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ARTICLE INFO ABSTRACT
Keywords: Accurate prediction of the coupled thermal and hydraulic behaviors of nanofluids in heat exchangers potentially
Thermo-hydraulic properties avoids repetitive experimental testing. Thus, the present study aimed to develop a data-driven surrogate

Transformer oil

Heat exchanger

Hybrid nanofluid
Artificial neural networks
Inclusive innovation

modeling framework capable of predicting the thermal and hydraulic behaviors of MgO and MgO-CuO /
Transformer Oil nanofluids in a plate-fin heat exchanger in a temperature range of 30-70 °C. We digitized
literature-sourced data using WebPlotDigitizer and reconstructed heat transfer and flow-rate experimental curves
with piecewise cubic Hermite interpolation, maintaining monotonic behavior in the time dimension. Four in-
dependent forward feedforward 2-5-1 architecture artificial multilayer perceptrons, trained using the
Levenberg-Marquardt technique, predicted overall and convective heat transfer coefficients, Reynolds number,
and pumping power. Reliability was demonstrated through 30 individual runs, 10-fold cross-validation, repeat
internal holdout, grouped anchor holdout, and boundary stress tests. The results were compared with support
vector regression with radial basis function (SVR-RBF), random forest regression (RFR), and a multilayer per-
ceptron trained via stochastic gradient descent with momentum. The overall percentage error (mean absolute
error, MAE) for the four parameters for the Levenberg-Marquardt approach was 2.363, 0.433, 1.055, and
0.280%; the mean coefficient of determination (R2) ranged from 0.97838 to 0.99789. No approach dominated
overall; alternative models had minimal training error for individual output variables, while the Levenberg-
Marquardt framework produced the most evenly distributed results and the lowest variability among the four
coupled responses. Under boundary evaluation, this framework captured the highest overall efficiency (lowest
root mean square errors for both the convective heat transfer coefficient, 25.491 W/m?K, and the Reynolds
number, 21.653). Under the given boundary conditions, changes in oil viscosity due to heat input altered hy-
draulic flow-rate behavior, while adding nanoparticles changed thermal efficiency and the pumping energy cost
ratio. By integrating multiple response models, comparing algorithms, and using a boundary-validation
approach, the constructed framework may provide very fast intra-domain filtering of the thermo-hydraulic
design. Nevertheless, its usability is limited to the described test conditions for the mentioned fluid and
exchanger type.

* Corresponding author.
E-mail addresses: mtaner340@gmail.com, mtaner@gelisim.edu.tr (M. Taner).

https://doi.org/10.1016/j.mtcomm.2026.116069

Received 29 July 2026; Received in revised form 30 August 2026; Accepted 3 September 2026

Available online 8 September 2026

2352-4928/© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:mtaner340@gmail.com
mailto:mtaner@gelisim.edu.tr
www.sciencedirect.com/science/journal/23524928
https://www.elsevier.com/locate/mtcomm
https://doi.org/10.1016/j.mtcomm.2026.116069
https://doi.org/10.1016/j.mtcomm.2026.116069
http://creativecommons.org/licenses/by/4.0/

N.S.S. Singh et al.

Materials Today Communications 56 (2026) 116069

Nomenclature

Symbol Definition, Unit

bn Hidden-layer bias vector, Dimensionless

b, Output-layer bias, Dimensionless

€ Prediction error for the ith sample, Same as the
corresponding output

e Vector of prediction errors, Same as the corresponding
output

F(w) Objective function minimized during network training,
Output-dependent squared unit

H Approximate Hessian matrix, Dimensionless after
normalization

I Identity matrix, Dimensionless

J Jacobian matrix of network errors, Dimensionless after
normalization

m Number of training samples, Dimensionless

n Total number of evaluated samples, Dimensionless

R Correlation coefficient, Dimensionless

R? Coefficient of determination, Dimensionless

Re Reynolds number, Dimensionless

T Operating temperature, °C

w Vector of network weights and biases, Dimensionless

Wij Weight connecting the input and hidden layers,
Dimensionless

Wi, Weight connecting the hidden and output layers,
Dimensionless

X1 Normalized temperature input, Dimensionless

X2 Numerically encoded nanofluid-structure input,
Dimensionless

Vi Reference value of the ith sample, Same as the

corresponding output

¥i ANN-predicted value of the ith sample, Same as the
corresponding output

y Mean of the reference values, Same as the corresponding
output

v Mean of the ANN-predicted values, Same as the
corresponding output

Greek symbols

Symbol Definition, Unit

A Levenberg-Marquardt damping parameter, Dimensionless

Abbreviations

Abbreviation Definition, Unit, where applicable

AE Absolute error, Same as the corresponding output

ANN Artificial neural network, —

CHTC Convective heat transfer coefficient, W m= K-!

HNF Hybrid nanofluid, —

HT Heat transfer, —

LM Levenberg-Marquardt, —

ML Machine learning, —

MLP Multilayer perceptron, —

MSE Mean squared error, Output-dependent squared unit

NF Nanofluid, —

NP Nanoparticle, —

PP Pumping power, W

RF Random forest, —

RMSE Root mean square error, Same as the corresponding output

SGD Stochastic gradient descent, —

SVR Support vector regression, —

UHTC  Overall heat transfer coefficient, W m=2 K!

1. Introduction
1.1. Motivation and engineering context

Plate-fin heat exchangers (PFHEs) are used in diverse applications,
including power systems, auto-coolers, aircraft systems, refrigerating
units, and small energy-conversion devices, because they achieve high
HT capacity in a confined volume through very high surface-area den-
sity [1,2]. But the system efficiency was determined not just by heat
transfer (HT) performance, but also by a rise in flow resistance and thus
pressure loss and circulation energy that was conventionally accompa-
nied by increasing the HT rate; such that a performance value based only
on a thermal index may show itself very uneconomical when an analysis
on the hydraulic penalty aspect was carried out [3,4]. In PFHEs, where
long, narrow channels and repeated boundary-layer development
through an arrangement of separated fins were inevitable, both thermal
and hydraulic phenomena were highly sensitive to working-fluid prop-
erties and operating conditions [5-7]. Transformer cooling is an appli-
cation where such trade-offs must be carefully managed: Transformer
oil, besides its role in electrical insulation, also dissipates the power
generated in windings and magnetic circuits. However, because of its
thermal properties (comparatively poor thermal conductivity) and the
tendency of oil viscosity to change with T, poor heat dissipation can
easily lead to high-T hot spots and accelerate oil deterioration when the
thermal load increases. By dispersing small solid particles (NPs) in it, the
modified transport characteristics of the resulting nanofluid (NF) arose.
However, combining two different types of NPs forms a hybrid nanofluid
(HNF), whose advantages over mono-NF can be even more varied
[8-11], for example concerning thermal conductivity, viscosity, and
even interfacial energy transport, besides other important factors.

Nevertheless, enhanced HT ability of an NF did not ensure efficiency.

