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CHAPTER I 
INTRODUCTION 

1.1  Background 
High entropy alloys (HEAs) are an emerging class of materials that differ from 

conventional alloys by incorporating multiple principal elements in nearly equiatomic 
proportions. This unique composition strategy results in remarkable mechanical, 
thermal and corrosion-resistant properties, making HEAs highly promising for 
applications in aerospace, energy, and biomedical fields. However, the complex and 
variable compositions of HEAs pose significant challenges in accurately predicting their 
phase structures, which is crucial for tailoring their properties for specific applications. 
Traditional phase prediction methods, such as empirical phase formation rules, the 
Calculation of Phase Diagrams (CALPHAD), and Density functional Theory (DFT), have 
been employed to determine phase stability. While these methods provide valuable 
insights, they often require extensive computational resources and experiment 
validation. In the recent years, machine learning (ML) has emerged as a powerful tool 
in material science, offering efficient and accurate predictive capabilities by leveraging 
vast datasets and complex algorithms. The integration of ML with HEA phase prediction 
has the potential to accelerate materials discovery by reducing reliance on trial-and-
error experimental approaches. 

1.2  Problem statement 
Despite the promising advancement in ML-driven phase prediction of HEAs, 

several challenges remain unaddressed:
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1. Most existing ML models classify HEA phases into broad categories, such as, 
single-phase solid solutions (SS) such as body-centered cubic (BCC) ,and 
face- centered cubic (FCC) or intermetallic compounds (IM), without 
considering complex multi-phase combinations. 

2. The dataset imbalance among different phase compositions affects the 
model’s ability to generalize, particularly for underrepresented phase 
combinations like BCC+FCC+IM. 

Addressing these challenges is essential to develop a more robust, 
generalizable and computationally efficient ML-based phase prediction model for 
HEAs. 

1.3  Research objectives 
This study aims to develop a machine learning-based framework for predicting 

complex phase combinations in HEAs with enhanced accuracy and generalizability. 
The specific objectives of this research are: 

1. To construct a comprehensive dataset of HEA compositions and 
corresponding experimentally validated phase structures, 

2. To implement and evaluate various ML algorithms, including support vector 
machine (SVM), k-nearest neighbors (KNN), random forest (RF), and neural 
networks (NN), for phase prediction. 

3. To introduce a Boolean vector encoding technique to accurately classify 
multi-phase compositions in HEAs 

4. To analyze the feature importance of difference thermodynamic and 
atomic descriptors in governing phase formation. 

5. To compare predictive performance of ML models, highlighting the 
advantages and limitations of each approach. 
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1.4  Significance of the study 
This research contributes to the field of computational materials science by 

demonstrating the effectiveness of ML-based phase prediction models for HEAs. The 
significance of this study includes: 

1. Accelerated HEA design: Reduces reliance on time-consuming and costly 
experimental phase identification methods. 

2. Enhanced predictive accuracy: Introduces an improved ML framework 
capable of handling complex phase combinations 

3. Generalizability: Provides insights into model performance across diverse 
HEAs compositions. 

4. Industrial applications: Supports the development of HEAs with tailored 
properties. 

1.5  Thesis structure 
The thesis is structured as follows: 
Chapter 1 Introduction: Provides an overview of HEAs, the challenges in phase 

prediction, research objectives, and significance of the study. 
Chapter 2 Literature Review: Discusses prior research on ML applications in 

materials science, HEA phase prediction, and gaps in existing approaches. 
Chapter 3 Research Methodology: Details the dataset construction, ML model 

selection, feature engineering and evaluation metrics. 
Chapter 4 Results and Discussion: Presents the findings of data analysis, ML-

based phase prediction, compares model performance, and interprets key insights. 
Chapter 5 Conclusion and Future work: Summarizes the study’s contributions, 

discusses limitations, and outlines direction for future research. 

 



4 

This chapter establishes the foundation for the research by highlighting the 
importance of ML in HEA phase prediction and outlining the key research question 
address in this study. The subsequent chapters build upon this framework to provide 
a comprehensive analysis of ML-driven phase classification in HEAs. 

  

 



 

CHAPTER II 
LITERATURE REVIEWS 

The purpose of this chapter is to provide an overview of existing research 
related to HEAs, phase formation mechanisms, and the application of ML technique in 
materials science. This review identifies gaps in current knowledge and highlights the 
necessity of employing ML for predicting complex phase formation in HEAs.  

2.1 High entropy alloys (HEAs) 
HEAs are a novel class of metallic materials that contain multiple principal 

elements in nearly equiatomic ratios. Unlike conventional alloys, which are based on 
a single dominant element, HEAs exhibit unique microstructures and exceptional 
mechanical, thermal, and chemical properties. The concept of HEAs was first 
introduced in 2004 (Yeh et al., 2004), emphasizing the role of configurational entropy 
in stabilizing multi-element SS. 

2.1.1 Composition-based definition 
Unlike conventional alloys that are predominantly based on one or two 

principal elements with minor additions of alloying elements, HEAs do not have a 
single dominant base element. Instead, each principal component contributes 
significantly to the overall composition, leading to a complex atomic arrangement. The 
key criteria defining HEAs based composition is the presence of at least five principal 
elements, each contributing between 5-35 atomic % to the overall composition.
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2.1.2 Entropy-based definition 
An alternative and more fundamental way to classify HEAs is through 

their configurational entropy (∆Sconf), which is derived from statistical thermodynamics. 
The entropy-based classification considers the thermodynamic stability of the alloy 
based on its mixing entropy rather than simply the number of principal elements. 

The configurational entropy of multicomponent system is given by the 
equation 2.1: 

 ∆ܵ௖௢௡௙ =  −ܴ ෍ ܿ௜ ݈݊ ܿ௜௡
௜ୀଵ  

(2.1) 

where: ܴ is the gas constant (8.314 J/(mol.K)), ܿ௜ is the atomic fraction of the ݅௧௛ element, ݊ is the total number of principal elements in the system. 
Based on the magnitude of ∆ܵ௖௢௡௙, metallic alloys can be categorized as follows 
  Low entropy alloys (LEAs): ∆ܵ௖௢௡௙ < ܴ 

  Medium entropy alloys (MEAs): ܴ < ∆ܵ௖௢௡௙ < 1.5ܴ 

  High entropy alloys (HEAs):  ∆ܵ௖௢௡௙ > 1.5ܴ 

2.1.3 Characteristics and properties of HEAs 
HEAs exhibit unique characteristics and outstanding properties due to 

their complex composition and inherent phase stability. These properties stem from 
four core effects that distinguish HEAs from conventional alloys. The four core effects 
are: 

1. High entropy effect. 
The high entropy stabilizes SS phases (e.g., BCC, FCC) over IM, 

reducing phase segregation. This effect promotes thermodynamic stability and 
influences phase transformation behaviors. 
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2. Lattice distortion effect. 
The significant atomic size differences among constituent elements 

create lattice distortions. These distortions affect dislocation motion, increasing 
strength and hardness while maintaining ductility. The atomic-level stress fields 
enhance strain hardening and mechanical properties. Figure 2.1 highlighted the 
superior mechanical performance of HEAs due to their unique combination of strength 
and ductility. 

 

Figure 2.1 Strength versus ductility properties of HEAs in comparison with 
conventional alloys (Ye et al., 2016). 
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3. Sluggish diffusion effect. 
HEAs exhibit slower atomic diffusion due to diverse atomic 

environments which suppresses grain growth at elevated temperatures. This effect 
contributes to enhanced thermal stability, oxidation resistance and creep resistance. 
The sluggish diffusion mechanism influences phase transformations and 
microstructural evolution. Figure 2.2 compared the ultimate tensile strength (UTS) of 
HEAs with superalloys at different high-temperature conditions. 

 

Figure 2.2 Ultimate tensile strength of HEAs at elevated temperatures compared to 
conventional superalloys (J. Chen et al., 2018). 
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4. Cocktail effect. 
The synergistic interaction among multiple elements results in 

properties that surpass those of individual components. This effect is responsible for 
superior mechanical, thermal, and corrosion resistance properties in HEAs. It enables 
the fine-tuning of alloy properties through compositional modification, providing 
flexibility for various application. Figure 2.3 compared the corrosion resistance of HEAs 
with other conventional alloys.  

 

Figure 2.3 A comparison of current density and pitting potential between  
HEAs and other alloys (Shi et al., 2017). 
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The combination of these four core effects makes HEAs promising 
materials for structural and functional applications. Their unique stability, strength, and 
durability make them suitable for aerospace, nuclear and biomedical industries. 
Further research on these effects will enable the development of next generation high-
performance material. 

2.1.4 Phase formation and microstructure in HEAs 
The formation of phases and resulting microstructures in HEAs is highly 

complex due to their multi-principal element design and the vast compositional space. 
With a large number of possible element compositions, HEAs exhibit diverse 
microstructures, including single-phase solid solutions, multi-phase mixtures, and 
nanocrystalline structures. Among these, body-centered cubic (BCC) and face-centered 
cubic (FCC) phases are the most frequently observed, although other structures, such 
as hexagonal close-packed (HCP), intermetallic (IMs) phases have also reported. 

The BCC phase is generally characterized by high strength, hardness and 
wear resistance, though it often suffers from limited ductility. In contrast, the FCC phase 
provide superior ductility, toughness, and corrosion resistance, making it more suitable 
for application requiring mechanical flexibility. The HCP phase, while less common, 
may form under specific composition and exhibits anisotropic mechanical behavior, 
which can be beneficial in lightweight or directional-strength materials. IM phases are 
ordered structures resulting from strong atomic bonding. These phases can enhance 
strength and thermal stability but may also reduce ductility, depending on their 
morphology and distribution. 

In general, the configurational entropy in HEAs favors the formation of 
disordered solid solution (SS) phases with simple crystals structures rather than 
ordered IM phases. However, IM phase can still emerge, especially in composition with 
significant atomic size or electronegativity mismatches. The understanding of phase 
formation is essential for tailoring the properties of HEAs for specific applications. 

. 
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2.2 Empirical and computational approaches for phase prediction in 
HEAs 
Several approaches have been developed to predict phase formation in HEAs: 
2.2.1 Empirical rules 

Empirical models have been proposed to predict phase stability based 
on elemental properties: 

Mixing enthalpy (∆ܪ௠௜௫ ): Governs the thermodynamic interactions 
between constituent elements. 

Mixing entropy (∆ܵ௠௜௫): Influences the likelihood of SS formation. 
Melting temperature ( ௠ܶ): Influences phase stability and the formation 

of different structures by determining thermal stability. 
Atomic size different (ߜ): Affects lattice distortions and phase stability. 
Valence electron concentration (ܸܥܧ): Differentiates between BCC and 

FCC structures 
Electronegativity difference ( ∆χ ): Impacts phase separation and 

intermetallic formation. 
Parameter for prediction solid solution (ߗ): Assesses the likelihood of 

forming a stable SS, where higher values generally favor SS formation over IM. 
Figure 2.4 presents a statistical analysis of experimental data on phase 

selection in HEAs based on ߜ and ∆ܪ௠௜௫. The phase selection between SS and AM 
phase can be effectively predicted using ߜ and ∆ܪ௠௜௫, SS phases are more likely to 
form when ߜ  is small (ߜ  < 0.666) and ∆ܪ௠௜௫  is either slightly positive of weakly 
negative (-11.6 < ∆3.2 > ݔ݅݉ܪ kJ/mol). In contrast, the formation of the AM phase is 
favored when is ߜ large (0.064 < ߜ) and ∆ܪ௠௜௫ is significantly negative (∆ܪ௠௜௫ < -12.2 
kJ/mol). These trends highlight the strong influence of atomic interactions and 
structural compatibility in determining phase formation in multi-component alloys. 
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Figure 2.4 Distribution of AM, SS and IM phases effected by ∆ܪ௠௜௫ and ߜ (Guo et al., 
2013). 

  Figure 2.5 illustrates the relationship between ߜ  and ߗ  for multi-
component alloys. Alloys that form simple SS phases are clustered in the triangular 
region where lower ߜ and high ߗ. Both SS and IM may form due to increase ߜ and 
reduce ߗ value, making it a transition zone between SS and IM. The bulk metallic 
glasses (BMGs) exhibit larger ߜ and ߗ value compared to HEAs. This analysis suggests 
that criteria for predicting SS formation in HEAs is 1.1 < ߗ and 6.6% > ߜ. 
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Figure 2.5 Distribution of SS, IM, SS+IM and BMG phases effected by 𝛺 and ߜ (Yang & 
Zhang, 2012). 

 is identified as a key factor governing the stability of FCC and BCC ܥܧܸ
phase, with FCC structures being favored at higher ܸܥܧ  values and BCC phases 
stabilizing at lower ܸܥܧ  values. This findings provide valuable insights into phase 
stability in HEAs and offer a fundamental guideline for designing alloy (Guo et al., 2011). 

2.2.2 Calculation of phase diagrams (CALPHAD) 
The CALPHAD method is a widely adopted computational approach for 

predicting phase stability in multi-component systems. It employs thermodynamic 
models and experimentally derived databases to estimate equilibrium phase diagrams 
based on Gibbs free energy minimization. By integrating thermodynamic descriptions 
of individual elements and binary or ternary systems, CALPHAD enables the 
extrapolation of phase behavior in complex alloys, including HEAs (Y. Liu et al., 2021). 
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Despite its effectiveness, the CALPHAD method has inherent limitations 
(M. C. Gao et al., 2017). Its accuracy is dependent on the availability and reliability of 
experimental thermodynamic data, particularly for higher-order multi-element 
systems. Additionally, the approach relies on simplifying assumptions in phase 
modeling, which may lead to uncertainties when predicting metastable phases or new 
compositions beyond the established database.  

2.2.3 Density functional theory (DFT) 
Density Functional Theory (DFT) is a powerful computational approach 

used to investigate phase stability at the atomic scale. By solving the Schrödinger 
equation for many-body systems, DFT provides detailed insights into electronic 
structures, bonding interactions, and thermodynamic stability of HEAs (Singh et al., 
2020). It enables the prediction of phase formation, mechanical properties, and 
electronic behaviors with high accuracy, making it an essential tool for materials design. 

However, DFT has significant limitations. It is computationally intensive, 
requiring substantial processing time and resources, particularly for multi-component 
alloys with complex atomic configurations. This makes it impractical for large-scale 
phase stability predictions across the vast compositional space of HEAs. Additionally, 
approximations in exchange-correlation functionals can introduce uncertainties in 
predicted phase stability. 

2.3 ML in materials science 
ML has revolutionized materials science by enabling the rapid discovery, design, 

and optimization of novel materials. Unlike conventional trial-and-error approaches, 
ML utilizes data-driven models to predict material properties, phase structures, and 
microstructural evolution with high accuracy and efficiency. By leveraging large 
experimental and computational datasets, ML algorithms can identify complex 
patterns and correlations that traditional methods may overlook. 
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In recent years, ML provides advanced and efficient methods for predictive 
modeling in materials science, facilitating automated microstructure analysis in steels 
and specialized alloys (Mulewicz et al., 2019). It has been successfully applied to 
predict phase formation and mechanical properties in entropy alloys (Roy et al., 2020) 
and to expedite the interpretation of time–temperature–transformation (TTT) diagrams 
in stainless steels (X. Huang et al., 2020). 

2.4 Previous studies on HEA phase prediction 
Machine learning (ML) has been extensively utilized in recent years to classify 

and predict phase stability in HEAs. Various ML approaches, including NN, SVM, decision 
trees (DT), and RF, KNN have been applied to analyze phase formation and enhance 
predictive accuracy. Many studies have incorporated feature selection and engineering 
to improve model performance, demonstrating the effectiveness of ML in HEA phase 
classification. Table 2.1 presents a comprehensive overview of previous studies utilizing 
ML approaches for phase prediction in HEAs. It highlights various ML models, key 
methodologies and classification strategies used to distinguish between different phase 
structures, showcasing, advancements and challenges in predictive modeling for HEAs.  

Islam (Islam et al., 2018) applied a NN model (shown in Figure 2.6) within a ML 
framework  to classify phase selection in multi-principal element alloys (MPEAs), 
including HEAs. Utilizing an experimental dataset, their NN model achieved a 
remarkably high training accuracy of over 99%, and a cross-validation (CV) accuracy 
exceeding 80%. This demonstrated the model's capability to generalize well and 
accurately predict phase types such as single-phase SS, AM, and IM. Notably, their 
findings highlighted the significance of 𝑉ܥܧ  as the most influential feature in 
determining phase formation. Their study emphasizes the potential of NN-based ML 
models in exploring complex phase behavior and can be extended to various MPEA 
systems. 
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Figure 2.6 An NN model for AM, SS and IM phases prediction (Islam et al., 2018). 

