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Abstract: Magnesium matrix composites have attracted significant attention due to their lightweight 

nature and impressive mechanical properties. However, the fabrication process for these alloy 

composites is often time-consuming, expensive, and labor-intensive. To overcome these challenges, 

this study employed machine learning (ML) techniques to predict the mechanical properties of 

magnesium matrix composites. Regression models were utilized to forecast the yield strength of 

magnesium alloy composites reinforced with various materials. The study incorporated previous 

research on matrix type, reinforcement type, heat treatment, and mechanical working. The 

regression models employed in this study included decision tree regression, random forest 

regression, extra tree regression, and XGBoost regression. Model performance was assessed using 

metrics such as RMSE and R2. The XGBoost Regression model out-performed others, exhibiting an 

R2 value of 0.94 and the lowest error rate. Feature importance analysis indicated that the 

reinforcement particle form had the greatest influence on the mechanical properties. The study 

identified the optimized parameters for achieving the highest yield strength, which was 186.99 MPa. 

Overall, this study successfully demonstrates the effectiveness of ML as a valuable tool for 

optimizing the production parameters of magnesium matrix composites. 

Keywords: Machine Learning; Regression Model; XGBoost Regression; Yield Strength 

 

1. Introduction 

Magnesium alloys are lightweight materials with many industrial applications due to their high 

rigidity, strength, and excellent castability. They are lighter (lower density) than other metals such as 

aluminum and steel, have excellent damping capacity, a high recycling rate, and are easy to machine. 

Additionally, they are a viable alternative material for aerospace and automotive components [1,2]. 

AE (Aluminum-Rare Metal Earth), AM (Aluminum-Manganese), AS (Aluminum-Silicon), and AZ 

(Aluminum-Zinc) are types of magnesium alloy-based element systems.  

Aluminum-zinc elements are commonly used as magnesium alloying elements because they are 

advantageous, inexpensive, and highly soluble. The addition of aluminum to magnesium alloys can 

increase the strength and melting point of the alloy. In addition to aluminum, zinc can increase 

magnesium alloy strength without diminishing ductility, casting fluidity, or corrosion resistance [3–
5]. AZ Magnesium alloys can be made into metal matrix composites by incorporating ceramic 

reinforcements in micro and/or nano forms, such as silicon carbide (SiC), tungsten carbide (WC), 

tungsten disulfide (WS2) and others [6–9]. Beside ceramic reinforcement, there is also graphene 

(carbon-based material) and eggshell (biomaterial) used for magnesium composite reinforcement 

[10,11]. 

In most cases, magnesium matrix composites are produced by stir casting, and there are some 

additional experimental methods to improve their mechanical properties, such as heat treatment and 

mechanical working (extrusion and equal channel angular pressing). [12,13]. Despite the potential for 

improvement through experimentation, the production of magnesium matrix composites poses some 

challenges, such as being time-consuming, expensive, and labor-intensive. Therefore, a new method 
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is needed to address these challenges using machine learning, given the benefits of development 

magnesium matrix composites [14]. 

Machine Learning (ML) technology is a branch of artificial intelligence, and this is the current 

trend to develop research in materials. For the design and discovery of novel materials for a variety 

of applications, ML has been viewed as a promising tool. There are different types of ML algorithms 

that can be used to accelerate composite material research [15,16]. Regression methods are one of the 

method that can be used to predict the mechanical properties. There are several regression models 

from machine learning to predict such as decision tree regression, random forest regression, extra 

tree regressor, and xgboost regression; consequently, these model are used to obtain yield strength 

[17,18].  

Various input parameters, including matrix type, reinforcement type, heat treatment, and 

mechanical working, can be used to predict the mechanical properties. The output parameters are the 

mechanical properties of the materials, such as yield strength. Each regression machine learning 

model has its own strengths and limitations. Therefore, in this research, machine learning will be 

employed to predict mechanical properties using the best regression model algorithm, which utilizes 

data from previous research. 

