ResearchGate

See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/382996766

Mathematical modelling for viscoinelastic nanofluid flow over a stretching
sheet with machine learning: an application to tissue adhesive

Article in International Journal of Modelling and Simulation - August 2024

DOI: 10.1080/02286203.2024.2392221

CITATIONS READS

0 65

3 authors, including:

M. Vanitha Archana { Saeid Jafari
PSG College of Arts and Science & ; Mathematical and Physical Science Foundation 4200 Slagelse Denmark http://top...
13 PUBLICATIONS 127 CITATIONS 588 PUBLICATIONS 3,345 CITATIONS

SEE PROFILE SEE PROFILE

All content following this page was uploaded by Sacid Jafari on 09 August 2024.

The user has requested enhancement of the downloaded file.


https://www.researchgate.net/publication/382996766_Mathematical_modelling_for_viscoinelastic_nanofluid_flow_over_a_stretching_sheet_with_machine_learning_an_application_to_tissue_adhesive?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/382996766_Mathematical_modelling_for_viscoinelastic_nanofluid_flow_over_a_stretching_sheet_with_machine_learning_an_application_to_tissue_adhesive?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/M-Archana-2?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/M-Archana-2?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/PSG-College-of-Arts-and-Science?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/M-Archana-2?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Saeid-Jafari-7?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Saeid-Jafari-7?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Saeid-Jafari-7?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Saeid-Jafari-7?enrichId=rgreq-5ad27cdac884234bc5156aa9600ce710-XXX&enrichSource=Y292ZXJQYWdlOzM4Mjk5Njc2NjtBUzoxMTQzMTI4MTI3MDczODY1NEAxNzIzMjMwMjgxODU5&el=1_x_10&_esc=publicationCoverPdf

Mathematical modelling for viscoinelastic nanofluid flow over a stretching sheet
with machine learning: an application to tissue adhesive

P.Priyadharshini® , M.Vanitha Archana® and Saeid Jafari¢

a:bDepartment of Mathematics, PSG College of Arts and Science, Coimbatore-641014, Tamil Nadu, India;
“Mathematical and Physical Science Foundation, 4200 Slagelse, Denmark.

ARTICLE HISTORY
Compiled August 8, 2024

ABSTRACT

The medicated tissue adhesive on a stretching surface through Prandtl-Eyring nanofluid flow is empha-
sized in the current article to estimate the heat transfer rate and optimize the adhesion process. The
effects of Brownian motion and thermophoresis on electrically conducting viscoinelastic nanofluid are
taken into consideration with the sight of convective states. The modeled governing equations are nondi-
mensionalized by operating similarity variables to stimulate the optimization process. The result of an
executed model is solved scientifically by employing the NDSolve technique. The influence of various
parameters on the fluid momentum, thermal, and concentration distributions is accentuated through
graphs. Furthermore, the machine learning approach is enhanced to analyze the physical quantities of
interest in the entire region. The outcomes are validated to those that have already been published in
the pertinent area literature to determine the effectiveness of viscoinelastic nanofluid. The findings re-
vealed that the Prandtl-Eyring fluid parameter enhances the momentum, while the Hartmann number
indicates the reverse trend. In addition, it delivers that the proposed machine learning model is capable
of forecasting the physical quantities with lower error (1073) and is a powerful engineering tool that can
be effectively employed in a viscoinelastic nanofluid.

KEYWORDS
Machine Learning; Stretching Sheet; Tissue Adhesive; Viscoinelastic Nanofluid
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1. Introduction

The stretching sheet flow phenomena are of significant value for engineering and medicine owing to the
potential applications like polymer sheet extrusion from tubes, metallurgy processes, boundary layer
along liquid film concentration process, nuclear reactor safety, drug-delivery systems, and other medical
applications. Enlightened by such applications, numerous experimenters are still examining the impact
of heat and mass transmission in fluid flow past a stretching sheet. An initial investigation of boundary
layer performance on continuous solids with flat surfaces was conducted by Sakiadis [1]. After a few
years, it was expanded by Tsou et al. [2], who experimentally analyzed the heat transfer in boundary
layer flow and verified the results. Crane [3] has undertaken pioneering research on the exploration of
linear and exponential stretching sheets. He developed the idea for steady, incompressible fluid flow in
a stated phenomenon and provided an analytical form solution that was exactly equivalent. Zeeshan et
al. [4] numerically scrutinized the convective fluid flow with internal heat transfer across a stretchable
surface and revealed that the improving Hartmann number reduces the thickness of the boundary layer
and surface mass transfer. In another article, Aljaloud et al. [5] conducted a study on the thermal impact
of a cross nanofluid over a stretching cylinder and found out that the thermal profile enhanced for a
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higher thermophoresis parameter, while decreased for higher values of the Prandtl number. An essential
insight into the dynamics of nanofluids over a stretching surface with convection flow ideas are found
in recent sources, including [6-18]. These research works offer a greater understanding and explain how
the considered flow phenomenon behaves under various conditions.

