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Abstract 

 

The research community is actively exploring multi-principal element alloys (MPEAs) owing 

to their exceptional mechanical properties and vast compositional design space. The 

compositional design space becomes astronomically large, reaching approximately 10100 

unique combinations when considering the 60 most commonly used elements with 

compositional resolutions as fine as 0.1%. Exploring this vast, complex design space for 

targeted composition is a resource-intensive exercise. Moreover, systematic discovery 

remains constrained by the scarcity of high-quality experimental data, the widespread practice 

of augmenting experimental datasets with synthetic data, the limited generalizability of 

existing ML models, and the continued heavy reliance on scarce raw materials in high-

performance MPEA development. To address these challenges, this thesis adopts a 

computational approach based on the current canon of machine learning (ML) theory, robust 

optimization algorithms, as well as theoretical physical strategies to accelerate the design and 

development of novel MPEAs with reduced reliance on critical raw materials (CRMs) and 

critical and strategic raw materials (C&SRMs). 

 The research begins with the development of a robust ML framework for phase 

prediction in MPEAs, trained exclusively on high-quality experimental data restricted to 

alloys synthesized via a single route (melting and casting) to ensure consistency. Synthetic 

data augmentation, a common practice in the literature, was consciously avoided, and the 

framework was benchmarked against models trained on mixed datasets (experimental + 

synthetic). Comparative analysis demonstrated that while synthetic data augmentation may 

improve model accuracy, it compromises predictive reliability, particularly in imbalanced 

datasets. In contrast, models trained solely on experimental data exhibited superior robustness 

and generalizability, underscoring the limitations of synthetic data augmentation and 

providing dependable guidance for alloy design prior to time-intensive experimentation. 

 In the second phase of this research, mechanical property prediction was undertaken 

using a curated literature-derived dataset within the open-source toolkit MAST-ML. Designed 

for materials researchers with limited coding experience, MAST-ML allows predictive 

models to be built without writing code from scratch. In this work, it was applied to predict 

yield strength in MPEAs, marking its first systematic use for such complex alloy systems. Its 

predictions were benchmarked against reported literature values, and its robustness, 
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reproducibility, and limitations were critically assessed. Based on these insights, and 

recognizing the limitations of MAST-ML, a novel ML framework was developed from 

scratch for multi-objective optimization to simultaneously optimize yield strength (YS), 

ultimate tensile strength (UTS), and elongation (𝓔). By integrating ML regression algorithms 

with nature-inspired metaheuristic optimization methods, this framework enabled efficient 

exploration of the vast compositional space and provided, to the best of our knowledge, the 

first reliable ML approach for addressing the long-standing strength–ductility trade-off in 

MPEAs. 

 In pursuit of sustainability, this thesis advances a dual strategy to minimize reliance 

on critical raw materials (CRMs) and critical and strategic raw materials (C&SRMs) in MPEA 

design. The first approach established a hybrid ML–metaheuristic optimization framework 

that applied ML-guided chemical tuning to design high-performance CRM-free or CRM-lean 

MPEAs. A large computational database of Vickers hardness values for unary and binary 

compositions was generated using CALPHAD-based Thermo-Calc 2024a simulations. The 

framework successfully identified novel compositions with reduced dependence on costly 

elements such as Co, Nb, Ta, and W while maintaining mechanical performance, and its 

reliability was confirmed through experimental synthesis of a newly suggested reduced-CRM 

composition. This exercise led to a robust benchmarking of novel CRM-lean alloys with 

mechanical properties comparable to or better than those of CRM-rich alloys currently used 

in industries.  

 The second approach proposed strain engineering as a sustainable, non-ML-based 

physical design alternative to compositional tuning for minimizing or eliminating critical and 

strategic raw materials (C&SRMs). It has been shown that the change in microstructure vis-

à-vis change in strain rate or cooling rate (depending on the mode of the manufacturing 

process) can be exploited as mechanical tools to tailor microstructural evolution and thereby 

tune the mechanical properties of metallic materials. A theoretical analysis of literature 

evidence demonstrated that strain-induced microstructural modifications, including 

dislocation density enhancement, ultrafine grain refinement, and the activation of twinning 

induced plasticity (TWIP) and transformation induced plasticity (TRIP) mechanisms, can 

substantially enhance mechanical performance while simultaneously reducing reliance on 

C&SRMs. The propagation and interaction of dislocations during plastic deformation were 

shown to contribute to alloy hardening through strain accumulation, while the associated 
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increase in stored energy drives recrystallisation and grain refinement during subsequent 

processing. This interplay provides a powerful framework for designing alloys with superior 

mechanical properties while simultaneously addressing sustainability concerns. Collectively, 

these findings position strain engineering as a viable pathway for the development of cost-

effective, resource-efficient, and sustainable alloys aligned with global Net Zero objectives. 

In conclusion, this thesis establishes a comprehensive foundation for the design and 

development of MPEAs by integrating high-quality experimental data, CALPHAD-generated 

data, advanced ML frameworks, metaheuristic optimization strategies, and physical strain-

engineering approaches. The frameworks developed herein are expected to play a critical role 

in advancing the design of MPEAs aligned with global Net Zero priorities. Furthermore, the 

theories and discussions presented in this work provide important directions for achieving 

sustainable and resource-efficient alloys while addressing cost and supply risk challenges.  
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Chapter 1     

Introduction 

 

1.1. Background and Motivation 

Multi-principal element alloys (MPEAs), popularly known as high entropy alloys (HEAs) or 

complex concentrated alloys (CCAs), were first reported by Yeh and Cantor in 2004 [1, 2]. 

Since then, these alloys have received critical attention due to their exceptional mechanical 

and functional properties, such as high-temperature strength, exceptional ductility, cryogenic 

fracture toughness, bio-compatibility, high electrical conductivity, and excellent catalytic 

and magnetic behavior, surpassing those of conventional alloys.  

 Initially, HEAs were defined as alloys containing at least five principal elements in 

equiatomic proportions [2]. The high mixing entropy in such systems was thought to stabilize 

single-phase solid solutions (SS), typically forming FCC, BCC, or HCP crystal structures, 

by suppressing the formation of intermetallic compounds [3-5]. Over time, the definition of 

HEAs has broadened to include multi-principal element alloys where each constituent is 

present in 5–35 at%, regardless of strict equiatomic ratios [5, 6]. Recent research has shown 

that entropy-stabilized single-phase HEAs do not always exhibit superior properties [7, 8]. 

Moreover, focusing solely on single-phase formation can significantly limit the exploration 

of the rich compositional landscape that MPEAs offer. Consequently, the definition of HEAs 

has evolved. Modern interpretations now include both single-phase and multi-phase alloys, 

with equiatomic and non-equiatomic compositions. This broader definition significantly 

expands accessible design space. Considering the 60 most commonly used elements in 

practical alloy design and allowing compositional variations as fine as 0.1%, the number of 

possible MPEA combinations is estimated to exceed 10177 [9]. This staggering figure 

highlights the immense and largely untapped potential of MPEAs compositional design 

space for the discovery of novel materials with tailored properties. 

 Moreover, it is important to distinguish between the terminologies used in the field. 

While the term HEAs traditionally refers to single-phase disordered solid solutions stabilized 

through configurational entropy, terms like MPEAs or CCAs evokes the vastness of 

composition space, without imposing strict constraints on types of phases present or the 

magnitude of configuration entropy [5]. These latter terms emphasize the versatility of alloy 
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design, focusing on functionality rather than rigid structural classifications. To avoid 

ambiguity, the term HEAs in this thesis refers broadly to both single-phase and multi-phase 

alloys composed of equiatomic or non-equiatomic multi-principal elements. Moreover, the 

terms HEAs, MPEAs, and CCAs have been used interchangeably, as they all reflect the 

compositional complexity and design philosophy underlying this class of materials. 

 Despite systematic exploration of the high-dimensional compositional space of 

MPEAs, only a small fraction with mechanical properties superior to those of conventional 

alloys has been found so far. For instance, the mechanical properties of most 3d transition 

metal MPEAs are comparable to those of commercial austenitic stainless steels and nickel 

alloys [5]. Advancing the discovery and development of novel MPEAs, as well as the 

integrating new functionalities, requires a deep understanding of the intricate composition–

processing–structure–property relationships. A wide range of factors, including composition, 

synthesis routes, processing conditions, and post-treatment parameters, must be carefully 

optimized to obtain a high-performing MPEA composition [10]. The conventional materials 

discovery approach, which relies heavily on repetitive experimental trials and computational 

simulations, is resource-intensive, time-consuming, and inefficient [11].  

 In recent years, the materials science community has increasingly adopted machine 

learning (ML) techniques to accelerate the discovery and design of advanced materials. 

Numerous studies have demonstrated the use of ML algorithms for predicting phase 

formation [12-17], estimating mechanical properties [18-22], and identifying novel MPEA 

compositions [23-25]. However, despite these advances, several critical limitations continue 

to hinder the effectiveness and generalizability of ML approaches in the context of MPEAs, 

as outlined below: 

(i) The scarcity of high-quality experimental data in the MPEA literature limits the 

effective training and validation of existing ML frameworks, thereby reducing their 

generalizability to unseen compositions. 

(ii) There is limited consideration of the effects of synthesis routes (e.g., vacuum arc 

melting, powder metallurgy, additive manufacturing), their associated processing 

parameters (such as cooling rate, processing time, temperature, and atmosphere), and 

post-processing treatments during data collection for ML model development, despite 

their significant influence on the resulting alloy properties. 
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(iii) The reliance on synthetically generated data to address data scarcity and improve 

model accuracy raises concerns regarding the reliability of predictions. Augmenting 

real-world experimental data with synthetic data, a practice frequently reported in the 

literature, can introduce biases or unrealistic trends, thereby limiting a model's 

applicability to real-world scenarios. 

(iv) Despite the availability of open-source toolkits developed specifically for materials 

informatics, their adoption remains limited in the study of advanced alloys such as 

MPEAs. For instance, Material Simulation Toolkit for Machine Learning (MAST-

ML) provides a user-friendly interface for ML workflows without requiring 

researchers to write code from scratch. Yet, to the best of our knowledge, no studies 

have reported its application to MPEAs, with most research instead relying on custom-

coded frameworks. It is important to evaluate the applicability and robustness of such 

toolkits in handling complex alloy systems, thereby assessing their usability, 

reproducibility, and potential for establishing standardized practices in the field. 

(v) There is a lack of advanced multi-objective optimization frameworks capable of 

addressing trade-offs between key mechanical properties, such as the well-known 

strength–ductility dilemma. Existing studies predominantly focus on optimizing a 

single property in isolation, rather than simultaneously balancing multiple, and often 

competing, mechanical requirements. 

(vi) There is an overreliance on scarce and expensive Critical Raw Materials (CRMs) and 

Critical and Strategic Raw Materials (C&SRMs), such as Co, Ta, Hf, V, Nb, and W, 

in the development of high-performance alloys, which undermines both the 

sustainability and scalability of the proposed compositions. To date, little efforts have 

been made in the MPEA literature to systematically reduce or eliminate the use of 

CRMs/C&SRMs during alloy design and development. 

Hence, the extraction of high-quality experimental data and the development of robust 

predictive models that incorporates the effects of processing routes, processing parameters, 

and post-processing treatments are of critical importance. Equally important is the conscious 

avoidance of the flawed practice of augmenting or ‘polluting’ real-world datasets with 

synthetic data solely to inflate data size and model performance. Furthermore, the adoption 

of open-source toolkits such as MAST-ML, which are specifically designed to lower the 

entry barrier for materials researcher, has not yet been realized in the MPEA domain, 

representing a missed opportunity for standardization, reproducibility, and accelerated 
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knowledge discovery in the field. In parallel, the integration of advanced multi-objective 

optimization strategies is required to address trade-offs between competing properties, such 

as the strength-ductility dilemma, which are often overlooked in single-objective 

optimization studies. Finally, reducing reliance on CRMs/C&SRMs in the development of 

MPEAs, without compromising mechanical properties, is essential for advancing toward a 

more sustainable future in alloy design. These research gaps collectively form the foundation 

of the present study and motivate the objectives outlined in the following section. 

1.2. Objectives and Scope  

As outlined above, the effective application of machine learning to MPEAs is currently 

hindered by several interrelated challenges. First, the scarcity and inconsistent quality of 

experimental data in the MPEA domain present a major obstacle to building reliable ML 

frameworks. Second, existing ML models often overlook the critical influence of synthesis 

routes, processing parameters, and post-processing treatments on alloy properties, thereby 

restricting their capacity to capture the full composition–processing–structure–property 

relationships. Compounding these challenges is the widespread practice of augmenting or 

‘polluting’ real-world experimental data with synthetic datasets, which, although intended to 

mitigate data scarcity, often compromises model reliability and raises concerns regarding 

predictive robustness and generalizability. Furthermore, the limited adoption of open-source 

materials informatics toolkits constrains opportunities to evaluate the usability, 

reproducibility, and robustness of these frameworks in the context of complex alloy systems. 

In addition, the lack of advanced multi-objective optimization strategies results in alloys 

being optimized for a single property, thereby neglecting trade-offs among competing 

properties and ultimately limiting real-world applicability. Finally, the continued reliance on 

scarce and expensive CRMs and C&SRMs in the development of high-performance MPEAs 

poses significant challenges to sustainability and undermines global efforts toward achieving 

Net Zero targets. 

To address these challenges, this research focuses on developing robust ML frameworks for 

the design of cost-effective MPEAs with superior mechanical performance. The specific 

aims of this PhD project are: (i) to curate and consolidate high-quality experimental data 

from the literature and make it publicly accessible to advance materials informatics research; 

(ii) to develop a robust and reliable ML framework for predicting phase formation in MPEAs 

without relying on synthetically generated data, evaluate its generalizability, and 
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systematically investigate the key factors governing phase stability while incorporating the 

effects of synthesis routes; (iii) to implement and validate MAST-ML for prediction of 

mechanical properties in MPEAs, demonstrating its strengths and limitations for complex 

alloy systems; (iv) to identify novel alloys with optimally balanced mechanical properties 

(targeting Yield Strength (YS), Ultimate Tensile Strength (UTS), and Elongation (𝓔) 

simultaneously), particularly addressing the strength–ductility trade-off through multi-

objective optimization; and (v) to minimize the dependence on CRMs/C&SRMs through a 

dual strategy aimed at promoting the development of sustainable alloys: (a) an ML-guided 

chemical tuning approach to design novel, high-performance MPEAs with minimal or no 

reliance on expensive CRMs, without compromising mechanical properties; and (b) a non-

ML-based physical design approach based on strain-engineering to reduce reliance on 

C&SRMs, without the need for chemical tuning. 

To achieve the proposed objectives, the following key tasks were undertaken:  

• Developed a robust ML framework for phase prediction, trained exclusively on high-

quality experimental data encompassing 3d-transition metal HEAs, refractory HEAs, 

precious metal-based systems, brass/bronze-type HEAs and low-density HEAs. The 

curated database was restricted to alloys synthesized via melting and casting routes, 

thereby eliminating the influence of differing synthesis methods on phase outcomes. The 

framework explicitly avoided synthetic data augmentation and was benchmarked against 

counterparts trained on mixed datasets, demonstrating superior reliability and 

generalizability. It provides a generalized understanding of phase formation, enabling 

more efficient guidance prior to time-intensive experimentation. 

• Implemented the open-source toolkit MAST‒ML to predict mechanical properties of 

MPEAs, marking its first systematic use in the context of complex alloy systems. This 

involved extracting experimental data from the literature, focusing on yield strength, and 

employing various regression algorithms within the MAST‒ML framework. A 

comprehensive evaluation was then conducted to assess its strengths, and limitations.  

• Developed a novel ML‒based framework for multi-objective optimization, designed to 

identify alloy candidates that simultaneously optimize yield strength (YS), ultimate tensile 

strength (UTS), and elongation (𝓔), using a database derived from experimental studies. 

The framework combined ML regression algorithms with nature-inspired optimization 

methods to explore the compositional space while targeting multiple properties. This 
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provided an ML-based approach to effectively address the long-standing strength–

ductility trade-off, which, to the best of our knowledge, had not previously been developed 

in the context of MPEAs. 

• Established a hybrid ML-metaheuristic optimization framework for designing novel, high-

performance MPEAs with minimal or no reliance on CRMs. This framework leveraged 

ML-guided chemical tuning to reduce dependence on expensive CRMs without 

compromising mechanical properties. It utilized a large computational database extracted 

from Thermo-calc 2024a, focusing on Vickers hardness of unary and binary compositions, 

to enable the identification and design of novel CRM-free or CRM-lean MPEAs.  

• Investigated a non-ML-based physical design approach based on strain engineering as a 

sustainable strategy to reduce reliance on C&SRMs, without relying on ML-guided 

chemical tuning. This task involved a theoretical analysis of literature evidence, 

comparing the mechanical performance of various MPEAs and pure elements processed 

via strain-engineering against those produced through other synthesis methods. The focus 

was on exploring the potential of strain engineering to enhance the performance of existing 

materials without chemical tuning, and to enable the design of high-performance 

compositions with minimal or no reliance on C&SRMs. 

1.3. Thesis Outline 

 

The overall Ph.D. research has been systematically organized into the following chapters: 

• Chapter 1 introduces the research background, highlighting the significance of Multi-

Principal Element Alloys (MPEAs), the critical need for robust machine learning (ML) 

models, and the pursuit of cost-effective, high-performance MPEAs free from critical 

raw materials (CRMs) or critical and strategic raw materials (C&SRMs). The 

overarching objectives and motivations driving this research have also been outlined at 

the end of the chapter. 

• Chapter 2 presents an extensive literature review beginning with an overview of MPEAs, 

their historical development, evolving definitions, core effects, and the vast 

compositional space they offer. Different approaches for exploring this landscape, 

including traditional trial-and-error, computational design, and machine learning have 

been discussed. Furthermore, a detailed examination of existing ML models employed 

for phase prediction, property estimation, and novel alloy discovery has also been 
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provided. Based on this survey, the research gaps were identified, and subsequently, a 

brief insight into the development of various ML frameworks for MPEA design was 

presented. 

• Chapter 3 provides an in-depth investigation into phase prediction of MPEAs by 

developing a robust ML framework. Experimental dataset was compiled from the 

literature, followed by classification of MPEAs based on observed phases. The influence 

of dataset balance or imbalance on classification accuracy was investigated. The 

importance of avoiding synthetic data augmentation has been emphasized. Various 

classification algorithms were compared to select the best-performing model. The 

selected model was validated by predicting the phase of a new composition, which was 

subsequently synthesized and characterized. In addition, a comparative analysis between 

models trained on purely experimental data and those with augmented data has been 

performed to demonstrate the limitations of synthetic augmentation. 

• Chapter 4 explores the application of the open-source toolkit MAST-ML to predict the 

mechanical properties of MPEAs using a literature-derived dataset, marking its first 

systematic use in the context of complex alloy systems. The toolkit’s strengths and 

limitations in handling complex alloy systems has been evaluated. Predictions were 

critically validated against reported yield strength values from the literature. The 

usability and reproducibility of the toolkit were assessed. Based on the identified 

limitations of MAST-ML, a novel ML framework was developed from scratch for multi-

objective optimization, targeting competing properties (YS, UTS and 𝓔). The framework, 

which integrated ML with nature-inspired algorithms, was designed to explore the 

MPEA compositional space and identify alloys with an optimal balance of mechanical 

properties, with the aim of addressing the strength–ductility trade-off. 

• Chapter 5 addresses the urgent need to reduce reliance on critical raw materials (CRMs) 

while developing high-performance MPEAs. A three-tier classification system for CRMs 

severity, based on supply risk and strategic importance, was introduced. A large database 

of unary and binary compositions targeting Vickers hardness was generated using 

CALPHAD-based Thermo-Calc simulations. The development of a hybrid ML-

metaheuristic optimization framework, trained on this database to identify novel 

multicomponent CRM-free or CRM-lean (reduced-CRM) MPEAs has been discussed. 
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The framework was designed to apply ML-guided chemical tuning to minimize 

dependence on expensive elements such as Co, Nb, Ta, and W, while aiming to maintain 

mechanical performance. The proposed compositions were intended to be benchmarked 

against CRM-rich counterparts from the literature, with the objective of achieving 

comparable or potentially superior hardness. Experimental validation of one such 

composition was conducted to evaluate the framework's reliability and demonstrate the 

feasibility of designing sustainable, high-performance CRM-free MPEAs. 

• Chapter 6 investigates strain engineering as a sustainable and non-ML-based physical 

design strategy for minimizing reliance on critical and strategic raw materials 

(C&SRMs), without the need for chemical tuning. A theoretical analysis of literature 

evidence, comparing the mechanical performance of MPEAs and pure elements 

processed via strain engineering against those produced through other processing 

methods, has been presented. The scientific and theoretical rationale behind strain-

induced microstructural modifications, including dislocation density enhancement, 

ultrafine grain formation, and the activation of TWIP (twinning-induced plasticity) and 

TRIP (transformation-induced plasticity) mechanisms as potential pathways to enhance 

mechanical performance, was outlined. This study aims to position strain engineering as 

a transformative and resource-efficient strategy for the development of next-generation 

sustainable alloys aligned with Net Zero goals. 

• Chapter 7 summarizes the findings of the research work and presents the key conclusions 

of this thesis. The scope for carrying out future work in this area has also been presented. 
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Chapter 2     

Literature Review 
 

2.1. Introduction 

This chapter presents an overview of key research activities in the field of MPEAs. It offers a 

critical state-of-the-art review of recent advancements in their discovery and development, 

tracing their historical emergence and emphasizing the exceptional properties that distinguish 

them from conventional alloys. The chapter also examines methodologies for designing novel 

MPEAs, including traditional trial-and-error experimentation, computational techniques, and 

machine learning-based strategies. In addition, it reviews the challenges and limitations of 

existing ML models developed in previous studies on MPEAs. Finally, the chapter discusses 

the extensive use of critical raw materials (CRMs) and critical & strategic raw materials 

(C&SRMs) in the development of high-performance MPEAs, highlighting the urgent need to 

reduce their use in pursuit of sustainable alloy design aligned with Net Zero objectives.  

A comprehensive review of current research trends is presented, highlighting challenges such 

as limited data availability, the common practice of augmenting synthetic data to improve 

model accuracy, the limited generalizability of existing ML models, and the continued 

overreliance on CRMs/C&SRMs in MPEA development. Based on this extensive literature 

survey, key research gaps have been identified. The chapter concludes by outlining the 

specific objectives of the present work. 

2.2. Brief History 

The concept of combining multiple elements in equimolar or near-equimolar proportions, 

representing a significant departure from conventional alloy design, gained widespread 

recognition in 2004 and led to the development of Multi-Principal Element Alloys (MPEAs), 

also referred to as High Entropy Alloys (HEAs) or Complex Concentrated Alloys (CCAs) [1, 

2]. This novel alloy design approach was independently proposed by Professor Jien-Wei Yeh 

and Professor Brian Cantor in the same year. One of the earliest examples, the Cantor alloy 

(CrMnFeCoNi), was described as an equiatomic multicomponent alloy and exhibited 

exceptional properties, making it a landmark in the development of complex concentrated 

alloys [1]. Around the same time, Yeh et al. developed the Alₓ(CrFeCoNiCu) system, with 

aluminium concentrations ranging from x = 0 to 3. Following this work, the term "high-
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entropy alloy (HEA)" was formally introduced [2].   

2.3. Definitions 

Unlike conventional alloys, which are typically based on one or two primary elements with 

minor additions of secondary elements, HEAs are composed of five or more principal 

elements in equiatomic proportions, as defined in the earliest foundational literature [1, 2]. 

Owing to their high configurational entropy, these equiatomic multicomponent alloys tend to 

form thermodynamically stable single-phase solid-solution (SS) structures, such as face-

centered cubic (FCC), body-centered cubic (BCC) or hexagonal close-packed (HCP) phases 

[3, 26-28].  

 In recent years, the definition of HEAs has been broadened to include single-phase SS 

multicomponent alloys in which the concentration of each constituent element ranges between 

5 and 35 atomic percent [5, 6]. However, numerous studies have shown that entropy-stabilized 

single-phase HEAs do not necessarily exhibit superior properties [12, 13]. More importantly, 

strict adherence to a single-phase design philosophy significantly limits the accessible 

compositional space. Consequently, the term ‘HEA’ is no longer restricted to single-phase SS 

alloys containing five or more principal elements. At present, a wide variety of compositions, 

including equiatomic quaternary systems and non-equiatomic multicomponent alloys with 

multi-phase microstructures, are also classified as HEAs. Notable examples include 

CoCrFeNi, NbMoTaW, Fe50Mn30Co10Cr10, TiZrHfNb, Ta0.6HfZrTi alloys [8, 29, 30]. For 

such systems with compositionally complex and multiphase characteristics, alternative 

terminologies such as ‘compositionally complicated alloys’ or ‘complex concentrated alloys’ 

(CCAs) are frequently used in the literature.  

 To avoid ambiguity, the term ‘HEAs’ in this thesis refers broadly to both single-phase 

and multi-phase alloys composed of equiatomic or non-equiatomic multi-principal elements. 

The terms HEAs, CCAs, and MPEAs are used interchangeably throughout this thesis. MPEAs 

exhibit a wide range of exceptional properties, including high specific strength, excellent 

ductility, outstanding high-temperature stability, high fracture toughness at cryogenic 

temperatures, bio-compatibility, superior corrosion and oxidation resistance, good electrical 

and thermal conductivity, as well as notable catalytic, magnetic, and even superconducting 

behaviors [3, 5, 31, 32]. Consequently, MPEAs have emerged as superior alternatives to 

conventional alloys in diverse application sectors such as defense, aerospace, nuclear energy, 

power generation, biomedical implants, and stealth technologies. Yeh et al. [17] identified 
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four key effects responsible for the extraordinary performance of MPEAs: (i) high-entropy 

effect, (ii) sluggish diffusion effect, (iii) severe lattice distortion effect, (iv) cocktail effect. 

2.4. Four Core Effects  

2.4.1. High-Entropy Effect 

The high-entropy effect is a core thermodynamic principle that underpins the stability of 

single-phase solid solutions in MPEAs/HEAs. First introduced by J.W. Yeh, this concept 

explains how configurational entropy, defined as a measure of disorder due to atomic mixing, 

can thermodynamically favor the formation of simple solid-solution phases (such as FCC or 

BCC) instead of more complex and brittle intermetallic compounds [33]. 

 In HEAs, the mixing entropy (ΔSmix) increases significantly due to the near-equiatomic 

ratio of multiple principal elements, often five or more. This elevated entropy contributes a 

large negative term to the Gibbs free energy, thereby lowering its value. As a result, solid 

solution phases are stabilized over competing intermetallics, which typically possess lower 

configurational entropy [33, 34]. A high configurational entropy can also reduce the tendency 

for phase separation or intermetallic formation, allowing HEAs to maintain single-phase 

microstructures even when composed of multiple elements. 

 

Figure 2.1. Classification of alloys based on configurational entropy of mixing (ΔSmix) 

Based on the configurational entropy of mixing (ΔSmix), which quantifies the compositional 

randomness within a solid solution, alloys are generally classified into three categories: low-

entropy alloys (LEAs), containing one or two dominant elements typical of conventional 

alloys; medium-entropy alloys (MEAs), composed of three to four principal elements; and 

high-entropy alloys (HEAs), consisting of five or more principal elements in near-equiatomic 
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ratios [6]. This classification is illustrated in Figure 2.1. The Gibbs free energy and 

configurational mixing entropy formulations, grounded in classical thermodynamics, are 

presented in Equations (2.1) and (2.2) [35, 36].  

 

ᐃGmix =  ᐃHmix − T.ᐃSmix (2.1) 

ᐃSmix =  −𝑅 ∑(𝑐𝑖 ln𝑐𝑖)

𝑛

𝑖=1

 (2.2) 

 where, R is the gas constant (8.314 J/mol·K), ci is the atomic fraction of each element and n 

is the number of components. 

2.4.2. Sluggish Diffusion Effect 

The sluggish diffusion effect in MPEAs refers to their inherently reduced atomic mobility 

compared to conventional alloys. This phenomenon arises from the complex, disordered 

atomic environment created by the near-equiatomic mixture of multiple principal elements, 

each differing in atomic size and bonding characteristics. These variations produce diverse 

local atomic configurations and fluctuating lattice potential energies, which inhibit atomic 

movement by trapping atoms in low-energy sites or impeding them with high-energy barriers 

[37, 38]. As a result, diffusion-controlled processes such as grain growth and phase 

transformations proceed more slowly. This delayed atomic diffusion retards the growth of 

second-phase nuclei, thereby promoting the formation and stabilization of fine, nano-sized 

precipitates within a single-phase matrix. Furthermore, sluggish diffusion contributes to 

enhanced thermal stability, high-temperature strength, and superior creep resistance, making 

MPEAs particularly well-suited for demanding structural applications [39, 40]. 

2.4.3. Severe Lattice Distortion Effect 

Severe lattice distortion in MPEAs refers to the substantial disruption of the crystal lattice 

arising from atomic size mismatches among the multiple principal elements. In contrast to 

conventional alloys, which typically contain one or two dominant elements with similar 

atomic radii, MPEAs incorporate several elements with varying atomic sizes, randomly 

occupying lattice sites. This atomic-scale irregularity induces local lattice strains and 

distortions throughout the material. These distortions impedes the motion of dislocations, 

thereby enhancing solid solution strengthening and contributing to the high strength and 
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hardness of MPEAs [41, 42]. Additionally, severe lattice distortion can influence phase 

stability and reduce atomic diffusion rates. The effect is especially pronounced in BCC-

structured MPEAs, where atomic packing is less dense and more sensitive to size differences.  

2.4.4. Cocktail Effect 

First introduced by S. Ranganathan [34], the term ‘cocktail effect’ was initially used to 

describe concentrated alloys, such as bulk metallic glasses, and was later applied to MPEAs. 

It refers to the combined influence of multiple principal elements, with both direct atomic 

interactions and indirect effects on the microstructure contributing to unique and often 

unexpected properties not observed in conventional alloys. 

 Unlike the other core effects of MPEAs, the cocktail effect is qualitative and abstract, 

lacking a clear theoretical basis. Its complexity arises from the unpredictable nature of multi-

element atomic interactions and the uncertain occupancies of lattice site, making it difficult 

to model or quantify [43]. Nevertheless, it is frequently invoked to explain the exceptional 

combinations of properties observed in MPEAs, such as high strength, superior corrosion 

resistance, and remarkable thermal stability. 

2.5. Compositional Space of MPEAs 

MPEAs provide access to an exceptionally broad compositional space compared to 

conventional alloys, as illustrated in Figure 2.2. The concept of compositional design in 

MPEAs extends far beyond the narrow corners occupied by conventional alloys (highlighted 

in blue), which typically revolve around one or two dominant elements. In contrast, MPEAs 

explore the central region of the phase diagram, representing multi-principal element systems 

where elements are present in equimolar or near-equimolar ratios.  

 It is estimated that over 10100 unique multi-principal element alloys (MPEAs) can 

theoretically be generated by combining the 60 most commonly used elements with 

compositional increments as fine as 0.1% [44]. This underscores the immense breadth of the 

design space available for alloy discovery and optimization. Equimolar HEAs (shown in red 

in Figure 2.2) occupy the center, while non-equimolar variants (shown in yellow in Figure 

2.2) extend outward, still within the multi-element region [45]. This immense and largely 

untapped compositional landscape is often regarded as a “materials discovery treasure trove”, 

enabling the design of novel alloys with exceptional mechanical, thermal, and chemical 

properties that are not accessible through traditional alloy development approaches.  
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Figure 2.2. Ternary phase diagram [45] (Reproduced with permission from 

Springer Nature) 
 

2.6. History and Evolution of Alloy Design 

The field of alloy design has undergone a significant transformation over the past century, 

progressing from empirical approaches to predictive and data-driven methodologies [46]. This 

evolution reflects both the growing complexity of materials challenges and the rapid 

advancement of computational tools. The emergence of MPEAs, in particular, has highlighted 

the need for more efficient and scalable design strategies to navigate their vast compositional 

space. This section outlines the historical evolution of alloy design methods, focusing on three 

major paradigms: traditional trial-and-error experimentation, computational methods, and 

machine learning-driven approaches. 

2.6.1. Trial-and-Error Method 

Historically, alloy design has been driven by the trial-and-error approach, wherein 

compositions are manually varied, synthesized, and experimentally evaluated to identify 

desirable phases and properties [46]. This empirical method has led to landmark discoveries, 

such as stainless steels, superalloys, and advanced binary or ternary systems, and has 

occasionally revealed unexpected phases and exceptional mechanical or functional behaviors. 

However, as alloy systems have grown increasingly complex, particularly with the advent of 

MPEAs, the limitations of this approach have become pronounced. Each composition requires 

individual synthesis, processing, and characterization, making the method time-consuming, 

labor-intensive, and low-throughput. The immense compositional space of MPEAs, 

encompassing millions of potential combinations, makes comprehensive experimental 

screening impractical. 

 Moreover, reliance on intuition often results in biased sampling, potentially 

overlooking unexplored but promising regions. While trial-and-error remains vital for 
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empirical validation, it is no longer sufficient as a standalone discovery tool. Instead, it now 

serves as a targeted validation strategy, integrated with computational methods, such as 

CALPHAD, machine learning, and high-throughput screening, to accelerate and rationalize 

alloy development. 

