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Abstract: In this article, a machine learning strategy is designed to improve both the tensile strength 
and the elongation of a medium-entropy alloy using multi-objective optimization. In order to overcome 
the problem of small data sets, the linear interpolation method and Gaussian mixture model (GMM) 
sample generation method are integrated to augment the data. Based on the enhanced data set, the 
machine learning model is optimized by the sparrow search algorithm (SSA), and the multi-objective 
particle swarm optimization (MOPSO) algorithm is used to search the alloy process parameters with 
high tensile strength and elongation. Finally, 15 process parameter combinations superior to existing 
alloys are presented, among which three combinations, as predicted by gradient boosting regression 
(GBR), achieve a tensile strength exceeding 2000 MPa and an elongation of about 11%, significantly 
outperforming existing alloys. 

Keywords: alloy design; machine learning; virtual data generation; performance prediction; multi-
objective optimization; interpretability analysis 

 

1. Introduction 

A medium-entropy alloy (MEA) exhibits good corrosion resistance, wear resistance, and high 
strength. 3J22G is designed as a new medium-entropy alloy, which contains Co (26.01%), Cr (26.92%), 
Ni (23.03%), and Fe (15.76%), along with small amounts of Mo (3.48%), W (3.72%), and C (0.108%). 
The process usually includes raw material selection, alloy melting, heat treatment, and forming steps. 
In the melting process, the aging temperature, time, and melting temperature are strictly controlled to 
ensure the microstructure and property stability of the obtained alloy. The main characteristics of an 
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MEA focus on its excellent magnetic properties, thermal stability, and mechanical properties [1–3]. In 
aerospace, automotive manufacturing, the oil and gas industry, and medical devices, there is a growing 
demand for high strength and ductility [4,5]. The excellent properties of an MEA make it an ideal 
material choice in these fields. However, although an MEA has a wide range of application potential 
in many fields, its properties and preparation process still need further research and optimization [6]. 
There is a challenging problem: the mutual constraint between tensile strength and elongation [7,8]. 
In general, increasing the tensile strength of the alloy tends to lead to a decrease in its elongation, while 
increasing the elongation may reduce the tensile strength. Solving this problem is of great significance 
for the further application of alloys. Considering the huge parameter space, a tough scientific question 
is how to design appropriate process parameters to improve the two mutual restricted properties. At 
present, to achieve the improvement of the comprehensive properties of the material, the traditional 
method mainly designs process parameters by trial and error [9–13], which is time and resource 
consuming. Meanwhile, the trial-and-error method cannot accurately achieve the multi-objective 
optimization problem. In order to solve this problem, data-driven machine learning (ML) methods are 
introduced to optimize process parameters. 

In the field of materials science, ML is an effective approach to explore the complex nonlinear 
relationship between alloy components, processing processes, and properties based on experimental 
data. Several researchers have applied ML to the material design for target properties. Wang et al. [14] 
proposed a high-performance high/medium entropy alloys design strategy that combines ML with a 
precipitation strengthening mechanisms. They synthesized the alloy Al5Ti8Co40Fe7Ni40 with a 
yield strength close to 1.15 GPa. In 2021, Liu et al. [15] predicted the alloy hardness using ML and 
the CALPHAD auxiliary experiment for the system of Ti-Zr-Nb-Ta high-entropy alloys (HEAs). Zhu 
et al. [16] used neural networks and first-principles calculations to reveal the relationship between 
hardness and element descriptors in multi-component alloys, and predicted the hardness of Al-Cr-Fe-
Ni systems. In 2022, Wang et al. [17] developed an ML alloy design system aimed at efficiently 
designing alloys with components to increase hardness. They used the SVR-RBF regression model, 
which achieved a prediction accuracy of 0.94. In 2023, Zhang et el. [18] used a non-dominated sorting 
genetic ML algorithm to optimize the chemical composition for both strength and corrosion resistance. 
A series of good performance Al-Mg-Si alloys were developed with excellent mechanical properties. 
In addition, ML has been widely used in high-entropy alloy phase prediction [19–21], accelerating the 
discovery of new materials and performance optimization. 

In recent years, the strategy of combining ML with optimization has also been used to accelerate 
the search for materials with a single target property [22–26]. However, with increasing application 
requirements, it is urgent to explore materials with superior performances in various properties. In 2022, 
Li et al. [27] combined forward and reverse models to design the composition and heat treatment 
parameters of Reduced Activation Ferritic/Martensitic (RAFM) steel with the desired tensile property 
and a comparable elongation. In 2023, Xie et al. [28] proposed an efficient alloy material design 
method based on data transfer learning for a rapid design of new alloys, which can significantly 
improve the strength and plasticity of E2 alloys. Xie et al. [29] used a strategy combining Bayesian 
optimization ML with experimental iteration to rapidly design the secondary deformation-aging 
parameters of a novel copper alloy, while improving both the mechanical and electrical properties.  

At present, 3J22G is a newly developed material whose two properties cannot meet the 
application requirements at the same time, especially its poor toughness. At present, there is no data-
driven method for multi-objective parameter optimization design research. Moreover, considering the 
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small datasets, training an ML model to achieve multi-objective optimization of is difficult. In this 
paper, a process parameter optimization strategy for the multi-objective performance of alloy 3J22G 
is designed using virtual sample generation and ML. By considering the extreme shortage of 
experimental data, two virtual sample generation methods are introduced for data enhancement. Based 
on the enhanced dataset, several ML models are trained to estimate the mapping between process 
parameters and target properties, namely the tensile strength and the elongation. A multi-objective 
optimization algorithm is applied to search the Pareto frontier of the tensile strength and elongation. 
Fifteen process parameter combinations are recommended, with the tensile strength reaching up to 
over 2000 MPa. Meanwhile, the elongation of these recommended alloys is increased from 1% up 
to 11%, which can meet the application requirements. 

In summary, a new process parameter optimization strategy for the multi-objective performance 
improvement of 3J22G is proposed. This strategy abandons the traditional method of trial and error, 
and achieves simultaneous improvement of the tensile strength and the elongation of alloys. Its novelty 
is related to two factors: (1) the linear interpolation method and virtual sample generation method 
based on the GMM model are integrated to enhance the data, so as to more accurately predict the 
visible domain and effectively explore the invisible domain; and (2) for traditional ML models, it tends 
to fall into local optimal solutions. To solve this problem, we optimized the ML model by the sparrow 
search algorithm, and the improved model has a higher accuracy and better robustness. 