In the fields of science and engineering, non-Newtonian fluids are more appropriate than viscous fluids
for exemplifying the attributes of complex rheological fluids. A premise of Newtonian fluid manners is
not always simple, but it may be more complex and necessitate the use of a perturbed (non-Newtonian)
model in other cases. The behavior of non-Newtonian is exhibited in various liquid materials like glue,
blood, toothpaste, paints, and ketchup. They are classified into two categories: viscoelastic and vis-
coinelastic. The present research focuses on the assessment of viscoinelastic fluid. The majority of
viscoinelastic fluids exhibit similar characteristics at zero shear stress. When exposed to stress, these
features react in incredibly unanticipated ways. Researchers have proposed distinct models for an in-
depth understanding of the physical factors of considered fluid, involving the power law, Prandtl fluid,
and Prandtl-Eyring fluid designs. The Prandtl-Eyring fluid model is a nonlinear flow model that de-
scribes the mixed convection state and incorporates activation energy. It was examined by Patil and
Goudar [19] over a vertical conical surface. Also, they found that this fluid reduces the surface friction
and fluid velocity than the Newtonian fluids. Chaudhary and Chouhan [20] conducted a comprehensive
investigation on the Darcy-Forchheimer and electromagnetic-hydrodynamic flow of a Prandtl-Eyring
nanofluid over a Riga plate with variable thickness. Puneeth et al. [21] did the study on the bioconvec-
tive flow of non-Newtonian fluid through an expanding sheet with the porous medium by considering
two major mechanisms, named Brownian motion and thermophoresis. They concluded that the upsurge
in the thermophoresis parameter improves the temperature and concentration fields. In addition to
the above literature, only a few authors worked Prandtl-Eyring nanofluid model [22-26]. After getting
motivated by these references, the Prandtl-Eyring fluid is taken into account for the investigation.

To obtain the solutions of the nanofluid flow models, few authors employed the NDSolve technique,
which stands out as a significant numerical approach for addressing ordinary differential equations
(ODEs). For instance, Hayat et al. [27] conducted simulation for embedded parameters employing this
scheme on the peristaltic flow of Sisko nanofluid in a flexible curved channel and found higher accu-
racy in the momentum, thermal, concentration, and heat transfer coefficient profiles. Ullah et al. [28]
performed and tested the above-mentioned scheme for the nanofluid flow between two parallel plates
using a rotating system. Nasir et al. [29] studied the Darcy Forchheimer two-dimensional nanofluid past
a stretchable sheet and achieved the solutions by employing HAM and NDSolve. They compared both
techniques and found an exceptional similarity. After obtaining knowledge from the previous litera-
tures, this paper emphasized the NDSolve to simulate the two-dimensional Prandtl-Eyring nanofluid
flow model. The reason is that the precision and speed of this methodology are well-balanced, and it
also necessitates fewer function evaluations with the simplicity of its execution. In addition to that it
provides the finest outcomes within the least amount of CPU time. Due to these major advantages, it
is selected and coded to provide better accuracy from a few previously issued sources with the help of
MATHEMATICA software. Also, the main aim of this work is to test and compare the findings with
other computation techniques, namely the Runge-Kutta-based shooting technique, homotopy perturba-
tion method, and implicit finite difference method with the quasi-linearization technique.

In many recent studies, Machine Learning (ML) takes full consideration among researchers and in-
novators because of its wide range of applications, such as wind energy [30-32], solar energy [33,34],
and renewable energy systems [35]. The ML algorithms are divided into three categories: Supervised
Machine Learning, Unsupervised Machine Learning, and Semi-supervised Machine Learning, depending
on the data type [36,37]. Brenner et al. [38] investigated the role of machine learning in the advance-
ment of fluid mechanics. He fascinated the backstory of the connection between machine learning and
fluid mechanics. From a different angle, ML has the potential to be more computationally efficient than
physics-based numerical simulations and produce predictions at a fraction of the cost of the original
calculation time without compromising accuracy [39-41]. Inspired by the existing literature, the pro-
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Figure 1. Medicated tissue adhesive on various surgeries with geometry of the problem.

posed work employed the ML algorithm to handle numerous issues in fluid research, including parameter
extraction, statistical metrics of error analysis, and overcoming the inherent computation complexity.

