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ABSTRACT: The thermal conductivity of nanofluids is an important property that influences the heat transfer
capabilities of nanofluids. Researchers rely on experimental investigations to explore nanofluid properties, as it is a
necessary step before their practical application. As these investigations are time and resource-consuming undertakings,
an effective prediction model can significantly improve the efficiency of research operations. In this work, an Artificial
Neural Network (ANN) model is developed to predict the thermal conductivity of metal oxide water-based nanofluid.
For this, a comprehensive set of 691 data points was collected from the literature. This dataset is split into training
(70%), validation (15%), and testing (15%) and used to train the ANN model. The developed model is a backpropagation
artificial neural network with a 4-12-1 architecture. The performance of the developed model shows high accuracy with
R values above 0.90 and rapid convergence. It shows that the developed ANN model accurately predicts the thermal
conductivity of nanofluids.
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1 Introduction

Nanofluids are emerging as effective and efficient alternative fluids in thermal applications. In heat
transfer devices like heat exchangers, heat pipes, and microchannels, nanofluids are used as alternative fluids.
Nanofluids provide better thermal performance compared to traditional fluids by virtue of their superior
thermal conductivity and boiling characteristics [1]. Hence, the nanofluid improves the efficiency of the heat
exchange process, making it a popular choice as an alternate fluid. For next-generation thermal management
applications, nanofluids show immense potential. Nanofluid materials like carbon-based, metal-based, and
metal oxide-based nanofluids are popular. Metal oxide nanofluids show enhanced thermal conductivity and
high stability and are also cost-effective [2]. Due to these characteristics, particularly their cost-effectiveness,
metal oxide nanofluids are extensively utilized in industrial applications [3,4]. Similarly, the economic
feasibility of water has contributed to its widespread use as a base fluid. Aqueous metal oxide nanofluids need
further exploration of their behavior, which is essential to enhance their practical applicability further.
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Several researchers have explored the thermophysical properties and the mechanisms responsible for
their thermal behaviors. Mukherjee et al. [5] investigated the thermal conductivity of MgO-SiO,-water
hybrid nanofluid and found that the maximum enhancement was 20.84% compared to water. Mane et al. [6,7]
also conducted multiple studies with different dispersants and characterized the thermal conductivity of
the hybrid CuO + Fe;O4 nanofluids. Their findings showed that these hybrid nanofluids show considerable
improvement compared to water. Soltani et al. [8] investigated the thermal conductivity of tungsten oxide
(WQO3) and MWCNTs (multiwalled carbon nanotubes) nanofluids. The results showed that nanofluid
thermal conductivity enhancement is 19.85% compared to the base fluid. These experimental investigations
have significantly contributed to the existing body of knowledge. The current body of knowledge on the
thermal conductivity of nanofluids shows that the thermal conductivity of nanofluids significantly varies
based on nanoparticle material, size, base fluid, concentration, and temperature. Mane and Hemadri [9]
showed that the thermal conductivity is also significantly dependent on the stability. More stable nanofluids,
signified by small particle size (less than 100 nm) and polydispersity index (PDI < 0.3), provide better thermal
conductivity compared to less stable nanofluids with the same reparation parameters. This interrelational
complexity of these and other factors has significantly impacted the understanding of the thermal conduc-
tivity of nanofluids. This complexity also made it very hard to predict the thermal conductivity of nanofluid,
and hence, investigating the properties of the synthesized nanofluid prior to applications is almost a standard
practice in thermal engineering research. However, the characterization study for nanofluid requires a high
amount of resources and time. This is not feasible for researchers, especially in investigations where multiple
nanofluids are synthesized. Hence, an effective prediction mechanism is required for nanofluid properties.

