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Prediction of Nanofluid Specific Heat Capacity Using Supervised Regression Models
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ABSTRACT

	The accurate prediction of the specific heat capacity (SHC) of nanofluids has become increasingly important for industrial and scientific applications. However, traditional experimental methods of determining SHC are often costly, labor-intensive, and subject to measurement uncertainties. Consequently, there is a need for reliable and efficient predictive models. In this study, we used advanced supervised machine learning regression models to estimate the SHC of nanofluids. A data set of 517 records included thermophysical features of nanofluids is collected and preprocessed. These features include nanoparticle type, base fluid, base fluid temperature, and nanoparticle volume fraction. Supervised regression models such as Gradient Boosting, XGBoost, AdaBoost and Decision Tree Regressor, were applied and evaluated. The Gradient Boosting model showed the best performance with R² score of 99.60%, followed by XGBoost (97.43%), AdaBoost (97.07%) and the Decision Tree Regressor (86.73%). These results demonstrated the effectiveness of machine learning regression in predicting SHC of nanofluids. This is important for designing materials and optimized energy systems. 
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1. INTRODUCTION

In recent years, nanofluids engineered colloidal suspensions of nanoparticles in conventional base fluids have gained significant traction due to their enhanced thermophysical properties. These fluids offer remarkable improvements in heat transfer capabilities, primarily due to the inclusion of nanoparticles with high surface area and superior thermal conductivity. Such characteristics make nanofluids attractive for applications in energy systems, manufacturing processes, biomedical devices, and electronics cooling systems (Choi, 1998), (Borm et al., 2006). The ability to fine-tune their thermal properties as type, size, and volume fraction of nanoparticles has opened new avenues for designing highly efficient thermal systems (Colangelo et al., 2016). Among the critical thermophysical parameters influencing nanofluid performance is the specific heat capacity (SHC), which directly impacts the heat storage and transfer characteristics of the fluid. Accurately measuring of SHC is essential for selecting suitable nanofluids in engineering applications. However, conventional experimental techniques, such as differential scanning calorimetry, are labor-intensive, time-consuming, and often affected by measurement errors caused by particle agglomeration, sedimentation, or temperature sensitivity (O’Hanley et al., 2012), (Zhou et al., 2010). Furthermore, the complex and nonlinear behavior of nanofluids makes traditional predictive models insufficient.
In response to these challenges, machine learning (ML) has emerged as a powerful and efficient tool for predicting material properties, especially in cases involving large datasets and complex variable interactions. ML models have been successfully applied to estimate thermophysical properties such as thermal conductivity, viscosity, and antibacterial behavior of nanomaterials (Sarker, 2021), (Sharma et al., 2022). Recent advancements in this field have demonstrated that ML models not only complement but can also outperform traditional methods when accurate and rapid predictions are needed (Durgam & Kadam, 2021), (Zhu et al., 2024).
Different machine learning regression models were employed by Sharma et al. to predict the thermal conductivity of TiO₂-H2O nanofluids (Sharma et al., 2022). Their results showed that the gradient boosted model (GBR) had the highest accuracy, with an R² value of 0.99 and an MSE value of less than 0.0003. However, support vector regression (SVR) performed the worst of all models, with an R² value of 0.69 (Sharma et al., 2022). In a separate study, Durgam and Kadam (Durgam & Kadam, 2021) applied Gaussian Process Regression with Matern and Squared Exponential kernels to predict the heat conductivity and viscosity of Al₂O₃-H₂O nanofluids, resulting in R² values of 0.99 and minimal Root Mean Square Error (RMSE) score. Also, Li et al. looked at six ways to use computers to work out how hot or cold EG-Al₂O₃ fluids would be. Their results showed that Gradient Boosting Decision Trees (GBDT) were the most accurate, with R² scores of 0.9974 (training) and 0.9958 (testing) (Zhu et al., 2024). A study of a much larger dataset confirmed the high prediction performance of Artificial Neural Networks (ANNs) across multiple types of nanofluid (Durgam & Kadam, 2021).  Recently, Kanti et al  (Kanti et al., 2024) investigated mono- and hybrid graphene oxide-based nanofluids and demonstrated that Random Forest had the best results (R² = 0.9575, MAPE = 1.04%), proving its effectiveness in predicting thermal properties. They used real data from five different nanofluids and shows that machine learning can be used to analyze many different nanofluid variables (Kanti et al., 2024). In addition to machine learning approaches, more recent studies have also investigated the thermophysical behavior of nanofluids in natural convection under magnetic fields and partial heating, highlighting the importance of accurate thermal property prediction in simulation and design processes (Marfouk et al., 2025).
All these researches demonstrate the effectiveness of several machine learning methods, especially those based on a set of models such as GBR and Random Forest (RF), in predicting the thermal properties of nanofluids with high accuracy. However, this study uses a set of supervised regression models to predict the thermal properties of nanofluids based on key input parameters: Nanoparticle type, base fluid type, temperature, average particle size, and volume fraction. The data was preprocessed using appropriate feature encoding and normalization techniques. Four regression models including Gradient boosted, XGBoost, AdaBoost, and decision tree, were trained, validated, and compared. The Gradient boosted model had the highest predictive value among all these models, achieving a prediction accuracy of 99.60%. The results encourage using of intelligent machine learning regression strategies for thermal management systems.	Comment by Nabeel Al-Mutairi: The aim of this study should be added at the end of introduction