 

2. Machine Learning Regression Algorithm Model 

Regression algorithm models are used to predict mechanical properties because this model can 

establish relationships between independent variables such as matrix and reinforcement and then 

the dependent variable, such as mechanical properties (yield strength). Independent variables can be 

input parameters, and dependent variables can be output parameters. The output parameter, yield 

strength, is a continuous variable, so the regression model is fitted to predict continuous output [19–
21]. The yield strength (YS) refers to the point at which a material undergoes plastic deformation and 

fails to revert to its initial shape once the applied stress is eliminated. This property is important 

because it characterizes the highest stress of the material before permanent deformation, and this 

property is always used by engineers [22]. 

There are several regression models that can be applied for prediction, including decision tree 

regression, random forest regression, extra tree regression, and XGBoost regression. These models 

have been successfully utilized in previous research to predict the mechanical properties of various 

materials. For instance, Rajput et al. [19] employed various regression algorithm models, including 

the four models mentioned earlier, to predict the mechanical properties of ultimate tensile strength 

in aluminum metal matrix hybrid composites. The best-performing model among them was decision 

tree regression, which achieved an R2 value of 0.92909. Similarly, Seungmi Kwak et al. [14] used a 

random forest regression model to predict the mechanical properties of titanium aluminum (TiAl) 

alloy, and the results were evaluated using R2 values for tensile strength, elongation, nanoindentation 

hardness, and interlamellar space, which were 0.9336, 0.9902, 0.8104, and 0.9810, respectively. Figure 

1 displays the graphical representation of four different regression models. 
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(b) 

 

 

 
(c) (d) 

 

Figure 1. Graphical of regression model (a) Decision Trees Regression [23] (b) Extra Tree Regression [24] 

(c) Random Forest Regression [23] (d) XGBoost Regression [23]. 

       

The decision tree model can be visualized as a tree-like structure, as depicted in figure 1(a), 

where it mirrors a flowchart with nodes symbolizing the evaluation of features, as cited in [23]. 

Through this approach, it has the capacity to segregate a dataset into branches that together form an 

upside-down tree consisting of a root node, internal nodes, and leaf nodes. The root node signifies 

an initial decision that leads to the division of the entire data into two or more distinct groups. The 

internal nodes symbolize the subsequent choices made within the tree framework. Leaf nodes 

represent the final outcome achieved through a series of decisions. 

Decision tree regression is a variant of the decision tree model specifically for dealing with 

complex non-linear relationships, in contrast to decision tree classification. The algorithm aims to 

divide the data in a manner that reduces the total sum of the squared differences between the data 

points and the average within each division. Through this method, the algorithm transforms a 

multifaceted decision-making procedure into a series of more manageable decisions, which are 

illustrated as a tree structure [26]. 

Random Forest Regression employs the foundational concept of decision trees, but takes it a step 

further by constructing multiple decision trees and their predictions to yield a more precise and 

robust estimation. It is adept at handling both classification and regression problems. As depicted in 

Table 2, the generalization error tends to plateau with an increase in the number of trees, indicating 

that Random Forest does not succumb to overfitting even when employing a larger number of trees 

[27]. 

Extra Tree Regression is a machine learning algorithm which is an extension of the Random 

Forest algorithm. However, similar to Random Forest, Extra Trees builds an ensemble of decision 

trees. However, while Random Forest uses bootstrapping to create different training datasets for each 

tree, Extra Trees trains each tree on the whole training dataset so making it less likely to overfit the 

data compared with random forest [25]. XGBoost is an advanced adaptation of the gradient boosting 

algorithm, and it is highly regarded for its high computations and outstanding performance. From 

table 1, it is mentioned that XgBoost Regression is extremely fast because it combines the concept of 

Gradient Boosting Machine and cause based decision trees [26]. 

 

Datasets 

… 

Result : Average Prediction 

Prediction - Tree 1 Prediction - Tree 2 Prediction - Tree N 

Tree 1 Tree 2 Tree N 
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Table 1. Regression Models with Strengths and Limitations [27–30] 

Algorithm Model Strengths Limitations 

Decision Trees 

Regression 

Simple computation; 

easy to understand and 

interpret,  

Easy to overfit; 

Neglects 

correlation 

among data 

Extra Tree Regression Computational Efficiency Similar to 

Random Forest 

Random Forest 

Regression 

It can be utilized for both predicting 

numerical values (regression) and 

categorizing data (classification) 

without the necessity to standardize 

the features 

Clear of over-fitting. 