In engineering, statistical modeling is widely used for prediction, analysis, and optimization in various
applications. Statistical techniques provide valuable aid in understanding the data in complex scenarios.
Based on the data type and behavior of the system, time series, Regression Design of Experiments, and
machine learning-based statistical models are used. Recent computational studies have highlighted the
effectiveness of these methods. Mane et al. [10] investigated the thermal performance of pulsating heat pipes.
They also developed a statistical model using regression to predict the thermal resistance of the pulsating
heat pipe based on filling volume, pipe dimension, heat input, and angle of inclination. They developed a
response surface method (RSM) statistical model using an extensive dataset and found that their model has a
deviation of 22.52% in actual and predicted values. Prediction modeling is also effectively used in the material
science field. Syam et al. [11] investigated convective Darcy-Forchheimer flow in Maxwell nanofluids using
innovative iterative methods based on operational matrix techniques. These types of computational studies
can complement machine learning methods to provide insights into deeper physical phenomena. Though
these modelling techniques like RSM are effectively used by difterent resrchers, their performance compared
ANN is found to be inferior. Saaidia et al. [12] used ANN and RSM for modelling water absorption behavior
of biocomposites. This study demonstrated that the values predicted by ANN are closer to the experimental
results than those predicted by RSM, highlighting the effectiveness of ANN.

Similar results were observed by Kundu et al. [13] where ANN outperformed RSM in predicting thermo-
fluidic characteristics of hybrid nanofluid systems.

Mahmud et al. [14] developed an ANN model to predict thermo-solutal transport rates with MWCNT-
CuO-AL Os-ethylene glycol hybrid nanocoolants. This model predicted heat and mass transfer rates within
1%-2% and 2%-3% error ranges, respectively. However, their work focused specifically on MWCNT-
CuO-AlL Os-ethylene glycol and was limited to convective heat transfer. Kamsuwan et al. [15] developed
a comprehensive ANN model to predict nanofluid properties for heat exchanger design. This model has
prediction errors of 4.1% showing reliable evaluation of nanofluid performance across various nanoparticle
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types with water as the base fluid. This model focused on heat exchanger applications rather than funda-
mental properties of nanofluid, limiting its applicability. Dewangan et al. [16] proposed an ANN model
to predict the hardness of AICrFeMnNiWx (x = 0, 0.05, 0.1, 0.5 mol) high entropy alloys. They used a
backpropagation ANN model with a 9-9-1 architecture to predict the hardness of alloys. This model has
delivered a prediction accuracy of 95.9% with a marginal error of 4.049%. Various researchers have also
developed ANN models to predict nanofluid properties. Mohan et al. [17] used ANN modeling for the
thermal conductivity of nanoparticle-enhanced phase change material. Their model showed exceptional
prediction performance (>99%). Bhat et al. [18] developed ANN model to predict water uptake of nanoclay
glass fiber/epoxy composite. They used 3-4-1 ANN architecture trained with the Levenberg-Marquardt
algorithm and found very good prediction accuracy (R* = 0.998, MSE = 1.38 x 107*). This study showed
that ANN are relabel prediction tool however also emphasized that expanded dataset are needed for braoder
adoption. In the field of nanofluids, many researchers have also used different prediction techniques to
predict the viscosity [19], electrical conductivity [20], and transport properties [21] of nanofluids. Though
ANN s are predominantly employed for property prediction, their application in nanofluid research extends
far beyond simple property estimation and they can also handle complex analytical tasks. Kumar et al. [22]
used ANN to solvegoverning equations of Jeftrey hybrid nanofluid flow. They found that ANN efficiently
dealt with non-linear coupling between nanoparticle behavior and microorganism movement. Alotaibi
etal. [23] used ANN to used to solve the system of Ordinary Differential Equations (ODEs) derived from the
original Partial Differential Equations (PDEs). ANN showed robust performance in handling the complex
nonlinear system governing nanofluid flow. In other applications also, ANN have shown excellent reliability,
Luo et al. [24] found error of 0.42% (MAE < 1%) using ANN modelling of real-time SOC estimation in
lithium-ion batteries. All these reviewed studies have shown encouraging performance in the prediction of
the different parameters in engineering and science applications. However, most of these studies have focused
on limited data; hence, due to a lack of diversity, limited or single materials, and most of these models do
not account for the complexity of nanofluid, which arises due to the multitude of preparation parameters.
Similarly, there is a lack of universal models that are trained on diverse inputs that can be powerful tools
for nanofluid thermal conductivity prediction. This shortcoming shows that there is a need for a study to
develop a broadly applicable model trained on diverse and strong datasets.