 
Figure 2.3. Steps involved from discovery to the deployment of a new materials in the real-

world application 

Despite the development of numerous MPEAs, exhibiting outstanding mechanical properties, 

only a small fraction of their vast compositional space has been thoroughly explored. This 

limited exploration is primarily due to the time- and resource-intensive nature of traditional 

alloy development, which relies heavily on iterative experimental methods to identify 

promising compositions. As shown in Figure 2.3, the conventional materials design process 

is a multi-stage pipeline, starting from discovery and development, through property 

optimization, system integration, certification, and manufacturing, to final deployment  [47]. 

While this process has been effective in the past, it poses a major bottleneck for accelerating 

MPEAs research and real-world implementation, particularly given the enormous complexity 

and scale of the MPEA compositional landscape. 

2.6.2. Computational Methods 

The advent of computational approaches has significantly transformed alloy design, 

particularly in the exploration of complex systems like MPEAs. Techniques such as Density 

Functional Theory (DFT) [48, 49], Molecular Dynamics (MD) [50, 51], Monte Carlo (MC) 

[52], and CALPHAD (CALculation of PHAse Diagrams) [53] have been instrumental in 

predicting phase stability, thermodynamic behavior, and atomic-scale interactions prior to 

experimental validation [34].  
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 DFT and MD simulations offer deep atomic-level insights but are hindered by high 

computational costs, modeling limitations, and uncertainties due to simplifying assumptions 

[54]. DFT is computationally expensive and typically restricted to small atomic systems, while 

MD simulations depend heavily on the accuracy of interatomic potentials, which often 

struggle to capture complex effects such as lattice distortion, configurational entropy, and the 

cocktail effect observed in MPEAs. Despite these limitations, computational tools remain 

indispensable for accelerating materials discovery, guiding experimental efforts, and 

narrowing the compositional space for high-throughput screening. CALPHAD, in particular, 

marked a shift toward predictive materials design, enabling efficient modeling of 

multicomponent phase diagrams and transformation temperatures. However, its performance 

remains constrained by the limited availability of thermodynamic databases, especially for 

binary miscibility gaps, intermetallic (IM) phases, and complex ternary systems [55].  

2.6.3. Machine Learning  

The term Machine Learning (ML) was first introduced by Arthur Samuel in 1959, defining it 

as a subset of artificial intelligence (AI) that enables systems to learn from data and improve 

their performance without being explicitly programmed [56]. Unlike traditional algorithms 

with predefined rules, ML systems are capable of autonomous learning, pattern recognition, 

and prediction, evolving as more data becomes available. Today, ML powers numerous facets 

of daily life, from image and speech recognition to traffic forecasting, product 

recommendations, autonomous vehicles, and cybersecurity applications such as spam and 

fraud detection [57, 58]. 

 In recent years, the emergence of ML has marked a transformative shift in alloy design, 

offering a powerful alternative to traditional trial-and-error and computational methods. Its 

ability to efficiently analyze large, complex datasets, both experimental and computational, 

has opened new avenues in the prediction of material properties, phase stability, and 

accelerating the discovery of advanced alloys. ML drastically reduces the time and cost 

associated with alloy development [59].  

 Furthermore, the integration of ML with first-principles calculations, and materials 

informatics is driving the emergence of autonomous materials design frameworks, marking a 

paradigm shift in the field [60]. As a result, ML stands at the forefront of next-generation alloy 

design, offering both predictive power and the potential to uncover novel, high-performance 

materials that would be otherwise overlooked.  
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2.6.4. Types of Machine Learning Algorithms 

ML algorithms can be broadly classified into three major categories based on the type of 

supervision and the structure of the learning task: Supervised, Unsupervised, and 

Reinforcement Learning. These paradigms define how models learn from data, whether 

through direct guidance (labels), by uncovering hidden structures, or via interaction with an 

environment to learn optimal actions [61]. 

A. Supervised Learning 

As the name suggests, supervised learning involves training a model on a labeled dataset, 

where each input is paired with a corresponding output. The model learns to map inputs (x) to 

outputs (y) using a linear or non-linear function, such as y=f(x), by minimizing the prediction 

error between actual and predicted values. It is commonly applied to both classification tasks 

(e.g., predicting categorical labels such as alloy phases, FCC, BCC) and regression tasks (e.g., 

predicting continuous properties such as yield strength or hardness) [62]. Model performance 

is evaluated using metrics such as accuracy, precision, R² score, mean squared error (MSE) 

etc. 

B. Unsupervised Learning 

Unsupervised learning deals with data that has no predefined labels. The primary goal is to 

uncover hidden structures or patterns within the dataset. It is commonly used for clustering 

(e.g., grouping similar alloy compositions) and dimensionality reduction (e.g., reducing 

features for visualization using techniques like Principal Component Analysis (PCA)). This 

method is particularly useful for exploratory data analysis (EDA) and pre-processing in high-

dimensional datasets [63]. 

C. Reinforcement Learning 

Reinforcement learning (RL) is a feedback-driven learning paradigm where an agent learns to 

make optimal decisions by interacting with its environment. The agent perceives its 

environment, performs actions, and receives feedback in the form of rewards or penalties. The 

objective is to maximize cumulative reward over time by identifying the best sequence of 

actions. This learning paradigm operates on the principle of trial-and-error, where the agent is 

encouraged to adopt behaviors that lead to higher rewards (positive reinforcement) and 
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discouraged from actions that lead to penalties (negative reinforcement). Over time, the agent 

learns to avoid suboptimal actions and reinforce those that yield long-term benefits, thus 

evolving an ideal policy for decision-making [64]. 

 Reinforcement learning is particularly suited for adaptive control systems, robotics 

and autonomous navigation, process optimization and Sequential decision-making in dynamic 

environments where the learning system must respond to dynamic conditions and learn 

through continuous interaction. Figure 2.4 categorizes various machine learning algorithms 

into three main types: supervised learning, unsupervised learning, and reinforcement learning, 

and provides examples of algorithms under each category. 

 

Figure 2.4. Classification of ML algorithms based on learning paradigms 

Detailed descriptions of the algorithms applied to address each research objective are 

presented in the respective chapters. 

2.7. Machine Learning Implementation in the Field of MPEAs  

The field of MPEAs has witnessed a paradigm shift with the integration of machine learning. 

Numerous works have been reported by using various ML algorithms, such as Random Forest 

(RF), Support Vector Machine (SVM), Gradient Boosting Decision Trees (GBDT), Deep 

Neural Networks (DNN) and others, enabling rapid and accurate predictions and facilitating 
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the navigation of high-dimensional compositional space inherent to MPEAs through data-

driven methodologies [65, 66].  

This section systematically reviews the principal contributions of ML across three thematic 

domains: Phase Prediction, Mechanical Property Prediction, and the Discovery of Novel 

MPEAs with the aim of minimizing the use of critical materials (CRMs/C&SRMs). A 

comprehensive literature survey is detailed in the subsequent sections. The following sub-

sections provide a detailed discussion of the relevant works carried out in the field of MPEAs. 

2.7.1. Phase Prediction of MPEAs Using ML 

Phase prediction is a critical aspect of alloy design, as phase stability directly governs the 

resulting microstructure and mechanical properties. Early studies relied on empirical 

descriptors, such as atomic size difference (δ), electronegativity difference (Δχ), valence 

electron concentration (VEC), mixing enthalpy (ΔHmix), and mixing entropy (ΔSmix), to 

formulate rules for identifying phases (solid solutions, intermetallic compounds, and 

amorphous phases) and predicting crystal structures. These parameters describe the 

fundamental chemistry influencing HEA formation and provide valuable insight for phase 

prediction. Prominent solid-solution (SS) formation criteria include: 

• Zhang et al. [67] criterion: δ<0.066, -15<ᐃHmix <5KJ/mol 

• Guo et al. [68] criterion: δ<0.066, -11.6 <ᐃHmix< 3.2KJ/mol 

• Ren et al. [69] criterion: δ≤0.028, ᐃHmix ≥ -8.8Kj/mol 

Criteria for identify crystal structure of MPEAs include: 

• Guo et al. [68]:  

VEC≥8.0 leads to formation of FCC  

VEC<6.87 leads to formation of BCC 

6.87≤ VEC <8 leads to formation of FCC+BCC 

• Tsai et al. [70]: VEC range for the formation of σ phase is 6.88< VEC <7.84.  

• Poletti and Battezzati [71]:  

VEC>7.5 and 1.6<e/a<1.8 for FCC,  

VEC <7.5 and 1.8< e/a <2.3 for BCC 

Several other descriptors, such as Ω-parameter, ϕ‐parameter, and γ-parameter [68, 72] have 

also been employed in phase prediction models. Note that the phase selection rules discussed 
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here are specific to cast HEAs, i.e., alloys produced directly from solidification without 

subsequent thermal treatments. Such post-solidification treatments can alter phase stability, 

thereby affecting the applicability of these rules. Moreover, Guo et. al. [68] highlighted that 

the validation of VEC rule for alloys containing non-transition metal TM (non-TM) elements 

remains unexplored, although its validity has been widely confirmed in HEAs composed 

mainly of transition metals (TM). As traditional descriptors fall short in complex systems, ML 

has become increasingly important. Pioneering studies by Pei et. al. [73], introduced a new 

thermodynamics-based rule to predict solid solutions formation (FCC, BCC, and HCP) in a 

high-throughput manner, using a dataset of 1252 multicomponent alloys (625 single-phase 

and 627 multi-phase alloys, spanning binary to multi-component systems). Although their 

established new rule was slightly less accurate (73%) but was physically grounded. Their ML 

model identified some of the most important features, like molar volume, bulk modulus, and 

melting temperature, which were not included in Hume-Rothery rules, achieving 93% 

accuracy in predicting solid solution phases. To further validate, this new rule was employed 

to predict solid solutions for three 9-element blocks, which was further confirmed by 

CALculations of PHAse Diagram (CALPHAD) calculations with high consistency (94%). A 

new parameter γ was defined and calculated to compare the ∆Gmix, for forming single phases 

and multi-phases, which offered much better predictability (correctly predicted 88% of FCC, 

80% of BCC, and 100% of HCP single-phase alloys) than the previous criteria with an average 

consistency of 64%. With optimum value for α (0.2), jointly with the empirical rule lattice 

misfit (δ ≤ ~6%), new rule increased the consistency to 81%.  

 Islam et. al. [15], employed neural network to classify the phase selection in MPEAs, 

such as single-phase solid solution (SS), amorphous (AM), intermetallic compounds (IM) by 

analyzing the relative importance of the five features (VEC > Δχ > ΔHmix > δ > ΔSmix) that 

lead to the phase selection in a dataset with 118 data of MPEAs, (with 33 AM, 64 SS, and 21 

IM classes) and obtained an average generalization accuracy of 80%. Huang et. al. [12], used 

three machine learning models for comparison, to identify the best phase prediction algorithms 

in case of HEAs using 401 experimental dataset (174 Solid solution (SS), 54 Intermetallic 

(IM), 173 (SS+IM) mixed phase). They used the K-nearest neighbour (KNN), support vector 

machine (SVM) and artificial neural network (ANN) methods and observed that the ANN 

method showed 74.3% correctness in the phase prediction, while the other two algorithms 

(SVM- 64.3%, KNN- 68.6%) showing lower prediction accuracies. Chau et. al. [74], also 

employed SVM method to predict the phase selection of MPEAs and used Bayesian 
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optimization to tune the hyper-parameters. They utilized two established datasets, MPEA-118 

from Islam et al. [15] and HEA-401 from Huang et al. [12]. Hyper-parameter tuning was 

performed to maximize the prediction accuracy efficiently in their studies and each of the 

classes (i.e., phases) was weighted to avoid the biased prediction in the imbalanced dataset. 

They obtained the mean values of cross-validation accuracy of 90.2% (not weighted) and 

70.6% (weighted) for MPEA-118 and HEA-401, respectively. Similarly, Li et. al. [17] 

employed SVM to predict phase formation using a data set of 322 distinct as-cast MPEAs, 

comprising 18 single BCC, 43 single FCC, remaining 261 samples with multiple phases 

containing intermetallic compounds, or amorphous phase are labeled as NSP (NSP: not 

forming single-phase solid solution). They achieved a cross validation accuracy of over 90%.  

Various advanced and hybrid models were also employed. For instance, Agarwal et. al. [75] 

developed adaptive neuro fuzzy interface system (ANFIS) to classify HEA 

phases (BCC, FCC, and other multiphases), using two approaches: one considering 

composition as the inputs (composition-based model) and the other considering a set of six 

crucial parameters (parametric based model).  They achieved classification accuracy of 

84.21% and 80% respectively.  Zhou et. al. [76], proposed a critical appraisal of the existing 

design rules with different ML algorithms (artificial neural network (ANN), one-dimensional 

convolutional neural network (CNN), and the support vector machine (SVM)) for phase 

designing in HEAs or compositionally complex alloys (CCAs). A total of 601 alloys, 

(including 165 pure AM alloys, 248 pure intermetallics, 131 pure random SS, 6 mixture of 

AM and intermetallic alloys, and 51 mixture of intermetallic and random SS alloys) dataset 

was employed for all the three models. ANN achieved a high testing accuracy of 98.9%, 

97.8%, and 95.6% for predicting AM, SS, and IM phases respectively. A sensitivity matrix 

(which enabled the quantitative assessment of how to tune a design parameter for the 

formation of a certain phase, such as solid solution, intermetallic, or amorphous) was also 

derived and extracted based on ANN algorithm. A series of alloys out of the Fe-Cr-Ni-Zr-Cu 

system were experimentally developed to validate the predictions, and a good agreement was 

obtained. 

Jaiswal et. al. [77], studied multiple ML classification algorithms in order to suitably 

predict the new medium entropy to high entropy alloys with solid solution phases using a 

dataset of 664 labeled data alloys (267 BCC alloys, 199 FCC alloys, and 198 (FCC + BCC)) 

of CoCuFeNix system with a variation in Ni concentration. The analyzed data showed a 

change in correlation coefficient values while moving the alloy system from medium entropy 
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to high entropy alloy domain. VEC and Tm parameters showed higher importance in predicting 

FCC, BCC, and FCC + BCC phases.  

Krishna et. al. [78], proposed a ML model to predict a mixture of solid solution and 

intermetallic (SS+IM) in multiphase alloy system with a dataset of 636 alloys (363 SS and 

273 SS+IM alloys), using various ML algorithms such as Logistic Regression (LR), Decision 

Tree (DT), Support Vector Machine (SVM) classifier, Random Forest (RF), Gradient 

Boosting (GB) Classifier, and Artificial Neural Network (ANN). In their study, multiple FCC 

and BCC phases were considered in the category of SS (Solid Solution), and alloys with a 

mixture of solid solution and intermetallic phases (such as Laves, sigma, etc.), were 

considered in the SS+ IM category. They concluded that although the accuracy of ANN model 

is less in comparison to SVM, RF and GB Classifier models, but it is the only model, that can 

predict all the studied alloys, which are comparable to experimental result and Thermo-Calc 

prediction, where other models fail. Zeng et. al. [79], established high-fidelity phase selection 

rules based on large data (300,000 equilibrium phase data from 20 quinary families formed 

by the 8 elements of Al Co, Cr, Cu, Fe, Mn, Ni, and Ti using Thermo-Calc and TCHEA3 

database) and five important features (by employing the eXtreme Gradient Boosting 

(XGBoost) method) that best delineate the single and mixed phases. Their model was 

validated by 155 annealing experimental data points, and then used to predict the 213 new 

single-phase alloys with BCC and FCC structures of the alloy families of AlCrNiFeMn and 

AlCrCoNiFeTi. Their established new phase selection rules, outperformed the existing phase 

selection rules with a success rate above 90%, and provide a powerful tool for mapping single-

phase in the complex temperature-composition space of HEAs. 

 Choudhury et. al. [16], also utilized a very small dataset of 119 instances for phase 

classification and 94 samples for crystal structure classification. They observed an accuracy 

of 91.66% in classifying phases and 93.10% in classifying the different crystal structures. 

Moreover, they utilized other evaluation metrics such as precision, recall, F1_score and ROC-

AUC to classify phases and crystal structure. Similarly, Mandal et. al. [80] used an 

experimental dataset consisting of 322 different HEAs including 258 solid solution (SS), 31 

intermetallic (IM), and 33 amorphous (AM) phases. Among various algorithms, they observed 

both decision tree and SVM algorithms exhibited the highest accuracy of 93.84% for phase 

prediction along with good F1_score, recall and precision. They also studied crystal structure 

classification of SS phases using a dataset consisting of 194 different HEAs including 76 BCC, 
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61 FCC and 57 mixed BCC + FCC, and observed SVM showed the highest accuracy of 

84.32%. Machaka et. al. [81] utilized a comparatively large database of 896 microstructural 

observations with 354 FCC, 441 BCC, and 101 dual-phase solid solutions (FCC + BCC). They 

employed Decision Tree (DT) and Random Forest (RF) based classifier, and observed 

accuracies of 73% and 85% respectively for classifying the phases into FCC, BCC, FCC+BCC 

and IM, along with good precision, recall, and F1_score.  

 Risal et. al. [82] on the other hand, utilized 598 entries (302 SS, 58 IM, and 

238 SS + IM) and compared KNN, RF, SVM, and ANN algorithms for the phase prediction 

of HEAs with the goal of significantly improving phase prediction accuracy. They observed 

92.31% accuracy with higher ROC-AUC, precision, recall and f1-scores but they used over-

sampling/under-sampling method to balance out the majority and minority class data by 

augmenting it with synthetic data, by acknowledging that the “ML algorithms usually do not 

perform well for imbalanced dataset”.  

 Lee et. al. [83], proposed a systematic deep learning approach by developing a 

methodology from the perspective of optimization, generation, and explanation, for enhancing 

the performance and identifying the key design parameters for phase prediction of HEAs (SS, 

SS + IM, IM, and AM). The regularized DNN model was attained (through Bayesian 

optimization process for overall settings related to model architecture, training, and 

regularization) with five hidden layers, and achieved a testing accuracy of 84.75%. They 

employed a conditional generative adversarial network (GAN) for generating additional HEA 

samples to overcome the problem of data shortage, and observed that the augmentation from 

generative model significantly improves the model performance (prediction accuracy of 

93.17%) with unprecedented 93.17% testing accuracy for simultaneously estimating the four 

phases of HEAs. 

 Bakr et al. [84] used neural network on 775 samples of HEAs synthesized from mixed 

manufacturing routes (Arc-melting, sintering, SLM, and others) and obtained 93.4% of 

accuracy in predicting the existence of the different phases (AM, BCC, FCC, and IM). A 

summary of the literature discussed above is presented in Table 2.1.
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Table 2.1. Summary of literature on phase prediction of MPEAs 

Authors Key findings 

Zhang et. al. 

[13] 

Investigated Hume–Rothery’s rules for formation of solid-solution 

phases utilising Neural Network. 

Qu et. al. 

[85] 

Proposed two SVM based phase selection models; one based on 

composition dataset and other based on thermodynamic parameters 

dataset, to classify the phases in to 5 categories, BCC, FCC, HCP, IM, 

and other phases including tetragonal, orthorhombic, and so on. 

Average accuracy of 93.63% for composition inputs model, and 

95.75% for feature inputs model was observed. 

Mandal et. 

al. [80]  

Analyzed various algorithms for predicting phase and crystal structure 

using a dataset of 322 and 194 instances of HEAs, and observed 

accuracy of 93.84% and 84.32% respectively. 

Nong et. al. 

[14]  

Predicted structure formation (BCC, FCC or mixed phase) utilising 

Back propagation artificial neural network (BP-ANN). 

Tancret et. 

al. [86] 

Predicted the formation of single-phase solid solution (SS) by 

integrating Hume-Rothery rules, basic thermodynamic principals, and 

CALPHAD method, using a Gaussian processes (GP) ML framework 

using database with 322 HEAs. 

Islam et. al. 

[15] 

Classified HEAs into single-phase solid solution (SS), amorphous 

(AM), intermetallic compounds (IM) using a dataset of 118 instance 

and a Neural Network, and obtained an average accuracy of 80%.  

Choudhury 

et. al. [16] 

Employed Random Forest algorithm for phase selection and crystal 

structure prediction, achieved accuracy of 91.66% in classifying phases 

and 93.10% in classifying the different crystal structures using 119 

instances for phase classification and 94 samples for crystal structure 

classification. 

Huang et. 

al. [12] 

Predicted formation of solid solution, intermetallic or mixed solid 

solution and intermetallic phases using an experimental dataset of 401 

instances; obtained accuracy of 74.3%, 64.3%, 68.6% for artificial 

neural network (ANN), support vector machine (SVM) and K-nearest 

neighbour (KNN) respectively. 
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Jiang et. al. 

[87] 

Utilised Neural Network to find quasi-phase equilibrium for phase-field 

models for Al-Cu-Mg multicomponent alloy. 

Chau et. al. 

[74] 

Employed SVM to predict the phase selection of MPEAs and Bayesian 

optimization to tune the hyper-parameters, and obtained cross-

validation accuracy of 90.2% (not weighted) and 70.6% (weighted) for 

existing database of 118 instances  [15] & 401 instances [12] 

respectively. 

Kaufmann 

& Vecchio 

[88] 

Developed a novel high-throughput “ML-HEA” approach, coupling 

thermodynamic and chemical features for predicting the solid solution 

forming ability, using thermodynamic data from Thermo-Calc and 

chemical features with a random forest model, and compared with other 

traditional models. 

Qi et. al. 

[89] 

Predict phase formation based on binary alloy phase diagram data using 

random forest algorithm. 

Li et. al. 

[17] 

Employed SVM to predict phase formation in Co–Cr–Fe–Mn–Ni HEA 

using a data set of 322 distinct as-cast MPEAs, achieved a cross 

validation accuracy of over 90%. 

SVM model for distinguishing the single BCC, single FCC, and the 

remaining (NSP: not forming single-phase solid solution) phases of 

MPEAs. 

 

Zhou et. al. 

[76] 

Studied a critical appraisal of the existing design rules with different 

ML algorithms (artificial neural network (ANN), convolutional neural 

network (CNN), and support vector machine (SVM)) for phase design 

in HEAs or CCAs, with a dataset of 601 alloys. ANN model achieved 

highest accuracy of 98.9%, 97.8%, and 95.6% for predicting AM, SS, 

and IM phases respectively. 

Qi et. al. 

[89] 

Predicted phase formation of HEAs using a phenomenological method, 

solely based on the binary phase diagrams, by considering the 

hypothesis that the structural stability of HEA is encoded within the 

phase diagrams and observed a success rate of 81%. 
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Agarwal et. 

al. [75] 

Developed adaptive neuro fuzzy interface system (ANFIS) for phase 

prediction in FCC, BCC, and multi-phase HEAs, using two approaches, 

one considering composition (composition-based model) as the inputs, 

while other considering a set of six crucial parameters (parametric 

based model) in the formation of HEAs and achieved accuracy of 

84.21% and 80% respectively. 

Wu et. al. 

[90] 

Searched for eutectics in Al–Co–Cr–Fe–Ni HEAs using Neural 

Network. 

Dai et. al. 

[91] 

Implemented Logistic regression to predict phase formation in high-

entropy alloys using a small dataset of 407 samples, and observed 

accuracy of 86%. 

Zhang et. al. 

[92] 

Employed Genetic algorithms to find the best combination of 

descriptors and ML models to predict phase formation in HEAs. 

Al-Shibaany 

et. al. [93] 

Implemented Deep Neural Networks (DNNs) to predict HEA phases in 

order to design alloy with 90% of accuracy in phase prediction.  

Zhang et. al. 

[94] 

Studied the importance of the formation enthalpy and atom-size 

difference in forming phases of HEAs using SVM model and extended 

Miedema theory. 

Roy et. al. 

[95] 

Predicted crystallographic phase for low-, medium- and high-entropy 

alloys using Gradient Boost classification.  

Nassar et. al. 

[96] 

Employed two Neural networks (NNs) models, one considering only 

the compositional data (atomic percentage) and other considering 

Hume-Rothery features of alloys along with compositional data to 

predict HEA phases and observed accuracy of 92% and 90% 

respectively.  

Lee et. al. 

[97] 

Utilised an ensemble of support vector machines (eSVM) comprising 

of multiple SVM models, generated by the bootstrap sampling method 

for multi-class classification, observed an accuracy of 86%. 

Risal et. al. 

[82] 

Compared KNN, RF, SVM, and ANN algorithms for the phase 

prediction of HEAs with the goal of significantly improving phase 

prediction. Observed accuracy of 92.31% and 91.21% for KNN and RF 

respectively, while SVM, and MLP also provided the satisfactory 
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performance with accuracy greater than 90% for “Oversampled-PCA-

6” dataset. 

Machaka et. 

al. [81] 

Employed Decision Tree (DT) and Random Forest (RF) based classifier 

on 1460 microstructural observations, and observed accuracies of 73% 

and 85% respectively for classifying the phases into FCC, BCC, 

FCC+BCC and IM. 

Zeng et. al. 

[79] 

Established high-fidelity phase selection rules based on large data, for 

mapping single-phase in complex temperature-composition space of 

HEAs. Their established new phase selection rules, outperformed the 

existing phase selection rules with a success rate above 90% 

Lee et. al. 

[83] 

Utilised a regularized DNN model for identifying key design 

parameters for phase prediction ((SS, SS + IM, IM, and AM).), 

achieved accuracy of 84.75%. Employed a conditional generative 

adversarial network (GAN) for generating additional HEA samples to 

overcome the problem of data shortage and observed accuracy of 

93.17%. 

Jin et. al. 

[98] 

Developed a learning-based approach to predict the vast compositional 

space of multi-element alloys (binary alloy, ternary alloy, and HEA), 

while applying only the binary alloy dataset as the training set. 

Achieved an accuracy of 80.56% for the phase of the multi-element 

alloy and 84.20% accuracy for the phase of HEA. 

Jaiswal et. 

al. [77] 

Implemented Multiple ML classification algorithms to predict phases, 

using a dataset of 664 labeled data of CoCuFeNix system with varying 

concentration of Ni, achieved testing accuracy of more than 80% for 

multiple algorithms 

Krishna et. 

al. [78] 

Compared Logistic Regression, Decision Tree, SVM classifier, 

Random Forest, Gradient Boost Classifier, and ANN algorithms to 

predict a mixture of solid solution and intermetallic (SS+IM) in 

multiphase alloy system using a dataset of 636 alloys, achieved highest 

accuracy of 83.02% for SVM classifier. 
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Observations 

In literature concerning phase prediction of MPEAs/HEAs, various studies report high 

accuracy from their ML predictions but the fact that these accuracies often stem from 

combining synthetic data with experimental datasets. A dataset involving synthetic data 

merged into the experimental data can lead to spurious outcomes when feeding to the machine 

learning algorithms. An attempt like this (which is routinely done in literature) can although 

help achieve higher model accuracy, but it can compromise the quality of prediction, 

particularly, while inferring complex phases of HEAs. As acknowledged by Risal et al. [51] 

that the “ML algorithms usually do not perform well for imbalanced dataset” and reported 

92.31% accuracy by using oversampling method to balance out the minority class data by 

polluting it with synthetic data. Moreover, to address class imbalance, many studies relied on 

over-sampling, under-sampling, or synthetic data generation using generative adversarial 

networks (GANs). However, the validity of synthetic data remains questionable, particularly 

in capturing the complexity of experimentally derived phases. 

 This research assumes that augmenting or polluting real-world data with synthetically 

generated samples is unreliable, as accuracy alone does not provide a robust measure for 

assessing the performance of machine learning models trained on imbalanced datasets. 

Precision, Recall, F1_score, ROC_AUC score are much reliable and trustworthy evaluation 

metrics for imbalanced datasets. Moreover, no study can be seen that targets one particular 

synthesis route to extract the data reliably from experimental studies which can help avoid the 

spurious effect of an alternative synthesis routes on the resulting phase. For instance, Bakr et 

al. [84] reported an accuracy of 93.4% using a neural network trained on 775 HEA samples 

synthesized via various methods (e.g., arc melting, sintering, selective laser melting) to predict 

different phases (AM, BCC, FCC, and IM). However, their model failed to predict the 

presence of the amorphous phase. This highlights that, despite the high reported accuracy, the 

model produced incorrect predictions, likely due to the omission of processing routes as input 

features, an important limitation given their significant influence on phase formation. Hence, 

care must be taken while extracting data from mixed manufacturing routes and tackling an 

imbalanced dataset. Additionally, ML models are often hindered by data scarcity and quality 

issues, lack of standardized phase formation rules, and model generalizability, all of which 

impact model generalizability and predictive reliability. 
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2.7.2. Mechanical Property Prediction and Discovery of Novel MPEAs 

The mechanical properties, such as yield strength, hardness, ductility, toughness, and creep 

resistance, are directly influenced by complex interactions among composition, 

microstructure, and processing conditions. Accurate prediction of these properties is critical 

for alloy selection in demanding sectors like aerospace, energy, automotive, and defense. 

Given the limitations of exhaustive experimental testing, machine learning has emerged as a 

powerful alternative, offering efficient property prediction across vast compositional spaces. 

This section presents a comprehensive review of ML-driven approaches for predicting elastic, 

thermal, and mechanical properties (such as hardness, yield strength, elongation) of MPEAs. 

 Bundela et al. [99] utilized various regression models, including linear regression, 

lasso, ridge, random forest, XGBoost, and bagging regressor, to predict the microhardness of 

HEAs. Kim et. al. [19], proposed a combined experimental and computational approach based 

on in-situ neutron-diffraction (ND) characterizations, and first-principles calculations. A 

gradient boosting trees approach was used to investigate the elastic properties of 

Al0.3CoCrFeNi. Good agreement in elastic constants was observed from ND, first-principles 

calculations, and ML models, confirming the elastic behavior of FCC Al0.3CoCrFeNi , an 

HEA known for its high strength and excellent ductility. Furthermore, Zhou et al. [100] 

developed three regressor models to predict Young's modulus and hardness of novel high 

entropy ceramics by integrating data from previous density functional theory (DFT) 

calculations and experimental results. 

 Wen et. al. [18], conducted a study for elaborate discussion on single property 

prediction of materials, where they have formulated a materials design strategy combining a 

machine learning (ML) surrogate model with experimental design algorithms to search for 

HEAs with high hardness in a six component (Al-Co-Cr-Cu-Fe-Ni) HEA system. Several 

alloys with hardness 10% higher than the best value in the original training dataset were 

fabricated via only seven experiments. Moreover, Al47Co20Cr18Cu5Fe5Ni5 alloy, possessing 

the highest hardness, was predicted after the fourth iteration with 883 HV on average, which 

is 14% higher than the best value in the original dataset.    

 Rickman et. al. [24], proposed canonical correlation analysis (CCA) combined with 

genetic algorithms to design hard high-entropy alloys. The dataset of Vickers hardness for 82 

systems from literature review was taken as input. Multiple regression was performed with 

canonical correlation analysis to predict the presence of BCC or FCC solid solutions or of 
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intermetallic phases, and to predict the Vickers hardness. Hardness was found to increase with 

ideal mixing entropy and decrease with valence electron concentration and mixing enthalpy. 

Canonical correlation analysis was used to construct a fitness function for a genetic algorithm 

search in a composition space of 16 metallic elements. Their model predicted the enhanced 

hardness with 90% confidence. Seven candidate alloys were fabricated by arc melting and 

hardness tested. Hardness ranged from 277HV (2.72GPa) to 1,084HV (10.63GPa); five of the 

alloys had hardness greater than 700HV (6.87GPa). Highest measured hardness was found 

for: Co33W07Al33Nb24Cr03 = 1084 ± 37 HV.   

 Yang et. al. [101], constructed a ML-based alloy design system (MADS), 

incorporating the database establishment, model construction, composition optimization and 

experimental validation to facilitate the rational design of HEAs with improved hardness. A 

hardness prediction model based on support vector regression with radial basis kernel function 

(SVR-rbf) was developed with the five key features which includes the average deviation of 

the atomic weight (ADAW), the average deviation of the column (ADC), the average 

deviation of the specific volume (ADSV), the valance electron concentration (VEC), and the 

mean melting point (Tm). R2_score of the model reached 0.94 for both the independent testing 

set and leave-one-out cross validation (LOOCV). The best performer Co18Cr7Fe35Ni5V35 HEA 

exhibiting the ultra-high hardness, which is 24.8% higher than the highest one in the original 

dataset was obtained. Additionally, they introduced SHAP to uncover some implicit 

information between the key features and the hardness of as-cast alloys and found that VEC 

is the most significant variable, and it has positive impact on hardness when VEC < 7.5. 

 Bhandari et. al.[20], were the first to employ an ML model to predict the yield strength 

of HEAs  at elevated temperatures. Their model accurately estimated the yield strengths of 

MoNbTaTiW and HfMoNbTaTiZr at 800°C and 1200°C with low computational cost, 

showing strong agreement with experimental results. The predicted value of yield strength of 

MoNbTaTiW and HfMoNbTaTiZr was 492 MPa and 346 MPa, respectively. Further, 

Klimenko et. al. [102], employed a ML approach to predict the yield strength of Al-Cr-Nb-

Ti-V-Zr refractory high entropy alloys (RHEAs) in a wide range of temperatures (20–800ᴼC). 