No 

Interpretability 

Performance is 

not good when 

there is class 

imbalance. 

XGBoost Regression Feature preparation, such as filling in 

missing values or tweaking the size 

and span of features, is not required.  

It can be used for tasks like sorting 

data into categories, making 

predictions on numbers, or putting 

things in a specific order.  

It is extremely fast and highly 

effective for its ability to do multiple 

calculations simultaneously 

For numeric 

features only. 

Leads to 

overfitting if 

hyperparameters 

are not adjusted 

 

3. Materials and Methods 

3.1. Materials 

In this study, we collected data from previous research papers on AZ31, AZ61, and AZ91 

magnesium alloy composites with various reinforcements. All of these composites were fabricated 

using the stir casting process. The data collected from previous research had different parameters to 

obtain the mechanical properties, so these problems can be input as parameters for prediction with 

machine learning, and the collected data is presented in Table 2. The data consists of six input 

parameters: matrix, reinforcement, reinforcement particle form, variation of reinforcement, heat 

treatment, and mechanical working. The output parameter is the mechanical properties of the 

material, and the parameter diagram is shown in Figure 2. 
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Table 2. The Data from Previous Literature. 

Matrix Reinforcement Source 

AZ31 SiC  [7] 

AZ31 Graphene Nanopellets [10] 

AZ31 Eggshell [11] 

AZ31 Nb2O5 (Niobium Pentoxide) [31] 

AZ61 WS2 [32] 

AZ61 SiC [33–36] 

AZ91 WS2 [9,37,38] 

AZ91 WC [8] 

 

 

Figure 2. Diagram of Input Parameters and Output Parameters 

 

3.2. Methods 

The data was analyzed using machine learning employing various regression methods, which 

are particularly adept at predicting continuous data, such as mechanical properties. The dataset was 

split into training and testing subsets in an 80:20 ratio and subjected to 10 random cycles. The Python 

programming language was used to implement the regression model algorithms. Through this 

research, we developed several regression models, including the Decision Tree Regressor, Extra Tree 
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Regressor, Random Forest Regressor, and XGBoost Regressor. Figure 3 shows the flowchart of this 

study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Flowchart of This Study 

 

 

To determine which model offers the most accurate and reliable predictions, an evaluation of 

model performance was conducted. In this step, the previous regression models were assessed using 

various mathematical formulas. Within these formulas, Xi denotes the predicted ith value, while Yi 

represents the actual ith value from the ground-truth dataset. One of the equations used was the 

Mean Absolute Error (MAE), as shown in Equation 1, which calculates the average of the absolute 

differences between the predicted and actual values. 

 

 

MAE = 1𝑚  ∑ |𝑋𝑖 − 𝑌𝑖|𝑚𝑖=1  (1) 

Collecting Data 

Start 

Data Preprocessing Ratio 

(80:20)  

Decision Tree 

Regressor 

Extra Tree 

Regressor 

Random Forest 

Regressor 

XGBoost 

Regressor 

Choose the Best Model Based on 

R2 and Error 

Feature of Importance and 

Correlation  

Prediction  

Finish 
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Equation 2 displays the RMSE, or root mean square error, which is the average root squared 

difference between the actual and predicted values, and equation 3 displays the coefficient of 

determination (R2 or R-squared), which can be interpreted as the proportion of the variance in the 

dependent variable that can be predicted from the independent variables (accuracy). Based on all 

model performance evaluations, the best model was chosen based on the highest R2 and smallest 

error [16,19,39]. 

 

RMSE = √ 1𝑚 ∑ (𝑋𝑖 − 𝑌𝑖)2𝑚𝑖=1  (2) 

 

R2 = 1 - 
∑ (𝑋𝑖−𝑌𝑖)2𝑚𝑖=1∑ (𝑌̅−𝑌𝑖)2𝑚𝑖=1  (3) 

4. Results and Discussion 

4.1 Evaluation Based Error and R2 

The datasets consist of six parameter input values and one parameter output value that were 

predicted with four different regression models. Each of the regression results has a different error 

and R2 value, so the best model was chosen to predict the data. The results of actual and predicted 

values can be seen in the figure 4 with four different regression models. Each regression had a 

different prediction mechanical properties and affects the trend line of the graph (regression line). 

