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Hybrid nanofluids have gained popularity in recent years due to their unique thermal properties. This study
investigates the rheological behavior of an MWCNT-Al,03 hybrid nanofluid as a coolant in thermal cycles using
artificial intelligence (AI) analysis. Viscosity measurements were taken across varying solid concentrations,
temperatures, and shear rates, ranging from 0.25 % to 1 % solid concentration, 25 °C to 50 °C temperature, and
20 to 60 RPM shear rate. Employing a Cascade Forward Neural Network (CFNN) with two hidden layers,
alongside the Levenberg-Marquardt algorithm for training, the study models viscosity across these independent
variables' ranges. The results indicate that the CFNN captures a substantial portion of data variability, providing
a good fit to observed data points. The regression lines with R-squared values of 0.999 and 0.997 for the training
and test phases indicate that the fit is almost ideal. Also, the maximum absolute error of 0.4992 show that the
error values are acceptable. Furthermore, the trained CFNN effectively estimates viscosity at any desired com-

bination of independent variables, demonstrating stable performance across different runs and data subsets.

1. Introduction

Hybrid nanofluids, which consist of multiple types of nanoparticles
suspended in a base fluid, have gained significant attention due to their
enhanced thermal properties and potential for improving heat transfer
in applications such as cooling systems. However, accurately predicting
their rheological behavior under varying conditions of solid concentra-
tion, temperature, and shear rate remains challenging. Al and machine
learning (ML) offer powerful solutions for modeling these complex be-
haviors. ML techniques have shown promise in a variety of engineering
fields. For example, ML algorithms for vehicle-railway bridge collision
detection and overheight vehicle warning [1,2], statistical machine
learning models for optimizing energy in industrial application [3,4],
image processing for identifying vehicles and traffic monitoring [5,6]. In
the context of nanofluid rheology, Al-based methods like Cascade For-
ward Neural Networks (CFNN) can effectively model the complex re-
lationships between viscosity and variables like nanoparticle
concentration, temperature, and shear rate. Previous studies have also
applied numerical models to analyze nanofluid convection and heat