2. Result and discussion 

The strategy to guide the alloy design using virtual sample generation technologies and multi-
objective optimization is shown in Figure 1. It consists of four parts: sample expansion, model 
construction, multi-objective optimization, and machine model interpretation. First, because the real 
dataset is very small, with only 13 data, 181 virtual samples are generated using the mixed interpolation 
method of linear interpolation and GMM interpolation; then, the generated 181 virtual samples are 
used to train the ML model to predict the alloy elongation and tensile strength, while 13 real raw data 
are used for model testing. The sparrow search algorithm (SSA) is incorporated into the ML model to 
optimize its hyperparameters, thus improving the prediction accuracy of the model. Then, the multi 
objective particle swarm optimization (MOPSO) is employed to establish the Pareto frontier. Based on 
the Pareto frontier, the design scheme of the alloy process parameters with a high tensile strength and 
elongation is determined. 

2.1. Data preparation 

The data used in this work are from experiments. The data set includes six characteristics: cold 
rolling thickness (mm), aging temperature (℃), tensile test temperature (℃), tensile test shape, tensile 
strength (MPa), and elongation (%). The first four characteristics are the process parameters of the 
alloy, and the last two characteristics are the properties of the alloy. There are two types of tensile test 
shapes: I-shaped sample (marked as 1), and straight-bar sample (marked as 0). 

The tensile strength and elongation are two important indexes of mechanical properties of materials, 
which are often used to describe the mechanical behavior and plastic deformation ability of materials. 
The tensile strength refers to the ability of a material to resist fracture under tensile loading. It is the ratio 
of the maximum tension that the material can withstand during the tensile process to the real cross-
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sectional area. A higher tensile strength indicates that the material has a stronger resistance when it is 
stressed and is not easy to break. The elongation refers to the degree of tensile deformation that a material 
can produce before breaking under tensile loading. It refers to the percentage between the length of 
growth before the material breaks and the real length. A higher elongation indicates that the material can 
have a greater degree of plastic deformation when it is stressed and has better toughness. 

There is usually an inverse relationship between the tensile strength and the elongation, that is, the 
higher the tensile strength of the material, the lower its elongation tends to be, and vice versa. This is 
because during the tensile process, when the tensile strength of the material is higher, it is more likely to 
break, so the elongation is relatively low. On the contrary, when the elongation of the material is higher, 
it is able to undergo a greater degree of plastic deformation, so the tensile strength is relatively low. 

All available data shown in Table 1. 

 

Figure 1. The design framework for searching for HEAs with high tensile strength and 
elongation. 

Table 1. Available data. 

No Cold-rolled 

thickness 

Aging 

temperature 

Tensile test 

temperatures 

Shape Rm (tensile 

strength) MPa 

A (Elongation)%

#1 0.15 425 20 I-shaped sample 1824 2 

#2 0.15 425 700 I-shaped sample 648 26 

#3 0.15 425 700 I-shaped sample 624 29.5 

#4 0.15 500 20 I-shaped sample 2092 1 

#5 0.15 800 20 I-shaped sample 1298 13.5 

#6 0.4 425 20 Straight-bar sample 1520 0.24 

#7 0.4 425 20 Straight-bar sample 1662 0.32 

Continued on next page
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No Cold-rolled 

thickness 

Aging 

temperature 

Tensile test 

temperatures 

Shape Rm (tensile 

strength) MPa 

A (Elongation)%

#8 0.4 425 20 I-shaped sample 1816 3 

#9 0.4 480 20 I-shaped sample 1908 3 

#10 0.4 500 20 I-shaped sample 1926 4 

#11 0.4 520 20 I-shaped sample 1768 1.5 

#12 0.15 425 20 Straight-bar sample 1795 0.5 

#13 0.15 425 20 Straight-bar sample  1422 0.1 

2.2. Virtual sample generation 

Due to the small number of available alloy samples, it is a challenge to build a robust and accurate 
prediction model through data-driven methods. In order to solve the problem of small datasets, the 
virtual sample generation (VSG) method can be used to generate new virtual samples according to the 
trend of a real small dataset, which can also improve the modeling performance. 

In regression problems, if data points are sparse or the data coverage is limited, interpolation and 
extrapolation methods can be used to generate new data points. Interpolation methods estimate data 
points based on the relationship between the existing data points, while extrapolation methods predict 
new data points based on the trends and rules of the existing data points. These methods can help fill 
data gaps, and expand the range of the dataset. Therefore, in this paper, the interpolation method is 
used to generate 171 samples between real data points, and the GMM is used to generate 10 samples 
with high tensile strengths, so as to achieve an extrapolation based on the real data. 

2.2.1. The interpolation method generates data 

The existing samples are grouped by controlling different variables. For example, samples with a 
cold-rolled thickness of 0.4 mm, I-shaped sample, and a temperature of 20 ℃ for the tensile test are 
defined as group A1, for which only the aging temperature changes. There are four samples in group 
A1: #8, #9, #10, and #11. Nine samples are inserted between each two samples in A1. The combination 
number of the four samples in group A1 is 𝐶ସ

ଶ ൌ 6；therefore, 6 × 9 = 54 samples are inserted for 
group A1. A total of 171 samples were inserted in the same way. The equations used for interpolation 
between two samples are as follows: 

𝑥௩௦ ൌ 𝑥௜ ൅ 𝑡ሺ𝑥௜ାଵ െ 𝑥௜ሻ,                       (1) 

𝑦ఔ௦ ൌ 𝑦௜ ൅ 𝑡ሺ𝑦௜ାଵ െ 𝑦௜ሻ,                       (2) 

where 𝑥௜  and 𝑥௜ାଵ  are the 𝑖  and 𝑖 ൅ 1  samples, respectively, that is, interpolation is performed 
between 𝑥௜ and 𝑥௜ାଵ. The parameter t is used to determine the number of virtual samples inserted 
between two data points. Set 𝑡 ൌ 0.1, where 9 samples are inserted between each two samples. 

The remaining groups A2 to A5 are interpolated as described above. One hundred and seventy-
one virtual samples were obtained, as shown in Table 2. 
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Table 2. In interpolation-based virtual sample generation, controlling variable conditions. 

 Quantitative Variables Real samples 

used 

Number of generated 

samples 

A1 Room temperature tensile, I-shaped sample, Cold-

rolled thickness 0.4 mm 

Aging heat 

temperature 

#8，#9，#10，

#11 

6 × 9 = 54 

A2 Room temperature tensile, I-shaped sample, Cold-

rolled thickness 0.15 mm 

Aging heat 

temperature 

#1, #4, #5 3 × 9 = 27 

A3 Room temperature tensile, I-shaped sample, Aging 

heat temperature 500 ℃ 

Cold-rolled thickness #10, #4 1 × 9 = 9  

A4 Room temperature tensile, Straight-bar sample, Aging 

heat temperature 425 ℃ 

Cold-rolled thickness #6, #7, #12，

#13 

6 × 9 = 54 

A5 Aging heat temperature 425 ℃, Cold-rolled thickness 

0.15 mm 

Tensile testing 

temperature 

#1, #2, #3 3 × 9 = 27 

2.2.2. Sample generation method based on GMM model 

The sampling process of the GMM model is based on the fitted Gaussian mixture distribution. 
The following is the detailed principle of sampling using the GMM model. Use the existing 13 samples 
to create a GMM model, and specify the number of sub-models, covariance type, and other parameters. 
Training data is used to fit the GMM model, and the parameters of the model are estimated by the 
expectation-maximization (EM) algorithm. In the fitting process, the model learns the weight, mean, 
and covariance matrix of each sub-model to capture the distribution characteristics of the data. 