The focus of this investigation is on the development of a reliable and robust ANN model to predict
the thermal conductivity of aqueous nanofluids. The study analyzes “intelligence” approaches for modeling
nanofluid thermal conductivity, emphasizing the correlation between model accuracy and input variables.
It concludes that neural network structure significantly affects output, highlighting the importance of
considering all influencing variables for precision. The research employs a “trial-and-error” process to
optimize ANN configurations, aiming for improved thermal conductivity predictions. A detailed resource is
provided for future research, evaluating input variables, model consistency, and types of nanofluids. Here, a
robust data set of 691 data points is collected from the literature and processed to train the ANN model based
on nanoparticle thermal conductivity, size, base fluid, concentration, and temperature. The model developed
in this study has 4-12-1 architecture, and it is trained using the Levenberg-Marquardt backpropagation
algorithm. This study provides a reliable tool for thermal conductivity prediction for researchers working
in the nanofluids application area. This work can save valuable time for researchers by reducing the heavy
dependence on extensive experimental investigations and improving cost and resource efficiency in the
research field.
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2 Methodology

In order to develop an effective, accurate, reliable, and robust model, extensive data is collected. This
data is further used for the training of the ANN model, and the prediction performance of this ANN model
is evaluated. This process is discussed in detail in the subsequent section of Fig. 1.

Thermal
conductivity data
collection
2 -
Data cleaning « Input Layer: 4 neurons
(Nanomaterial thermal
¥ conductivity, Particle size,

Concentration, Temperature)

ANN model training | J |* Hidden Layer: 12 neurons
Activation  Function:  tansig
(non-linear learning)

¢ Output Layer: 1 neuron
Model performance Activation  Function:  purelin
evaluation (predicts thermal conductivity)
¥ -
Finish

Figure 1: Flowchart of the modelling process

2.1 Data Collection

Data collection is an important step in this work. The reliability of the data collection process has a
significant impact on the reliability of the developed model. In this work, a large data set is collected from the
literature. This study gathers thermal conductivity data from various sources in the literature to ensure data
diversity. Additionally, the data collection is restricted only to the studies using metal oxide nanoparticles
and water as a base fluid. Restricting the data collection to these factors ensures consistency, reliability,
and comparability of the dataset. As discussed earlier, metal oxide nanoparticles are commonly used as
they provide good stability, high thermal conductivity, and cost-effectiveness. Hence, aqueous metal oxide
nanofluids have wide industrial applicability. Restricting data collection to these specific criteria can lead to
more controlled analysis and higher accuracy. Thermal conductivity data of nanofluids is dependent on the
preparation parameters like thermal conductivity of the base fluid, nanoparticle materials, concentration,
particle size, and temperature. Hence, in this work, data on the thermal conductivity of metal oxide water-
based nanofluids are collected from the literature. A total of 691 data points were collected from the sources, as
listed in Table 1. This dataset contained thermal conductivity (k) data with key variables such as nanomaterial
type, particle size, concentration (wt%), and temperature. The detailed dataset used for training the ANN
model is provided in Supplementary Table S1. The nanomaterial type is then converted into nanomaterial
thermal conductivity by replacing the material with the bulk thermal conductivity of that material. In the
data collection process, no missing parameters are ensured. This dataset is processed with structured data
cleaning to ensure its integrity and relevance for analysis. As these data points are collected from various
sources across the globe, changes in equipment, instruments, and synthesis processes may lead to anomalies
in the data. These anomalies are extreme values that do not match the general pattern of the data and can
substantially impact the entire training process. The noise introduced by these outliers can result in the low
accuracy and effectiveness of the models. Hence, the removal of these anomalies is necessary to produce a
cleaner dataset and ensure the reliable learning of the ANN. The cleaning process of this data set is done
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using the Isolation Forest method. This algorithm finds the outliers by calculating the degree of isolation
for each data point in the entire space of data. The particle size, concentration, temperature, and thermal
conductivity are used to compare and identify the anomalies. The contamination parameter was set to 5%
so that the algorithm flagged approximately 5% of the dataset as anomalies. These detected anomalies were
identified and removed, which reduced the dataset from 691 to 614 observations. This cleaned dataset is then
used for further analysis, ensuring the reliability of the learning process.