transfer in different geometries [7,8], but predictive modeling using Al
remains less explored. Also, the rheological behavior of fluids can be
complex, and it is often difficult to predict how a fluid will behave under
certain conditions. This is especially true for hybrid nanofluids, which
are suspensions of nanoparticles in a base fluid [9]. The properties of
hybrid nanofluids can vary significantly depending on the type of
nanoparticles used, the concentration of nanoparticles, and the size and
shape of the nanoparticles. As a result, it is important to have a good
understanding of the rheological behavior of hybrid nanofluids in order
to use them effectively in industrial applications. Viscosity is a key
parameter in the study of the rheological behavior of fluids. It is a
measure of the resistance of a fluid to flow and is defined as the ratio of
the shear stress to the rate of shear strain. The viscosity of a fluid can be
affected by a number of factors, including temperature, pressure, and
the presence of suspended particles [10,11]. One of the most promising
methods for studying the rheological behavior of hybrid nanofluids is
artificial neural networks (ANNs) [12]. ANNs are powerful machine
learning tools that can be used to model complex relationships between
inputs and outputs [13]. In the case of hybrid nanofluids, ANNs can be
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used to model the relationship between the rheological properties of the
fluid and the various parameters that affect them. This information can
then be used to design hybrid nanofluids with specific rheological
properties for specific applications [14,15]. Some previous studies
investigate the use of numerical methods to predict the rheological
behavior of nanofluids. Using ANN and Response Surface Methodology
(RSM) methods, Hemmat et al. [16] investigated the thermophysical
properties of CNT nanofluid based on water-ethylene glycol (EG)
mixture including viscosity, thermal conductivity and specific heat.
Their results showed that both ANN and RSM models have good ability
to predict parameters, but multilayer perceptron (MLP) was more ac-
curate than RSM in predicting relative viscosity. Also, the results of
optimization with NSGA-II algorithm for different conditions showed
that these points do not have priority over each other and all are
optimal. Mahfouz et al. [17] have utilized RSM to develop a prediction
model for the viscosity of a TiO, nanotube nanofluid in an EG-water
solution. They have explored various mass concentrations (0 % to 1
%), shear rates (150-500 s’l), and temperatures (25 to 65 °C). Opti-
mization studies have revealed nanofluid concentration as the most
influential parameter, followed by temperature and shear rate. Case
studies have demonstrated optimal conditions for both viscosity maxi-
mization and minimization. Ajuka et al. [18] have examined the vis-
cosity of TiO2-Al203/EG composite nanofluid using both experimental
correlation and ANN methods. They have utilized 15 and 13 nm nominal
surface-area weighted diameter TiO2 and Al203 nanoparticles to
formulate nanofluids at various volume fractions. A theoretical corre-
lation and ANN model have been developed to predict viscosity
dependence on volume fraction and temperature. Both methods have
exhibited high predictive ability with minimal relative error compared
to experimental results. Nayebpashaee and Hadavi [19] investigates
nanoparticle concentration and temperature's effect on thermophysical
properties of graphene-Al203/EG-water nanofluid. Their outcomes
demonstrated viscosity increases with nanoparticles, exhibiting non-
Newtonian behavior at higher concentrations. They proposed a corre-
lation for thermal conductivity assessment. Yashawantha et al. [20]
investigated graphite-EG nanofluid's rheological behavior and thermal
conductivity. Viscosity and thermal conductivity are studied across
various conditions, revealing viscosity increases with concentration but
decreases with temperature, while thermal conductivity notably en-
hances with 2 % volume concentration and nanoparticle size below 50
nm. Kumar et al. [21] investigated the temperature-dependent ther-
mophysical properties of various hybrid nanofluids. They utilize
MWCNT-water-based AlyOs3, TiO, ZnO, and CeOy nanofluids, mixing
them in an 80:20 volumetric ratios. Nanofluids were prepared with
concentrations ranging from 0.25 % to 2.0 % and tested at temperatures
from 25 °C to 50 °C. CeO,-MWCNT/water nanofluid exhibited superior
efficacy. An optimized ANN model accurately predicted properties
across four thermophysical parameters. The ANN achieved high accu-
racy compared to experimental results. Long Li et al. [22] investigated
the stability and thermophysical properties of AlpO3-EG nanofluids.
Their research aimed to assess stability through nanoparticle size and
velocity ratio analysis, while evaluating heat transfer performance using
various criteria. They utilized correlations and an ANN model to predict
viscosity and thermal conductivity. Notably, their findings, particularly
regarding nanofluids treated for 60 min, offer valuable insights for
nanofluid stability studies and practical applications. Akhgar et al. [23]
introduced dissimilar ANNs for predicting MWCNT-TiO2/Water-EG
nanofluid thermal conductivity. Sensitivity analysis informs ANN ar-
chitecture and training algorithms. The ANN forecasts conductivity
based on temperature and concentration changes, outperforming cor-
relations. MWCNTs-TiO5 hybrid nanoparticles are used at a 50:50 vol-
ume ratio. Their results showed ANN's superior prediction capability
over correlations.

Until now, a variety of machine learning algorithms are applied for
the prediction of nanofluid properties. For example, GMDH-NN and
COMBI algorithms are used by [24], Gaussian process regression (GPR)
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Table 1
Specifications of MWCNTs and Al;O3 nanoparticles [28].
Specifications Value
Al,O5 MWCNTs
Purity (%) 97
Color White Black
Size (nm) 20 Outer Diameter = 5-15
Inner Diameter = 3-5
Length = 50
Thermal conductivity (Wm -1k —1) 30 1500
Density (gcm — 3) 3.89 2.1
Specific surface (m2 g —1) 138 233
Table 2
Specifications of water and EG [28].
Specifications Value
EG Water
Molar mass (gmol — 1) 62.07 18.02
Appearance Colorless transparent Almost colorless
liquid transparent
Smell Smell-less Smell-less
Density (kgm — 3) 1113.20 998.21
Melting point (°C) -12.9 0.00
Boiling point (°C) 197.3 100
Thermal conductivity 0.224 in 20 °C 0.6 in 20 °C
Wm-1k-1)
Viscosity 16.1 in 20 °C 1in 20°C

is utilized by [25,26], and Adaptive Neuro-Fuzzy Inference System
(ANFIS) is employed by [26,27]. The Cascade-Forward Neural Networks
(CFNN) is a powerful machine learning algorithm for the prediction and
regression purposes. The use of the CFNN is appropriate for small
datasets with complex relationships between inputs and targets due to
the capability for maximum information utilization. Despite suitable
performance, the CFNN has very limited application in the prediction of
nanofluid properties. This research pioneers the use of the CFNN to
develop a predictive model for nanofluid viscosity, as demonstrated in
the work of Afshari et al. [28]. Moreover, this study explores a specific
hybrid nanofluid, filling a significant gap in nanofluid research that has
been largely neglected in previous investigations. By scrutinizing vis-
cosity under various conditions—temperature, shear rate, and volume
fraction—the study unveils a remarkably precise model for dynamic
viscosity assessment. Offering invaluable insights, this paper paves the
way for future advancements in nanofluid exploration and development.

