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Abstract: The wedge-flow configuration has particular significance in engineering applications
because it provides a fundamental model for boundary-layer flow over inclined or tapered surfaces,
where the imposed pressure gradient strongly influences boundary-layer development, wall shear
stress, and heat transfer. Understanding and controlling these characteristics is crucial in many practical
engineering applications. Existing studies, however, have mainly considered the effects of individual
physical parameters, while the systematic identification of the dominant parameters governing skin-
friction behavior and their subsequent use for flow prediction remains limited. Motivated by this gap,
the present study aimed to analyze the flow of a non-Newtonian Eyring—Powell fluid over a wedge in
the presence of magnetohydrodynamics, thermal radiation, and chemical reaction phenomena, with
particular emphasis on sensitivity analysis of the flow parameters using analysis of variance to identify
the dominant factors and an ANN model for rapid prediction of the flow behavior. The proposed
methodology integrates numerical simulation, response surface methodology, analysis of variance-
based sensitivity analysis, and a feedforward artificial neural network trained using the Levenberg—
Marquardt algorithm. The magnetic field parameter was found to be the most influential factor
affecting the skin friction coefficient, followed by the Eyring—Powell parameter and the wedge
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parameter, according to the sensitivity analysis. The skin friction coefficient was found to range
from 0.9094 to 1.1642. The ANOVA model achieved R? = 100%, adjusted -R? = 100%, and
predicted R? = 99%, with an overall p < 0.005. Moreover, the Levenberg-Marquardt artificial
neural network yielded regression values ranging from 0.999 to 0.9999 and MSE values on the order
of 1079 for the Eyring-Powell parameters, indicating highly accurate predictions of the numerical
results. The research provides useful insights into the behavior of non-Newtonian flows over wedge
surfaces, as well as a practical framework for thermal-fluid analysis in high-performance aerospace,
industrial, and thermal-management applications.

Keywords: Eyring—Powell fluid; magnetic field effect; thermal radiation; hybrid technique; artificial
neural network; multiple-slip conditions

1. Introduction

Artificial neural networks (ANNs) are smart computational models that are meant to simulate the
process of information processing by the human brain. They consist of several interconnected nodes
that collaborate to identify trends, predict results, or resolve problems. ANNSs are used in daily activities
such as picture recognition, language translation, and recommendations, since they are independent
learners. The functionality of feedforward neural networks to approximate functions is what defines
its effectiveness in analyzing ordinary or partial differential equations [1]. Ahmed et al. [2] investigated
the effects of thermal radiation and an inclined magnetic field on Sisko fluid flow over a radially
stretching sheet. Taha et al. [3] examined the stability and dual solution of viscous fluid flow surface
using machine learning and numerical simulation. [jaz et al. [4] examined the applications of a cooling
reaction using ANNs for non-Newtonian fluid flow with homogeneous/heterogeneous reaction.
Zeeshan et al. [5,6] applied neural network methods to explore the wedge flow characteristics. Reddy
and Das [7] examined the non-Newtonian fluid with a magnetic field over a cylinder using an ANN-
based backpropagation neural network. Islam et al. [8] explored the Levenberg—Marquardt algorithm
performance for Eyring—Powell fluid under magnetic force. Ali et al. [9] investigated the non-
Newtonian fluid with heat transfer over a cylindrical surface using physics-informed neural network.
Rehman et al. [10] explored the use of artificial intelligence for non-Newtonian fluid flow over a
porous medium using numerical simulation. Several other relevant studies on non-Newtonian fluid-
flow problems employing the Levenberg—Marquardt algorithm have also been reported, providing
further insight into its applications and predictive capability [11,12]. Fatima et al. [13] studied heat and
mass transfer over an unsteady flow using Al-based response surface methodology and the bvp4c
method. Additionally, different nanofluid models incorporating various physical phenomena have been
investigated using different machine-learning techniques, as discussed in [14-16].

Magnetohydrodynamics (MHD) is the study of the behavior of electrically conducting fluids in the
presence of magnetic fields. Magnetohydrodynamics is a framework of study of Lorent forces, magnetic
damping, and magnetic pumping, and has applications in engineering, cosmology, and industrial
processes with plasma, liquid metals, and conducting liquids. Ahmed et al. [2] investigated the effects
of thermal radiation and an inclined magnetic field on Sisko fluid flow over a radially stretching sheet.
Jugnoo et al. [17] applied a computational method to determine the impacts of the Lorentz force and
Rayleigh number on non-Newtonian fluids due to a moving surface. Recent studies have demonstrated
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the significant effects of MHD on momentum and energy transport characteristics [ 18—20].