Hemorrhage has been identified as the primary cause of death within the first 24 hours following a
traumatic injury [42]. Additionally, the risk of postoperative complications in surgical patients is signif-
icantly influenced by the condition of wounded tissue. Surgeons encounter challenges such as iatrogenic
harm, anastomotic leakages, and infections following abdominal surgeries or resections [43-46]. Given
the direct impact on patient outcomes, addressing inadequate wound healing from a new perspective
is of great interest. Several inventions have been employed successfully to integrate biological tissue.
One of those technologies is tissue adhesive. These innovations can improve the effectiveness of clinical
results by enhancing hemorrhage control. Elgazery and Elelamy [47] explored multiple solutions for non-
Newtonian fluid over a stretching sheet with a nonlinear radiation case and analyzed the temperature in
terms of transdermal drug delivery application. They successfully attained the performance of spreading
the medication onto a flat sheet through the pertinent physical parameters. After getting motivated by
these references, the present paper exhibits the novelty of considering the viscoinelastic nature of tissue
adhesive, which influences the heat transfer estimation and examines the prospects of bioactive tissue
adhesives onto a stretching sheet.

1.1. Contribution
The main focus of this paper is,

e To develop an incompressible two-dimensional Prandtl-Eyring nanofluid flow past a stretching
surface loaded with the impact of Brownian motion and thermophoresis.



e To address the utilization of the NDSolve numerical method for simulating the behavior of the
proposed model with the application of medicated tissue adhesive. This methodology reduces the
complexity and provides an accurate solution in the least amount of CPU time.

e To forecast the nature of physical quantities across the entire region by employing a gradient
descent approach. This algorithm is standardized by introducing a statistical indicator named
mean squared error, which quantifies the exact difference between the actual value and predicted
value.

Moreover, this work aims to enable a new perspective in fluid flow research in terms of prediction
approach for the physical quantities, which can contribute to the development of new medical treatments
and interventions. This approach offers an innovative idea for flow control and can potentially assist in
simulating the governing boundary layer equations.

1.2. Structure

The structure of the paper is summarized below. The geometrical interpretation statement and mathe-
matical description are provided in Section 2. The measurements of physical quantities are demonstrated
in Section 3. The numerical and machine learning processes are explained in Sections 4 and 5, respec-
tively. The graphical representations of computational solutions with physical attributes are illustrated
in the final section. The concluding section covers the enumerated key points of the current analysis.

2. Flow Analysis

The steady, laminar, incompressible two-dimensional Prandtl-Eyring nanofluid flow over a stretched
sheet is governed by the continuity and Navier—Stokes equations, as well as the Buongiorno design [48].
The velocity of the sheet in the z-direction is given by U, (x) = az. To control the flow direction, a
transversely oriented magnetic field with potency By is applied, as depicted in Figure 1. After addressing
the boundary layer estimations, the system of equations for the Prandtl-Eyring nanofluid framework
can be stated as follows [50]:

ou Ov
T 2.1
3 Ty =0 (2.1)
2 292 2
WU Ou A0 A (OuNTOu By (2.2)
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in addition to the boundary constraints
u=Uy(z), v=0, T=T, and C = C,, at y = 0; (2.5)
u—0, T —Ty and C — Cy at y — 0. ‘
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In the aforementioned problem, u and v are the velocity components in the direction of z and v,
respectively. The density, klnematlc viscosity, and electrical conductivity of fluid are p, v, and o.
The fluid temperature is 7T, T is the heat diffusivity, C' is the concentration of nanoparticles, Dp is
the Brownian diffusion coefﬁment Dy is the thermophoresis coefficient, and the ratio of the efficient
thermal range of the nanoparticle material to the efficient thermal range of base fluid is 7. The material
parameters are represented by A and c. The scaling group of conversions that transformed the governed
partial differential equations (2.1-2.4) to ordinary differential equations are described below,

1= (%) w v = @)iarm),
T-T C-C (26)
) = 7 0l =
Using Equation (2.6) in (2.1-2.4), gives
fl/l 5f//2f///:| + ff// f/2 o Mf/ — 07 (27)
0" + Prfo + —— [Nbe’¢’ + Nt9?| =0, (2.8)
¢" + PrLef¢' + NtNb=10" =0, (2.9)

along with the boundary conditions

fn—=0)=0, f(n—=0)=1, f'(n—o0)=0;
On—0)=1, 8(n — ) =0; (2.10)

