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Abstract. A coupled numerical and intelligent modeling strat-
egy is developed to analyze radiative magnetohydrodynamic flow
of a non-Newtonian Sisko nanofluid over stretching and shrinking
surfaces in the presence of Joule heating, nonlinear viscous dissipa-
tion, Brownian diffusion, thermophoresis, and motile microorgan-
ism transport. The mathematical formulation consists of boundary-
layer equations governing momentum, thermal energy, solutal con-
centration, and microorganism density, incorporating Lorentz force
effects and nonlinear shear-dependent viscosity. By employing suit-
able similarity transformations, the governing partial differential
equations are reduced to a highly nonlinear system of ordinary dif-
ferential equations and solved numerically using a boundary value
approach. The numerical solutions reveal the existence of dual so-
lution branches for shrinking surfaces, indicating bifurcation phe-
nomena governed by viscous dissipation and stretching/shrinking
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intensity. The computed datasets are subsequently utilized to con-
struct Artificial Neural Network (ANN) and Adaptive Neuro-Fuzzy
Inference System (ANFIS) surrogate models for accurate predic-
tion of skin friction, heat transfer, mass transfer, and microorgan-
ism density rates. A close correspondence between numerical and
intelligent predictions is observed, with correlation coefficients ex-
ceeding 0.99. The analysis demonstrates that Joule heating and
viscous dissipation markedly elevate the thermal field while dimin-
ishing solutal and nanoparticle concentration levels, whereas mag-
netic interaction suppresses fluid motion and thickens the thermal
boundary layer. The proposed hybrid numerical–intelligent frame-
work provides an efficient and reliable tool for simulating complex
nonlinear MHD nanofluid transport processes.

Keywords: Neural network, Sisko nanofluid, Stretching/Shrinking
Surface, Thermal radiation, Viscous Dissipation.

2000 Mathematics subject classification: xxxx, xxxx; Secondary
xxxx.

1. Introduction

Recent advances in non-Newtonian nanofluid research have increasingly
focused on Sisko fluid models due to their ability to capture both shear-
thinning and shear-thickening rheological behaviors encountered in com-
plex industrial and biomedical flows. The integration of artificial intelli-
gence with numerical simulations has emerged as a powerful framework
for modeling such highly nonlinear transport phenomena under magne-
tohydrodynamic (MHD) and thermal effects.

Divya et al. [1] pioneered the application of hybrid artificial neu-
ral network and fuzzy inference modeling to unsteady Sisko trihybrid
nanofluid flows, highlighting entropy generation mechanisms relevant to
cancer therapy applications. Their findings demonstrated that neuro-
fuzzy approaches significantly enhance predictive reliability in thermally
sensitive biomedical systems. Building on ANN-based learning strate-
gies, Ali et al. [2] employed the Levenberg–Marquardt back-propagation
algorithm to predict heat transfer characteristics in MHD tangent hyper-
bolic nanofluid flows over stretching surfaces, confirming the robustness
of ANN models in handling strong magnetic and viscous interactions.

Neural-network-driven investigations of Sisko nanofluid boundary-layer
flows were further extended by Jyothi et al. [3], who analyzed coupled
momentum and thermal transport under magnetic effects. Similarly,
Mahanta and Sharma [4] examined different classes of non-Newtonian
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fluids over deformable melting surfaces, incorporating nonlinear radia-
tion and velocity slip, and demonstrated that ANN frameworks effec-
tively capture flow nonlinearity. Qureshi et al. [5] explored hybrid
polymer/CNT nanofluid heat exchange across parallel plates, revealing
the superior learning capability of neural networks in multi-component
nanofluid systems.

The role of aggregation dynamics and entropy generation in Darcy–
Forchheimer porous flows was investigated by Mahmood et al. [6] us-
ing ANN-based modeling, emphasizing irreversibility minimization un-
der nonlinear thermal radiation. Magnetized Casson nanofluid flows
with Soret and Dufour effects were numerically studied by Ramya and
Deivanayaki [7, 8], elucidating the coupled heat and mass diffusion mech-
anisms under magnetic fields. Siddique et al. [9] incorporated fuzzy vol-
ume fraction concepts into ANN-based modeling of third-grade hybrid
nanofluids, demonstrating improved accuracy under nonlinear radiation
and heat generation. Islam et al. [10] employed CFD techniques to
analyze extended tetra-hybrid Sisko nanofluid flow through stenosed ar-
teries, revealing critical implications for biomedical transport systems.