The effect of chemical reactions is significant in thermal condensation, batteries, rust prevention,
treatment of wastewater, and biochemical processes because the rate of reaction significantly
influences phenomena such as diffusion and transport. Ravikumar et al. [21] investigated non-
Newtonian fluid flow in a channel under the effects of electroosmosis, Hall current, and Biot number.
Zafar et al. [22] studied the Prandtl nanofluid flow across a permeable stretched surface through a
Darcy—Forchheimer medium, including effects of thermal radiation and chemical reaction. ANNSs have
also been employed to predict the electroosmotic peristaltic flow of a Casson fluid under the effects of
chemical reactions and magnetic fields [23].

The use of sensitivity analysis with analysis of variance is very useful for engineering and
scientific problems because it determines the most influential factors in the system that produce a
response. It facilitates parameter prioritization, optimization, process control, uncertainty reduction,
and efficient decision making, rather than having to study all the parameters with the same level of
importance. Samal et al. [24] conducted dominant factor analysis of the Eyring—Powell fluid model
under thermal radiation and magnetic field. Bhatti et al. [25] studied the peristaltic flow of a two-phase
Sisko fluid containing magnetohydrodynamics and a chemical reaction in the Darcy—Brinkman—
Forchheimer porous media. Rehman et al. [26] conducted a sensitivity analysis of fluid flow over a
porous surface using hybrid methodologies such as ANN and RSM. Shafique et al. [27] optimized the
heat transfer of peristaltic flow across a symmetry channel using a numerical approach (bvp4c) and
ANOVA-based RSM for dominant factor analysis. In previous studies, response surface methodology
using the analysis of variance method has been used for sensitivity analysis and optimization of
boundary layer flow and other engineering problems [28,29].

The novelty of this study lies in performing a sensitivity analysis to identify the dominant
parameters influencing the skin friction coefficient and utilizing these key parameters to support
effective flow control. An artificial neural network is also employed to predict flow behavior. The
proposed hybrid framework integrates numerical simulation, sensitivity analysis, and ANN-based
prediction to provide a comprehensive understanding of the flow system. This approach is particularly
relevant to aerodynamic flow control and optimization because it identifies the most sensitive
parameters and enables rapid prediction of flow behavior. Table 1 presents the research gap by
comparing the present study with previous investigations and highlights the significance and novelty
of the proposed work.

Table 1. Comparison with previous studies in the literature.

Factors Ref. [3] Ref. [13] Ref.[19] Ref.[24] Ref.[30] Present study
Dominant factor analysis No Yes No Yes No Yes
ANOVA-based RSM No Yes No Yes No Yes
ANN Yes Yes No No No Yes
Heat generation No No Yes Yes No Yes
Thermal radiation No No Yes Yes Yes Yes
Reaction rate No No Yes No Yes Yes
Heat map analysis No No No No No Yes
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2. Problem formulation

Wedge geometries, artificial intelligence models, and sensitivity analysis have major applications
across contemporary engineering systems. The wide range of applications of wedge surfaces in
aerospace, turbomachinery, heat exchangers, polymer processing, civil engineering structures, and
microfluidic devices includes controlling boundary-layer behavior, enhancing heat transfer, and
optimizing fluid acceleration and deceleration. Artificial intelligence, particularly artificial neural
networks, offers rapid and accurate predictive tools that can replace computationally intensive
simulations, thereby supporting real-time monitoring, optimization, fault identification, and intelligent
process control in fluid, thermal, chemical, and energy systems. Sensitivity analysis complements
these tools by identifying the most influential parameters that directly affect skin friction, heat transfer,
species transport, or overall system performance, thereby enabling designers to focus on the most
important variables. Figure 1 illustrates the application of wedge flow in the field of aerodynamics.
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Figure 1. Physical applications of the wedge flow.

Yv
\}u
Flow /
Q=Am

—_— UW —_—

Figure 2. Flow geometry of the present work.
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The present study considers a 2D Eyring—Powell nanofluid flow through a wedge under the
influence of thermal radiation and magnetohydrodynamics. The geometrical representation of the
problem is shown in Figure 2, where the velocity components are denoted by u, v along the x and
y-direction. The wedge velocity is U, = cx™, and external velocity is U, = ax™, where c,a are
constants, and m is the power index. A positive U, represents a stretching surface, whereas a
negative U,, corresponds to a shrinking surface. Additionally, the applied magnetic field intensity
B = Bome1 is imposed normal to the surface. T, and C, are the surface temperature and
concentration, while the ambient temperature and concentration are represented by T, and C,,
respectively. The Buongiorno nanofluid model incorporates the effect of thermophoresis and Brownian
motion on nanoparticle transport.