Table 1: Dataset sources and nanoparticle materials

Sr. No. Source Particlesize = Concentration Temperature Nanoparticle
(nm) (Wt%) °C) material
1 Duangthongsuk and 21 0.84-7.97 15-35 TiO,
Wongwises [25]
2 Mukherjee et al. [26] 20 0.01-1 25-65 TiO,
3 Abdel-Samad et al. [27] 12 0.127-2 10-90 TiO,
4 Fedele et al. [28] 20 1-35 20-80 TiO,
5 Hu et al. [29] 10 3.85-10.71 20-40 TiO,
6 He et al. [30] 95 1-75 22 TiO,
7 Zhang et al. [31] 40 2.5-10 10-40 TiO,
8 Murshed et al. [32] 15 0.021-0.21 25 TiO,
9 Singh et al. [33] 50 2.08-11.6 30-50 TiO,
10 Azmi et al. [34 22 2-11.6 30 TiO,
1 Kim et al. [35] 10-70 4-11.6 30 TiO,
12 Das et al. [36] 50 0.4-75 20-60 AL Os
13 Mahanpour et al. [37] 20 0.01-0.1 15.5 AL Os
14 Esfe et al. [38] 20 0.01-0.2 26-50 ALO;
15 Singh et al. [39] 50 0.4 19-57 ALO;
16 Duan [40] 25 4-17.25 15-55 ALO;
17 Chen et al. [41] 15 0.5-1 15-55 ALO;
18 Kong and Lee [42] 30 1.5-5 10-40 AL O;
19 Riahi et al. [43] 9 1.5-2.7 25-45 AL Os
20 Chen et al. [44] 18.7 0.04-2 20-50 AL Os
21 Issa [45] 5-50 5-20 20-45 AL Os
22 Khurana et al. [46] 20-40 0.1-3.84 10-40 AL Os
23 Safir et al. [47] 40 0.5-2.42 20-50 ZnO
24 Safir et al. [48] 40 0.5-2.42 25-50 ZnO
25 Dhiaa et al. [49] 53 0.2-1 30-70 ZnO
26 Shivashankar and 50 2.74-14.8 25 ZnO
Parashivamurthy [50]

27 Pavithra et al. [51] 23-31 3-14 25 CuO
28 Kumar et al. [52] 40 0.62-3 20-80 CuO
29 Singh et al. [53] 50 0.62-3 20-80 CuO
30 Mane and Hemadri [54] 50 0.1 25-40 CuO and Fe; Oy
31 Afrand et al. [55] 30 0.5-9.45 20-55 Fe; Oy
32 Sundar et al. [56] 13 1-9.5 20-60 Fe; 0y

(Continued)
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Table 1 (continued)

Sr. No. Source Particle size  Concentration Temperature Nanoparticle
(nm) (Wt%) (°C) material
33 Aghayari et al. [57] 20 1-3 20-60 Fe; Oy
34 Abareshi et al. [58] 20 5-14 10-40 Fe; Oy

2.2 ANN Model Development

A typical ANN consists of an input layer (representing input parameters), a hidden layer (responsible
for processing and extracting patterns from the data), and an output layer (representing the predicted
values or target outcomes). The development of the ANN model is based on the data’s characteristics and
complexity. The most influential factors affecting the ANN architecture are the input and output parameters.
The neurons in the input and output layers are affected by the input and output parameters. However,
the complexity of the data mostly affects the hidden layer part of the architecture. As this hidden layer is
responsible for the feature extraction and learning process, more complex data need deeper hidden layers.
During the modeling process, the dataset is automatically split into training (70%), validation (15%), and
testing (15%). The ANN model developed in this work consists of three distinct layers: the input layer, hidden
layer, and output layer. Each layer comprises interconnected neurons, and the communication between these
neurons occurs via linking weights. Every neuron aggregates multiple signals from the preceding layer and
adjusts the corresponding weight values. The final output is determined after multiple training iterations. A
backpropagation algorithm, known for its effectiveness in material property predictions, has been employed
here to capture the relationship between input and output datasets. In this study, a backpropagation artificial
neural network with a 4-12-1 architecture (4 neurons in the input layer, one for each input variable, 12
neurons in the single hidden layer, and one neuron in the output layer) is utilized. The input parameters for
the model include the nanomaterial thermal conductivity, particle size (nm), weight concentration (wt%),
and temperature, while the output parameter is the thermal conductivity. A standard feedforward neural
network (with one hidden layer) trained by the Levenberg-Marquardt backpropagation algorithm, designed
to model the relationship between four input parameters and one output, i.e., thermal conductivity of
nanofluid. MATLAB 9.6 (R2019a) was used to implement and train the model, and the dataset was split into
training, validation, and testing subsets. Fig. 2 illustrates the proposed backpropagation ANN model for the
present study. Table 2 also shows the key parameters of the ANN.