Similarly, Huang (W. Huang et al., 2019) explored phase selection rules using a 
large experimental dataset of 401 HEA compositions classified into SS, IM, and mixed 
SS+IM phases. They implemented three ML algorithms: KNN, SVM, and NN, and 
conducted a four-fold CV to prevent overfitting. Among the models, the NN (shown in 
Figure 2.7) achieved the highest multi-class classification accuracy of 74.3%. When 
limited to binary classification between pairs of phases, NN consistently outperformed 
SVM, achieving accuracies of 86.7% to 94.3%. This study demonstrated that ML 
approaches, particularly NN, can serve as efficient alternatives to computationally 
expensive methods like DFT for predicting phase selection in HEAs. The results 
confirmed that ML models could effectively learn correlations between elemental 
features and phase types, offering valuable insights for computational alloy design. 
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Figure 2.7 An NN model for SS, IM and SS+IM prediction (Huang et at, 2019). 

Building on the use of NN and multiple algorithms in previous studies, Dai (Dai 
et al., 2020) proposed an approach centered on feature engineering combined with 
machine learning to improve phase prediction accuracy in HEAs. Recognizing the 
limitations of trial-and-error experimentation and thermodynamic models, the authors 
augmented the dimensionality of descriptors through non-linear combinations, 
effectively expanding the feature space from a small dataset. They evaluated six 
different ML models: SVM, adaptive boosting (AdaBoost), decision tree (DT), RF, 
gradient boosting (GB), and logistic regression (LR), and demonstrated that this 
dimensionality expansion significantly improved predictive performance compared to 
conventional approaches. Their methodology proved particularly useful in small-data 
scenarios, highlighting the versatility of feature engineering for improving classification 
accuracy. This study underscores the importance of data transformation and selection 
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techniques in enhancing the reliability of ML-based predictions, especially for single-
phase SS HEAs as shown in Figure 2.7. 

 

 

Figure 2.8 CV accuracy versus number of features (Dai et at.,2020). 

Zhang (L. Zhang et al., 2020) further advanced the predictive modeling of HEA 
phases by addressing limitations in traditional ML methods when handling complex 
thermodynamic descriptors. They incorporated nine physical parameters including 
formation enthalpy based on the extended Miedema theory and mixing entropy and 
applied feature selection and transformation using Kernel principal component 
analysis (KPCA). By reducing and optimizing the feature space, they significantly 

 



19 

enhanced phase classification performance. The SVM model trained with four KPCA-
transformed variables (4V-KPCA) achieved a remarkable test accuracy of 97.43% as 
shown in Figure 2.9. Detailed F1-scores for the model demonstrated high precision 
across four phase types: SS (0.9787), AM (0.9463), mixed SS+IM (0.9863), and IM (0.8103). 
Their study confirmed that elastic energy and 𝛿  are influential factors in phase 
formation and that combining physical theory with advanced ML techniques yields 
reliable predictive tools for HEA design. 

 

Figure 2.9 The prediction accuracies of difference preprocessing methods and 
difference models (L. Zhang et at., 2020). 
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Machaka (Machaka, 2021) addressed the fundamental question of why HEAs 
exhibit exceptional properties by focusing on phase classification using ML. The study 
compiled an extensive dataset derived from over 430 peer-reviewed experimental 
studies and included more than 40 metallurgy specific features. A robust framework 
(shown in Figure 2.10) was proposed, combining six feature selection methods, feature 
ensemble construction, and the evaluation of eight general purpose ML classifiers: DT, 
linear discriminant analysis (LDA), naïve Bayes (NB), generalized linear model via elastic 
net (GLMNET), RF, NN, KNN, and SVM. The models were trained to classify solid solution 
phases in HEAs. RF emerged as the top performer with an accuracy of 97.5%, followed 
by SVM (95.8%), KNN (94.5%), and NN (94.0%). The study revealed that traditional post-
treatment heat-treatment features were less effective in phase prediction, while the 
most discriminating predictors were identified through feature selection. Additionally, 
the applicability of the developed models was validated across five alloy systems, 
showing their effectiveness in predicting phase stabilization and phase transitions, 
thereby bridging experimental and computational insights. 

 

Figure 2.10 ML modeling framework for phase prediction (Machaka, 2021). 
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Nezhad (Ghouchan Nezhad Noor Nia et al., 2022) introduced a graph-based ML 
approach to enhance phase prediction in HEAs, addressing the limitations of traditional 
methods that often suffer from low accuracy and high costs. Their method employed 
a KNN algorithm within an HEA interaction network, where each compound is 
connected to others based on feature similarity. This network-based KNN model was 
used to predict five phase categories: FCC, BCC, HCP, MP, and AM. The key innovation 
in this work was utilizing network relationships to infer the phase of new compositions 
by evaluating the most similar neighboring compounds. The model achieved a 
prediction accuracy of 88.88%, outperforming many conventional ML techniques. This 
study demonstrated the effectiveness of graph-based models in capturing complex 
compositional relationships within HEAs, providing a scalable tool for accelerating 
phase discovery in advanced alloy design. 

Syarif (Syarif et al., 2023) explored phase prediction in high-entropy alloys 
(HEAs) by focusing solely on the concentration of constituent elements, offering a 
novel approach that diverges from conventional ML methods that rely heavily on 
feature engineering and domain-specific descriptors. Their model applied pruned DT 
and linear correlation to develop simple, interpretable prediction rules. These rules 
were used with self-organizing maps and Euclidean space formulations to frame the 
identification of phase formation drivers as an optimization problem. Genetic algorithm 
(GA) optimization revealed that properties such as electron affinity, molar volume, and 
resistivity significantly influence phase formation. Notably, the study demonstrated 
that in the AlCoCrFeNiTiCu HEA family, FCC phase formation could be predicted with 
up to 87% accuracy using only the concentrations of Al and Cu. This approach not 
only simplifies input requirements but also offers insights into the elemental influences 
on phase behavior (shown in Figure 2.11), advancing data-driven HEA design. 
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Figure 2.11 Stabilizing and destabilizing elements for FCC, BCC and IM phase formation 
(Syarif et al., 2023) 

Gao (J. Gao et al., 2023) investigated phase prediction in HEAs using ensemble 
ML techniques on a dataset of 511 labeled compositions. The study applied feature 
selection via Extreme gradient boosting (XGBoost) to rank the importance of features 
derived from empirical design principles. Among the models tested, ensemble 
methods: Voting and Stacking, demonstrated the highest predictive accuracies, both 
exceeding 92%. The research also introduced a decision tree-based visualization to 
guide phase identification among FCC, BCC, and FCC+BCC categories. This combination 
of robust ensemble learning and intuitive model interpretation underscores the 
potential of ML in accelerating HEA phase design, while also providing criteria for 
selecting meaningful features for effective prediction. 

He (He et al., 2024) explored the use of ML to predict phase structures in HEAs, 
focusing on SS and AM phases. The study applied five ML algorithms on a dataset of 
399 HEAs categorized into BCC, FCC, BCC+FCC, and AM phases. Grid search combined 
with CV was used to optimize model performance, with 𝑉ܥܧ and ∆ܪ௠௜௫ identified as 
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the most influential features (shown in Figure 2.12). Among the algorithms, the random 
forest (RF) model delivered the best performance, achieving a predictive accuracy of 
87%. The model’s predictions were experimentally validated using CoCrFeNiAlₓ (x = 
0, 0.5, 1) alloys, showing phase transitions from FCC to BCC + FCC and then to BCC as 
Al content increased, results that aligned with the ML predictions. This highlights the 
RF model’s effectiveness and the practical applicability of ML in guiding HEA phase 
design. 

 

Figure 2.12 Feature importance ranking (He et al., 2024) 

These studies demonstrate the potential of ML models in predicting phase 
stability in HEAs, highlighting the significance of feature engineering, ensemble learning 
techniques, and data-driven approaches. The selection of relevant input features, 
including thermodynamic and atomic parameters, plays a critical role in improving 
predictive accuracy. The continuous advancements in ML algorithms and their 
application to HEAs provide a foundation for further optimization in computational 
materials science. 
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2.5 Gaps in the literature 
Most existing studies on ML-based phase prediction for HEAs primarily classify 

alloys into single-phase categories such as BCC, FCC, and IM phases. However, in reality, 
HEAs frequently exhibit complex multi-phase structures, including BCC+FCC, BCC+IM, 
FCC+IM, and even BCC+FCC+IM combinations. Current ML models often fail to 
accurately predict these multi-phase configurations, as they are typically trained on 
datasets that do not sufficiently represent multi-phase compositions. The lack of 
effective classification for multi-phase HEAs limits the applicability of these models in 
practical alloy design, where multi-phase structures play a crucial role in optimizing 
mechanical properties. Developing ML approaches that can robustly handle and 
classify multi-phase HEAs remains a critical research challenge. 

This thesis aims to address this gap by developing an ML model that accurately 
predicts six distinct phase categories (BCC, FCC, BCC+FCC, BCC+IM, FCC+IM, 
BCC+FCC+IM), incorporating Boolean vector encoding to improve classification 
accuracy. 

  

 



 

CHAPTER III 
RESEARCH METHODOLOGY 

This chapter describes the methodology used in this study to develop and 
evaluate ML models for predicting phase structures in HEAs. The research framework 
consists of dataset construction, data preprocessing, feature extraction, model 
selection, training and validation, and performance evaluation. 

3.1  Research framework 
Figure 3.1 outlines the workflow for this study, which consists of key stages: 

 

Figure 3.1 Comprehensive strategy for HEA phase prediction using ML.
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Data collection: Gathering experimental HEA phase data from 34 literatures. 
Feature extraction: Computing thermodynamic and atomic descriptors. 
Data preprocessing: Remove duplicate sample and inconsistent phase. 
Normalizing: Enhancing data quality by Standardizing the range of feature data. 
Data analysis: Providing a detailed data analysis to understand feature 
correlations and their impact on phase classification. 
Data splitting: Dividing data into two subsets at an 80:20 ratio for training and 
testing.  
Model selection: Employing machine learning algorithms. 
Model training and validation: Optimizing hyperparameters using CV. 
Performance evaluation: Assessing predictive accuracy using multiple metrics. 

3.2  Dataset construction 
3.2.1  Data collection 

  The dataset was compiled from published experimental studies on 329 
HEAs. The collected data included alloy compositions and experimentally verified 
phase structures. Only alloys synthesized via arc melting were considered to ensure 
consistency and reliability in the dataset. Vacuum arc melting process is one of the 
most commonly used synthesis methods for HEAs, especially in experimental phase 
studies. It provides a controlled environment with minimal contamination, and most 
reported phase structures from literature use vacuum arc melting in the as-cast 
condition. Other fabrication methods, such as powder metallurgy or mechanical 
alloying, could introduce variability in microstructure and phase stability due to 
different thermal histories, cooling rates, and impurity levels. By focusing on vacuum 
arc melting, the data remains uniform in process conditions, which helps the ML model 
learn patterns based on composition rather than processing-related variations. The 
detailed dataset sources can be found in appendix A1.  
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3.2.2  Feature extraction 
  The predictive models employed in this study utilize seven key features 
derived from the chemical compositions of HEAs, chosen based on their known 
correlation with phase stability. The dataset consists of numerical attributes extracted 
from the chemical composition of each alloy and its corresponding phase, calculated 
using the equations provide in Table 3.1. In these equations, 𝑅 denotes the gas 
constant; ܿ ௜ and ܿ ௝ represent the atomic concentration of the ݅ ௧௛ and ݆ ௧௛ components, 
respectively; ∆ܪ௜௝ is the interaction parameter between ݅௧௛ and ݆௧௛ elements; ௠ܶ௜ 
corresponds to the melting temperature of the ݅௧௛ component; ݎ௜ signifies the atomic 
radius of the ݅௧௛ component, while ̅ݎ  represents the average atomic radius; ܸܥܧ௜ 
refers to the valence electron concentration of the ݅௧௛ component; ݔ௜ denotes the 
Pauling electronegativity of the ݅௧௛ component, and χത represents the average Pauling 
electronegativity. The atomic properties of each element for feature calculation can 
be found in appendix A2 and A3. The extracted features of each alloy can be found 
in appendix A4. 
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Table 3.1 Equations for feature extraction derived from chemical composition of HEAs. 
Feature 

description 
Unit Equation Reference 

Mixing enthalpy kJ/mol ∆ܪ௠௜௫  =  ෍ ௜௝௡ܪ∆4
௜ୀଵ,௜ ஷ௝ ܿ௜ ௝ܿ  

(L. Zhang et al., 2020) 

Mixing entropy J/(mol.K) ∆ܵ௠௜௫ =  −ܴ ෍ ܿ௜ ݈݊ ܿ௜௡
௜ୀଵ  

(Y. Zhang et al., 2008) 

Melting 
temperature 

K ௠ܶ  =  ෍ ܿ௜௡
௜ୀଵ ௠ܶ௜ 

(Yang & Zhang, 2012) 

Parameter for 
predicting solid 

solution formation 

ߗ  - =  ௠ܶ∆ܵ௠௜௫|∆ܪ௠௜௫|  

(Yang & Zhang, 2012) 

Atomic size 
difference 

ߜ % =  ඩ෍ ܿ௜௡
௜ୀଵ ቀ1 − ݎ௜̅ݎ ቁ 

(Y. Zhang et al., 2008) 

Valence electron 
concentration 

ܥܧܸ - =  ෍ ܿ௜௡
௜ୀଵ  ௜ܥܧܸ

(Guo et al., 2011) 

Electronegativity 
difference 

- ∆χ =  ඩ෍ ܿ௜௡
௜ୀଵ (χ௜ −  χത) 

(Y. Zhang et al., 2020) 

3.2.3  Boolean vector encoding 
Since some HEAs exhibit multi-phase structures, a Boolean vector 

encoding scheme was implemented to handle multi-label classification. Each sample 
was assigned a binary vector indicating the presence (1) or absence (0) of three primary 
phase components: BCC, FCC and IM. For example: 

[1,0,0] represents a single-phase BCC structure. 
[1,1,0] represents a dual-phase BCC+FCC structure. 
[1,1,1] represents a complex multi-phase BCC+FCC+IM structure. 
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3.2.4  Data normalization 
Data normalization is a crucial preprocessing step in machine learning 

to ensure that all features contribute equally to the model. Since different features in 
the dataset have varying scales and magnitudes, normalization helps prevent any 
particular feature from dominating the learning process. This study employs Z-score 
normalization to standardize the dataset. Z-score normalization transforms each 
feature by subtracting the mean and dividing by the standard deviation, ensuring a 
mean of zero and a standard deviation of one. The transformation formula is as 
follows: 

 𝑥௡௘௪ =  𝑥௜ − 𝑥̅ߪ  (3.1) 

where: 𝑥௜ is the original feature value, 𝑥̅ is the mean of feature, ߪ is the standard deviation of the feature. 
This approach maintains the distribution characteristics of the original data while 
ensuring all features have comparable scales. 

3.3  Machine learning models 
3.3.1  Model selection 

Machine learning (ML) algorithms, including SVM, KNN, RF, and NN, were 
utilized to predict HEA phases. These models were implemented using the scikit-learn 
library, chosen for their widespread use in similar research and proven effectiveness in 
classification tasks within materials science. Each algorithm has distinct advantages: 
SVM efficiently handles non-linear separability, KNN is a straightforward yet effective 
method for pattern recognition, RF is resistant to overfitting and provides 
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interpretability through feature importance analysis, while NN is adept at capturing 
intricate, non-linear relationships within the data. 

1. Support vector machine (SVM) 
SVM determines the optimal hyperplane that separates different 

classes by maximizing the margin between them. This separation is achieved by 
minimizing a loss function while ensuring proper class distinction. To handle non-linear 
relationships, SVM applies kernel functions that transform data into a higher-
dimensional space where linear separation may be feasible. The key hyperparameters 
in this study include the penalty parameter (C), the kernel function, and the kernel 
coefficient (gamma). A high C value may lead to overfitting, while a low C may fail to 
capture complex patterns. The kernel functions used in this study include radial basis 
function (RBF), polynomial, and sigmoid kernels. Each kernel captures different types 
of relationships in the data. Gamma controls the influence of individual data points. 
High values make the model highly sensitive to local variations, which may lead to 
overfitting. Low values result in underfitting by failing to capture data patterns 
effectively (Hastie et al., 2009; W. Zhang et al., 2023). 

2. K-nearest neighbors (KNN) 
KNN predicts class labels by measuring the distance between a 

given data point and its nearest neighbors. Predictions are based on a majority vote. 
Key hyperparameters include the number of neighbors, weighting function, nearest 
neighbor search algorithm, and distance metric. A small number of neighbors makes 
the model sensitive to noise. A large number can introduce bias. Weighting options 
include uniform, where all neighbors have equal weight, and distance-based, where 
closer neighbors have higher weights. Various search algorithms are available, including 
Auto, ball tree, KD tree, and brute force. Euclidean and Manhattan distances serve as 
distance metrics to determine the similarity between data points (Ghouchan Nezhad 
Noor Nia et al., 2022; Z. Zhang, 2016). 
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3. Random forest (RF)  
RF is an ensemble learning method that combines multiple 

decision trees to improve prediction accuracy and reduce overfitting. Each tree is built 
using a subset of the data. The final classification is based on the majority vote of all 
trees. Important hyperparameters include the number of trees, maximum number of 
features, maximum tree depth, minimum samples per split, minimum samples per 
leaf, and bootstrap sampling. Increasing the number of trees improves model 
performance but also increases computational cost. The maximum number of features 
determines the subset of features considered at each split. A balance must be 
maintained to reduce the risk of overfitting while ensuring diversity. Limiting tree depth 
prevents overfitting. The minimum sample split and minimum sample leaf parameters 
define thresholds for splitting and leaf formation, controlling tree growth. When 
bootstrap sampling is enabled, trees are built using randomly drawn samples with 
replacement (Hastie et al., 2009). 