Introducing particles, especially at concentrations that can significantly
enhance thermal performance, can raise viscosity, while increasing T
decreases viscosity; therefore, the relative contribution between thermal
gain and circulation power changes, and an optimum solution might be
available in the system. Consequently, evaluating NF-enhanced PFHEs is
best approached through simultaneous measurements of both thermal
and hydraulic performance. To be able to present diverse aspects of
thermal-hydraulic behavior, some parameters must be measured for
different values, such as UHTC representing combined thermal resis-
tance, CHTC as convective heat transfer coefficient (CHTC) between
flow and surface, Reynolds number (Re) denoting the relationship be-
tween inertia and viscous forces in a flow, and pump power (PP). Results
obtained under certain operating conditions may not show the same
trend across conditions because Reynolds number, CHTC, and UHTC
depend nonlinearly on operating parameters, and boundary-layer
properties change with different NP formulations, affecting pressure
drop and, in turn, pump power.

1.2. Recent experimental and data-driven studies

A strong connection between NF composition and performance
characteristics was evident in many experimental studies and optimi-
zation analyses in recent years. For instance, Tekir et al. [12] tested
FeO/water and FeO-Cu/water HNFs in a plate heat exchanger and
measured the impact of both fluid composition and external HT system
parameters on effectiveness, Nusselt number (Nu), and CHTC concur-
rently. Patel et al. [13] presented experimental work in investigating the
effect of Cu and AlO mono- and hybrid NFs within a square-pyramid
solar still, determining that the AlO-Cu blend with an 80:20 ratio yiel-
ded the highest distilled output and efficiency values; there was clearly
potential for proportions of different NPs to greatly affect a system’s
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overall thermal behavior. Babaelahi et al. [14] studied a plate-tube and
fin heat exchanger using multi-objective optimization, determining that
system thermal improvement could only be taken in tandem with total
volume and PP. Machine learning (ML) approaches, more specifically
artificial neural networks (ANN), began to be used in analysis because
more empirical thermal-hydraulic data are available for predicting fluid
flow and HT behavior. For example, Aktas et al. [15] sought to use both
experimental data and an ANN and a PINN to predict the Nusselt number
(Nu) and coefficient of heat transfer (CHTC) behavior of AlO/water NFs
in an automotive PFHE. Through this method, they optimized the NF
concentration to achieve maximum performance; for CHTC, they
measured up to a 56.3% increase in coefficient compared to the base
fluid at an optimal 0.05% NP concentration that declined with higher
concentrations due to the detrimental effect of both elevated viscosity
and particle aggregation and measured the highest correlations to be an
R of 0.9567 and R of 0.9762 in both models respective to Nu and CHTC.
They then used an ANN and optimized heat exchanger volume with the
same fluid in another investigation to maximize Nu and measured a
considerable trade-off. Montazerifar et al. [16] investigated a
three-stream PFHE with a fracture-type fin containing a different type of
NF with computational fluid dynamics and optimization and measured a
notable trade-off relationship between the three parameters: Nu, Col-
burn factor, and PP. Dhivagar et al. [17] took an experimental approach
and showed that refrigerant distribution and load affected heat flux,
CHTC, and effectiveness in a mini PFHE application for battery thermal
management. Li et al. [18] employed four ML models to predict local
CHTC and unit pressure drop of supercritical methane in a
printed-circuit heat exchanger. The training data consisted of 6213 local
data segments, and an ANN prediction for CHTC had an R value of
0.9994, while the pressure-drop prediction had an R value of 0.9996.
When a trained ANN model was integrated into a 1D calculation, the
results for T and pressure distributions agreed well with the numerical
solution. Alharthi et al. [19] designed a feedforward ANN based on the
Levenberg-Marquardt (LM) algorithm to predict Nu and the friction
factor of AlO/water NF with conically coiled tubes. The correlation
coefficient between predicted values and the test data was 0.9952 for Nu
and 0.9482 for the friction factor, indicating that the LM training al-
gorithm can well mimic nonlinear thermo-hydraulic behavior under
limited-data conditions. For plate heat exchangers, Alklaibi et al. [20]
experimentally analyzed FeO-SiO/water HNFs and proposed correla-
tions and an ANN model for Nu, friction factor, and thermal perfor-
mance. An optimized ANN gave an R? value of 0.965, and the proposed
correlations predicted Nu with 2% error and the friction factor with 3%
error. Borode et al. [21] used experiments, RSM, and ANN models to
correlate thermal conductivity, electrical conductivity, and viscosity of
GNP-FeO HNFs; the ANN models predicted these responses more accu-
rately than RSM; however, it showed that an optimal number of hidden
neurons is particular for each response-an ANN architecture suitable for
prediction of a certain response might not applicable to prediction of
other response. Aksoz et al. [22] used the ML in order not only to predict
response but also to understand which variables, namely Re and ge-
ometry characteristics of vortex generator, cause changes in thermal
performance indicator, Nu and friction factor using decision tree and
eXplainable ML.

Table 1 summarizes the scope of the reviewed investigations and
clarifies their relationship to the present study.

Three areas still need improvement. First, most reported models
predicted thermophysical properties or a few heat-exchanger responses,
such as Nu, CHTC, or friction factor. The coordinated evaluation of HT
enhancement and circulation energy expenditure was less common. The
second area relates to the databases used: although most ANN in-
vestigations used the thermophysical properties of either water-based
NFs or traditional coolants, and artificial databases derived from
computation, far less was published on transformer-oil-based mono &
hybrid NFs in PFHEs in a data-driven way. Finally, high reported cor-
relations derived from just one data split did not indicate model stability

Table 1
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Comparison of previous studies and the present work.

Reference Investigated Main outputs Scope relative to
system and the present study
method

Tekir et al. Fes0s/water and Effectiveness, Examined coupled

[12] Fes0s—Cu/water Nu, CHTC thermal responses
HNFs in a plate heat but did not establish
exchanger; a multi-response
experimental surrogate

framework

Patel et al. Cu and Al20s mono Productivity, Demonstrated the

[13] and hybrid NFs in a efficiency importance of NP
solar still; mixing ratio but did
experimental not examine PFHE

thermal-hydraulic
responses

Babaelahi Plate-tube and fin Heat-exchanger Optimized thermal

etal. [14] heat exchangers; volume, PP and hydraulic
multi-objective performance
optimization without developing

a predictive ANN
framework

Aktas et al. Al:Os/water NF in Nu, CHTC Compared two

[15] an automotive learning approaches
PFHE; but focused
experimental, ANN, primarily on
and PINN thermal outputs

Montazerifar Three-stream PFHE Nu, Colburn Investigated

etal. [16] with an oil-based NF  factor, PP thermal-hydraulic
and fractal fins; optimization but not
numerical transformer-oil
optimization mono and hybrid NF

prediction

Dhivagaretal.  PFHE for battery CHTC, heat flux, Examined compact

[17] thermal effectiveness heat-exchanger
management; performance
experimental without data-driven

prediction

Lietal [18] Supercritical- Local CHTC, unit ~ Provided ML

Alharthi et al.
[19]

AlKlaibi et al.
[20]

Borode et al.
[21]

Aksoz et al.
[22]

Present study

methane printed-
circuit heat
exchanger;
numerical data and
four ML models
Al20s/water NF in
conically coiled
tubes; experimental
and ANN

Fes04-Si02/water
HNF in a plate heat
exchanger;
experimental and
ANN

GNP-Fe20: HNF;
experimental, ANN,
and RSM

Heat exchanger
with vortex
generators; ML and
explainable analysis
MgO/transformer
oil and MgO-CuO/
transformer oil NFs
in a PFHE; four
independent ANN
models

pressure drop

Nu, friction
factor

Nu, friction
factor, thermal
performance

Thermal
conductivity,
electrical
conductivity,
viscosity

Nu, friction
factor, thermal
performance
indicator
UHTC, CHTGC, Re,
PP

validation but did
not examine NFs or
transformer-oil
systems

Applied LM training
but did not
investigate a PFHE
or hybrid
formulation
Investigated an HNF
but was limited to a
water-based
working fluid and
fewer responses
Predicted fluid
properties rather
than system-level
PFHE responses

Focused on
geometric effects
rather than NF
formulation
Integrates thermal
and hydraulic
predictions,
compares mono and
hybrid formulations,
and evaluates model
stability through
repeated and cross-
validated analyses
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or generalizability: re-training independently with enough cross-
validation runs, reporting errors with uncertainty analysis, and
comparing different learning techniques had to be practiced, especially
when the data was small and interpolated as described here.