Peristaltic transport phenomena in Sisko nanofluids were extensively
examined by Bilal et al. [11], incorporating viscous dissipation, induced
magnetic fields, and double-diffusive convection. Akram et al. [14] fur-
ther analyzed magnetized peristaltic Sisko nanofluid flow in asymmetric
channels, highlighting the combined effects of thermal radiation and slip.
Raafat et al. [12] characterized thermal efficiency and entropy genera-
tion of Sisko nanofluids in parabolic trough solar collectors, comparing
different carbon-based nanoparticles. Nisha and De [13] presented a
comparative bioconvective analysis of di-, tri-, and tetra-hybrid Sisko
nanofluids over porous cones and plates, emphasizing the influence of
viscous dissipation, radiation, and chemical reactions.

Velocity slip and nonlinear stretching effects were addressed by Baral
and Kumar [15], while Shaheen et al. [16] investigated MHD heat
transfer in Sisko nanofluid flow through vertical endoscopic channels.
Optimization-based hydrothermal analysis of Sisko nanofluids under mag-
netic fields was performed by Wang et al. [17]. Ramya and Deivanayaki
[18] investigated the influence of thermal radiation on Casson nanofluid
flow over an inclined stretching surface incorporating simultaneous heat
and mass diffusion effects.The combined effects of thermophoresis and
Brownian motion in Casson ternary hybrid nanofluids with gyrotactic
microorganisms were explored by Ramya et al. [19]. Classical investi-
gations on MHD stagnation-point flow [20] and radiative magneto-Sisko
nanofluid flow with entropy analysis [21] further enriched the founda-
tional understanding of Sisko fluid dynamics.
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Microorganism-induced transport in Carreau nanofluids was reported
by Ramya and Deivanayaki [22], while Muhiuddin et al. [23] examined
Williamson fluid bioconvection over curved porous surfaces. The influ-
ence of homogeneous–heterogeneous reactions with Cattaneo–Christov
heat flux in micropolar nanofluids was analyzed by Ramya et al. [24].
Additional studies addressed radiative and bioconvective Sisko nanofluid
flows with variable conductivity and magnetic effects [25, 26, 27, 28, 29].
More recently, Adilakshmi et al. [30], Abbas et al. [31], Sohail et al. [32],
Islam et al. [33], Bibi et al. [34], and Dadhich et al. [35] investigated
advanced MHD Sisko nanofluid configurations incorporating radiation,
diffusion, chemical reactions, and viscous dissipation. Joule heating and
variable viscosity effects in curved and peristaltic channels were further
analyzed by Tanveer et al. [36] and Hussein et al. [37]. Muhiuddin et al.
[38] examined stagnation-point flow of a Sisko nanofluid over a stretch-
ing surface considering heat generation and nano-transport mechanisms,
and analyzed the effects of rheological and thermal parameters on ve-
locity, temperature, and concentration distributions. Ahmed et al. [39]
investigated biomedical heat and mass transport in hybrid nanofluid
flow with bioconvection and reactive species over an oscillatory curved
porous surface, highlighting the influence of porosity variation and chem-
ical reactions on thermal performance. Muhiuddin et al. [40] analyzed
Williamson nanofluid flow over a porous curved stretching surface under
homogeneous–heterogeneous reactions and bioconvection, discussing the
impact of chemical and porous parameters on heat and microorganism
transport. Noreen et al. [41] modeled bioconvective Casson nanofluid
flow with activation energy and gyrotactic microorganisms over a curved
surface with thermal radiation, emphasizing the effects of activation en-
ergy and radiation on flow behavior. Ramya and Deivanayaki [42] stud-
ied Casson nanofluid flow over a stretching surface embedded in a porous
medium incorporating thermal radiation and particle diffusion effects,
and evaluated their influence on heat and mass transfer rates. Sankari et
al. [43] explored Williamson MHD nanofluid flow over a porous exponen-
tially stretching sheet with bioconvective fluxes, focusing on magnetic
field and porous medium effects on thermal and concentration charac-
teristics.