They proposed a combined approach, including phenomenological rules, CALPHAD and ML, 

using a surrogate model based on a support-vector machine algorithm. Their model showed 

good accuracy at 20ᴼC and 600ᴼC (the average prediction error was 11% and 13.5%, 

respectively), but the error of prediction was slightly higher at 800ᴼC (worse than 20% for 

only two model alloys). They concluded that the content of aluminum, chromium and 
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zirconium have the greatest influence on the specific yield strength, while vanadium and 

titanium have lower effect, and an addition of niobium has a negative effect for the Al-Cr-Nb-

Ti-V-Zr system. One of the predicted alloys, Al13Cr12Nb20Ti20V35 possesses an excellent 

combination of strength (1295 MPa at 20ᴼC, 1113 MPa at 600ᴼC and 898 MPa at 800ᴼC) and 

ductility (16.8% at 20ᴼC, 5.5% at 600ᴼC and >50% at 800ᴼC). 

 Khakurel et. al. [103], employed ML with high throughput experimental synthesis to 

predict the young’s modulus of compositionally complex alloys (CCAs) and achieved a 

significant better performance (MAE=6.15 GPa) by considering VEC in the feature sets. 

Multiple ML models such as four tree-based ensemble methods (Gradient Boosting, Ada 

Boost, Extreme Gradient Boost (or XGBoost), Random Forest (RF)), two linear based models 

(LASSO regression, Ridge regression), and two kernel based methods (Gaussian Process 

Regression and Support Vector Machine (SVM)) were used on two different sets of data; one 

larger dataset (154 alloys) with both the refractory and non-refractory alloys and the other 

smaller dataset (96 alloys) with only refractory alloys. Thus obtained 16 models, 8 for the 

larger dataset and 8 for smaller dataset. They concluded that among the eight ML models, 

Gradient Boosting model is superior in terms of accuracy and robustness and their results 

identified VEC, average melting temperature and difference in atomic radii as the key features 

that determine the young’s modulus of CCAs and refractory-based CCAs. They synthesized 

32 alloys in the form of thin metal plates/foils, using an arc melter and measured elastic 

modulus values, using the ultrasonic pulse-echo technique and compared the predicted 

young’s modulus with the experimentally measured ones, for both the larger and smaller 

datasets. Finally observed that larger dataset was significantly off compared to experimentally 

measured young’s modulus, while smaller dataset in contrast have achieved better prediction 

accuracy because of the quality (Homogeneous data) and relevance of the training data. 

 Vilalta et. al. [21], predicted the relationship between the yield stress and the stacking 

fault energies (SFE) landscape in HEAs. Their data contained the SFE landscape and the 

resulting critical yield stress (obtained from Phase-Field Dislocation Model (PFDM) 

simulations of dislocations moving in this energy landscape) in Ni-Co-Fe-Cr-Mn family of 

HEAs. They applied six different supervised ML models (K-Neighbours Regressor, Bayesian 

Ridge Regression, Decision Tree Regression, Gradient Boosting Regression (GBR), Kernel 

Ridge Regression, Gaussian Process Regression (GPR)) and one unsupervised ML model 

(Principal Component Analysis (PCA)). Divided the dataset randomly into 75% training and 

25% testing data, and selected three different types of feature sets (prescribed statistical 
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features, estimated statistical features, and SFE grid) to determine which features best describe 

the PFDM inputs. Their best ML model was able to predict the yield stress of HEAs with 

varying SFE landscapes to approximately 2% error.  

 Bhandari et. al. [104],  studied a neural network (NN) model to provide an alternative 

route to determine the Vickers hardness of refractory high entropy alloys (RHEAs).  A dataset 

of 128 HEA samples after removing the redundant values was used for training the NN model 

(consist five hidden layers). To experimentally verify the ML model prediction, 

C0.1Cr3Mo11.9Nb20Re15Ta30W20 alloy was synthesized by vacuum arc melting method; the 

microstructure and chemical compositions were examined using a field emission scanning 

electron microscope equipped with second electron (SE) and energy dispersive spectroscopy 

(EDS) detector and Vickers hardness was tested at five different positions on the sample using 

three testing loads 2000, 500, and 100 gf, for the dwell time of 15 sec. The measured Vickers 

hardness was found to be consistent with the NN model prediction.  

 Buranich et. al. [105], used complex analytical algorithms (Linear Regression (LR), 

Random Forest (RF) and Gradient Boosting Regressor (GBR)) to design and screen new high-

entropy alloys with the proper response to mechanical and thermal processing under casting 

and additive manufacturing-based production for applications in mechatronics industry. The 

126 different equimolar refractory based HEAs were examined for a set of thermal and 

mechanical properties, GBR was found to outperform (above 91% accuracy) among the 

developed models in the prediction. Results revealed that alloys composed of Ti, V, Nb, Hf, 

Ta, and W predominantly exhibited the best combination of properties (TiNbHfTaW, 

CrNbHfTaW and VNbHfTaW alloys demonstrated the best results for mechanical and 

electromechanical engineering applications). 

 Ren et al. [106] utilized a dataset of 205 HEA samples featuring 19 characteristics 

commonly employed in HEA property prediction. They implemented a tree-based machine 

learning model to predict hardness and integrated it with Particle Swarm Optimization (PSO) 

for component optimization. Due to the limited availability of real experimental data, they 

resorted to synthetic data through random oversampling to improve the performance of their 

Component Optimization Model (COM), which raises concerns about the reliability of their 

prediction. Their database primarily included Al, Co, Cr, Cu, Fe and Ni. Moreover, to 

effectively navigate the design space for alloys with high hardness, it is essential to enrich the 

training datasets with refractory alloys, given their inherent high-temperature stability and 

robust mechanical properties. However, a major impediment to the reliable application of ML 
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in materials science continues to be the scarcity of relevant data, particularly for 

HEAs/MPEAs. Roy et al. [107] addressed this issue by employing a generative adversarial 

network (GAN) to explore an 18-dimensional design space involving Co-Fe-Ni-Si-Al-Cr-Mo-

Ti-Nb-V-Zr-Mn-Cu-Sn-Ta-Hf-W-Zn MPEAs using a limited dataset of 241 alloys. They 

successfully designed two new MPEAs with hardness values exceeding 941 HV. 

 The above-mentioned literature primarily focuses on either single-property prediction 

or the discovery of novel compositions through single-property optimization. Very scant 

studies have addressed true multi-objective optimization. Debnath et. al. [23] designed a 

multi-layer perceptron ANN model combined with a genetic algorithm to perform multi-

objective optimization for designing iron-based HEAs with high toughness, Young’s 

modulus, hardness, yield strength (YS), and % elongation. These properties were individually 

paired with ductility (%El) in three separate bi-objective optimizations, using a dataset of 600 

recorded HEAs and 13 input variables. The optimization results indicated that a high Fe 

content (~30%) enhances strength, hardness, and modulus, but leads to a reduction in ductility 

(<10%). Moreover, Hastings et al. [108] developed the BIRDSHOT framework, an integrated 

batch Bayesian optimization system designed to accelerate multi-objective alloy discovery, 

targeting the Al–V–Cr–Fe–Co–Ni high-entropy alloy (HEA) space. The framework optimized 

three mechanical objectives simultaneously: UTS/YS ratio, hardness, and strain rate 

sensitivity (SRS). Using a combination of machine learning models, high-throughput 

synthesis, and mechanical testing, the study demonstrated rapid exploration of a high-

dimensional design space, identifying Pareto-optimal alloys by evaluating only 0.15% of 

candidate compositions. While the approach significantly improved discovery efficiency, 

limitations included moderate improvement in SRS, phase prediction inaccuracies, and the 

exclusion of certain promising compositions due to strict pre-optimization constraints. 

A summary of the literature discussed above is tabulated in Table 2.2. 
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Table 2.2. Summary of literature on mechanical properties of MPEAs using ML 

Authors Key findings 

Menou et. al. 

[109] 

Designed solid-solution hardened Al10Co17Fe34Mo5Ni34 high-entropy 

alloy using Genetic algorithms, Gaussian process statistical analysis 

and CALPHAD. 

Menou et. al. 

[110] 

Developed solid-solution hardened BCC Al-Cr-Mn-Mo-Ti alloys by a 

combination of genetic algorithms, CALPHAD, Pareto optimization 

and data mining. 

Wen et. al. 

[18] 

Developed iterative feedback between ML and experiment to develop 

high-hardness alloys for Al–Co–Cr–Cu–Fe–Ni based high-entropy 

alloy system. 

Kim et. al. 

[19] 

Investigated elastic properties of Al0.3CoCrFeNi HEA using Gradient 

boosting trees combined with ab-initio and experiments.  

Chang et. al. 

[25] 

Utilised Neural Network to find the Al–Co–Cr–Fe–Mn–Ni 

composition with highest hardness. 

Dai et. al. 

[111] 

Predicted thermal and mechanical properties using a deep learning 

potential (DLP) for high entropy (Zr0.2Hf0.2Ti0.2Nb0.2Ta0.2)C alloy. 

Wu et. al. [90] Searched for eutectics in Al–Co–Cr–Fe–Ni HEAs using Neural 

Network. 

Debnath et. 

al. [23] 

Designed ANN model for multi-objective optimization to design the 

iron-based HEAs with high toughness, Young’s modulus, hardness, 

yield strength (YS) and % elongation. 

Roy et. al. 

[95] 

Predicted young’s modulus for low-, medium- and high-entropy alloys 

using Gradient Boost regression.  

Bhandari et. 

al. [20] 

Predicted yield strength of HEAs at the desired temperature using 

Random Forest (RF) regressor. 

Buranich et. 

al. [105] 

Designed and screened new HEAs with proper response to mechanical 

and thermal processing, for applications in mechatronics industry and 

additive manufacturing-based production using Linear Regression 

(LR), Random Forest (RF) and Gradient Boosting Regression (GBR). 

Li et. al. [112] Developed a novel integration method of machine learning, a physical 

model and atomic simulation to obtain the optimal grain size of 

heterogeneous-grained CrCoFeNi HEAs, designed for achieving high 

yield strength.  
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Zhang et. al. 

[113] 

Predicted mechanical properties of non-equiatomic CuFeNiCrCo 

HEAs, using Molecular dynamics (MD) simulation combined with 

machine learning method.  Kernel-based extreme learning machine 

(KELM) model outperformed the others for the prediction of yield 

stress and young’s modulus. 

Bhandari et. 

al. [104] 

Predicted hardness of refractory high entropy alloys (RHEAs) using 

Neural network (NN) model. 

Klimenko et. 

al. [102] 

Developed a surrogate model based on a support-vector machine 

algorithm to predict the strength of Al-Cr-Nb-Ti-V-Zr HEA System. 

Based on prediction, Al13Cr12Nb20Ti20V35 alloy with an excellent 

combination of ductility and yield strength was produced.  

Yang et. al. 

[101]  

Constructed a Machine learning-based alloy design system (MADS) 

to facilitate the rational design of HEAs with enhanced hardness. 

Achieved one optimized sample with superior hardness, which is 

24.8% higher than the highest hardness in the original dataset. 

Li et. al. [114] Predicted the optimum elemental composition for CrxCoyNi100-x-y 

medium entropy alloy (MEA) with high strength and low cost/density 

using ML-based approach coupled with the high-throughput 

Molecular dynamic simulation. 

Vilalta et. al. 

[21]  

Studied the relationship between the stacking fault energy (SFE) 

fluctuations and the yield stress of an FCC HEA using ML models. 

Choi et. al. 

[22] 

Employed Artificial neural network (ANN) to predict the mechanical 

properties such as yield strength, microstructure, and elongation of 

HEA by training the model using the mole fraction and post-process 

information. 

Zhao et. al. 

[115] 

Designed a self-organizing algorithm (SOM) to comprehensively 

analyze some of the previously proposed features, and utilised some 

common ML algorithms, such as a k-nearest neighbour model (KNN), 

support vector machine model (SVM), and artificial neural network 

model (ANN) to find the most suitable ML model for predicting more 

HEAs. 

Zheng et. al. 

[116] 

Proposed a novel method to accelerate the development of ultra-strong 

nano-precipitated HEAs, using ML to thermodynamically confirm the 

alloy composition with proper volume fraction of nanoprecipitate, and 
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the pre-strain aging to kinetically optimize the precipitate 

morphologies. A novel Ni32Co28Fe28Cr3Al3Ti6 (wt.%) HEA with both 

excellent strength and ductility was designed successfully. 

 

Observations 

Numerous studies have successfully applied ML models to predict mechanical properties such 

as hardness, yield strength, Young’s modulus, and elasticity. Strong correlations with 

experimental results were observed in several cases, confirming the potential of ML-driven 

materials design. For example, Wen et. al. [18] and Yang et. al. [101] achieved high-accuracy 

property predictions and compositional optimization with only limited experimental 

validation, highlighting ML’s efficiency in navigating vast compositional spaces. Most 

existing models, however, have focused on single-property prediction, primarily hardness or 

yield strength, often using physical features such as valence electron concentration (VEC), 

mixing enthalpy(ΔHmix), atomic size mismatch (δ) as dominant input descriptors. Khakurel et. 

al. [103], demonstrated that smaller, high-quality, synthesis-specific datasets yield superior 

predictive performance compared to larger, heterogeneous datasets. Nevertheless, the major 

bottleneck remains the scarcity and uneven distribution of experimental data, particularly for 

underexplored compositions, which undermines model generalizability. To address data 

sparsity, several studies (e.g., Roy et. al. [95], Ren et al. [106]) relied on synthetic data 

generation or oversampling to augment sparse datasets. While these techniques support model 

training, they raise concerns regarding prediction reliability and the physical validity of 

generated compositions. 

 Moreover, the availability of growing datasets and increasing computational power, 

most studies continue to focus on optimizing a single property, an approach that fails to meet 

real-world engineering demands where multiple mechanical traits must be balanced 

simultaneously. For instance, Debnath et. al. [23] conducted bi-objective optimization, 

generating separate Pareto fronts for individual property pairs, but did not implement true 

multi-objective optimization across all relevant properties. Such approaches result in 

fragmented, non-integrated solutions that fall short of the comprehensive strategies required 

for practical, high-performance alloy discovery. Furthermore, ML models tuned for only two 

targets are prone to overfitting, particularly when a third property becomes critical. Narrow 

optimization scopes, such as fixing Fe content at 30% (Debnath et. al. [23]), further constrain 
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model’s generalizability and restrict exploration of the broader compositional space, 

ultimately hindering holistic alloy design. 

 While Hastings et al. [108] introduced BIRDSHOT, a modern and efficient batch 

Bayesian optimization framework for alloy discovery, it too has notable limitations. First, it 

targets only the UTS/YS ratio, hardness, and strain rate sensitivity (SRS), while neglecting 

key properties such as elongation and fracture toughness. Second, although phase stability 

was predicted using CALPHAD and ML surrogates, inconsistencies between predicted and 

experimentally observed phases, including unexpected BCC and sigma formations, led to 

inefficiencies in the optimization process. Moreover, BIRDSHOT relies heavily on pre-

optimization filters based on fixed physical constraints (e.g., density and thermal 

conductivity), which may prematurely eliminate promising compositions. Its use of SFE 

predictions from DFT-trained ML models, without experimental validation, introduces further 

uncertainty, particularly since only modest improvements in SRS were observed over 

successive iterations. Finally, batch Bayesian optimization, while efficient, poses the risk of 

batch-wise exploration bias, especially if early candidate selections lack diversity. These 

limitations suggest that while BIRDSHOT marks a major step forward in accelerating multi-

objective materials discovery, future improvements should aim to expand mechanical property 

targets, including elongation and toughness, alongside YS and UTS to develop a more 

complete and practically applicable design framework. 

2.7.3. Discovery and Design of Sustainable MPEAs Free of CRMs/C&SRMs 

In literature reporting development of MPEAs, various compositions have been developed 

through compositional modifications of the base Cantor alloy (CoCrFeMnNi) by replacement 

(CrFeCoNiCu [117] and TiCrFeCoNi [118]), variation (CrMnFeCoxNi and 

CrMnFeCoNix with x = 0–2 [119]), or addition of elements (CrMnFeCoNiCu [1], 

CrMnFeCoNiAlx [44, 120]). Furthermore, reduction-based strategies have spawned lower-

order systems such as binaries, ternaries and quaternary alloys, collectively termed low and 

medium-entropy alloys [44]. Ten binaries, ten ternaries and five quaternaries’ compositions 

can be made from a cantor alloy. Among two of the ten possible binaries (FeNi and CoNi), 

five of the ten possible ternaries (CoFeNi, CrFeNi, FeMnNi, CoCrNi and CoMnNi), and three 

of the five possible quaternaries (CoCrFeNi, CoFeMnNi and CoCrMnNi) are single phase 

FCC solid solution [121] [122]. Interestingly, equiatomic CoCrNi medium entropy alloy, 

shows better mechanical properties than the original Cantor alloy, which demonstrate that 

configurational entropy (increasing number of elements in an alloy) does not always guarantee 
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enhanced mechanical performance [123].  

 Beyond these, numerous refractory HEAs (NbMoTaW [124], TixNbMoTaW (x = 0, 

0.25, 0.5, 0.75, 1) [124] VxNbMoTa (x = 0.25, 0.5, 0.75, 1.0) [125], 

Nb40Ti25Al15V10Ta5Hf3W2 [126], NbMoTaW(HfN)x (x =  0, 0.3, 0.7, 1.0) [127], MoNbTaVW 

[128], HfNbTaZr [128], Re0.1Hf0.25NbTaW0.4 [129]) and 3d transition metal HEAs 

 (e.g., Al10.3Co17Cr7.5Fe9Ni48.6Ti5.8Ta0.6Mo0.8W0.4 [130], 

Al10.2Co16.9Cr7.4Fe8.9Ni47.9Ti5.8Mo0.9Nb1.2W0.4C0.4 [131]) have been designed, finding 

applications in aerospace, gas turbines, and nuclear sectors. Other MPEAs such as 

CoCrFeNiTax (x = 0, 0.1, 0.2, 0.3, 0.4, 0.5, and 0.75) [132], CoCrFeNiNbx (x = 0, 0.103, 

0.155, 0.206, 0.309 and 0.412) [133] and  CoCrFeNiNbx (x = 0.1, 0.25, 0.5 and 0.8) [134] 

have also shown a remarkable combination of high strength and ductility for their eutectic 

counterparts such as CoCrFeNiTa0.4 and CrFeCoNiNb0.5 respectively. Apart from these 

compositions, various MPEAs have been developed by extensively utilizing elements such as 

Al, Cu, Cr, Ti, V, W, Ta, Hf, Nb, Mo, Zn, Zr, Si, while certain precious metal MPEAs 

incorporate elements such as Ag, Pt, Au, Ru, Rh, Pd.  

However, a significant number of these high-performance MPEAs incorporate critical raw 

materials (CRMs) or critical and strategic raw materials (C&SRMs) such as Hf, Nb, Ta, W, 

Pt, Pd, Ru, and Rh, elements marked as critical due to supply risks and environmental impacts 

[135-137]. The reliance on CRMs/C&SRMs not only generates substantial emissions during 

recycling processes but also imposes serious vulnerabilities in global supply chains, thereby 

hindering the pursuit of Net-zero ambitions. Rizzo et al. [136] emphasized the importance of 

having a flawless supply chain of raw materials to maintain a sustainable circular economy. 

This highlights the urgent need to minimize the use of CRMs and C&SRMs, reduce import 

dependency, and limit extensive mining, which are all crucial steps toward advancing 

sustainable alloy development and achieving Net-Zero goals. 

 Despite extensive research on performance-driven MPEAs, only one study directly 

addressing the sustainability challenges of high-entropy materials (HEMs) was identified. Han 

et al. (2024) critically reviewed these sustainability challenges in MPEAs, highlighting that 

many of these alloys rely heavily on CRMs such as Co, Ni, Ta, and W, which are expensive, 

scarce, and environmentally taxing. To improve sustainability, they proposed strategies such 

as utilizing scrap and waste feedstocks (secondary and tertiary synthesis), moving beyond 

strict equimolar compositions, exploring mixed mineral extraction processes, and designing 

impurity-tolerant microstructures. They advocated for a holistic sustainability-driven design 
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approach that integrates thermodynamic and kinetic modeling, recycling strategies, and life 

cycle assessment tools, ultimately outlining pathways to reduce the carbon footprint, 

production costs, and CRM dependency of future HEAs without compromising performance. 

 Notably, no study to date has integrated machine learning (ML) specifically to address 

sustainability, particularly with regard to reducing or eliminating critical raw materials 

(CRMs) or critical and strategic raw materials (C&SRMs). 

Observations 

Despite extensive progress in MPEAs/HEAs research, little attention has been devoted to 

sustainability, particularly in reducing or eliminating the use of CRMs and C&SRMs. 

Although various compositional modifications of the base Cantor alloy have yielded high-

performance MPEAs, most continue to incorporate CRM/C&SRMs-rich elements. Even 

advanced alloys developed for structural and aerospace applications frequently exhibit this 

dependency. The existing literature also reveals a lack of integrated machine learning (ML) 

frameworks explicitly aimed at discovering CRM/C&SRMs-free or sustainability-oriented 

MPEAs. Furthermore, current MPEA databases are skewed toward CRM-heavy 

compositions, introducing bias into model training and predictions. Hence, there is a critical 

need for sustainability-aware alloy discovery frameworks capable of enabling the design of 

next-generation MPEAs while mitigating ecological and geopolitical risks. 

Tables 2.1 and 2.2 collectively summarize the representative machine-learning approaches 

applied to MPEA design and optimization, detailing the input descriptors, algorithms, and 

reported predictive performances for both phase prediction and mechanical-property 

prediction. Complementing this, Section 2.7.3 highlights the critical motivation for 

minimizing the use of CRMs/C&SRMs in alloy development. Together, this consolidated 

overview establishes a clear scientific basis and rationale for the integrated data-driven 

frameworks developed in the present work. 

2.8. Research Gaps 

Despite considerable progress in applying machine learning to MPEAs, through approaches 

such as surrogate modeling, generative adversarial networks (GANs), and active learning, 

most efforts have remained focused on phase classification [12, 81, 92], prediction of 

mechanical properties, such as hardness, yield strength, or elastic modulus [20, 95, 104, 138, 

139], and the discovery of novel alloy compositions [18] [116] without considering the 
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elimination of CRM/C&SRMs. However, several critical gaps continue to limit the effective 

design, deployment, and sustainability of MPEAs. 

  First, the development of robust, reliable, and generalizable ML models for phase and 

property prediction remains constrained by the scarcity and inconsistent quality of 

experimental data, as well as the limited consideration of processing-route effects on phase 

and property outcomes (i.e., composition–processing–structure–property relationships). This 

challenge is further compounded by the widespread reliance on synthetic data augmentation, 

which, although often employed to mitigate data scarcity, frequently compromises model 

reliability. Second, open-source materials informatics toolkits, which are specifically 

developed to support materials researchers with limited expertise in machine learning, have 

not been systematically employed for predicting the mechanical properties of complex alloy 

systems such as MPEAs. Their limited adoption has impeded efforts to establish 

benchmarking standards, ensure reproducibility, and promote accessibility, factors that are 

essential for advancing standardized practices in the field. 

 Moreover, the vast compositional space of MPEAs remains insufficiently explored 

with respect to advanced multi-objective optimization. Current efforts largely emphasize 

single-property optimization, neglecting the inherent trade-offs between competing 

properties, most notably the long-standing strength–ductility dilemma, thus restricting the 

practical applicability of discovered alloys. Finally, the majority of high-performance MPEAs 

continue to rely heavily on CRMs and C&SRMs such as Co, Ta, Hf, and V. This dependence 

introduces significant challenges related to material cost, supply risk, and long-term 

sustainability, directly conflicting with global priorities such as achieving Net Zero targets 

and promoting resource-efficient material design. 

 In summary, addressing these interconnected limitations, including data scarcity, 

inadequate consideration of processing-route effects on phase and property outcomes, 

synthetic data augmentation, limited adoption of open-source toolkits developed specifically 

for materials researchers, the absence of robust ML-based frameworks for multi-objective 

optimization, and the continued overreliance on CRMs and C&SRMs in developing high-

performance MPEAs, is essential for advancing both the scientific understanding and the 

technological deployment of MPEAs. 

 

2.9. Objectives of the Present Work 

 

The primary objective of this thesis is to develop robust and generalizable machine learning 

frameworks for phase and mechanical property prediction, multi-objective optimization of 
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competing properties, and the design of CRM/C&SRMs-free or CRM/C&SRMs-lean MPEAs 

for a sustainable future. A key emphasis is placed on improving model generalizability by 

exclusively leveraging high-quality experimental datasets, restricted to alloys synthesized via 

a consistent route (melting and casting), without resorting to synthetic data augmentation.  

 The research also advances sustainability through a dual strategy: (i) an ML-guided 

chemical tuning approach that combines CALPHAD-generated datasets with hybrid 

optimization to design CRM-free or CRM-lean alloys; and (ii) a non-ML-based physical 

design approach via strain engineering to minimize dependence on C&SRMs.  

The sub-objectives of the present work are as follows. 

• To develop a phase prediction framework trained exclusively on high-quality 

experimental data, without the use of synthetic data augmentation, and benchmark its 

performance against augmented models. 

• To implement MAST-ML for mechanical property prediction using experimentally-

derived dataset, and critically evaluate its robustness and limitations. 

• To establish a novel ML framework for multi-objective optimization of YS, UTS, and 

𝓔, thereby addressing the strength–ductility trade-off.  

• To design a hybrid ML–metaheuristic framework, integrating CALPHAD (Thermo-

calc)-generated data, for identifying CRM-free or CRM-lean MPEAs. 

• To investigate strain engineering as a sustainable non-ML pathway for designing 

C&SRM-free alloys by exploiting microstructural modifications (dislocation density, 

grain refinement, TWIP, TRIP). 

To accomplish these objectives, the present work has been structured into five stages, as 

illustrated in Figure 2.5. 
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Figure 2.5. Overview of the present research work
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Stage 1: Initially, a comprehensive literature survey relevant to MPEAs/HEAs has been 

thoroughly conducted, reviewing diverse strategies for their discovery, development, and 

deployment. Particular focus was placed on studies employing machine learning approaches. 

Based on this analysis, key research gaps were identified, forming the basis for the present 

work. The overall aim of this thesis is the design and development of sustainable, high-

performance MPEAs using machine learning methodologies. 

 

Stage 2: Phase prediction study has been carried out by developing a robust ML framework 

trained on a large experimental database curated from MPEA/HEA literature, restricted to a 

specific synthesis route for consistency. To analyze the effect of augmenting synthetic data, 

which is routinely done in literature to improve model’s accuracy, two models have been 

compared: one trained solely on experimental data and another trained on synthetically 

augmented dataset. Model performance was evaluated using reliable metrics for imbalanced 

datasets (precision, recall, F1-score, ROC-AUC), rather than accuracy alone. The framework 

was further validated experimentally through the synthesis of a novel MPEA composition. 

 

Stage 3: Building on the phase prediction efforts, a focused study was conducted to predict 

mechanical properties of MPEAs using a small yet high-quality experimental dataset. This 

work marks the first systematic application of the open-source toolkit MAST-ML, designed 

for materials researchers with limited or no prior ML expertise, to model complex alloy 

systems such as MPEAs. Predictions were validated against literature-reported data excluded 

from training and testing, and the toolkit’s robustness and limitations were critically evaluated. 

Recognizing the limitations of MAST-ML, a novel ML framework was subsequently 

developed from scratch to perform multi-objective optimization, simultaneously balancing 

yield strength (YS), ultimate tensile strength (UTS), and elongation (𝓔) in order to address the 

long-standing strength–ductility trade-off. The predictions of this framework were validated 

against independent literature data. 

 

Stage 4: A novel hybrid ML–metaheuristic optimization framework was developed to address 

the urgent need to minimize reliance on critical raw materials (CRMs) in sustainable alloy 

design. Given the severe scarcity of CRM-free MPEAs data in the literature, a large 

computational database was generated using CALPHAD-based Thermo-Calc 2024a 
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simulations, focusing on Vickers hardness values for unary and binary compositions. This 

dataset enabled the training of ML models integrated with metaheuristic algorithms to 

systematically explore the compositional space and identify novel CRMs-free or reduced-

CRMs (CRMs-lean) MPEAs. The predicted hardness of the newly designed compositions was 

benchmarked against CALPHAD-evaluated values to ensure reliability of the framework. In 

addition, reduced-CRM alloys were systematically compared with their CRM-rich 

counterparts reported in the literature to evaluate the feasibility of partially or completely 

substituting costly elements such as Co, Nb, Ta, and W with more readily available 

alternatives, without compromising mechanical performance. To further validate the 

framework, a representative reduced-CRM MPEA was synthesized, and its Vickers hardness 

was measured. 

 

Stage 5: Strain engineering was investigated as a sustainable, non-ML-based physical design 

strategy to minimize reliance on critical and strategic raw materials (C&SRMs), in contrast to 

the previous stage which employed ML-guided chemical tuning for compositional design. 

This approach aimed to establish a theoretical framework for enhancing mechanical properties 

without altering alloy chemistry or incorporating costly C&SRMs. Literature evidence was 

systematically analyzed to demonstrate how processing parameters, such as strain rate and 

cooling rate, can be exploited as mechanical tools to tailor microstructure and thereby tune 

performance. Strain-induced modifications, including dislocation accumulation, ultrafine 

grain refinement, and the activation of twinning-induced plasticity (TWIP) and 

transformation-induced plasticity (TRIP) mechanisms, were critically examined to understand 

their role in improving mechanical properties. Comparative analyses of pure elements and 

MPEAs synthesized via different processing routes were conducted to assess the effectiveness 

of this approach. Beyond mechanical improvements, strain engineering was also considered 

for its broader sustainability benefits, including weight reduction, reduced material 

consumption, and alignment with resource-efficient alloy design. 

 

The details of the work are presented in the subsequent chapters. 
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Chapter 3     

Development of a ML Framework for Phase Prediction in 

MPEAs and Experimental Validation through a Novel Alloy 

 

3.1. Introduction 

This chapter presents a robust machine learning (ML) framework for predicting the phases 

of MPEAs based on experimentally reported data from the literature. A new, comprehensive 

database was curated, encompassing ternary, quaternary, quinary, and other multicomponent 

alloys, including 3d transition metal MPEAs, refractory metal MPEAs, precious metal 

MPEAs, MPEA brass and bronze, as well as low-density MPEAs. To ensure consistency, 

this study exclusively focused on alloys synthesized through a single processing route, 

namely melting followed by casting, in order to minimize variability arising from different 

synthesis methods. Given that the consolidated dataset exhibited class imbalance, multiple 

performance metrics beyond mere accuracy were utilized, including the ROC-AUC score, 

Precision, Recall, and F1-score, to provide a holistic evaluation of the model's predictive 

capability. A novel composition was synthesized and characterized to validate the reliability 

of the developed framework. The proposed approach was designed to generate preliminary 

insights into likely phase formation prior to undertaking time-intensive experimental 

investigations. Furthermore, the chapter critically examines the reliability of synthetic data 

augmentation, which is a practice commonly observed in the literature, for phase prediction 

in complex alloy systems such as MPEAs. 

3.2. ML Framework Developed for Predicting Phase 

The ML framework developed and employed in this study for phase prediction of MPEAs 

involves a series of systematic steps, as presented in Figure 3.1. First, a dataset was collected 

from published experimental literature and subjected to preprocessing to ensure quality and 

consistency. The processed dataset was then divided into training and test sets using stratified 

sampling with an 80/20 ratio. Subsequently, various ML algorithms, including K-Nearest 

Neighbor (KNN), Support Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), 

and Extreme Gradient Boosting (XGBoost), were employed for model development. These 

algorithms were trained on the training set and evaluated against the test set, followed by a 

validation step to assess their predictive performance and robustness. Finally, the best-

performing model was selected to predict the phases of unseen compositions that were not the 
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part of either training or test sets, and a novel composition was experimentally synthesized to 

further examine the robustness of the model’s predictive capability. Each step is discussed in 

detail in the subsequent sections. 

 

Figure 3.1. ML framework used in this study for predicting phases of MPEAs 
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3.3. Data Collection 

Achieving homogeneity in data collection for MPEAs remains challenging due to the varying 

stoichiometric ratios, synthesis routes, and processing conditions adopted by different 

researchers. This makes it difficult to consolidate the data for meaningful comparison. In the 

existing literature on phase prediction of MPEAs using ML algorithms, no study has 

specifically focused on a particular synthesis route to reliably extract data from experimental 

studies. For example, Bakr et al. [84] employed a neural network on a dataset of 775 HEA 

samples synthesized using various manufacturing routes (arc-melting, sintering, selective 

laser melting, and others), achieving an accuracy of 93.4% in predicting different phases, 

including amorphous (AM), BCC, FCC, and intermetallic (IM) phases. However, despite 

achieving such a high accuracy, their model failed to correctly predict the existence of AM 

phase, as the effect of manufacturing methods on the resulting phase of HEAs was not 

considered. 