¢(n = 0) =1, ¢(n = 00) = 0.

n (2.7-2.9), a and § are designated to represent the Prandtl-Eyring parameters. The notation M stands

for the Hartmann number, Nt¢, and Nb are symbolized to describe the thermophoresis and Brownian
motion parameters, Le and Pr represent the Lewis number and Prandtl number, respectively. These
expressions are followed by

_ ’ ﬁ: CL3§2 - O’B2’ Nb — TDB(Cw Coo)’
c 2¢ ap v
Dr(Ty — T k
Nt = r( ),przﬁjL_
Toov k pcpDp

3. Physical Quantities
The mathematical expression of the wall drag coefficient, wall heat and mass fluxes are depicted as

k! Dp~!
Tw Nu, = Lqw . Sh, = Tqm /B

Cro = 12, T Shy = AmZE
Je %pUE, Tw - Too Cw - Coo

(3.1)



The representation of wall shear stress 7,,, wall thermal gradient ¢,,, and wall mass gradient ¢,, are

presented by,
_Afou) A (o)
Tw = 0y /)y—o 62\0Yy),_o

oT oC
y y:O y y=0

After comprising the dimensionless variables in equations (3.1, 3.2), shear rate coefficient, heat transfer
coefficient and concentration flux number are accounted in the subsequent form:

(3.2)

(1 1
SCpeRed = o £(0) - 210},
N
uf = —0'(0), (3.3)
Re?2
Sh
T =—¢'(0).
Re}
M | Fatehzadeh et al. [49] | Zahra et al. [50] | Akbar et al. [51] | Current findings
0 -1 -1.004 -1 -1.0014
0.5 - -1.1180 -1.11803 -1.22491
1.0 -1.41412 -1.4140 -1.41421 -1.41424
5.0 -2.44948 -2.4494 -2.44949 -2.44949
10 -3.31662 -3.3168 -3.31663 -3.31662

Table 1. Comparison result of f”(0) with respect to the Hartmann number M when a=1, 5=0.

4. Solution Methodology

The ordinary differential equations (2.7-2.9) and the relevant boundary constraints (2.10) are sci-
entifically evaluated for different values of the pertinent parameters operating a Wolfram Language
program, such as Prandtl-Eyring fluid parameters, Hartmann number, Prandtl number, Lewis num-
ber, Brownian motion, and thermophoresis parameter. All graphs observe the default significances of
a=50,=04,M =0.5,Pr =0.7,Le = 3.0, Nb = 0.1, and Nt = 0.1, excluding accentuated on the
graph. A 3D graph provides an exact description of a physical significance and shows how the scale of
the response is represented.

5. Machine Learning Technique

An innovation of the existing investigation lies in the implementation of supervised learning algorithm,
which deals with labeled datasets. Additionally, it aims to discover the regression function Yreq) = F
with input factors X as parameters and output factor Y, .q) as physical quantities. The simple linear
regression is a structural design of an iterative gradient descent algorithm. The best fitting line for skin
friction coefficient, local Nusselt number, and local Sherwood number with respect to the wide range of



related parameters, are attained with the help of the Python Language. If by, mg, X, and YV,.q are the
bias term, weight term, input, and predicted factor in a linear regression formation, then:

Vipredy = moX + bo

The mean square error is computed when the predictive model is being trained, and it is a helpful
metric for estimating the difference between the actual and forecasted values. The error values are
getting decreased in each iteration. This iterative procedure continues to determine the line that exactly
correlates with the given data points.

Parameter Values True Value (f”(0)) | Predicted Value(f”(0)) Error
a=4 -3.04376 -3.03048

a=>5 -2.74673 -2.77327 3.5e-04
B=04, M =05, Pr=0.7, Le=3.0, Nb = Nt=0.1  ©—/ 552031 51606
£=0.5 -2.77013 -2.76741

B B B B o 3=0.9 -2.88406 -2.89221 3.45¢-05
a=5.0, M = 0.5, Pr=07, Le=3.0, Nb= Nt=0.1 |y} 506006 05162
M=0.5 -2.74673 -2.74831

M=1 -3.13329 -3.12772 1.64e-05
a=5.0, 8 =04, Pr=0.7, Le=3.0, Nb = Nt=0.1 M—12 397552 -3.97949

Table 2. True and predicted values of Skin friction coefficient(f”(0)).