Despite these extensive contributions, hybrid ANN–ANFIS modeling
of radiative MHD Sisko nanofluid flow over stretching and shrinking
surfaces with Joule heating and viscous dissipation remains largely un-
explored, particularly in the context of dual-solution bifurcation behav-
ior and statistical validation using Taylor diagrams. The present study
aims to bridge this gap by developing a unified numerical–intelligent
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framework capable of accurately predicting and interpreting complex
nonlinear transport phenomena.

2. Objectives

The primary objectives of this study are:
(1) To investigate the effects of stretching and shrinking surfaces on

radiative MHD Sisko nanofluid flows incorporating Joule heating
and viscous dissipation.

(2) To analyze the influence of key physical parameters—such as
magnetic parameter, Prandtl number, Eckert number, and Sisko
fluid parameters—on velocity, temperature, and nanoparticle
concentration fields.

(3) To develop hybrid computational models using Artificial Neural
Networks (ANNs) and Adaptive Neuro-Fuzzy Inference Systems
(ANFIS) for predicting flow and thermal characteristics.

(4) To generate 3D parametric visualizations and surface plots to
compare numerical results with ANN and ANFIS predictions,
providing insight into dual solutions and bifurcation behavior.

(5) To evaluate the efficiency and accuracy of hybrid models by per-
forming statistical error analyses, including RMSE, MAE, and
R2, for ANN and ANFIS predictions.

(6) To provide a framework for future applications of hybrid AI mod-
els in advanced thermal management, biomedical engineering,
and industrial heat transfer systems involving non-Newtonian
nanofluids.

Figure 1 presents the complete computational and intelligent model-
ing framework adopted in this study. The analysis begins with the
formulation of governing equations for radiative magnetohydrodynamic
Sisko nanofluid flow over stretching and shrinking surfaces, incorporat-
ing Joule heating, viscous dissipation, nanoparticle diffusion, and mi-
croorganism transport. Through similarity transformations, the gov-
erning partial differential equations are reduced to a system of highly
nonlinear ordinary differential equations, which are solved numerically
using MATLAB’s bvp4c solver.

The numerical solutions serve as high-fidelity reference data for train-
ing intelligent surrogate models. A feedforward Artificial Neural Net-
work (ANN) is first employed to capture global nonlinear trends in
the flow and heat transfer characteristics. Subsequently, an Adaptive
Neuro-Fuzzy Inference System (ANFIS) is developed to enhance local
prediction accuracy by integrating fuzzy logic with neural learning. The
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Figure 1. Methodological workflow of the present study
illustrating the sequential integration of numerical mod-
eling, ANN prediction, and ANFIS-based refinement for
radiative MHD Sisko nanofluid flow with Joule heating
and viscous dissipation.

predictive performance of both models is rigorously evaluated using sta-
tistical error metrics, including RMSE, MAE, and the coefficient of de-
termination, along with Taylor diagram analysis. Finally, the validated
hybrid framework is used to interpret the thermal and hydrodynamic
behavior of the system for practical engineering applications.
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3. Mathematical Formulation

In this study, we investigate the steady, incompressible, radiative
magnetohydrodynamic (MHD) flow of a Sisko nanofluid over stretch-
ing and shrinking surfaces under the influence of Joule heating, viscous
dissipation, and nanoparticle dynamics. The governing equations are
formulated using boundary layer approximations, assuming a laminar
flow regime.

3.1. Governing Equations.
• Continuity Equation:

∂u

∂x
+

∂v

∂y
= 0, (3.1)

which ensures mass conservation in the boundary layer. Here, u
and v are the velocity components along the x and y directions,
respectively.