The model represents the magnetic term as the Lorentz force, which is induced by an applied
magnetic field and thus changes the fluid momentum. The thermal diffusion term in the energy
equation corresponds to heat conduction. In contrast, nanoparticle transport due to random Brownian
motion and temperature gradients is represented by the Brownian motion and thermophoretic terms,
respectively. Energy transport mechanisms are included in the terms for thermal radiation and heat
generation. The concentration equation describes the mass diffusion of nanoparticles due to Brownian
motion, the thermophoretic effect, and chemical reaction. The governing equation for the Eyring—
Powell fluid model is mentioned in the literature [30,31]:

Continuity equation:

ou  ov

Momentum equation:

ou U _ .. U, ( 1 )62U 1 (6U)2 02U | B2 )
uax +v6y - Ue 0x +9 +pdE dy2  2pdE3 \dy/ 0dy? + p (Ue u) ( )

Energy equation:

aT oT _  9°T aT dC = Dy (aT)Z 1 9qr = Qo(T-Te)
6x+ Oy_aa 2t [ B 3y ay oy pcy 0y + pcy G)
Concentration equation:
ac oC _ p 9%C  Drd*T _ _
u—+ v, = Dy + T 372 k,.(C —Cy). 4)

The boundary conditions are prescribed as follows [30,31]:

U=U,=cx™,V=0,-kZ=he(T, —T), Dy =—hy(C,—C) aty =0,
ay ay (5)
U-U,, T>Ty, C-Cs, aty — oo,

The following similarity transformations are introduced [32]:

U=Upf'm) = ax™f'(m), V=~ | r) 1 (1) p1(py.m), (6)

Electronic Research Archive Volume 34, Issue 12, 9267-9292.



9272

ooy = L= o C=Co _0nt DU,
R N ) B P I

After applying the similarity transformations given in Eq (6), Eqs (2)—(4) are reduced to the
following dimensionless forms:

A+ K = KK f """ +BA =)+ ff"=MQ2-B)(f —1) =0, (7
(1+R)0" + Pr[fo' + Nbo'¢' + Nto'> — Q0] = 0, (8)

¢" +Scfo' +--0" — Cro = 0. 9)
Also, the transformed boundary conditions are:

f, =/1! f=0' 9’=—Bi1\/2—ﬂ(1—9(7])), (p’(?’]) =—Bi2v2—ﬁ(1—§0(77)): a“l=0,

f'=-1,0-0, ¢ >0, atn — oo. (10)
The dimensionless parameters after the simulation are defined as:

1 2m 20B2 Ug(m+1) c 9 TDR(Cw—Coo) Qo
K, =— =——, M= 2 K, === A=-Pr=—- ,Np=—"—""—""= = —
17 uEd P m+1’ pa ' 2 29xE2 ’ a a’ 9 » Q pcra’

D7 (Ty—T. 9 . hy |9 160*TS . hs |9 2kyx
Nt = 20w Te) go 0 gy = N2 g 180T gy o B Doy o _ZheX
TV Dp k \a 3k*ky D\l a Ug(m+1)

The engineering physical quantities of interest [28,29] are defined as:
1 14 KiK. 144 _l ’
CfiRez = (1+Ky)f"(0) — %f 3(0), y2—pB NuyRe 2= —(1+R)0'(0). (11)

3. Methodology

In this study, a hybrid approach incorporating numerical simulation, statistical sensitivity analysis,
and artificial neural network prediction is employed to investigate the flow, heat transfer, and mass
transfer characteristics of an Eyring—Powell non-Newtonian fluid over a wedge under the combined
effects of a magnetic field, thermal radiation, and chemical reaction. The three complementary
components of this approach ensure the accuracy of the physically based results, identify the relative
importance of the governing parameters, and facilitate the development of a rapid predictive model
that can serve as an alternative to the numerical solver.

3.1. Numerical solution and computational implementation

The initial step involves formulating and solving the nonlinear differential equations that describe
the velocity, temperature, and concentration fields. The mathematical model is formulated using the
continuity, momentum, energy, and species concentration equations, incorporating the effects of
Eyring—Powell rheology, magnetic field, heat generation, thermal radiation, and chemical reaction.
Similarity transformations are used to transform the partial differential equations into a coupled system

Electronic Research Archive Volume 34, Issue 12, 9267-9292.



9273

of ordinary differential equations. The transformed equations are numerically solved using MATLAB’s
BVPA4C solver, a robust boundary-value problem solver based on a collocation method with residual
control. The solver iteratively adjusts the initial solution guess to satisfy the prescribed boundary
conditions, including those imposed at the truncated far-field boundary. Mesh refinement is performed
to ensure grid independence, and appropriate convergence criteria are applied to verify the reliability
of the solutions. The numerical results provide detailed profiles of velocity, temperature, and
concentration for different parameter values. Furthermore, important engineering performance
quantities, including the skin friction coefficient, Nusselt number, and Sherwood number, are
calculated from the numerical solutions and used as the basis for further analysis. For computational
implementation, the following new variables are introduced:

f=y1.f =y f"=ys " =y3,0(m) =y(4),0'(n) =y(5),

6" =ys, o) =6, ') =7, " () =V'7. (12)
For the implementation of the boundary conditions, the subscripts a and b denote the values at
n =0 and n — oo, respectively. Thus, y,(1) represents f(n) at n = 0.