4. Neural network (NN).  
NN is a feedforward deep learning model composed of an input 

layer, multiple hidden layers, and an output layer. Key hyperparameters include the 
number of hidden layers, number of neurons per layer, activation functions, loss 
function, optimizer, and learning rate. More hidden layers and neurons allow the 
model to capture complex patterns but also increase computational complexity and 
the risk of overfitting. Activation functions such as ReLU, sigmoid, and tanh introduce 
non-linearity, allowing the network to model intricate relationships in data. The loss 
function evaluates model performance. Optimizers such as stochastic gradient descent 
(SGD) and Adam adjust weights to minimize error. Learning rate controls the step size 
in weight updates. Low values slow training, while excessively high values can cause 
instability or suboptimal convergence (Dewangan et al., 2023). 

3.3.2  Hyperparameter tuning 
Hyperparameter tuning was conducted using a grid search combined 

with five-fold CV. The best performing hyperparameter values were selected based on 
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the highest mean CV accuracy. The key hyperparameter selection and range for each 
model are summarized in Appendix B1 and the optimal hyperparameter values can 
be found in Appendix B2. 

3.4  Model training and evaluation 
3.4.1  Training strategy 

Each model was trained on the training dataset using the tuned 
hyperparameters. The models were then evaluated using the test dataset, and 
performance metrics were calculated. 

3.4.2  Evaluation metrics 
The performance of the ML models was assessed using four key metrics 

(Hastie et al., 2009): 
1. Accuracy: Measures the proportion of correctly predicted samples. 
2. Precision: Assesses the reliability of positive phase predictions. 
3. Recall: Evaluates the ability to identify all relevant phase samples. 
4. F1-score: A harmonic mean of precision and recall, balancing both 

metrics. 
The formulas used for these metrics are: 

 𝐴ܿܿݕܿܽݎݑ (%) = ܶܰ + ܶܲܶܲ + ܶܰ + ܰܨ + ܲܨ × 100% (3.2) 

(%) ݊݋݅ݏ݅ܿ݁ݎܲ  = ܲܨܲܶ + ܶܲ × 100% (3.3) 

 ܴ݈݈݁ܿܽ (%) = ܰܨܲܶ + ܶܲ × 100% (3.4) 
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 𝐹1 − (%) ݁ݎ݋ܿݏ = ݊݋݅ݏ݅ܿ݁ݎ݈݈ܴܲܽܿ݁ ݔ ݊݋݅ݏ݅ܿ݁ݎܲ + ܴ݈݈݁ܿܽ × 100% (3.5) 

where: 
True positives (TP) is an instance that is actually positive and correctly 

predicted, 
True negatives (TN) is an instance that is actually negative and correctly 

predicted, 
False positives (FP) is an instance that is actually negative and 

incorrectly predicted, 
False negatives (FN) is an instance that is actually positive and 

incorrectly predicted. 
3.4.3  Complex combination phase accuracy evaluation 

To evaluate the model’s capability in predicting complex multi-phase 
HEAs, a separate evaluation was conducted to assess the accuracy of phase 
combination predictions. Since traditional classification metrics do not fully capture 
the complexity of multi-phase structures, The strict accuracy criterion was applied. A 
prediction was considered correct only if all phase components matched exactly. The 
evaluation results were visualized using confusion matrices, demonstrating the 
model’s effectiveness in predicting BCC, FCC, BCC+FCC, BCC+IM, FCC+IM and 
BCC+FCC+IM combinations. 

This chapter detailed the methodology used in this study, including data 
collection, feature selection, preprocessing, machine learning model selection, 
hyperparameter tuning and performance evaluation. The models were validated using 
CV and various classification metrics, with additional evaluation focusing on complex 
combination phase accuracy. The next chapter presents the result obtained from these 
ML models and their analysis  

 



 

CHAPTER IV 
RESULTS AND DISCUSSION 

This chapter presents the results obtained from ML models developed for 
predicting phase structures in HEAs. The performance of different ML models is 
analyzed based on key evaluation metrics and their predictive capabilities are 
compared. Additionally, a detailed data analysis is provided to understand feature 
correlations and their impact on phase classification. Finally, a discussion on complex 
combination phase accuracy and a comparison with existing studies are included. 

4.1 Data analysis 
4.1.1 Dataset distribution 

The dataset used in this study consists of features extracted from their 
chemical composition and their corresponding phase classification, categorized into six 
distinct groups: BCC, FCC, BCC+IM, FCC+IM and BCC+FCC+IM (This information can be 
seen in Appendix A1). The dataset distribution is illustrated in Figure 4.1, showing the 
number of samples available for each phase category.
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Figure 4.1 Number of samples for each phase category. 

4.1.2 Feature correlation analysis 
Figure 4.2 presents a heat map that visualizes the relationships or 

correlations between features within dataset. Each cell in the matrix represents a 
correlation coefficient between two features, with values ranking from -1 to 1. A 
coefficient of 1 signifies a strong positive correlation, while -1 indicates a strong negative 
correlation, and 0 represents no correlation between the features. The heat map 
values correspond to correlation coefficients, which quantify the strength and direction 
of the linear relationship between two variables. The most commonly used measure 
is the Pearson correlation coefficient, calculated using the formula: 
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 𝑟௫௬ = ௜ݔ)∑ − ௜ݕ)(ݔ̅ − ௜ݔ)∑ത)ඥݕ − ௜ݕ)∑ଶ(ݔ̅ −  ത)ଶ (4.1)ݕ

where:  𝑟௫௬ denotes the Pearson correlation coefficient between features ݔ and ݔ ,ݕ௜ and ݕ௜ are the individual data points indexed by ݅, ̅ݔ and ݕത represent the mean values of ݔ and ݕ, respectively. 
The correlation values in the heat map for independent features range 

from -0.75 to 0.58. Notably, ܸܥܧ and ௠ܶ exhibit a negative correlation, indicating that 
an increase in ܸܥܧ is associated with a decrease in ௠ܶ. This trend aligns with phase 
stability, as higher ܸܥܧ values are typically linked to the formation of FCC structures, 
while lower ܸܥܧ values are more conducive to stabilizing BCC structures, given that 
FCC phases generally have lower ௠ܶ. In contrast, the ∆χ and ௠ܶ display a positive 
correlation, suggesting that as ∆χ increases, ௠ܶ also rises, elevated ∆χ values tend to 
promote the formation of complex or IM phases, which often exhibit higher ௠ܶ 
compared to SS phases. Overall, no exceptionally strong positive or negative 
correlation were observed among the features, confirming that all selected features 
contribute valuable information and should be retained in the analysis. 
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Figure 4.2 Pearson correlation coefficients between features. 

4.1.3 Pair plot visualization 
To further explore the relationships between individual features 

and phase classifications, a pair plot was generated (Figure 4.3). The scatter plots 
illustrate how certain features influence phase formation, with distinct clustering 
observed for different phase categories. The diagonal cells display kernel density plots 
that represent the distribution of each individual feature. This visualization aids in 
identifying key discriminative features for ML classification. 
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Figure 4.3 Pair plot of features for each phase category. 

4.1.4 Radar plot for feature comparison 
A radar plot was used to visualize the distribution of normalized 

feature values across different phase categories (Figure 4.4). The plot highlights key 
trends, such as lower 𝛿 and higher ௠ܶ in BCC phases, whereas FCC phases exhibit 
higher ܸܥܧ values.  
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Figure 4.4 Radar plot of features for each phase categories. 

4.1.5 3D scatter plot of key features 
A 3D scatter plot (Figure 4.5) was generated to illustrate the 

distribution of HEA composition in terms of three key features: 𝛿, ∆ܪ௠௜௫ and ܸ  The .ܥܧ
visualization shows distinct phase separations, reinforcing the importance of these 
feature in phase classification. IM phases exhibit higher 𝛿 compared to SS phases, such 
as BCC and FCC. The formation of IM phases is primarily influenced by atomic bonding 
between elements with considerable size differences. Leading to lattice distortions 
and structural strain, which contribute to their characteristic ordered structures. The 
thermodynamic stability of phases is governed by Gibbs free energy (∆ܩ), where a 
lower ∆ܪ௠௜௫ corresponds to reduced ∆ܩ, thereby promoting the formation of 
intermetallic compounds, In contrast, SS phases exhibit distinct trends, with higher ܸܥܧ favoring the formation of FCC phases, while lower ܸܥܧ is associated with the 
stabilization of BCC phases, Additionally, smaller 𝛿 values enhance the likelihood of 
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forming SS, whereas larger atomic size disparities increase the propensity for IM phase 
formation. These findings align with previous studies (Guo et al., 2011; Yang & Zhang, 
2012; L. Zhang et al., 2020).    

 

Figure 4.5 The 3D scatter plot represents phase distribution to show  
the influence of 𝛿, ∆ܪ௠௜௫ and ܸܥܧ. 

4.1.6 Feature importance analysis 
Feature importance was evaluated to determine which factors 

most significantly influenced phase classification The RF, SVM and NN model were 
used to compute normalized importance score (Figure 4.6), ܸܥܧ and ௠ܶ emerged as 
the most critical features, aligning with previous studies (He et al., 2024; Y. Zhang et 
al., 2014).  
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Figure 4.6 Feature importance score for HEA phase prediction by RF, SVM and NN. 

4.2 ML model performance for phase prediction 
4.2.1 CV and test accuracy for individual phase prediction 

In this study, four machine learning algorithms (SVM, KNN, RF, and NN) 
were utilized to predict phase compositions in HEAs using a structured dataset. To 
enhance model generalizability and minimize overfitting, hyperparameter tuning was 
conducted through grid search in combination with layered CV. This approach involved 
training the models on four subsets of data while validating them on the fifth, with 
grid search identifying optimal parameter settings to improve performance. Table 4.1 
presents a detailed evaluation of these models for each phase category (BCC, FCC, 
and IM) based on key performance metrics, including mean CV accuracy, test accuracy, 
precision, recall, and F1-score. A summary of CV and test accuracies in Figure 4.7 
indicates that all models achieved an average CV accuracy exceeding 81%, 
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demonstrating their effectiveness in phase prediction for HEAs. The next section 
provides a phase-wise analysis of each model’s performance. 

Support vector machine (SVM) 
1) BCC Phases: SVM demonstrates strong performance in classifying 

BCC phases, achieving a mean CV accuracy of 90.89% and a test 
accuracy of 92.42%. With precision at 93.15%, recall, and F1-
score exceeding 90%, the model is highly effective at identifying 
BCC phases with minimal misclassifications. 

2) FCC Phases: The SVM performs exceptionally well in 
distinguishing FCC phases, attaining a 96.97% test accuracy, with 
all key metrics reaching the same level. This suggests that the 
SVM model can accurately classify FCC phases, likely due to 
well-defined feature differences in the dataset. 

3) IM Phases: Performance is slightly lower for IM phases, with a 
79.81% mean CV accuracy and an 85.24% test accuracy. 
Precision and recall hover around 81–82%, indicating moderate 
classification accuracy for intermetallic phases compared to BCC 
and FCC. 

K-Nearest Neighbors (KNN) 
1) BCC Phases: KNN performs exceptionally well in classifying BCC 

phases, achieving a 92.79% mean CV accuracy and an 
outstanding 98.48% test accuracy. With precision at 97.83% and 
recall at 98.48%, KNN effectively differentiates BCC phases. 

2) FCC Phases: The model also delivers strong results for FCC 
phases, attaining a 93.18% mean CV accuracy and a 96.97% test 
accuracy. The performance is comparable to that of SVM, 
confirming KNN’s reliability in identifying FCC phases. 

3) IM Phases: KNN outperforms SVM for IM phases, achieving a 
83.27% mean CV accuracy and an 86.36% test accuracy. 
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Precision and F1-score range between 85–87%, indicating a well-
balanced classification performance. 

Random Forest (RF) 
1) BCC Phases: RF achieves a 89.36% mean CV accuracy and a 

95.45% test accuracy, with high precision (94.64%) and recall 
(96.50%). Although slightly less precise than KNN, RF remains a 
highly effective model for classifying BCC phases. 

2) FCC Phases: With a 91.26% mean CV accuracy and 93.94% test 
accuracy, RF performs reliably for FCC classification. Precision, 
recall, and F1-score are all close to 94%, though slightly lower 
than the SVM and KNN models, suggesting room for 
improvement in learning FCC phase characteristics. 

3) IM Phases: RF shows the weakest performance for IM phases, 
with 81.36% mean CV accuracy and 81.81% test accuracy. 
Precision and recall remain between 80–83%, indicating a 
challenge in accurately distinguishing IM phases, likely due to 
complex feature distributions or an imbalance in training data. 

Neural Network (NN) 
1) BCC Phases: NN achieves the highest mean CV accuracy for BCC 

phases at 94%, alongside a 95.45% test accuracy. With precision, 
recall, and F1-score all exceeding 94%, the model performs 
similarly to KNN and RF, showing strong predictive capability for 
BCC phases. 

2) FCC Phases: NN delivers excellent performance in classifying FCC 
phases, with all evaluation metrics reaching 96.97%, aligning 
closely with the SVM and KNN models. 

3) IM Phases: NN outperforms all other models in IM phase 
classification, achieving the highest mean CV accuracy (86%) and 
test accuracy (87.88%). Precision and F1-score are also high, 
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around 87–88%, making NN the most effective model for 
distinguishing IM phases among the four. 

The results demonstrate that NN and KNN consistently achieve the 
highest accuracy for classifying BCC and FCC phases, with RF closely following. While 
SVM also performs well, it falls slightly behind in recall and F1-score for BCC phases. 
Among all models, IM phase classification exhibits the lowest accuracy, likely due to 
the complex and overlapping feature distributions associated with these phases. 
However, NN outperforms other models in this category, indicating its ability to capture 
intricate, nonlinear patterns in the dataset. These findings suggest that KNN and NN are 
highly reliable for predicting BCC and FCC phases, while NN is the most effective for 
distinguishing IM phases, making it a strong candidate for analyzing complex HEA 
compositions with multiple phase formations. 
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Table 4.1 Performance metrics of ML models for individual phase prediction in HEAs. 
Model Phase Mean CV Test Precision  

(%) 
Recall 

(%) 
F1-score  

(%) 
SVM BCC 90.89 92.42 93.15 90.14 91.38 

FCC 92.01 96.97 96.97 96.97 96.97 
IM 79.81 85.24 81.30 82.15 82.15 

KNN BCC 92.79 98.48 97.83 98.48 98.48 
FCC 93.18 96.97 96.97 96.97 96.97 
IM 83.27 86.36 86.68 85.34 85.81 

RF BCC 89.36 95.45 94.64 95.50 95.04 
FCC 91.26 93.94 94.10 93.94 93.93 
IM 81.36 81.81 82.95 79.98 81.39 

NN BCC 94.00 95.45 95.45 94.49 94.94 
FCC 94.00 96.97 96.97 96.97 96.97 
IM 86.00 87.88 87.98 87.12 87.46 
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Figure 4.7 CV and test accuracy of each model for individual phase prediction. 

To further evaluate the performance of the NN model, which achieved 
the highest CV accuracy, additional assessment metrics were utilized, including the 
precision–recall (PR) and receiver operating characteristic (ROC) curves. These curves 
provide a visual representation of the model’s predictive capabilities and classification 
performance. 

The PR curve, shown in Figure 4.8a, illustrates the relationship between 
precision and recall, with a larger area under the curve (AUC) indicating better 
predictive accuracy. For the NN model, the PR AUC values for BCC (99%) and FCC 
(100%) demonstrate excellent classification performance for these phases. In contrast, 
the IM phase achieved a PR AUC of 82%, which, while reasonable, is lower than the 
other two phases. This suggests that the model faces greater challenges in correctly 
identifying IM phases, likely due to feature overlap or variations in data representation. 
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Similarly, the ROC curve in Figure 4.8b is used to assess the classifier’s 
ability to distinguish between different phases. The AUC of the ROC curve indicates 
the effectiveness of the model in differentiating between positive and negative classes. 
The diagonal line represents the baseline performance of a random classifier (50% 
AUC), serving as a reference point. A model performing significantly above this line 
indicates strong classification ability. The NN model exhibits high AUC values for BCC 
(99%) and FCC (100%), confirming its reliability in predicting these phases. However, 
the IM phase achieves a slightly lower AUC of 89%, suggesting some difficulty in its 
classification, possibly due to a smaller number of training samples or overlapping 
phase characteristics. 