 In this study, a dataset of 1,200 unique MPEA compositions was extracted from the 

literature, focusing exclusively on melting and casting routes while excluding other processing 

methods [5, 81, 140]. This strategy helps avoid spurious effects introduced by alternative 

processing techniques on the resulting phase. The synthesis methods included induction 

melting, induction levitation, vacuum induction melting followed by casting, arc melting or 

smelting followed by casting, arc melting followed by suction casting, and electric or vacuum 

arc melting followed by suction casting. Alloys synthesized through other routes, such as 

powder metallurgy, additive manufacturing, and related methods, were excluded to avoid the 

influence of varying synthesis routes [10]. To provide a systematic understanding of the 

collected dataset, the subsequent section first outlines the taxonomy of HEAs and the phases 

considered in this study, followed by a detailed description of each descriptor and its 

significance for reliable phase prediction.  

3.3.1. Taxonomy of MPEAs 

 

Depending on the chemical nature of their constituent elements, MPEAs or HEAs can be 

classified into five main subfamilies:  

(i) 3D transition metal high-entropy alloys (3d TM HEAs) composed of elements such as 

Fe, Ni, Co, Mn, Ti and Cr, which typically form face-centered cubic (FCC) solid 

solutions;  

(ii) Refractory high entropy alloys (RHEAs), consisting of elements from groups IVB, 

VB and VIB of the periodic table, which generally forms body-centered cubic (BCC) 

TH-3891_206103028



68  

solid solutions;  

(iii) Low-density high-entropy alloys, composed of lightweight elements such as Al, Be, 

Li, Mg, Ti, Sc, which often exhibit hexagonal closed-packed (HCP) structures;  

(iv) Lanthanide-based HEAs, consisting of at least four lanthanide elements, which also 

tend to form HCP solid solutions; and  

(v) Other HEAs, representing a diverse category that includes alloys forming multiple 

chemically disordered solid solutions (FCC, BCC, or HCP), ordered phases such as 

B2 and L21, as well as various intermetallic compounds, including σ, μ, and Laves 

phases (e.g., C14, C15, and C36) [141].  

Drawing from the existing literature that categorizes alloy compositions according to their 

conformity or deviation from the ideal theory of HEA formation, a comprehensive taxonomy 

of HEAs is presented in Figure 3.2. 
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Figure 3.2. Taxonomy of HEAs based on different definitions in the existing literature
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The various phases theoretically known to date in HEAs can be categorised as follows: 

a. Ordered solid solution (SS) phases: HEAs consisting of a single ordered crystalline 

phase, such as B2 or β-ordered BCC. 

b. Disordered solid solution (SS) phases: Phases exhibiting BCC, FCC, or HCP 

structures without long-range ordering. 

c. Mixed solid solutions (Ordered + Disordered): Combinations of ordered and 

disordered phases such as, FCC + BCC, BCC + B2, or FCC + B2. 

d. Pure Intermetallic (IM) phases: Phases including α, β, σ, μ, L12, L21, and Laves phases 

such as C14, C15, and C36. 

e. Intermetallic + solid solution (IM + SS) phases: Coexisting intermetallic and solid 

solution phases, such as BCC + C14 Laves, BCC1 + BCC2 + C15 Laves, BCC + β-

ordered BCC, FCC + CoMo2Ni-type IM, FCC + IM combinations. 

To facilitate phase prediction, the identified phases were clustered into four broader 

categories. Specifically: categories (a) and (b) were grouped as single-phase solid solution 

(SS), category (c) was designated as mixed solid solutions (MSS), and categories (d) and (e) 

were combined and labeled as a mixture of intermetallic phases (MIP), as shown in Figure 

3.3. Based on the most frequently reported phases in the literature, the database used in this 

study included four phase types: FCC, BCC, FCC + BCC, and MIP (mixture of intermetallic 

phases). Due to the limited availability of data corresponding to the HCP solid solution phase, 

it was excluded from the present study. 

 

Figure 3.3. Classification of HEA phases with the emphasis on four phases considered in 

this study 
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The complete dataset was labelled in four categories: FCC, BCC, FCC + BCC, and MIP (see 

Figure 3.3). Alloys exhibiting a single-phase ordered or disordered FCC structure, or multiple 

FCC phases (e.g., FCC1 + FCC2) were grouped under the ‘FCC’ category. Similarly, alloys 

with a single-phase ordered or disordered BCC structure, or multiple BCC phases (e.g., 

BCC1 + BCC2) were included in the ‘BCC’ category. Mixtures of FCC and BCC phases were 

considered in the ‘FCC + BCC’ category. Compositions containing pure IM compounds, such 

as Laves, α, β, or sigma phases, or mixtures of solid solution and intermetallic phases (e.g., 

FCC + IM, FCC + BCC + α, BCC + IM, FCC + α + β, BCC + Laves etc.) were categorized as 

‘MIP’. Amorphous phases were not considered in this analysis.  

3.3.2. Description of Collected Database 

The curated database comprises 1,200 unique alloy entries, distributed as follows: 441 MIP, 

372 BCC_SS, 220 FCC_SS, and 167 mixed FCC+BCC phases. During dataset compilation, 

an initial cleaning step, including duplicate removal and consistency checks, was performed 

to ensure data integrity. All compositions extracted from the literature were synthesized via 

melting and casting routes, and no duplicate alloys were retained in the final dataset (see 

Figure 3.4). 

 

Figure 3.4. HEA dataset showing the (a) numbers, and (b) percentages of different phases of 

HEAs such as MIP, BCC_SS, FCC_SS, and FCC+BCC in the dataset 
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Depending on the number of instances belonging to each class, a dataset can typically be 

recognized as balanced (when the number of instances available from each class is equal) or 

imbalanced (when the number of instances available from each class is different) for a 

classification problem. In the case of an imbalanced dataset, the class with the highest and 

least number of instances is known as the majority and minority class, respectively. The 

present database, which includes HEAs developed via only melting and casting routes, has 

been identified as imbalanced. The impact of this imbalance on the performance of ML models 

is explicitly discussed in Section 3.8.  

 The dataset contains a total of 35 different input feature variables (including the 

chemical composition and fundamental physical parameters) and one target variable i.e., the 

resulting phase for each composition of MPEA. To provide an overview of the dataset, a 

representative snapshot of the imported data is presented in Table 3.1. The complete dataset 

is provided as an excel sheet in Supplementary 3s. Chemical composition comprising 30 

elements (Al, Co, Cr, Fe, Ni, Cu, Mn, Ti, V, Nb, Mo, Zr, Hf, Ta, W, C, Mg, Zn, Si, Re, N, Li, 

Sn, Be, B, Ag, Pt, Y, Pd, Au) and five physical parameters that are crucial for phase prediction 

of MPEAs were taken in to consideration. The range of compositional and physical parameters 

(minimum, maximum, average and standard deviation values) are tabulated in Table 3.2.  
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Table 3.1. Representative snapshot of the imported dataset, illustrating the structure and key descriptors considered for phase prediction in this study 
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Table 3.2. Range of composition (atomic weight %) and physical parameters used in this 

study 

Variant Minimum Maximum Average Deviation 

Al 10 100 33.55 24.86 

Co 10 99.99 21.58 10.84 

Cr 10 100 21.67 11.86 

Fe 10 99.99 22.57 10.8 

Ni 10 99.99 22 9.64 

Cu 10 100 25.76 19.8 

Mn 10 89.3 23.8 11.96 

Ti 10 100 30.26 21.67 

V 10 100 30.23 24.07 

Nb 11.11 100 26.2 16 

Mo 10 100 29.65 23.98 

Zr 10 100 23.9 13.44 

Hf 11 100 26.09 21.35 

Ta 10 99 23.52 13.1 

W 10 90 27.7 19.75 

C 10 100 38.5 25.34 

Mg 10 71.9 34.88 14.82 

Zn 10      52.6 30.79 14.5 

Si 10 100 34.63 26.6 

Re 10 10 10 NaN 

N 19 35 32.33 6.53 

Li 10 50 24.75 15.27 

Sn 10 99 37.51 25.33 

Be 16.7 16.7 16.7 NaN 

B 15.4 98.4 50.57 35.32 

Ag 16.7 16.7 16.7 NaN 

Pt 20 20 20 NaN 

Y 11.8 20 16.4 4.01 

Pd 20 40 30 14.14 

Au 16.7 16.7 16.7 NaN 

ᐃHmix (kJ/mol) -166.38  14.82  -8.61  8.65  

ᐃSmix (J/K. mol) 1.609 19.05 12.99 1.905 
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δ (δ*100) 0.056  69.93 5.48 3.29 

ᐃχ 0.015 3.92 0.171 0.253 

VEC 2.0 10.4 6.74 1.54 

 

3.3.3. Crucial Physical Parameters Included in the Collected Database 

Among all physical parameters (atomic size difference (δ), electronegativity difference (ᐃχ), 

valence electron concentration (VEC), thermodynamic rule (mixing enthalpy (ᐃHmix) and 

mixing entropy (ᐃSmix)), and others (-parameter, ‐parameter, and γ-parameter)) proposed 

for guiding the design of stabilizing phases of HEAs, only five crucial parameters (ᐃHmix, 

ᐃSmix, δ, ᐃχ, VEC) were considered for this study, as these are widely accepted and easy to 

compute. Empirical relations observed in high entropy alloys literature suggest that an HEA 

(solid-solution phase) formation becomes plausible when 𝛿<6.6% and 11.6 < ∆Hmix < 3.2 

kJ/mol. When 𝛿 is large (𝛿>6.6%) and ∆Hmix is noticeably negative (∆Hmix = -12.2 kJ/mol) 

[68], it leads to an amorphous phase instead of a crystalline phase. Intermetallic compounds 

tend to form in the intermediate range in terms of 𝛿 and ∆Hmix, or it overlaps largely with those 

for solid solutions and amorphous phase. Furthermore, for the identification of crystal 

structure in various solid solution forming HEAs, the effect of VEC was formulated and the 

threshold value were found to be as below: 

• BCC when VEC < 6.87,  

• FCC when VEC > 8.0 and  

• Mixed phase (BCC+FCC) when VEC is in between 6.87 and 8.0.  

The criterion proposed by Zhang et al. [142] was almost the same for 𝛿 (𝛿 < 6.6%), although 

the range of ∆Hmix differed slightly (-15 < ∆Hmix < 5 kJ/mol). A joint plot and swarm plot of 

the consolidated dataset were made (see Figure 3.5) to visualize and examine whether the 

HEA instances in the database satisfy the established empirical rules.  
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Figure 3.5. (a) Joint plot of ᐃHmix  and (𝛿) for the collected dataset, (b) swarm plot showing 

the role of VEC in phase selection among BCC, FCC, MIP, and FCC+BCC structures, each 

satisfying the HEA criteria defined by empirical rules in the literature

TH-3891_206103028



77  

As shown in Figure 3.5, the current database is satisfying these empirical phase-selection rules, 

with the joint plot of (∆Hmix –𝛿) and a swarm plot of VEC values for four different phases of 

HEAs. The ᐃHmix for the available HEAs in the dataset was calculated using Miedema’s rule 

[143], while ᐃSmix, δ, ᐃχ, VEC were computed following the method proposed by Guo et al. 

[144].  

 Other parameters, such as geometric parameter (γ), still awaits support from more 

experimental data and the complete information is still missing from the current HEA literature. 

Accordingly, the five key physical parameters that are primarily responsible for determining the 

crystal structure in HEAs were considered in this study. The mere requirement of these five 

theoretically accessible parameters to guide alloy design underscores the simplicity and 

practicality of the developed methodology, thereby enabling more efficient and effortless 

development of HEAs in the future. 

3.3.4.  Evaluation of Correlations Among Five Physical Parameters 

To visualize the correlation among features as a sanity check for identifying redundant features, 

a Pearson correlation matrix of five physical parameters (ᐃHmix, ᐃSmix, δ, ᐃχ, VEC) governing 

the formation of HEAs was drawn using the seaborn library in python (see Figure 3.6). Two 

features that are strongly positively correlated (i.e., when they move in tandem) or negatively 

correlated (i.e., when they are inversly related) can lead to the problem of multicollinearity, 

which significantly reduces model performance and increases the standard error. Thus, it is 

suggested to eliminate one of the features if a strong correlation exist between them [145, 146]. 

However, as shown in Figure 3.6, no strong positive or negative correlation was observed 

between any pair of these independent features. Consequently, all five physical parameters 

were retained for further analysis without elimination.  
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Figure 3.6. Heatmap illustrating the Pearson correlation coefficients among the five key 

parameters influencing HEA formation 

 

3.4.  Data Processing  

The data processing described in this section was performed after initial cleaning of the curated 

database, as detailed in Section 3.3.2, where duplicate or inconsistent entries were removed and 

compositional consistency was ensured. Before feeding the data into the ML algorithms, several 

statistical processing steps were performed to enhance the reliability of predictions [147, 148]. 

The categorical phase data was encoded into numeric values as follows: MIP = 0, BCC = 1, FCC 

= 2, and FCC + BCC = 3. Outlier detection was used to identify and remove outliers (anomalies) 

from the database. To address missing values (NaN), various imputation methods were 

employed, including simple imputation with different strategies (mean, median, and constant), 

KNN imputation and MICE (Multiple Imputations by Chained Equations) imputation. Feature 

scaling was performed on each set of imputed data to normalize the data into a finite range, using 

robust scalar imported from scikit-learn library. The robust scaling formula can be expressed as 

[147]: 

𝑋robust =
X−Xmedian

X75−X25
  (3.1) 

where X is an input variable, Xmedian is the median of X, X75 is the 75th quantile and X25 is the 

25th quantile of X. The difference between 75th quantile and 25th quantile is also known as 

interquartile range (IQR). The dataset was subsequently divided into training (80%) and testing 

(20%) subsets to enable model development and performance evaluation. 
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3.5. Brief Description of Employed ML Algorithms 

3.5.1. K-Nearest Neighbors (KNN) 

The KNN algorithm searches for the nearest neighbors by measuring the distance between the 

two points [149, 150], as shown in Figure 3.7, and is expressed as:   

𝑑(𝑞, 𝑥𝑖) = ∑  𝑓∈𝐹 𝑤𝑓𝛿 (𝑞𝑓 , 𝑥𝑖𝑓
)  (3.2) 

for classifying an unknown input variable (q) one needs to know the existing input variable (xi) 

in F and the weight factor (wf) for each feature. Based on this distance, the k nearest neighbors is 

selected, and the class of q is determined from the voting of the nearest neighbors as mentioned 

below: 

Vote (𝑦𝑖) = ∑  

𝑘

𝑐=1

1

𝑑(𝑞, 𝑥𝑐)𝜌
1(𝑦𝑖, 𝑦𝑐) 

(3.3) 

this returns 1 if the class labels matches or 0 if does not match. The vote assigned to class yi by 

neighbor xc is the inverse of their distance, i.e., 1(yi , yc). 

 

Figure 3.7. Schematic of K-Nearest Neighbours algorithm 

The KNN algorithm makes predictions by searching for similar instances based on the specified 

value of k, using the Euclidean distance metric. In this study, important hyperparameters of the 

model, such as k (n_neighbors = 5), and the distance metric (euclidean), were set to their default 

values. 

3.5.2. Support Vector Machine (SVM) 

The SVM classifier searches for the hyper plane that best separates different classes by 

maximizing the margin, defined as the distance between the nearest data points from different 
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classes [151, 152], as shown in Figure 3.8. The closest data points that define these margins are 

known as support vectors. Important hyper-parameters of the model, such as the Regularization 

parameter (C = 1.0), and kernel function (‘rbf’, radial basis function), were set to their default 

values in this study. 

The decision function is expressed as follows:  

𝑓(𝑥) = 𝑤. 𝑥 + 𝑏 (3.4) 

𝑚𝑖𝑛
𝐰,𝜉

  {
1

2
∥ 𝐰 ∥2+ 𝐶 ∑  

𝑁

𝑖=1

𝜉𝑖} (3.5) 

Subject to: 𝑦𝑖(𝐰 ⋅ 𝐱𝐢) ⩾ 1 − 𝜉𝑖 , 𝜉𝑖 ⩾ 0 (3.6) 

  

Figure 3.8. Schematic of Support Vector Machine algorithm 

3.5.3. Decision Tree Classifier (DTC) 

A decision tree classifier splits the dataset into root node, sub-node and leaf-node by calculating 

the information gain, i.e., the change in entropy after dividing a dataset based on attributes, which 

helps to determine the order of features in various nodes of a decision tree (quality of splitting) 

[153, 154].  Information gain is calculated as expressed below:  

𝐻( 𝑌 ∣ 𝑋 ) = 𝐻(𝑋, 𝑌) − 𝐻(𝑋) (3.7) 

where 𝐻(𝑌 ∣ 𝑋) is the conditional entropy, 𝐻(𝑋) is the entropy of random variable X, and 

𝐻(𝑋, 𝑌) is the joint entropy, calculated as follows:  

𝐻(𝑋, 𝑌) = − ∑  

𝑖,𝑗

𝑝(𝑥𝑖 , 𝑦𝑗)log2 𝑝(𝑥𝑖 , 𝑦𝑗) (3.8) 
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It is based on the branching method to match all the possible outcomes based on the consequences 

of our decisions. Criterion= ‘gini’ for Gini impurity, max_depth=None, and min_sample_split=2, 

are some of the important hyper-parameters of DTC, set by default. The schematic of decision 

tree algorithm is presented in Figure 3.9. 

  

Figure 3.9. Schematic of Decision Tree algorithm 

3.5.4. Random Forest Classifier (RFC) 

Random forest algorithm is an ensemble of various decision trees, builds on different samples, 

and takes majority voting for classification (see Figure 3.10). It uses Bootstrap Aggregating or 

Bagging method. In a random forest classifier, ensembles of various decision trees (base learners) 

are considered such as ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝐽(𝑥), and majority of votes is taken to calculate f(x) 

such that the loss function is minimized [155, 156]. Loss function is expressed as below: 

𝐿(𝑌, 𝑓(𝑥)) = 𝐼(𝑌 ≠ 𝑓(𝑥)) = {
0, if 𝑌 = 𝑓(𝑥)
1, otherwise 

 
(3.9) 

Voting is based on 𝑓(𝑥) = arg 𝑚𝑎𝑥 ∑  𝐽
𝑗=1 𝐼(𝑦 = ℎ𝑗(𝑥))                                                           (3.10) 

  

Figure 3.10. Schematic of Random Forest algorithm 

TH-3891_206103028



82  

Some important hyper-parameters such as: n_estimators=100, criterion= ‘gini’, 

max_depth=None, and min_sample_split=2, are set by default for the present study. 

3.5.5. Extreme Gradient Boosting (XGBoost) 

XGBoost is an ensemble learning algorithm that employs parallel tree boosting, where a single 

weak model is improved by combining it with several other weak models to produce a 

collectively strong model [151, 157], as shown in Figure 3.11. The objective function is 

expressed as: 

obj (𝜃) = ∑  𝑛
𝑖 𝑙(𝑦̂𝑖, 𝑦𝑖) + ∑  𝐾

𝑘 Ω(𝑓𝑘)                                                          (3.11) 

The term 𝑙(𝑦̂𝑖, 𝑦𝑖) represents the loss function, which measures the difference between predicted 

output and the actual output, where 𝑦𝑖 is the actual output, and 𝑦̂𝑖 is the predicted output given 

by 𝑦̂𝑖 = ∑  𝐾
𝑘 𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ 𝐹. 𝑥𝑖 is the input variable and Ω(𝑓𝑘) is regularization term that helps to 

avoid overfitting by penalizing the complexity of the model. XGBoost is trained additively, 

where one tree is optimized and added each at a time. Learning_rate = 0.30, max_depth = 6, and 

n_estimators = 100 are default hyper-parameters used in this study. 

 

Figure 3.11. Schematic of XGBoost algorithm 

3.6. Model Training and Testing 

All five of the above-mentioned ML algorithms were trained on the training data and tested on 

the test data, and their performance was evaluated using various evaluation metrics. While 
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accuracy is a well-accepted measure for evaluating classification problems, it can be misleading 

in case of imbalanced datasets such as the one addressed in this study. Therefore, alternative 

evaluation metrics were explored to appropriately assess the performance of ML models, as 

accuracy alone is not considered reliable.  

3.6.1. Evaluation Metrics for Imbalanced Data Classification  

Various evaluation metrics, such as Precision, Recall, F1-score, and ROC-AUC, available in the 

scikit-learn module (version 1.1.1) [158] in python (version 3.9.12), are widely recognized as 

robust measures for imbalanced data classification [159]. A detailed description of these metrics 

is provided in Table 3.3. Precision measures the fraction of predicted positive cases that are 

actually true positives (TP), whereas Recall reflects the model’s ability to correctly identify all 

true positives (TP). The F1-score calculates the harmonic mean of Precision and Recall [160, 

161].  

Table 3.3. Evaluation metrics and their statistical definition used for an imbalanced multiclass 

classification problem 

Evaluation Metric 

Terms 
Description 

True Positive (TP) TP is the total number of right predictions when the actual class was 

positive.  

True Negative (TN) TN is the total number of right predictions when the actual class was 

negative. 

False Positive (FP) FP is the total number of wrong predictions when the actual class was 

positive. 

False Negative (FN) FN is the total number of wrong predictions when the actual class was 

negative. 

Accuracy 
 

TP+TN

TP+TN+FP+FN
  

Precision Precision tells how many of the correctly predicted classes actually 

turned out to be positive. 

Recall  Recall, on the other hand, make sure that positive observations are not 

being missed. 
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The receiver operating characteristic (ROC) curve is a probability curve typically plotted for 

binary classification tasks at different threshold values [158, 162]. It  can be extended to 

multiclass classification using the ‘one-vs-one’ and ‘one-vs-rest’ strategies [158, 163]. In this 

study, the ‘one-vs-rest’ strategy was employed to compute the AUC score by calculating area 

under the ROC curve for each class against the rest, and then averaging across all classes. The 

ROC_AUC score provides a summary measure of a classifier’s performance by quantifying the 

area under the ROC curve, which is generally considered a more reliable indicator of model’s 

performance for imbalanced datasets. The ROC_AUC score ranges from 0 to 1, where 1 indicates 

the perfectly correct classifier and 0 indicates a perfectly incorrect classifier. 

3.7. Comparison of Model Performance Using Various Metrics 

The effectiveness of five vanilla (base) models, namely V-KNN, V-SVM, V-DTC, V-RFC, and 

V-XGB, was evaluated and compared using all the aforementioned evaluation. Here, the term 

‘vanilla’ (or base) refers to models trained with their default hyperparameters, without any tuning, 

and using only the curated experimental dataset from literature. This approach was adopted to 

establish a baseline for performance, which will later be compared against models trained on an 

augmented dataset (i.e., experimental + synthetic data). Such a comparison is intended to 

highlight that, although synthetic data augmentation may lead to apparent improvements in 

accuracy, it does not necessarily yield reliable predictions in the context of materials 

development. 

 

 

 

 

 

F1-score 

F1-score is the harmonic mean of precision and recall, gives a 

combined idea about both metrics, calculated as follows:  

F1-Score =  
2 × (Recall × Precision) 

(Recall + Precision)
 

True Positive Rate 

(TPR) 

TPR= 
TP

TP+FN
 

False Positive Rate 

(FPR) 

FPR= 
TN

TN+FP
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Table 3.4. Performance of vanilla models using various evaluation metrics 

Algorithms 
Simple Imputer with different 

strategy 

MICE 

Imputer 

KNN 

Imputer 

 Metrics Mean Median Constant   

Vanilla KNN 

(V-KNN) 

Accuracy 68.75 68.75 68.75 68.75 68.75 

F1-score, 

Precision, 

Recall 

0.6876, 

0.6894, 

0.6875 

0.6876, 

0.6894, 

0.6875 

0.6876, 

0.6894, 

0.6875 

0.6876, 

0.6894, 

0.6875 

0.6876, 

0.6894, 

0.6875 

ROC-AUC, 

10-fold CV 

score 

0.9453,  

 

0.8341 

 

0.9453,  

0.8341 

0.9453,  

0.8341 

0.9453,  

0.8341 

0.9453,  

0.8341 

Vanilla SVM 

(V-SVM) 

Accuracy 71.25 71.25 71.25 71.25 71.25 

F1-score, 

Precision, 

Recall 

0.7113, 

0.7189, 

0.7125 

0.7113, 

0.7189, 

0.7125 

0.7113, 

0.7189, 

0.7125 

0.7113, 

0.7189, 

0.7125 

0.7113, 

0.7189, 

0.7125 

ROC-AUC, 

10-fold CV 

score 

0.9117,  

0.8762 

0.9055,  

0.8750 

0.9053,  

0.8750 

0.8846,  

0.8747 

0.9052,  

0.8739 

Vanilla DTC 

(V-DTC) 

Accuracy 79.17 79.58 77.50, 79.58 8042 

F1-score, 

Precision, 

Recall 

0.7959, 

0.7960, 

0.7958 

0.7958, 

0.7959, 

0.7958 

0.7750, 

0.7753, 

0.7750 

0.7916, 

0.7916, 

0.7917 

0.8043, 

0.8049, 

0.8042 

ROC-AUC, 

10-fold CV 

score 

0.7947,  

 

0.7818 

0.8129,  

 

0.7772 

0.8173,  

 

0.7841 

0.836,  

 

0.7828 

0.8275,  

 

0.7819 

Vanilla RFC 

(V-RFC) 

Accuracy 83.834 82.5 82.25 82.91 84.5 

F1-score, 

Precision, 

Recall 

0.8214, 

0.8205, 

0.8225 

0.8215, 

0.8132, 

0.8203 

0.8203, 

0.8231, 

0.8250 

0.8359, 

0.8347, 

0.8450 

0.8172, 

0.8264, 

0.8167 

ROC-AUC, 

10-fold CV 

score 

0.9566,  

 

0.9251 

0.9546,  

 

0.9238 

0.9550,  

 

0.9242 

0.9349,  

 

0.9315 

0.9522,  

 

0.9272 

TH-3891_206103028



86  

Vanilla XGB 

(V-XGB) 

Accuracy 0.8250 0.8250 0.8250 0.8250 0.8250 

F1-score, 

Precision, 

Recall 

0.8215, 

0.8232, 

0.8250 

0.8215, 

0.8232, 

0.8250 

0.8215, 

0.8232, 

0.8250 

0.8215, 

0.8232, 

0.8250 

0.8215, 

0.8232, 

0.8250 

ROC-AUC, 

10-fold CV 

score 

0.9455,  

 

0.8998 

0.9455,  

0.8998 

0.9455,  

 

0.8998 

0.9453,  

 

0.9074 

0.9455,  

 

0.8998 

 

 

Figure 3.12. F1-score, Recall and Precision for four distinct phases of HEAs for five vanilla 

models 

Table 3.4 presents the performance of all five vanilla models across five different imputers: 

Simple imputer (SI) with mean, median and constant strategies; KNN imputer; and MICE 

imputer, evaluated using various performance metrics. For each model, five iterations were 

performed, and the average values are reported. No significant differences in the model 

performance were observed across these imputers. Among these models, Vanilla-RFC (V-RFC) 

demonstrated the best overall performance, achieving an average accuracy of 84%, a ROC-AUC 

score of 0.9649, a 10-fold cross-validation mean score of 0.9315, and higher values of Precision, 

Recall and F1-score compared to the others (see Figure 3.12). 
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3.8. Synthetic Data Augmentation 

In this study, V-RFC exhibited better performance compared to the other models. However, in 

the existing literature on phase prediction of HEAs using ML approaches, several studies have 

reported even higher accuracies than those obtained through our methodology. To improve 

performance, Hyper-parameter Tuning of Random Forest Classifier (HT-RFC) was performed, 

which resulted in a modest increase of approximately 3% in test accuracy, reaching 87.49%. 

Nevertheless, literature reports even higher classification accuracies. For instance, Risal et al. 

[82] achieved an accuracy of 91.21% for an oversampled Random Forest Classifier, along with 

higher ROC-AUC, Precision, Recall and F1-scores. However, it should be noted that these 

improvements were achieved by mixing experimental data with synthetic data, raising concerns 

about the reliability of such models. Specifically, over-sampling techniques were used in their 

study to address class imbalance by augmenting the dataset with synthetic samples, 

acknowledging that “ML algorithms usually do not perform well for imbalanced datasets”.  

 Various other studies have similarly employed over-sampling and under-sampling 

methods, either by supplementing minority classes with synthetically generated samples to match 

the majority class in case of over-sampling method or by reducing the majority class to match 

the minority class in case of under-sampling method. Some researchers have also utilized 

generative adversarial network (GAN) for generating synthetic alloys to avoid the biasness in the 

dataset. However, whether a synthetically generated alloy can be definitively regarded as a high 

entropy alloy remains controversial.  

 In our consideration, augmenting or ‘polluting’ real-world experimental data with 

synthetic samples to balance the dataset and improve accuracy is not a reliable approach, for two 

main reasons. First accuracy alone is not the most robust metric for evaluating classifier 

performance on imbalanced data, as its effectiveness has been questioned by several authors 

recently [164-168]. Second, the definition of what qualifies as a high entropy alloy remains 

controversial, making it uncertain whether the generated samples truly represent HEAs.  

 This consideration formed the primary basis of the present investigation, as synthetic data 

is not regarded as fully comparable to experimental data and therefore cannot be considered a 

prudent alternative. Accordingly, the SMOTE-Tomek links resampling method was applied to 

the dataset to generate synthetic samples, thereby inflating the dataset size and improving model 

accuracy. The models trained on this augmented dataset were then compared against all five 

vanilla models and HT-RFC (i.e., hyper-parameter tuned RFC) model to evaluate the reliability 

their predictions. 
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3.8.1. SMOTE-Tomek Links Resampling for Data Augmentation  

SMOTE-Tomek links resampling method was applied to the original experimental dataset of 

1,200 instances, to inflate dataset size. This approach differs from other existing over-sampling 

and under-sampling methods. It generates synthetic samples for the minority class using SMOTE 

and removes samples from the majority class that are closest to minority class using Tomek links 

[169]. In this study, the augmented dataset consisted of 1,392 entries, including 1,200 original 

instances and 192 synthetic samples generated using the SMOTE-Tomek links method.  

3.8.2. Performance Comparison of Models Trained on Pure Experimental vs. 

Augmented Data 

Figure 3.13 presents a bar-chart comparing the performance of all ML models tested in this study, 

including five vanilla models (V-KNN, V-SVM, V-DTC, V-RFC, V-XGB), the hyper-parameter 

tuned Random Forest Classifier (HT-RFC), and the SMOTE-TOMEK link augmented Random 

Forest Classifier (ST-RFC). The performance is illustrated using three key metrics: average test 

accuracy (peach bars), ROC-AUC score (light green bars), and 10-fold cross-validation score 

(light purple bars). Among all models, ST-RFC achieved the highest average accuracy of 92%, 

consistent with trends reported in the literature for synthetic data augmentation methods. 

However, while ST-RFC demonstrated improved accuracy, its reliability remains questionable, 

since the enhancement results from augmenting experimental data with synthetic samples. 

Therefore, the performance of the ST-RFC model was further evaluated using a confusion matrix 

to analyze its relaibility in predicting each individual phase, and it was compared against that of 

the V-RFC model. 
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Figure 3.13. Performance comparison of V-KNN, V-SVM, V-DTC, V-RFC, V-XGB, HT-RFC, 

and ST-RFC models using accuracy (multiply by 100 for % value), ROC_AUC score,10-fold 

cross-validation score and its standard deviation (values shown in red color) 

 

Confusion Matrix-Based Comparison of V-RFC and ST-RFC 

A confusion matrix is a useful tool for visualising a classifier’s performance, where an n×n matrix 

(where n is the number of classes) provides detailed insights into correctly and incorrectly 

classified instances. Two 4×4 confusion matrices were generated: one for the V-RFC model using 

the original dataset (1200) based on test data comprising 240 HEA samples (93 MIP, 67 BCC, 

46 FCC, and 34 FCC + BCC), and another for ST-RFC model using the augmented dataset (1,392 

samples) based on test data comprising 279 HEA samples (78 MIP, 67 BCC, 40 FCC, and 94 

FCC + BCC), as shown in Figure 3.14. It can be observed that, in the ST-RFC model, the number 

of samples in the minority class increased while maintaining the stratified ratio among classes. 

Although the number of incorrect predictions decreased in the case of ST-RFC model compared 
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to the V-RFC model, the reliability of the ST-RFC model remains questionable due to the 

uncertainty associated with synthetic samples, which cannot guarantee the formation of a true 

high-entropy alloy. Therefore, a comparison between vanilla models with SMOTE-Tomek links 

models (trained on the augmented dataset) was further performed based on ROC curves and their 

AUC scores. 

 

Figure 3.14. Confusion matrix comparing the performance of V-RFC, and ST-RFC for each 

distinct phase 

 

ROC-AUC Score-Based Comparison 

The ROC curves and their corresponding AUC scores for all five vanilla models (trained on 

original dataset), and SMOTE-Tomek links models (trained on augmented dataset) were plotted, 

as shown in Figure 3.15(a) and 3.15(c). The ROC-AUC scores of all ST-models were higher than 

those of the vanilla models.   