Parameter Values True Value (—6'(0)) | Predicted Value(—6'(0)) Error
Nb=0.5 0.41518 0.41202

o B B . Nb=10 0.32111 0.32744 1.99¢-05
a=5.0, f=0.4, M = 0.5, Pr=07, Le=3.0, Nt=0.1 /= " 091602 091286
Nt=0.1 0.50611 0.50412

Nt=0.5 0.45241 0.45573 5.58e-06

_r _ T—N & _ _ _

0=5.0, B = 0.4, M=0.5, Pr=0.7, Le=3.0, Nb=0.1 " 038047 038311
Pr=0.7 0.50611 0.50896

o B o Pr=0.9 0.57378 0.56902 1.14e-05
a=5.0, f =04, M =05, Le=3.0, Nb = Nt=0.1 /) 065795 06501

Table 3. True and predicted values of Nusselt number(—6'(0)).

Parameter Values True Value (—¢'(0)) | Predicted Value(—¢'(0)) Error
Nb=0.5 1.00413 1.00667

Nb=1.0 1.0254 1.02030 1.29e-05
a=5.0, f=0.4, M = 0.5, Pr=0.7, Le=3.0, Nt=0.1 Nb=1.5 1.03139 1.03393
Nt=0.1 0.82012 0.75039

Nt=0.5 0.15567 0.27188 6.8e-03
=50, § =04, M=0.5, Pr=07, Le=3.0, Nb=01 '~ " 030039 015
Le=2.0 0.57598 0.57830

Le=2.5 0.70500 0.70037 1.07e-05
a=5.0, f =04, M =05, Pr=07, Nb= Nt=01  [*_0 082019 089945

Table 4. True and predicted value of Sherwood number(—¢'(0).
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Figure 3. Influence of fluid parameter 8 on f'(n).

6. Analysis and Discussion of Results

6.1. Velocity Profile

Figure 2 depicts the effect of the Prandtl-Eyring fluid parameter (o = 4,5, 6) on velocity distribution.
In the boundary layer regime, the Prandtl-Eyring fluid parameter enhances momentum due to the
reduction in viscous force for higher values of the parameter o. Consequently, for higher values of the
material parameter «, the momentum layer significantly widens, as observed in the contour graph.

An impact of fluid parameter (5 = 0.5,0.9,1.1) on velocity profile is adorned in Figure 3. The minor
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Figure 5. Influence of Brownian motion parameter Nb on 6(n).

under-estimated fluid parameter values exhibit minimal linear momentum reduction in boundary layer
thickness. The fact that the velocity curves overlap each other indicates that the fluid parameter (5
adjustment has negligibly changed the velocity field.

Figure 4 ensures the impact of Hartmann number (M = 0.5,1.0,1.2) on fluid velocity in the form of a
contour graph. This figure demonstrates that the relation between independent variable n and velocity
field display decimation. In further, amplifying the transverse magnetic field decreases the momentum
profile. This crucial finding confirms that the magnetic field yields the Lorentz force, which diminishes
the momentum. Therefore, a suitable magnetic field can be utilized to significantly handle blood flow
during surgery.
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Figure 7. Influence of Prandtl number Pr on 6(n).

A comparison of the obtained skin friction coefficient (i.e., « = 1, § = 0) with the existing literature
[49-51] is elucidated in Table 1. The impact of the Hartmann number (M = 0,0.5,1.0,5.0,10.0) on
1”(0) is validated by the precision of the proposed scientific scheme and determined to exhibit signifi-
cant agreement. The current findings indicate its potential for hemorrhage control in biological tissue
adhesion.
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Figure 8. Influence of Lewis number Le on ¢(n).

6.2. Thermal and Concentration Profiles

The fluctuations of Brownian motion parameter (Nb = 0.5, 1.0, 1.5) on thermal field is elucidated in Fig-
ure 5. The random dispersion of nanoparticles in liquids is termed Brownian motion. The kinetic energy
of the fluid molecules is converted into heat energy as a result of the random movement’s intensification
of the collision of nanoparticles with particles. As a result, the temperature rises. Furthermore, the
thickness of the thermal boundary layer region is less than a strip of the boundary layer of momentum,
as demonstrated in this graphical representation.