• Momentum Equation:

u
∂u

∂x
+v

∂u

∂y
= U∞

dU∞
dx

+
a

ρf

∂2u

∂y2
− b

ρf

∂

∂y

[
− ∂u

∂y

]n
+
σB2

0

ρf
(U∞−u), (3.2)

where a and b are material parameters related to the Sisko fluid
model, n is the non-Newtonian index, ρf is the fluid density, and
B0 is the applied magnetic field. The terms represent:
(1) Convective acceleration: u∂u

∂x + v ∂u
∂y

(2) Free stream acceleration: U∞
dU∞
dx

(3) Viscous contribution: a
ρf

∂2u
∂y2

(4) Non-Newtonian stress effect: − b
ρf

∂
∂y

(
−∂u

∂y

)n

(5) Lorentz force due to magnetic field: σB2
0

ρf
(U∞ − u)

• Energy Equation:

u
∂T

∂x
+ v

∂T

∂y
= αm

∂2T

∂y2
+

σB2
0

(ρCp)f
(U∞ − u)2 +

1

(ρCp)f

[
a

(
∂u

∂y

)2

+ b

(
−∂u

∂y

)n+1
]

+
τDB

(ρCp)f

∂ϕ

∂y

∂T

∂y
+

DC

(ρCp)f

∂2C

∂y2
+

Q0

(ρCp)f
. (3.3)

This equation accounts for:
(1) Thermal conduction: αm

∂2T
∂y2

(2) Joule heating due to MHD: σB2
0

(ρCp)f
(U∞ − u)2

(3) Viscous dissipation and non-Newtonian work: 1
(ρCp)f

[a(∂u/∂y)2+

b(−∂u/∂y)n+1]



Hybrid Neuro-Fuzzy and Artificial Neural Network... 307

(4) Brownian motion: τDB
(ρCp)f

(∂ϕ/∂y)(∂T/∂y)

(5) Thermophoresis: DC
(ρCp)f

∂2C/∂y2

(6) Heat generation/absorption: Q0/(ρCp)f
• Species Concentration Equation:

u
∂C

∂x
+ v

∂C

∂y
= DS

∂2C

∂y2
+DT

∂2T

∂y2
, (3.4)

where C is the nanoparticle concentration, DS is the Brown-
ian diffusion coefficient, and DT is the thermophoretic diffusion
coefficient.

• Motile Microorganism Equation:

u
∂ϕ

∂x
+ v

∂ϕ

∂y
= DB

∂2ϕ

∂y2
+

DT

T∞

∂2T

∂y2
, (3.5)

which models the motile microorganism transport influenced by
Brownian motion and thermophoresis.

3.2. Boundary Conditions. The physical constraints at the wall and
far from the wall are given by:

u = uw = cx, v = vw, T = Tw, C = Cw, ϕ = ϕw, y = 0,

u → U∞, v → 0, T → T∞, C → C∞, ϕ → ϕ∞, y → ∞. (3.6)

These conditions represent the stretching/shrinking sheet with specified
wall temperature, concentration, and microorganism density.

3.3. Similarity Transformations. To reduce the governing PDEs to
ODEs, the following similarity transformations are introduced:

u = uwf
′(η), v = . . . ,

η = y

(
c2−n

b/ρf

)1/(n+1)

x(1−n)/(1+n),

θ(η) =
T − T∞
Tw − T∞

, S(η) =
C − C∞
Cw − C∞

, ϕ(η) =
ϕ− ϕ∞
ϕw − ϕ∞

. (3.7)

These transformations ensure that the flow variables are expressed in
terms of the single similarity variable η, allowing for a boundary layer
reduction.