1.3. Proposed framework, novelty, and paper organization

The current study aimed to determine whether the T and NF struc-
ture constitute an input space with sufficient information to predict
UHTC, CHTC, Re, and PP for mono- and hybrid transformer oil NFs in
the experimental range, enabling stable predictions. In response to the
question, the experimental data on MgO/transformer oil and MgO-CuO/
transformer oil NFs in PFHE, provided in reference Sandhya et al. [23]
was first reproduced and consolidated into a continuous in-domain
dataset, with T and NF structure (representing mono or hybrid formu-
lation) as the inputs. Four separate feedforward ANN models, each
trained to predict a single output using the LM algorithm (assuming the
models were interpolative surrogate models rather than mechanistic
flow models/extrapolation tools), were then developed. This study
proposed three novel contributions to the current body of knowledge in
this area. First, it proposes a consolidated architecture that incorporates
four independent ANN models with two thermal response characteristics
(UHTC, CHTC) and two hydraulic flow characteristics (Re, PP),
providing insight into both the thermal benefit and the hydraulic cost of
running with NFs within a single context. Second, it directly contrasted
monotype NFs (MgO/transformer oil) with hybrid NFs (MgO-CuO/-
transformer oil) under identical operating parameters and assessed how
T and formulation influenced the predicted response sensitivities.
Finally, it investigated the reliability of predictions through successive
multiple independent training runs and statistics from 10-fold
cross-validation and uncertainty calculations, as well as comparisons
with commonly used other ML methods including support vector
regression (SVR), random forest regression (RF), and a multilayer per-
ceptron (MLP) trained with stochastic gradient descent (SGD). These
additions demonstrated predictive stability versus agreement due to a
favorable single partition.

2. Data reconstruction and ANN modeling methodology
2.1. Source data digitization and PCHIP reconstruction

Dataset: The dataset used in this study was reconstructed from the
experimental thermo-hydraulic data as shown in the published figures
by Sandhya et al. [23] corresponding to MgO/Transformer Oil and
MgO-CuO/Transformer Oil NFs traversing the plate-fin heat exchanger.
The WebPlotDigitizer tool [24] was used to digitize the numerical data
for UHTC, CHTC, Re, and PP from the published figures. The available
experimental responses were given at five nominal Ts of 30 C, 40 C, 50 C,
60 C, and 70° C. For each NF composition, the closest available digitized
experiment to each nominal T was taken as a reference anchor. Some
deviations were expected between the digitized and nominal values due
to the figures' resolution and cursor position during data digitization.
Nevertheless, the nearest nominal T was assigned to each anchor,
enabling their usage in the later reconstruction procedure. A total of ten
data points, comprising five operating Ts and two different composition
NFs, were considered as the digitized reference anchors. A range of Ts
from 30 C to 70° C with an interval of 1° C was designated, and a uni-
versal T grid (2.65, 2.65 + 1, ..., 70) was created. Piecewise Cubic
Hermite Interpolating Polynomial (PCHIP) [25] interpolation method,
as implemented in MATLAB(®), was employed for each target response
for each NF separately. Conventional cubic-spline interpolation was
bypassed in favor of PCHIP for its ability to preserve the local shape and
monotonicity of the digitized figures while avoiding non-physical
overshooting between adjacent reference points. We obtained 41 T
points for each NF composition, for a total of 82 points. Among these
points, 10 corresponded to the digitized reference anchors (5 for each
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NF), whereas the remaining 72 were generated via interpolation and
were not considered separate, statistically independent, or new experi-
ments. Therefore, the developed model was interpreted as a data-driven
surrogate model aimed at interpolating between the available operating
conditions (T and NF composition). Two variables were used as ANN
inputs; T was used as a continuously varying input, while NF composi-
tion type was used as a discrete, categorical input represented by the
values 0 and 1 to describe MgO/Transformer OQil and
MgO-CuO/Transformer Oil NF, respectively. The resulting models pre-
dict UHTC, CHTC, Re, and PP for either fluid mixture or either heat
exchanger configuration under the considered Ts and NF compositions.

2.2. ANN architecture and training configuration

Four separate feedforward MLP networks were constructed to pre-
dict UHTC, CHTC, Re, and PP. The networks included two neurons
representing T and NF structure as inputs, one hidden layer of five
neurons, and one output neuron that predicted the target responses. So,
a 2-5-1 MLP architecture was trained randomly and independently for
each thermo-hydraulic property [24-26]. Separate single-output net-
works were used to avoid interaction among the target variables because
of differences in response scales and behavior [27]. The tangent-sigmoid
transfer function was used for the hidden layer to map the nonlinear
input-to-output relationship, while the linear transfer function was
applied in the output layer to obtain continuous predicted responses.
The networks were generated in MATLAB R2018b using the Neural
Network Toolbox and trained with the LM backpropagation algorithm.
The maximum number of training epochs was set to 200, the normalized
MSE goal was set to 1 x 10 —6, and training stopped when validation
performance did not decrease for six consecutive epochs. For each
experiment, we selected the best model based on validation perfor-
mance, without considering test performance.

2.3. Data preprocessing and repeated internal assessment

For every independent run, the reconstructed dataset was divided
into training, validation, and test subsets using stratified random sam-
pling based on NF structure. The proportions assigned to training,
validation, and testing were 60%, 20%, and 20%, respectively. Because
the reconstructed dataset contained 41 records for each NF formulation,
each run contained 50 training records, 16 validation records, and 16
test records. Stratification ensured that both NF formulations were
represented at comparable proportions in all three subsets. The training
subset was used to determine the network weights and biases, while the
validation subset controlled early stopping and model selection. The test
subset was not involved in parameter estimation or model selection and
was used only to evaluate internal reconstruction consistency. The
minimum and maximum values required for input and output normal-
ization were calculated exclusively from the training subset. We then
applied these unchanged normalization parameters to the validation
and test subsets, preventing information from the evaluation subsets
from influencing preprocessing. To account for the sensitivity of ANN
training to data partitioning and initial weights, we independently
trained each of the four networks 30 times using distinct reproducible
random seeds. We calculated performance indices separately for each
run and reported the mean and standard deviation. Because the
randomly divided records originated from the same reconstructed
curves, we interpreted this assessment as an evaluation of ANN fitting
stability and internal prediction consistency rather than independent
experimental generalization.