Figure 6 depicts the influence of the thermophoresis parameter (Nt = 0.1,0.5,1.1) on the tempera-
ture field. The present graph ensures the physical significance and shows a gradual rise in the thermal
boundary layer for fewer variations of the thermophoresis parameter. Due to the fact that the ther-
mophoresis mechanism leads particles to travel quickly from a heated continent to a cooler area. This
consequence facilitates the transport of nanoparticles from a hot location to a cold one.

Figure 7 exhibits the consequence of Prandtl number (Pr = 0.7,0.9,1.2) on temperature profile.
The value of the Prandtl number signifies the interaction between viscous and thermal conductivity. In
physical phenomenon, the fluid with a higher value of the Prandtl number carries a downward thermal
conductivity. This fact is attested to the current simulated outcomes, as seen in the Figure 7. The
graphic illustrates that the higher Prandtl number leads the flow to drive contours towards the surface
temperature that is extending or decreasing.

The contour effect of Lewis number (Le = 2.0,2.5,3.0) on the concentration distribution is enlightened
in Figure 8. According to the description of the Lewis number, a more elevated Lewis number lessens the
mass diffusivity. Physically, the diffusion coefficient diminishes due to the inverse relationship between
Le and Nb. This figure proves that the concentration of nanoparticles and boundary layer thickness
declines for an improving Lewis number.

Finally, Figure 9 illustrates the effect of the physical quantities on a broad range of pertinent param-
eters, such as a, 8, M, Nb, Nt, Pr, and Le. In these regression graphs, the numerical and anticipated
data points lie close to the diagonal line and are located along it. Furthermore, Table. 2-4 explores the
true and forecasted results of the proposed model. Also, it provides the difference between true and pre-
dicted values in the name of mean squared error. The expected outcomes closely resemble the numerical
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Figure 9. True Vs Predicted values of physical quantities.

values with minimal error. Accordingly, these patterns of technological advancement are expected to
continue in the future, impacting computationally challenged sciences.
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7. Enumerated Key points

The velocity, temperature, and concentration distributions of the Prandtl-Eyring nanofluid past a
stretching surface phenomenon are numerically scrutinized. Moreover, machine learning is integrated
based on the numerical findings to predict the physical quantities. The specific findings are as follows:

e The Prandtl-Eyring fluid parameter o upsurge the velocity profile. The features of thermophoresis

and Brownian motion elevate the temperature.

The Hartmann number M and Prandtl-Eyring fluid parameter 8 have an identical influence on
fluid momentum, which improves the hemorrhage control in surgeries.

The flow simulation is numerically treated by means of the NDSolve method and excellent agree-
ment is found when compared to the Runge-Kutta-based shooting technique, homotopy pertur-
bation method, and implicit finite difference method with quasi-linearization technique.

The ML technique employed in this research executed well in forecasting the physical quantities
of interest with minimal error 1073,

An incorporation of numerical and machine learning techniques successfully observed the solution
for the prospects of bioactive tissue adhesives onto a stretching sheet. It will be helpful for future
endeavors in means of heat transfer estimation, which optimize the adhesion process and predict
the delivery of medication to target areas.

The current findings reveal that it has a great potential for blood flow control in surgeries. Hence, the
proposed numerical technique and regression analysis improve the application of the viscoinelastic flow
regime in medicated tissue adhesive.

Nomenclature

o, B Non-dimensional fluid parameters

NATD EeeT LS

w

<

Space variable
True value

(preq) Predicted value

Dynamic viscosity(kgm1s™!)
Dimensionless concentration

(z,y) Stream function

Density of the fluid(kgm=3)
Electrical conductivity(sm 1)
Effective heat capacity of the nanoparticle
wall shear stress(Wm™2)
Dimensionless temperature

Material parameter(kg/ms?)
Stretching Parameter(1/s)

Magnetic Field(Tesla)

Bias term

Concentration

Material parameter(1/s)

Specific heat(Jkg K1)

Free stream concentration

Skin friction coefficient

Brownian diffusion coefficient(m?/s)
Thermophoresis diffusion coefficient
Dimensionless velocity
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k/pc, Thermal diffusivity(m?s~1)

Le
M
mo
Nb

Lewis number

Hartmann parameter
Weight term

Brownian motion parameter
Thermophoresis parameter
Local Nusselt number
Prandtl number

Mass flux(kg/m?s)

Heat flux(Wm~2)

Local Reynolds number
Local Sherwood number
Temperature(K)

Ambient temperature
Velocity components(ms~1)

Uy () Stretching velocity(ms™!)

Kinematic viscosity(m?s~1)
Horizontal and vertical coordinates(M)
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