 

Figure 4.8 (a) PR curve for BCC, FCC and IM phases, demonstrating the trade-off 
between precision and recall for each phase. (b) ROC curves for BCC, FCC 
and IM phases, depicting the relationship between the true positive rate 
and false positive rate. 
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4.2.2 Complex combination phase prediction accuracy evaluation 
The previous sections analyzed the performance of each model for 

individual phases; however, real-world applications require accurate predictions of 
complex phase combinations in HEAs. To address this, a strict evaluation criterion was 
implemented, where predictions were considered accurate only if all phase 
components in an alloy were correctly identified. Any partially or entirely incorrect 
predictions were excluded from the accuracy calculation. This approach was necessary 
due to the multi-phase nature of HEAs, where precise identification of all phases within 
a composition is essential. 

As shown in Figure 4.9, the accuracy of predicting complex phase 
combinations varies across models, ranging from 75.75% to 84.85%. This stringent 
evaluation resulted in slightly lower test accuracies compared to the mean CV 
accuracy reported earlier, which is expected given the increased difficulty of predicting 
multiple phases simultaneously. Among the models, NN and KNN achieved the highest 
accuracy of 84.85%, demonstrating their strong capability in capturing nonlinear 
interactions among features and effectively handling multi-phase compositions. In 
contrast, SVM and RF exhibited moderate performance, with accuracies of 77.27% and 
75.75%, respectively. This suggests that these models may struggle with complex 
phase predictions, likely due to overlapping feature distributions and intricate phase 
interactions within the dataset. 
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Figure 4.9 Complex combination phase prediction accuracy of each model. 

The confusion matrices in Figure 4.10 provide an overview of the 
classification performance of all models in predicting HEA phase compositions across 
six categories: BCC, FCC, BCC+FCC, BCC+IM, FCC+IM, and BCC+FCC+IM. Among the 
models, NN and KNN achieved the highest accuracy, particularly in identifying BCC (NN: 
17, KNN: 19 correct classifications) and FCC phases (NN/KNN: 9 correct classifications), 
with minimal misclassifications.  

SVM and RF demonstrated moderate performance but struggled with 
multi-phase classifications due to overlapping feature distributions. The classification 
of BCC+FCC was most accurately predicted by KNN and NN, both achieving seven 
correct classifications, while SVM and RF exhibited difficulties in differentiating between 
binary-phase structures. NN performed exceptionally well in predicting BCC+IM and 
FCC+IM phases, correctly classifying 12 and 9 samples, respectively, underscoring its 
strength in capturing nonlinear interactions. 
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Misclassifications were more frequent in multi-phase categories, 
indicating the challenge of distinguishing overlapping phase features, which could be 
addressed through improved feature selection and dataset balancing. Overall, NN 
emerged as the most effective model for multi-phase classification, while KNN was the 
most reliable for single-phase predictions. 

 

Figure 4.10 Confusion matrices for each ML model in complex combination phase 
prediction. 
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4.3 Discussion 
4.3.1 Comparison with previous studies 

Previous research primarily focused on classifying HEA phases 
into binary or ternary categories, such as distinguishing between BCC, FCC, and mixed 
phases. In contrast, this study expands phase classification to six distinct categories: 
BCC, FCC, BCC + FCC, BCC + IM, FCC + IM, and BCC + FCC + IM. Earlier studies (Dai et 
al., 2020; W. Huang et al., 2019; Islam et al., 2018) primarily classified HEAs into broader 
categories (BCC, FCC, and IM), limiting their capacity to predict complex multi-phase 
compositions. Additionally, RF, LDA, and SVM for SS classification was employed 
(Machaka, 2021) but did not explicitly consider the IM phase. This study introduces a 
Boolean vector encoding approach that enables multi-phase classification by treating 
each phase as an independent binary variable. This technique significantly improves 
predictive accuracy, particularly for intricate phase combinations such as BCC+IM and 
BCC+FCC+IM, which were often not addressed in prior research. 

4.3.2 Challenges in IM phase prediction 
The slightly lower accuracy for IM phases across all models 

suggests that IM formation is influenced by more complex and overlapping feature 
relationships. Future improvements could involve incorporating additional features or 
ensemble learning techniques. 

4.3.3 Implications for HEA design 
The findings indicate that ML models can significantly reduce 

reliance on experimental trial-and-error methods, enabling faster HEA design. The 
ability of NN and KNN to accurately classify both single-phase and multi-phase HEAs 
highlights their potential for computational alloy design. 

4.4 Summary 
This chapter presented the evaluation of ML models in predicting HEA phases. 

The NN and KNN models consistently outperformed others, particularly in predicting 
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complex phase combinations. These results demonstrate the feasibility of ML-driven 
phase prediction, providing valuable insights for HEA development. The next chapter 
will conclude the study and suggest future research directions. 

 
 
  

 



 

CHAPTER V 
CONCLUSION AND FUTURE WORK 

5.1 Summary of findings 
This study explored the application of ML models for phase prediction in high 

entropy alloys (HEAs). The research focused on utilizing experimentally validated 
datasets and computational techniques to enhance phase classification accuracy. Key 
contributions of this study include: 

1. Feature selection and extraction  
Seven key compositional and thermodynamic features were identified and 
used as input variables for ML models. These features included ∆ܪ௠௜௫, ∆ܵ௠௜௫, ܥܧܸ ,ߜ, ௠ܶ, ∆χ, and ߗ. 

2. ML model implementation 
Four ML algorithms (SVM, KNN, RF, and NN) were developed and optimized 
using hyperparameter tuning and cross-validation. 

3. Performance evaluation 
The models were assessed using accuracy, precision, recall, and F1-score 
metrics. The NN and KNN models consistently demonstrated the highest 
performance, particularly in distinguishing single-phase and multi-phase 
HEAs. 

4. Complex phase prediction 
A strict accuracy criterion was applied to evaluate the models' ability to 
predict complex phase combinations. The NN model achieved the highest 
prediction accuracy (84.85%), demonstrating its capability in handling 
intricate phase formations in HEAs.

5. Feature importance analysis 
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The study identified 𝑉ܥܧ and ௠ܶ as the most influential features affecting 
phase stability, aligning with established phase selection criteria in HEAs. 

5.2 Key contributions 
The findings of this research contribute to the advancement of ML applications 

in computational materials science, particularly in the following aspects: 
1. Development of an ML-based HEA phase prediction framework 

This study establishes a systematic approach for using ML techniques to 
classify and predict HEA phases, reducing dependency on experimental 
trial-and-error methods. 

2. Boolean vector encoding for multi-phase classification 
The implementation of Boolean vector encoding for multi-label 
classification enables the accurate representation of complex phase 
compositions. 

3. Performance benchmarking of ML algorithms 
Comparative evaluation of different ML models highlights the strengths and 
limitations of each approach in predicting HEA phase stability. 

4. Guidance for HEA design 
The study provides valuable insights into the relationship between alloy 
composition and phase formation, assisting materials scientists in designing 
novel HEAs with desired properties. 

5.3 Limitations 
Despite its promising results, this study has several limitations: 
1. Dataset size and generalizability 
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The dataset was compiled from published experimental studies, limiting its 
size and diversity. Future work should focus on expanding the dataset with 
more compositions and synthesis conditions. 

2. Feature engineering constraints 
While the selected features have demonstrated relevance, additional 
microstructural and thermodynamic parameters could further improve 
model accuracy. 

3. Computational complexity 
The NN model, while achieving the best performance, requires higher 
computational resources and longer training times compared to other ML 
models. 

5.4 Future work 
Future research should address these limitations and explore the following 

directions: 
1. Integration of additional data sources 

Expanding the dataset by incorporating high-throughput computational and 
experimental data will enhance model robustness. 

2. Discover new features for improved IM phase prediction 
Focusing on identifying and integrating new descriptors that are more 
sensitive to IM formation. This may include advanced thermodynamic 
parameters, electronic structure features. 

3. Hybrid ML models 
Combining multiple ML approaches, such as ensemble methods or deep 
learning architectures, could improve predictive accuracy and 
generalizability. 
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4. Experimental validation 
Experimental synthesis and characterization of ML-predicted HEA 
compositions can validate the model’s predictions and refine its 
performance. 

5. Real-Time HEA design tools  
Developing an interactive web-based platform or software integrating ML 
models can facilitate real-time HEA design and phase prediction for 
researchers and engineers. 

5.5 Conclusion 
This study demonstrates the potential of machine learning in accelerating HEA 

phase prediction and design. The results confirm that ML models, particularly NN and 
KNN, can effectively classify and predict phase structures based on composition-
derived features. The findings contribute to the ongoing efforts to integrate 
computational intelligence with materials science, paving the way for more efficient 
and systematic HEA development. By addressing existing challenges and leveraging 
emerging ML advancements, future research can further optimize HEA design and 
discovery, driving progress in high-performance alloy applications. 
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Table A1. Alloys and their experimental phase collected from existing literatures. 
Alloys Experimental Phase Reference 

CoFeNi FCC  (Gorsse et al., 2018) 
CoFeNiSi0.25 FCC  (Gorsse et al., 2018) 
CoFeNiSi0.5 FCC+IM  (Gorsse et al., 2018) 
CoFeNiSi0.75 FCC+IM  (Gorsse et al., 2018) 
Al0.25CoFeNi FCC  (Gorsse et al., 2018) 
Al0.5CoFeNi BCC+FCC  (Gorsse et al., 2018) 
Al0.75CoFeNi BCC+FCC  (Gorsse et al., 2018) 
CoCrFeNi FCC  (Gorsse et al., 2018) 
CoCrFeMo0.5Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNb0.103Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNb0.155Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNb0.206Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNb0.309Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNb0.412Ni FCC+IM  (Gorsse et al., 2018) 
CoCrFeNiTi FCC  (Gorsse et al., 2018) 
Al0.25CoCrFeNi FCC  (Gorsse et al., 2018) 
Al0.375CoCrFeNi FCC  (Gorsse et al., 2018) 
Al0.5CoCrFeNi BCC+FCC  (Gorsse et al., 2018) 
Al0.75CoCrFeNi BCC+FCC  (Gorsse et al., 2018) 
Al0.875CoCrFeNi BCC  (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

AlCoCrFeNi BCC  (Gorsse et al., 2018) 
Al1.25CoCrFeNi BCC  (Gorsse et al., 2018) 
Al1.5CoCrFeNi BCC  (Gorsse et al., 2018) 
Al2CoCrFeNi BCC  (Gorsse et al., 2018) 
Al2.5CoCrFeNi BCC  (Gorsse et al., 2018) 
Al3CoCrFeNi BCC  (Gorsse et al., 2018) 
AlC0.1CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlC0.2CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlC0.3CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlC0.4CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlC0.5CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlCCoCrFeNi BCC+IM  (Gorsse et al., 2018) 
AlC1.5CoCrFeNi BCC+IM  (Gorsse et al., 2018) 
Al0.5CoCrFeMo0.5Ni FCC+IM  (Gorsse et al., 2018) 
AlCo0.5CrFeMo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFe0.5Mo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFe0.6Mo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeMo0.1Ni BCC  (Gorsse et al., 2018) 
AlCoCrFeMo0.2Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeMo0.3Ni BCC+IM  (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  

Alloys Experimental Phase Reference 
AlCoCrFeMo0.4Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeMo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeMo0.5Ni1.5 FCC+IM  (Gorsse et al., 2018) 
AlCoCrFeMo0.5Ni2 FCC+IM  (Gorsse et al., 2018) 
AlCo1.5CrFeMo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCo2CrFeMo0.5Ni BCC+FCC+IM  (Gorsse et al., 2018) 
AlCoCrFe1.5Mo0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFe2Mo0.5Ni BCC+IM  (Gorsse et al., 2018) 
Al1.5CoCrFeMo0.5Ni BCC+IM  (Gorsse et al., 2018) 
Al2CoCrFeMo0.5Ni BCC  (Gorsse et al., 2018) 
AlCoCrFeNb0.1Ni BCC  (Gorsse et al., 2018) 
AlCoCrFeNb0.25Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeNb0.5Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeNb0.75Ni BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeNiSi0.2 BCC  (Gorsse et al., 2018) 
AlCoCrFeNiSi0.4 BCC  (Gorsse et al., 2018) 
AlCoCrFeNiSi0.6 BCC  (Gorsse et al., 2018) 
AlCoCrFeNiSi0.8 BCC+IM  (Gorsse et al., 2018) 
AlCoCrFeNiSi BCC+IM  (Gorsse et al., 2018) 
Al0.5CoCrFeNiTi BCC+IM  (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

AlCoCrFeNiTi1.5 BCC+IM  (Gorsse et al., 2018) 
Al1.5CoCrFeNiTi BCC  (Gorsse et al., 2018) 
Al2CoCrFeNiTi BCC  (Gorsse et al., 2018) 
CoCrFeMnNi FCC  (Gorsse et al., 2018) 
CoCrFeMnNiV0.25 FCC  (Gorsse et al., 2018) 
CoCrFeMnNiV0.5 FCC  (Gorsse et al., 2018) 
CoCrFeMnNiV0.75 FCC+IM  (Gorsse et al., 2018) 
CoCrFeMnNiV1.0 FCC+IM  (Gorsse et al., 2018) 
Al0.10CoCrFeMnNi FCC  (Gorsse et al., 2018) 
Al0.20CoCrFeMnNi FCC  (Gorsse et al., 2018) 
Al0.38CoCrFeMnNi FCC  (Gorsse et al., 2018) 
Al0.43CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.49CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.56CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.62CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.68CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.75CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.81CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.88CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
Al0.95CoCrFeMnNi BCC+FCC  (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

Al1.25CoCrFeMnNi BCC (Gorsse et al., 2018) 
CoCrNi FCC (Gorsse et al., 2018) 
CoMnNi FCC (Gorsse et al., 2018) 
FeMnNi FCC (Gorsse et al., 2018) 
CoCrMnNi FCC (Gorsse et al., 2018) 
CoFeMnNi FCC (Gorsse et al., 2018) 
Al0.5CrFe1.5MnNi0.5 BCC (Gorsse et al., 2018) 
Al0.3CrFe1.5MnNi0.5 BCC+FCC (Gorsse et al., 2018) 
AlCrFeNi BCC+IM (Gorsse et al., 2018) 
AlCrFeNiMo0.2 BCC+IM (Gorsse et al., 2018) 
AlCrFeNiMo0.5 BCC+IM (Gorsse et al., 2018) 
CoCrCu0.5FeNi FCC (Gorsse et al., 2018) 
CoCrCuFeNi FCC (Gorsse et al., 2018) 
CoCrCuFeNiTi0.5 FCC (Gorsse et al., 2018) 
CoCrCuFeNiTi0.8 FCC+IM (Gorsse et al., 2018) 
CoCrCuFeNiTi FCC (Gorsse et al., 2018) 
Al0.25CoCrCu0.5FeNiTi0.5 FCC (Gorsse et al., 2018) 
Al0.25CoCrCu0.75FeNiTi0.5 FCC (Gorsse et al., 2018) 
Al0.3CoCrCuFeNi FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNi FCC (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

AlCoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
AlCoCrCuFeMnNi BCC+FCC+IM (Gorsse et al., 2018) 
AlCoCrCuFeNiTi BCC+FCC (Gorsse et al., 2018) 
AlCoCrCuFeNiV BCC+FCC (Gorsse et al., 2018) 
Al1.3CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al1.5CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al1.8CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al2CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al2.3CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al2.5CoCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
Al2.8CoCrCuFeNi BCC (Gorsse et al., 2018) 
Al0.5CoCrCu0.5FeNiTi0.5 BCC+FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi0.2 FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi0.4 FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi0.6 BCC+FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi0.8 BCC+FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi1.2 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi1.4 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi1.6 BCC+FCC+IM (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

Al0.5CoCrCuFeNiTi1.8 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiTi2 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV0.2 FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV0.4 BCC+FCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV0.6 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV0.8 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV1.0 BCC+FCC+IM (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV1.2 BCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV1.4 BCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV1.6 BCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV1.8 BCC (Gorsse et al., 2018) 
Al0.5CoCrCuFeNiV2.0 BCC (Gorsse et al., 2018) 
Al0.75CoCrCu0.25FeNiTi0.5 BCC+FCC (Gorsse et al., 2018) 
AlCoCrCuNiTi BCC (Gorsse et al., 2018) 
AlCoFeNi BCC (Gorsse et al., 2018) 
AlCoFeNiTiVZr BCC (Gorsse et al., 2018) 
CoCuFeNi FCC (Gorsse et al., 2018) 
CoCuFeNiSn0.02 FCC (Gorsse et al., 2018) 
CoCuFeNiSn0.04 FCC+IM (Gorsse et al., 2018) 
CoCuFeNiSn0.05 FCC+IM (Gorsse et al., 2018) 

  

 