Based on the graph, it can be seen that the test data values on figures 4b and 4c are not too close to 

the trend line. Meanwhile, the test data values on figures 4a and 4d are closer to the trend line. These 

results can be related to the accuracy of the data that was scored by R2 (the coefficient of 

determination) [40]. 

  

(a) (b) 

  
(c) (d) 

Figure 4. Graph of Predicted Yield Strength vs Actual Yield Strength with different regression model (a) Decision 
Trees Regression (b) Extra Tree Regression (c) Random Forest Regression (d) XGBoost Regression 
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The quality fit of the regression models was first assessed using R². The model with the highest 

accuracy will be selected as the best model. If the values of R² vary between 0 and 1, then the model 

partially predicts the outcome. If R² reaches 1, then the model perfectly predicts the outcome. Table 

3 below shows how to interpret the value of R². The closer R² is to one, the greater the proportion of 

the total variation in the predicted values that is explained by the independent variable [41]. 

Table 3. Interpretation of Coefficient Determination [41] 

Value of Coefficient of 

Determination (R2) 

Level of Closeness 

0.82-1 Very high 

0.49 – 0.81 High influence 

0.17 – 0.48 Quite strong influence 

0.05 – 0.16 Low Impact 

0 – 0.04 Very Low 

 

However, in this study, we also accommodate the error rates of each model using MAE and 

RMSE as they are the commonly used in machine learning studies. It’s important to note that 
evaluating the performance of regression models by considering the values of these error rates 

individually can be misleading. This is because each of these metrics provides a different perspective 

on the errors and does not give a complete picture of how well the model is performing [39]. 

Therefore, we were considering R² in conjunction with MAE and RMSE. R² provides insight into how 

much of the variability in the dependent variable can be explained by the model, while MAE and 

RMSE give perspectives on the magnitude and distribution of errors. 

 

Table 4. Evaluation of Four Different Regression Models. 

Algorithm Model MAE RMSE R2 

Decision Trees Regression 8.81 11.36 0.92 

Extra Tree Regression 11.01 13.37 0.89 

Random Forest Regression 18.63 14.21 0.80 

XGBoost Regression 8.19 10.42 0.94 

 

Table 4 shows the evaluation of four different regression models. The highest R2 in XGBoost 

regression was about 0.94, and this model also had the smallest error-based MAE, and RMSE of about 

8.81 and 10.42. The smallest R2 in random forest regression with R2 was about 0.80, with the biggest 

error-based MAE and RMSE of about 18.63 and 14.21. Based on Table 3, it can be concluded that only 

the random forest regression model exhibits a high level of influence, as indicated by an R2 value 

below 0.82. Although the other models have closeness levels higher than 0.82, the XGBoost regression 

model stands out as the best among all the results. It exhibits the highest R2 value and the smallest 

error, making it the preferred choice for data prediction. Furthermore, a value closer to 1 indicates a 

strong fit with close agreement between the predicted values and the actual values [44]. 

4.2 Feature of Importance and Correlation Matrix 

A feature of importance indicates the contribution of each feature (input parameter) to the 

model's output parameter [42]. The feature importance analysis from the best model (XGBoost 
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regression) reveals that the parameter with the highest influence on the predicted mechanical 

properties was the reinforcement particle form, while the variation of reinforcement had the least 

influence. Figure 4 provides detailed information regarding the importance of the features. 

The feature importance scores indicate that the reinforcement particle form had a score of 

0.513715, indicating its strong impact on the properties. This finding is consistent with the review 

paper by Haotian Guan et al. [43] which concluded that the form of reinforcement particles, whether 

in micro or nano size, significantly influenced the mechanical properties of magnesium composites. 

 

 

Figure 4. Feature of Importance 

The reinforcement particle form in the dataset was classified as either micro or nano. In 

comparison to micro-sized particles, nano-sized particles are smaller. This size difference causes 

nano-sized particles to have a greater surface-to-volume ratio. As a result, nano-sized reinforcement 

particles tend to result in materials with enhanced mechanical properties. This is due to the fact that 

the increased surface area permits enhanced interfacial bonding and strengthening effects, resulting 

in improved mechanical performance.  