Sample the well-fitted GMM model, where one of the sub-model components of the model is 
selected according to the weight of the sub-model. The greater the weight, the higher the probability 
the sub-model is selected. Sample a data point from the Gaussian distribution of the selected 
component, that is, generate a random number based on the Gaussian distribution as the sample value. 
Multiple sample data points can be generated by repeating the above steps to select the sub-model 
according to the weights and sampling data points from the Gaussian distribution of the selected sub-
model. The data points obtained by sampling reflect the characteristics of the data distribution learned 
by the model. 

2.3. Virtual sample evaluation 

In order to evaluate the quality of the virtual sample inserted above, the following three aspects of 
virtual sample evaluation are probability density estimation, visual observation, and result comparison. 

2.3.1. Visualize the generated virtual sample 

In order to further understand the distribution of the generated virtual samples, the t-distributed 
stochastic neighbor embedding (t-SNE) dimensionality reduction is applied to reduce the dataset of 6 
dimensions to 2 and 3 dimensions. Then scatter plots on a 2D plane and a 3D space are plotted, as 
shown in Figure 2. After dimensionality reduction, the real samples are evenly distributed among the 
generated virtual samples. It can be seen that the distribution of the generated sample is roughly the 
same as the real sample. 
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2.3.2. Probability density estimation 

In addition, the probability density histogram is a method used to represent the distribution of 
samples in the feature space. The probability density curves of real samples and generated samples are 
drawn in Figure 4. It can be observed that in different feature dimensions, the probability density curves 
of virtual samples and real samples are similar in shape, and the peak value and trend are consistent. 
It means that the generated samples can simulate the characteristics of real samples well. Therefore, 
comparing and analyzing the probability density curves of real and generated samples shows that the 
generated samples can effectively capture the distribution and characteristics of real samples. It 
concludes that the quality of the generated samples is commendable. 

 

Figure 2. t-SNE dimensionality reduction scatter plot of virtual sample (blue dot) and real 
sample (red dot) generated by interpolation. (a) The two-dimensional scatter plot. (b) The 
three-dimensional scatter plot. 

 

Figure 3. t-SNE reduced-dimension scatter plot of virtual samples (blue dots) and real 
samples (red dots) generated by the GMM. (a) The two-dimensional scatter plot. (b) The 
three-dimensional scatter plot. 
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2.3.3. Comparison of results 

To further evaluate the quality of the generated virtual samples, a comparative experiment is 
conducted using the Random Forest model based on two distinct datasets: one solely consisting of the 
real samples, and the other containing both the virtual and real samples. The experimental results show 
that the model trained with virtual samples exhibited a superior performance in terms of the prediction. 
This not only reflects the high quality of the generated virtual samples but also demonstrates the 
effectiveness of the training strategy that integrates real samples with virtual samples. The addition of 
virtual samples can effectively improve the performance of the regression model. 

 

Figure 4. Probability density histogram of the real and virtual samples, where blue is the 
virtual sample and red is the real sample. 

Initially, a baseline regression model is constructed using the real samples, and its performance is 
evaluated on the test set. The evaluation metrics, namely the mean absolute error (MAE) and the mean 
absolute percentage error (MAPE), are calculated by the following: 

MAE ൌ ଵ

௡
∑ ∣ 𝑦௜ െ 𝑦ො௜ ∣௡

௜ୀଵ ,                       (3) 

MAPE ൌ ଵ

௡
෍ ∣௬೔ି௬ො೔∣

∣௬೔∣

௡

௜ୀଵ
,                        (4) 

where 𝑦௜ and 𝑦ො௜ represent the real value and predicted value of the i-th sample, respectively, and n 
is the size of the training or test set. 

Subsequently, the generated virtual samples are combined with the real samples for model 
training, and the model is reevaluated on the test set. The evaluation metrics are calculated. Due to the 
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sparsity of the material data, a comprehensive evaluation of the model is necessary. In this paper, leave-
one cross-validation (LOOCV) is an effective method to evaluate the extrapolation and prediction 
ability of models trained based on small datasets, which can make full use of datasets for training 
during the evaluation process. LOOCV is a special case of k-fold, where k is equal to the number of 
samples in the dataset. The MAE and MAPE results are shown in Table 3. By comparing the results 
of the model trained by adding virtual samples with the model trained only using real samples, it is 
observed that the model has significant improvements in all evaluation indexes after adding virtual 
samples for training. The results reflect the high quality of the generated virtual samples. 

Table 3. The comparison of MAE and MAPE for the model trained based on two datasets: 
one is the real samples and the other is the union of real samples and the generated samples. 

 MAE of Rm MAPE of Rm MAE of A MAPE of A 

Real samples 196.56 0.18 3.54 1.12 

Real samples+virtual samples 111.29 0.06 0.91 0.51 

In summary, virtual sample generation techniques can produce high-quality samples and make 
up for the problem of data scarcity. It expands the size and diversity of datasets, which helps the 
model better learn the patterns and relationships of the data, and improves the generalization ability 
and prediction accuracy of the model. Subsequent research will be built upon the foundation of the 
virtual data. 

2.4. Machine learning model performance evaluation 

Based on the virtual samples generated by the interpolation method and the GMM, nine basic 
machine learning models are trained: random forest (RF), support vector regression (SVR), artificial 
neural network (ANN), gradient boosting regression (GBR), extreme gradient boosting (XGBoost), 
categorical boosting (CatBoost), ridge regression, lasso regression, and elastic net regression (Elastic 
Net). For different ML models, the two evaluation indexes of decision coefficient 𝑅ଶ and root mean 
square error (RMSE) are evaluated. The formulas are shown as Eqs (5) and (6). The evaluation metric 
results for each model are shown in Tables 4 and 5. 

𝑅ଶ ൌ 1 െ
෍ ሺ௬ො೔ି௬ሺ೔ሻሻమ

೙

೔సభ

෌ ሺ௬‾ି௬೔ሻమ೙
೔సభ

,                          (5) 

𝑅𝑀𝑆𝐸 ൌ ටଵ

௡
∑ ሺ𝑦ො௜ െ 𝑦௜ሻଶ௡

௜ୀଵ ,                      (6) 

where n is the sample size, 𝑦ො௜ is the predicted value,𝑦௜ is the real value, and 𝑦‾ is the average value. 

