysis are
given in Figure 2g. In Figure 2, all comparisons are depicted due to the Grashof number.

In Figure 3, the velocity distribution increased as the melting parameter, which shows that the convection phenomena
is dominant, which means that the more energetic particles move quickly from heated liquid to the cold melting surface
are plotted in Figure 3a, 3b shows that increasing of melting parameter, the error fluctuation is increasing proportionally,
in Figure 3c shows the temperature distribution is decreasing due to increasing of melting parameter because the heat
diffuses more rapidly toward cold wall. Thus, the temperature is reduced. In Figure 3d, the error fluctuation increases
proportionally due to the melting parameter. The best performance recorded 3.2014e− 07 at epochs 782 with the MSE
e−06 are plotted in Figure 3e, corresponding gradient and µ are around 2.9125e−05 and 1.0e−07 respectively in Figure
3f. Figure 3g gives an error histogram with zero line has error −1.8e−04, the height error for different data is 5e−05 in
Figure 3h, lastly, the results of regression analysis are given in Figure 3i.

In Figure 4, the velocity distribution decreased with increasing nanoparticle concentration, plotted in Figure 4a.
Physically, enhancing nanoparticle volume dominates the viscosity of the liquid. Therefore, the nanofluid’s velocity
reduces. Figure 4b shows that the error fluctuation increases proportionally with increasing nanoparticle volume. Figure
4c shows the temperature distribution is increasing due to the increasing of nanoparticles volume fraction parameter
because the collision between the particles enhances that produces more heat. Figure 4d, the error fluctuation is increasing
proportionally. The best performance recorded 8.9602e− 09 at epochs 1,000 with the MSE e− 08 in Figure 4e and
corresponding gradient and µ are 1.3612e−05 and 1.0e−08 respectively in Figure 4f at 1,000 epochs. Figure 4g gives
an error histogram with zero line has error −8.3e−05, the height error for different data is 1.0e−05 in Figure 4h, lastly
the results of regression analysis in Figure 4i.

In Figure 5, the velocity distribution increased with the increasing of ratio parameters, which are plotted in Figure
5a and 5b shows that with increasing ratio parameters, the error fluctuation increases proportionally. Figure 5c shows
the temperature distribution is increasing due to the increasing of ratio parameter, and Figure 5d the error fluctuation is
decreasing proportionally. The best performance recorded 6.9039e−09 at epochs 1,000 with the MSE e−08 in Figure
5e and corresponding gradient and µ are 2.0918e−04 and 1.0e−08 respectively in Figure 5f at 1,000 epochs. 5g gives
an error histogram with zero line has error −2.2e−05, the height error for different data is 5.0e−05 in Figure 5h, lastly
the results of regression analysis in Figure 5i.

In Figure 6, the temperature distribution increased with the increasing of Eckert number in Figure 6a. Physically,
the resistive force between the particles generates more heat. Thus, temperature elevates. Figure 6b shows the absolute
error between the numerical and ANNs method. The best performance recorded 5.7938e− 08 at epochs 861 with the
MSE e− 08 in Figure 6c and corresponding gradient and µ are 2.0328e− 05 and 1.0e− 07 respectively in Figure 6d at
867 epochs. Figure 6e gives an error histogram with zero line has error −1.8e−05, the height error for different data is
1.0e−04 in Figure 6f, lastly, the results of regression analysis in Figure 6g.

In Figure 7, the concentration distribution decreases as the Schmidt number increases. Figure 7a. Physically, as the
Schmidt number elevates, the concentration reduces becausemass diffusivity ismore dominant thanmomentumdiffusivity.
and Figure 7b shows the absolute error. The best performance recorded 2.5815e−08 at epochs 1,000 with theMSE e−07
in Figure Figure 7c and corresponding gradient and µ are 3.0771e−05 and 1.0e−08 respectively in Figure 7d at 1,000
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epochs. Figure 7e gives an error histogram with zero line has error 1.24e− 05, the height error for different data is
2.0e−05 in Figure 7f, lastly, the results of regression analysis in Figure 7g.

Through figures 8a-c, the estimated regression model’s accuracy has been determined. The agreement between the
estimated and actual values is excellent.
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Figure 2. Comparison and error analysis of NN-BLMS with numerical results for Grt : (a) impact on velocity (b) error analysis due to velocity (c)
training result (d) comparison of training result (e) error histogram (f) curve fitting (g) regression
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Figure 3. Comparison and error analysis of NN-BLMS with numerical results for M1: (a) impact on velocity (b) error analysis due to velocity (c)impact
on temperature (d) error analysis due to temperature (e) training result (f) comparison of training result (g) error histogram (h) curve fitting (i) regression
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Figure 4. Comparison and error analysis of NN-BLMS with numerical results for ϕ : (a) impact on velocity (b) error analysis due to velocity (c)impact
on temperature (d) error analysis due to temperature (e) training result (f) comparison of training result (g) error histogram (h) curve fitting (i) regression
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Figure 5. Comparison and error analysis of NN-BLMS with numerical results for S: (a) impact on velocity (b) error analysis due to velocity (c) impact
on temperature (d) error analysis due to temperature (e) training result (f) comparison of training result (g) error histogram (h) curve fitting (i) regression
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Figure 6. Comparison and error analysis of NN-BLMS with numerical results for Ec: (a) impact on velocity (b) error analysis due to velocity (c)
training result (d) comparison of training result (e) error histogram (f) curve fitting (g) regression

Volume 5 Issue 4|2024| 4969 Contemporary Mathematics



Figure 7. Comparison and error analysis of NN-BLMSwith numerical results for Sc: (a) impact on velocity (b) error analysis due to velocity (c) training
result (d) comparison of training result (e) error histogram (f) curve fitting (g) regression
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Figure 8. Comparison between actual and projected results

6. Conclusion
Finally, using a variable porosity and permeable media, we have examined the heat transfer of the ethyl acetate

nanofluid flow with mixed convection phenomena and activation energy. We used the LMM-ABNNs technique with
4th− order Runge Kutta numerical iteration to scrutinize heat and mass transportation. This article also explains the
phenomena that come due to nanofluid with the latest ANN techniques and we hope our article is the best example to
validate the performance, scrutinize the training and testing methods, and explore the validity of the approximate results.
The final concluding remarks are given in the following order Grt , M1, ϕ , S, Ec, and Sc as follows:

• Velocity distribution profile increased as increasing of Grt , M1, S, Ec and decreased as increasing of ϕ and Sc.
• Error fluctuation are increased as increasing of Grt , M1, ϕ , S, Sc and decreased as increasing of Ec.
• Temperature distribution profile increased as increasing of ϕ , S and decreased as increasing of M1. Similarly, for

ϕ , S and M1 error fluctuation are decreased.
• Best performance recorded at epochs 1,000, 782, 1,000, 1,000, 861, 1,000 with the MSE e− 08, e− 06, e− 08,

e−08, e−08, e−07, respectively.
• Gradient and Mu are 1.3547e− 05, 2.9125e− 05 , 1.3612e− 05, 2.0918e− 04, 2.0328e− 05, 3.0771e− 05 and

1.0e−07, 1.0e−07, 1.0e−08, 1.0e−08, 1.0e−07, 1.0e−08 respectively in the given order.
• The height error for different data are 5e−05, 5e−05, 1.0e−05, 5.0e−05, 1.0e−04 and 2.0e−05 respectively.
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