To ensure the selected 4-12-1architecture accurately captures the relationship between the input param-
eters and thermal conductivity, several network configurations were systematically tested. The performance
of each architecture was evaluated based on the Mean Squared Error (MSE) and the coefficient of determi-
nation (R?) on both validation and testing datasets. The hidden layer size of 12 neurons provided the best
trade-off between predictive accuracy and computational efficiency. To prevent overfitting, early stopping
was applied using the validation dataset, and the network’s performance on the independent testing dataset
was continuously monitored. The activation functions, training algorithm, and other hyperparameters were
optimized iteratively to maximize generalization, ensuring that the ANN model delivers reliable predictions
for thermal conductivity across the range of input variables.
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Figure 2: Architecture of the ANN model

Table 2: Key ANN model architecture and training parameters

Parameter Value

Number of input neurons 4 Corresponds to the four input features (e.g.,
nanomaterial thermal conductivity, particle size,
concentration, temperature)

Hidden layer neurons 12
Number of output neurons 1 (thermal conductivity)
Training function trainlm (Levenberg-Marquardt) backpropagation
algorithm
Data division ratio 70% Training, 15% Validation, 15% Testing
Performance metric Mean Squared Error (MSE)
Implementation software MATLAB 9.6 (R2019a)
Network type Feedforward Backpropagation
Activation functions tansig in hidden layer, purelin in output
Learning rate Automatically adjusted by the trainlm algorithm
Epochs Maximum 1000
Stopping criteria Early stopping applied; training stops if validation
MSE does not decrease for 50 consecutive
iterations
Opverfitting prevention Validation set monitoring, early stopping, and

performance checked on independent testing set
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2.3 Performance Evaluation

The performance evaluation of the ANN model is a crucial step in this study. The performance
evaluation of an ANN ensures the reliability of its predictions. In this section, performance matrices of the
ANN, i.e., Mean Squared Error (MSE) and R values, are analyzed for the ANN performance. Here MSE is
the average squared difference between predicted and actual values. It indicates the error in the prediction
of values, and hence, the least MSE value is expected. While R values show predicted and actual values,
and 1 value is expected. Similarly, the plot of output and target, i.e., predicted and actual values, also shows
comparative matching of values and hence the performance of the ANN. The presence of points closely
aligned with the diagonal line indicates optimal model performance. The subsequent discussions provide
proof of the reliability and accuracy developed in this study.

Training, testing, and validation of the ANN model

A backpropagation neural network has been applied to the model, which predicts the hardness of the
alloys. Initially, all datasets were scaled using the feature scaling function to maintain the stability of the input
dataset. The generalized equation of feature scaling is given in Eq. (1) [59].

x; —mean(x;)

scale = 1
Xfscal std(x;) @

where x; is the thermal conductivity of the i-th sample.

As discussed earlier, an entirely cleaned dataset of 625 data points is divided into training, validation,
and testing to build the model. The ANN architecture is set as 4-12-1 to provide maximum reliability, and it is
chosen through the error and trial method. The Mean Squared Error (MSE) quantifies the average squared
difference between the network’s predicted outputs and the actual values. A lower MSE indicates a more
accurate model. In Fig. 3, an MSE of 0.091786 at 141 epochs represents the lowest validation error achieved,
suggesting that the network has optimally learned the underlying relationship at that point. Achieving
the best validation performance at 141 epochs with an MSE of 0.091786 not only confirms the models
effectiveness in capturing the data patterns but also highlights that further training beyond this point might
risk overfitting. This balance between training and validation error is critical for ensuring reliable predictions
on unseen data.