Table 4. Evaluation results of different ML models for the tensile strength Rm. 

 𝑹𝟐 RMSE MAE 

RF_Rm 0.929 123.886 104.777 

SVR_Rm 0.924  122.757  95.474  

Continued on next page
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 𝑹𝟐 RMSE MAE 

ANN_Rm 0.934  105.058  83.970  

XGBoost_Rm 0.914  130.295  104.523  

GBR_Rm 0.931  117.146  102.679  

CatBoost_Rm 0.905  136.821  97.515 

Ridge_Rm 0.918  127.603 109.054 

Lasso_Rm 0.918  127.41 108.376  

Elastic_Net_Rm 0.915  129.897 109.183 

Table 5. Evaluation results of different ML models of elongation A%. 

 𝑹𝟐 RMSE MAE 

RF_A 0.984  1.359  1.081  

SVR_A 0.972  1.618  1.161  

ANN_A 0.985  1.176  0.930  

XGBoost_A 0.988  1.060  0.813  

GBR_A 0.983  1.250  0.947  

CatBoost_A 0.982 1.296 0.875 

Ridge_A 0.980  1.375  1.086  

Lasso_A 0.979 1.396 1.200 

Elastic_Net_A 0.980  1.376  1.130  

10-fold cross validation is a reliable way to evaluate the performance of ML models. By using 
different combinations of training sets and validation sets, it can more accurately evaluate the 
performance of the model on different data subsets, reduce the risk of overfitting or underfitting 
specific datasets, and provide more reliable model evaluation results. The results of the 10-fold cross-
validation of the above models are shown in Table 6. The results show that RF, SVR, XGBoost, GBR, 
and CatBoost have better performances. 𝑅ଶ reaches 0.9 in the prediction tasks of the two properties. 
By comparing the predicted results of these five models with the real samples (Figure 5), it can be 
observed that the CatBoost, XGBoost, and GBR models performed better. Therefore, we further 
optimize these three models and search for the process parameter with a high tensile strength and a 
high elongation. 

Table 6. 𝑅ଶ of different models on the test set after ten-fold cross-validation. 

Model Rm_𝑅ଶ A_𝑅ଶ 

RF 0.906 0.981 

SVR 0.850 0.958 

ANN 0.913 0.986 

XGboost 0.916 0.972 

GBR 0.914 0.976 

Catboost 0.900 0.976 

Ridge 0.887 0.978 

Lasso 0.888 0.975 

Elastic_net 0.884 0.977 
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Figure 5. The virtual data serves as the training set, and different models predict the results 
of the real data. A1- a5 represent CatBoost, RF, SVR, XGBoost, and GBR prediction 
results on tensile strength, represent. b1-b5 represent CatBoost, RF, SVR, XGBoost, and 
GBR prediction results on elongation, respectively. 
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Based on the above results, three algorithms with better performances are selected, namely 
CatBoost, XGBoost, and GBR. However, there are still some challenges in ML. For example, the large 
parameter space of the model leads to time-consuming hyperparameter tuning. The introduction of the 
intelligent optimization algorithm can overcome the limitations of traditional optimization methods. 

As a global optimization algorithm, the SSA can avoid falling into the local optimal solution, the 
iteration speed is fast, and the parameter optimization effect is good. The SSA has a strong local search 
ability and effectively optimizes the parameters of the ML model. Therefore, the SSA is introduced to 
iteratively search for the best parameter combination, which can further improve the performance of 
the model. The 𝑅ଶ of the ML model with the SSA algorithm and the basic ML model is shown in 
Figure 6 using 10-Fold Cross-validation. We can observe the performance improvement of the model 
with the SSA. The optimized parameter combination makes the model achieve better results in the 
prediction task. These results prove the effectiveness of the SSA algorithm in parameter tuning of ML 
models. The prediction results of the tensile strength and the elongation for the optimized ML models 
are shown in Figure 7. It suggests that the predicted result of the established model is consistent with 
the real value. 

 

Figure 6. Comparison of 𝑅ଶ between the SSA optimized model and the no-optimized model. 

 

Figure 7. Comparison of prediction results between different models and real samples. (a) 
Comparison of prediction results of tensile strength. (b) Comparison of prediction results 
of elongation. 
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2.5. Interpretable machine learning 

As a black box model, it is difficult to explain and understand the complex prediction 
mechanism behind the ML models, let alone know how the process parameters affect the tensile 
strength and elongation of the alloy. By improving the interpretability of the model, we can further 
optimize the process parameters and illustrate the mechanism of how the process parameter affects 
the target performance. 

In this paper, the shapley additive explanation (SHAP) is applied to explain the ML model. As a 
method of model post-interpretation, the core idea of the SHAP is to calculate the marginal contribution 
of features to the model output and analyze the degree of influence of each feature on the target 
performance and whether it promotes or inhibits the effect. Figure 8(a) shows the features importance 
ranking of the tensile strength Rm. The result shows that the tensile test temperature and the aging 
temperature are the first and second important factors for the tensile strength, and the cold rolling 
thickness also has some influence on it, while the shape has almost no influence on it. Figure 8(b) 
shows the features importance ranking of elongation A. The analysis reveals that tensile test 
temperature exerts the most significant influence on the elongation. Subsequently, aging temperature 
demonstrates a notable impact, followed by shape, while cold rolling thickness’s effect remains 
comparatively modest. 

For the SHAP analysis results, there is a distribution of feature SHAP values about the tensile 
strength. Each sampling point in Figure 8(c) represents a tensile strength data. The vertical axis ranks 
the features according to the sum of the SHAP values of all samples, and the horizontal axis represents 
the SHAP value of each sample. The larger the SHAP value, the greater the influence of the feature on 
the tensile strength, the larger the coverage of the feature scattering, and the greater the influence of 
the tensile strength. For the tensile test temperature, it can be observed that high temperatures (red) 
have a negative effect on the predicted results, while lower temperatures (blue) have a positive effect 
on the predicted results. This means that decreasing the tensile test temperature may result in a higher 
tensile strength. For the aging temperature, both too high and too low temperatures seem to have a 
negative effect on the tensile strength, which implies that it is necessary to select a moderate aging 
temperature to achieve a high tensile strength. Finally, reducing the cold-rolled thickness may play a 
positive role in improving the tensile strength. In the same way, the influence of the process parameters 
on the elongation can be obtained in Figure 8(d). For the tensile test temperature and the aging 
temperature, a high temperature (red) has a positive influence on the elongation, while a low 
temperature (blue) has a negative influence on the elongation. Therefore, increasing the tensile test 
temperature and the aging temperature may improve the elongation of the material. Increasing the 
cold-rolled thickness has little effect on improving the elongation. The shape has no effect on the 
tensile strength of the alloy, but it significantly influences the elongation; the I-shaped sample 
demonstrates a noticeably better elongation compared to the straight-bar sample. 
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Figure 8. Feature analysis of SHAP on the XGBoost Model. (a) Features importance 
ranking of the tensile strength Rm. (b) Features importance ranking of elongation A. (c) 
The SHAP value distribution of each process parameter of alloy about the tensile strength. 
(d) The SHAP value distribution of each process parameter about the elongation of alloy. 
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2.6. Optimization of process parameters for multi-objective properties 