(M @D-1x2-B) -y Dy +p+((v2)*) 1) 3
(1+K1-K1:K2+((y(3))"2)) ’ (13)

dydx=[y(2); y(3);

Prey(1)xy(5)+PreNts((y(5))" ) +PreNbsy(5)sy(7)+Pr+Qxy(4)
(1+R) ; (14)

y(5); —

v(7); —(%) * (—(Pr *y(1) * y(5) + Pr = Nt * ((y(S))z) +Pr*Nb*y(5)*y(7)+ Pr=Q *
y@)/(A+R))=Scxy(1) »y(7) +Scxy(7) xCr;]  (15)

ya(1); ya(2) —4; ya(5) +Bil*(2—p) * (1 - ya(4)); ya(7) + Bi2 « (2 — ) *

(1-ya(6)); yb(2)—1; yb(4); yb(6). (16)

3.2. Sensitivity analysis using analysis of variance

The parameters influencing the skin friction coefficient were selected based on their physical
significance and their roles in the mathematical model. These parameters include the Eyring—Powell
fluid parameter, magnetic parameter, stretching/shrinking parameter, wedge-angle parameter, Biot
number, and chemical reaction parameter.

Step 1: The lower and upper values of each selected parameter were defined according to the
physical range considered in the investigation. These ranges were then used as the domain for the
statistical analysis.

Step 2: Numerical solutions of the governing equations were obtained for the selected
combinations of input parameters, and the corresponding skin friction coefficient was calculated.
These numerical results were used as the response data for the response surface methodology analysis.
The numerical experiments were designed using response surface methodology to determine the
relationship between the selected input parameters and the skin friction coefficient. This approach not
only reduces the number of numerical simulations required but also provides sufficient information
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about the individual and combined effects of the parameters.

Step 3: The numerical results were used to develop a response surface regression equation. The
regression model describes the variation in the skin friction coefficient with respect to the selected
parameters and their interaction effects.

Step 4: The developed regression model and the individual parameters were analyzed for
statistical significance using analysis of variance. The F-value and p-value were used to determine
whether each factor had a significant effect on the skin friction coefficient. A p-value < 0.05 was
considered statistically significant.

Step 5: The effects of the parameters were evaluated using the analysis of variance and Pareto
analyses. This step identifies the most significant parameters influencing variations in the skin friction
coefficient and provides a quantitative basis for ranking the parameters according to their sensitivity.

Step 6: Diagnostic plots were used to evaluate the adequacy of the regression model. The
normality of the residuals was assessed using a normal probability plot, while the independence and
randomness of the residuals were examined using the residuals-versus-run plot.

Step 7: The performance of the response surface methodology model was evaluated using statistical
measures, including R?, adjusted R?, predicted R?, and overall model significance. These measures
indicate how well the regression model fits the numerical data and reflects its predictive capability.

[ ANOVA Workflow in Minitab

Open Minitab ]
v

Enter or import design data ]
v

Define factors: M, Beta, K ]
v

Define response: CFx ]

)

)

1. Data
Preparation

A,

Select Stat > DOE > Response Surface

¥

Choose Analyze Response Surface Design

v

Fit response surface regression model

2

Generate model summary (S, R?, Adj-R?, Pred-R?)

v
Perform ANOVA

v

Evaluate term significance (T-value, P-value)

2. Run Analysis
in Minitab

SR AR R e e

3. Model Fitting
and ANOVA

.. B B B =

5 E 7 Residuals, standardized i
Check residual d]agm’mcs }_ =) *: residuals, leverage, DFFITS j

4. Diagnostics

; P Interpret influential factors
and Validation = ]

12

Validate model adequacy ]

.

[ End / Report results ]

Y M Y Y o

Figure 3. Workflow of ANOVA-based sensitivity analysis.
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The critical parameters identified in this analysis can help control the skin friction coefficient and
may therefore be useful for acrodynamic flow control, drag reduction, and the optimization of wedge-
type flow systems. Figure 3 illustrates the variance-based response surface methodology procedure
used for sensitivity analysis. The sensitivity equation for the skin friction coefficient is given as follows:

Cfx = 7478.97 + 643A + 287.54B — 454.76C — 17.65A% + 26.33C? — 39.17AB — 18.18AC — 8.21BC
(17)