2.4. Leakage-aware grouped anchor-holdout validation
A second validation approach was added to reduce the information

leakage introduced by adjacent PCHIP records. The five nominal Ts were
separated into distinct T classes. Within each of the five folds, all
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digitized anchors belonging to one nominal T were simultaneously
deleted from each of the NF formulas before the PCHIP reconstruction.
This ensures that the response values of the deleted anchor could not
affect the reconstructed grid on which training was performed. A 2°C T
buffer on either side of the deleted anchor T was also removed from the
reconstructed training grid, limiting the influence of more recently
interpolated data and imposing a tougher evaluation of the learned
relationship. The remaining records were split into training (80%) and
validation (20%) sets, and normalization parameters were computed
solely on the training subset. The reconstructed anchors at 40, 50, and
600 °C were considered for interpolation, as they still fell within the
interpolation boundaries created by the chosen reference anchors.
However, the anchors at 30 and 70 °C’ representing extrapolated
boundary tests, were considered separately, as their removal resulted in
training ranges of 40-70°C and 30-60°C’ respectively. Thus, boundary
behavior was not deemed reliable evidence of applicability beyond the
experimental range of original data. Each grouped validation fold was
repeated 30 times with different random initializations of the network;
all held-out anchors had their predictions recorded and summarized as
interpolation or extrapolation behavior (or all included), respectively.
This anchor-level test was considered to be the primary test of prediction
ability. Standard random 10-fold cross-validation across the 82 recon-
structed records was avoided, as random sampling would significantly
duplicate both original and derived (PCHIP-generated) points between
training and testing folds, overstating generalization performance. This
classification by nominal T was believed to represent a more conserva-
tive approach for a dataset of this type.

3. The LM training formulation

The weights and biases of each MLP were estimated using the LM
algorithm, an efficient nonlinear least-squares optimization method for
small and moderate-sized regression networks [28,29]. For the ith
training sample, let yi denote the reference response, yi(w) the network
prediction, and ei(w) = yi — yi(w) the prediction error, where w is the
vector containing all trainable weights and biases. The objective func-
tion minimized during training is
Fw) = ij e(w)? @
a 2 i =1 '

For m training samples and p adjustable parameters, the Jacobian
matrix contains the first derivatives of the residual vector with respect to
the network parameters:

de;(w)

Jo= o= L
J

mj = 1, .. p @

At iteration k, the gradient of the half-sum-of-squares objective and
the Gauss-Newton approximation to its Hessian are given by Egs. (3)
and (4), respectively:

& = Jle 3)

Hk ~ JkT Jk (4)

The LM update augments the Gauss—Newton matrix with a damping
term and updates the parameter vector according to

we o1 o= we — ("I + lkl)ileTek %)

Here, ex and J« are the residual vector and its Jacobian at iteration k,
Hxk is the approximate Hessian, I is the identity matrix, and Ak > 0 is the
damping factor. A relatively large A« produces small gradient-descent-
like steps and improves robustness away from the minimum, whereas
reducing A« makes the update approach the faster Gauss—Newton step
near the solution [30]. The damping term also improves the numerical
conditioning of the matrix in Eq. (5). These relations describe ANN
parameter optimization; they do not govern fluid flow or HT.

Materials Today Communications 56 (2026) 116069
3.1. Statistical performance measures

Prediction error was quantified using the mean squared error (MSE),
root mean squared error (RMSE), mean absolute error (MAE), and mean
absolute percentage error (MAPE). Agreement between the reference
and predicted responses was assessed using the Pearson correlation co-
efficient (R) and the coefficient of determination (R?) [31-34]. For n
evaluation samples, these measures are defined as follows:

== ©
n

(@]
(€©))
MAPE — 199 y‘y;y'l )
i=1 L
N )
R = i=1 10)
\/(z@,yf)(zl(yiy)z)
S oo 9
R = 1 - =1 an
ORI

In Egs. (6)-(11), yi and yi are the reference and ANN-predicted
values, respectively; ¥ and the overbarred y denote their sample
means; and n is the number of evaluated samples. MSE has squared
output units, RMSE and MAE retain the unit of the predicted response,
MAPE is expressed as a percentage, and R and R? are dimensionless. The
Pearson coefficient ranges from —1 to 1, with values approaching 1
indicating strong positive linear agreement. We calculated each metric
separately for every independent run and reported the final performance
as the mean + standard deviation over 30 runs. Because the recon-
structed dataset contains interpolation-generated samples, we inter-
preted the random-split results as internal reconstruction consistency,
whereas the grouped anchor-holdout results served as a more stringent
robustness assessment.

4. Performance stability over independent runs

Table 2 shows the performance of the developed models with respect
to data partitioning and network initialization, including the mean and
standard deviation of RMSE over the training, validation, and test sets
for each ANN, as well as the test-set MAPE and R All four response
variables have a MAPE below 0.12%, while the mean test-set R2 was
above 0.9996 for all four response variables. The closeness between the
training and testing set errors also suggested the models faithfully
reconstructed the response surfaces across data splits, a consistent
pattern hidden by the reported single-trial test-set result.

5. K-fold cross-validation

Fig. 2(a—-d) presents fold-wise RMSE values obtained from conven-
tional ten-fold cross-validation for UHTC, CHTC, Re, and PP. The mean
RMSE for UHTC was 3.67 W/m?>K, with values ranging from 1.91 to
5.44 W/m?.K. CHTC produced a mean RMSE of 1.072 W/m? K, with a
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Table 2

Mean + standard deviation of ANN performance over 30 independent runs.
Output Training RMSE Validation RMSE Testing RMSE Testing MAPE (%) Testing R?
UHTC 1.732 £ 1.066 2.041 +1.045 2.379 + 1.355 0.1131 £ 0.0733 0.999919 + 0.000131
CHTC 0.718 + 1.954 0.596 + 0.921 0.926 +1.913 0.0588 + 0.1091 0.999641 + 0.001572
Re 0.429 + 0.193 0.578 + 0.308 0.639 + 0.398 0.0805 =+ 0.0355 0.999988 + 0.000016
PP 1.687 x 107 + 1.626 x 1077 2.570 x 1077 £ 1.912 x 107”7 2.842 x 1077 + 1.873 x 1077 0.0229 £ 0.0158 0.999981 + 0.000029

The RMSE values are reported in W/m?>K for UHTC and CHTC, as dimensionless values for Re, and in W for PP.
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Fig. 1. Schematic representation of the single-output feedforward backpropagation neural network architecture independently developed for predicting UHTC,

CHTC, Re, and PP.

range of 0.50-2.02 W/m?K. The corresponding mean RMSE for Re was
2.47, with minimum and maximum values of 1.62 and 3.17, respec-
tively. For PP, the mean RMSE was 1.69 x 10 W, while the fold-
specific values varied from 9.4 x 1075 to 2.80 x 10™* W. These results
indicated that the response models did not exhibit the same degree of
sensitivity to changes in fold composition. The relatively small errors for
the two heat-transfer coefficients show that the networks reproduced the
smooth T-dependent thermal responses in the reconstructed dataset.
However, UHTC exhibited a broader fold-to-fold error range than CHTC.
This difference relates to the physical meaning of these responses. CHTC
primarily characterized convective exchange between flowing NF and
the heat-transfer surface, whereas UHTC incorporated the combined
effects of convective resistances, wall resistance, and the interaction
between the thermal responses of heat-exchanger streams. UHTC
therefore showed a more integrated system response and can exhibit
stronger curvature when T and NF formulation are varied. The greater
separation between the UHTC curves of mono and hybrid NFs, partic-
ularly at higher Ts, also made the prediction error more sensitive to
which records were assigned to each fold.