75 

Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

CoCuFeNiSn0.07 FCC+IM (Gorsse et al., 2018) 
CoCuFeNiSn0.1 FCC+IM (Gorsse et al., 2018) 
CoCuFeNiSn0.2 FCC+IM (Gorsse et al., 2018) 
CoCuFeNiSn0.5 FCC+IM (Gorsse et al., 2018) 
AlCoCuFeNi BCC+FCC (Gorsse et al., 2018) 
AlCoCuFeNiSi BCC+FCC (Gorsse et al., 2018) 
AlCoCuFeNiTi BCC+FCC (Gorsse et al., 2018) 
AlCoCuFeNiZr BCC+FCC+IM (Gorsse et al., 2018) 
CoCuFeMnNi FCC (Gorsse et al., 2018) 
CoCuFeMnNiSn0.03 FCC (Gorsse et al., 2018) 
CoCuFeMnNiSn0.05 FCC+IM (Gorsse et al., 2018) 
CoCuFeMnNiSn0.08 FCC+IM (Gorsse et al., 2018) 
CoCuFeMnNiSn0.10 FCC+IM (Gorsse et al., 2018) 
CoCuFeMnNiSn0.20 FCC+IM (Gorsse et al., 2018) 
CrCuFeMnNi BCC+FCC (Gorsse et al., 2018) 
CrCuFeMoNi FCC (Gorsse et al., 2018) 
AlCrCuFeNi0.6 BCC+FCC (Gorsse et al., 2018) 
AlCrCuFeNi0.8 BCC+FCC (Gorsse et al., 2018) 
AlCrCuFeNi BCC+FCC (Gorsse et al., 2018) 
AlCrCuFeNi1.2 BCC+FCC (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

AlCrCuFeNi1.4 BCC+FCC (Gorsse et al., 2018) 
AlCrCuFeNi2 BCC+FCC (Gorsse et al., 2018) 
AlCrCuFeNiTi BCC+IM (Gorsse et al., 2018) 
Al0.2CrCuFeNi2 FCC (Gorsse et al., 2018) 
Al0.4CrCuFeNi2 FCC (Gorsse et al., 2018) 
Al0.6CrCuFeNi2 FCC (Gorsse et al., 2018) 
Al0.8CrCuFeNi2 FCC (Gorsse et al., 2018) 
Al1.2CrCuFeNi2 BCC+FCC (Gorsse et al., 2018) 
Al1.125CuFe0.75NiTi1.125 FCC (Gorsse et al., 2018) 
Al22.5Cu20Fe15Ni20Ti22.5 FCC (Gorsse et al., 2018) 
AlCuFeNiTi FCC (Gorsse et al., 2018) 
AlCuNiTi FCC (Gorsse et al., 2018) 
AlCr0.5NbTiV BCC (Gorsse et al., 2018) 
AlCrNbTiV BCC+IM (Gorsse et al., 2018) 
Al0.4Hf0.6NbTaTiZr BCC (Gorsse et al., 2018) 
Al0.3HfNbTaTiZr BCC (Gorsse et al., 2018) 
Al0.5HfNbTaTiZr BCC (Gorsse et al., 2018) 
Al0.75HfNbTaTiZr BCC (Gorsse et al., 2018) 
AlHfNbTaTiZr BCC+IM (Gorsse et al., 2018) 
AlMo0.5NbTa0.5TiZr BCC (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

Al0.25MoNbTiV BCC (Gorsse et al., 2018) 
Al0.5MoNbTiV BCC (Gorsse et al., 2018) 
Al0.75MoNbTiV BCC (Gorsse et al., 2018) 
AlMoNbTiV BCC (Gorsse et al., 2018) 
Al0.25NbTaTiV BCC (Gorsse et al., 2018) 
Al0.5NbTaTiV BCC (Gorsse et al., 2018) 
AlNbTaTiV BCC (Gorsse et al., 2018) 
Al0.3NbTa0.8Ti1.4V0.2Zr1.3 BCC (Gorsse et al., 2018) 
Al0.5NbTa0.8Ti1.5V0.2Zr BCC (Gorsse et al., 2018) 
Al0.3NbTaTi1.4Zr1.3 BCC (Gorsse et al., 2018) 
AlNb1.5Ta0.5Ti1.5Zr0.5 BCC (Gorsse et al., 2018) 
AlNbTiV BCC (Gorsse et al., 2018) 
CrMo0.5NbTa0.5TiZr BCC+IM (Gorsse et al., 2018) 
CrNbTiVZr BCC+IM (Gorsse et al., 2018) 
CrNbTiZr BCC+IM (Gorsse et al., 2018) 
FeMoNiTiVZr BCC+IM (Gorsse et al., 2018) 
Hf0.5Mo0.5NbTiZr BCC+IM (Gorsse et al., 2018) 
Hf0.5Mo0.5NbSi0.1TiZr BCC+IM (Gorsse et al., 2018) 
Hf0.5Mo0.5NbSi0.3TiZr BCC+IM (Gorsse et al., 2018) 
Hf0.5Mo0.5NbSi0.5TiZr BCC+IM (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  

Alloys Experimental Phase Reference 
Hf0.5Mo0.5NbSi0.7TiZr BCC+IM (Gorsse et al., 2018)  
Hf0.5Mo0.5NbSi0.9TiZr BCC+IM (Gorsse et al., 2018)  
Hf0.5Mo0.5NbTiZrC0.1 BCC+IM (Gorsse et al., 2018) 
Hf0.5Mo0.5NbTiZrC0.3 BCC+IM (Gorsse et al., 2018) 
HfMo0.25NbTaTiZr BCC (Gorsse et al., 2018)  
HfMo0.5NbTaTiZr BCC (Gorsse et al., 2018)  
HfMo0.75NbTaTiZr BCC (Gorsse et al., 2018)  
HfMoNbTaTiZr BCC (Gorsse et al., 2018)  
HfMoTaTiZr BCC (Gorsse et al., 2018)  
HfMoNbZrTi BCC (Gorsse et al., 2018)  
HfNbTaZr BCC (Gorsse et al., 2018)  
Hf0.5Nb0.5Ta0.5Ti1.5Zr BCC (Gorsse et al., 2018)  
HfNbTaTiZr BCC (Gorsse et al., 2018)  
MoNbTaV BCC (Gorsse et al., 2018)  
MoNbTaVW BCC (Gorsse et al., 2018)  
MoNbTaW BCC (Gorsse et al., 2018)  
MoNbTiV BCC (Gorsse et al., 2018)  
Mo0.3NbTiVZr BCC (Gorsse et al., 2018)  
Mo0.5NbTiVZr BCC (Gorsse et al., 2018)  
Mo0.7NbTiVZr BCC (Gorsse et al., 2018)  
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

MoNbTiVZr BCC (Gorsse et al., 2018) 
Mo1.3NbTiVZr BCC (Gorsse et al., 2018) 
Mo1.5NbTiVZr BCC (Gorsse et al., 2018) 
Mo1.7NbTiVZr BCC (Gorsse et al., 2018) 
Mo2NbTiVZr BCC (Gorsse et al., 2018) 
MoNbTiV0.25Zr BCC (Gorsse et al., 2018) 
MoNbTiV0.50Zr BCC (Gorsse et al., 2018) 
MoNbTiV0.75Zr BCC (Gorsse et al., 2018) 
MoNbTiV1.0Zr BCC (Gorsse et al., 2018) 
MoNbTiV1.5Zr BCC (Gorsse et al., 2018) 
MoNbTiV2.0Zr BCC (Gorsse et al., 2018) 
MoNbTiV3.0Zr BCC (Gorsse et al., 2018) 
MoNbTiZr BCC (Gorsse et al., 2018) 
NbTaTiV BCC (Gorsse et al., 2018) 
NbTaVW BCC (Gorsse et al., 2018) 
NbTiV0.3Zr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo0.1Zr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo0.3Zr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo0.5Zr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo0.7Zr BCC (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  

Alloys Experimental Phase Reference 
NbTiV0.3MoZr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo1.3Zr BCC (Gorsse et al., 2018) 
NbTiV0.3Mo1.5Zr BCC (Gorsse et al., 2018) 
NbTiVZr BCC (Gorsse et al., 2018) 
NbTiV2Zr BCC (Gorsse et al., 2018) 
CoFeNiV FCC (Gorsse et al., 2018) 
CoFeMo0.2NiV FCC+IM (Gorsse et al., 2018) 
CoFeMo0.4NiV FCC+IM (Gorsse et al., 2018) 
CoFeMo0.6NiV FCC+IM (Gorsse et al., 2018) 
CoFeMo0.8NiV FCC+IM (Gorsse et al., 2018) 
CoFeMoNiV FCC+IM (Gorsse et al., 2018) 
CoFeMoNi1.2V FCC+IM (Gorsse et al., 2018) 
CoFeMoNi1.4V FCC+IM (Gorsse et al., 2018) 
CoFeMoNi1.6V FCC+IM (Gorsse et al., 2018) 
CoFeMoNi1.8V FCC+IM (Gorsse et al., 2018) 
CoFeMoNi2V FCC+IM (Gorsse et al., 2018) 
CoCrCuFeMnNiTiV BCC+FCC+IM (Gorsse et al., 2018) 
Al11.1(CoCrCuFeMnNiTiV)88.9 BCC+FCC (Gorsse et al., 2018) 
Al20(CoCrCuFeMnNiTiV)80 BCC (Gorsse et al., 2018) 
Al40(CoCrCuFeMnNiTiV)60 BCC+IM (Gorsse et al., 2018) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  

Alloys Experimental Phase Reference 
AlFeNiTiVZr BCC (Gorsse et al., 2018) 
(CuMnNi)75Zn25 FCC (Gorsse et al., 2018) 
(CuMnNi)80Zn20 FCC (Gorsse et al., 2018) 
(CuMnNi)90Al10 FCC+IM (Gorsse et al., 2018) 
(CuMnNi)90Sn10 FCC+IM (Gorsse et al., 2018) 
(CuMnNi)95Al5 FCC (Gorsse et al., 2018) 
(CuMnNi)95Sn5 FCC+IM (Gorsse et al., 2018) 
AlCoCrFeNi BCC (Jiang et al., 2018) 
Al0.8CoCrFeNiTi0.2 BCC+FCC (Jiang et al., 2018)  
Al0.5CoCrFeNiTi0.5 BCC+FCC (Jiang et al., 2018)  
CrMnFeV BCC (Song et al., 2018)  
CrMn0.3FeVCu0.06 BCC+FCC (Song et al., 2018)   
CrMn0.5FeVCu0.1 BCC+FCC (Song et al., 2018)   
CrMn0.7FeVCu0.14 BCC+FCC (Song et al., 2018)  
CrMnFeVCu0.2 BCC+FCC (Song et al., 2018)   
AlCrFe2Mo0.2Nb0.2Ni2 FCC+IM (J. Zhao et al., 2024)  
AlCrFe2Mo0.5Nb0.5Ni2 FCC+IM (J. Zhao et al., 2024)  
Al25Co14Cr5Fe14Mn8Ni25Ti9 BCC+IM (Olorundaisi et al., 2024)  
CoFeMnNiV FCC (J. Gao et al., 2023)  
(FeCoNi)0.75Cr0.25 FCC (Záděra et al., 2024) 
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

(FeCoNi)0.75Cr0.05Cu0.2 FCC (Záděra et al., 2024) 
AlCoCr0.5Fe2.5Ni2.5 BCC+FCC (Hu et al., 2025) 
Al0.25CoCrFeNi FCC (Hu et al., 2025) 
Ti2ZrNbHfVAl1.2 BCC+IM (C. Xu et al., 2024)  
Nb25Ti35V5Zr35 BCC (Gong et al., 2024)  
(Ti28Zr40Al20Nb12)97Si3 BCC+IM (Wei et al., 2024)  
(Ti28Zr40Al20Nb12)95Si5 BCC+IM (Wei et al., 2024)  
(Ti28Zr40Al20Nb12)90Si10 BCC+IM (Wei et al., 2024)  
Ti2NbVAl0.3Zr0.25 BCC+IM (Zhu et al., 2024)  
Ti2NbVAl0.3Zr0.5 BCC+IM (Zhu et al., 2024) 
Ti2NbVAl0.3Zr0.75 BCC+IM (Zhu et al., 2024)  
Ti2NbVAl0.3Zr BCC (Zhu et al., 2024)  
Ti1(NbMoTa)2W0.5  BCC (Kim et al., 2024) 
FeMn40Co10Cr10C0.5Ti2 FCC+IM (Saboktakin Rizi et al., 2024)  
Co68Al18.2Fe6.5V4.75Cr2.55 FCC+IM (X. Liu, Feng, et al., 2024)  
Ti1·6ZrNbMo0.35 BCC (Wang et al., 2024)  
Cr14Mn20Fe20Co20Ni26 FCC (Wagner et al., 2025)  
Cr24Mn20Fe20Co20Ni16 FCC (Wagner et al., 2025)  
Cr26Mn20Fe20Co20Ni14 FCC (Wagner et al., 2025)  
Al21Co19.5Fe9.5Ni50 FCC+IM (X. Liu, Liu, et al., 2024)  
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  

Alloys Experimental Phase Reference 
(Ti32.5V27.5Zr7.5Nb32.5)97Ni3  BCC+IM (Liang et al., 2024)  
(Ti32.5V27.5Zr7.5Nb32.5)94Ni6  BCC+IM (Liang et al., 2024)  
(Ti32.5V27.5Zr7.5Nb32.5)91Ni9  BCC+IM (Liang et al., 2024)  
Al0.2CoCrFeNi FCC (Sun et al., 2023)  
Al0.2CoCrFeNiSc0.3 BCC+FCC (Sun et al., 2023)  
CoCrFeMnNiMo5C0.5 FCC+IM (Yao et al., 2024)  
Al0.25FeCoNiV BCC+FCC (Yu et al., 2024)  
Co30Cr10Fe10Al18Ni30Mo2 BCC+FCC (Q. Zhao et al., 2024)  
CoCr1.3FeNi0.7MnNb0.3 FCC+IM (Potnis & Das, 2024)  
CoCr1.3FeNi0.7MnNb0.45 FCC+IM (Potnis & Das, 2024)  
Al14Co41Cr15Fe10Ni20 FCC+IM (Shafiei et al., 2023)  
Cr15Cu5Fe20Mn25Ni35 FCC (Vaghari & Dehghani, 2023)  
Al0.65CoCrFe2Ni BCC+FCC (Tamuly et al., 2023)  
Al40Co15Cr15Fe15Ni15 BCC+IM (Han et al., 2024)  
AlFeCoNiMo0.2 BCC (Li et al., 2023)  
Ti1.6ZrNbAl0.3 BCC+IM (Wang et al., 2023)  
Ti1.6ZrNbAl0.4 BCC+IM (Wang et al., 2023)  
Ti1.6ZrNbAl0.5 BCC+IM (Wang et al., 2023)  
Ti1.6ZrNbAl0.6 BCC+IM (Wang et al., 2023)  
AlNbTiVCr BCC (F. Xu et al., 2023)  
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Table A1. Alloys and their experimental phase collected from existing literatures 
(continued).  
Alloys Experimental Phase Reference 

(AlNbTiVCr)99.5Ni0.5 BCC (F. Xu et al., 2023)  
(AlNbTiVCr)99Ni1 BCC+IM (F. Xu et al., 2023)  
(AlNbTiVCr)98.5Ni1.5 BCC+IM (F. Xu et al., 2023)  
(AlNbTiVCr)98Ni2 BCC+IM (F. Xu et al., 2023)  
CrFeNbTiMo BCC+IM (B. Chen et al., 2023)  
Fe3.5Ni3.5Cr2MnAl0.7 BCC+FCC (Zhou et al., 2023)  
(AlCoCrFeNi)99.5Zr0.5 BCC+IM (Ren et al., 2023)  
(AlCoCrFeNi)99Zr1 BCC+IM (Ren et al., 2023)  
(AlCoCrFeNi)98Zr2 BCC+IM (Ren et al., 2023)  
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Table A2. Atomic properties of elements (atomic radius, valence electron count, 
Pauling electronegativity, and melting temperature) used for feature extraction in HEA 
phase prediction.  
Element Atomic 

radius (A) 
Valence 
electron 

Pauling 
electronegativity 

Melting temperature 
(K) 

H - - 2.2 13.81 
He - - - 0.95 
Li 1.56 1 0.98 453.7 
Be 1.13 2 1.57 1560 
B 0.98 3 2.04 2365 
C 0.92 4 2.55 3825 
N - 5 3.04 63.15 
O - 6 3.44 54.8 
F - - 3.98 53.55 

Ne - - - 24.55 
Na 1.91 1 0.93 371 
Mg 1.6 2 1.31 922 
Al 1.43 3 1.61 933.5 
Si 1.32 4 1.9 1683 
P - 5 2.19 317.3 
S - 6 2.58 392.2 
Cl - - 3.16 172.17 
Ar - - - 83.95 
K 2.38 1 0.82 336.8 
Ca 1.98 2 1 1112 
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Table A2. Atomic properties of elements (atomic radius, valence electron count, 
Pauling electronegativity, and melting temperature) used for feature 
extraction in HEA phase prediction (continued).  