Assessment of ANN prediction accuracy

The relationship between the predicted output (thermal conductivity of nanofluid) of the ANN and
the target values (actual values from the literature) is discussed in this section. The close alignment of the
predicted and target values shows that the ANN model has accurately predicted the thermal conductivity
of the nanofluid. Fig. 4 shows that the majority of data points lie close to the line of perfect correlation,
which represents a zero-error condition. The points that lie exactly on this line indicate a 100% accurate
prediction of the thermal conductivity of nanofluid by the model, with no deviation between the predicted
and actual values. Fig. 4a shows that for all data, R is 0.95772, which confirms the reliability of the ANN
model. Here, the R-value (correlation coefficient) is the indicator of how well a correlation or model predicts
an entity. Fig. 4b shows that for the training set, the R-value is 0.96652; this indicates that the model has
learned the underlying patterns exceptionally well. Also, the validation set R-value of 0.962 confirms that
the model generalizes effectively and avoids overfitting during the training process, as shown in Fig. 4c. The
lowest R-value is covered for the test set in Fig. 4d, i.e., 0.90885, which still demonstrates a strong predictive
performance on unseen data, confirming the reliability of ANN. These R values reflect that the ANN model
consistently delivers excellent predictive accuracy across all data splits.
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As an overview, Fig. 4 shows strong correlations between predicted and experimental values, with
R values of 0.9577 (all data), 0.9665 (training data), 0.962 (validation data), and 0.9089 (test data). The
complementary error metrics (RMSE, MAE, MAPE) in Table 3 confirm the model’s reliability. The slightly
lower R for the test set reflects natural variability in unseen data, while occasional outliers arise from sparsely
sampled regions of the dataset. Overall, the model demonstrates good accuracy and generalization.

Table 3: The error metrics during the ANN model architecture

Dataset RMSE MAE MAPE

Training  0.062545 0.033832  11.118
Validation  0.17642  0.093797 87788
Testing 0.18964  0.13639  49.426

To quantify the effectiveness of the developed model, standard regression evaluation metrics were
employed, namely R?, MAE, RMSE, and MAPE. Thus, the model performance is evaluated using the
following metrics:

(i) Mean Absolute Error (MAE): MAE represents the average of the absolute differences between the actual
and predicted values:

1 N

MAE=;Z|y—y ()

It provides a straightforward measure of prediction accuracy. Where y and y are actual data points and
predicted data from the model, respectively. # is the total number of points in the dataset.

(ii) Root Mean Squared Error (RMSE): RMSE is the square root of the mean of the squared differences
between actual and predicted values:

RMSE=\/+ ¥ (=)’ ®)

It reflects the magnitude and dispersion of prediction errors.

(iii) Mean Absolute Percentage Error (MAPE): MAPE measures the average percentage error between the
actual and predicted values:

100 Iy—ﬁl)
MAPE= — Y |24 4
n ( 1yl @

In this work, ANN is selected because it effectively captures complex nonlinear relationships that
empirical correlations and regression models often miss. While approaches such as Support Vector Machine
(SVM) and decision trees can also be applied, ANN provided higher accuracy (low RMSE/MAE, strong R)
and reliable generalization in our case. A detailed benchmarking with other models will be considered in
future work. In addition, ANN expresses prediction accuracy as a percentage, making it easy to interpret
across different datasets. Together, these metrics provide a comprehensive assessment of regression model
performance, indicating both the accuracy of predictions and the overall goodness of fit, which is presented
in Table 3.
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Fig. 5 presents the error histogram for the training, validation, and test datasets. Most of the errors are
clustered around zero, indicating that the model predictions are unbiased and generally accurate. The narrow
distribution further demonstrates that large deviations are rare, with only a small number of outliers observed
in the tails. These outliers are likely associated with regions of the dataset where fewer experimental samples
were available, making predictions less constrained. Overall, the error distribution confirms the consistency
and robustness of the model across all datasets, in agreement with the quantitative metrics (RMSE, MAE,
and MAPE) reported in Table 3. Further, the bar chart (Fig. 5b) compares the correlation coeflicient (R) of
the current study with previous studies [60,61] across three datasets: training, validation, and testing. The
correlation coeflicient measures how well the predicted outputs from the ANN model align with the actual
target values, with values closer to 1 indicating better prediction accuracy.