In contrast, the comparatively gradual variation of CHTC provided a
smoother relationship for the network to approximate. The narrow
RMSE interval obtained for Re indicated that the model consistently
reproduced the dominant monotonic variation of flow regime with T
and NF structure. Physically, Re depended on the balance between in-
ertial and viscous effects. Increasing T generally decreased the viscosity

of transformer oil, thereby increasing Re under otherwise comparable
flow conditions. Introducing MgO or MgO-CuO particles can addition-
ally modify the effective viscosity and density, producing different Re
responses for two NF formulations. Because the network was not sup-
plied with viscosity and density independently, it did not explicitly
calculate these mechanisms. Instead, T and NF structure acted as sur-
rogate variables that encoded their combined influence within the
experimental data. The limited fold-to-fold variation therefore indicated
that this combined relationship was represented consistently, but it did
not demonstrate independent learning of viscosity or density effects.PP
displayed the largest relative variation among the fold-specific errors
despite its small absolute RMSE. This behavior was physically reason-
able because PP depended on pressure loss and volumetric flow rate and
was consequently sensitive to relatively small changes in viscous resis-
tance. T-induced viscosity reduction tended to decrease the pressure
required to circulate the fluid, whereas NP addition may increase flow
resistance depending on the resulting rheological properties. Small dif-
ferences in the PP records assigned to each fold can therefore produce
noticeable relative changes in RMSE because PP varied over a narrow
numerical range. The absolute magnitude of its RMSE should therefore
be interpreted alongside the scale of the response rather than considered
alone. Overall, ten-fold results demonstrated stable fitting of the
reconstructed response curves, particularly for UHTC, CHTC, and Re.
Nevertheless, conventional random-fold cross-validation did not pro-
vide fully independent experimental validation in the present dataset.
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Neighboring PCHIP-generated records derived from the same experi-
mental anchors may occur in both the training and test folds, allowing
information from a common underlying curve to be represented in both
subsets.

6. Prediction results and analysis
6.1. Comparing various performance functions

Fig. 3(a-d). Each converged to its validation best without oscillation
or renewed error increase. For UHTC, CHTC, Re, and PP, the best vali-
dation epochs were 46, 18, 13, and 8, respectively. Such wide variance
suggested that different amounts of parameter update were needed to
characterize the input-output response of each measurement. As sepa-
rate networks were trained for different-scale data, the relative MSE
values were comparative only within each panel. The training, valida-
tion, and test errors for UHTC were 9.568, 5.015, and 11.018. The fact
that the validation error was smaller than the training error did not
mean the network was behaving abnormally; it merely indicated that
randomly selected validation records happened to fall within a smoother
range of responses.

The number of epochs required for the validation best for UHTC was
the highest of the four, which made sense given that UHTC is a whole-
system parameter and a summation/integration of multiple local con-
tributions, like separated wall resistance and convective-wall resistance,
not just one component like flow conditions at a single wall. As one
increased T and/or NF formulation to make hybrid NF give an advantage
over mono NF formulation (which was more efficient than separated
wall T drop because it included HT along the wall in NF, not solely the
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Fig. 2. Fold-wise RMSE values obtained from conventional ten-fold cross-validation for (a) UHTC, (b) CHTC, (c) Re, and (d) PP.

resistance of wall HT and convective HT across the interface), UHTC
curvature changed significantly as a result of the increased thermal
merit of hybrid NF. It hence needed longer training and more parameter
adjustments to capture those variable slopes for mono- and hybrid NF
cases. The CHTC and Re reached their validation optima at epochs 18
and 13, respectively; their training/validation/test errors were 0.365/
0.520/1.734 and 3.55/2.35/6.90, respectively. Note that the test error
was generally larger than the others, as the selected test subset might
have fallen within a more stringent operating-condition region than the
training or Validation Sets. Also important, there was no indication that
the training data fit the pattern better than the validation data for too
long before early stopping occurred. CHTC was a measure of convective
heat-transfer coefficient; Re measured the flow state. Both characteris-
tics mostly depended on the combined effect of thermophysical prop-
erties, not the direct impact of T at a specific location or from one
location, as other responses did. Thus, their T-dependent pattern tended
to be more "monotonic," allowing faster convergence with fewer
parameter adjustments to capture these relationships, while the NF
formulation served only as a surrogate for different combinations of
fluid mixtures under operating conditions.

The fastest-converging model, PP, reached optimal validation at
epoch 8, and its training/validation/test MSE were 0.688/1.959/0.943,
respectively. The increased validation error may suggest that PP was
more sensitive to specific data records in its selected validation parti-
tion. Because PP is determined by energy and flow rate, variations in
fluidity (viscosity) and the system's flow resistance may induce differ-
ences even at small flow rates or small P, or in small P drops. However,
the PP response followed a simple relationship with T, so a relatively
short epoch was required.
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Fig. 3. Evolution of MSE during the training of the independently developed MLP-LM models for (a) UHTC, (b) CHTC, (c) Re, and (d) PP, showing the training,

validation, and test subsets.

Fig. 4(a-d) compares the ANN-predicted values with the corre-
sponding reference responses for UHTC, CHTC, Re, and PP. The training,
validation, and test records were distinguished using different markers,
while the identity line represented perfect agreement. For UHTC, the
correlation coefficients were 0.99995, 0.99999, and 0.99996 for the
training, validation, and test subsets, respectively, with an overall R of
0.99996. The corresponding values for CHTC were 0.99998, 0.99999,
and 0.99993, resulting in an overall R of 0.99997. Reproduced R values
of 0.99996, 0.99997, and 0.99993 and an overall value of 0.99996,
whereas the PP model yielded 0.99995, 0.99980, and 0.99993 and an
overall R of 0.99993. Thus, all four models preserved a strong linear
correspondence between the predicted and reference values across the
three data subsets. The thermal responses followed the identity line over
the ranges represented by both NF formulations. For UHTC, the model
reproduced not only the general increase with T but also the progres-
sively greater separation between the mono- and hybrid-NF responses at
higher Ts. This behavior indicated that the effect of NF formulation on
UHTC was not represented as a constant offset; rather, its contribution
varied across the investigated T range. Such behavior is consistent with
the system-level nature of UHTC, which incorporated changes in
convective resistance and the overall heat-transfer pathway. CHTC
exhibited less separation and a smoother variation, explaining the
compact distribution of its predicted values around the identity line. T-
dependent viscosity reduction can promote fluid motion and thermal-
boundary-layer renewal, while NP dispersion modifies the fluid's effec-
tive thermal transport. However, because viscosity and thermal con-
ductivity were not independent ANN inputs, the regression agreement
reflects the combined experimental influence of these mechanisms
rather than their separate quantitative contributions. The Re and PP
results revealed an important coupling between flow enhancement and

circulation-energy demand. Re increased with T, whereas PP generally
decreased. These apparently opposite responses may originate from the
same T-dependent mechanism: reduced transformer-oil viscosity in-
creases the ratio of inertial to viscous forces and therefore raises Re,
while simultaneously reducing flow resistance and the pressure loss
contributing to PP. The NF formulation shifted both hydraulic responses
because particle addition modified the effective density, viscosity, and
internal flow resistance. The close alignment for Re indicates that the
network consistently represented its strong monotonic T dependence. PP
showed the largest reduction in validation correlation, from 0.99995 for
training to 0.99980 for validation. Although this value remained high,
the difference confirms that PP was more sensitive to the composition of
the validation subset, consistent with the training-history results and its
comparatively narrow response range.