3.3. Prediction and analysis using an artificial neural network (ANN)

The third step is devoted to the creation of an artificial neural network model that would predict
fluid behavior in a rather short time, as an effective surrogate of the numerical solver. The magnetic
field parameter M and chemical reaction parameter Cr are the inputs in the numerical dataset, and
the feedforward neural network is trained on the numerical data. The results are velocity, temperature,
and concentration profiles, skin friction coefficient, heat transfer, and mass transfer. The Levenberg—
Marquardt training algorithm was chosen because it is faster and more reliable for nonlinear regression
issues. To avoid overfitting, the dataset is split into training (70%), validation (15%), and testing (15%).
A feedforward neural network is used to predict the flow response. The ANN has four input variables,
15 neurons in the hidden layer, and one output variable. Four input parameters are fed to the input
layer, and the selected flow quantity is taken as the output. Optimization of the network weights and
biases is done by the Levenberg—Marquardt algorithm. The mean squared error is used as the
performance function to evaluate the difference between the numerical and ANN-predicted values.
Error histograms are used to see the distribution of errors in prediction, MSE curves are used to see
the learning progress over epochs, and regression plots are used to see the linearity between ANN
outputs and the target numerical values. The gradient reduction and the behavior of the Levenberg—
Marquardt parameter are illustrated by training graphs. ANN attains very small values of mean-squared
error around R and with correlation coefficients R = 0.999. These findings demonstrate that the ANN
model is effective in reproducing numerical solutions with minimum error. After training, the ANN
can make predictions regarding flow, thermal, and concentration behavior of new parameters virtually
in real time; thus, it is well-suited to optimization, control, and real-time uses.

4. Results and discussion

The results section is divided into three parts, presenting the results obtained from the numerical
simulation, artificial neural network analysis, and response surface methodology. Table 2 presents the
thermophysical values of the parameters used in the simulations of the present problem. Table 3
presents the values of input parameters with their lower, central, and upper value in response surface
methodology, and Table 4 shows the result of the skin friction coefficient for value selection in analysis
of variance. Table 5 shows regression and prediction results, in which p < 0.05 is considered
significant. Table 6 shows the results of the analysis of variance: linear model, lack of fit, and error.
Table 7 shows the results of the artificial neural network: epoch, MSE, regression, and Mu.
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Table 2. Range of thermophysical parameters.

K; K, A=R=Q =M Bi, Nt Nb Cr
0.1 0.1 0.2 0.5 0.1 0.4 0.3 0.7
0.4
0.7
0.1 0.2 0.5 0.1 0.4 0.3 0.7
0.9
1.8
0.1 0.5 0.1 0.4 0.3 0.7
0.2
0.3
0.1 0.1 0.4 0.3 0.7
0.5
0.9
0.1 0.4 0.3 0.7
0.15
0.2
0.1 0.3 0.7
0.4
0.7
0.3 0.7
0.5
0.7
0.5
0.6
0.7
Table 3. Selecting input levels for CCD.
Levels
Factor Coded symbol Lower Middle Upper
M A 0.5 0.6 0.7
B B 0.1 0.2 0.3
K, =K C 0.1 0.2 0.3
Table 4. Response of the skin-friction coefficient.
Experiment M B K Cfy
1 0.7 0.3 0.1 1.1642
2 0.6 0.2 0.2 1.0379
3 0.5 0.3 0.3 0.9697
4 0.6 0.2 0.368179 0.9738
5 0.431821 0.2 0.2 0.9339
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Experiment M B K Cfy
6 0.768179 0.2 0.2 1.133
7 0.5 0.1 0.1 0.9861
8 0.5 0.3 0.1 1.0511
9 0.7 0.3 0.3 1.0748
10 0.6 0.2 0.2 1.0379
11 0.6 0.2 0.2 1.0379
12 0.6 0.031821 0.2 0.9928
13 0.6 0.2 0.2 1.0379
14 0.6 0.2 0.2 1.0379
15 0.6 0.368179 0.2 1.0812
16 0.6 0.2 0.031821 1.1154
17 0.5 0.1 0.3 0.9094
18 0.6 0.2 0.2 1.0379
19 0.7 0.1 0.1 1.1188
20 0.7 0.1 0.3 1.0326
Table 5. Regression and prediction results.
Term T-value P-value
Constant 7478.97 0.000 Significant
M 643.32 0.000 Significant
Beta 287.54 0.000 Significant
K -454.76 0.000 Significant
M * M -17.65 0.000 Significant
BetaxBeta -3.64 0.005 Not Significant
K K 26.33 0.000 Significant
M *Beta -39.17 0.000 Significant
M * K -18.18 0.000 Significant
Beta *x K -8.21 0.000 Significant
R? =100% Adj — R?> = 100% Pred — R? = 99%
Table 6. Analysis of variance.
Source DF Adj SS Adj MS F-value P-value
Model 9 0.081788 0.009088 78,490.32 0.000
Linear 3 0.081434 0.027145 234,450.76 0.000
Square 3 0.000131 0.000044 376.03 0.000
2-way interaction 3 0.000224 0.000075 644.17 0.000
Error 10 0.000001 0.000000
Lack-of-fit 5 0.000001 0.000000 * *
Pure error 5 0.000000 0.000000
Total 19 0.081789
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Table 7. Artificial neural network response.

