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ABSTRACT A primary challenge in the development of high-entropy alloys (HEAs), particularly biocompatible
variants, is the substantial cost associated with experimental trial-and-error procedures. In this study, machine learning
(ML) models were employed to predict phase formation—specifically, solid solution (SS), intermetallic (IM), and
composite (SS+IM) phases—to minimize experimental overhead and expedite the alloy design process. A reference
database comprising approximately 400 HEAs was utilized, with key thermodynamic parameters—namely AHmix,
ASmix, 6, VEC, and Ay—serving as input features. Two primary learning frameworks were evaluated: the Random
Forest (RF) algorithm and ensemble learning techniques, specifically Bagging and Boosting. The results indicate that
the three-phase classification accuracy reached over 75% on average using the Random Forest and Bagging methods.
This study demonstrates that these ensemble algorithms constitute effective, cost-efficient computational tools for phase
prediction in HEAs, significantly accelerating the design of novel alloys tailored for biomedical applications and

orthopedic implants.
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1. INTRODUCTION

One of the main challenges in researching
biocompatible high-entropy alloys (HEAs) is the high
cost of experimental procedures (Singh, 2021). To
address this issue, various simulation methods are
employed to predict mechanical behavior and phase
formation, thereby reducing the need for extensive
experimental trials. One of the key approaches is the use
of CALPHAD software.

In these simulation techniques, the dominant phase,
whether a solid solution, intermetallic compound, or a
combination of both, is predicted based on key
parameters that influence the final phase. Parameters
such as mixing enthalpy and mixing entropy are
considered essential factors in these predictions.

The fundamental challenge in the classification
process lies in identifying optimal ways to combine the
capabilities of different classifiers to achieve higher
accuracy. The primary motivation for researchers in
integrating existing technologies and exploring novel
approaches has been to enhance predictive performance
and enable more accurate phase identification.

2. Materials and Methods

2.1. Feature Importance

As observed in Figure 1, a statistical analysis of the
database was performed. The scatter plots presented in
Figure 1 illustrate that the phases of high-entropy alloys
are determined by more than one input feature. This
finding demonstrates that relying on a single parameter
is insufficient to establish a clear decision boundary
between the phases.
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Figure 1. Distribution Histograms of SS, IM, and SS+IM
Phases

The scatter plots outside the diagonal in Figure 1
display the distribution of the three phases as a function
of pairs selected from the five features. All five features
are utilized in the classification process by the ensemble
learning algorithms. The diagonal elements of Figure 1
present histogram showing the distribution of the SS,
IM, and SS+IM phases across the values of each of the
five input features. The decision boundary between the
SS and SS+IM phases, as defined by any pair of the five
features, appears ambiguous when visualized in a two-
dimensional plane, with some regions exhibiting overlap
between the two classes.

Figure 2 displays the highest, average, and lowest
accuracy values for the three classification tasks using
the RF method.

https://doi.org/10.30501/jamt.2026.569313.1353.

Please cite this article as: Yousefi, M., & Razaghian Arani, A. (2026). Comparative Analysis of Phase Prediction in High-Entropy TiZrNb Alloys
Using Machine Learning Approaches, Journal of Advanced Materials and Technologies (JAMT), Vol. 15, No. 2, 81-97.

2783-0829/© 2026 The Author(s). Published by MERC.
This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/legalcode).

URL: https://www.jamt.ir/article 251345 .html


https://doi.org/10.30501/jamt.2021.??????.????
https://doi.org/10.30501/jamt.2026.569313.1353
https://en.merc.ac.ir/
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
http://journals.merc.ac.ir/
http://www.jamt.ir/
mailto:mrazaghian@eng.ikiu.ac.ir
mailto:masoud_yousefi@hotmail.com%20%20%20%20%20%20(Ahmad
https://doi.org/10.30501/jamt.2026.569313.1353
https://www.jamt.ir/article_251345.html
https://orcid.org/0000-0002-9476-9034
https://orcid.org/0000-0002-4153-5998

82 M. Yousefi & A. Razaghian Arani / Journal of Advanced Materials and Technologies (JAMT): Vol. 15, No. 2, (Summer 2026), 8§1-97

85 —e— Maximum Accuracy
—e- Average Accuracy

80 =&~ Minimum Accuracy
85

g 20

>

8

575

o

<
70
75

50

55
0 10 200 300 300 400 500

Number of Trees

Figure 2. Display of the chart showing the maximum,
average, and minimum experimental accuracy obtained from
the Random Forest (RF) classifier on the high-entropy alloy

dataset.