2. methodology

proposed Model

Our proposed prediction model consists of five main steps. The first step is data collection. The second step is data extraction, where important features such as nanoparticle type, base fluid, temperature, and volume fraction are identified. The third step is data preprocessing, which includes coding univariate categorical variables and dividing the dataset into training and test sets. In the fourth step, the model is optimized using various regression models such as: Gradient boosting, AdaBoost, AdaBoost, Decision Trees, and XGBoost. The final step is model evaluation and validation. Fig. 1 shows the workflow.
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Fig. 1. Model development workflow
 
2.1 Nanofluid Dataset
The dataset has 517 records on the thermophysical properties of nanofluids. Every record contains four input properties: nanoparticle type, base fluid, nanoparticle volume fraction and base fluid temperature. The predicted output is the specific heat capacity (SHC) of the nanofluids (J/kg.K). The dataset was got from a Kaggle platform (KumarAugustya, 2024). Categorical features were processed using one-hot encoding to enable compatibility with machine learning regression models. The dataset was then divided into 70% for training and 30% for testing. Table 1 shows a sample of the used dataset. 

[bookmark: _Ref206837194]Table 1: Sample of the Nanofluid dataset
	Nanopartice	Comment by Nabeel Al-Mutairi: Nanoparticle
	Base fluid
	Nanoparticle volume fraction (%)
	Base fluid temperatue (K)	Comment by Nabeel Al-Mutairi: Correct this word to Temperature
	SHC (J/kg.K)