Scenarios MSE Performance Gradient Mu Epoch
Training Validation Testing

Si =K 9.6158e-10 1.05377e-9  1.11108e-9 9.09e-10 2.80e-7 le-11 77

S, =K, 8.9145¢-10 1.05936e-9  1.12231e-9 8.91e-10 9.83e-8 le-11 126

S3=R 4.25844e-5 4.06925e-5  3.76307e-5 4.25e-5 8.75e-7 le-8 50

S, =Cr 1.97352e-4 1.94272e-4  1.79610e-4 0.000197 4.27e-5 le-6 12

4.1. Sensitivity analysis of the skin friction coefficient

In this section, the results obtained using response surface methodology (RSM), including
probability plots, observation-order plots, and residual plots, are discussed. The fact that the statistical
model and the experimental design are sound and physically meaningful is supported by the sensitivity
analysis of the skin friction coefficient (Cfx) based on response surface methodology that relies on
analysis of variance.

The normal probability plot shown in Figure 4(a) indicates the presence of residuals that are
clustered around the straight line, which implies that the unexplained errors are not associated with a
trend or not well governed by physics, but are associated with noise; this is supported by the fact that
the histogram in Figure 4(b) is almost symmetric and bell-shaped, indicating no strong skewness or
outliers that would influence the estimates of Cfx. The difference between the residual values and
those in Figure 4(c) shows no systematic change over time, indicating random variance; therefore,
time-related effects (such as equipment warming, operator learning, or unknown environmental
changes) are not observed, and hence, the assumption of independence in analysis of variance is met.
Factor A has the largest standardized effect in the Pareto chart shown in Figure 4(d), followed by
factor B and some interaction terms, implying that shifts in factor A and B have relatively large
effects on Cfx. Their t-statistics are statistically significant above the reference line; thus, they are
significant rather than mere numerical noise. Physically, this means that mechanisms represented by
A and B (e.g., Reynolds number, surface roughness, or thermal parameter, depending on the
definition) have the most significant control over the momentum transfer at the wall.

In contrast, other mechanisms have lesser or insignificant control under the ranges of operation
testing. These relationships are illustrated in Figure 4(e); strong positive correlations imply that an
increase in a particular factor leads to an increase in Cfx, and strong negative correlations imply that
an increase in a particular factor causes a decrease in Cfx; these can be used to understand how
combinations of parameters can reinforce or overcome one another. Lastly, the fitted regression plot
shown in Figure 4(f) indicates that the predicted values of the RSM model result in the experimentally
observed points with reasonably small confidence bands, indicating that the selected form of a polymer
and the interactions that were added are adequate to capture the observed behavior without overfitting.
Collectively, these diagnostic graphs indicate that the models are statistically good, the physics that
prevail are represented by factors A and B and their interactions, and CfX is the most responsive
to manipulations in these key parameters, so they are the main levers for design and optimization.
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Figure 4. Statistical diagnostics and sensitivity analysis of the skin friction
coefficient (Cfx) using response surface methodology (RSM).
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4.2. Flow behavior profiles

In this section, the effects of various physical parameters, including the Eyring—Powell fluid
parameter, magnetic parameter, thermal radiation parameter, chemical reaction parameter, wedge
parameter, and slip boundary condition, on flow behavior are discussed.
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Figure 5. Effects of various physical parameters on the velocity profile (f'(n)).
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Figure 6. Effects of various physical parameters on the temperature profile (8(n)).
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(a) Impact of K; on concentration profile. (b) Impact of B on concentration profile.
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Figure 7. Effects of various physical parameters on the concentration profile (¢ (n7)).