Fig. 5(a-d) compares the reference and ANN-predicted values for the
test subset and presents the corresponding absolute percentage error
(APE) for each response. The UHTC predictions produced APE values
between 0.0084% and 0.6566%, while the CHTC errors ranged from
0.0190% to 0.7593%. The corresponding ranges were 0.0171-0.7610%
for Re and 0.0080-0.2914% for PP. Thus, the maximum pointwise error
remained below 0.8% for all four responses in this particular random
test partition. The predicted curves closely followed the reference pro-
files without persistent separation, indicating that the selected test
subset contained no large systematic offset. The thermal models repro-
duced both the magnitude and T-dependent variation of UHTC and
CHTC. The slightly wider error ranges observed for these quantities,
compared with PP, can be related to differences in their response
complexity.

UHTC represented the combined thermal resistance of the heat-
exchanger system and exhibited a stronger distinction between the
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Fig. 4. Comparison between ANN-predicted and reference values for (a) UHTC, (b) CHTC, (c) Re, and (d) PP.

mono and hybrid NF formulations as T increased. CHTC was governed
more locally by convective transport and thermal-boundary-layer
behavior, but it remained sensitive to the coupled changes in viscos-
ity, thermal conductivity, and fluid motion. Consequently, records
located in regions where the thermal responses change more rapidly can
be more difficult to approximate than those belonging to smoother
portions of the reconstructed curves. Nevertheless, the maximum APE
values of 0.6566% and 0.7593% indicate close pointwise agreement for
UHTC and CHTC, respectively. Re also showed close agreement between
the predicted and reference values, although it produced the highest
maximum APE (0.7610%). Re increased markedly with T because the
reduction in transformer-oil viscosity increased the relative contribution
of inertial forces. The NF formulation additionally shifted the Re

response through its combined effects on density, viscosity, and flow
behavior. These effects produced a comparatively broad response range
and different slopes for the two NF formulations. The small pointwise
deviations indicated that the network followed these variations within
the test partition; however, they did not establish that viscosity and
density were learned as independent physical quantities because neither
parameter was supplied directly to the model.PP exhibited the nar-
rowest APE interval, with a maximum value of 0.2914%. Its prediction
curve followed the gradual reduction in circulation-energy requirement
as T increased. This decrease was consistent with lower viscous resis-
tance and pressure loss as the transformer oil became less viscous. At the
same time, the hybrid NF maintained a different PP level because par-
ticle composition modified the effective hydraulic resistance. The
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Fig. 5. Comparison between reference and ANN-predicted values and the corresponding absolute percentage errors for the test subset: (a) UHTC, (b) CHTC, (c) Re,

and (d) PP.

smooth, monotonic character of these variations provided a more reg-
ular relationship for the ANN to approximate, resulting in smaller
pointwise percentage errors than those obtained for the other responses.

6.2. Comparison with alternative machine-learning models

MLP-LM was trained on the same data, preprocessing, and anchor-
holdout split setting as SVR-RBF, RF, and MLP-SGDM. MLP-SGDM
used the same 2-5-1 architecture as MLP-LM to evaluate only the
training-data process. Table 3 presents results with internal holdout Ts
of 40, 50, and 60 °C, averaged over 30 independent experiments.

The ordering of models depended on the prediction variable, with
MLP-SGDM being best for UHTC and PP; for the response Re, SVR-RBF
performed best; the minimum mean RMSE for CHTC came from RF, but
with a nearly 15-fold larger standard deviation for R than for MLP-LM
and a much larger MAPE; the RF lower mean RMSE was therefore the
best with considerably increased variability, with MLP-LM not being
optimal for all responses, but for all cases still yielding good R-values
(between 0.97838 and 0.99789) and MAPE-values (between 0.280%
and 2.363%) with constant standard deviations of R less than 0.00074
over any single response. The errors increased when removing the

10

holdouts at the boundary anchor points at 30 and 70 C. Considering all
combined internal and boundary holdouts, MLP-LM gave the lowest
error on CHTC and Re, and second on UHTC and PP. These results
therefore establish MLP-LM as a balanced performer across the four
responses, even if it is not optimal for every response, and with more
limited capability for CHTC and Re than for UHTC and PP, with limi-
tations related to model and dataset characteristics as stated above and
analyzed further below. The results at boundary anchors, interpreted as
stress tests, do not suggest any extrapolative capabilities beyond the
presented range. Table 4 gives the performance of the MLP-LM models
against held-out experimental anchors over 30 independent runs.

6.3. Validation against held-out experimental anchors

We assessed the predictive robustness of MLP-LM models on the
digitized experimental anchors used in [23]. We withheld anchors
recorded at one nominal T during each validation fold of both NF for-
mulations during PCHIP reconstruction. Anchors recorded within +2 °C
of held-out T were not included in model creation. The anchors tested
therefore had neither direct nor interpolating contributions to the
models.
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Table 3
Performance of the investigated models for internal grouped anchor holdout at
40, 50, and 60°C.

Output Model RMSE, mean + MAPE (%), R?, mean + SD
SD mean + SD
UHTC MLP-LM 42.994 + 0.651 2.363 + 0.043 0.97838
+ 0.00066
UHTC SVR-RBF 43.468 + 1.427 2.467 + 0.107 0.97788
+0.00145
UHTC RF 54.255 £ 9.719 2.557 + 0.462 0.96451
+0.01138
UHTC MLP-SGDM  38.408 + 3.110 2.047 +0.218 0.98264
+ 0.00279
CHTC MLP-LM 8.530 + 0.218 0.433 +0.023 0.99424
+ 0.00029
CHTC SVR-RBF 8.359 + 0.139 0.449 + 0.016 0.99447
+ 0.00019
CHTC RF 7.966 + 3.296 0.565 + 0.143 0.99415
+ 0.00580
CHTC MLP-SGDM  12.178 + 0.608 0.767 + 0.074 0.98825
+0.00116
Re MLP-LM 7.780 + 1.019 1.055 £ 0.106 0.99783
+ 0.00074
Re SVR-RBF 6.011 + 0.730 0.793 + 0.108 0.99871
+ 0.00034
Re RF 41.615 + 6.020 6.563 + 0.831 0.93773
+ 0.01860
Re MLP-SGDM 15.815 + 5.277 2.128 + 0.576 0.99024
+ 0.00701
PP MLP-LM (3.015 + 0.083) 0.280 + 0.007 0.99789
x 107 +0.00011
PP SVR-RBF (3.517 £+ 0.252) 0.364 + 0.028 0.99711
x 10° + 0.00041
PP RF (10.143 £1.764)  1.053 + 0.223 0.97541
x 107 + 0.00853
PP MLP-SGDM  (2.634 =+ 0.356) 0.263 + 0.041 0.99836
x 10° + 0.00044
Table 4

Performance of the MLP-LM models against held-out experimental anchors over
30 independent runs.