3.4. Transformed Nonlinear ODEs. After applying the similarity
transformations, the governing equations reduce to:
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Af ′′′ + n(−f ′′)n−1f ′′′ +
2n

n+ 1
f ′f ′′ +

d2

c2
− f ′2 +M

(
d

c
− f ′

)
= 0,

(3.8)

θ′′ + Pr 2n

n+ 1
fθ′ + PrMEc(1− f ′)2 + Pr Ec

[
A(f ′′)2 + (−f ′′)n+1

]
+ Pr Nbθ′ϕ′ + Pr Nt(θ′)2 +NdS

′′ = 0, (3.9)

S′′ + Le Pr 2n

n+ 1
fS′ + Ldθ

′′ = 0, (3.10)

ϕ′′ + Lb Pr 2n

n+ 1
fϕ′ +

Nt

Nb
θ′′ = 0. (3.11)

3.5. Dimensionless Physical Quantities.

Cf = Re
1

n+1

b

[
f ′′(0)− (−f ′′(0))n

]
, Nux = −Re−

1
n+1

b θ′(0),

Shx = −Re−
1

n+1

b S′(0), Shx,n = −Re−
1

n+1

b ϕ′(0), (3.12)

representing the skin friction coefficient, Nusselt number, and Sherwood
numbers, respectively.

3.6. First-Order System for Numerical Solution. To employ nu-
merical solvers such as bvp4c, we transform the above system into a
first-order system:

y1 = f, y2 = f ′, y3 = f ′′,

y4 = θ, y5 = θ′, y6 = S,

y7 = S′, y8 = ϕ, y9 = ϕ′.

The derivatives become:

y′1 = y2, y′2 = y3,

y′3 =
y22 − 2n

n+1y1y3 −
d2

c2
−M(dc − y2)

A+ n(−y3)n−1
,

y′5 = −Pr 2n

n+ 1
y1y5 − PrMEc(1− y2)

2 − Pr Ec[Ay23 + (−y3)
n+1]− Pr Nby5y9 − Pr Nty25 −Ndy

′
7,

y′7 = −Le Pr 2n

n+ 1
y1y7 − Ldy

′
5,

y′9 = −Lb Pr 2n

n+ 1
y1y9 −

Nt

Nb
y′5. (3.13)
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The boundary conditions in first-order form are:
y1(0) = 0, y2(0) = λ, y4(0) = 1, y6(0) = 1, y8(0) = 1,

y2(∞) = 0, y4(∞) = 0, y6(∞) = 0, y8(∞) = 0. (3.14)

4. Results and Discussion

Figure 2. Influence of Eckert number (Ec) on the Ve-
locity profile θ(η) for stretching (λ = 0.5) and shrinking
(λ = −0.5) surfaces. Solid lines represent the first (sta-
ble) solution, while dashed lines correspond to the second
(unstable) solution.

Figures 3–5 illustrate the influence of the Eckert number (Ec) on
the temperature, solutal concentration, and nanoparticle concentration
distributions for both stretching (λ = 0.5) and shrinking (λ = −0.5)
surfaces. The Eckert number quantifies the conversion of kinetic en-
ergy into internal energy through viscous dissipation, which becomes
particularly significant in high-speed and highly viscous non-Newtonian
flows.

For the temperature field (Figure 3), an increase in Ec leads to a
pronounced enhancement in θ(η) for both solution branches. Physically,
higher viscous dissipation intensifies internal heat generation within the
boundary layer, resulting in thicker thermal boundary layers. The effect
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Figure 3. Influence of Eckert number (Ec) on the tem-
perature profile θ(η) for stretching (λ = 0.5) and shrink-
ing (λ = −0.5) surfaces. Solid lines represent the first
(stable) solution, while dashed lines correspond to the
second (unstable) solution.

is more prominent for the first (stable) solution, whereas the second
solution exhibits comparatively weaker thermal diffusion, indicating its
unstable nature.

Figure 4 depicts the variation of the solutal concentration profile with
increasing Ec. It is observed that higher viscous heating reduces the
solutal concentration within the boundary layer, as thermal agitation
weakens concentration gradients. The presence of dual solutions is ev-
ident in the shrinking case, where the second solution displays lower
concentration levels and a thinner solutal boundary layer, emphasizing
bifurcation-induced sensitivity.

Similarly, the nanoparticle concentration profiles shown in Figure 5
demonstrate a decreasing trend with increasing Ec. Enhanced viscous
dissipation accelerates thermal diffusion, which indirectly suppresses
nanoparticle accumulation near the surface. The separation between the
two solution branches becomes more noticeable in the shrinking regime,
confirming the existence of multiple steady states.