Figure 5(a)—(e) shows the impact of various parameters on the velocity profile, such as the
magnetic field parameter, Eyring—Powell fluid parameter, and wedge angle parameter. Figure 5(a)
shows that the velocity profile decreases with an increase in the Eyring—Powell parameter (K;). An
increase in K; strengthens the non-Newtonian effects and enhances the resistance to fluid motion,
thereby reducing the fluid velocity near the surface. Conversely, Figure 5(b) indicates that the velocity
profile increases with an increase in the Eyring—Powell fluid parameter (K5 ); here, the term K,
decreases the effective viscous resistance, thus resulting in an accelerating fluid and a thinner
momentum boundary layer. Figure 5(c) shows that the velocity profile increases with the
stretching/shrinking parameter. A stiffer stretch pushes more fluid across the surface, and the fluid
momentum is larger, resulting in a higher velocity profile. As seen in Figure 5(d), the velocity profile
increases with increasing wedge angle parameter (f). Due to the increased flow passage, the flow
resistance decreases, and the fluid is accelerated along the surface of the wedge, causing the velocity
profile to increase. Figure 5(e) shows that the magnetic parameter (M) increases with velocity for the
present configuration. This rise is due to the Lorentz force provided by the magnetic field applied in
the direction of the flow, which helps the momentum of the fluid, thus accelerating it. The behavior of
the temperature (energy) profile is described in Figure 6(a)—(f). Figure 6(a) shows that the temperature
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profile rises with the thermal Biot number (Bi;). A greater Biot number (Bi;) indicates greater
convective heating at the surface, injecting more energy into the fluid and making the thermal boundary
layer thicker. Figure 6(b) indicates that an increase in the wedge angle parameter () decreases the
temperature profile: the quicker flow with the larger value of [ increases convective cooling and thus
lowers the fluid temperature near the wall. As shown in Figure 6(c), the temperature profile increases
with an increase in the thermophoresis parameter (Nt). This behavior is attributed to the higher
thermophoretic effect, which causes nanoparticles to be transported from the hotter zone to the colder
zone; hence, the higher transport of nanoparticles further leads to higher heat accumulation in the
thermal boundary layer.

Figure 6(d) illustrates that the higher the Prandtl number (Pr), the lower the temperature. Because
an increased Prandtl number (Pr) results in an increased momentum diffusivity over thermal
diffusivity, heat diffuses more gradually, and the thermal boundary layer is reduced, providing a
reduced temperature field. The temperature profile is improved by increasing the heat generation
parameter (@) and thermal radiation parameter (R), as demonstrated in Figure 6(e),(f). An increase
in the heat-generation parameter supplies additional thermal energy to the fluid, thereby raising its
temperature. Similarly, an increase in the thermal radiation parameter enhances radiative energy
transfer within the boundary layer, resulting in a higher temperature. Consequently, in both cases, the
temperature decreases more gradually away from the surface.

The variation in concentration profile is given in Figure 7(a)—(d). Figure 7(a) shows that the more
pronounced the non-Newtonian effect that decelerates the fluid, the higher the Eyring—Powell
parameter (K;) the higher the concentration profile, which means that the species is convectively
transported away from the wall, and the higher concentration remains close to the surface. Figure 7(b)
indicates that as the wedge angle parameter is raised, the concentration level goes down; the higher
the velocity of the fluid movement in relation to [, the more the mass is convected, and hence, the
species is diffused away more rapidly, and the concentration boundary layer becomes smaller.
Figure 7(c) depicts that the higher the mass Biot number, the greater the concentration profile, since
the higher the convective mass transfer at the surface, the more the fluid provides species to the fluid,
and the boundary layer of concentration becomes thicker. Figure 7(d) shows that the higher the
chemical reaction parameter (C7), the higher the concentration profile rises, meaning that the overall
effect of the reaction in this model is to produce or maintain more species in the fluid, resulting in
higher levels of concentration across the entire boundary layer.

4.3. Feedforward neural network analysis

The predictive performance of the various factors is analyzed using a feedforward neural network
in terms of the regression coefficient (R), number of iterations, and mean squared error (MSE).

For the Eyring—Powell fluid parameter K;, the neural network exhibited highly accurate learning
behavior. In Figure 8(a), the error distribution is strongly concentrated around the value 0. The mean
squared error (MSE) curve in Figure 8(b) indicates rapid convergence, reaching an optimum validation
error at epoch 71 with an extremely small MSE of 1.1 x 107°. The close agreement between the
predicted and actual values in Figure 8(c), as well as the regression coefficient of R = 0.9999 in
Figure 8(d), demonstrates that the ANN can accurately capture the effect. Figure 8(e) shows that the
gradient gradually reduces to 2.79 x 1077 to achieve its training performance.
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Figure 8. Artificial neural network performance evaluation for (K;): (a) error histogram,
(b) mean squared error (MSE), (c) fitness function, (d) regression analysis, and (e)
training performance.
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Figure 10. Artificial neural network performance evaluation for (R): (a) error histogram,
(b) mean squared error (MSE), (¢) regression analysis, and (d) training performance.

These results confirm the stable and effective convergence of the Levenberg—Marquardt (LM)
algorithm. For the Eyring—Powell parameter K,, the same accuracy is preserved. Figure 9(a) indicates
a steep concentration error at zero, and Figure 9(b) indicates that the curve of MSE is at its most
optimal at epoch 126 with an MSE of 1.7 x 107°. The almost flawless curve in Figure 9(c) and the
accuracy of the regression at R = 0.9999 in Figure 9(d) all validate that the ANN is effectively
approximating the behavior of K,. Figure 9(e) presents a gradient decreasing to 9.82 * 1078, which
is the training performance with smooth convergence.