Output  Validation RMSE, mean + MAPE (%), R?, mean +
scope SD mean + SD SD

UHTC Internal 42.994 2.363 +£0.043  0.97838
interpolation +0.651 + 0.00066

UHTC Boundary stress 125.243 6.766 + 1.839 0.92358
test + 31.368 + 0.04101

CHTC Internal 8.530 + 0.218 0.433 £0.023  0.99424
interpolation + 0.00029

CHTC Boundary stress 38.874 2.915 + 0.668 0.88560
test + 8.396 + 0.05678

Re Internal 7.780 + 1.019 1.055 £+ 0.106 0.99783
interpolation =+ 0.00074

Re Boundary stress 32.687 6.148 + 3.426 0.99047
test +14.817 +0.01026

PP Internal (3.015 0.280 + 0.007 0.99789
interpolation + 0.083) + 0.00011

x 107

PP Boundary stress (13.921 1.502 + 0.396 0.98389

test + 4.058) + 0.00985
x 107

The RMSE units for UHTC and CHTC were W/m?K; Re was dimen-
sionless, and PP was W. Internal interpolation was defined as having
anchors at 40, 50, and 60 °C, while 30 and 70 °C were used as boundary
stress tests. The MAPEs for the internal anchors were 2.363%, 0.433%,
1.055%, and 0.280% for UHTC, CHTC, Re, and PP, respectively, and R
ranged from 0.97838 to 0.99789. These results show that the models
recovered the experimental answers reported in the referenced experi-
mental data at points outside the training sets, rather than merely
replicating nearby anchor points from a PCHIP-generated curve data-
base. Higher error in the case of UHTC is due to more nonlinearity in the
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dependence of this property (especially for hybrid NF) on T, in com-
parison with CHTC and PP. Holding out boundary points was predicted
to increase the error because the prediction required extrapolation
outside the restricted region where all anchors had been used. This was
most visible for UHTC and Re, where the boundary MAPEs rose to
6.766% and 6.148%, respectively, whereas CHTC and PP remained
insensitive, with MAPEs of 2.915% and 1.502%. When all ten held-out
anchors were considered together, the MLP-LM models achieved
MAPESs of 4.124% for UHTC, 1.426% for CHTC, 3.092% for Re, and
0.769% for PP. The distinction between internal and boundary errors
delineates the conditions under which the models can be used effec-
tively, i.e., to interpolate between the experimental points in the given
range of Ts, but not to extrapolate beyond that range without further
independent validation. Since all referenced anchors come from Digi-
tized data from the original experiments used to build the base, vali-
dation here should not be considered for fully external models, but only
as leakage-aware testing with unseen data from the same experiments.

6.4. Shapes of fitted functions

Fig. 6a-d show the absolute prediction error as a function of T for
both the mono NF and hybrid NF on the total reconstructed dataset.
Here, each of the four responses had different ranges and magnitudes in
which the error peaked; therefore, the difficulty of prediction was not
uniform over the domain of T or across the different NF formulations. As
expected, the mono-NF error profiles were generally smoother, whereas
the hybrid NF varied more locally. This behavior reflects, more than any
direct interpretation of learning particle-scale interactions through the
ANN, how much greater the degree of curvature, therefore the T de-
pendency of these responses, was in the hybrid response versus the
mono response. The range in the AE, when UHTC is the variable, was
between 0.0429 and 31.883 W/m?K (mean 5.929 W/m?.K, mean rela-
tive error 0.340%). The largest deviations were primarily limited to
high-T regions of the hybrid NF, where the deviation increased as the
UHTC rose rapidly and a larger gap opened between the mono- and
hybrid responses. The ANN therefore had to approximate both the
general response to varying T and the separation in each NF's response in
T. Small peak errors indicated local regions of greater curvature where
learning becomes less accurate, rather than errors throughout the NF.
The error range for CHTC was 0.011-6.735 W/m*K (mean 1.529 W/
m?K, mean relative error 0.147%), and deviations were primarily
limited to the low T region in the hybrid NF. Transformer oil has higher
viscosity at low Ts, which limits circulation of the working fluid and
affects the T boundary layer and thus the prediction accuracy of CHTC,
where even a small modification to effective thermo-hydraulic param-
eters can result in greater disparity in prediction of CHTC, where over
this range and increases again in high T areas. This suggests there may
be some form of loss when modeling high-T areas for CHTC, where the
response appears flatter over a wider range as the solution passes
smoothly over this portion of the data. Since viscosity and the T
boundary layer were not included as inputs, the trend interpretations are
physical rather than explanations of the learning process. For the PP
variable, the AE ranged from roughly 0.0286 10-2.246 10 W (mean
0.587 10 W). Deviations tended to be mostly confined to the low T
portions of the hybrid NF which suggests they are due to the correlation
between PP and viscosity in that even small differences the thermo-
hydraulic properties will lead to differences in the predicted value
with this variable since viscosity can be varied extensively as the func-
tion is modeled across the varying Ts (as mentioned before, the resis-
tance to fluid flow at low Ts can be quite a bit greater than at high T as
viscosity decreases). This again explains why the error is the way it is,
rather than what the network learned specifically.

6.5. Engineering applications

This ANN-based approach for design, operation, and design
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Fig. 6. Variation of absolute prediction error with T for the MgO/Transformer Oil and MgO-CuO/Transformer Oil NFs: (a) UHTC, (b) CHTC, (c) Re, and (d) PP.

optimization was applied to NF-based plate-fin heat exchangers under
varying operating conditions. Thermo-hydraulic performance parame-
ters of such exchangers are difficult to obtain experimentally or
numerically in typical engineering practice, which requires significant
time and computational resources. This study provides an alternative for
quickly predicting UHTC, CHTC, Re, and PP from operating T and NF
structure, saving engineers significant time in the preliminary design
and functional analysis stage. From a design perspective, the proposed
method helps determine operating conditions for best performance and
lowest fluid-flow expenditure, as it predicts both thermal and hydraulic
parameters at once; functional balance can then be evaluated easily
without additional experiments compared with conventional engineer-
ing design. This method is especially powerful for small, compact ther-
mal systems, where small changes in conditions can lead to large
fluctuations in overall efficiency. In addition, the proposed method is
also valid for transformer oil, especially with NP-doped transformer oil
NFs, which can improve heat dissipation in the transformer; it is useful
to determine which option offers good cooling performance by esti-
mating it through simulation before experimental work for such a study.
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Furthermore, it is a useful tool for predicting and selecting a suitable
NF recipe. Moreover, this ANN-based method is not limited to oil cooling
of transformers; it may also be used in digital environments, optimiza-
tion algorithms, and real-time monitoring as a surrogate model. Training
requires negligible resources, so engineers can carry out design and
optimization effectively on these factors.

7. Variance-based sensitivity analysis

A Variance-Based Sensitivity Analysis was conducted to evaluate the
contribution of T-related uncertainties in the total variation of ANN-
predicted thermo-hydraulic performance. Since the structure of the NF
was a discrete variable that had two states (MgO/Transformer Oil and
MgO-CuO/Transformer Oil) and therefore could not be entered as a
continuous parameter into the calculation of variance of input contri-
bution, its impact was evaluated by directly comparing the performance
of two selected MW-CTs over the same ranges of input variables. The
ANN surrogate models were then used to estimate the evolution of
UHTC, CHTC, Re, and PP as a function of T variation over the considered
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T range (30 C to 70 C), while keeping the NF structure constant for each
case under study. Table 5 summarizes the T sensitivity indices for the
selected NFs. A variation in the sensitivity of T to different thermo-
hydraulic parameters, as well as to the type of MW-CT, was observed.
For the MgO/Transformer Oil MW-CT, T had the least influence on the
HT-related variables, with relative contributions of 0.085 and 0.037 to
UHTC and CHTC variations, respectively. Because Re and PP are related
to flow-related variables, T showed relatively greater sensitivities of
0.641 and 0.527, respectively, due to the greater dependence of flow
parameters on T, which dictates the competition between inertial and
viscous forces. In the case of MgO-CuO/Transformer Oil-HNFs, T played
a far greater role in the thermo-hydraulic performance of the MW-CT.
T’s impact on the HT-related quantities UHTC and CHTC was rather
large (0.759 and 0.177, respectively); thus, a stronger interdependence
between the changes in T and thermal characteristics was realized in the
case of MW-CT with enhanced HNFs. Furthermore, T was found to be
extremely effective in describing the predicted flow characteristics of
MW-CT with MgO-CuO/Transformer Oil-HNFs: its contribution to
variation in Re was as high as 1.000, making T the leading variable in
determining the prediction of the flow behavior, whereas its sensitivity
with PP was considerable (0.543).