2. The dataset

Afshari et al. [28] employed a two-stage method to prepare nano-
fluid. Initially, they synthesized Al;O3 in a blend of Water (80 %) and EG
(20 %) at concentrations ranging from 0.0625 % to 1 % by mixing dry
samples of MWCNTs and Al203 nanoparticles (in a 50:50 ratio) with a
specific quantity of the Water and EG dual mixture (20:80). Tables 1 and
2 detail the specifications of MWCNTs and Al,O3 nanoparticles, as well
as the specifications of the Water and EG components used in the ex-
periments. This nanofluid, comprising MWCNTs, Al,O3 nanoparticles,
and Water-EG, was then introduced into a 600 ml beaker. The dynamic
viscosity of the hybrid nanofluid was measured using the DV-I PRIME
Brookfield digital viscometer, featuring a double-wall cylindrical
container. Temperature variations of 25, 30, 35, 40, 45, and 50 °C were
utilized in their study.

In this study, 120 experiments were done in the Ashari's study [28] to
estimate the viscosity of the hybrid nanofluid of MWCNT-alumina/
water (80 %)-EG (20 %) which were shown in Table 3. The concen-
tration, temperature and shear rate served as the independent variables,
while the viscosity was considered as the dependent variable. In this
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Table 3
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The used experimental tests as independent and dependent variables for cascade-forward neural network [28].

Independent variables Dependent variable

Independent variables Dependent variable

Solid concentration Temperature Shear Rate Viscosity Solid concentration Temperature Shear Rate Viscosity
0.25 25 20 1.92 0.75 25 5 10.06
0.25 25 30 1.92 0.75 25 10 7.84
0.25 25 40 1.9 0.75 25 20 6.51
0.25 25 50 1.87 0.75 25 30 5.67
0.25 25 60 1.84 0.75 25 40 5.2
0.25 30 20 1.79 0.75 30 5 9.23
0.25 30 30 1.79 0.75 30 10 6.79
0.25 30 40 1.75 0.75 30 20 5.82
0.25 30 50 1.74 0.75 30 30 4.96
0.25 30 60 1.71 0.75 30 40 4.66
0.25 35 20 1.68 0.75 35 5 7.81
0.25 35 30 1.64 0.75 35 10 6.28
0.25 35 40 1.62 0.75 35 20 5.06
0.25 35 50 1.58 0.75 35 30 4.15
0.25 35 60 1.56 0.75 35 40 3.86
0.25 40 20 1.51 0.75 40 5 6.9
0.25 40 30 1.5 0.75 40 10 5.37
0.25 40 40 1.49 0.75 40 20 4.29
0.25 40 50 1.45 0.75 40 30 3.56
0.25 40 60 1.42 0.75 40 40 3.18
0.25 45 20 1.48 0.75 45 5 6.25
0.25 45 30 1.45 0.75 45 10 5.13
0.25 45 40 1.43 0.75 45 20 3.87
0.25 45 50 1.4 0.75 45 30 3.26
0.25 45 60 1.37 0.75 45 40 2.87
0.25 50 20 1.39 0.75 50 5 5.21
0.25 50 30 1.37 0.75 50 10 4.29
0.25 50 40 1.35 0.75 50 20 3.3
0.25 50 50 1.33 0.75 50 30 2.82
0.25 50 60 1.3 0.75 50 40 2.55
0.5 25 20 2.69 1 25 5 19.67
0.5 25 30 2.66 1 25 10 14.21
0.5 25 40 2.62 1 25 15 11.15
0.5 25 50 2.58 1 25 20 9.68
0.5 25 60 2.53 1 25 25 8.95
0.5 30 20 2.39 1 30 5 18.92
0.5 30 30 2.39 1 30 10 13.65
0.5 30 40 2.33 1 30 15 10.82
0.5 30 50 2.32 1 30 20 9.33
0.5 30 60 2.28 1 30 25 8.36
0.5 35 20 2.25 1 35 5 17.18
0.5 35 30 2.2 1 35 10 12.18
0.5 35 40 2.17 1 35 15 9.51
0.5 35 50 2.12 1 35 20 8.11
0.5 35 60 2.08 1 35 25 7.48
0.5 40 20 1.97 1 40 5 16.36
0.5 40 30 1.96 1 40 10 10.93
0.5 40 40 1.95 1 40 15 8.59
0.5 40 50 1.9 1 40 20 7.76
0.5 40 60 1.85 1 40 25 7.02
0.5 45 20 1.87 1 45 5 14.5
0.5 45 30 1.85 1 45 10 10.31
0.5 45 40 1.83 1 45 15 7.98
0.5 45 50 1.8 1 45 20 7.16
0.5 45 60 1.75 1 45 25 6.54
0.5 50 20 1.81 1 50 5 13.22
0.5 50 30 1.79 1 50 10 9.96
0.5 50 40 1.76 1 50 15 7.78
0.5 50 50 1.74 1 50 20 7
0.5 50 60 1.7 1 50 25 6.44