	Al₂O₃
	Water
	2
	313
	4181.89

	ZrO₂
	Water + ethylene glycol
	5
	243.15
	3147.42

	SiO₂
	Water/
Ethylene glycol (60:40)
	1
	315
	3141.04

	ZnO
	Water+
ethylene glycol (60:40)
	7
	325
	3146.75

	MgO
	Ethylene glycol
	0.16
	343
	2427.65



In this study, a variety of nanoparticles were employed, including aluminum oxide (Al₂O₃), silicon dioxide (SiO₂), zinc oxide (ZnO), copper oxide (CuO), magnesium oxide (MgO), zirconium oxide (ZrO₂), aluminum nitride (AlN), and titanium dioxide (TiO₂). These nanoparticles were detached in different types of base liquids, such as water (H₂O), ethylene glycol (EG), and water-ethylene glycol mixtures. The concentrations of nanoparticles in the base liquids varied from 0.5% to 10% by weight, and the thermal properties of the resulting nanofluids were tested over a temperature range of 293 K to 363 K.
2.2 Data Pre-processing 
The original dataset was obtained in tabular format contained both categorical and numerical characteristics. Categorical variables such as nanoparticle type and base fluid were coded using both label coding and one-hot encoding techniques, depending on the stage of analysis. Numeric characteristics (such as volume fraction and temperature) were kept in the same original format, while descriptive statistics such as mean, standard deviation, skewness, and kurtosis were performed to detail the distribution of the data. Correlation analysis was also conducted to identify poorly correlated features that were subsequently removed and to remove high-impact features that led to overfitting. These preliminary preparatory stages ensured that the dataset was properly ordered and normalized before starting to train and evaluate the model.
2.3 Data Pre-processing 
The original dataset was obtained in tabular format contained both categorical and numerical characteristics. Categorical variables such as nanoparticle type and base fluid were coded using both label coding and one-hot encoding techniques, depending on the stage of analysis. Numeric characteristics (such as volume fraction and temperature) were kept in the same original format, while descriptive statistics such as mean, standard deviation, skewness, and kurtosis were performed to detail the distribution of the data. Correlation analysis was also conducted to identify poorly correlated features that were subsequently removed and to remove high-impact features that led to overfitting. These preliminary preparatory stages ensured that the dataset was properly ordered and normalized before starting to train and evaluate the model.
2.4 Feature Extraction 
Feature extraction was performed using structured tabular data to represent nanofluid samples. The input characteristics included the type of nanoparticle, the type of base fluid, the volume fraction and the temperature. The categorical attributes were also converted into numeric representations using single-point encoding to ensure compatibility with machine learning regression models. The numerical characteristics remained in the original form and an analysis of the statistical distribution and relationship with the target variable was performed. Attributes with high and low correlation were treated as redundant and removed to improve the effectiveness and performance of the model. This process ensured that the final set of attributes effectively demonstrated the key relationships relevant to the prediction of specific heat capacity.

2.5 Model Development
Four tree-based ensemble regression models are employed to model the specific heat capacity of nanofluids: Decision Tree, Gradient Boosting, AdaBoost and XGBoost.

2.5.1 Decision Tree
It is a non-parametric supervised learning algorithm used for regression and classification tasks, the tree structure recursively splits the dataset into subsets based on feature thresholds, forming branches that lead to a prediction at the leaves. Although decision trees offer clear interpretability and fast computation, they are sensitive to small variations in the data and prone to overfitting when used individually. According to (Quinlan, 1986), decision tree models are effective for understanding key feature interactions, but ensemble strategies are often required for improved generalization.

2.5.2 Gradient Boosting 
Gradiant boosting is based on the sequential construction of building models, with each subsequent model focusing on the modification and correction of errors in previous models. The loss function (e.g., MSE) is minimised by gradient boosting, resulting in a robust predictive model based on weak learners. It is demonstrated that gradient boosting is well-suited for structured or tabulated data, which typically yields a superior degree of prediction accuracy in comparison with single-model approaches (Friedman, 2001).

2.5.3 AdaBoost
Adaptive Boosting (AdaBoost) combines multiple weak learners (typically decision stumps) to form a strong learner by adjusting the weights of training samples. In each iteration, higher weights are assigned to previous cases that were incorrectly predicted, so the model is more focused on the harder cases. The study in (Chengsheng et al., 2017) shows that AdaBoost is efficient at minimizing bias and variance, making it a suitable algorithm for regression tasks.

2.5.4 XGBoost
Extreme Gradient Boosting (XGBoost) is an improved version of gradient boosting, which includes regularization parameters to control overfitting and parallel processing to improve performance. It also supports sparse algorithms and tree pruning strategies, making it particularly effective for large-scale regression. The use of XGBoost in civil engineering has been demonstrated for predicting the bearing capacity of piles (Amjad et al., 2022). The effectiveness and accuracy of XGBoost in modeling highly non-linear engineering datasets has also been confirmed. 

2.6 Model Validation & Data Analysis
Equations (1) to (3) are employed to calculate the Mean Squared Error (MSE), Mean Absolute Error (MAE), and Coefficient of Determination (R²), respectively. These metrics are crucial for evaluating the performance of the selected four tree-based ensemble algorithms. These evaluation measures are applied to both the training and testing datasets to assess model accuracy.	Comment by Nabeel Al-Mutairi: Add references for these equations
    
 
 


Where:
 :  Number of samples in the dataset.
: Actual (true) value of the observation.
:​ Predicted value of the observation.
​: Mean (Avg) of the actual values  ​.
∑: Summation symbol, used to sum over all samples from i=1 to.