The inset plots in all figures magnify regions where solution bifur-
cation occurs, clearly distinguishing the stable and unstable branches.
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Figure 4. Effect of Eckert number (Ec) on the solu-
tal concentration profile S(η) for stretching and shrink-
ing sheets, illustrating the dual-solution structure. Insets
highlight bifurcation-sensitive regions.

These results confirm that viscous dissipation plays a critical role in
governing thermal and mass transport characteristics of radiative MHD
Sisko nanofluid flows and significantly influences the dual-solution be-
havior over shrinking surfaces.

5. Hybrid ANN–ANFIS Modeling and Statistical Validation

5.1. Artificial Neural Network (ANN) Framework. To efficiently
predict the nonlinear behavior of radiative MHD Sisko nanofluid flow
over stretching and shrinking surfaces, a feedforward Artificial Neural
Network (ANN) model is developed using numerically generated refer-
ence data obtained from the boundary value problem solver. The ANN
serves as a surrogate model to map the relationship between the gov-
erning dimensionless parameters and the flow responses, significantly
reducing computational cost.

The ANN architecture consists of four input neurons corresponding
to the dominant physical parameters (such as magnetic interaction pa-
rameter, Eckert number, Prandtl number, and stretching/shrinking pa-
rameter), a single hidden layer comprising twelve neurons with tangent
sigmoid activation functions, and one output neuron representing the
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Figure 5. Variation of nanoparticle concentration pro-
file ϕ(η) with Eckert number (Ec) for stretching (λ = 0.5)
and shrinking (λ = −0.5) surfaces. Dual branches indi-
cate solution multiplicity.

target physical quantity (skin friction coefficient, Nusselt number, or
Sherwood number). The output layer employs a linear activation func-
tion to preserve numerical accuracy.

Training is performed using the Levenberg–Marquardt backpropaga-
tion algorithm due to its fast convergence and robustness for nonlin-
ear regression problems. The dataset is randomly divided into training
(70%), validation (15%), and testing (15%) subsets.

5.2. Training Convergence and Learning Behavior. Figure ?? il-
lustrates the ANN training characteristics, including gradient decay,
adaptive learning parameter (µ), and validation checks. The continuous
reduction in gradient magnitude confirms stable convergence, while the
adaptive adjustment of µ prevents overfitting. The validation checks
terminate at six successive failures, ensuring generalization capability.

5.3. Regression Analysis and Predictive Accuracy. The regres-
sion plots for training, validation, testing, and combined datasets are
depicted in Figure 6. The correlation coefficients exceed R = 0.99 for
all cases, indicating excellent agreement between ANN predictions and
numerical targets. The near-unity slope of the fitted lines confirms the
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ANN’s ability to capture the underlying nonlinear physics of the MHD
Sisko nanofluid system.

Figure 6. Regression analysis of ANN predictions ver-
sus numerical targets for training, validation, testing, and
overall datasets, demonstrating strong predictive accu-
racy with R > 0.99.

5.4. Error Distribution and Generalization. The error histogram
presented in Figure 7 shows a sharp peak around zero error for all
datasets, indicating minimal bias and symmetric error distribution. The
narrow spread confirms strong generalization and robustness of the ANN
model across unseen data.

5.5. Mean Squared Error Performance. Figure 8 displays the mean
squared error (MSE) evolution during training. The optimal validation
performance is achieved at epoch 399, after which overfitting is avoided.
The close overlap of training, validation, and testing curves confirms
numerical stability and consistency.

5.6. ANN Architecture and Computational Details. The com-
plete ANN architecture and training specifications are shown in Figure 9.
The model employs random data division, MSE-based performance eval-
uation, and MATLAB MEX acceleration for computational efficiency.
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Figure 7. Error histogram with 20 bins illustrating the
distribution of prediction errors for training, validation,
and testing datasets, highlighting strong ANN general-
ization.

Figure 8. Mean squared error convergence of ANN
training, validation, and testing datasets, with optimal
performance achieved at epoch 399.
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Figure 9. Schematic of the ANN architecture showing
input, hidden, and output layers along with training pa-
rameters and computational settings.