paper, the experimental tests at solid concentrations of 0.25, 0.5, 0.75,
and 1 %, the temperatures of 25, 30, 35, 40, 45, and 50 °C, and the shear
rates of 5 to 60 RPM were used. The primary goal of the research was to
estimate the viscosity of the hybrid nanofluid based on the available
data for any desired combination of independent variables within the
examined ranges.

3. The cascade-forward neural network

The use of accurate data and method are very vital in performing

machine learning and the importance of this issue has been proven in
previous research [29]. In comparison to the findings previous study
[301, which utilized an ANN approach to predict the thermophysical
properties of MWCNT nanofluids, this study employs a cascade forward
neural network for the rheological modeling of MWCNT-Al:0s hybrid
nanofluids, thereby offering new insights into the combined effects of
these hybrid materials on fluid behavior. A CFNN is a variant of the
traditional feed-forward neural network. In this modified architecture,
each layer of neurons not only receives input from its previous layer but
also directly from the input layer and all hidden layers. The network
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Fig. 1. The architecture of the employed CFNN.

Diamond & Related Materials 151 (2025) 111796

starts with an input layer which is connected to all hidden layer. The
hidden layers receive input from other hidden layers and the input layer.
Also, the output layer receives input from all hidden layers, as well as
from the input layer. This means that each neuron in a layer is connected
to all neurons in the previous layer as well as the input layer. By
incorporating more connectivity, the CFNN enables each neuron to
consider information from all preceding layers, enhancing its ability to
capture complex relationships in the data. This results in improved
representation learning and increased model capacity, making the
network more effective at extracting informative features and learning
intricate patterns in the data. Additionally, the connections contribute to
the network's robustness to input variations, leading to improved
generalization performance on unseen data. Therefore, CFNN can
potentially enhance the network's ability to learn complex patterns and
relationships in the data by providing more comprehensive information
to each layer.

While the CFNN offers several advantages, it also has some potential
disadvantages. One drawback is increased computational complexity
due to the connectivity pattern, which results in a higher number of
parameters and computational requirements compared to networks with
sparser connections. This increased complexity can lead to longer
training times and higher memory usage, particularly for large-scale
datasets and complex architectures.

The use of the CFNN is suitable for small datasets with complex re-
lationships between inputs and targets due to its capacity for enhanced
information flow. This design ensures that each layer receives direct
input not only from the previous layer but also from the input layer,
allowing the network to efficiently leverage available information. In
scenarios with limited data, this connectivity pattern helps prevent
overfitting by focusing on essential features and reducing the risk of
memorizing noise. Additionally, the straightforward flow of information
from input to output facilitates effective learning of complex relation-
ships, enabling the network to achieve robust performance despite the
dataset's size constraints. Thus, this architecture offers a balanced
approach that maximizes information utilization while addressing the
challenges of small datasets, making it well-suited for tasks requiring the
modeling of intricate relationships with limited data where robust per-
formance on unseen data is crucial. Due to these features, the CFNN is an
optimal choice for this paper.

4. The network features

Data division in neural networks serves crucial purposes. It enables
training the model on one portion of the dataset to learn patterns and
optimize parameters. Another segment is reserved for validation, facil-
itating hyperparameter tuning and preventing overfitting. The remain-
ing portion, the test set, allows an unbiased evaluation of the model's
performance on unseen data, ensuring its effectiveness in real-world
applications. In this paper data is divided randomly to the training,
validation and test datasets. The training, validation and test datasets
ratios are selected 0.7, 0.15, and 0.15, respectively.