 The best performing models i.e., V-RFC and ST-RFC were selected, and the AUC score 

for each individual phase (MIP, BCC, FCC, and FCC + BCC) evaluated using the test data from 

the original dataset (240 HEAs) and the augmented dataset (279 HEAs), as depicted in Figure 

3.15(b) and 3.15(d). It can be observed that although the overall ROC-AUC of the ST-RFC model 

was approximately 3% higher than the vanilla model (V-RFC), both models exhibited 

comparable AUC scores across all phases except for the FCC + BCC phase. The higher AUC 

score for the FCC + BCC phase in the ST-RFC model can be attributed to the increased number 

of instances for this minority class, which was expanded from 34 instances to 94 instances 

through synthetic data augmentation, thereby, making it the majority class in the augmented 

dataset.  
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Thus, our claim was reinforced by comparing the confusion matrices and ROC-AUC scores of 

the models trained on both the original and augmented datasets. Since these metrics provide 

deeper insights and are regarded as reliable indicators of classification performance, this study 

asserts that augmenting data solely to increase model accuracy is not a dependable practice. 

Therefore, the present work is particularly relevant in light of the aforementioned issues. 

 

 

Figure 3.15. ROC-AUC scores for (a) five vanilla (base) models, (b) AUC score of each phase 

for the best vanilla model i.e., V-RFC model, (c) for all five SMOTE-Tomek links augmented 

model, (d) AUC score of each phase for the best SMOTE-Tomek links augmented model i.e., 

ST-RFC model  
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3.9. Validation of the Best Performing V-RFC Model 

The predictive capability of the V-RFC model was validated in two stages: first, by predicting 

the phases of compositions reported in literature that were not part of either training or test 

datasets; and second, by predicting the phase of a novel composition, which was subsequently 

synthesized experimentally and characterized. 

3.9.1. Validation Using Unseen Data from Literature 

To evaluate the reliability and generalizability of the V-RFC model, the phases of five recently 

developed alloys, including two refractory HEAs [124], one 3d-transition metal HEA [170], and 

two precious metal HEAs [171], were predicted and compared with experimental reports, as 

summarized in Table 3.5. The physical parameters corresponding to these HEAs were calculated 

using the chemical formulae described in the earlier sections.  

Table 3.5. Validation of V-RFC model performance for unseen compositions (not used in 

training or test datasets) 

Alloys 

Physical parameters V- RFC 

Predicted 

phases 

Actual phases 

 ∆Hmix 

(kJ/mol) 

∆Smix 

(J/K.mol) 
VEC ∆𝜒 𝛿 

Refractory HEAs [124] 

Ti0.5NbMoTaW −3.06 13.15 5.33 0.361 2.6 BCC BCC 

TiNbMoTaW −3.04 13.38 5.2 0.356 2.75 BCC BCC 

3d transition metal HEAs [170] 

Al0.5CrCuNiV −6.01 13.15 5.43 0.133 4.39 MIP 
FCC+ 2BCC+ ordered 

B2 phase  

Precious metal HEAs [171] 

PdPtRhIrCuNi −2.56 14.89 9.82 0.161 3.71 FCC FCC 

AuPdAgPtCuNi −2.22 14.89 10.49 0.236 5.39 FCC FCC 

 

The V-RFC predictions matched the experimentally reported phases, demonstrating good 

consistency between model output and experimentally reported phases, except for the Al0.5CrCuNiV, 

as illustrated in Table 3.5. In the case of Al0.5CrCuNiV 3d-transition metal HEA [170], the model 

predicted the MIP phase (shown in italic font). Experimentally, this alloy was reported to consist 

1FCC + 2BCC + ordered B2 phase, forming a complex multiphase structure. As explained in section 

3.3, the ML models used in this study considers mixtures of multiple solid solutions or intermetallic 
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phases under the MIP category. Thus, based on this consideration, it can be inferred that the V-RFC 

model prediction is correct for all unseen compositions. However, the model is limited in identifying 

the number and types of phases present in complex multiphase HEAs. A list of such complex 

multiphase HEAs from the literature (not included in the training or test datasets) is tabulated in 

Table 3.6.  

Table 3.6. High-entropy alloys (that were not the part of train-test set) correctly predicted as 

MIP using V-RFC model as per considered assumption 

Alloy V-RFC predicted 

phases 

Actual phase References 

CoCrCuFeMnNiTiV MIP FCC+BCC+IM [172] 

Al0.2Co1.5CrFeNi1.5Ti MIP Gamma (FCC) + η (Ni, 

Co)3Ti 

[173] 

 Ti20Zr20Hf20Nb20Cr20 MIP BCC + 2 Laves (Cr2Nb and 

Cr2Hf) 

[174] 

Ni44.8(FeCoCr)40(AlTi)15Hf0.2 

 

MIP FCC+ordered FCC phase 

(L12)  

[67] 

 

AlTiCrFeNiCu  MIP BCC1+BCC2+Fe2Ti [175] 

AlCoCrFeNiTi0.4 MIP A2 (disordered BCC)+B2 

(ordered BCC)+Laves  

[176] 

AlCoCrFeNb0.25Ni MIP BCC + (Laves + bcc) [177] 
 

3.9.2. Validation by Predicting Phase of a Novel MPEA 

To further validate the predictive capability of the V-RFC model, a new alloy composition, 

Ni25Cu18.75Fe25Co25Al6.25, was proposed. A detailed description of this novel composition 

including compositional and physical parameters details are presented in Table 3.7. The V-RFC 

model was fed with these details, and it predicted that this new HEA would stabilize as FCC 

phase at room temperature. Figure 3.16 compares various HEAs for the test dataset (240 alloys) 

with the newly proposed HEA composition (Ni25Cu18.75Fe25Co25Al6.25). The orange dot 

represents the reported experimental phase of the HEA for the test data while the blue triangles 

represent the V-RFC prediction, and the red asterisk represents the new composition.  
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Table 3.7. Detailed description of newly proposed HEA 

Novel high-entropy alloy 

(Ni25Cu18.75Fe25Co25Al6.25) 

Chemical composition (wt %) 

Ni Cu Fe Co Al 

0.25 0.1875 0.25 0.25 0.0625 

Calculated physical parameters 

∆Hmix 

(kJ/mol) 

∆Smix 

(J/K.mol) 
VEC ∆𝜒 𝛿 

0.2656 12.689 9 0.07178 3.5973 

 

 
Figure 3.16. Phase prediction of novel HEA composition Ni25Cu18.75Fe25Co25Al6.25 (shown in 

red asterisk), along with 240 test data 
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3.9.3. Experimental Synthesis and Characterisation of Novel HEA  

Various metal buttons of Ni, Cu, Fe, Co and Al elements (purities> 99.99%) were purchased 

from Thermofisher Scientific®. All elemental metals with the proposition 

Ni25Cu18.75Fe25Co25Al6.25 were melted together by vacuum arc melting under inert gas (high 

purity Ar) environment, see Figure 3.17. The formed ingot was melted and solidified multiple 

times to ensure chemical homogeneity, and then the HEA button was vacuum sealed in a quartz 

tube, homogenized at 1000ᐤC for 10 hours, and then quenched into water for stabilizing high-

temperature phase.     

 

Figure 3.17. Vacuum arc melting setup at IIT Kanpur, and the sample prepared using it; 

(Courtesy: Dr. Nirmal Kumar Kaiya and Prof. Saurav Goel) 
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XRD Characterization 

X-ray diffraction (XRD, Broker D8) was used to identify the phase of Ni25Cu18.75Fe25Co25Al6.25 

alloy, with the wavelength Cu Kα (λ =1.54056 Å) at a step size of 0.02ᐤ recorded with angles 

(2θ) in the range of 20-100ᐤ (see Figure 3.18). The Bragg’s peaks (111), (200), (220), (311), and 

(222), belong to the lattice planes of FCC phase, while no other peaks corresponding to ordered 

structure were detected (see Figure 3.18), indicating that this new HEA resides in a crystalline 

FCC structure. 

  

Figure 3.18. XRD analysis of newly synthesized HEA (Ni25Cu18.75Fe25Co25Al6.25). Peaks (111), 

(200), (220), (311), and (222) correspond to FCC structure 

A remarkable agreement between V-RFC model prediction and experiment can be seen for this 

new composition of HEA. It can be inferred that the V-RFC model is reliable and robust in 

predicting phases of novel compositions of HEAs as simple solid solution (FCC, BCC, 

FCC + BCC) and MIP (Mixture of intermetallic phases) with higher reliability of phase 

prediction, where MIP denotes the presence of either pure IM compounds such as α, β, σ, L12, 

L21, C15, C15, C36 Laves or mixture of IM + SS phases (FCC + IM, FCC + BCC + α, BCC + IM, 

FCC + α + β, BCC + Laves, BCC1 + BCC2 + C15 Laves, BCC + β-ordered BCC, 

FCC + CoMo2Ni-type IM, FCC + IM etc.). However, this method is limited in exactly 

interpreting the number and types of phases present in a complex multiphase HEA, which it 
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usually predicts as MIP phase, but it is robust for predicting solid-solution phases. 

3.10. Comparison of Present Study with Existing Literature 

The recently published literature was critically assessed and compared against the present study 

based on various evaluation metrics, as shown in Figure 3.19. Scant literature was found to focus 

on alternative evaluation metrics such as ROC-AUC, Precision, Recall and F1-score. The 

proposed RFC model in this study, evaluated through ROC-AUC score, tenfold cross-validation, 

confusion matrix, Precision, Recall, and F1-score, demonstrated satisfactory performance in 

predicting phases of HEAs as solid-solution phases (BCC, FCC, FCC + BCC) or MIP (denoting 

either pure intermetallic compounds (IM : such as α, β, σ , L12, C14, C15, C36 Laves, and others) 

or mixture IM + SS phases such as FCC + IM, FCC + BCC + α, BCC + IM, FCC + α + β, 

BCC + Laves, BCC1 + BCC2 + C15 Laves etc.)) for a large imbalanced dataset of HEAs 

synthesized solely via melting and casting routes, without augmenting or polluting experimental 

data with synthetically generated samples. 

TH-3891_206103028



98  

 

 

Figure 3.19. Performance comparison of proposed study with existing literature [12, 15-17, 73-

78, 80-84, 86, 92, 93, 178] 
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3.11. Summary 

This study developed a robust phase prediction framework for MPEAs, trained exclusively on 

high-quality experimental data restricted to alloys synthesized via the melting and casting route, 

thereby ensuring consistency and avoiding variability due to differing processing methods. A 

curated dataset of 1,200 HEA instances, spanning 3d-transition metal HEAs, refractory HEAs, 

precious metal-based systems, HEA brass/bronze, and low-density HEAs, was employed. Five 

commonly used classification algorithms, K-Nearest Neighbour (KNN), Support Vector 

Machine (SVM), Decision Tree (DT), Random Forest (RF), and Extreme Gradient Boosting 

(XGBoost) were implemented in their vanilla (base) forms. Among these, the vanilla Random 

Forest Classifier (V-RFC) demonstrated the best performance, achieving an average accuracy of 

84%, a ROC-AUC score of 0.9649, a 10-fold cross-validation mean score of 0.9315, and superior 

Precision, Recall, and F1-score compared to the others.  

 Unlike most literature approaches, the framework consciously avoided synthetic data 

augmentation, which, although often reported to enhance model accuracy, risks compromising 

predictive reliability. To critically examine this practice, the SMOTE–Tomek Link method was 

applied to resample the dataset (1200 + 192 = 1392 instances). Using the RFC model (ST-RFC), 

an apparent increase in accuracy to 92% was observed. However, comparative analysis of 

confusion matrices and ROC curves revealed that the augmented model failed to provide reliable 

prediction. In contrast, the robustness of the V-RFC model, trained solely on experimental data, 

was further substantiated through experimental validation. A novel HEA composition, 

Ni25Cu18.75Fe25Co25Al6.25, predicted by the model to form an FCC phase, was synthesized via 

vacuum arc melting and characterized using X-ray diffraction, which confirmed the FCC 

structure in agreement with the model’s prediction. This demonstrated that accuracy alone is not 

a sufficient metric for an imbalanced dataset, and that augmenting experimental datasets with 

synthetic data may lead to misleading outcomes. These findings highlighted that robust 

classification performance could be achieved without resorting to synthetic data augmentation. 

Major conclusions from this study can be summarised as follows: 

a. Synthetic data augmentation, though capable of inflating model accuracy, compromises 

predictive reliability. Robust metrics such as ROC-AUC, Precision, Recall, and F1-score 

are essential for meaningful model assessment. 
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b. Reliable phase prediction can be achieved using only five key descriptors, Valence 

electron concentration (VEC), Electronegativity difference (∆χ), Mixing entropy (∆Smix), 

Atomic size difference (δ), and Mixing enthalpy (∆Hmix), provided that carefully screened 

experimental data are used. 

c. The developed framework demonstrated strong performance in predicting solid-solution 

phases (FCC, BCC, FCC + BCC) and classifying multiphase HEAs as mixtures of 

intermetallic phases (MIPs). However, its ability to interpret the precise number and type 

of phases present in multiphase alloys remains limited. Future work could address this 

limitation by incorporating CALPHAD-derived phase-diagram descriptors (such as 

equilibrium phase fractions, Gibbs free energies, and phase-stability boundaries), which 

would supply thermodynamically grounded information on the number and identity of 

coexisting phases. In addition, unsupervised clustering techniques could be employed to 

reveal hidden composition–phase groupings that are not discernible from composition 

alone. Moreover, microstructure-based image analysis, leveraging SEM, EBSD, or TEM 

micrographs processed through convolutional neural networks (CNNs) or U-Net 

architectures, could extract phase-specific morphological features, enabling the model to 

infer the number, distribution, and nature of coexisting phases with significantly 

improved fidelity. 

Building upon the development of a reliable framework for phase prediction in MPEAs, the 

subsequent stage of this research is directed toward the prediction of mechanical properties and 

the simultaneous optimization of competing attributes such as strength and ductility, with the 

objective of addressing the long-standing strength–ductility conundrum.
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Chapter 4     

Development of ML-Based Framework for Prediction and 

Optimization of Mechanical Properties of MPEAs 

 

4.1. Introduction 

This chapter presents a comprehensive machine learning framework for predicting and 

optimizing the mechanical properties of MPEAs. The initial focus is placed on predicting a 

key mechanical property i.e., yield strength, using a curated dataset comprising 700 

experimentally characterized MPEAs. To achieve this, the study employs the Materials 

Simulation Toolkit for Machine Learning (MAST-ML), an open-source Python package 

specifically designed for materials informatics. Within the MAST-ML framework, three 

tree-based regression models, namely Decision Tree, Random Forest, and Extra Tree 

Regressor, were implemented. In contrast to approach adopted in the preceding chapter, 

where models were developed independently from scratch, MAST-ML was deliberately 

utilized here to investigate the extent to which an automated toolkit can streamline and 

facilitate mechanical property prediction. A critical assessment of MAST-ML’s strengths 

and limitations is also provided in the context of mechanical property prediction of complex 

alloy systems such as MPEAs. 

In view of the observed limitations of MAST-ML framework, custom ML framework was 

developed from scratch, utilizing Neural Network (NN), Random Forest Regressor (RFR), 

Extra Trees Regressor (ETR), Cat-Boost Regressor (CBR), and XGBoost Regressor (XGB), 

with the objective of simultaneously predicting multiple properties, including yield strength 

(YS), ultimate tensile strength (UTS), and elongation (𝓔). The best performing model was 

subsequently employed for the optimization of these properties through multi-objective 

optimization framework, achieved by integrating it with a nature-inspired Cuckoo Search 

Optimization algorithm coupled with the Non-Dominated Sorting Genetic Algorithm II 

(NSGA-II). This integrated framework enables the identification of Pareto-optimal alloy 

compositions, effectively balancing conflicting objectives and uncovering novel design 

pathways to overcome the long-standing strength-ductility conundrum. 
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4.2. Development of MAST-ML Based Model for Yield Strength Prediction 

 

MAST-ML is a Python-based open-source toolkit developed by the Computational Materials 

Group at the University of Wisconsin–Madison [179] to automate and streamline machine-

learning workflows in materials science. Unlike generic ML libraries, MAST-ML is specifically 

designed for materials datasets and aims to lower the entry barrier for researchers by automating 

key components of the ML pipeline and incorporating established best practices. Built on top of 

scikit-learn and integrated with materials-specific descriptor libraries such as MAGPIE and 

Matminer, MAST-ML provides an end-to-end workflow encompassing data import, cleaning, 

feature engineering, model selection, training, cross-validation, and uncertainty quantification. 

 In this work, MAST-ML was chosen over alternatives such as Matminer alone and generic 

AutoML frameworks (e.g., TPOT, H2O-AutoML) for several reasons. Matminer and MAGPIE 

function primarily as descriptor-generation tools and do not provide an integrated modelling 

pipeline. In contrast, MAST-ML extends these descriptors into a unified, end-to-end workflow, 

enabling efficient and reproducible model development. Furthermore, while generic AutoML 

systems are powerful for large-scale hyperparameter optimization, they typically lack materials-

specific features, offer limited physical interpretability, and do not include built-in uncertainty 

estimation, capabilities essential for scientifically meaningful studies on alloy design. By 

incorporating materials-aware best practices, structured cross-validation routines, uncertainty 

estimation through bootstrap and k-fold methods, and feature-importance analysis, MAST-ML 

offers a domain-specific, interpretable, and reproducible modelling environment ideally suited for 

the small-to-medium experimental datasets characteristic of MPEA research. It is also compatible 

with other materials informatics toolkits such as pyMKS and AFLOW-ML, allowing flexible 

integration into broader research workflows. The MAST-ML framework follows straightforward 

machine learning workflow, as illustrated in Figure 4.1. 
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Figure 4.1.Workflow of MAST-ML toolkit 

This study marks the first deployment of the MAST-ML toolkit for predicting mechanical 

property, specifically the yield strength of MPEAs. The steps involved are discussed in detail in 

subsequent sections.  

4.2.1. Data Collection and Processing 

The dataset employed in this study comprises 700 MPEA compositions with corresponding 

experimental yield strength values, curated from several published sources [119, 124, 180, 181]. 

Table 4.1 represent a subset of data imported for ML model development. 

Table 4.1. Compiled database for yield strength prediction 
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The complete dataset was imported into the MAST-ML framework, which automatically handled 

data processing, including cleaning and organization, as part of its workflow (see Figure 4.1). 

Feature engineering was carried out through the MAGPIE elemental descriptor set embedded 

within MAST-ML, which systematically generates domain-related features based on fundamental 

elemental properties. This process resulted in an initial set of 300 independent features.   

To reduce dimensionality and mitigate the risk of overfitting, SHAP (SHapley Additive 

exPlanations) values were computed within MAST-ML to evaluate feature importance. As shown 

in Figure 4.2, the lowest mean absolute error (MAE) was obtained when approximately 50 

features were used. Therefore, this subset was selected as the optimal number of features, 

providing best trade-off between complexity and generalizability. Beyond this point, the inclusion 

of additional features provides little to no improvement in performance, while simultaneously 

increasing the risk of overfitting and unnecessary computational cost. Consequently, the final 

dataset consisted of 700 rows representing individual MPEA compositions, 50 independent 

feature columns, and one target column corresponding to yield strength.  

 

Figure 4.2. Feature selection by measuring MAE for 300 independent features 

4.2.2. Model Training and Testing 

The dataset was partitioned for training and testing three prominent tree-based regression 

algorithms: Decision Tree Regressor (DTR), Random Forest Regressor (RFR), and Extra Tree 

Regressor (ETR). In MAST-ML, this is achieved by defining the parameter n_splits, which 

specifies the number of folds for training and testing. For example, n_splits = 2 results in a 50:50 

split, n_splits = 4 corresponds to a 75:25 split, and n_splits = 5 yields an 80:20 split. In the present 

investigation, n_splits = 5 was employed, thereby dividing the dataset into an 80:20 ratio for 
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training and testing.  

 In addition, MAST-ML enables the assessment of model robustness under both “best split” 

and “worst split” scenarios. These refer to the most and least favorable data partitions encountered 

during cross-validation. The “best split” highlights the model’s maximum predictive capability, 

whereas the “worst split” reflects its limitation and generalizability. 

4.2.3. Performance Assessment of Each Model 

As the principles of Decision Tree and Random Forest algorithms have already been described in 

Chapter 3, in the context of classification, here they are discussed with respect to regression task. 

The Decision Tree Regressor (DTR) operates by recursively segmenting the feature space into 

progressively homogeneous subregions, thereby generating a hierarchical and interpretable model 

structure. While its transparency is advantageous for interpretability, the deterministic nature of 

DTR makes it highly vulnerable to overfitting, particularly when applied to noisy or high-

dimensional datasets.  

 The Random Forest Regressor (RFR), on the other hand, constructs an ensemble of 

decision trees, each trained on randomly sampled subsets of the data and feature space. This 

bagging-based approach significantly enhances predictive robustness and generalization, resulting 

in more reliable estimates compared to those of any single tree. The Extra Tree Regressor (ETR) 

introduces an additional degree of randomness by selecting split thresholds at random, rather than 

optimizing them through a greed search. This further reduces variance and improves 

computational efficiency, as it avoids the computational cost associated with exhaustive split 

searches.  

 The performance of all three regression models was rigorously assessed using standard 

metrics: R² score (coefficient of determination), Mean Absolute Error (MAE), and Root Mean 

Squared Error (RMSE), applied to both the training and test sets, as summarized in Table 4.2 and 

Figure 4.3. A higher R² score indicates stronger explanatory power, while lower MAE and RMSE 

values reflect more accurate and consistent predictions. 

Table 4.2. Performance evaluation of employed regression models 

Dataset Split Metrics 
Algorithms 

DTR RFR ETR 

 

 

 

 

Best split 

R2 0.998 0.974 0.997 

MAE 0.005 0.066 0.007 

RMSE 0.023 0.088 0.032 
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Training 
 

Worst split 

R2 0.994 0.964 0.995 

MAE 0.009 0.068 0.009 

RMSE 0.039 0.096 0.039 

 

 

 

 

Testing 

 

Best split 

R2 0.825 0.897 0.924 

MAE 0.116 0.105 0.090 

RMSE 0.199 0.194 0.148 

 

Worst split 

R2 0.520 0.799 0.803 

MAE 0.272 0.194 0.169 

RMSE 0.439 0.271 0.258 

 

 

Figure 4.3. Bar chart comparing the performance of DTR, RFR and ETR for the best split of 

dataset. 

Among the three models, ETR demonstrated superior performance across all metrics, with an R² 

score of 0.924, MAE of 0.090, and RMSE of 0.148 for the best split on the test set, distinguishing 

itself as robust. Even in the worst split, it retained a respectable R² score of 0.803, with MAE and 

RMSE values of 0.169 and 0.258, respectively, showcasing strong generalizability. 

Complementing these quantitative results, Figure 4.4 presents parity plots comparing the actual 

versus predicted yield strength values under both the best and worst data splits for testing data. 

These visualizations further corroborate the predictive fidelity of ETR relative to DTR and RFR, 

underscoring its suitability for yield strength prediction in MPEAs. 
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Figure 4.4. Parity plot comparing the true vs predicted yield strength values for (a) DTR, (b) 

RFR, and (c) ETR model for testing data 

4.2.4. Validation of ETR Model Using Unseen Data 

A fundamental measure of a machine learning model’s utility lies in its ability to generalize to 

unseen data, which is a crucial requirement in predictive materials design. The ETR model 

consistently outperformed DTR and RFR, achieving higher R² scores and lower MAE and RMSE 

values across both the best and worst test set splits, highlighting its robustness and adaptability. 

To further validate its applicability, the ETR model was tested on unseen MPEA compositions 

sourced from the literature [120, 182-184] that were not included in the training or test sets. As 

detailed in Table 4.3, the predictions made by the ETR model for the new data showed good 

agreement, with an error margin of ± 20 MPa when compared to their actual (experimental) values. 

This high level of consistency confirms the reliability and extrapolative strength of the ETR 

model, demonstrating its potential as a powerful tool for generalizing to unseen data. 

Table 4.3. ETR model validation for unseen compositions 

Composition (unseen data for model) Predicted 

Y. S 

Actual 

Y. S 

Error 

Al0.3CoCrFeNi [182] 172.67 180 ±7.33 

C2.2(Co10Cr10Fe40Mn40)97.8 [183] 300.59 310 ±9.4 

C4.4(Co10Cr10Fe40Mn40)95.6 [183] 450.13 467 ±16.8 

CoCuFeMnNiSn0.08 [184] 266.94 272 ±5.06 

Al10(CoCrFeMnNi)90 [120] 507.68 526 ±18.3 
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4.2.5. Limitations of MAST-ML 

MAST-ML demonstrates strong potential to accelerate materials research by streamlining 

machine learning workflows and enabling property predictions, such as yield strength, as 

demonstrated in this chapter. Its intuitive design makes it especially appealing for researchers new 

to machine learning, bridging the gap between domain expertise and data-driven modeling. While 

MAST-ML offers a powerful and user-friendly platform, several important limitations restrict its 

broader applicability. While the toolkit integrates well with scikit-learn for classical ML tasks, it 

does not currently support deep learning, GPU acceleration, or scalability to very large datasets. 

Additionally, it lacks integration with advanced optimization algorithms, such as metaheuristic 

approaches, that are essential for exploring vast and complex compositional spaces. Its design is 

largely batch-mode oriented, with diagnostic plots generated only after execution, limiting 

opportunities for interactive model refinement, real-time feedback, or iterative optimization.  

 Despite these limitations, MAST-ML remains a valuable platform for small- to medium-

sized datasets and for researchers with limited coding experience. It’s intuitive design and 

streamlined implementation make it particularly appealing for materials researcher new to 

Machine learning, as it allows them to build, validate and interpret predictive models with minimal 

programming expertise. However, it also limits opportunities for incorporation of deeper domain 

knowledge and customization. 

 The selection of algorithms within the MAST-ML environment was guided by both the 

capabilities of the toolkit and the characteristics of the dataset. MAST-ML primarily supports 

classical machine-learning models implemented in scikit-learn, with particular emphasis on tree-

based and ensemble regressors. These methods are well suited for the moderate-sized, tabular 

dataset used in this study, offering strong performance, minimal tuning requirements, and 

interpretable feature-importance outputs. Kernel-based and deep-learning models were not 

selected as primary algorithms due to limited support within the current MAST-ML release and 

their typical requirement for larger datasets. Subsequent chapters extend beyond MAST-ML by 

incorporating advanced models, including neural networks, within a custom framework 

developed for multi-objective optimization. 

4.3. Simultaneous Prediction and Optimization of Multiple Competing Properties 

Building on the limitations of MAST-ML, a novel framework was developed for predicting and 

optimizing multiple properties simultaneously. The steps involved for achieving the proposed 
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objective are explained in Figure 4.5. The workflow begins with systematic collection of 

experimental data on MPEAs targeting YS, UTS and 𝓔 simultaneously. Various regression 

algorithms including Neural Network (NN), Random Forest Regressor (RFR), Extra Trees 

Regressor (ETR), Cat-Boost Regressor (CBR), and XGBoost Regressor (XGB), were trained 

and tested using the curated data, and the best performing regression model was selected based 

on various evaluation metrics. In order to perform multi-objective optimization, the best-

performing composition within the curated database was first identified and set as a benchmark 

reference. Building upon this foundation, the framework proceeds to multi-objective 

optimization, where the selected best-performing regression model was integrated with Cuckoo 

Search Optimization (CSO) and Non-Dominated Sorting Genetic Algorithm II (NSGA-II). This 

combined strategy enabled the exploration of vast compositional space to identify Pareto-optimal 

solutions which provide novel compositions that can surpass the benchmark, effectively 

providing novel design pathways for advanced alloy development, targeting strength-ductility 

trade-off. All these steps are explained in detail in the subsequent section.   

Figure 4.5. ML workflow for predicting and optimizing multiple properties simultaneously 
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4.3.1. Data Collection with a Focus on YS, UTS and, 𝓔 

A comprehensive dataset comprising 700 instances of MPEAs was meticulously curated from 

experimental literature. This dataset encompasses detailed compositional and mechanical 

property data, with the compositional information spanning 13 elements: Al, Co, Cr, Cu, Fe, Ni, 

Mn, Ti, V, C, Nb, Zr, and Mo. The mechanical properties recorded in the dataset include Yield 

Strength (YS), Ultimate Tensile Strength (UTS), and elongation (𝓔 (%)). A snapshot of curated 

database is presented in Table 4.4. 
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Table 4.4. Curated database for predicting and simulataneously optimizing YS, UTS, and elongation 
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4.3.2. Selection of the Optimal Composition from the Curated Database 

To identify the best alloy composition that exhibits the most favorable combination of 

mechanical properties within the curated database, the Non-Dominated Sorting Genetic 

Algorithm II (NSGA-II) technique was employed. Through this analysis, the composition 

AlCoCrFeNiZr0.008, characterized by YS, UTS, and elongation values of 1572 MPa, 3517 MPa, 

and 29.7%, respectively, was identified as the best composition within the database. The results 

are visually represented in a 3D plot, with YS, UTS, and elongation depicted on the three axes, 

providing a clear illustration of the relationship between these critical mechanical properties, see 

Figure 4.6. The best combination of mechanical properties is distinctly highlighted within a red 

square. 

 

Figure 4.6. 3D plot illustrating the distribution of Yield Strength (YS), Ultimate Tensile 

Strength (UTS), and elongation (%) values for each data point in the dataset. The data point 

encircled within a red square represents the composition identified as having the optimal 

combination of these mechanical properties, as determined by the NSGA-II 
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4.3.3. Training and Testing ML Models 

To predict the mechanical properties of MPEAs, several ML algorithms, including Neural 

Network (NN), Random Forest Regressor (RFR), Extra Trees Regressor (ETR), Cat-Boost 

Regressor (CBR), and XGBoost Regressor (XGB) were employed. The dataset was divided into 

an 80:20 ratio for training and testing the models. Standard scaling was applied to normalize the 

data. The performance of these models is depicted in Figure 4.7. Among all the regression 

models, the Cat-Boost Regressor (CBR) demonstrated superior performance, achieving the 

highest R² score of 0.91, along with the lowest Mean Squared Error (MSE) of 0.07 and Mean 

Absolute Error (MAE) of 0.16. Due to its exceptional performance, CBR was selected as the 

best model for subsequently performing multi-objective optimization.  

 

Figure 4.7. Performance evaluation of each algorithm based on R2_score, Mean Squared Error 

(MSE), and Mean Absolute Error (MAE) 

4.3.4. Exploring Novel Compositions with Simultaneously Optimized YS, UTS, and, 𝓔   

Our objective is to find novel compositions that not only match but potentially surpass the 

mechanical properties of the benchmark composition AlCoCrFeNiZr0.008 identified within the 

database. To achieve this goal, a hybrid model was developed by integrating Cuckoo Search 

TH-3891_206103028



115  

Optimization (CSO) and Non-Dominated Sorting Genetic Algorithm (NSGA-II) in the CBR 

model.  

Cuckoo Search Optimization (CSO) 

CSO is a metaheuristic algorithm based on the brood parasitism behavior of cuckoo birds. It 

strategically lay their eggs in the nests of other host birds. If the host bird detects the presence of 

alien eggs, it may either discard the foreign eggs or abandon the nest to build a new one. This 

natural behavior forms the basis of the CSO algorithm, which adeptly balances exploration and 

exploitation to solve complex optimization problems. The detailed workflow of the CSO process 

is illustrated in Figure 4.8. 

 CSO operates by mimicking Lévy flights, a random walk characterized by a series of 

long jumps, to explore the search space extensively. Simultaneously, it replaces the worst 

solutions with potentially better ones, thereby refining the solution set. This dual approach 

enables the CSO to navigate the expansive search space of MPEAs efficiently.  
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Figure 4.8. Workflow of cuckoo search optimization (CSO) 

The compositional space was defined across 13 dimensions (13 elements within the curated 

database), with each dimension representing a distinct elemental component. To efficiently 

explore this high-dimensional space, key parameters within the CSO algorithm, including n 

(population size), α (step size of the Lévy flights), β (Lévy flight distribution), Pa (discovery rate 

of alien eggs), number of iterations and search space boundary were configured. The choice of 

CSO is particularly advantageous in this context due to its robustness and effectiveness in 

handling high-dimensional and nonlinear optimization problems. 

Non-Dominated Sorting Genetic Algorithm (NSGA-II) 

To navigate alloy compositions that offer the optimal combination of mechanical properties, the 

Non-Dominated Sorting Genetic Algorithm (NSGA-II) was employed. It is a highly regarded 

technique in the field of multi-objective optimization. The NSGA-II is particularly effective for 

problems where multiple objectives must be optimized simultaneously, and it is widely used due 
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to its ability to identify a diverse set of Pareto-optimal solutions. In the context of multi-objective 

optimization, the term "non-dominated" refers to solutions that are Pareto-optimal, meaning that 

no other solution in the search space is superior when all objectives are considered together. 

These solutions form what is known as the Pareto front, representing the best trade-offs between 

competing objectives. 

 NSGA-II improves upon the original NSGA (Non-Dominated Sorting Genetic 

Algorithm), an evolutionary algorithm designed to find a diverse set of solutions that are Pareto 

optimal, meaning no other solution is better in all objectives. It uses genetic operators (selection, 

crossover, mutation) just like other genetic algorithms, but it introduces advanced techniques 

such as: 

(i) Fast Non-Dominated Sorting, where individuals in the population are sorted into 

different "fronts" based on Pareto dominance. The first front is completely non-

dominated, the second front is dominated only by the first, and so on. NSGA-II improves 

the sorting algorithm to O(MN²) complexity (where M is the number of objectives, N is 

population size), which is faster than the original NSGA. 