Regarding the third scenario, which considers thermal radiation R, the neural network once again
presents high predictive ability, but with a small additional error since temperature fields driven by
thermal radiation are highly sensitive. Figure 10(a) reveals that the maximum error is at zero, and
Figure 10(b) reveals that the optimal MSE is at epoch 44. In the regression plot of Figure 10(c), the
high correlation of about 0.999 demonstrates that the ANN follows the actual temperature profile
response. Figure 10(d) indicates that the training plot is stable with the gradient smoothly reduced and
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the Levenberg—Marquardt parameter controlled, thus validating effective convergence of this case.

Finally, for the fourth scenario, when the chemical reaction parameter is considered, the ANN

once again works with high accuracy. The error histogram in Figure 11(a) is concentrated sharply
around zero, and the MSE curve in Figure 11(b) represents the quickest convergence of all cases,
reaching its optimum at epoch 12 with an MSE of approximately 5 * 10™*. The regression plot in
Figure 11(c) indicates R = 0.999, which indicates a superior predictive agreement. Figure 11(d)
shows that the training curve exhibits a gradual gradient reduction and a few data validation errors,
which suggests that the curve represents stable learning without overfitting. In general, across all four
cases, the Levenberg—Marquardt-trained neural network provides highly accurate predictions that are
consistently reliable and exhibit good generalization capability, indicating its suitability as a surrogate
model for complex nonlinear fluid, thermal, and concentration dynamics.
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Figure 11. Artificial neural network performance evaluation for (Cr): (a) error histogram,
(b) mean squared error (MSE), (¢) regression analysis, and (d) training performance.

Conclusions

In the present work, the non-Newtonian Eyring—Powell fluid was investigated under the influence

of a magnetic field, thermal radiation, and chemical reaction, and the numerical results demonstrated
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physically consistent behavior across all boundary layers. The key findings are as follows:

1. Velocity increases as the stretching parameter, wedge angle, magnetic parameter, and Eyring—
Powell parameter (K;) increase. Also, velocity decreases as the parameter K, increases because of
the increased effective viscosity and increased resistance to flow.

ii.  Temperature increases with increasing radiation parameter, heat generation, thermophoresis
parameter, and thermal Biot number, and decreases with increasing Prandtl number and wedge angle,
which indicates more convective cooling.

1ii.  The Biot number and chemical reaction parameter increase the concentration, whereas the
wedge angle decreases the concentration because mass convection becomes active.

iv.  The magnetic parameter and wedge angle were identified by RSM and ANOVA as the most
significant parameters influencing skin friction coefficient, while the residual analysis confirmed the
statistical adequacy of the model.

v.  The ANN trained using the Levenberg—Marquardt algorithm achieved very low minimum
errors at approximately 107°. For the Eyring—Powell fluid parameters, the maximum errors were of
the order 10™*, while the thermal radiation and chemical reaction parameters exhibited maximum
errors of the order 10~°. The best validation performances were obtained at epochs 71, 126, 44, and 12.

vi.  Regression values close to 1 indicate a strong agreement between the ANN predictions and
the numerical values, demonstrating an excellent model fit. If the regression value is substantially
lower than 1, the ANN architecture or training strategy may require further optimization.

vii.  The sensitivity charts clearly illustrated the relative importance of each parameter and
identified the dominant physical variables affecting skin friction coefficient, heat transfer, and mass
transfer, thereby providing useful insights for engineering design and optimization.

5.1. Limitations of the study

The present study has several limitations related to both physical modeling and the adopted
methodology. The effects of bioconvection and Fourier heat conduction are not considered. The present
model also does not account for activation energy or dual-flow configurations. The sensitivity analysis
is restricted to identifying the most influential parameters affecting skin friction coefticient. In addition,
the ANN framework employs a conventional supervised machine-learning approach for flow
prediction. Future studies may incorporate these physical effects and employ more advanced machine-
learning techniques to further extend the present model.

5.2. Practical significance

The present findings are relevant to aerodynamic flow control and drag optimization over
wedge-shaped surfaces. The key parameters influencing skin friction coefficient can be identified
and utilized to regulate wall shear and improve aerodynamic performance. In particular, the magnetic
parameter can be employed to control the flow velocity and boundary-layer behavior, while the
rheological and wedge parameters provide additional means of regulating momentum transport.
Furthermore, the ANN model enables rapid prediction of flow behavior without the need for repeated
computationally expensive numerical simulations, thereby supporting efficient design, optimization,
and engineering analysis.
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