The outputs showed that parameter T was the main determinant of
the hydraulic properties of the considered NFs, while the dependence of
HT properties on T was strongly modulated by NF composition. The
higher sensitivity of MgO-CuO/Transformer Oil NF suggests that inte-
grating hybrid NPs changed the T-dependent thermo-hydraulic response
of the base fluid. To evaluate the contribution of NF structure, we
compared two different NF recipes rather than continuously varying the
nominal input variables.

8. Conclusion

In this study, we developed four independent single-output MLP-LM
models to estimate UHTC, CHTC, Re, and PP for MgO/Transformer Oil
and MgO-CuO/Transformer Oil NFs in a plate-fin heat exchanger. T and
NF structure were used as the governing inputs. The models were
evaluated through repeated independent runs, cross-validation, internal
and boundary holdout tests, and comparison with SVR-RBF, RF, and
MLP-SGDM. Accordingly, model reliability was assessed using error-
based criteria and variability across independent runs rather than
relying solely on Rs. The principal findings are summarized as follows:

e The developed MLP-LM models accurately represented the nonlinear
relationships between the selected inputs and the four thermo-
hydraulic responses within the investigated operating domain.

e In the repeated internal-holdout evaluation, the mean MAPE values
of MLP-LM were 2.363% for UHTC, 0.433% for CHTC, 1.055% for
Re, and 0.280% for PP.

e The corresponding mean R? values ranged from 0.97838 for UHTC to
0.99789 for PP, confirming strong in-domain agreement between the
predicted and reference values.

o The relatively small standard deviations obtained over 30 indepen-
dent runs indicated that the MLP-LM results were not strongly
dependent on a particular network initialization or random data
partition.

e The comparison showed that no learning algorithm achieved the
lowest prediction error for all four outputs. Model performance was
therefore dependent on the response being predicted.

Table 5
The sensitivity indices that obtained from the variance-based sensitivity
analysis.

NF UHTC CHTC Re PP
MgO/Transformer Oil 0.085 0.037 0.641 0.527
MgO-CuO/Transformer Oil 0.759 0.177 1.000 0.543
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MLP-SGDM produced the lowest internal-holdout RMSE for UHTC
and PP, with values of 38.408 W/m?K and 2.634 x 10° W,
respectively.

e SVR-RBF achieved the lowest RMSE for Re (6.011), while main-

taining an R? of 0.99871.

RF produced the lowest mean CHTC RMSE of 7.966 W/m?-K. How-

ever, its standard deviation of 3.296 W/m?*K and higher MAPE

revealed greater sensitivity to data partitioning and bootstrap
sampling.

e Although MLP-LM was not individually superior for every response,
it provided consistently low errors and limited run-to-run variability
across all four outputs. This balanced behavior supported its selec-
tion as the principal surrogate model.

e The boundary-holdout assessment was more demanding than the
internal evaluation and produced higher prediction errors, particu-
larly near sparsely represented T boundaries.

e When all internal and boundary anchors were considered, MLP-LM

achieved the lowest RMSE for CHTC and Re, with values of

25.491 W/m?K and 21.653, respectively.

MLP-SGDM achieved the lowest boundary-holdout RMSE for UHTC

and PP, while MLP-LM ranked second for both responses. RF

exhibited the greatest deterioration near the domain boundaries.

e The difference between internal and boundary-holdout results

demonstrated that very high internal correlation values alone are

insufficient to establish model generalization.

The sensitivity analysis indicated that the influence of T was

dependent on NF formulation. The hydraulic responses, particularly

Re and PP, showed greater T sensitivity for the MgO-CuO/Trans-

former Oil HNF.

Physically, increasing T changes the viscosity and density of trans-

former oil and consequently modifies the balance between inertial

and viscous forces. These changes directly influence Re, flow resis-
tance, and the PP required for fluid circulation.

NF structure altered the thermal and hydraulic responses by modi-

fying the effective heat-transfer pathways and flow resistance.

Therefore, the thermal advantage of the HNF should be evaluated

together with its associated hydraulic demand.

The developed models provide rapid estimates of UHTC, CHTC, Re,

and PP and can support preliminary screening of operating condi-

tions for the investigated plate-fin heat exchanger.

The framework's practical applicability is restricted to MgO/Trans-

former Oil and MgO-CuO/Transformer Oil NFs within the studied T

range. The models should not be used for unrestricted extrapolation

or as substitutes for independent experiments.

8.1. Limitations and future work

The form and size of the database used largely limit the applicability
of the presented models. The numerical points were digitized from
published experimental curves via WebPlotDigitizer and interpolated
via PCHIP interpolation, which maintained the depicted trends and
excluded unphysical oscillations in neighboring data points; however,
the interpolated points still depend mathematically on the original
digitized points and do not truly represent a new experimental mea-
surement. The smoothing effect of interpolation likely contributes to the
surprisingly accurate performance for the randomly held-out interior
divisions. In this case, successive rounds of regrouped anchor-holdout
and boundary-holdout evaluations somewhat diluted the trend of high
performance. This approach still cannot substitute for true validation on
new, raw experimental data, however. Further limits on the predictive
region include the single plate-fin heat-exchanger geometry, the two
different transformer oil NFs, and the T range of 30-70°C employed.
Accordingly, T and NF composition served as aggregate parameters that
represent many physical effects not independently measured. Thus, they
do not capture the individual impact of viscosity, density, thermal
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conductivity, nanoparticle (NP) volume fraction, particle size, mass flow
rate, or pressure drop. The neural networks predict their combined ef-
fect, but cannot attribute effects individually or claim causality. So, as
they currently exist, the models are best viewed as in-domain predictors
rather than models that will necessarily accurately depict the flow, the
boundary layer, or the viscous resistance. The framework could be
generalized through increased experimentation across different T
ranges, mass flow rate ranges, and more Nf's with wide and varied
variations in np concentrations and np size, along with other heat
exchanger geometries, to better understand and utilize heat exchangers
that operate in various scenarios. Adding these and other thermophys-
ical parameters directly into model inputs could lead to more mean-
ingful and interpretable predictions, and the error analysis should
incorporate and express intervals on model predictions, since they are
near domain boundaries. With physics-based constraints enforced, the
connection to fundamental thermo-hydraulic concepts may be
strengthened in future work, as the current approach primarily relies on
implicit inference. Then, upon validation through diverse experiments,
the resulting framework could be coupled with Multi-objective Opti-
mizations aimed at manipulating those conditions to improve both
UHTC and CHTC while keeping PP at a minimal level.
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