(ii) Crowding Distance, which is a measure of solution density around a point. It helps to 

maintain diversity in the population by favouring solutions in less crowded areas of the 

front. 

(iii) Elitism helps retains the best solutions found so far by combining parent and offspring 

populations (2N size), sorting them, and selecting the top N individuals for the next 

generation. This ensures better convergence and avoids losing good solutions. 

(iv)  Binary Tournament Selection, where individuals are being chosen based on rank 

(Pareto front) and crowding distance. If two individuals are in the same front, the one 

with a higher crowding distance is preferred. 

NSGA-II is a faster, more efficient, and more robust version of the original NSGA. Its key 

innovations, such as elitism, crowding distance, and fast non-dominated sorting, make it more 

effective at finding diverse and high-quality Pareto fronts.  

4.3.5. Identification and Validation of Pareto-Optimal Solutions 

A list of identified Pareto-optimal solutions is presented in Table 4.5. Among these, the 

composition Al0.84675Co0.84675Cr1Fe0.9544Ni0.84675Zr0.00677 exhibited mechanical properties that 

closely matched those of the benchmark composition in the database, AlCoCrFeNiZr0.008. 
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Furthermore, two additional compositions, MoNbTiVZr and MoNbTiV0.25Zr, were identified 

that surpass this benchmark, demonstrating mechanical properties of [YS = 1748 MPa, UTS = 

3800 MPa, 𝓔 = 23%] and [YS = 1740 MPa, UTS = 3876 MPa, 𝓔 = 27%], respectively. Notably, 

these compositions have been previously reported in the literature but were not included in the 

original database collected for this study. Their experimentally derived YS, UTS, and elongation 

values are highlighted in red fonts in Table 4.5. A comparison of reported experimental values 

with those suggested by our developed ML framework, reveals close agreement for MoNbTiVZr  

[185] and MoNbTiV0.25Zr [186]. This consistency validates the predictive capability of the present 

study, and affirms the reliability and effectiveness of the developed framework. 

Table 4.5. Identified Pareto-optimal solutions using the developed ML framework 

 

S. No. Alloy Composition YS (MPa) UTS 

(MPa) 

𝓔 (%) 

1. Al0.7262Co0.7785Cr0.8063Fe0.7027Ni1Mo0.0934 1209.976 3629.1116    19.9018 

2. Al0.8225Cr1Ni0.8225Zr0.4528 1229.609   3254.284    29.3906 

3. AlCr0.9583Fe0.675Ni0.9264Zr0.0058 1130.77 3158.11 25.85 

4. Al0.84675Co0.84675Cr1Fe0.9544Ni0.84675Zr0.00677 1572 3506.71 29.7 

5. Al1Cr1Cu0.00937Ni0.9409 Ti0.1028V0.3879 1150.3729 2889.0830 27.8307 

6.  Al1Cr0.556Fe0.556Ni0.5215Ti0.2384 1226.918 2126.552 23.589 

7. Al0.8247Fe0.9693Ni1Zr0.0074 1017.25          3507.13 28.87 

8. Mo1Nb1Ti1V1Zr1 [185] 1748 

(1786) 

3800 

[3828] 

23  

[26] 

9. Al0.9756Cr1Fe0.8236Ni1Zr0.00747 1110.755 3821.219 29.175 

10. Al0.9328Co1Cr0.9827Fe0.8769Zr0.0062 1043.51  3487.12          29.0895 

11. Al0.9256Cr0.752Cu0.0987Fe0.4703Ni1Mn0.0567Ti0.14

88Nb0.1302Zr0.0071Mo0.0567 

1087.4859 2693.45 17.719 

12. Al0.9039Co1Cr0.9363Fe0.9624Zr0.00693 1655.31  3378.25   21.688 

13. Mo1Nb1Ti1V0.25Zr1 [186] 1740 

[1776] 

3876 

[3893] 

27  

[30] 

14. Al1Cr1Fe0.7356Ni1 1146.430 3400.346 26.564 

15. Al1Co0.587Cr0.18028Ni0.767Mn0.1734V0.1802 

C0.01469 

1290.797 2580.7718 22.9337 
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4.4. Summary 

This chapter presented a comprehensive, data-driven approach for predicting and optimizing the 

mechanical properties of MPEAs. The first part of this chapter focuses on predicting yield strength 

of MPEAs using the MAST-ML toolkit and a curated dataset of 700 experimentally synthesized 

MPEAs. Within the MAST-ML framework, three tree-based regression algorithms including 

Decision Trees Regressor (DTR), Random Forest Regressor (RFR) and Extra Trees Regressor 

(ETR) were employed. Among those three models, ETR demonstrated superior performance, 

achieving an R² score of 0.924, MAE of 0.09, and RMSE of 0.148 on test data. The ETR model 

also showed strong generalizability, as evidenced by its accurate predictions on unseen MPEA 

compositions, maintaining an error margin within ±20 MPa.  

 MAST-ML proved to be effective, particularly for researchers with limited programming 

experience and its good only for small- to medium-scale datasets in materials science. Currently, 

the toolkit integrates well with scikit-learn for classical ML tasks, but does not support deep 

learning, GPU acceleration, and real-time feedback. Additionally, it lacks integration with 

advanced optimization algorithms, such as metaheuristic approaches, that are essential for 

exploring vast and complex compositional spaces. Its design is largely batch-mode oriented, with 

diagnostic plots generated only after execution, limiting opportunities for interactive model 

refinement or real-time feedback. These limitations, offer clear avenues for future development 

and extension of the framework.  

Building upon the limitations of MAST-ML, the second part of this chapter extend the study to 

develop a novel framework for multi-objective optimization. A database targeting yield strength 

(YS), ultimate tensile strength (UTS), and elongation (𝓔), which are key properties often subject 

to competing trade-offs, was compiled from experimental literature. Various algorithms including 

Neural Network (NN), Random Forest Regressor (RFR), Extra Trees Regressor (ETR), Cat-Boost 

Regressor (CBR), and XGBoost Regressor (XGB) were employed for predicting the properties. 

Among all, CBR performed the best with highest R² score of 0.91, and the lowest MSE of 0.07 

and MAE of 0.16, thus, CBR was selected for subsequently optimizing these three properties 

simultaneously.  

 A hybrid framework integrating CBR with Cuckoo Search Optimization (CSO) and the 

Non-Dominated Sorting Genetic Algorithm II (NSGA-II) was implemented for multi-objective 

optimization, where the objective was to explore the vast compositional space defined across 13 

dimensions to find Pareto-optimal solutions. This newly developed approach successfully 
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identified several novel alloy compositions, including candidates that not only matched but 

surpassed the mechanical performance of the best-known benchmark alloy (AlCoCrFeNiZr0.008) 

in the collected database. Notably, two compositions namely, MoNbTiVZr and MoNbTiV0.25Zr 

was utilized to validate the predictions of developed framework. The mechanical properties 

suggested via our developed framework was found in close agreement with their reported 

experimental values, thus validating the robustness of developed framework. This research 

underscores the potential of integrating ML models with metaheuristic optimization techniques to 

explore the vast compositional space of MPEAs, providing a reliable method for identifying alloys 

with superior mechanical properties. These findings not only demonstrate the effectiveness of our 

approach but also lay the groundwork for future experimental validation. 

Building on the prediction and multi-objective optimization of mechanical properties, the 

subsequent focus of this research is directed toward minimizing reliance on critical raw materials 

(CRMs) or critical and strategic raw materials (C&SRMs) in the design of MPEAs through a dual 

strategy. The first approach establishes a hybrid ML‒metaheuristic optimization framework that 

leverages ML-guided chemical tuning to systematically identify and design CRM-free or CRM-

lean alloys without compromising mechanical performance. Complementing this, the second 

approach investigates strain engineering as a non-ML-based physical design strategy, drawing on 

theoretical analysis of literature evidence to evaluate its potential in enhancing mechanical 

properties while reducing dependence on C&SRMs. Together, these two complementary 

approaches aim to address challenges of material cost, supply risk, and long-term sustainability, 

thereby advancing the development of resource-efficient alloys aligned with Net Zero objectives. 
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Chapter 5     

Design and Development of Critical Raw Materials (CRMs)-Free 

MPEAs Using ML Framework  

 

5.1. Motivation to Reduce Reliance on Critical Raw Materials (CRMs) 

Various refractory HEAs (RHEAs) such as NbMoTaW [124], TixNbMoTaW (x = 0, 0.25, 0.5, 

0.75, 1) [124] VxNbMoTa (x = 0.25, 0.5, 0.75, 1.0) [125], Nb40Ti25Al15V10Ta5Hf3W2 [126], 

NbMoTaW(HfN)x (x =  0, 0.3, 0.7, 1.0) [127], MoNbTaVW [128], HfNbTaZr [128], 

Re0.1Hf0.25NbTaW0.4 [129]], along with several 3d transition metal HEAs such as 

Al10.3Co17Cr7.5Fe9Ni48.6Ti5.8Ta0.6Mo0.8W0.4 [130], 

Al10.2Co16.9Cr7.4Fe8.9Ni47.9Ti5.8Mo0.9Nb1.2W0.4C0.4 [131] have been developed for high-

temperature applications in aerospace, gas turbine, and nuclear power plants. Other MPEAs such 

as CoCrFeNiTax (x = 0, 0.1, 0.2, 0.3, 0.4, 0.5, and 0.75) [132], CoCrFeNiNbx (x = 0, 0.103, 0.155, 

0.206, 0.309 and 0.412) [133], and  CoCrFeNiNbx (x = 0.1, 0.25, 0.5 and 0.8) [134] have also 

shown a remarkable combination of high strength and ductility, particularly in their eutectic 

counterparts such as CoCrFeNiTa0.4 and CrFeCoNiNb0.5. However, it is noticeable that these 

alloys are heavily reliant on the use of critical raw materials (CRMs) such as Ta, W, Nb and Hf 

[136].  

 Thus far, no efforts in the MPEA literature have been directed toward reducing or 

eliminating CRMs during alloy development. Rizzo et al. [136] emphasized the importance of 

ensuring a flawless supply chain of raw materials to maintain a sustainable circular economy. 

Therefore, the exigency of minimizing or completely eliminating the use of CRMs in the design 

of novel alloys is essential, not only to mitigate the excess of imports and curb the need for 

excessive mining, but also to accelerate the transition toward Net Zero goals. This forms the 

central focus of this chapter. 

 This chapter introduces a ML-based framework to design novel multicomponent alloy 

compositions, meticulously crafted to eliminate Critical Raw Materials (CRMs) while achieving 

hardness levels comparable to, or even surpassing, those of CRM-heavy MPEAs. Various 

metaheuristic optimization methods were explored to accomplish this goal.  
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5.2. Theoretical Background of Critical Raw Materials (CRMs) 

5.2.1. Definition of CRMs 

The modern pursuit of clean energy, digital innovation, and advanced manufacturing has rendered 

certain raw materials indispensable. Referred to as Critical Raw Materials (CRMs), elements such 

as tantalum (Ta), tungsten (W), niobium (Nb), hafnium (Hf), and others are vital to advanced 

technologies due to their unique properties. However, their supply is increasingly constrained by 

geopolitical, economic, and environmental factors [137]. Rizzo et al. emphasized the importance 

of maintaining a flawless raw material supply chain to support a sustainable circular economy 

[136]. Thus, CRMs are characterized by their technological importance, high supply risk, and the 

urgency to reduce their usage through limiting import dependency and minimizing excessive 

mining. 

5.2.2. Classification of CRMs 

Since 2011, the European Commission has published and regularly updated a list of CRMs every 

three years to support strategic planning and resource security within the European Union (EU).  

The classification of CRMs is a key distinction in the realization of this research. Accordingly, 

materials identified as critical in both past and recent reports were compiled and categorized into 

three groups, based on the frequency and continuity of their appearance on the CRM list. Figure 

5.1, presents an overview of the materials listed in these reports from 2011 to 2023. 

 CRMs that appeared three or more times on the EU's critical materials list and remain a 

current concern were classified as 1st Tier. This category includes highly critical elements such 

as Be, Bi, Co, Ga, Ge, Hf, Mg, Nb, Sb, Sc, Si (metal), Ta, V and W. The 2nd Tier CRMs comprise 

elements such as Al, Cu, He, Li, Mn, Ni, P, Sr, and Ti, which have appeared more than once in 

recent listings but with less historical consistency. Elements such as Cr and In, excluded from the 

2023 CRM list, were not considered critical (non-CRMs) in the context of this study.  
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Figure 5.1. Severity scale of materials listed in category of CRMs by EU [187] [188] [189] [190] [191] 
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5.2.3. Attempts to Recover CRMs 

Despite cobalt’s inclusion in the 1st tier CRM category, its production is not a concern. The 

Democratic Republic of Congo (DRC) is the world’s largest producer of Co, with its production 

projected to increase from 11,000 MT in the year 2000 to 98,000 MT by 2020 [192]. However, 

the market of Co presents a considerable risk due to supply chain complexities. China, which has 

limited domestic cobalt production has significantly increased its imports from the Democratic 

Republic of the Congo (DRC) and controls cobalt processing in the region through various 

Chinese firms. This initiative by China was aimed at securing a competitive advantage in 

regulating the electric vehicle market. 

 A potential remedy here would be to recover Co from waste batteries. Suriyanarayanan et 

al. [193] recently introduced an innovative and efficient approach for Co extraction with an 

extraction efficiency  >97%, using a nonionic deep eutectic solvent (ni-DES) comprised of N-

methylurea and acetamide. Zhang et al. [194] developed a supercritical fluid extraction process 

using supercritical CO2 solvent with tributyl phosphate–nitric acid and hydrogen peroxide adduct 

to recover Li, Co, Mn and Ni with a 90% extraction efficiency. Moreover, Yang et al. [195] in 

2024 estimated the sales volume of new energy passenger vehicle (NEPV) from 2023 to 2035 

based on the historical NEPV sales data from 2013 to 2022. Utilizing Weibull distribution to 

analyze different sales scenarios, they estimated the potential of recycling Co for maintaining a 

balance between supply and demand. Their analysis predicted the peak potential of recycling of 

Co to be about 0.167 MT with an economic value ranging from 49.01 billion to 94.60 billion 

Chinese Yuan in 2035. Consequently, they concluded that recycling of Co is necessary to 

alleviate the supply risk pressure and taking the Co off of the CRM list.  

 Similarly, Petranikova at al. [196] summarized the efforts in the recovery of Vanadium 

by selecting more sustainable technologies with lower generation of harmful by-products. They 

highlighted the importance of combining hydrometallurgical and pyrometallurgical approaches 

to increase the material recovery rates. With ongoing strategic advancements in recovery and 

recycling, Cobalt (Co) and Vanadium (V) are expected to transition from their current status as 

CRMs to non-CRMs. As these management methods evolve, the associated risks related to these 

materials are anticipated to gradually decrease. 
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5.3. ML Framework Developed for Reducing Reliance on CRMs 

Present chapter follows a systematic flow to design novel reduced CRM (CRM-lean) or CRM-

free MPEAs, as demonstrated in Figure 5.2. Detailed description is provided in each respective 

section. 
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Figure 5.2. Workflow of present study
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5.4. Data Collection 

As noticed earlier, various MPEAs have been developed by utilizing elements such as Al, Cu, Cr, 

Ti, V, W, Ta, Hf, Nb, Mo, Zn, Zr, Si extensively, while certain precious metal HEAs incorporate 

elements such as Ag, Pt, Au, Ru, Rh, Pd and many of these elements (Hf, Nb, Ta, Pt, Pd, Ru, Rh, 

W) have been marked as critical and have reached an alarming stage [135]. Consequently, when 

considering MPEAs comprised solely of non-CRMs elements, the available experimental data in 

the literature is scarce which limits the training and testing of the machine learning models. 

Therefore, a fresh database has been extracted using Thermo-Calc 2024a software, which is based 

on a CALculation of PHAse Diagram (CALPHAD) approach.  

 In recent years, CALPHAD has played a crucial role in designing transition alloys from a 

completely serendipitous process to a well-established method seeking a thermodynamic rationale 

[123]. CALPHAD has been extensively utilized in literature for phase prediction and rapid 

screening of potential alloys by estimating their compositional and microstructural properties 

which are validated experimentally [123, 197]. However, no study can be seen in the literature 

with a focus on mechanical property prediction solely from the CALPHAD method. This is 

because predicting mechanical properties is not as straightforward as phase prediction. Phase 

prediction relies solely on the Gibbs free energy for lower-order compositions. For more complex 

or higher-order compositions, phases are predicted by extrapolating Gibbs free energy from the 

lower-order systems [198]. Unlike phase prediction, mechanical property prediction requires 

rigorous research into the manufacturing (processing) routes, processing parameters, post-

processing treatments, testing parameters and extensive knowledge or expertise in the field. 

Thermo-Calc 2024a offers a property model calculator, which allows the prediction of yield 

strength and hardness of a composition based on the phases present at a particular temperature 

[199]. 

 Currently, Thermo-Calc does not account for factors such as processing history, 

parameters, time and other crucial variables for accurately predicting mechanical properties under 

specific experimental conditions. However, its hardness prediction tool still provides a solid 

foundation for making informed estimations, hence the hardness prediction tool was utilized to 

collect database for this study.  But first the Vickers hardness of various alloys, including medium- 

and high-entropy alloys, were extracted from experimental literature across different processing 

methods (casting, additive manufacturing, powder metallurgy, rolling, and severe plastic 
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deformation techniques such as High-Pressure Torsion (HPT) and Equal Channel Angular 

Pressing (ECAP)). These were then compared to Thermo-Calc predictions for respective alloys, 

as shown in Figure 5.3. This was done to assess the discrepancy between experimentally obtained 

hardness and Thermo-Calc predictions. 
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Figure 5.3. Vickers hardness comparison for selective MPEAs based on the experimental results obtained from various manufacturing methods 

(black dots) vs. CALPHAD predicted values (in red dots)
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A detailed comparison is provided in tabular form in Supplementary 5s. Thermo-Calc predictions 

were observed to be insensitive to the strain rate applied during the manufacturing process which 

can lead to different hardness values based on the manufacturing process. For a few compositions, 

the CALPHAD hardness value matched the experimental values, however, it is difficult to 

generalize which experiments led to the values that are closest to the CALPHAD predictions. For 

instance, the hardness values obtained from CALPHAD for CoCrNi match with the ECAP 

processed (for 3 passes) and post-deformation annealed (at 700 °C) samples. As for the FeMnNi 

medium entropy alloy, its CALPHAD value was closest to the alloy processed via rolling (90% 

rolled) and then annealed at 1073 K for 1 h (see Figure 5.3). Thus, generalizing which 

experimental processing route leads to hardness values that closely match those predicted by 

CALPHAD is arduous. 

Database Prepared Using Thermo-Calc 2024a for Present Study  

A large dataset comprising 3,608 instances with Vickers hardness values for unary and binary 

element-based compositions was computationally generated using the TCHEA7 database and the 

property model calculator in Thermo-Calc 2024a (Version 2024.1.132110-55). The dataset 

focuses on compositions containing the elements Al, Cr, Cu, Co, Fe, Ni, Ti, V, Mo, Mn, Sn, Zn 

and Zr. An exception was made while collecting data, as Co and V have also been included, 

which are although classed as 1st Tier CRMs were not treated as critical. This is due to the ongoing 

advances made in the recovery and recycling methods, moreover, its production is not a concern, 

and it is expected that the Co and V will become non-critical over time [193-195] [196]. 

Henceforth, Co and V were considered as non-CRM for the current investigation and included 

them in the database for current investigation. A total of 3,608 instances were recorded and no 

experimental data was incorporated to keep the database free from experimental uncertainty 

arising from the manufacturing process. 

 While extracting the data, it was observed that the property predictor module relies on 

certain assumptions. Those assumptions are as follows: (i) the material is homogeneous i.e., with 

no imperfections or defects (ii) it considers only local equilibrium and neglects long-range 

diffusion. Therefore, to calculate the mechanical properties, it uses simplified theoretical models 

and databases (containing thermodynamic and kinetic data), which do not capture the 

complexities related to processing (as-cast, heat-treated, homogenized, or severely deformed 

samples) and testing conditions (the amount of load and time required in hardness testing). 

Thermo-Calc predictions can therefore be expected to carry a certain percentage of error when 

compared to the experimentally synthesized specimen based on its processing history.  
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 For determining the hardness value of a particular composition using Thermo-Calc, the 

phases present in the system were first identified using their corresponding phase diagram 

observed at a range of temperatures, computed using an equilibrium calculator. Based on the 

available features within the software, by considering the system size of 1 mol at a temperature 

of 300 K and 1 bar pressure, the hardness value was estimated. In some cases, the identified 

phases in the phase diagram could not be marked while calculating Vickers hardness due to their 

unavailability in the property model calculator, highlighting one of the several limitations of 

Thermo-Calc 2024a that needs to be improved.  

 Consequently, a total of 3,608 instances of different compositions were extracted. This 

database contains only compositional information and the hardness value of each instance. The 

highest hardness value obtained was in the range of 400–405 HV. Some of the interesting 

compositions with higher Vickers hardness values in the database were Cr42Ti58, Ti74Zn26, 

Ni24Ti76, Cu16Ti84 with a hardness value of 405HV, 404 HV, 403 HV and 402 HV respectively.  

5.5. Data Processing 

The compiled database was first carefully examined to remove duplicate entries. After cleaning, 

the final dataset was prepared for machine learning implementation. To facilitate model training 

and performance assessment, the dataset was partitioned into two subsets: 80% (2,886 instances) 

for training and model development, and 20% (722 instances) for evaluation and independent 

verification.  

5.6. Description of Utilized ML Algorithms 

Various tree-based regression algorithms such as Decision Tree Regressor (DTR), Random 

Forest Regressor (RFR), AdaBoost Regressor (ABR), Gradient Boost Regressor (GBR), 

XGBoost Regressor (XGBR) and Extra Tree Regressor (ETR) were employed. While some of 

these algorithms have been introduced in earlier chapters, their complete workflow has also been 

demonstrated in this chapter for clarity. 

5.6.1. Decision Tree Regressor (DTR) 

Decision tree is one tree structure which is based on if-else loop. The workflow of DTR is shown 

in Figure 5.4. A detailed description about DTR has already been discussed in Chapter 3 and 4. 
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Figure 5.4. Workflow of Decision Tree Regressor 

5.6.2. Random Forest Regressor (RFR) 

RFR is an ensemble of various decision tree, based on bagging technique, where each tree is 

trained on a random subset of data and random subset of features. The final prediction is obtained 

by taking the average of predictions of each individual tree. The workflow of RFR is shown in 

Figure 5.5. 

 

Figure 5.5. Workflow of Random Forest Regressor 

5.6.3. Gradient Boosting Regressor (GBR) 

GBR is also an ensemble of various decision tree, but it is based on boosting method. It combines 

multiple weak learners (typically decision trees) and build them sequentially where each 

subsequent tree tries to rectify the errors made by previous tree, thus create a robust predictive 

model. The workflow of GBR is shown in Figure 5.6. 
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Figure 5.6. Workflow of Gradient Boosting Regressor 

5.6.4. XGBoost Regressor (XGBR) 

XGBoost (Extreme Gradient Boosting) is an optimized implementation of Gradient Boosting, 

which incorporates additional regularization, parallel processing and tree pruning. It is highly 

efficient and perform better compared to traditional Gradient Boosting. The workflow of XGBR 

is shown in Figure 5.7. 
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Figure 5.7. Workflow of XGBoost Regressor 

5.6.5. AdaBoost Regressor (ABR) 

ABR is also an ensemble learning algorithm that typically employs decision stumps, which are 

decision trees with a single split (one node and two leaves) as its weak learners, although deeper 

trees can also be used. In contrast, Random Forest (RF) constructs an ensemble of multiple 

decision trees of varying depths, each trained on random subsets of data and features. The 

workflow of ABR is illustrated in Figure 5.8. 
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Figure 5.8. Workflow of AdaBoost Regressor 

5.6.6. Extra Trees Regressor (ETR) 

ETR also known as Extremely Randomized trees is an ensemble of various decision trees. It is 

quite similar to RFR as based on bagging method except for the random selection of split values. 

The workflow of ETR is shown in Figure 5.9. 

 

Figure 5.9. Workflow of Extra Trees Regressor 
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5.7. Hyperparameter Tuning of Utilized Algorithms 

The performance of a ML model is influenced by its hyperparameters, which are adjustable 

settings that govern various aspects of the model’s learning process, such as complexity, 

regularization, and convergence. Examples of hyperparameters include the maximum depth of 

trees in decision tree models, the number of trees in ensemble models like Random Forest and 

Gradient Boost, as well as the number of hidden layers in neural networks and the penalty term 

used in support vector machines. Proper tuning of these hyperparameters is essential for 

achieving an optimal balance between model accuracy and generalization.  

 To optimize the hyperparameters of the selected algorithms, Random Search CV was 

employed. Unlike Grid Search, which systematically evaluates all possible combinations of 

hyperparameter values, Random Search, samples a fixed number of hyperparameter 

combinations from a defined distribution. This approach significantly reduces computational 

costs while still allowing the exploration of a diverse range of values, making it particularly 

advantageous for complex models with many hyperparameters. 

 Each hyperparameter configuration was evaluated using a 5-fold cross-validation 

approach, where the dataset was divided into five subsets. Each subset was used once as a 

validation set while the others served as the training set, ensuring a thorough and unbiased 

assessment of the model’s generalization capabilities.  

 The optimized hyperparameters for each regressor model are listed in Table 5.1. This 

methodology helped in identifying the best-performing hyperparameter settings, ensuring that 

the model would perform consistently across different data splits. 

Table 5.1. Summary of the optimized hyperparameters for the chosen ML algorithms 

Regression algorithm Hyperparameters 

Decision Tree Regressor (DTR) min_samples_split: 4;  

min_sample_leaf: 3; 

 max_features: None 

Random Forest Regressor (RFR) n_estimators: 651; 

min_samples_split: 2;  

min_sample_leaf: 1; 

 max_depth: 70; 

 bootstrap: True 
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max_features: 'sqrt' 

Gradient Boost Regressor (GBR) Subsample: 0.97; 

 n_estimators: 609;  

min_samples_split: 9;  

min_sample_leaf: 3; 

 max_depth: 8; 

 learning_rate: 0.042 

max_features: 'log2' 

AdaBoost Regressor (ABR) learning_rate: 0.78; 

loss: linear; 

 n_estimators: 280 

XGBoost (XGB) colsample_bytree: 0.87; 

 gamma: 4.7;  

learning_rate: 0.22;  

max_depth: 7;  

min_child_weight: 5;  

n_estimators: 1738; 

 subsample: 0.94 

Extra Trees Regressor (ETR) n_estimators: 1301; 

min_samples_split: 4;  

min_sample_leaf: 1; 

 max_depth: None; 

 bootstrap: False 

max_features: 'log2' 

 

5.8. Performance Evaluation of Developed ML Models 

The performance of each developed model was evaluated based on the coefficient of 

determination (R² score), mean absolute error (MAE), root mean squared error (RMSE), and 

mean absolute percentage error (MAPE), as detailed in Equation 5.1 to 5.4. These performance 

indicators were used to quantify the difference between predicted values and observed outcomes.  

R2_score =  
∑(𝑦𝑖−𝑦̂𝑖)2

∑(𝑦𝑖−µ)2
        (5.1) 
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MAPE =  
1

𝑛
∑  𝑛

𝑖=1
|(𝑦𝑖−𝑦̂𝑖)|

(𝑦𝑖)
       (5.2) 

MAE =  
1

𝑛
∑  𝑛

𝑖=1 |𝑦𝑖 − 𝑦̂𝑖|       (5.3) 

RMSE = √ 
1

𝑛
∑  𝑛

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)2       (5.4) 

The results obtained from various regression models are presented in Figure 5.10 (a). The Extra 

Trees Regressor (ETR) demonstrated a superior performance and achieved an R² score of 0.82 

and Mean Absolute Percentage Error (MAPE) of 0.17 (see the scatter plot in Figure 5.10 (b)), 

utilizing optimized hyperparameters determined through Random Search Cross-Validation.  

 

Figure 5.10. (a) Performance of various tree-based ML models: R2_score (in light orange), 

MAPE (in green), (b) actual vs. predicted hardness of test data for the ETR model 

 

It is important to note that while several studies report even higher R² scores, those models 

typically incorporate numerous descriptors, such as atomic size difference (δ), electronegativity 

difference (∆χ), valence electron concentration (VEC), mixing enthalpy (∆Hmix), mixing 

entropy (∆Smix), melting temperature (∆Tm), Young’s modulus (E), shear modulus (G), 

differences in shear modulus (δG), lattice distortion energy (μ), the Peierls-Nabarro factor (F), 

and other parameters (Ω-parameter, ϕ-parameter, and γ-parameter), which together enhance 

performance metrics. In contrast, this approach relies solely on compositional information and 

hardness values, achieving an R² score of 0.82. This underscores the model's robustness to predict 

hardness values without requiring any additional descriptors. 

 Among all the ML models evaluated, ETR demonstrated the superior performance across 
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the selected evaluation metrics. Owing to its predictive robustness, ETR was selected as the 

primary model for the subsequent stage of this study, i.e., the exploration of novel alloy 

compositions using metaheuristic optimization techniques. The details of compositional space 

defined for the curated dataset are presented in the subsequent section. 

Compositional Space for the curated database 

The compositional space of the curated database encompasses nearly 8,008 possible 

compositions (see Figure 5.11) as per combination theory while considering only ternary to 

decenary-based compositions derived from 13 elements. This space served as the search domain 

for evaluating the performance of optimization techniques in conjunction with the ETR model. 

Various metaheuristic optimization algorithms utilized to explore this compositional space is 

discussed below. 

 

Figure 5.11. Total possible compositions from selected 13 elements 

5.9. Need for Utilizing Optimization Methods 

The vast compositional space of nearly 8,008 possible compositions presents not only an 

enormous opportunity for the development of novel materials but also a significant challenge in 

terms of efficient exploration. In particular, when the objective is to design alloys free of CRMs, 

the search becomes even more constrained, as compositions must both avoid elements with high 

supply risk and retain desirable mechanical performance. This necessitates the adoption of 

advanced optimization techniques capable of systematically navigating the large design space to 

identify promising candidates. 
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5.10. Types of Optimization Methods 

The classification of various optimization methods is shown in Figure 5.12, with red fonts 

highlighting the algorithms used in this investigation. Traditional optimization techniques, which 

include general methods and non-general or specified methods tailored for specific types of 

problems, have certain limitations such as the requirement of the objective function to be 

differentiable and lack of ability to obtain a globally optimum solution. Some of the popular 

traditional optimization techniques such as Newton Raphson, Successive Quadratic 

Programming algorithm, Steepest Descent Algorithm, Stochastic Newton optimization method 

and Sequential Unconstrained Minimization technique [200] [201] are well known.  

 Recently, some non-traditional methods of optimization popularly known as meta-

heuristic optimization techniques have gained increasing popularity in solving complex 

problems. The term metaheuristic combines meta and heuristic, both originated from Greek. Meta 

symbolizes higher or beyond, and heuristic signifies intelligent guesswork based on past 

experience or intuitive solution of a problem. Therefore, metaheuristic optimization can be 

considered as something beyond intuitive, combined with certain mathematical rules or higher-

level frameworks. It can broadly be classified into two categories: single trajectory-based and 

population-based optimization as shown in Figure 5.12.  
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Figure 5.12. Classification of optimization methods 

 

Single trajectory-based optimization (such as Hill Climbing, Gradient Descent, Tabu Search, 

Random Search etc.) starts with a single solution at each iteration, and the current solution is 

replaced by another best solution found in the neighborhood for that iteration. Contrarily, 

population-based optimization techniques are inspired by natural-selection and biological 

evolution, where a set of solutions are randomly initialized and updated through an iterative 

process. Genetic algorithm, Differential evolution and others belong to evolutionary optimization 

techniques, while Particle swarm optimization, Ant colony optimization, Cuckoo search and 

others are examples of swarm-intelligence-based optimization techniques [201, 202]. These 

techniques are exploration-and-exploitation oriented, which introduces diversification in the 

search space, resulting in the attainment of global optimum solutions by avoiding local optimum 

solutions for complex real-world problem [203]. 

 Among all available various nature-inspired metaheuristic optimization techniques, 

genetic algorithms, particle swarm optimization, Cuckoo search and a few others have been 

proven to successfully solve a wide range of complex real-world problems. However, some of 
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the recently introduced metaheuristic optimization techniques such as Ant colony optimization, 

Artificial Bee Colony optimization, Spotted Hyena optimization, whale optimization need 

substantiation for their convergence. Rao [204], in his book chapter, emphasized that these 

methods share the same fundamental principles, despite being referred to by different names. 

5.11. Metaheuristic Optimization Methods Utilized in this Work 

The five most popular and well-studied metaheuristic optimization techniques used to identify 

novel MPEA compositions with minimized CRM content are shown in Figure 5.13. The 

description of each optimization method along with its flowchart is described in the subsequent 

section. By employing these metaheuristic optimization methods in combination with ETR, the 

search for optimal compositions can be carried out efficiently, striking a balance between 

sustainability (by eliminating CRMs) and performance, thereby ensuring that the designed alloys 

are both technologically viable and environmentally responsible. 