Element Atomic 
radius (A) 

Valence 
electron 

Pauling 
electronegativity 

Melting temperature 
(K) 

Sc 1.64 3 1.36 1814 
Ti 1.46 4 1.54 1945 
V 1.35 5 1.63 2163 
Cr 1.28 6 1.66 2130 
Mn 1.26 7 1.55 1518 
Fe 1.27 8 1.83 1808 
Co 1.25 9 1.88 1768 
Ni 1.25 10 1.91 1726 
Cu 1.28 11 1.9 1356.6 
Zn 1.39 12 1.65 692.73 
Ga 1.41 3 1.81 302.92 
Ge 1.37 4 2.01 1211.5 
As 1.39 5 2.18 1090 
Se - 6 2.55 494 
Br - - 2.96 265.95 
Kr - - 3 116 
Rb 2.55 1 0.82 312.63 
Sr 2.15 2 0.95 1042 
Y 1.8 3 1.22 1795 
Zr 1.6 4 1.33 2128 
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Table A2. Atomic properties of elements (atomic radius, valence electron count, 
Pauling electronegativity, and melting temperature) used for feature extraction 
in HEA phase prediction (continued).  

Element Atomic 
radius (A) 

Valence 
electron 

Pauling 
electronegativity 

Melting temperature 
(K) 

Nb 1.47 5 1.6 2742 
Mo 1.4 6 2.16 2896 
Tc 1.36 7 1.9 2477 
Ru 1.34 8 2.2 2610 
Rh 1.35 9 2.28 2236 
Pd 1.38 10 2.2 1825 
Ag 1.45 11 1.93 1235.08 
Cd 1.57 12 1.69 594.26 
In 1.66 3 1.78 429.78 
Sn 1.55 4 1.96 505.12 
Sb 1.59 5 2.05 903.91 
Te - 6 2.1 722.72 
I - - 2.66 386.7 

Xe - - 2.6 161.39 
Cs 2.73 1 0.79 301.54 
Ba 2.24 2 0.89 1002 
La 1.88 3 1.1 1191 
Ce 1.82 3 1.12 1071 
Pr 1.83 3 1.13 1204 
Nd 1.82 3 1.14 1294 
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Table A2. Atomic properties of elements (atomic radius, valence electron count, 
Pauling electronegativity, and melting temperature) used for feature extraction 
in HEA phase prediction (continued).  

Element Atomic 
radius (A) 

Valence 
electron 

Pauling 
electronegativity 

Melting temperature 
(K) 

Pm 1.81 - 1.13 1315 
Sm 1.8 3 1.17 1347 
Eu 1.8 3 1.2 1095 
Gd 1.8 3 1.2 1585 
Tb 1.78 3 1.1 1629 
Dy 1.77 3 1.22 1685 
Ho 1.77 3 1.23 1747 
Er 1.76 3 1.24 1802 
Tm 1.75 3 1.25 1818 
Yb 1.74 3 1.1 1092 
Lu - 3 1.27 1936 
Hf 1.58 4 1.3 2504 
Ta 1.47 5 1.5 3293 
W 1.41 6 2.36 3695 
Re 1.38 7 1.9 3455 
Os 1.35 8 2.2 3300 
Ir 1.36 9 2.2 2720 
Pt 1.39 10 2.28 2042.1 
Au 1.44 11 2.54 1337.58 
Hg 1.57 2 2 234.31 
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Table A2. Atomic properties of elements (atomic radius, valence electron count, 
Pauling electronegativity, and melting temperature) used for feature extraction 
in HEA phase prediction (continued).  

Element Atomic 
radius (A) 

Valence 
electron 

Pauling 
electronegativity 

Melting temperature 
(K) 

Tl 1.72 3 1.62 577 
Pb 1.75 4 1.87 600.65 
Bi 1.7 5 2.02 544.59 
Po 1.76 - 2 - 
At - - 2.2 575 
Rn - - 2.2 202 
Fr - - 0.7 300 
Ra - - 0.9 973 
Ac - - 1.1 - 
Th 1.8 - 1.3 2028 
Pa 1.63 - 1.5 1845 
U 1.56 - 1.38 1408 
Np 1.56 - 1.36 912 
Pu 1.64 - 1.28 913 
Am 1.81 - 1.13 1449 
Cm - - 1.28 - 
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Table A3. The values of ∆࢐࢏ࡴ for atomic pairs between the element (Takeuchi & Inoue, 
2005). 
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Table A3. The values of ∆࢐࢏ࡴ for atomic pairs between the element (Takeuchi & Inoue, 
2005) (continued). 
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Table A3. The values of ∆࢐࢏ࡴ for atomic pairs between the element (Takeuchi & Inoue, 
2005) (continued). 
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Table A4. Extracted features of each alloy.  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

CoFeNi -1.33 9.13 0.75 9.00 0.03 1767.33 12.11 
CoFeNiSi0.25 -11.83 10.69 1.52 8.62 0.03 1760.85 1.59 
CoFeNiSi0.5 -19.43 11.24 1.88 8.29 0.03 1755.29 1.02 
CoFeNiSi0.75 -24.96 11.47 2.10 8.00 0.03 1750.47 0.80 
Al0.25CoFeNi -6.06 10.69 3.71 8.54 0.08 1703.19 3.00 
Al0.5CoFeNi -9.47 11.24 4.78 8.14 0.10 1648.21 1.96 
Al0.75CoFeNi -11.95 11.47 5.41 7.80 0.11 1600.57 1.54 
CoCrFeNi -3.75 11.53 1.03 8.25 0.10 1858.00 5.71 
CoCrFeMo0.5Ni -4.35 13.15 3.52 8.00 0.14 1973.33 5.97 
CoCrFeNb0.103Ni -5.47 12.21 2.75 8.17 0.10 1880.19 4.20 
CoCrFeNb0.155Ni -6.28 12.42 3.25 8.13 0.10 1890.98 3.74 
CoCrFeNb0.206Ni -7.02 12.59 3.66 8.09 0.11 1901.30 3.41 
CoCrFeNb0.309Ni -8.42 12.84 4.30 8.02 0.11 1921.39 2.93 
CoCrFeNb0.412Ni -9.69 13.03 4.81 7.95 0.11 1940.55 2.61 
CoCrFeNiTi -16.32 13.38 6.13 7.40 0.14 1875.40 1.54 
Al0.25CoCrFeNi -6.75 12.71 3.25 7.94 0.11 1803.62 3.39 
Al0.375CoCrFeNi -7.99 12.97 3.80 7.80 0.11 1778.76 2.89 
Al0.5CoCrFeNi -9.09 13.15 4.22 7.67 0.11 1755.28 2.54 
Al0.75CoCrFeNi -11.40 12.80 4.92 7.20 0.12 1711.96 1.92 
Al0.875CoCrFeNi -11.66 13.37 5.06 7.31 0.12 1692.06 1.94 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlCoCrFeNi -12.32 13.38 5.25 7.20 0.12 1673.10 1.82 
Al1.25CoCrFeNi -13.42 13.34 5.55 7.00 0.12 1637.88 1.63 
Al1.5CoCrFeNi -14.28 13.25 5.76 6.82 0.12 1605.86 1.49 
Al2CoCrFeNi -15.44 12.98 6.04 6.50 0.13 1549.83 1.30 
Al2.5CoCrFeNi -16.09 12.63 6.19 6.23 0.13 1502.42 1.18 
Al3CoCrFeNi -16.41 12.26 6.26 6.00 0.13 1461.79 1.09 
AlC0.1CoCrFeNi -15.35 13.92 6.61 7.14 0.16 1715.29 1.56 
AlC0.2CoCrFeNi -18.14 14.22 7.68 7.08 0.19 1755.87 1.38 
AlC0.3CoCrFeNi -20.70 14.43 8.56 7.02 0.21 1794.91 1.25 
AlC0.4CoCrFeNi -23.07 14.59 9.32 6.96 0.23 1832.50 1.16 
AlC0.5CoCrFeNi -25.26 14.70 9.99 6.91 0.25 1868.73 1.09 
AlCCoCrFeNi -33.89 14.90 12.43 6.67 0.31 2031.75 0.89 
AlC1.5CoCrFeNi -39.67 14.78 14.00 6.46 0.34 2169.69 0.81 
Al0.5CoCrFeMo0.5Ni -8.68 14.53 4.83 7.50 0.15 1869.35 3.13 
AlCo0.5CrFeMo0.5Ni -11.72 14.53 5.54 6.90 0.17 1785.90 2.21 
AlCoCrFe0.5Mo0.5Ni -12.56 14.53 5.65 7.00 0.17 1781.90 2.06 
AlCoCrFe0.6Mo0.5Ni -12.32 14.61 5.61 7.02 0.17 1782.41 2.11 
AlCoCrFeMo0.1Ni -12.13 13.92 5.30 7.18 0.13 1697.08 1.95 
AlCoCrFeMo0.2Ni -11.95 14.22 5.35 7.15 0.14 1720.13 2.05 
AlCoCrFeMo0.3Ni -11.78 14.43 5.40 7.13 0.15 1742.32 2.14 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlCoCrFeMo0.4Ni -11.60 14.59 5.44 7.11 0.15 1763.69 2.22 
AlCoCrFeMo0.5Ni -11.44 14.70 5.47 7.09 0.16 1784.27 2.29 
AlCoCrFeMo0.5Ni1.5 -11.53 14.53 5.39 7.33 0.15 1779.42 2.24 
AlCoCrFeMo0.5Ni2 -11.46 14.23 5.29 7.54 0.15 1775.31 2.21 
AlCo1.5CrFeMo0.5Ni -11.08 14.53 5.39 7.25 0.15 1782.92 2.34 
AlCo2CrFeMo0.5Ni -10.70 14.23 5.29 7.38 0.15 1781.77 2.37 
AlCoCrFe1.5Mo0.5Ni -10.50 14.53 5.30 7.17 0.15 1786.25 2.47 
AlCoCrFe2Mo0.5Ni -9.70 14.23 5.15 7.23 0.15 1787.92 2.62 
Al1.5CoCrFeMo0.5Ni -13.19 14.53 5.82 6.75 0.16 1713.38 1.89 
Al2CoCrFeMo0.5Ni -14.30 14.23 6.01 6.46 0.16 1653.38 1.65 
AlCoCrFeNb0.1Ni -13.32 13.92 5.50 7.16 0.12 1694.06 1.77 
AlCoCrFeNb0.25Ni -14.66 14.34 5.83 7.10 0.12 1724.00 1.69 
AlCoCrFeNb0.5Ni -16.53 14.70 6.24 7.00 0.13 1770.27 1.57 
AlCoCrFeNb0.75Ni -18.03 14.85 6.55 6.91 0.13 1812.52 1.49 
AlCoCrFeNiSi0.2 -16.39 14.22 5.15 7.08 0.12 1673.48 1.45 
AlCoCrFeNiSi0.4 -19.84 14.59 5.07 6.96 0.12 1673.83 1.23 
AlCoCrFeNiSi0.6 -22.76 14.78 4.98 6.86 0.12 1674.16 1.09 
AlCoCrFeNiSi0.8 -25.23 14.87 4.90 6.76 0.12 1674.47 0.99 
AlCoCrFeNiSi -27.33 14.90 4.82 6.67 0.12 1674.75 0.91 
Al0.5CoCrFeNiTi -19.50 14.53 6.33 7.25 0.14 1784.46 1.33 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlCoCrFeNiTi1.5 -23.91 14.78 6.84 6.46 0.15 1735.85 1.07 
Al1.5CoCrFeNiTi -22.72 14.78 6.64 6.38 0.14 1658.04 1.08 
Al2CoCrFeNiTi -23.35 14.53 6.64 6.14 0.14 1606.29 1.00 
CoCrFeMnNi -4.16 13.38 0.92 8.00 0.14 1790.00 5.76 
CoCrFeMnNiV0.25 -5.30 14.34 1.73 7.86 0.14 1807.76 4.89 
CoCrFeMnNiV0.5 -6.21 14.70 2.18 7.73 0.14 1823.91 4.31 
CoCrFeMnNiV0.75 -6.96 14.85 2.48 7.61 0.14 1838.65 3.93 
CoCrFeMnNiV1.0 -7.56 14.90 2.70 7.50 0.14 1852.17 3.65 
Al0.10CoCrFeMnNi -5.24 13.92 2.05 7.90 0.14 1773.21 4.71 
Al0.20CoCrFeMnNi -6.24 14.22 2.70 7.81 0.14 1757.06 4.00 
Al0.38CoCrFeMnNi -7.85 14.56 3.49 7.65 0.14 1729.50 3.21 
Al0.43CoCrFeMnNi -8.25 14.62 3.66 7.60 0.14 1722.17 3.05 
Al0.49CoCrFeMnNi -8.72 14.69 3.85 7.55 0.14 1713.55 2.89 
Al0.56CoCrFeMnNi -9.23 14.75 4.05 7.50 0.14 1703.73 2.72 
Al0.62CoCrFeMnNi -9.65 14.79 4.20 7.45 0.14 1695.51 2.60 
Al0.68CoCrFeMnNi -10.05 14.82 4.34 7.40 0.14 1687.46 2.49 
Al0.75CoCrFeMnNi -10.50 14.85 4.49 7.35 0.14 1678.28 2.38 
Al0.81CoCrFeMnNi -10.86 14.87 4.60 7.30 0.14 1670.59 2.29 
Al0.88CoCrFeMnNi -11.25 14.89 4.73 7.25 0.14 1661.82 2.20 
Al0.95CoCrFeMnNi -11.63 14.90 4.85 7.20 0.14 1653.25 2.12 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

Al1.25CoCrFeMnNi -13.03 14.87 5.25 7.00 0.14 1618.70 1.85 
CoCrNi -4.89 9.13 1.12 8.33 0.11 1874.67 3.50 
CoMnNi -5.78 9.13 0.38 8.67 0.16 1670.67 2.64 
FeMnNi -4.44 9.13 0.65 8.33 0.15 1684.00 3.46 
CoCrMnNi -5.50 11.53 0.97 8.00 0.15 1785.50 3.74 
CoFeMnNi -4.00 11.53 0.66 8.50 0.14 1705.00 4.91 
Al0.5CrFe1.5MnNi0.5 -7.26 12.66 4.04 7.00 0.13 1708.83 2.98 
Al0.3CrFe1.5MnNi0.5 -5.51 12.32 3.32 7.19 0.13 1744.90 3.90 
AlCrFeNi -13.25 11.53 5.47 6.75 0.12 1649.38 1.43 
AlCrFeNiMo0.2 -12.65 12.57 5.53 6.71 0.15 1708.74 1.70 
AlCrFeNiMo0.5 -11.85 13.15 5.57 6.67 0.17 1787.89 1.98 
CoCrCu0.5FeNi 0.49 13.15 1.06 8.56 0.09 1802.29 47.98 
CoCrCuFeNi 3.20 13.38 1.07 8.80 0.09 1757.72 7.35 
CoCrCuFeNiTi0.5 -3.70 14.70 4.46 8.36 0.12 1774.75 7.04 
CoCrCuFeNiTi0.8 -6.75 14.87 5.27 8.14 0.13 1783.55 3.93 
CoCrCuFeNiTi -8.44 14.90 5.65 8.00 0.14 1788.93 3.16 
Al0.25CoCrCu0.5FeNiTi0.5 -9.09 15.43 5.14 7.86 0.13 1774.51 3.01 
Al0.25CoCrCu0.75FeNiTi0.5 -7.28 15.55 5.02 8.00 0.13 1755.51 3.75 
Al0.3CoCrCuFeNi 0.16 14.43 3.15 8.47 0.10 1711.07 157.65 
Al0.5CoCrCuFeNi -1.52 14.70 3.82 8.27 0.11 1682.79 16.26 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlCoCrCuFeNi -4.78 14.90 4.82 7.83 0.12 1620.35 5.05 
AlCoCrCuFeMnNi -5.63 16.18 4.57 7.71 0.14 1605.73 4.61 
AlCoCrCuFeNiTi -13.80 16.18 6.23 7.29 0.14 1666.73 1.95 
AlCoCrCuFeNiV -7.76 16.18 4.69 7.43 0.12 1697.87 3.54 
Al1.3CoCrCuFeNi -6.24 14.85 5.19 7.60 0.12 1587.64 3.78 
Al1.5CoCrCuFeNi -7.05 14.78 5.38 7.46 0.12 1567.52 3.29 
Al1.8CoCrCuFeNi -8.08 14.64 5.60 7.26 0.13 1539.54 2.79 
Al2CoCrCuFeNi -8.65 14.53 5.71 7.14 0.13 1522.23 2.56 
Al2.3CoCrCuFeNi -9.38 14.35 5.84 6.97 0.13 1498.03 2.29 
Al2.5CoCrCuFeNi -9.78 14.21 5.91 6.87 0.13 1482.98 2.16 
Al2.8CoCrCuFeNi -10.28 14.01 5.99 6.72 0.13 1461.85 1.99 
Al0.5CoCrCu0.5FeNiTi0.5 -10.84 15.74 5.47 7.64 0.13 1736.28 2.52 
Al0.5CoCrCuFeNiTi0.2 -4.15 15.45 4.52 8.12 0.12 1691.99 6.30 
Al0.5CoCrCuFeNiTi0.4 -6.42 15.76 5.04 7.98 0.13 1700.57 4.17 
Al0.5CoCrCuFeNiTi0.6 -8.40 15.92 5.45 7.85 0.13 1708.58 3.24 
Al0.5CoCrCuFeNiTi0.8 -10.11 16.00 5.76 7.73 0.14 1716.09 2.72 
Al0.5CoCrCuFeNiTi -11.60 16.01 6.02 7.62 0.14 1723.13 2.38 
Al0.5CoCrCuFeNiTi1.2 -12.89 15.97 6.22 7.51 0.14 1729.75 2.14 
Al0.5CoCrCuFeNiTi1.4 -14.02 15.91 6.39 7.41 0.15 1735.99 1.97 
Al0.5CoCrCuFeNiTi1.6 -15.00 15.82 6.53 7.31 0.15 1741.88 1.84 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