The selection of the optimal number of hidden layers and neurons in
a neural network involves specifying an initial architecture. This base-
line is then iteratively adjusted by varying the number of hidden layers
and neurons, and the model's performance is evaluated on a validation
dataset. Through comparative analysis, the architecture demonstrating
superior performance is selected. The process includes refining the
search space based on insights gained and ensuring the robustness and
reproducibility of results. In this paper, a CFNN with two hidden layers
is selected. The number of hidden neurons are 10 and 3, respectively.
The architecture of the employed CFNN is illustrated in Fig. 1.

For the first hidden layer, the mathematical expression is as follows:

Y = a(W“*O)erb(l)) ®
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Table 4

The summarized details of the employed ANN.
Feature Value
ANN type CFNN
Number of hidden layers 2
Number of hidden neurons 10, 3
Number of input features 3
Number of output features 1
The activation function sigmoid
The training datasets ratios 0.7
The validation datasets ratios 0.15
The test datasets ratios 0.15

training algorithm Levenberg-Marquardt

where W(-9 is a 10 x 3 matrix (10 hidden neurons, 3 input features),
and b(") is a 10 x 1 bias vector. Also, ¢ represents the sigmoid activation
function.

For the second hidden layer, the mathematical expression is as fol-
lows:

h® = a(W(H’)x + WEDRY 4 p@ ) )

where W29 is a 3x 3 matrix (3 hidden neurons, 3 input features),
W21 s a 3 x 10 matrix (3 hidden neurons, 10 inputs from the first
hidden layer), and b® is a 3 x 1 bias vector. Finally, for the output layer,
the mathematical expression is as follows:

y = WO 4 WE2p 4 pid) 3)

where W30 is a 1 x 3 matrix (1 output neuron, 3 input features),
WG-2) is a 1x 3 matrix (1 output neuron, 3 inputs from the second
hidden layer), and b(3) isa 1 x 1 bias vector.

The process of selecting the best training algorithm for a neural
network involves choosing candidate algorithms based on literature or
empirical experimentation, implementing and training models using
each algorithm, evaluating performance on a validation dataset,
comparing results, and identifying algorithms with superior perfor-
mance. In this paper, Levenberg-Marquardt algorithm is identified as the
optimal training algorithm. The Levenberg-Marquardt algorithm offers
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several advantages when dealing with small datasets, primarily due to
its faster convergence and efficiency in optimizing nonlinear problems.
It combines the benefits of gradient descent and the Gauss-Newton
method, allowing for quicker training times and requiring less compu-
tational overhead per iteration. Additionally, it provides direct control
over the trade-off between fitting the training data and maintaining
model simplicity through its damping parameter, which helps prevent
overfitting—a common issue with small datasets.
The details of the employed ANN are summarized in Table 4.

5. Results

A performance plot, or learning curve, visualizes the CFNN model's
accuracy over training epochs. It typically comprises training, valida-
tion, and test plots, illustrating the model's learning process, general-
ization ability to unseen data, and final performance. The training plot
shows the model's performance on the training dataset, while the vali-
dation plot indicates its generalization to a separate validation dataset.
The test plot evaluates the model's performance on unseen data after
training. Analyzing these plots provides insights into the model's
learning dynamics, generalization, and real-world effectiveness. In this
paper, the Mean Squared Error (MSE) is selected as the performance
criterion. The MSE is defined as follows [31]:

I e PR
MSEfm;(yl t) 4)

In which y is the estimated output, t is the targets, and m shows the
number of samples.

The performance plot is illustrated in Fig. 2. As can be seen for the
training curve, the MSE is decreasing throughout the learning process.
For the validation dataset, however, the MSE decreases initially and then
increases. The best performance for the validation dataset is 0.0626
obtained at epoch 21. To prevent over-fitting, the training process is
halted 6 iterations after the best performance. The test curve is very
similar to the validation dataset. Based on the results, the learning
process demonstrates excellent performance.

A regression plot visualizes the relationship between predicted and
actual values in a regression model. In training plots, predicted values
from the model are compared to actual target values in the training
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Fig. 2. The performance plot.
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Fig. 3. The regression plot.

dataset, showing how well the model fits the training data. Validation
plots depict this relationship using a separate validation dataset, eval-
uating the model's generalization performance. Test plots extend this
evaluation to unseen data in a separate test dataset. These plots aid in
assessing the accuracy and generalization ability of the model by visu-
ally comparing predicted values to actual targets across different
datasets.