In Figure 2, the upper and lower curves represent the
maximum and minimum classification accuracies,
respectively. The average accuracy curve is positioned
between the maximum and minimum accuracy curves.
In Random Forest, a bagging-based ensemble algorithm,
increasing the number of trees generally improves the
model's accuracy. As shown in Figure 2, beyond a
certain number of trees, further increases have no
significant effect on accuracy and only reduce the
method's efficiency because of increased computational
overhead.
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Figure 3. The effect of the number of grown trees on
accuracy in the Random Forest method.

The relative importance of the five input features
was further analyzed, as shown in Figure 3. It was
observed that, in the classification of the SS+IM and IM
phases, the order of feature relevance followed the same
pattern as that obtained when classifying all three phases
simultaneously. The features V (VEC) and X (Ay) were
found to play fundamental roles in influencing
classification accuracy.

In addition, the relative importance of the five input
features with respect to classification accuracy was
investigated by classifying the dataset using only four
features at a time and calculating the resulting reduction
in accuracy. As indicated in Figure 13, the features V
and X exhibited significantly greater importance than
the other features in terms of their contribution to
classification accuracy.

Results Obtained from Ensemble Learning
Algorithm Predictions.

In this study, ensemble learning algorithms were
employed to predict the phases of high-entropy alloys.
The fundamental principle of these algorithms is the
combination of multiple diverse base models, which
leads to increased flexibility (reduced bias) and

decreased sensitivity to data fluctuations (reduced
variance). Two common approaches in ensemble
learning are bagging and boosting.

These algorithms were implemented on a
comprehensive experimental dataset comprising 401
distinct high-entropy alloy samples, including 174
samples with the SS phase, 54 samples with the IM
phase, and 173 samples with the SS+IM phase. The
average accuracy for simultaneous three-phase
classification using the boosting and bagging methods
was 70.4% and 75.3%, respectively.

Subsequently, the focus shifted to binary
classification. The accuracies achieved with the bagging
algorithm for distinguishing SS from IM, SS from
SS+IM, and IM from SS+IM were 90.0%, 73.1%, and
85.2%, respectively. The corresponding values for the
boosting algorithm were 78.1%, 71.2%, and 79.1%.
Based on these results, bagging-based algorithms
demonstrated superior performance in classifying the
phases of high-entropy alloys.

The accuracy of the proposed method is
approximately 10% higher than that of the SVM and
KNN algorithms for the classification of high-entropy
alloys. The decision boundary between the SS and
SS+IM phases, when plotted using different pairs of the
five features, is often unclear, with overlap observed in
some cases. The proposed method offers two main
advantages in this context: first, a reduction in
overfitting in decision trees, which contributes to
improved accuracy; and second, the automatic handling
of missing data in the dataset.

In the Random Forest algorithm, increasing the
number of trees leads to improved accuracy; however,
beyond a certain threshold, adding more trees has a
negligible impact on accuracy and only reduces
computational efficiency because of increased
computational overhead.

Conclusions

The results of this comparison revealed that the
bagging method, with an average accuracy exceeding
75% in three-phase classification, demonstrated
superior performance compared with boosting and
baseline techniques such as SVM and KNN. In addition,
Random Forest exhibited better resistance to overfitting
and lower computational requirements, without the need
for GPU-based computation.

This comparative evaluation not only complements
and validates the findings of previous studies (Yousefi
et al., 2024 #43; Yousefi et al., 2025 #45) but also
addresses the lack of direct algorithmic comparisons,
providing deeper insights into the strengths and
limitations of each approach.
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