Because of the mutually exclusive relationship between the tensile strength and the elongation, it 
is difficult to find the alloy manufacturing parameters with a high tensile strength and a high elongation.  
The MOPSO algorithm, known for its attributes of easy comprehension, implementation, parameter 
configuration, and rapid convergence, is employed to search the Pareto front for the tensile strength 
(Rm) and elongation (A), thereby obtaining optimal process parameters corresponding to good 
combinations of Rm and A. Pareto optimal graphs selected by the XGBoost model prediction (the red 
dots) are shown in Figure 9, where each red dot corresponds to a process parameter. In the Pareto 
frontier, 15 candidate combinations of process parameters with good tensile strengths and elongations 
are selected. These 15 groups of candidate process parameter combinations are based on the XGBoost 
model search, CatBoost, and GBR model auxiliary prediction; their prediction results on these three 
models are relatively consistent, and have quite good performances. Due to the high performance of 
the above models after strict cross-validation, we can tend to think that they are better than other alloys 
with high performances predicted by only one model, which improves the confidence of the 
recommended alloys to a certain extent. Recommended alloys are shown in Table 7. Figure 10 shows 
the alloy performance predicted by the ML models for 15 selected process parameter combinations 
and the performances of existing alloys. The graph illustrates a significant improvement in both the 
elongation and the tensile strength of the alloy relative to the original dataset. Based on this observation, 
we can conclude that the proposed framework effectively optimizes process parameters for multi-
objective properties. 

 

Figure 9. Pareto optimal graph selected by the XGBoost model prediction. 

Table 7. Fifteen candidate alloys are presented. 

NO. Cold-rolled 

thickness 

Aging 

temperature 

Tensile test 

temperature 

Shape CatBoost_

Rm 

CatBoos

t_A 

XGBoos

t_Rm 

XGBo

ost_A 

GBR_R

m 

GBR_A

(1) 0.05  490  0  1 2134.48  2.26  2137.02 2.34  2112.78 2.55  

(2) 0.20  470  30  1  2129.78  3.39  2140.49 2.91  2109.85 3.25  

Continued on next page
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NO. Cold-rolled 

thickness 

Aging 

temperature 

Tensile test 

temperature 

Shape CatBoost_

Rm 

CatBoos

t_A 

XGBoos

t_Rm 

XGBo

ost_A 

GBR_R

m 

GBR_A

(3) 0.25  470  70  1  2064.71  4.17  2140.49 3.97  2109.85 3.85  

(4) 0.20  520  80  1  2037.96  3.46  2075.20 3.69  2081.52 3.63  

(5) 0.30  490  120  1  2014.82  3.94  2089.63 3.97  2051.62 3.87  

(6) 0.20  470  140  1  1948.61  5.45  2005.92 7.68  2109.85 6.29  

(7) 0.25 560 180 1 2019.00 3.78 1858.78 8.64 2075.18 6.77 

(8) 0.30  500  160  1  1907.23  4.84  1950.33 7.68  2013.71 6.31  

(9) 0.25  530  130  1  2016.79  3.74  1940.63 7.40  2081.52 6.08  

(10) 0.20  490  140  1  1982.40  4.72  2005.92 7.68  2109.85 6.29  

(11) 0.20  550  250  1  1907.80  5.15  1717.34 10.21  2075.18 8.39  

(12) 0.25  480  210  1  1827.48  6.10  1864.48 9.25  2109.85 8.60  

(13) 0.35  500  260  1  1713.61  6.23  1766.12 12.33  2004.01 11.82  

(14) 0.25  490  260  1  1776.10  7.87  1821.71 12.33  2109.85 11.82  

(15) 0.20  460  260  1  1727.65  9.98  1801.17 12.33  2046.56 11.82  

 

Figure 10. Comparison diagram of properties of recommended candidate alloys with 
existing alloys, where (a), (b), and (c) are comparison diagrams of properties predicted by 
the CatBoost model, GBR model, and XGBoost model of candidate alloys with existing 
alloys, respectively. The blue dots are the existing alloys, and the red dots are the 
recommended alloys. 
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3. Conclusions 

In this study, based on the small sample data, we designed a strategy to optimize process 
parameters using ML to achieve a better elongation and tensile strength for 3J22G. This strategy 
combines virtual sample generation technologies, ML and optimization technology to facilitate the 
process parameter design. 

First, the interpolation method and virtual sample generation method based on the GMM are used 
to expand the original data. This method can improve the predictive performance of regression model 
in a regression task with a small number of training samples. Second, according to the key 
characteristics of the data, namely cold rolling thickness, aging temperature, tensile test temperature, 
and tensile test shape, the ML model of the tensile strength and the elongation were established. We 
established nine machine learning models for multiple performance prediction: RF, SVR, ANN, Elastic 
network, XGBoost, CatBoost, GBR, Lasso regression, and Ridge regression. The above models were 
evaluated using ten-fold cross-validation, and the results showed that RF, SVR, XGBoost, GBR, and 
Catboost had higher R2, with R2 above 0.9 for all five models. Furthermore, among the above five 
models, the prediction results of CatBoost, XGBoost, and GBR were shown to have smaller errors and 
better performances. Third, the hyper-parameters in the models CatBoost, XGBoost, and GBR were 
optimized by the SSA. Multi-objective particle swarm optimization algorithm was used to search the 
appropriate combination of process parameters. Using this strategy, 15 groups of process parameter 
combinations were quickly designed to meet the performance requirements. Three of the process 
parameter combinations exhibited tensile strengths above 2000 MPa and elongations of approximately 
11%, markedly surpassing the performance of current alloys. This data-driven ML strategy enhances 
the application prospects in material performance optimization, and it can greatly reduce the time and 
cost of experimentation and research in material development. Finally, in order to understand the model 
from the black box machine learning model, the interpretable method was used to analyze the alloy 
strength and elongation. SHAP analysis results showed that increasing the tensile test temperature can 
increase the elongation, while it reduces the tensile strength. A relatively high aging temperature is 
beneficial to increase the elongation. However, to improve the tensile strength, the aging temperature 
should not be too high or too low. The present work provided a new design framework of the process 
parameters for the 3J22G alloy with a multi-objective performance based on ML, which can accelerate 
the development of the new alloys. 
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Appendix 

A.1. Gaussian mixture model generates data 

GMM is a commonly used probabilistic model for modeling and clustering data. It is a mixed model 
consisting of multiple Gaussian distributions (also known as normal distributions). Each Gaussian 
distribution represents a subpopulation in the data, and the hybrid model adapts to the distribution of the 
data by weighting this subpopulation together. The basic principle of GMM is as follows. 