In a regression plot, the slope, bias, and R-squared (R?) values serve
as important indicators of the model's performance and the relationship
between the predictor and target variables. The R? is defined as follows
[32,33]:

m 2
Rzzl,zu )

T 2
= (E—t)

In which y is the estimated output, t is the targets, t is the average of
targets, and m shows the number of samples.

An ideal scenario often involves a slope close to 1, indicating that the
predicted variable changes in tandem with the predictor variable. This
suggests a strong linear relationship between the variables, which is
desirable in many regression analyses. Additionally, a bias value that
approaches zero is typically preferred. A vanishing bias suggests that the
predicted variable is close to the true value when the predictor variable
is zero, indicating minimal systematic error or constant offset in the
model's predictions. Furthermore, an R-squared value near 1 signifies a
high proportion of the variance in the dependent variable that is
explained by the independent variables. This indicates that the regres-
sion model captures a significant portion of the variability in the data
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Fig. 4. The error histogram.

and provides a good fit to the observed data points. The regression plot is
shown in Fig. 3. As can be seen, the regressions are almost ideal.

An error histogram is a graphical representation that illustrates the
distribution of errors in a dataset. The errors typically represent the
discrepancies between the predicted values generated by the model and
the actual observed values. The histogram visually displays the fre-
quency or count of these errors across different bins. The error histogram
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Fig. 5. The viscosity estimated by the CFNN for the solid concentrations of (a) 0.4 %, (b) 0.6 %, and (c) 0.8 %.

shows the distribution of prediction errors, identify any patterns or
trends, and assess the overall accuracy and performance of the predic-
tive model. The error histogram is shown in Fig. 4. The symmetrical,
normal distribution of errors around zero indicates unbiased pre-
dictions. Also, the narrow spread with most errors concentrated near
zero, suggesting accurate and consistent predictions. Furthermore, there
are few outliers or extreme errors, and the histogram shows consistent
distributions across different bins or ranges. A lack of systematic

patterns or biases indicates a well-performing model.

The trained CFNN is able to estimate the viscosity at any desired
combination of independent variables. The viscosity estimated by the
CFNN for 3 non-trained solid concentrations are shown in Fig. 5. Eval-
uating the model's output for acceptable generalization involves exam-
ining its performance on a dataset that it hasn't been trained on provides
insights into how well the model can generalize to unseen data. Based on
the results, stable performance across different runs or data subsets can
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be seen. Also, validation against expert judgment ensures that the
model's predictions align with expectations and make intuitive sense.
Therefore, one can ascertain the model ability to generalize effectively
and perform well on unseen data, contributing to its overall reliability
and effectiveness in real-world applications.

6. Conclusion

In conclusion, this study has successfully explored the viscosity of
MWCNT-AL:0s hybrid nanofluid across a range of volume fractions,
temperatures, and shear rates. Utilizing a CFNN with two hidden layers,
trained with the Levenberg-Marquardt algorithm, proved effective in
modeling viscosity variations within the investigated parameter ranges.
The results demonstrate the network's capability to capture a significant
portion of data variability, providing a good fit to observed data points.
Notably, observed physical phenomena such as the increase in viscosity
with higher volume fractions, which aligns with findings from previous
studies [28,34]. This behavior can be attributed to the higher concen-
tration of nanoparticles leading to increased particle-particle in-
teractions and aggregate formation. Conversely, the decrease in
viscosity with rising temperatures is consistent with the behavior of
conventional fluids. This can be explained by the reduction in inter-
molecular forces at elevated temperatures, which enhances the fluid's
flow characteristics. Additionally, the results indicate that increasing the
shear rate and temperature decreases viscosity, reflecting the behavior
of shear-thinning fluids. This reduction is due to the diminishing resis-
tance against shear forces and the enhanced momentum transfer in the
nanofluids. Moreover, the trained CFNN exhibited stable performance
across different runs and data subsets, showcasing its reliability in
estimating viscosity at any desired combination of independent vari-
ables. This robustness is crucial for practical applications, as it indicates
that the model can reliably predict viscosity under varying operational
conditions. This comprehensive analysis contributes valuable insights
into understanding and predicting the viscosity behavior of hybrid
nanofluids, thus advancing knowledge in this field. The findings suggest
that optimizing the use of these hybrid nanofluids could significantly
enhance the efficiency of thermo-fluid systems, offering potential ben-
efits in various engineering applications, such as heat exchangers and
cooling systems.
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