3. results and discussion

3.1 Results	Comment by Nabeel Al-Mutairi: Relate the disscusion with previous studies
The experimental phase consisted of several stages, starting with data pre-processing, in which the categorical characteristics (nanoparticles and base fluid) were changed using monophasic coding. The data was then divided into two sets, one for training (70%) and the other for testing (30%). After that, the four regression models were trained and evaluated. 
As shown in Tables 2 and 3. Gradient Boosting and XGBoost obtained the highest accuracies in both the training and testing datasets, with Gradient Boosting showing its superiority in terms of generalization performance (R² = 0.996).

Table 2: Model Performance on Training Data
	Model
	MSE
	MAE
	R²

	Gradient Boosting
	1137.68
	19.0872
	0.9976

	XGBoost
	6917.4
	46.6676
	0.9855

	AdaBoost
	9281.07
	49.1136
	0.9805

	Decision Tree
	37838.8
	92.6331
	0.9204



Table 3: Model Performance on Testing Data
	Model
	MSE
	MAE
	R²

	Gradient Boosting
	2189.93
	27.5274
	0.996  

	XGBoost
	13895.6  
	68.9269
	0.9743

	AdaBoost
	15820.5  
	68.4461
	0.9707

	Decision Tree
	71768.1  
	141.507  
	0.8673




To demonstrate the practical utility of these trained models, a predictive scenario was run in which the user provided key inputs, namely the type of nanoparticle, the base fluid, the nanoparticle size fraction, and the fluid temperature. For example, when the following parameters are entered: 
· Nanoparticles: Al₂O₃
· Base liquid: Water + ethylene glycol
· Volume fraction at 5% 
· Temperature of 800 K.

The models gave predictions of specific heat capacity (SHC). Table 4 showed the predicted SHC values, which closely match the original values in the dataset. This strong agreement further confirms the reliability and generalizability of the applied models.


Table 4: Predicted SHC Values and Comparison with Original Data Range
	Model
	Predicted SHC (J/kg·K)

	XGBoost
	2429.34

	GradientBoosting
	2704.17

	DecisionTree
	3148.27

	AdaBoost
	2967.6

	Original Data (Min)
	1561.21

	Original Data (Max)
	4188.45

	Original Data (Avg)
	3355.66



3.2 Discussion	Comment by Nabeel Al-Mutairi: Relate with previous studies
The results demonstrated that the Gradient Boosting model has the best performance with R² score of 99.60%, followed by XGBoost (97.43%), AdaBoost (97.07%) and the Decision Tree Regressor (86.73%). These results are consistent with recent obtained by (Mathur et al., 2024) which demonstrated the effectiveness of gradient boosting in modeling and predicting complex properties of nanofluids, including specific heat capacity (SHC). The preprocessing using one-hot encoding and correlation-based feature filtering, improved the model's accuracy by eliminating irrelevant or redundant variables. The result are consistent with (Ullah et al., 2023) which support the ability of supervised regression models to understand the nonlinear and multivariable thermal behaviors of nanofluids. 

4. CONCLUSION
In this study, four machine learning regression models which are Gradient Boosting, XGBoost, AdaBoost and Decision Tree Regressor, are employed to estimate the specific heat capacity (SHC) of nanofluids. The regression models were trained on a data set of 517 records included thermophysical features of nanofluids. The features include nanoparticle type, base fluid, base fluid temperature, and nanoparticle volume fraction. The input properties of nanoparticle were preprocessed using one-hot encoding and correlation-based feature filtering.
The Gradient Boosting model showed the best performance with R² score of 99.60%, followed by XGBoost (97.43%), AdaBoost (97.07%) and the Decision Tree Regressor (86.73%). Similar to (Amjad et al., 2022), the results of our experiments demonstrated that the XGBoost model has shown efficiency and accuracy in predicting the thermophysical properties of nanofluids. Similarly, Gradiant Boosting showed high accuracy in predicting SHC, which is consistent with the results demonstrated by (Friedman, 2001).
The use of explainable artificial intelligence (XAI) methods, such as SHAP or LIME, is recommended for the future, as they improve interpretability and provide insights into the importance of features and decision-making within the model (Lundberg & Lee, 2017).
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