Gaussian distribution. The Gaussian distribution is a continuous probability distribution 
parameterized by the mean 𝜇 and the variance 𝜎ଶ. Its probability dense function (PDF) can be used 
to describe a random variable with a symmetrical bell curve, where the one-dimensional Gaussian 
distribution is expressed as follows: 

𝑓ሺ𝑥ሻ ൌ ଵ

ఙ√ଶగ
𝑒ିሺഏషഋሻమ

మ഑మ .                       (A.1) 

Let the D-dimensional random variable 𝑋 ൌ ሺ𝑋ଵ, 𝑋ଶ, … , 𝑋஽ሻ், whose covariance matrix is Σ = 
Cov(X), and the mathematical expectation vector 𝜇 ൌ ሺ𝜇ଵ, 𝜇ଶ, … , 𝜇஽ሻ் , then the high-dimensional 
Gaussian distribution describes the distribution of data with multiple parameters, including μ and Σ. 
The expression is as follows: 

𝑓ሺ𝑥ሻ ൌ 𝑓ሺ𝑥ଵ, 𝑥ଶ, … , 𝑥஽ሻ ൌ ଵ

ሺଶగሻ
ವ
మ |ஊ|

భ
మ

exp ሺെ ଵ

ଶ
൫𝑥 െ 𝜇ሻ்Σିଵሺ𝑥 െ 𝜇ሻ൯.  (A.2) 

Gaussian mixture model. The GMM combines multiple Gaussian distribution submodels into a 
hybrid model. Each Gaussian distribution has its own mean value (𝜇 ) and covariance matrix (Σ), 
representing a component in the data. The parameters of the hybrid model include the weights of each 
components and the mean and covariance matrix of each subgroup. For a given data point, the GMM 
calculates the probability density function value for the Gaussian distribution of each subpopulation 
and sums the value weighted to obtain the PDF value of the entire mixed model, which can represent 
the probability that the data points belong to each subgroup. Assuming that 𝑧 ∈ 𝑅ௗ is a sample with 
𝑑 features, if 𝑧 comes from a mixed Gaussian model, then its probability density function can be 
expressed as follows: 

𝑝ሺ𝑧|Ωሻ ൌ ∑ 𝜔௞𝑓ሺ𝑧|𝜃௞ሻ௄
௞ୀଵ ,                     (A.3) 
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where 𝛀 ൌ ሼሼ𝜔ଵ, 𝜇ଵ, Σଵሽ, ሼ𝜔ଶ, 𝜇ଶ, Σଶሽ, ⋯ ሼ𝜔௄, 𝜇௄, Σ௄ሽሽ  is the parameter of the GMM model with 
𝐾 components, which includes the Gaussian model parameter 𝜃௞ ൌ ሼ𝜇௄, Σ௄ሽ  and the mixing 
probability 𝜔௞ሺ1 ൑ 𝑘 ൑ 𝐾ሻ. 

A.2. Model parameter estimation 

Given N training samples 𝑍 ൌ ሾ𝑧ଵ, 𝑧ଶ, … , 𝑧ேሿ, the likelihood and log-likelihood functions can 
be expressed as formulas (A.4) and (A.5). The goal of the GMM is to use the expectation 
maximization (EM) algorithm [30] to maximize the likelihood function according to Eq (A.6) and 
estimate the model parameters. 

𝐿ሺ𝑍, Ωሻ ൌ ∐ ∑ ω୩𝑓ሺ 𝑧௡ ∣∣ 𝜃௞ ሻ,୩
୩ୀଵ

୒
୬ୀଵ                (A.4) 

𝐿ሺ𝑍, Ωሻ ൌ ∐ ∑ ω୩𝑓ሺ 𝑧௡ ∣∣ 𝜃௞ ሻ,୩
୩ୀଵ

୒
୬ୀଵ                (A.5) 

Ω
∧

ൌ arg max
ஐ

 ൫log𝐿ሺ𝑍, Ωሻ൯.                      (A.6) 

As an iterative optimization algorithm, the EM algorithm estimates parameters by alternating the 
two steps: the E step (Expectation) and the M step (Maximization). 

E Step: In this step, the posterior probability that each data point belongs to each subgroup is 
calculated based on the current parameter estimation. These posterior probabilities, called implicit 
variables, thereby representing the probability that a data point belongs to each subgroup. The posterior 
probability that the 𝑗௧௛ training sample belongs to the 𝑘௧௛ Gaussian component at the m iteration is 
expressed as γሺ୫ሻሺc୩

୨ ∣ z୨, Ωሺ୫ሻሻ, as shown in formula (A.7): 
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M step: In the M step, the model parameters are updated using the calculated hidden variables. In 

the 𝑚 ൅ 1 iteration, the probability weight 𝜔௞
ሺ௠ାଵሻ, mean value 𝜇௞

ሺ௠ାଵሻ, and covariance Σ௞
௠ାଵ of 

the 𝑘௧௛ gaussian component formula are as follows: 
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Repeat steps E and M until the model converges (parameters no longer change) or a 
predetermined number of iterations is reached. 
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A.3. Sparrow search algorithm (SSA) 

Based on enhanced data, several ML models are built using virtual samples to predict the tensile 
strength and elongation of the alloy, including RF, SVM, neural network, XGBoost, GBR, Catboost, 
ridge regression, lasso regression, and Elastic network. After ten-fold cross-validation evaluation and 
visualization of the prediction results, the Catboost, XGBoost and GBR models with good 
performances are selected, and the SSA is used to optimize these three models. 

SSA [31] is a heuristic optimization algorithm based on sparrow foraging behavior. It simulates 
the behavioral strategies of sparrows when searching for food by foraging, discovering, and sharing 
information to iteratively search for potential solutions in the solution space. Through the interaction 
of position and fitness information between individuals, the algorithm gradually converges to the 
global optimal solution during the search process. The finder and follower are two important roles in 
the SSA, and the finder simulates the leader in the sparrow population, who searches for potential 
solutions by constantly exploring new search spaces. Followers, in turn, mimic ordinary members of 
the sparrow colony, thereby observing the finder's behavior and conducting their own searches based 
on the information they find. This formula can be achieved through foraging behavior, information 
sharing, and awareness of danger. In the SSA, the position update formula is used to update the 
sparrow’s position in the search space. The specific formula is as follows. 