a) Error Histogram with 20 Bins b) [..] Current Study
— ‘ 1 || Sadeghzadeh ct al. [60]
160| | ’\r/;?llg;?l%n 1.00 - L] Ahmadi et al. [61]
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40§ 3 0.25 -
Q
Csesprgsecionsazzgsgzy 07 - o .
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' Tee eSS Ssse
Dataset

Error = Targets - Outputs

Figure 5: (a) Histogram analysis between target value and output values and (b) comparison of different study [60,61]

2.4 Generalization Capabilities and Practical Applications

In the current work, the developed ANN model showed a high accuracy (R > 0.90) and rapid
convergence for predicting the thermal conductivity of metal oxide water-based nanofluids. However, its
generalization to the entire nanofluid spectrum as the training dataset is focused on metal oxide nanofluids
only. Additionally, in metal oxide nanofluids, their generalizations and applicability will also be restricted to
non-aqueous nanofluids only. The effectiveness of a model may be further restricted for a hybrid nanofluid
due to the lack of a training dataset. In this work, the model is trained on specific temperature ranges,
nanoparticle concentrations, and particle sizes reported in the literature; hence, the predictive performance
of the model may be limited outside the range of these properties within the training data set. Hence, to
accommodate the broader generalization and predictive capability of the ANN model, a robust training
dataset is required. At present conditions, the proposed ANN model offers engineers and researchers a fast,
cost-effective tool for estimating thermal conductivity. This enables preliminary screening and optimization
of nanofluid formulations before committing to time-consuming and expensive experimental work. This
can be time-saving in the design of thermal management systems in applications such as heat exchangers,
cooling systems, and renewable energy technologies.



12 Comput Mater Contin. 2026;86(1)

3 Conclusions and Limitations

In this study, an ANN model is developed using an extensive dataset on the thermal conductivity
of nanofluids. The dataset includes key parameters such as nanofluid thermal conductivity, nanoparticle
material type, concentration, particle size, and temperature. In order to develop a robust prediction tool
for nanofluid thermal conductivity, this comprehensive dataset is used to train the ANN. The trained ANN
model provided reliable prediction performance and detailed findings of this work are listed below.

o This study developed an ANN model with a 4-12-1 architecture to predict thermal conductivity based
on nanomaterial type, particle size, concentration, and temperature.

o The model achieved high correlation coeflicients with training, validation, and test R values of 0.96652,
0.962, and 0.90885, respectively, indicating excellent predictive accuracy.

» Rapid convergence was observed, with the MSE stabilizing at 0.18468 in just five epochs and reaching
its best validation performance of 0.091786 at epoch 141.

o  Theseresults demonstrate that the ANN effectively captures the complex relationships between the input
parameters. This ANN model can be effectively applied to understand the complex relationship of input
parameters and their role in nanofluid thermal conductivity. The prediction performance of the ANN
shows that the model effectively captures the hidden behavior of the data.

o Future scope: The ANN model developed in this study can be improved further by training it on the
expanded dataset. Similarly, a few other input parameters that can have influenced the thermal con-
ductivity can also be included in the dataset. This additional parameter can complicate the relationship
of input parameters and potentially reduce the prediction accuracy of the model. However, it can be
improved using deep learning and optimization algorithms.

These findings show that the ANN model reliably delivers the prediction of thermal conductivity of
nanofluids. This also shows that in the thermal engineering field, ANN can be extensively used for statistical
modeling, where it can capture the complex behavior of devices, processes, and materials. Using these
machine learning techniques, resources, and time efficiency of the researchers can be significantly improved.
Additionally, the need for nanofluid characterization can be significantly reduced, which can further boost
the research and adaptation of nanofluids in industrial applications. It should be noted that some of the
studies included in the training dataset [40,51,52] have been discussed on platforms such as PubPeer, where
certain methodological concerns have been noted. While these references were published in reputable
journals and form part of the dataset used to train the ANN model, we acknowledge these discussions and
have included them here for completeness of the dataset.
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