 

Figure 5.13.Various metaheuristic optimization models applied in this study: Genetic 

Algorithm (GA), Particle Swarm Optimization (PSO), Cuckoo Search Optimization (CSO), 

Whale Optimization Algorithm (WOA) and Ant Colony Optimization (ACO) 
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5.11.1. Genetic Algorithm (GA) 

GA is one of the most popular evolutionary algorithms based on the principle of Darwin’s theory 

of survival of the fittest. It includes random initialization of population, selection, crossover, 

mutation to generate new population with improved fitness. In this method, the variables (or 

compositional elements in particular for our objective) corresponds to the chromosomes of 

population, and based on the best fitness value (i.e., the highest hardness value), they are selected 

for recombination and mutation to generate new population with better fitness for the next 

generation (i.e., compositions corresponding to higher hardness than the previous generation). 

The optimal or near-optimal solution obtained after several generations represents the best 

solution of the problem. Complete description of working principle of genetic algorithm is shown 

in Figure 5.14. Table 5.2, presents the range of hyperparameters used in GA for present study. 

 
Figure 5.14. Flowchart of working principle of Genetic Algorithm 
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Table 5.2. Range of hyperparameters used for GA 

GA Parameters Values 

Population size Range of 50-1000. 

Crossover rate Range of 0.6 - 0.9. 

Mutation rate Range of 0.01 - 0.1. 

Selection method Tournament wheel selection. 

Number of generations Range of 1000-5000. 

 

5.11.2. Particle Swarm Optimization (PSO) 

Particle swarm optimization (PSO) technique is a nature-inspired technique based on social 

behavior of bird flocking and fish schooling. It is a robust stochastic optimization technique based 

on the movement and intelligence of swarms, useful to solve difficult optimization problems. 

Here, each particle represents a potential solution, which move in search space based on 

individual and group experience. Each particle adjusts its position by considering its personnel 

best-known position and global best position. One notable drawback of swarm algorithms is the 

need for subjective parameter tuning. Incorrect parameter setting can cause the algorithm to 

converge prematurely [93], resulting in suboptimal solutions. An effective approach to address 

this issue is to find methods that reduce or, if possible, eliminate the need for parameter tuning. 

Complete description of working principle of PSO is shown in Figure 5.15. A range of 

hyperparameters used in PSO is shown in Table 5.3.  
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Figure 5.15. Flowchart of working principle of Particle swarm optimization 

 

Table 5.3. Range of hyperparameters used for PSO 

PSO Parameters Values 

Swarm size (population size) Range of 50-100. 

Cognitive coefficient (c1) Range of 1.5 - 2.0. 

Social coefficient (c2) Range of 1.5 - 2.0. 

Inertia weight (w) Range of 0.7 - 1.5. 

Maximum number of iterations Range of 100-5000. 
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5.11.3. Whale Optimization Algorithm (WOA) 

WOA is inspired by the foraging behavior of Humpback whales. Humpback whales hunt schools 

of krills or small fishes close to the surface by creating distinctive bubbles along a spiral path and 

this strategy is known as bubble-net hunting strategy of humpback whales. The working principle 

of WOA is shown in Figure 5.16. A range of hyperparameters used in WOA is illustrated in Table 

5.4.  

 

Figure 5.16. Flowchart of working principle of Whale optimization Algorithm 
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Table 5.4. Range of hyperparameters used for WOA 

WOA Parameters Values 

Population size (Number of whales) Range of 20-300. 

Exploration and exploitation control 

parameter (a) 

Linearly decreasing from 2 to 0 during 

iterations. 

Convergence control parameter (b) Range of 0.5-1.0. 

Maximum number of iterations Range of 20-1000. 

 

5.11.4. Ant Colony Optimization (ACO) 

Ant colony optimization is based on the cooperative behavior of real ant colonies which enables 

them to find the shortest path from the nest to the food source. Ants are social insects and as 

many as several millions live together in a colony or nest or anthill. They use pheromone as a 

means of communication. The ant colony optimization mimics the foraging behavior of ants. 

Initially, ants wander randomly in different directions. Once any one or more ants find food 

source, they return to their colony (with food) while leaving pheromone trails. The pheromone is 

made of certain chemicals produced by a living organism to send messages or signals to other 

members of the same species. If other ants find such a path, they follow the trail to the food 

source instead of wandering randomly. When they return to their colony, they too leave 

pheromone reinforcing the existing pheromone intensity. With time, pheromone evaporates, thus 

reducing the strength of the pheromone. Eventually, the ants adjust and find the shortest path to 

the food source. The working principle of ant colony optimization algorithm is shown in Figure 

5.17. Table 5.5 highlights the range of hyperparameters used in ACO. 
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Figure 5.17. Flowchart of working principle of Ant Colony optimization 

Table 5.5. Range of hyperparameters used for ACO 

ACO Parameters Values 

Number of ants Range of 10-200. 

Pheromone evaporation rate (ρ) Range of 0.1-0.5. 

Pheromone influence (α) Range of 1-5. 

Heuristic influence (β) Range of 1-10. 

Maximum number of iterations Range of 10-500. 

 

5.11.5. Cuckoo Search Algorithm  

Cuckoo search optimization is based on the brood parasitism of certain cuckoo species, as 

discussed earlier in chapter 4. This algorithm is enhanced by the use of Lévy flights [21], rather 

than simple isotropic random walks. CSO employs a balanced combination of a local random 
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walks and global explorative random walks, controlled by a switching parameter. It offers two 

distinct advantages over other algorithms such as GA and Simulated Annealing: efficient random 

walks and balanced mixing. Since Lévy flights are generally more effective than other random-

walk-based randomization techniques, CSO can be highly efficient in global search. In fact, 

recent studies have shown that CSO can achieve guaranteed global convergence [27]. 

Additionally, the similarity between eggs can lead to better new solutions, which essentially 

represents fitness-proportional generation with strong mixing capability. In other words, CSO 

incorporates varying mutation through Lévy flights, while the fitness-proportional generation of 

new solutions based on similarity acts as a subtle form of crossover. Several studies have 

highlighted that CSO may be significantly more efficient than PSO and GA [11,12,40,41,26]. A 

flowchart of its working principle is demonstrated in Figure 5.18. The range of hyperparameters 

used in CSO is shown in Table 5.6.  

 

Figure 5.18. Flowchart of working principle of Cuckoo Search Optimization (CSO) 
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Table 5.6. Range of hyperparameters used for CSO 

CSO Parameters Values 

Population Size (n) Range of 500-5000 

Discovery Rate of Alien Eggs/Probability of 

Abandonment (pa) 

Range of 0.1 to 0.3 

Maximum Number of Generations/Iterations Range of 100-1000 

Step Size Control Parameter (α) Range of 0.01 to 1 

Lévy Flight Distribution 1.5 

 

A consolidated comparison of the five metaheuristic optimization algorithms, GA, PSO, ACO, 

WOA, and CSO, is presented in Table 5.7. This comparative summary outlines their underlying 

core mechanisms, key strengths, limitations, and specific performance observations within the 

context of CRM-free alloy design. The comparative structure facilitates a systematic evaluation 

of their relative performance and optimization behavior across the high-dimensional, multi-

objective design space addressed in this work. 

 

Table 5.7. Description of various algorithms used in this study 

Algorithm Mechanism Strengths Limitations Observation (in 

context of CRM-free 

alloy design) 

Genetic 

Algorithm 

(GA) 

Based on 

Darwinian 

evolution; uses 

selection, 

crossover, 

mutation 

Strong global 

exploration; 

well-established 

Slower 

convergence; 

parameter-

sensitive 

Provided initial 

diversity but showed 

slow convergence for 

multi-objective design 

space 

Particle 

Swarm 

Optimization 

(PSO) 

Inspired by 

flocking behavior 

of birds 

Fast 

convergence; 

easy 

implementation 

May stagnate in 

local minima; 

requires tuning 

Performed well initially 

but showed early 

convergence and 

limited exploration 

Ant Colony 

Optimization 

(ACO) 

Simulates 

pheromone trail-

based path 

finding of ants 

Good for 

discrete 

combinatorial 

problems 

Computationally 

heavy for 

continuous 

problems 

Less suitable for 

continuous composition 

optimization in alloy 

design 

Cuckoo 

Search 

Optimization 

(CSO) 

Based on brood 

parasitism of 

cuckoo birds with 

Lévy flight 

randomization 

Strong balance 

between 

exploration and 

exploitation; few 

parameters; fast 

convergence 

May need tuning 

of Lévy flight 

step size 

Demonstrated most 

stable and rapid 

convergence with high 

accuracy for hardness 

prediction 

Whale 

Optimization 

Algorithm 

(WOA) 

Cooperative 

bubble-net 

hunting of 

humpback whales 

Good balance 

between 

exploration and 

May oscillate 

near global 

optimum; tuning 

sensitive 

Competitive accuracy 

but inconsistent 

convergence across 

runs 
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exploitation; 

adaptive 

 

5.12. Exploration of Defined Compositional Space Using GA, PSO, WOA, ACO and CSO   

To explore novel multi-component compositions, the five metaheuristic optimization strategies 

described above were employed with the objective of generating alloys exhibiting superior 

hardness compared to those in the training and testing datasets, which consisted exclusively of 

unary and binary compositions (extracted using Thermo-Calc 2024a).  The optimization function 

was designed to identify novel multi-principal element alloys (MPEAs) with Vickers hardness 

values exceeding 400 HV. A compositional constraint was applied such that the sum of 3, 4, 5, 

6, 7, 8, 9, or 10 selected elements equals 100 atomic percent, while maintaining equal or near-

equal proportions of each element to ensure the formation of multicomponent compositions. The 

ternary to decenary MPEA compositions obtained through GA, PSO, WOA, ACO and CSO, are 

presented in Tables 5.8, 5.9, 5.10, 5.11, and 5.12, respectively. The predicted hardness values of 

the newly optimized MPEAs were also compared with Thermo-Calc estimates using the Property 

Model Calculator, as detailed for each composition in the respective tables. 

Table 5.8. Compositions generated using GA optimization, along with corresponding Thermo-

Calc (TC) evaluations and assessed percentage errors in hardness values 

No. of 

elements 

Composition suggested from GA Corresponding 

HV 

Thermo-

Calc HV 

Percentage 

Error (%) 

3 Mn23.41682Sn23.41682Ti53.16636 387 421 8% 

3 Cu9.10794325Mo9.10794325Ti81.7841135 392 364 8% 

4 Cu6.11253929Ni6.11253929Cr32.1722748Ti55.60264661 399 425 6% 

4 Cr11.11111Co22.22222Ti22.22222Mo22.22222V22.22222 377 423 11% 

5 Ni5.79651873Zn5.79651873Mo5.79651873Mn30.09710402

Ti53.2668911 

388 391 0.8% 

5 Mo20Mn20Ti20Sn20V20 399 350 14% 

6 Ti6.66667Cr16.66667Co16.66667Mo20V20Zr20 381 414 8% 

6 Cr10Zr10Mo20Ti20Sn20V20 368 397 7% 

7 Cu5Zr5Co15Cr15Ti20Mo20V20 382 393 3% 

7 Zn5Zr5Co10Ti20Cr20Mo20V20 324 414 22% 

8 Ni5Zr5Cr10Co10Zn10Ti20V20Mo20 310 413 25% 

8 Co10Sn10V10Zn10Zr10Cr12.5Ti17.5Mo20 398 370 8% 
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9 Cu5Ni5Zn5Zr5Co12Cr12Mo13V13Ti30 367 398 8% 

9 Cu5Co5Ni5Zr5Cr8Mo10Ti10V10Sn42 391 308 27% 

10 Mn2Sn2Zr4Cu6Zn6Cr10Co10Ti20V20Mo20 319 409 22% 

10 Cu3Ni3Fe3Zn3Zr3Co5Cr5Mo25Ti25V25 350 444 21% 

 

Table 5.9. Compositions generated using PSO optimization, along with corresponding Thermo-

Calc (TC) evaluations and assessed percentage errors in hardness values 

No. of 

elements 

Composition suggested from PSO Corresponding 

HV 

Thermo-

Calc HV 

Percentage 

Error (%) 

4 Mo5.55556Zn5.55556Mn44.44444V44.44444 306 339 10% 

4 Fe6.25Ni6.25Cr43.75 Zn43.75 303 397 24% 

5 Ni5.88235Zr5.88235Mn5.88235Cr41.17647Ti41.17647 330 394 16% 

5 Cr4.76190Ni4.76190Co4.76190Mn42.85714Ti42.85714 335 372 10% 

6 Cu4.54545455Mn4.54545455Sn4.54545455Fe4.54545455 

Cr40.90909091Ti40.90909091 

349 308 13% 

6 V4.16667Ni4.16667Fe4.16667Mo4.16667Cr41.66667 

Ti41.66667 

326 395 17% 

7 Cu8Zr8Co12Cr12Ti20Mo20V20 304 394 23% 

7 Co4Cu4Fe4Mn4Ni4Cr40Ti40 340 310 10% 

7 Co5V5Zn5Zr5Cr10Mo20Ti50 311 364 14% 

8 Ni6.66667Zn6.66667Zr6.66667Cr10Co10Mo20 Ti20V20 305 415 26% 

8 Cu5Zn5Zr5Co12Cr12Mo13V13Ti35 298 378 21% 

9 Cu5Ni5Co5Zn5Ti10V10Cr10Mo10Sn40 316 325 3% 

9 Cu5Ni5Zn5Zr5Co10Cr10Mo15V15Ti30 290 411 29% 

10 Al4.16666667Cu4.16666667Cr4.16666667Fe4.16666667 

Mn4.16666667Ti4.16666667Zn4.16666667Zr4.16666667 

Mo33.33333333V33.33333333 

315 424 26% 

10 Co10Cr10Cu10Fe10Ni10Mo10Ti10V10Zr10Zn10 

 

343 296 16% 

 

Table 5.10. Compositions generated using WOA optimization, along with corresponding 

Thermo-Calc (TC) evaluations and assessed percentage errors in hardness values 

No. of 

elements 

Composition suggested from WOA Correspondi

ng HV 

Thermo-

Calc HV 

Percentag

e Error 

(%) 

3 Cu
11.2

Mn
36.8

Ti
52

 391 419 7%  

4 Mo
5.92105

Al
13.81579

Co
17.10526

Ti
63.15789

 363 192 89% 
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4 Fe
10

Zn
20

Cr
30

Ti
40

  355 325 9% 

5 Ni
3.41880

Mn
4.27350

Zn
10.25641

V
29.05983 

Mo
52.99145

 346 375 8% 

5 Cr
9.09091

Mn
9.09091

Zr
9.09091

Mo
36.36364

V
36.36364

 324 400  19% 

6 Fe
5.55556

Mn
5.55556

V
5.55556

Zn
5.55556 

Ti
38.88889

Cr
38.88889

 333 382 13%  

6 Cr
7.14286

Mn
7.14286

Ti
7.14286

Zr
7.14286

Mo
35.71429

V
35.71429

 322 445 28%  

7 Co
4.34783

Cr
4.34783

Ni
4.34783

Ti
4.34783

Zn
4.34783

Mo
39.13043

 

V
39.13043

 

337 414 18%  

7 Co
5
Cr

10
V

10
Zn

10
Zr

10
Mo

20
Ti

35
 323  409  21% 

8 Al
5
Co

5
Cu

5
Fe

5
Mn

5
Ni

5
Mo

35
V

35
 319 390  18% 

8 Al
12.5

Co
12.5

Cr
12.5

Mo
12.5

Ti
12.5

V
12.5

Zn
12.5

Zr
12.5

 312 379  18% 

9 Fe
4.34783

Ni
4.34783

Mo
4.34783

Sn
4.34783

Ti
4.34783

Zn
4.34783 

Zr
4.34783

Cu
34.78261

V
34.78261

 

281 296 5%  

9 Cu
5
Ni

5
Zn

5
Zr

5
Co

6
Cr

6
Mo

9
V

9
Ti

50
  326 413 21%  

10 Al
3.57143

Co
3.57143

Cr
3.57143

Cu
3.57143

Fe
3.57143

Ni
3.57143 

Ti
3.57143

Zr
3.57143

Mo
35.71429

V
35.71429

 

314 420  25% 

10 Al
5
Co

5
Cr

5
Fe

5
Mn

5
Ti

5
Zr

5
Zn

5
Mo

30
V

30
 315 365 14% 

 

Table 5.11. Compositions generated using ACO optimization, along with corresponding 

Thermo-Calc (TC) evaluations and assessed percentage errors in hardness values 

No. of 

elements 

Composition suggested from 

ACO 

Corresponding 

HV 

Thermo-

Calc HV 

Percentage 

Error (%) 

3 Co13Al20Cu67 168 196 14% 

4 Fe
10

Zn
20

Cr
30

Ti
40

 278 325 14% 

5 Fe4Co15V24Sn28Cr29 273 352 22% 

6 Sn4Mn7Ti13Ni21Al26Zr29 150 235 36% 

6 Cr8Cu8Mn9Sn16Al18Zn41 167 272 39% 

6 Cu6Mo6Ni6Zr20Sn30Cr32 258 332 22% 

7 Fe3Mo4Mn8Cu9Zn19Cr25Co32 269 348 23% 

7 Ti2V6Fe14Mn15Cr17Zr18Mo28 244 376 35% 
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Table 5.12. Compositions generated using CSO optimization, along with corresponding 

Thermo-Calc (TC) evaluations and assessed percentage errors in hardness values 

No. of 

elements 

Composition suggested from CSO Corresponding 

HV 

Thermo-

Calc HV 

Percentage 

Error (%) 

4 Mo
25

Sn
25

Ti
25

V
25

 397 383 4% 

4 Cr
25

Mo
25

Ti
25

V
25

 401 424 5% 

4 Ti0.01111NiFe0.4Cu0.4   468 488 4% 

5 Co
12.5

Cr
12.5

Mo
25

Ti
25

V
25

 398 416 4% 

5 Mo
10

Zn
10

Al
20

Cr
30

Ti
30

 400 398 0.5% 

5 Co
11.11111

Cr
11.11111

 Mo
22.22222

V
22.22222

Ti
33.33333

 404 430 6% 

5 Zn
6.25

Cr
18.75

Mo
25

Ti
25

V
25 (similar to novel one)

 402 415 3% 

5 Zr
6.25

Zn
18.75

Ti
25

V
25

Mo
25 (similar to novel one

 404 434 7% 

6 Zn
5
Cr

10
Zr

10
Mo

25
Ti

25
V

25
 406 443 8% 

6 Co
16.66667

Cr
16.66667

Mo
16.66667

Ti
16.66667

V
16.66667 

Zr
16.66667

 

395 427 7% 

7 CoCrMoVZnZrTi 356 422 16% 

7 Cu
5
Zr

5
Co

12
Cr

12
Mo

13
V

13
Ti

40
 382 411 7% 

8 Co
10

Mn
10

V
10

Zn
10

Zr
10

Cr
12.5

Ti
17.5

Mo
20

 396 416 5% 

8 Co
12.5

Cu
12.5

Cr
12.5

Mo
12.5

Ti
12.5

V
12.5

Zn
12.5

Zr
12.5 

 385 427 10% 

8 Ni
2
Zn

2
Zr

11
Cr

12.5
Co

12.5
Mo

20
Ti

20
V

20
 398 429 7% 

9 Cu
5
Ni

5
Zn

5
 Zr

5
Co

8
Cr

8
Mo

10
V

10
Ti

44
 403 432 7% 

10 Co3.57143Cr3.57143Cu3.57143Fe3.57143Ni3.57143 

Zn3.57143Zr3.57143Mo25Ti25V25 

OR 

(CoCrCuFeNiZnZr)0.1428572MoTiV 

404 448 10% 

10 Cu
4
Fe

4
Ni

4
Zn

4
 Zr

4
Co

10
Cr

10
Ti

20
V

20
Mo

20
 405 477 15% 
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By comparing the hardness values of the newly generated compositions to those evaluated by 

Thermo-Calc (TC), it is evident that the CSO algorithm produced the most reliable 

multicomponent compositions, with a prediction error of less than ±20% (see Table 5.12). 

Furthermore, compositions generated by CSO exhibited superior hardness compared to those 

derived from other optimization methods. For instance, CSO successfully generated 

compositions such as Cu4Fe4Ni4Zn4Zr4Co10Cr10V20Ti20Mo20 (10 elements), 

Zn
5
Cr

10
Zr

10
Mo

25
Ti

25
V

25 (6 elements), Zr
6.25

Zn
18.75

Ti
25

V
25

Mo
25 

(5 elements), Ti0.01111NiFe0.4Cu0.4 

(4 elements), which achieved hardness values of 477 HV, 443 HV, 434 HV and 488 HV 

respectively. In contrast, while GA, PSO, and WOA demonstrated consistency in their 

predictions for several compositions, they often failed to accurately predict compositions with 

higher hardness values. Notably, these algorithms became increasingly erroneous with the 

inclusion of more elements in the alloy design.  

 ACO method proved to be reliable for ternary and quaternary compositions, yielding 

relatively low prediction errors. However, as the complexity escalated from quinary to decenary 

compositions, the percentage error substantially increased, and ACO was unable to generate 

viable compositions with more than seven elements. As a result, CSO emerged as the most 

reliable algorithm among those tested, capable of generating multicomponent compositions with 

reduced CRM content and enhanced hardness values. 

 Recent literature also suggests that the CSO performs better than PSO, GA, ACO, ABC 

and WOA [205-208]. Gandomi et al. [205] provided an extensive comparison and concluded that 

CSO performs better than GA and PSO, as GA requires a higher number of iterations and its 

implementation is computationally expensive [207]. On the other hand, PSO requires less 

computational effort but considerable execution time to find a solution from a large space for a 

complex optimization problem. Civicioglu and Desdo [8] suggested that CSO provides more 

robust results than PSO and ABC. Bhargava et al. [209] showed that CSO offers a reliable method 

for solving thermodynamic calculations for complex phase equilibrium applications. 

 Figure 5.19 illustrates the hardness values generated by each optimization method in 

comparison to those evaluated by Thermo-Calc (TC) for ternary to decenary based compositions, 

providing a comprehensive overview of model performance across varying levels of 

compositional complexity. 
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Figure 5.19. Comparison of hardness value for newly generated MPEA compositions with 

Thermo-Calc evaluations using various optimization techniques: (a) Genetic algorithm (GA), 

(b) Particle swarm optimization (PSO), (c) Whale optimization (WOA), (d) Ant colony 

optimization (ACO), (e) Cuckoo search optimization (CSO) 
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The reduced-CRM MPEA (R-CRM-MPEA) compositions generated using Cuckoo Search 

Optimization (CSO) were found to be in close agreement with their corresponding Thermo-Calc 

(TC) evaluated hardness values for each composition, as presented in Table 5.11 and Figure 

5.19(e). Based on this agreement, the newly generated compositions were selected for further 

investigation. To assess the novelty and relevance of the optimized alloys, the MPEA 

compositions generated via CSO in this study were compared with CRM-rich MPEA 

compositions reported in the literature, thereby highlighting the differences and potential 

improvements. 

5.13. Hardness Comparison of CRM-Heavy (from Literature) vs. R-CRM-MPEA 

The hardness values of the newly generated R-CRM-MPEAs were compared with those of CRM-

heavy MPEAs reported in the literature to assess the feasibility of partially or fully substituting 

CRMs. Figure 5.20 presents a comparison of the mechanical properties between experimentally 

synthesized CRM-heavy alloys from the literature and the newly predicted R-CRM-MPEAs 

developed in this study. 
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Figure 5.20. Comparison of R-CRM-MPEA with CRM-heavy MPEAs to demonstrate the 

feasibility of partially or fully substituting CRMs with readily available elements while 

attaining comparable mechanical properties 

The results demonstrate that the proposed computational approach can yield alloy compositions 

with hardness values comparable to, or even exceeding, those of CRM-heavy counterparts. For 

instance, the composition CoCrFeNb0.309Ni, which contains 1st-Tier CRM, cobalt (Co) and 

niobium (Nb), exhibits a hardness of 480 HV. In contrast, the CSO-generated novel composition 

Ti0.0111NiFe0.4Cu0.4, incorporating only a 2nd-Tier CRM (titanium, Ti), achieves a superior 

hardness of 488 HV, without the inclusion of any 1st-Tier CRM. These findings highlight the 

strong potential of the employed optimization framework in designing reduced-CRM or CRM-

free MPEAs.  

5.14. Experimental Validation of CSO-Generated Novel MPEA: Ti0.0111NiFe0.4Cu0.4 

The CSO-generated novel composition Ti0.0111NiFe0.4Cu0.4, was selected for experimental 

validation and synthesized using a vacuum arc melting setup at IIT Kanpur (refer to Figure 3.17, 

Chapter 3). The resulting alloy was subjected to Vickers hardness testing using a Wilson hardness 

testing apparatus under an applied load of 0.1 kgf (Figure 5.21). The reported hardness values  
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represents the average of ten independent indents performed on a meticulously polished sample 

surface to ensure measurement accuracy. 

 
      

Figure 5.21. (a) Synthesized and polished Ti0.0111NiFe0.4Cu0.4 alloy sample, (b) Vickers 

hardness indent used for hardness measurement 

The experimentally measured Vickers hardness of the Ti0.0111NiFe0.4Cu0.4 composition was 

compared with the values predicted by the CSO and those evaluated using Thermo-Calc (TC) 

(refer to Table 5.12). The measured hardness was 394 ± 20 HV, which is lower than both the 

CSO-predicted value of 468 HV and the TC-evaluated value of 488 HV, corresponding to 

percentage errors of 16% and 19%, respectively. This discrepancy can be attributed to the limited 

post-processing applied to the alloy. The synthesis involved only vacuum arc melting, casting, 

and homogenization, without any subsequent deformation or thermomechanical treatments, 

processes known to significantly enhance mechanical properties such as hardness. 

 As illustrated in Figure 5.3, most TC-evaluated hardness values closely align with 

experimental values for alloys that have undergone post-processing techniques such as equal 

channel angular pressing (ECAP) or rolling followed by annealing. For instance, the TC-

evaluated hardness value for the CoCrNi alloy closely matches that of an experimentally 

processed sample subjected to three ECAP passes, followed by annealing at 700 °C. Similarly, 

for the FeMnNi medium entropy alloy, the TC-predicted hardness corresponds well with the 

experimental value of a sample that was 90% cold-rolled and subsequently annealed at 1073 K 

for 1 hour.  
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 These trends suggest that applying appropriate post-processing techniques, such as 

thermomechanical treatments or severe plastic deformation, to the Ti0.0111NiFe0.4Cu0.4 alloy may 

enhance its hardness and align it more closely with the CSO-predicted and TC-evaluated values. 

This represents a key direction for future investigation. 

Table 5.7. Comparison of experimentally measured hardness with TC and CSO-predicted 

hardness 

Alloy 

Experimentally 

evaluated 

[HV0.1] 

Predicted HV [TC and 

ML] 

Percentage 

error (%) 

Ti0.0111NiFe0.4Cu0.4 
Mean TC-evaluated 488 HV 19% 

394 ± 20 HV CSO-predicted 468 HV 16% 

  

Microstructural Characterization 

Detailed microstructural observations were carried out using scanning electron microscopy 

(SEM) to assess phase uniformity and grain morphology. The microstructural examination of the 

Ti0.0111NiFe0.4Cu0.4 alloy (Figure 5.22) reveals a dense and homogeneous matrix composed of 

uniformly distributed, nearly equiaxed grains, with no observable porosity, cracking, or coarse 

secondary phases. The absence of phase contrast or signs of segregation supports the formation 

of a single-phase solid solution structure. The experimentally observed microstructure and 

hardness of the Ti0.0111NiFe0.4Cu0.4 alloy provide preliminary validation of the CRM-free alloy 

design framework developed in this study. These findings demonstrate a promising alignment 

between experimental outcomes and computational predictions, supporting the practical 

feasibility of the integrated CALPHAD + ML + metaheuristic optimization methodology. 
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Figure 5.22. SEM micrographs of the Ti0.0111NiFe0.4Cu0.4 alloy at different magnifications: (a) 

200X, (b) 500X, and (c) 1000X 

5.15. Summary 

This study represents a significant step toward supporting Net-Zero initiatives by enabling the 

design of novel alloy compositions with reduced dependence on critical raw materials (CRMs). 

A hybrid machine learning (ML)–metaheuristic optimization framework was developed, utilizing 

a dataset of Vickers hardness values for unary and binary compositions generated using Thermo-

Calc 2024a (TCHEA7 database with the Property Model Calculator). This dataset was employed 

to train ML models for hardness prediction and to guide the discovery of complex alloy 

compositions with minimized CRM content, without compromising mechanical performance.  

 Among the tree-based regression models evaluated, Decision Tree Regressor (DTR), 

Random Forest Regressor (RFR), AdaBoost Regressor (ABR), Gradient Boosting Regressor 

(GBR), Extreme Gradient Boosting Regressor (XGBR), and Extra Trees Regressor (ETR), the 

ETR exhibited the best performance, achieving an R² score of 0.82 and a MAPE of 0.17 on the 

test data. To identify novel multicomponent CRM-free or CRM-lean alloys, several metaheuristic 

optimization techniques were employed, including Genetic Algorithm (GA), Particle Swarm 

Optimization (PSO), Whale Optimization Algorithm (WOA), Ant Colony Optimization (ACO), 
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and Cuckoo Search Optimization (CSO). Among these, CSO proved particularly effective, 

generating compositions that demonstrated strong agreement with their corresponding Thermo-

Calc (TC) predictions, with an average deviation of less than ±20%. The hardness of CSO-

generated one such composition, Ti0.01111NiFe0.4Cu0.4, containing a single 2nd-Tier CRM, (Ti), 

was compared against a literature-reported CRM-heavy composition, CoCrFeNb0.309Ni, which 

contains two 1st-Tier CRMs (Co and Nb). While CoCrFeNb0.309Ni exhibited a hardness of 480 

HV, the CSO-generated Ti0.01111NiFe0.4Cu0.4 achieved a superior hardness of 488 HV, thereby 

demonstrating the feasibility of reducing CRM content without compromising, and potentially 

surpassing mechanical performance. 

 The validity of the proposed framework was further reinforced by experimentally 

synthesizing Ti0.01111NiFe0.4Cu0.4 using vacuum arc melting and casting, and its measured 

hardness was compared with CSO-predicted and TC-evaluated values. The experimentally 

measured hardness of 394 ± 20 HV was lower than both the CSO-predicted value (468 HV) and 

the TC-evaluated value (488 HV). This discrepancy is attributed to the fact that most TC-

evaluated hardness values exhibit close agreement with experimental measurements for alloys 

that had undergone post-processing treatments such as ECAP or rolling (as discussed in the data 

collection section, refer to Figure 5.3). Since all the ML and metaheuristic models were trained 

on a dataset dominated by post-processed compositions, their predictions inherently reflect the 

influence of these strengthening mechanisms. Thus, the CSO-predicted values derived from this 

database, are also biased toward post-processed compositions. In contrast, the synthesized 

Ti0.01111NiFe0.4Cu0.4 sample was evaluated in the as-cast condition, without any subsequent 

deformation or thermomechanical treatment. Therefore, it is anticipated that the application of 

suitable post-processing techniques could enhance its hardness to levels more consistent with the 

CSO predictions and TC evaluations. Accordingly, such processing forms an important direction 

for future work.  

 Moreover, it is acknowledged that Thermo-Calc’s property model does not explicitly 

account for processing-induced variations such as cooling rate or deformation history. However, 

its use was deemed appropriate for generating a high-fidelity, compositionally driven hardness 

database based on unary and binary systems, especially given the scarcity of experimental data 

for CRM-free alloys. These systems are well-supported by validated CALPHAD-based models, 

making them suitable for equilibrium hardness estimation. The predicted values were used 

comparatively, rather than absolutely, to rank candidate compositions under consistent 

thermodynamic assumptions.  
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 This investigation thus provides valuable insight into the design of multi-principal 

element alloys with reduced reliance on CRMs, contributing to sustainable materials innovation 

in alignment with Net-Zero objectives. The proposed approach can be further leveraged to 

minimize or eliminate CRM usage in a wide range of applications, including catalysis, 

semiconductor devices, transportation, and other carbon-intensive industrial sectors. 

While the hybrid ML–metaheuristic framework demonstrates the promise of ML-guided 

chemical tuning to reduce CRM dependency without compromising performance, the next phase 

of this research explores a complementary, non-ML-based strategy. Specifically, strain 

engineering is investigated as a sustainable physical design approach aimed at reducing reliance 

on critical and strategic raw materials (C&SRMs) through microstructural refinement induced by 

mechanical deformation, with its effectiveness supported by evidence from the literature. 
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Chapter 6     

Theoretical Investigation of Strain Engineering to Minimize the 

Use of Critical and Strategic Raw Materials (C&SRMs) without 

Resorting to Chemical Modification 

 

6.1. Introduction 

As part of the broader pursuit of sustainable alloy design, and in continuation of the previous 

chapter which established a hybrid ML–metaheuristic optimization framework for designing 

novel MPEAs with reduced reliance on critical raw materials (CRMs) through ML-guided 

chemical tuning, the present chapter investigates a complementary non-ML-based approach. 