The position of the discoverer 𝑋௜௝
௧ାଵis updated as follows: 

𝑋௜,௝
௧ାଵ ൌ ൝

𝑋௜,௝
௧ ⋅ 𝑒𝑥𝑝 ቀ ି௜

ఈ⋅iter೘ೌೣ
ቁ     if 𝑅ଶ ൏ 𝑆𝑇

𝑋௜,௝
௧ ൅ Q ⋅ 𝐿                 if 𝑅ଶ ≥ ST

.                (A.11) 

The position of the follower𝑋௜௝
௧ାଵ is updated as follows: 
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𝑄 ∙ exp ൬
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The position of the aware sparrow is updated as follows: 

𝑋௜,௝
௧ାଵ ൌ ൞

𝑋ୠୣୱ୲
௧ ൅ 𝛽 ⋅ ห𝑋௜,௝

௧ െ 𝑋ୠୣୱ୲
௧ ห  if  𝑓௜ ൐ 𝑓௚

𝑋௜,௝
௧ ൅ 𝐾 ⋅ ቆ

ቚ௑೔,ೕ
೟ ି௑౭౥౨౩౪

೟ ቚ

ሺ௙೔ି௙ೈሻାఌ
ቇ    if  𝑓௜ ൌ 𝑓௚

.           (A.13) 

Table A.1. The meanings of symbols involved in formulas (A.9) to (A.11). 

Symbol Meaning  Symbol Meaning 

𝑿𝒊,𝒋
𝒊  The position information of the i sparrow in the j 

dimension in the t iteration 

𝑖𝑡𝑒𝑟௠௔௫ Maximum iterations 

𝜶 Random number of [0,1] 𝑅ଶ The random number of [0,1], indicating the 

warning value 

𝑺𝑻 A constant of [0.5,1], indicating a safe value 𝑄 Random numbers that follow a positive 

distribution 

𝑳 A 1*d matrix with element 1 𝑋௪௢௥௦௧
௜  The worst individual in the t iteration 

Continued on next page
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Symbol Meaning  Symbol Meaning 

𝑿𝒑 The location of the current best discoverer 𝐴 A 1*d matrix with randomly assigned 

elements of 1 or -1 

𝑲 The random number of [-1,1], positive or negative 

indicates the direction of sparrow movement, and 

the size indicates the step size control parameter 

𝛽 Follow a positive distributed random number 

with a mean of 0 and a variance of 1 

𝑨ା 𝐴஋ሺ𝐴𝐴஋ሻିଵ 𝑓௜ Fitness value of the current individual 

𝒇𝒈 Current maximum fitness 𝑓௪ The current minimum fitness value 

 

Figure A.1. Flowchart of the SSA for optimizing model parameters. 

A.4. Multi-objective optimization 

A.4.1. Description of the multi-objective problem 

The multi-objective optimization problem involves finding a set of solutions in the case of multiple 
conflicting objectives, so that the optimal tradeoff results can be obtained in each objective function. In 
this kind of problem, improving one goal can have an adverse effect on the others, so a set of solutions 
needs to be found so that no other solution can simultaneously achieve better results on all goals. The 
mathematical form of a multi-objective optimization problem can be described as follows: 

min   𝑦 ൌ 𝐹ሺ𝑋ሻ ൌ ሾ𝑓ଵሺ𝑋ሻ, 𝑓ଶሺ𝑋ሻ, ⋯  , 𝑓௡ሺ𝑋ሻሿ,           (A.14) 

𝑛 ൌ 1,2, ⋯  , 𝑁,                          (A.15) 

𝑠. 𝑡. 𝑔௜ሺ𝑥ሻ ൑ 0  𝑖 ൌ 1,2, ⋯  , 𝑚,                   (A.16) 

ℎ௝ሺ𝑥ሻ ൌ 0  𝑗 ൌ 1,2, ⋯  , 𝑘,                       (A.17) 

𝑋 ൌ ሾ𝑥ଵ, 𝑥ଶ, ⋯  , 𝑥ௗ, ⋯  , 𝑥஽ሿ,                      (A.18) 
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𝑥ௗ_௠௜௡ ൑ 𝑥ௗ ൑ 𝑥ௗ_௠௔௫  𝑑 ൌ 1,2, ⋯  , 𝐷,            (A.19) 

where 𝑋 is the 𝐷-dimensional decision vector, 𝑦 is the target vector, and 𝑁 is the total number 
of optimization targets. 𝑔௜ሺ𝑥ሻ ൑ 0  is the 𝑖௧௛  inequality constraint. ℎ௝ሺxሻ ൌ 0  is the 𝑗௧௛ 
equality constraint. 𝑓௡ሺxሻ  is the 𝑛௧௛  objective function.The space composed of all possible 
decision vectors is the decision space, denoted 𝐷 ൌ ሼ𝑋 ∈ 𝑅௡ ∣ 𝑥ௗ_௠௜௡ ൑ 𝑥ௗ ൑ 𝑥ௗ_௠௔௫, 𝑑 ൌ
1,2, ⋯ , 𝑛ሽ.𝑌 ൌ ሼ𝑦 ൌ 𝐹ሺ𝑋ሻ|𝑋 ∈ 𝐷ሽis called the target space. 𝑔௜ሺ𝑥ሻ ൑ 0 and ℎ௝ሺ𝑥ሻ ൌ 0 determine 
the known feasible domains, where 𝑥ௗ_௠௜௡  and 𝑥ௗ_௠௔௫ are the upper and lower limits of the 
dimensions of the decision vector. 

The optimal solution or non-inferior optimal solution in the multi-objective optimization problem 
can be defined as follows. 

Dominant relationship. For any 𝑑 ∈ ሾ1, 𝐷ሿ, if 𝑥ௗ
∗ ⩽ 𝑥ௗ and there exists 𝑑଴ ∈ ሾ1, 𝐷ሿ such that 

𝑥ௗబ
∗ ൏ 𝑥ௗబ

, then vector 𝑋∗ ൌ ሾ𝑥ଵ
∗, 𝑥ଶ

∗, ⋯  , 𝑥஽
∗ ሿ dominates vector 𝑋 ൌ ሾ𝑥ଵ, 𝑥ଶ, ⋯  , 𝑥஽ሿ. 