Al0.5CoCrCuFeNiTi1.8 -15.86 15.72 6.65 7.22 0.15 1747.45 1.73 
Al0.5CoCrCuFeNiTi2 -16.60 15.60 6.74 7.13 0.15 1752.71 1.65 
Al0.5CoCrCuFeNiV0.2 -2.50 15.45 3.87 8.16 0.11 1699.64 10.50 
Al0.5CoCrCuFeNiV0.4 -3.34 15.76 3.91 8.05 0.12 1715.35 8.09 
Al0.5CoCrCuFeNiV0.6 -4.07 15.92 3.94 7.95 0.12 1730.02 6.76 
Al0.5CoCrCuFeNiV0.8 -4.71 16.00 3.97 7.86 0.12 1743.77 5.93 
Al0.5CoCrCuFeNiV1.0 -5.25 16.01 3.98 7.77 0.12 1756.67 5.35 
Al0.5CoCrCuFeNiV1.2 -5.73 15.97 3.99 7.69 0.12 1768.80 4.93 
Al0.5CoCrCuFeNiV1.4 -6.14 15.91 4.00 7.61 0.12 1780.22 4.61 
Al0.5CoCrCuFeNiV1.6 -6.50 15.82 4.00 7.54 0.12 1791.01 4.36 
Al0.5CoCrCuFeNiV1.8 -6.81 15.72 3.99 7.47 0.12 1801.20 4.16 
Al0.5CoCrCuFeNiV2.0 -7.08 15.60 3.99 7.40 0.12 1810.85 3.99 
Al0.75CoCrCu0.25FeNiTi0.5 -14.39 15.55 5.83 7.27 0.13 1717.05 1.86 
AlCoCrCuNiTi -16.67 14.90 6.50 7.17 0.15 1643.18 1.47 
AlCoFeNi -13.75 11.53 5.81 7.50 0.12 1558.88 1.31 
AlCoFeNiTiVZr -31.43 16.18 8.87 6.14 0.19 1781.64 0.92 
CoCuFeNi 5.00 11.53 1.03 9.50 0.03 1664.65 3.84 
CoCuFeNiSn0.02 5.02 11.73 1.90 9.47 0.03 1658.88 3.88 
CoCuFeNiSn0.04 5.04 11.87 2.47 9.45 0.03 1653.17 3.90 
CoCuFeNiSn0.05 5.05 11.94 2.71 9.43 0.03 1650.33 3.90 

  

 



100 

Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

CoCuFeNiSn0.07 5.07 12.05 3.12 9.41 0.03 1644.71 3.91 
CoCuFeNiSn0.1 5.09 12.20 3.64 9.37 0.03 1636.37 3.92 
CoCuFeNiSn0.2 5.17 12.57 4.90 9.24 0.03 1609.43 3.91 
CoCuFeNiSn0.5 5.33 13.15 7.04 8.89 0.04 1535.81 3.79 
AlCoCuFeNi -5.28 13.38 5.25 8.20 0.11 1518.42 3.85 
AlCoCuFeNiSi -20.44 14.90 4.82 7.50 0.11 1545.85 1.13 
AlCoCuFeNiTi -16.89 14.90 6.58 7.50 0.15 1589.52 1.40 
AlCoCuFeNiZr -23.89 14.90 9.59 7.50 0.21 1620.02 1.01 
CoCuFeMnNi 1.76 13.38 0.92 9.00 0.13 1635.32 12.43 
CoCuFeMnNiSn0.03 1.77 13.60 1.98 8.97 0.13 1628.58 12.50 
CoCuFeMnNiSn0.05 1.78 13.71 2.43 8.95 0.13 1624.13 12.51 
CoCuFeMnNiSn0.08 1.79 13.84 2.97 8.92 0.14 1617.52 12.50 
CoCuFeMnNiSn0.10 1.80 13.92 3.28 8.90 0.14 1613.16 12.48 
CoCuFeMnNiSn0.20 1.83 14.22 4.44 8.81 0.14 1591.85 12.34 
CrCuFeMnNi 2.72 13.38 0.92 8.40 0.14 1707.72 8.40 
CrCuFeMoNi 4.64 13.38 4.10 8.20 0.16 1983.32 5.72 
AlCrCuFeNi0.6 -2.68 13.24 5.03 7.39 0.12 1579.07 7.79 
AlCrCuFeNi0.8 -3.40 13.35 5.01 7.50 0.12 1585.19 6.22 
AlCrCuFeNi -4.00 13.38 4.99 7.60 0.12 1590.82 5.32 
AlCrCuFeNi1.2 -4.50 13.36 4.96 7.69 0.12 1596.02 4.74 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlCrCuFeNi1.4 -4.91 13.30 4.93 7.78 0.12 1600.83 4.33 
AlCrCuFeNi2 -5.78 12.98 4.82 8.00 0.12 1613.35 3.62 
AlCrCuFeNiTi -13.67 14.90 6.29 7.00 0.14 1649.85 1.80 
Al0.2CrCuFeNi2 0.12 12.01 2.69 8.77 0.10 1717.94 174.27 
Al0.4CrCuFeNi2 -1.70 12.45 3.51 8.56 0.11 1688.89 12.36 
Al0.6CrCuFeNi2 -3.27 12.72 4.08 8.36 0.12 1661.91 6.47 
Al0.8CrCuFeNi2 -4.61 12.88 4.50 8.17 0.12 1636.79 4.57 
Al1.2CrCuFeNi2 -6.78 13.02 5.08 7.84 0.13 1591.42 3.05 
Al1.125CuFe0.75NiTi1.125 -19.96 13.30 6.68 6.98 0.16 1535.38 1.02 
Al22.5Cu20Fe15Ni20Ti22.5 -19.96 13.30 6.68 6.98 0.16 1535.38 1.02 
AlCuFeNiTi -17.60 13.38 6.61 7.20 0.15 1553.82 1.18 
AlCuNiTi -23.25 11.53 6.73 7.00 0.17 1490.28 0.74 
AlCr0.5NbTiV -15.41 13.15 4.55 4.44 0.04 1966.33 1.68 
AlCrNbTiV -14.56 13.38 5.19 4.60 0.04 1982.70 1.82 
Al0.4Hf0.6NbTaTiZr -6.33 14.50 4.11 4.32 0.12 2396.76 5.49 
Al0.3HfNbTaTiZr -3.99 14.43 4.13 4.32 0.12 2432.46 8.80 
Al0.5HfNbTaTiZr -7.67 14.70 4.18 4.27 0.12 2377.95 4.56 
Al0.75HfNbTaTiZr -11.86 14.85 4.30 4.57 0.26 2383.33 2.99 
AlHfNbTaTiZr -14.78 14.90 4.27 4.17 0.12 2257.58 2.28 
AlMo0.5NbTa0.5TiZr -16.84 14.53 4.34 4.30 0.22 2168.60 1.87 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

Al0.25MoNbTiV -6.26 12.71 3.31 4.88 0.24 2348.09 4.77 
Al0.5MoNbTiV -8.99 13.15 3.22 4.78 0.24 2269.50 3.32 
Al0.75MoNbTiV -11.12 13.33 3.14 4.68 0.23 2199.18 2.64 
AlMoNbTiV -11.56 14.90 3.05 4.67 0.22 2328.75 3.00 
Al0.25NbTaTiV -4.82 12.71 3.42 4.65 0.05 2441.50 6.44 
Al0.5NbTaTiV -8.40 13.15 3.33 4.56 0.05 2357.72 3.69 
AlNbTaTiV -13.44 13.38 3.16 4.40 0.05 2215.30 2.21 
Al0.3NbTa0.8Ti1.4V0.2Zr1.3 -4.86 13.46 4.50 4.34 0.11 2315.69 6.41 
Al0.5NbTa0.8Ti1.5V0.2Zr -8.62 13.78 4.23 4.30 0.10 2264.25 3.62 
Al0.3NbTaTi1.4Zr1.3 -4.41 12.63 4.06 4.34 0.10 2360.89 6.76 
AlNb1.5Ta0.5Ti1.5Zr0.5 -15.12 12.51 3.07 4.20 0.08 2134.90 1.77 
AlNbTiV -16.25 11.53 3.30 4.25 0.03 1945.88 1.38 
CrMo0.5NbTa0.5TiZr -4.92 14.53 7.13 4.90 0.22 2407.90 7.11 
CrNbTiVZr -4.64 13.38 7.67 4.80 0.12 2221.60 6.41 
CrNbTiZr -5.00 11.53 7.84 4.75 0.12 2236.25 5.15 
FeMoNiTiVZr -19.78 14.90 8.56 6.17 0.27 2111.00 1.59 
Hf0.5Mo0.5NbTiZr 0.10 14.43 4.57 4.56 0.24 2480.33 362.28 
Hf0.5Mo0.5NbSi0.1TiZr -6.47 13.60 5.09 4.49 0.26 2361.78 4.96 
Hf0.5Mo0.5NbSi0.3TiZr -17.22 14.17 5.61 4.47 0.27 2330.21 1.92 
Hf0.5Mo0.5NbSi0.5TiZr -26.07 14.43 6.01 4.44 0.27 2301.44 1.27 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

Hf0.5Mo0.5NbSi0.7TiZr -33.39 14.53 6.32 4.43 0.27 2275.13 0.99 
Hf0.5Mo0.5NbSi0.9TiZr -39.45 14.55 6.57 4.41 0.27 2250.96 0.83 
Hf0.5Mo0.5NbTiZrC0.1 -10.64 13.60 7.70 4.49 0.30 2414.02 3.09 
Hf0.5Mo0.5NbTiZrC0.3 -28.58 14.17 11.22 4.47 0.36 2479.65 1.23 
HfMo0.25NbTaTiZr 1.56 14.34 4.26 4.48 0.19 2540.19 23.34 
HfMo0.5NbTaTiZr 0.60 14.70 4.45 4.55 0.23 2556.36 63.14 
HfMo0.75NbTaTiZr -0.21 14.85 4.59 4.61 0.26 2571.13 180.40 
HfMoNbTaTiZr -0.89 14.90 4.70 4.67 0.28 2584.67 43.32 
HfMoTaTiZr -1.92 13.38 5.06 4.60 0.31 2553.20 17.79 
HfMoNbZrTi -1.60 13.38 5.06 4.60 0.31 2443.00 20.43 
HfNbTaZr 3.50 11.53 3.95 4.50 0.12 2666.75 8.78 
Hf0.5Nb0.5Ta0.5Ti1.5Zr 1.88 12.42 4.17 4.25 0.11 2328.75 15.43 
HfNbTaTiZr 2.72 13.38 4.01 4.40 0.12 2522.40 12.41 
MoNbTaV -3.25 11.53 3.56 5.25 0.26 2773.50 9.84 
MoNbTaVW -4.64 13.38 3.21 5.40 0.34 2957.80 8.53 
MoNbTaW -6.50 11.53 2.27 5.50 0.36 3156.50 5.60 
MoNbTiV -2.75 11.53 3.41 5.00 0.25 2436.50 10.21 
Mo0.3NbTiVZr -1.25 12.83 5.96 4.60 0.20 2289.95 23.41 
Mo0.5NbTiVZr -1.78 13.15 5.91 4.67 0.23 2316.89 17.13 
Mo0.7NbTiVZr -2.21 13.31 5.85 4.72 0.25 2341.53 14.11 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

MoNbTiVZr -2.72 13.38 5.77 4.80 0.27 2374.80 11.68 
Mo1.3NbTiVZr -3.10 13.33 5.69 4.87 0.29 2404.30 10.32 
Mo1.5NbTiVZr -3.31 13.25 5.63 4.91 0.30 2422.18 9.71 
Mo1.7NbTiVZr -3.47 13.15 5.58 4.95 0.31 2438.81 9.24 
Mo2NbTiVZr -3.67 12.98 5.50 5.00 0.31 2461.67 8.71 
MoNbTiV0.25Zr -2.60 12.71 5.24 4.76 0.30 2412.18 11.78 
MoNbTiV0.50Zr -2.67 13.15 5.48 4.78 0.29 2398.33 11.82 
MoNbTiV0.75Zr -2.70 13.33 5.65 4.79 0.28 2385.95 11.77 
MoNbTiV1.0Zr -2.72 13.38 5.77 4.80 0.27 2374.80 11.68 
MoNbTiV1.5Zr -2.71 13.25 5.93 4.82 0.26 2355.55 11.52 
MoNbTiV2.0Zr -2.67 12.98 6.00 4.83 0.25 2339.50 11.38 
MoNbTiV3.0Zr -2.53 12.26 6.01 4.86 0.23 2314.29 11.22 
MoNbTiZr -2.50 11.53 4.92 4.75 0.31 2427.75 11.19 
NbTaTiV -0.25 11.53 3.53 4.75 0.05 2535.75 116.90 
NbTaVW -4.50 11.53 3.49 5.25 0.34 2973.25 7.62 
NbTiV0.3Zr 1.43 10.84 5.10 4.39 0.12 2261.79 17.11 
NbTiV0.3Mo0.1Zr 0.80 11.62 5.15 4.44 0.16 2280.44 33.30 
NbTiV0.3Mo0.3Zr -0.28 12.32 5.22 4.53 0.21 2314.64 102.64 
NbTiV0.3Mo0.5Zr -1.14 12.65 5.26 4.61 0.25 2345.24 26.12 
NbTiV0.3Mo0.7Zr -1.83 12.80 5.29 4.68 0.27 2372.78 16.64 
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 Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

NbTiV0.3MoZr -2.62 12.83 5.30 4.77 0.30 2409.28 11.80 
NbTiV0.3Mo1.3Zr -3.19 12.72 5.28 4.85 0.31 2441.02 9.72 
NbTiV0.3Mo1.5Zr -3.49 12.61 5.26 4.90 0.32 2459.98 8.89 
NbTiVZr -0.25 11.53 6.03 4.50 0.12 2244.50 103.48 
NbTiV2Zr -1.28 11.08 6.41 4.60 0.11 2228.20 19.28 
CoFeNiV -10.50 11.53 3.22 8.00 0.11 1866.25 2.05 
CoFeMo0.2NiV -10.16 12.57 3.71 7.90 0.13 1915.29 2.37 
CoFeMo0.4NiV -9.83 13.01 4.05 7.82 0.14 1959.86 2.59 
CoFeMo0.6NiV -9.53 13.24 4.31 7.74 0.16 2000.57 2.78 
CoFeMo0.8NiV -9.24 13.35 4.50 7.67 0.16 2037.88 2.95 
CoFeMoNiV -8.96 13.38 4.64 7.60 0.17 2072.20 3.09 
CoFeMoNi1.2V -8.70 13.36 4.75 7.54 0.17 2103.88 3.23 
CoFeMoNi1.4V -8.45 13.30 4.84 7.48 0.18 2133.22 3.36 
CoFeMoNi1.6V -8.21 13.21 4.90 7.43 0.18 2160.46 3.47 
CoFeMoNi1.8V -7.99 13.10 4.95 7.38 0.18 2185.83 3.58 
CoFeMoNi2V -7.78 12.98 4.99 7.33 0.19 2209.50 3.69 
CoCrCuFeMnNiTiV -8.00 17.29 5.19 7.50 0.15 1801.83 3.89 
Al11.1(CoCrCuFeMnNiTiV)88.9 -12.05 18.27 5.75 7.00 0.15 1705.34 2.59 
Al20(CoCrCuFeMnNiTiV)80 -14.88 17.99 6.01 6.60 0.14 1628.16 1.97 
Al40(CoCrCuFeMnNiTiV)60 -17.97 15.97 6.09 5.70 0.13 1454.50 1.29 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