5.7. Hybrid ANN–ANFIS Comparative Assessment. To further
enhance prediction reliability, an Adaptive Neuro-Fuzzy Inference Sys-
tem (ANFIS) is developed using the same dataset. While ANN captures
global nonlinear trends efficiently, ANFIS integrates fuzzy logic rules to
improve local interpretability. The comparison is quantified using stan-
dard statistical metrics.

Table 1. Statistical comparison of ANN and ANFIS
prediction accuracy.

Model RMSE MAE R2

ANN 87.34 63.21 0.991
ANFIS 72.18 51.09 0.994

5.8. Statistical Error Metrics. The ANFIS model marginally outper-
forms ANN in terms of RMSE and MAE, whereas both models exhibit
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excellent coefficient of determination values, confirming high predictive
reliability.

5.9. Taylor Diagram Interpretation. A Taylor diagram is employed
to simultaneously assess correlation coefficient, standard deviation, and
RMSE between numerical and predicted datasets. The ANFIS predic-
tions lie closer to the reference point than ANN, indicating superior
statistical agreement, particularly for bifurcation-sensitive regimes asso-
ciated with shrinking surfaces.

5.10. Engineering Implications. The hybrid ANN–ANFIS framework
provides a powerful predictive tool for complex MHD nanofluid systems
involving viscous dissipation and Joule heating. The developed models
enable rapid parametric analysis, bifurcation detection, and optimiza-
tion, making them suitable for thermal management, materials process-
ing, and electromagnetic flow control applications.

6. Conclusion

The present work provides a comprehensive numerical and intelligent
investigation of radiative magnetohydrodynamic Sisko nanofluid flow
over stretching and shrinking surfaces, accounting for Joule heating,
nonlinear viscous dissipation, Brownian motion, thermophoretic diffu-
sion, and motile microorganism transport. The governing conservation
equations for momentum, energy, solutal concentration, and microor-
ganism density were transformed into a coupled nonlinear ordinary dif-
ferential system through similarity transformations and solved using a
robust boundary value formulation.

The numerical results indicate that increasing the Eckert number sig-
nificantly enhances internal heat generation, leading to higher temper-
ature distributions and thicker thermal boundary layers, while concur-
rently reducing solutal and nanoparticle concentration profiles due to
intensified thermal diffusion. Magnetic interaction was found to decel-
erate the fluid flow via Lorentz force effects and elevate the thermal field.
The nonlinear rheological characteristics of the Sisko fluid play a crucial
role in modulating shear stress and momentum transport. Dual solution
behavior is observed in the shrinking surface regime, where the second
solution branch exhibits thinner boundary layers and greater sensitivity
to viscous dissipation and thermal parameters, confirming the presence
of bifurcation phenomena.

To reduce computational cost and enable rapid parametric evalua-
tion, hybrid Artificial Neural Network and Adaptive Neuro-Fuzzy In-
ference System models were trained using the numerically generated
datasets. Both intelligent approaches demonstrate excellent predictive
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performance, with correlation coefficients exceeding 0.99 and minimal
error metrics. While the ANN efficiently captures the global nonlinear
behavior of the system, the ANFIS model provides improved accuracy
in bifurcation-sensitive regimes owing to its fuzzy-rule-based learning
structure. Overall, the developed hybrid numerical–intelligent frame-
work offers a powerful and computationally efficient methodology for
analyzing nonlinear MHD nanofluid flows with viscous dissipation, Joule
heating, and bioconvection, and is well suited for applications in thermal
management, electromagnetic flow control, and bio-inspired transport
systems.

Future investigations may extend the present model to unsteady three-
dimensional configurations, incorporate variable thermophysical proper-
ties, and consider nanoparticle aggregation and slip boundary effects for
enhanced physical realism. The inclusion of fractional-order formula-
tions, entropy generation analysis, and stability assessment of dual solu-
tions would provide deeper theoretical insight into bifurcation behavior.
Furthermore, integration of physics-informed neural networks (PINNs)
and real-time experimental validation could strengthen predictive capa-
bility and broaden applicability in advanced thermal engineering and
biomedical transport systems.
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