The dominance of 𝑓ሺ𝑋∗ሻ over 𝑓ሺ𝑋ሻ must satisfy the following two conditions: 

∀𝑛, 𝑓௡ሺ𝑋∗ሻ ⩽ 𝑓௡ሺ𝑋ሻ  𝑛 ൌ 1,2, ⋯  , 𝑁,              (A.20) 

∃𝑛଴,𝑓௡బ
ሺ𝑋∗ሻ ൏ 𝑓௡బ

ሺ𝑋ሻ 1 ⩽ 𝑛଴ ⩽ 𝑁.               (A.21) 

The dominance relationship of 𝑓ሺ𝑋ሻ is consistent with the dominance relationship of 𝑋. 
The Pareto optimal solution [32] is a solution that is not dominated by any feasible solution: if 

𝑋∗ is a point in the search space, then it is called a non-dominated optimal solution if and only if there 
does not exist 𝑋 (in the feasible region of the search space) such that 𝑓௡ሺ𝑋ሻ ⩽ 𝑓௡ሺ𝑋∗ሻ holds for all 
𝑛 ൌ 1,2, ⋯ , 𝑁. 

A.4.2. Multi-objective particle swarm optimization algorithm 

The particle swarm optimization (PSO) algorithm was proposed in 1995 by Kennedy and 
Eberhart [33], which is a random search algorithm based on swarm intelligence. The PSO algorithm 
seeks the optimal solution by simulating the migration and swarm behavior of birds during foraging 
and iterative evolution. In PSO, each particle can be seen as a search entity in a D-dimensional search 
space with two properties: velocity and position. The velocity and position of the 𝑖௧௛ particle are 
defined as 𝑉௜ ൌ ሺ𝜈௜ଵ, 𝜈௜ଶ, . . . , 𝜈௜஽ሻ and 𝑋௜ ൌ ሺ𝑥௜ଵ, 𝑥௜ଶ, . . . , 𝑥௜஽ሻ, respectively, and the current position 
of the particle in the object space is a candidate solution for the corresponding optimization problem.  

In addition, during evolution, each particle in the population updates its own speed and position 
according to the individual historical optimal position (𝑝௜ሺ𝑡ሻ) and the global optimal position (𝑝௚ሺ𝑡ሻ). 
When the ith particle of generation t evolves to generation t+1, it is updated according to the 
following formula: 

𝑣௜ሺ𝑡 ൅ 1ሻ ൌ 𝑤 ⋅ 𝑣௜ሺ𝑡ሻ ൅ 𝑐ଵ ⋅ 𝑟ଵሺ𝑡ሻሾ𝑝௜ሺ𝑡ሻ െ 𝑥௜ሺ𝑡ሻሿ ൅ 𝑐ଶ𝑟ଶሺ𝑡ሻൣ𝑝௚ሺ𝑡ሻ െ 𝑥௜ሺ𝑡ሻ൧,    (A.22) 

𝑥௜ሺ𝑡 ൅ 1ሻ ൌ 𝑥௜ሺ𝑡ሻ ൅ 𝜈௜ሺ𝑡 ൅ 1ሻ,                 (A.23) 

where, 𝑤 is called the inertia weight, which can dynamically adjust the inertia of particles in flight to 
achieve the purpose of balancing the local search capability and the global search capability. 𝑐1 and 
𝑐2 are learning factors, which are used to regulate the particle velocity; 𝑟1 and 𝑟2 are random numbers 
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in the interval [0, 1], which are used to increase the randomness of the algorithm. 
Multi-objective particle swarm optimization (MOPSO) was proposed in 2002 by Coello et al. [34], 

which introduced a Pareto dominance relationship into PSO to deal with problems with multiple 
objective functions. The MOPSO algorithm follows the framework of the traditional PSO algorithm. 
In addition, the external archive is used to store the non-dominated solutions found in each iteration 
search process, and the non-dominated solutions in the external archive are updated and maintained 
based on the grid and the density. Different from the traditional PSO algorithm, MOPSO selects the 
appropriate non-dominant solution for the population particles from the external archive as gbest to 
guide the flight of the particles, so as to find a set of optimal solutions that are evenly distributed as far 
as possible and close to the real Pareto optimal frontier. 

The steps of the multi-objective particle swarm optimization algorithm are described as follows: 

Set the algorithm parameters and initializes the position and velocity of particles 
Initialize individual optimality (pbest) and Global optimality (gbest) for each particle 
Each particle is evaluated 
Calculate the target value for each particle 
Set the current position of each particle to the individual optimal position pbest 
Save the non-dominated solution in an external archive 
Repeat the specified number of iterations: 
For each particle in a particle swarm: 
Update speed and position, using particle swarm optimization formula28.29 
Limit the speed to ensure that it is within a predetermined boundary 
Update Current location = Current location + speed 
Calculates the target value for the new location 
Update individual best (pbest) if the new location is better 
Update Global Best (gbest) if the new location is better 

For each particle in a particle swarm: 
Pareto dominance relationship and crowding distance are calculated based on the current 

population 
Update the file based on Pareto dominance relationship and congestion distance 

Returns file 

Table A.2. 𝑅ଶ in the the train and test sets. 

Model Train  Test  

 Rm_𝑅ଶ A_𝑅ଶ Rm_𝑅ଶ A_𝑅ଶ 

RF 0.959 0.992 0.929 0.984 

SVR 0.907 0.989 0.924 0.972 

XGboost 0.961 0.994 0.914 0.988 

GBR 0.964 0.989 0.931 0.983 

Catboost 0.906 0.982 0.907 0.984 
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Table A.3. Hyperparameters of different ML models for the tensile strength RM. 

RF_Rm Max_depth = 7 Min_samples_leaf = 2 N_estimators = 90 Max_features = 0.7 Random_state = 36

SVR_Rm Kernel = rbf C = 100 Gamma = 0.0001 Epsilon = 0.02  

ANN_Rm Epochs = 600  Batch_size = 30  Learning rate = 0.01   

XGBoost_Rm Max_depth = 5  Learning rate = 0.5 N_estimators = 8 Random_state = 6  

GBR_Rm Max_depth = 6 Learning rate = 0.02 N_estimators = 150   

CatBoost_Rm Iterations = 500  Learning rate = 0.2 Depth = 6   

Ridge_Rm Alpha = 2.0      

Lasso_Rm Alpha = 1.0     

Elastic_Net_Rm Alpha = 0.07 L1_ratio = 0.5    

Table A.4. Hyperparameters of different ML models for elongation A%. 

RF_A Max_depth = 7 Min_samples_leaf = 2 N_estimators = 90 Max_features = 0.7 Random_state = 36

SVR_A Kernel = rbf C = 100 Gamma = 0.001 Epsilon = 0.02  

ANN_A Epochs = 1000  Batch_size = 30  Learning rate = 0.01   

XGBoost_A Max_depth = 5  Learning rate = 0.56 N_estimators = 8 Random_state = 6  

GBR_A Max_depth = 6 Learning rate = 0.017 N_estimators = 150   

CatBoost_A Iterations = 500  Learning rate = 0.2 Depth = 6   

Ridge_A Alpha = 2.0      

Lasso_A Alpha = 1.0     

Elastic_Net_A Alpha = 0.07 L1_ratio = 0.5    
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