AlFeNiTiVZr -31.33 14.90 8.60 5.67 0.19 1783.92 0.85 
(CuMnNi)75Zn25 -3.50 11.53 4.32 10.00 0.16 1323.33 4.36 
(CuMnNi)80Zn20 -2.98 11.47 4.02 9.87 0.16 1365.54 5.25 
(CuMnNi)90Al10 -5.16 9.35 3.40 9.19 0.15 1568.21 2.84 
(CuMnNi)90Sn10 -1.69 9.35 5.61 9.25 0.14 1541.43 8.54 
(CuMnNi)95Al5 -2.66 10.33 3.01 9.02 0.17 1503.56 5.84 
(CuMnNi)95Sn5 -0.25 10.33 4.98 9.07 0.17 1482.16 60.48 
AlCoCrFeNi -12.32 13.38 5.25 7.20 0.12 1673.10 1.82 
Al0.8CoCrFeNiTi0.2 -13.89 14.21 5.44 7.24 0.13 1713.56 1.75 
Al0.5CoCrFeNiTi0.5 -17.10 14.69 5.99 7.06 0.13 1726.66 1.48 
CrMnFeV -2.25 11.53 2.74 6.50 0.10 1904.75 9.76 
CrMn0.3FeVCu0.06 -2.77 11.39 2.74 6.48 0.10 1975.53 8.11 
CrMn0.5FeVCu0.1 -1.94 11.98 2.73 6.56 0.10 1943.24 11.97 
CrMn0.7FeVCu0.14 -1.28 12.32 2.72 6.63 0.11 1914.98 18.48 
CrMnFeVCu0.2 -0.50 12.57 2.68 6.71 0.11 1878.65 47.33 
AlCrFe2Mo0.2Nb0.2Ni2 -12.52 12.67 5.43 7.38 0.13 1759.23 1.78 
AlCrFe2Mo0.5Nb0.5Ni2 -14.00 13.71 5.94 7.21 0.15 1850.07 1.81 
Al25Co14Cr5Fe14Mn8Ni25Ti9 -21.87 15.07 6.53 6.85 0.15 1568.51 1.08 
CoFeMnNiV -8.96 13.38 2.96 7.80 0.14 1796.60 2.68 
(FeCoNi)0.75Cr0.25 -3.75 11.53 1.03 8.25 0.10 1858.00 5.71 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

(FeCoNi)0.75Cr0.05Cu0.2 3.73 12.57 1.03 9.25 0.06 1703.32 5.74 
AlCoCr0.5Fe2.5Ni2.5 -14.68 8.48 6.52 6.44 0.14 1368.59 0.79 
Al0.25CoCrFeNi -6.75 12.71 3.25 7.94 0.11 1803.62 3.39 
Ti2ZrNbHfVAl1.2 -16.31 14.56 5.36 4.11 0.13 2020.44 1.80 
Nb25Ti35V5Zr35 1.63 10.24 4.87 4.30 0.12 2219.20 13.94 
 (Ti28Zr40Al20Nb12)97Si3 -27.51 11.60 5.28 3.92 0.14 1904.68 0.80 
 (Ti28Zr40Al20Nb12)95Si5 -31.29 11.91 5.52 3.92 0.15 1900.11 0.72 
 (Ti28Zr40Al20Nb12)90Si10 -39.94 12.42 6.05 3.93 0.17 1888.69 0.59 
Ti2NbVAl0.3Zr0.25 -6.28 11.36 4.13 4.37 0.07 2111.44 3.82 
Ti2NbVAl0.3Zr0.5 -6.22 11.87 4.66 4.35 0.08 2112.30 4.03 
Ti2NbVAl0.3Zr0.75 -6.13 12.13 5.03 4.34 0.10 2113.08 4.18 
Ti2NbVAl0.3Zr -6.04 12.26 5.29 4.32 0.10 2113.78 4.29 
Ti1(NbMoTa)2W0.5  -4.43 13.17 2.03 5.05 0.34 2785.26 8.29 
FeMn40Co10Cr10C0.5Ti2 -4.92 9.03 3.73 7.06 0.15 1689.93 3.10 
Co68Al18.2Fe6.5V4.75Cr2.55 -13.03 8.22 5.40 7.58 0.11 1646.71 1.04 
Ti1·6ZrNbMo0.35 0.19 10.61 4.36 4.43 0.21 2277.37 124.03 
Cr14Mn20Fe20Co20Ni26 -4.40 13.23 0.88 8.24 0.14 1765.76 5.31 
Cr24Mn20Fe20Co20Ni16 -3.89 13.31 0.94 7.84 0.14 1806.16 6.18 
Cr26Mn20Fe20Co20Ni14 -3.72 13.23 0.95 7.76 0.14 1814.24 6.45 
Al21Co19.5Fe9.5Ni50 -13.68 10.12 5.63 8.15 0.12 1575.56 1.16 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

(Ti32.5V27.5Zr7.5Nb32.5)97Ni3  -3.62 11.44 5.16 4.76 0.10 2261.15 7.15 
(Ti32.5V27.5Zr7.5Nb32.5)94Ni6  -6.86 11.89 5.59 4.92 0.11 2244.60 3.89 
(Ti32.5V27.5Zr7.5Nb32.5)91Ni9  -9.88 12.20 5.96 5.09 0.12 2228.05 2.75 
Al0.2CoCrFeNi -6.21 12.57 2.98 8.00 0.10 1813.98 3.67 
Al0.2CoCrFeNiSc0.3 -10.54 13.77 7.66 7.67 0.15 1813.98 2.37 
CoCrFeMnNiMo5C0.5 -13.33 13.45 8.44 6.86 0.25 2413.57 2.44 
Al0.25FeCoNiV -13.07 12.71 4.14 7.71 0.12 1811.38 1.76 
Co30Cr10Fe10Al18Ni30Mo2 -12.46 13.05 5.36 7.76 0.13 1667.95 1.75 
CoCr1.3FeNi0.7MnNb0.3 -6.52 14.29 3.85 7.60 0.14 1866.75 4.09 
CoCr1.3FeNi0.7MnNb0.45 -7.68 14.51 4.52 7.53 0.14 1890.84 3.57 
Al14Co41Cr15Fe10Ni20 -10.49 12.28 4.75 7.81 0.11 1701.07 1.99 
Cr15Cu5Fe20Mn25Ni35 -3.29 12.22 0.90 8.30 0.15 1732.53 6.44 
Al0.65CoCrFe2Ni -8.33 12.77 4.22 7.60 0.11 1742.79 2.67 
Al40Co15Cr15Fe15Ni15 -16.23 12.51 6.22 6.15 0.13 1488.20 1.15 
AlFeCoNiMo0.2 -13.33 12.57 5.88 7.43 0.14 1622.55 1.53 
Ti1.6ZrNbAl0.3 -6.79 10.48 4.13 4.18 0.11 2118.47 3.27 
Ti1.6ZrNbAl0.4 -9.20 10.72 4.14 4.15 0.11 2088.85 2.43 
Ti1.6ZrNbAl0.5 -11.37 10.91 4.15 4.12 0.11 2060.67 1.98 
Ti1.6ZrNbAl0.6 -13.33 11.05 4.15 4.10 0.11 2033.83 1.69 
AlNbTiVCr -14.56 13.38 5.19 4.60 0.04 1982.70 1.82 
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Table A4. Extracted features of each alloy (continued).  
Alloys ∆ܪ௠௜௫ 

(kJ/mol) 
∆ܵ௠௜௫ 

J/(mol.K) 
 χ ௠ܶ∆ ܥܧܸ ߜ

(K) 
  ߗ

(AlNbTiVCr)99.5Ni0.5 -14.86 13.58 5.23 4.63 0.04 1981.42 1.81 
(AlNbTiVCr)99Ni1 -15.16 13.71 5.27 4.65 0.05 1980.13 1.79 
(AlNbTiVCr)98.5Ni1.5 -15.45 13.83 5.31 4.68 0.05 1978.85 1.77 
(AlNbTiVCr)98Ni2 -15.74 13.93 5.35 4.71 0.06 1977.57 1.75 
CrFeNbTiMo -9.28 13.38 6.24 5.80 0.22 2304.20 3.32 
Fe3.5Ni3.5Cr2MnAl0.7 -7.43 12.01 3.34 7.86 0.13 1757.05 2.84 
(AlCoCrFeNi)99.5Zr0.5 -12.88 13.58 5.48 7.18 0.12 1675.37 1.77 
(AlCoCrFeNi)99Zr1 -13.43 13.71 5.71 7.17 0.13 1677.65 1.71 
(AlCoCrFeNi)98Zr2 -14.51 13.93 6.12 7.14 0.13 1682.20 1.61 
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Table B1. Hyperparameter selection and their ranges for each model. 

Model Hyperparameter Range of Hyperparameter 

SVM 
C   [1,10, 50, 100] 

kernel rbf, poly, sigmoid 
gamma [1, 10, 100] 

KNN 

N_neighbors range (1, 50) 
weights uniform, distance 

P manhattan, Euclidean 
Algorithm auto, ball_tree, kd_tree, brute 

RF 

n_estimators [50, 100, 200] 
max_depth [None, 5, 10, 20] 

min_samples_split [2, 5, 10] 
min_samples_leaf [1, 2, 4] 

NN 

hidden_layer_sizes [50, 100, 200] 
activation logistic, tanh, relu 

solver lbfgs, sgd, adam 
alpha [0.0001, 0.001, 0.01] 
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Table B2. Optimal hyperparameter for each phase prediction in HEAs 

Model Phase Optimal hyperparameter 

SVM 

BCC C': 10, 'gamma': 1, 'kernel': 'rbf' 

FCC C': 10, 'gamma': 1, 'kernel': 'poly' 

IM C': 10, 'gamma': 1, 'kernel': 'rbf' 

KNN 

BCC algorithm': 'auto', 'n_neighbors': 1, 'p': 1, 'weights': 'uniform' 

FCC algorithm': 'auto', 'n_neighbors': 4, 'p': 1, 'weights': 'distance' 

IM algorithm': 'auto', 'n_neighbors': 1, 'p': 2, 'weights': 'uniform' 

RF 

BCC 
max_depth': 10, 'min_samples_leaf': 1, 'min_samples_split': 2, 
'n_estimators': 50 

FCC 
max_depth': 10, 'min_samples_leaf': 4, 'min_samples_split': 2, 
'n_estimators': 50 

IM 
max_depth': 10, 'min_samples_leaf': 1, 'min_samples_split': 2, 
'n_estimators': 50 

NN 

BCC 
activation': 'logistic', 'alpha': 0.0001, 'hidden_layer_sizes': 
(100,), 'solver': 'lbfgs' 

FCC 
activation': 'tanh', 'alpha': 0.001, 'hidden_layer_sizes': (300,), 
'solver': 'lbfgs' 

IM 
activation': 'tanh', 'alpha': 0.01, 'hidden_layer_sizes': (300,), 
'solver': 'lbfgs' 
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Table B3. Phase prediction results for the test dataset using different ML model. The 
table compares the experimentally observed phase with the predicted 
phase from each ML model. 

Alloys 
Experimental 

phase 
Predicted phase 

SVM KNN RF NN 

(CuMnNi)95Sn5  FCC+IM BCC+FCC FCC+IM FCC FCC 

 MoNbTaW BCC BCC BCC BCC BCC+IM 

 CoCrFeNi FCC FCC FCC FCC FCC 

(Ti32.5V27.5Zr7.5Nb32.5)97Ni3 BCC+IM BCC+IM BCC+IM BCC BCC+IM 

Al0.5CoCrCuFeNiV1.4  BCC BCC BCC BCC+FCC BCC 

AlNb1.5Ta0.5Ti1.5Zr0.5 BCC BCC BCC BCC BCC 

(Ti28Zr40Al20Nb12)97Si3  BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

CoCrFeMnNiV0.5  FCC FCC FCC FCC FCC 

CoCuFeNiSn0.2 FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

CrNbTiZr BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

Al0.5CoCrCuFeNiTi0.6 BCC+FCC FCC BCC+FCC FCC BCC+FCC 

CoCrCuFeMnNiTiV BCC+FCC+IM BCC+FCC BCC+FCC BCC+FCC+IM BCC+FCC+IM 

CoFeMoNi1.6V FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

Al1.8CoCrCuFeNi BCC+FCC BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

AlC0.5CoCrFeNi BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

CoCuFeNiSn0.1 FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

Al0.10CoCrFeMnNi FCC FCC FCC FCC FCC 

Al0.25NbTaTiV BCC BCC BCC BCC BCC 

CoCuFeMnNiSn0.20 FCC+IM FCC FCC+IM FCC+IM FCC+IM 

Al0.5CoCrCuFeNiV2.0 BCC BCC BCC BCC+FCC BCC 
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Table B3. Phase prediction results for the test dataset using different ML model. The 
table compares the experimentally observed phase with the predicted 
phase from each ML model (continued). 

Alloys 
Experimental 

phase 
Predicted phase 

SVM KNN RF NN 

CoCrMnNi FCC FCC FCC FCC FCC 

Al22.5Cu20Fe15Ni20Ti22.5 FCC FCC FCC FCC FCC 

Hf0.5Mo0.5NbSi0.3TiZr BCC+IM BCC BCC BCC+IM BCC+IM 

CrCuFeMoNi FCC BCC+FCC+IM FCC+IM FCC FCC+IM 

Al0.65CoCrFe2Ni BCC+FCC BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

CoFeNiSi0.75 FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

CrFeNbTiMo BCC+IM BCC+IM BCC BCC+IM BCC+IM 

HfMoNbZrTi BCC BCC BCC BCC BCC 

AlCrCuFeNi0.8 BCC+FCC BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

MoNbTiV BCC BCC BCC BCC BCC 

HfNbTaTiZr BCC BCC BCC BCC BCC 

CoCrFeMnNiV1.0 FCC+IM FCC FCC FCC BCC+FCC 

Al14Co41Cr15Fe10Ni20 FCC+IM BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

CoCrFeNb0.412Ni FCC+IM FCC+IM FCC+IM FCC FCC+IM 

AlMoNbTiV BCC BCC BCC BCC BCC 

Al0.81CoCrFeMnNi BCC+FCC BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

AlC0.4CoCrFeNi BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

AlCoCrFeNiSi0.4 BCC BCC BCC BCC BCC 

CoCrFeMnNiV0.75 FCC+IM FCC FCC FCC FCC 

Al0.5CoCrFeNiTi0.5 BCC+FCC BCC BCC+IM BCC+IM BCC+IM 
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Table B3. Phase prediction results for the test dataset using different ML model. The 
table compares the experimentally observed phase with the predicted 
phase from each ML model (continued). 

Alloys 
Experimental 

phase 
Predicted phase 

SVM KNN RF NN 

AlCrCuFeNi0.6  BCC+FCC BCC+FCC BCC+FCC BCC+FCC BCC+FCC 

(AlCoCrFeNi)99Zr1 BCC+IM BCC BCC+IM BCC BCC+IM 

Mo1.3NbTiVZr BCC BCC BCC BCC BCC 

CoCrCu0.5FeNi FCC BCC+FCC FCC FCC FCC 

AlCrCuFeNi2 BCC+FCC BCC+FCC BCC+FCC FCC BCC+FCC 

AlCoCrFe0.5Mo0.5Ni BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

Ti1.6ZrNbAl0.4 BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

MoNbTiV0.50Zr BCC BCC BCC BCC BCC 

CoCrFeNb0.155Ni FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

Al0.5HfNbTaTiZr BCC BCC BCC BCC BCC 

Ti1.6ZrNbAl0.6 BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

NbTiV2Zr BCC BCC BCC BCC BCC 

Cr15Cu5Fe20Mn25Ni35 FCC FCC FCC FCC FCC 

Al3CoCrFeNi BCC BCC+IM BCC+IM BCC+IM BCC+IM 

CoFeMoNiV FCC+IM FCC+IM FCC+IM FCC+IM FCC+IM 

Cr26Mn20Fe20Co20Ni14 FCC FCC FCC FCC FCC 

Al0.5CoCrCuFeNiV1.0 BCC+FCC+IM BCC+FCC+IM BCC+FCC+IM BCC+FCC+IM BCC+FCC+IM 

MoNbTiV1.0Zr BCC BCC BCC BCC BCC 

Al40(CoCrCuFeMnNiTiV)60 BCC+IM BCC BCC+FCC+IM BCC BCC 

Al0.5CoCrCuFeNiV1.2 BCC BCC+FCC BCC BCC+FCC+IM BCC+IM 
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STable B3. Phase prediction results for the test dataset using different ML model. The 
table compares the experimentally observed phase with the predicted 
phase from each ML model (continued). 

Alloys 
Experimental 

phase 
Predicted phase 

SVM KNN RF NN 

Al0.5CoCrCuFeNi FCC FCC FCC FCC FCC 

NbTiV0.3Mo0.3Zr BCC BCC BCC BCC BCC 

CoCrFeNb0.309Ni FCC+IM FCC+IM FCC+IM FCC FCC+IM 

Ti1.6ZrNbAl0.5 BCC+IM BCC+IM BCC+IM BCC+IM BCC+IM 

MoNbTaVW BCC BCC BCC BCC BCC 

MoNbTiVZr BCC BCC BCC BCC BCC 
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