On the basis of the feature importance analysis, it can be concluded that the selection of nano-sized 

reinforcement particles, with their associated higher surface volume ratio, significantly contributes 

to the improvement of the material's mechanical properties [44]. 

The second most influential parameter was reinforcement, with a score of 0.143190. The dataset 

for magnesium composites included reinforcements made of various materials, each with distinct 

properties [45]. These materials encompass ceramics, carbon-based materials, and biomaterial. 

Following reinforcement, the third most influential parameter was mechanical working, scoring 

0.117660, followed by the matrix with a score of 0.102627. The fourth parameter was heat treatment 

with a score of 0.102301, and the fifth was the variation of reinforcement with a score of 0.020506. 
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Figure 5. Correlation Matrix  

Figure 5 shows the correlation matrix, showcasing the correlation values among all parameters. 

The graph utilizes color coding to represent the values, with darker shades of red indicating a positive 

correlation (>0) between variables, and darker shades of blue indicating a negative correlation (<0). 

The correlation coefficient value is approximately 1. Notably, positive correlations were observed 

between matrix and heat treatment, reinforcement and heat treatment, reinforcement particle form 

and yield strength, mechanical working and variation of reinforcement, heat treatment and yield 

strength, mechanical working and variation of reinforcement, as well as yield strength and variation 

of reinforcement. These positive correlations suggest a strong relationship between these variables 

[46]. 

4.3 Prediction with Optimization 

This study also involves predicting the optimization of materials through the regression model. 

It was found that the form of reinforcement particles is the most important feature for optimizing to 

achieve the highest yield strength, while variation in reinforcement is the least significant. Table 5 

shows that the optimal parameters involve using an AZ31 matrix with Graphene Nanopellets (GNP) 

as reinforcement, in nanoparticle form, with 3 wt%, without heat treatment, and an extrusion 

temperature of 350°C for mechanical working. With these optimized parameters, we might achieve 

the highest yield strength predicted by the regression model, which is 186.99 MPa. 
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Table 5. Prediction with Optimization. 

Matrix  Reinforcement 
Reinforcement 

Particle Form 

 

Variation of 

Reinforcement 

(wt%) 

Heat 

Treatment  

Mechanical 

Working  

Yield Strength 

AZ31 

 

Graphene 

Nanopellets 

 

Nano 

 

3 wt% No Heat 

Treatment 

Extrusion 

Temperature 

3500C 

186.99 MPa 

       

The results from the regression model support the theory of metal matrix composite material 

fabrication. Other research has mentioned that using graphene nano-pellets in the form of particles 

with a certain weight percentage might increase the mechanical properties [47]. The extrusion 

temperature also affects the mechanical properties, as using a specific temperature for mechanical 

working is important [48]. However, past studies haven't been able to link each parameter in order 

to achieve the highest yield strength. This study successfully utilizes the XGBoost Regression model 

to determine the optimal combination of parameters required for fabricating magnesium matrix 

composites using stir casting, incorporating the parameters obtained from this study. 

5. Conclusions 

This study focused on predicting the mechanical properties of magnesium matrix composites 

with four different regression model algorithms using machine learning with six input parameters 

and one output parameter. So, we can conclude: 

1. XGBoost Regression proved to be the most effective in predicting the yield strength of 

magnesium alloy composites among the four regression models. It exhibited an R² value of 

approximately 0.94. Its superiority was further supported by the lowest error rates in MAE and 

RMSE, with values of 8.19 and 10.42, respectively. 

2. Feature importance analysis revealed that the form of reinforcement particles, specifically nano-

sized particles, had the most substantial influence on the mechanical properties of magnesium 

alloy composites. This is attributed to the increased surface-to-volume ratio of nano-sized 

particles which enhanced the strengthening effect of the composite.  

3. The optimized parameters for achieving the highest yield strength in magnesium alloy 

composites were the use of the AZ31 matrix with Graphene Nano Pellets (GNP) as 

reinforcement, in nanoparticle form, with a 3 wt%. No heat treatment was applied, and the 

mechanical working was conducted at an extrusion temperature of 350°C. 
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