Specifically, strain engineering is examined as an alternative pathway to the same objective, 

minimizing dependence on critical and strategic raw materials (C&SRMs) while preserving 

or enhancing mechanical performance. Unlike chemical alloying strategies that depend on 

compositional modifications guided by ML predictions, strain engineering represents a 

purely physical design route, enabling property modulation through strain-induced 

microstructural modifications such as dislocation density enhancement, ultrafine grain 

formation, and activation of deformation mechanisms including twinning-induced plasticity 

(TWIP) and transformation-induced plasticity (TRIP). The central premise is that carefully 

applied strain engineering can suppress the use of scarce C&SRMs while still achieving, or 

even surpassing, the mechanical properties of conventional C&SRM-rich alloys. 

 In this context, the chapter presents a comprehensive data-driven analysis (non-ML-

based) of both MPEAs and pure elements, drawing from literature evidence to evaluate the 

effectiveness of strain engineering as a sustainable physical design strategy. Through 

systematic comparison, it highlights the differences in mechanical performance between 

strain-engineered and conventionally synthesized materials, underscoring the potential of 

strain engineering not only to deliver mechanical robustness but also to enable significant 

material savings. In doing so, the study positions strain engineering as a cost-effective and 

sustainable pathway for alloy development, aligning with global priorities of resource 

efficiency and Net Zero targets. 
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6.2. Critical and Strategic Raw Materials (C&SRMs) 

Chapter 5 examined the implications of Critical Raw Materials (CRMs), which are essential to 

modern technologies yet constrained by high supply risk and environmental impacts. Building 

on that foundation, this chapter broadens the focus to include Strategic Raw Materials (SRMs), 

a subset of raw materials deemed vital not only for economic security but also for advancing 

green energy transitions, digital technologies, and defense capabilities. Collectively, CRMs and 

SRMs form the class of Critical and Strategic Raw Materials (C&SRMs), many of which, such 

as Hf, Nb, Ta, W, Co, and rare-earth elements, are heavily used in advanced alloy systems. 

However, their scarcity, geopolitical concentration, and mining-related emissions present 

significant barriers to achieving Net Zero goals. To ensure sustainable innovation, alloy 

development must prioritize the use of readily available and non-critical elements. 

  The European Commission plays a key role in the identification and periodic revision of 

the list of CRMs and SRMs. Since 2011, it has released triennial reports that reflect evolving 

supply–demand dynamics and geopolitical considerations. Based on these assessments (from 

2011 to 2023), CRMs and SRMs were classified based on the frequency and continuity of their 

inclusion in these reports (see Figure 6.1), following an approach similar to that employed in 

Chapter 5. Materials that have appeared in three or more reports and are still of concern in 2023 

are categorized as "1st Tier CRMs." Recently identified materials, having appeared in two or 

fewer reports, are classified as "2nd Tier CRMs." Additionally, materials such as Cr and indium 

(In), which are absent from the 2023 report, are classified as "non-CRMs." Figure 6.1 also 

integrates SRMs, with hatched elements indicating those that are both CRMs and SRMs. These 

include B/Borate, Bi, Co, Cu, Ga, Ge, Li, Mg, Mn, Ni, Si metal, Ti, and W. Natural graphite, 

platinum group metals, and rare earth elements are also classified as both CRMs and SRMs, 

though they are absent from Figure 6.1. Moreover,  arsenic, baryte, coking coal, feldspar, 

fluorspar, strontium, and phosphate rock are also categorized as CRMs, but are likewise omitted 

from Figure 6.1 [210]. 
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Figure 6.1. Classification of various Critical and Strategic Raw Materials (C&SRMs) [187-191, 

210] 

6.3. Strain-Engineering 

Strain engineering refers to the process of deforming materials to induce changes in their 

microstructure, such as increasing dislocation density, promoting twinning, forming ultra-

fine grained (UFG) or nano-crystalline (NC) structures, and in some cases, triggering phase 

transformations like transformation-induced plasticity (TRIP) and twinning-induced 

plasticity (TWIP) to enhance its properties. This encompasses conventional thermo-

mechanical processing (TMP) methods, including rolling, forging, extrusion, and drawing, 

as well as advanced techniques commonly referred to as severe plastic deformation (SPD), 

such as High-Pressure Torsion (HPT), Equal Channel Angular Pressing (ECAP), Friction 

Stir Processing (FSP), and Twist Extrusion (TE). Other manufacturing processes include 
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casting, powder metallurgy (P/M), and additive manufacturing (AM), which are outside the 

scope of strain engineering [211, 212]. 

6.4. Severe Plastic Deformation (SPD) 

Severe Plastic Deformation (SPD) refers to a group of metal processing techniques used to 

introduce extremely high strains into materials without significantly altering their 

macroscopic shape. The primary objective of SPD is to refine the grain structure down to 

the ultrafine-grained (UFG) or even nanocrystalline (NC) scale, thereby enhancing 

mechanical properties such as hardness, yield strength, and fatigue resistance, often via the 

Hall–Petch relationship[213]. 

 Unlike conventional deformation processes (e.g., rolling or extrusion), SPD 

techniques impose large shear strains while maintaining the sample’s overall dimensions, 

making them ideal for materials research and for producing bulk nanostructured materials. 

SPD methods function by introducing intense plastic shear deformation through repetitive 

pressing, torsion, or extrusion. As the deformation progresses: dislocation density increases 

sharply, dislocation cells evolve into subgrains and then into equiaxed ultrafine grains, grain 

boundaries increase in number and transform from low-angle to high-angle grain 

boundaries, and the structure transitions from coarse-grained to ultrafine or nanograined, 

which boosts strength while retaining reasonable ductility [214, 215]. 

6.5. Major SPD Techniques 

This section outlines the most widely adopted SPD methods, including Equal Channel 

Angular Pressing (ECAP), High-Pressure Torsion (HPT), Twist Extrusion (TE), and 

Accumulative Roll Bonding (ARB), each offering unique advantages for microstructural 

refinement and property enhancement [216, 217]. 

6.5.1. High-Pressure Torsion (HPT) 

HPT, imposes intense compressive and torsional stresses by subjecting the material to high 

pressure while rotating, resulting in extreme grain refinement, particularly near the sample's 

edges. 

6.5.2. Equal Channel Angular Pressing (ECAP) 

ECAP applies shear stress uniformly as the material passes through a die composed of two 

channels intersecting at an angle (typically 90°). The material undergoes shear deformation 
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at the channel intersection but retains its original cross-section, enabling repetitive 

processing. It induces more homogeneous deformation across larger samples. 

6.5.3. Friction Stir Processing (FSP) 

FSP is derived from Friction Stir Welding (FSW). It uses a rotating, non-consumable tool 

that plunges into the workpiece and stirs the material. The intense plastic flow and frictional 

heat result in dynamic recrystallization of the microstructure. 

6.5.4. Twist Extrusion (TE) 

The material is extruded through a die with a twisted channel, which imposes intense shear 

strain as the material flows through the helical path. 

6.5.5. Accumulative Roll Bonding (ARB) 

Metal sheets are stacked, rolled together under high pressure, then cut, restacked, and rolled 

again. This is repeated over several cycles to achieve ultrafine grain sizes. 

6.6. Effect of Various Synthesis Routes on Mechanical Property of MPEAs 

Figure 6.2 presents a comparison of yield strength (YS) of four popular MPEAs CoCrNi, 

CoCrFeMnNi, Al0.1CoCrFeNi and HfNbTaTiZr, showcasing different mechanical properties 

based on the synthesis route. A detailed description of the manufacturing process, crystal 

structure, hardness, yield strength (YS), ultimate tensile strength (UTS), and elongation, as 

reported in the literature, can be found in Supplementary 6s. Although the YS of post-processed 

(heat-treated) samples are included in Supplementary Table 6s, they were excluded from the 

preparation of Figure 6.2. This is because the heat-treated samples typically exhibit increased 

ductility at the expense of strength. 
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Figure 6.2. Yield strength of four representative MPEAs showing the influence of processing route on the grain structure
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Moreover, in certain experimental studies, tensile testing was not conducted, leading to missing 

information in the literature, and as a result, some data is unavailable for comparison in Figure 

6.2. For instance, the tensile test results of HfNbTaTiZr HEA processed through FSP, ECAP, 

AM and P/M have not been reported. Consequently, further experimental investigation of a wide 

range of MPEA compositions synthesized via diverse processing routes is indispensable to 

initiate a full-fledged exploration of strain engineering approaches in the synthesis of 

MPEAs/HEAs/CCAs. 

 As illustrated in Figure 6.2, all four MPEAs processed via HPT exhibit higher YS, 

indicating that strain engineering can have a more pronounced effect on the mechanical properties 

(yield strength in this case). This suggests that strain rate can be used to control the resulting 

mechanical properties in MPEAs, providing a compelling alternative to eliminate the need for 

the change of chemical composition. 

 CoCrFeMnNi HEA crystallizes in an FCC phase, and it was the first reported 

MPEA/HEA with excellent room-temperature ductility (~ 61.7% - 71%) but relatively low YS 

(~ 209 - 215 MPa) and UTS (~ 491- 496 MPa). The grain size in this state typically ranges from 

approximately ~300-400 µm [120, 218]. In contrast, when processed via High-Pressure Torsion 

(HPT), the CoCrFeMnNi alloy demonstrate a significantly higher YS (~1400 MPa) and UTS 

(~1740 MPa) at the expense of ductility, which dropped to 4% with an ultra-fine grain (UFG) 

size of ~10 nm [219]. Post-deformation annealing (PDA) at 1073K for 1h of the HPT-processed 

CoCrFeMnNi HEA resulted in 80% recovery of ductility, albeit, with a corresponding reduced 

YS of 530 MPa and UTS of 680 MPa and a grain size of ~4 µm. 

 The CoCrNi a medium entropy alloy (MEA) exhibits superior mechanical properties 

compared to its parent alloy, CoCrFeMnNi a high entropy alloy, irrespective of the processing 

route (see Figure 6.2). When processed via HPT, the CoCrNi MEA demonstrates an 

exceptionally high YS of ~1880 MPa and UTS of around ~2170 MPa and a moderate ductility 

of  ~9% with a grain size of ~660 nm [220]. Schuh et al. [221] reported similar high YS 

(1901±114 MPa) and UTS (2067±153 MPa), though with a lower ductility (3.9 ±1.5%) for the 

HPT-processed CoCrNi MEA. Moreover, under cryogenic conditions, the HPT-processed 

CoCrNi alloy exhibit excellent strength and ductility (YS = 1975 MPa, UTS= 2054 MPa, and 

ductility= 27%), outperforming its mechanical properties at room temperature (YS = 1435MPa, 

UTS= 1580 MPa, and ductility= 24%) [222]. This demonstrates that exceptional mechanical 

properties can be achieved with fewer constituent elements, indicating the potential for reduced 

TH-3891_206103028



172  

use of chemical elements without negating the performance. CoCrNi contains less C&SRMs than 

its parent alloy CoCrFeMnNi and still exhibit superior mechanical properties, highlighting the 

scope of reduced use of C&SRMs. 

 The superior strength-ductility synergy of CoCrNi MEA compared to CoCrFeMnNi HEA 

has been attributed to its low stacking fault energy (SFE). The wider separation between Shockley 

partials in CoCrNi results in lower SFE, thereby enabling the activation of nano-twinning at 

significantly lower strains, both at room temperature and at cryogenic temperature. It is widely 

recognized that twin boundaries can enhance mechanical properties by increasing the strain 

hardening rate and delaying the onset of necking [122]. It should be noted that both CoCrFeMnNi 

and CoCrNi MPEA show strong temperature-dependent strength and ductility phenomena [222]. 

Otto et al. [223] highlighted the influence of temperature on the mechanical properties of 

CoCrFeMnNi HEA. They observed an improvement in strength from 763 MPa at room 

temperature to 1280 MPa at a cryogenic temperature (77K), along with an enhanced ductility 

from 50% to 70% for cold-rolled (~87%) CoCrFeMnNi HEA.  

 Gludovatz et al.[224] reported improved strength and ductility (YS = 657 MPa, UTS = 

1311 MPa, ductility = 0.9) for cold-forged and cross-rolled CoCrNi alloy at a reduced 

temperature of 77K. At room temperature, the YS and fracture toughness of CoCrFeMnNi HEA 

and CoCrNi MEA were found to be comparable, while the UTS and ductility of CoCrNi MEA 

were significantly higher than those of the CoCrFeMnNi HEA by 15% and 30%, respectively. 

However, at a cryogenic temperature of 77K, the UTS of both CoCrFeMnNi HEA and CoCrNi 

MPEA was comparable (~1300 MPa), but CoCrNi exhibited 27% higher ductility and 25% 

greater fracture toughness. Thus, it can be noticed that at room-temperature, the CoCrFeMnNi 

HEA suffers from a strength-ductility tradeoff. Post-processing heat treatment, such as annealing 

of ultrafine-grained (UFG) or nano-crystalline (NC) materials, help achieve a desirable balance 

of mechanical properties. However, this raises a key question: “Can the strength-ductility synergy 

be improved without heat treatment? To address this strength-ductility tradeoff, various strategies 

have been explored over the past few decades, including generating bimodal or heterogeneous 

microstructure [225], introducing nanotwins [226] [227], and controlling twinning 

/transformation induced plasticity (TWIP/TRIP) mechanism [228]. Picak et al. [229] 

demonstrated the formation of a desirable heterogeneous microstructure in the CoCrFeMnNi 

MPEA after two passes of ECAP at both high and medium temperatures, thereby eliminating the 

need for subsequent heat treatments. The resulting microstructure exhibited a bimodal/ 

heterogeneous grain size distribution, characterized by two distinct regions: one with large, 
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elongated grains, and the other consisting of recrystallized ultrafine grains (UFG). This 

heterogeneous structure facilitated a composite effect during plastic deformation, with the large 

grains enabling extended plasticity, while the smaller grains contributed to strengthening. 

Transmission Electron Microscopy (TEM) investigation revealed elongated UFGs, along with 

deformation twinning and ε-martensite lamellae, even after high-temperature deformation. 

Typically, dislocation plasticity serves as the primary deformation and strengthening mechanism 

in CoCrFeMnNi HEAs at room temperature. However, ECAP demonstrated significant potential 

for strengthening these materials by promoting grain refinement and increasing dislocation 

density. Notably, ECAP was shown to activate both Twinning-Induced Plasticity (TWIP) and 

Transformation-Induced Plasticity (TRIP), which substantially enhances the resistance to 

dislocation motion. The authors attributed the observed enhancement in strength and ductility to 

the simultaneous activation of twinning (TWIP) and ε-martensite (TRIP) mechanisms. This 

simultaneous activation of TWIP and TRIP in severely plastically deformed CoCrFeMnNi HEA 

was reported for the first time, warrants a more detailed investigation.  

 Furthermore, a superior combination of strength and ductility can be achieved in 

compositions exhibiting low stacking fault energy, primarily through the activation of nano-

twinning mechanism, as previously demonstrated in the case of CoCrNi MEA. Thus, by 

processing materials to induce bimodal or heterogeneous microstructures, promoting nanotwins, 

controlling TWIP and TRIP mechanisms, or utilizing materials with inherently low SFE, 

eliminates the necessity of additional post-processing to achieve high strength-ductility synergy.  

 Moreover, akin to CoCrNi, which contains reduced C&SRMs compared to its parent 

CoCrFeMnNi, exhibiting superior mechanical properties, newer compositions without C&SRMs 

can be developed. Strain engineering approach inducing low-mobility defects, ultrafine grained 

structure (either homogeneous or heterogeneous, depending upon the specific requirements) and 

activating TWIP and TRIP mechanisms can be used. However, these strategies are primarily 

effective under ambient conditions. Achieving a similar strength-ductility synergy in hydrogen-

rich environments presents a significant challenge due to the susceptibility to hydrogen 

embrittlement. To address this issue, Mohammadi et al. [230] conducted HPT deformation on 

Al0.1CoCrFeNi alloy, an FCC-phase alloy noted for its sluggish hydrogen lattice diffusion. The 

HPT processing resulted in an impressive combination of high strength (YS = 1960 MPa) and 

ductility (10%) through the generation of low-mobility lattice defects, such as nanotwins and 

Lomer-Cottrell locks. These defects act as hydrogen trapping sites, mitigating hydrogen-

enhanced localized plasticity and minimizing stress concentration. Similarly, CoCrFeMnNi HEA 
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processed via cold-rolling and annealing exhibited an excellent strength-ductility combination in 

hydrogen environments, with a significant improvement in resistance to hydrogen embrittlement 

due to grain refinement, which inhibited grain boundary decohesion [231]. Thus, by introducing 

various lattice defects, particularly low-mobility defects, and refining grain structures during 

TMP or SPD techniques, a desirable strength-ductility synergy can be achieved. This effect holds 

true in both ambient and hydrogen-exposed environments, especially for FCC-structured 

materials, which are known for their slow hydrogen lattice diffusion. 

 Aside from the study by Mohammadi et al. [230], there is a notable absence of research 

on the mechanical properties of HPT-processed Al0.1CoCrFeNi alloy in the literature. Therefore, 

it is crucial to conduct further experimental investigations on this alloy under HPT processing in 

absence of hydrogen to fully understand the unique influence of HPT processing on 

Al0.1CoCrFeNi alloy. 

 Similar to other compositions presented in Figure 6.2, HPT processed HfNbTaTiZr HEA 

subjected to a shear strain (ϓ) > 40, exhibit a remarkable increase in strength, rising significantly 

from 830 MPa in its as-received state to 1900 MPa after deformation, primarily due to grain 

refinement. Surprisingly, despite substantial gain in strength, the specimen retained a notable 

degree of ductility, with only a minor reduction in total elongation at failure (from 9.2% to 7.9%). 

This retention of ductility was attributed to the dynamic deformation and recovery processes 

occurring at ϓ > 40, establishing a dynamic equilibrium of generation and annihilation of defects. 

This equilibrium resulted in a homogenous microstructure characterized by nanocrystalline, 

equiaxed grains. However, no conclusive evidence was found to attribute this enhancement to 

commonly known mechanisms, such as twinning or a bimodal grain size distribution, which are 

typically employed to achieve strength-ductility synergy. The underlying cause of the 

simultaneous improvement in strength and ductility remains unexplored, presenting a promising 

avenue for future research [232]. 

6.7. Effect of Various Synthesis Routes on Mechanical Property of Pure Elements 

Given the high YS observed in HPT-deformed MPEAs across various compositions, it 

becomes imperative to investigate whether similar trends extend to pure elements or if this 

observation is exclusive to MPEAs. To address this question, more data was extracted from 

literature for several pure elements (Al, Cu, Mg, Ni, Ta, Ti, Fe). A comprehensive 

description of each element's processing conditions, crystal structure, hardness, yield 

strength, ultimate tensile strength, and elongation, as reported in the literature, is provided 
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in Supplementary 6s. However, only a limited number of studies report YS for specific pure 

elements across all processing routes (see Figure 6.3). 

 

Figure 6.3. Yield strength of pure elements obtained from various manufacturing processes 

Except for Al and Cu, a similar trend to that observed in MPEAs was also noted for pure elements, 

where the YS of samples processed via high-pressure torsion (HPT) consistently exceeded that 

of samples produced through other processing methods (see Figure 6.3). Notably, ECAP 

processed Al exhibited a slightly higher YS of 173 MPa after 10 ECAP passes, compared to 146 

MPa for HPT-processed Al at an equivalent strain of 25.1. This may be attributed to the higher 

stresses exerted during ECAP compared to HPT. 

 In the case of pure Cu, the YS of HPT-deformed samples vary in the range of 370-474 

MPa, the highest among all processing methods, except for cryo-rolled pure Cu, which exhibits 

YS ranging from 336 to 520 MPa. The increase in YS could be linked to the operating 

temperature, where rolling was carried out at cryogenic temperature, which enhances material's 

strength. Regarding pure Ta, the YS of HPT-processed samples could not be displayed in Figure 

6.3, as only a single study provided data on the UTS of HPT-processed Ta without corresponding 

YS data [233]. For commercially pure (cp) Ti, the YS of HPT-processed samples ranged from 
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280 to 790 MPa [26-28]. However, the strength increased up to 1400 MPa when ECAP was 

performed at 450°C (with an angle of 90°, route Bc, n=8), followed by additional forge-drawing 

at 300°C, reducing the diameter from 24 mm to 16 mm, prior to HPT. This combination of 

processes before HPT facilitated grain refinement and enhanced structural homogeneity, 

resulting in improved mechanical properties [214].  

 Achieving a balance of strength and ductility in MPEAs has been demonstrated through 

the creation of heterogeneous microstructure, combining ultrafine-grained (UFG) and larger 

elongated grains, or by inducing nanotwins and others [229]. Similarly, it has been proposed that 

the ductility of pure Cu can be enhanced by generating a bimodal microstructure (a combination 

of UFG and coarse grains) or by introducing twin boundaries [213]. Additionally, pure Mg 

processed via HPT also exhibits a bimodal microstructure both at 293K and 423K across 1/8, 1 

and 10 turns. After 10 turns, the dislocation density was of the order of 3.26×1015 and 2.96×1014 

at 293K and 423K respectively. This discrepancy arises from dislocation entanglements after 

rotations of 1/8 and 1 turn, with dynamic recrystallization initiating after 10 turns for the 293K 

sample. In contrast, continuous dynamic recrystallization (CDRx) was evident throughout all 

turns for samples processed at 423 K. Consequently, samples produced at 293 K exhibit higher 

YS with moderate uniform elongation, while the samples produced at 423K showed relatively 

lower strength but large uniform elongation after 10 HPT turns [234]. 

 It is important to note that the extent of strength enhancement produced by severe plastic 

deformation (SPD) techniques cannot be universally generalized across all alloys, as the 

magnitude of refinement-induced strengthening strongly depends on alloy chemistry, stacking-

fault energy, deformation mode, die geometry, strain path, and specific processing parameters 

(e.g., number of passes, rotation angle, temperature). For this reason, a single comparative plot 

ranking SPD method in terms of strengthening potential would be scientifically misleading. 

Instead, alloy-specific comparisons, as presented in Figures 6.2 and 6.3, provide a more accurate 

and meaningful visualization of SPD-induced strengthening behaviour across different materials 

systems. These figures already capture the comparative trends by illustrating the yield-strength 

ranges achieved by various SPD routes for multiple alloys without imposing an oversimplified 

universal hierarchy. 

6.8. Fundamentals of Microstructural Evolution During Plastic Deformation 

Figure 6.4 highlights the effect of TMP/SPD processing on microstructure of an alloy/element. 

A more fundamental question at this stage to answer is “How does the microstructure evolve 

during SPD or conventional TMP?” Clearly, answering this question requires a fundamental 
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materials science approach. Typically, when a material undergoes plastic deformation, a 

substantial number of dislocations are generated, leading to an increase of dislocation density. 

These dislocations then rearrange or annihilate, depending on the prevalent restoration 

mechanism.
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Figure 6.4. Effect of TMP or SPD processes on the microstructure of an alloy
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6.8.1. Types of Restoration Mechanism Involved During Plastic Deformation 

Dynamic recovery (DRV) and dynamic recrystallization (DRx) are the two crucial restoration 

mechanisms, which help to modify the microstructure by arranging dislocations during 

deformation. The three most critical microstructural features that define the microstructural 

evolution during deformation are grain size, grain shape (equiaxed or elongated/columnar) and 

grain boundary character distribution, such as low-angle grain boundaries (LAGBs) and high-

angle grain boundaries (HAGBs). During DRV, the mechanical properties of a deformed material 

are partially restored through rearrangement and annihilation of dislocations. As strain is 

experienced by the material, dislocation generation becomes more pronounced, leading to an 

increase in the dislocation density. Eventually, a steady state is reached whereby dislocation 

generation and annihilation balance each other, resulting in the formation of subgrains surrounded 

by low-angle grain boundaries (LAGBs). DRV primarily involves the migration of LAGBs inside 

the deformed grains and is typically observed in materials with high stacking fault energy (SFE) 

or those processed at lower temperatures (approximately 0.4×Tm), facilitating the restoration of 

material properties. 

Dynamic recrystallization (DRx) can be categorized into three types:  

i. Discontinuous Dynamic Recrystallization (DDRx)  

ii. Continuous Dynamic Recrystallization (CDRx) 

iii. Geometric Dynamic Recrystallization (GDRx) 

The specific recrystallization mechanism depends on factors such as stacking fault energy (SFE), 

initial grain size and processing conditions. DDRx is prevalent in materials with low stacking fault 

energy (SFE) during hot deformation, where nucleation of new strain-free grains occurs 

heterogeneously due to bulging of dislocations at grain-boundaries. In materials with low SFE, 

dislocations are unable to easily cross-slip, leading to the formation of a necklace-like structure at 

the grain boundaries. As deformation progresses, the strain-free nucleates start to grow at the 

expense of dislocations, migrating across the grain boundaries [235]. In certain cases, particularly 

during hot deformation, if the strain is halted after reaching a critical value without a reduction in 

temperature, the nuclei continue to grow using the stored energy. This phenomenon is referred to 

as post-dynamic recrystallization (PDRx) or metadynamic recrystallization (MDRx). In contrast 

to PDRx/MDRx, CDRx does not involve distinct nucleation and growth phases. Instead, it evolves 

the microstructure progressively, with subgrains surrounded by LAGBs transforming into grains 
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enclosed by HAGBs as subgrains boundary misorientation increases at higher levels of 

deformation. CDRx is particularly prevalent in materials with high SFE, and can occur over a 

broad range of temperatures, from low to high-temperature deformation. GDRx is generally 

observed in materials with high SFE, undergoing deformation at elevated temperatures and large 

strain. During this process, HAGBs migrate, forming serrations with a wavelength comparable to 

the subgrain size. Significant grain elongation and thinning take place, and once the grain 

thickness reduces to below 1-2 subgrain sizes, the developed serrations pinch off, resulting in the 

formation of equiaxed grains with HAGBs. GDRx is especially common in materials with high 

SFE and is frequently observed during deformation to large strains with significant reduction in 

one direction, such as in hot rolling, where the original grains become elongated and refined [236]. 

The effect of other factors such as initial grain size and processing conditions has not been 

extensively studied for CDRx and GDRx, as these mechanisms of restoration of microstructure 

and mechanical properties were introduced later with the advent of SPD processes, hence not 

addressed in this study. However, it is important to emphasize that no definitive rule exists to 

determine which type of dynamic recrystallization (DDRx, CDRx, or GDRx) will dominate under 

specific processing conditions [235]. For instance, CDRx can dominate in low SFE materials, as 

observed during the rolling of fine-grained 304 austenitic stainless steel [237]. Conversely, DDRx 

may occur in high-SFE materials, as reported in high-purity aluminum [238]. Moreover, 

depending on the processing conditions and initial grain size, these mechanisms can transition 

from one to another (e.g., from DDRx to CDRx) or even coexist simultaneously, as seen with the 

coexistence of CDRx and GDRx in Zircaloy-4 [239]. Consequently, generalizing the dominant 

restoration mechanism under given conditions remains a complex challenge. 

6.8.2. Influence of Microstructural Evolution on Mechanical Properties 

As the microstructure of a material evolves under plastic deformation, its mechanical properties 

also exhibit corresponding changes. The Hall-Petch relationship has long substantiated the 

influence of ultra-fine grained (UFG) and nano-crystalline (NC) structures on the mechanical 

properties of alloys. Materials deformed via SPD have consistently demonstrated enhanced YS 

(as shown in Figure 6.2 and 6.3), primarily due to their fine-grained structures (with grain sizes 

ranging from 200 nm to 1 µm), high dislocation density, and presence of nano-twins. Notably, 

HPT-processed materials exhibit exceptional strength, characterized by a significant fraction of 

HAGBs and grain sizes below 100 nm. Grain-boundary strengthening is well-described by the 

Hall-Petch relationship (see equation 6.1) [240]. Kumar et al. [241], attributed the increased 
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strength of FSP-processed Al0.1CoCrFeNi to a combination of grain boundary strengthening and 

lattice friction stress (commonly referred to as ‘Peierls stress’), which is the force required to 

move a dislocation within the atomic plane of a unit cell [242, 243]). Their observations of the 

gauge section of the tensile sample in the FSP-processed alloy revealed a distinct polycrystalline 

behavior, characterized by a significantly small grain size of 14 ± 10 µm, compared to the as-

received sample’s grain size of 500 µm. The reduction in grain size accommodated a larger 

number of grains, thereby amplifying the effectiveness of lattice friction stress and grain 

boundary strengthening mechanisms. In contrast, for the as-received sample, only the lattice 

friction stress contributed to YS, as the influence of grain boundaries was deemed negligible. It 

was further suggested  that the contribution of dislocation strengthening to the YS could be 

considered negligible, given the low dislocation density present in the nugget microstructure after 

FSP [241]. 

Effect of Dislocation Density on Materials Strength 

Dislocation density plays a pivotal role in material strengthening, in contrast to the earlier notions 

that dislocations tend to weaken a material. In reality, a high dislocation density is highly desirable 

for improving strength. The strengthening due to dislocations can be quantitatively described 

using Taylor’s equation, which correlates the increase in strength with dislocation density (see eq 

6.2) [240].  

𝜎𝑦 = 𝜎𝑜 + 𝑘𝑑
−1

2⁄           (6.1) 

𝜎𝑦 = 𝜎𝑜 + 𝛼𝐺𝑏𝑀√𝜌    where 𝜌 = ρ0+ρb       (6.2)  

where 𝜎𝑜 is friction stress, k is the locking parameter, d is grain size, 𝛼 is dislocation strength 

parameter, G is shear modulus, M is Taylor factor, b is Burgers vector, 𝜌 is total dislocation 

density, ρ0 is the dislocations present between the boundaries, and ρb is the GNDs contained within 

low angle boundaries. 

 In this context, dislocations can be categorized into two types: statistically stored 

dislocations (SSD) and geometrically necessary dislocations (GND). SSDs arise from random 

trapping during plastic deformation, while GNDs emerge in regions with high strain gradients 

ensuring geometrical compatibility and preventing the formation of overlaps and voids. GNDs are 

critical for accommodating localized deformation within the crystal structure. The presence of 

GNDs plays a significant role in influencing the flow stress of material, as described by the 
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Taylor’s model. 

Effect of Mechanical Twinning on Materials Strength 

In addition to the dislocations, mechanical twinning or deformation-induced twinning provides an 

alternative mechanism for accommodating plastic deformation in materials. Deformation 

twinning involves formation of mirror-image regions, known as twins, within a grain in response 

to shear stress. These twins introduce twin boundaries, acting as barriers to dislocation motion, 

thereby contributing to strengthening through grain refinement as described by the Hall-Petch 

hardening rule. Mechanical twinning was observed in HPT-deformed CoCrFeMnNi HEA [217], 

where the propensity of deformation caused an increase in twin density, along with the formation 

of new twin variants (micron-sized blocks of twin lamellae). At much higher strains (𝛄 ranging 

from ~4.0 to ~50), the twin lamellae transformed, gradually diffusing into a homogeneous nano-

crystalline (NC) structure. This demonstrated that deformation twinning can serve as a dominant 

mechanism for grain refinement (down to ~50 nm), resulting in exceptionally high strength 

accompanied by moderate ductility. Similarly, during plane-strain multi-pass rolling (ε = 80%), 

conducted at both room and liquid nitrogen temperatures, deformation twinning was observed to 

be the primary strengthening mechanism. This led to a significant increase in UTS from 440 MPa 

to 1500 MPa at 77K and 1200 MPa at 293K, though at the cost of reduced ductility from original 

71% down to 12% at 77K and 14% at 293K [244].  

Other Factors Affecting Materials Strength  

To understand the reasons why HPT leads to superior mechanical properties compared to other 

processing techniques, it’s indispensable to understand the response of material under 

deformation or loading. In the subsequent section, the influence of crucial factors involved in 

different synthesis routes, the response of material under different deformation conditions and the 

mechanisms causing strengthening of materials have been discussed extensively. 

The microstructure and mechanical properties of an alloy synthesized through various routes are 

influenced by several key factors. These include cooling rate, which is crucial in both casting and 

additive manufacturing (AM); the applied pressure and temperature during Hot-isostatic 

pressing (HIP) in powder metallurgy, where both parameters play a crucial role in determining 

density, porosity and microstructure. Conversely, in spark-plasma sintering (SPS), temperature 

predominantly governs the consolidation of powders. HIP typically results in higher density and 

finer microstructure compared to conventional sintering methods and is particularly advantageous 
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for materials that are difficult to sinter. Additionally, factors such as applied strain and 

processing temperature during conventional-TMP and SPD techniques significantly influence 

the resulting microstructure and mechanical properties of an alloy. 

The YS of additively manufactured alloys has demonstrated superior performance compared to 

cast samples, regardless of the elemental composition (see Figure 6.2 and 6.3). This enhancement 

can be attributed to the rapid cooling rate during AM, which inhibits grain growth and promotes 

a finer microstructure. The typical cooling rates involved in casting and AM are presented in Table 

6.1. However, despite the improved properties compared to as-cast alloys, the strength of 

additively manufactured alloys remains lower than those produced through conventional TMP 

and SPD methods. This disparity can be ascribed to several factors such as the formation of 

dendritic or columnar structures during layer-by-layer deposition, the introduction of residual 

stresses due to thermal gradients and rapid solidification, anisotropic mechanical properties, 

microstructural inhomogeneities, and porosity, particularly in powder-bed fusion techniques such 

as selective laser melting (SLM) and electron beam melting (EBM). 

 

Table 6.1. Cooling rate during different processing techniques 

Processing route Cooling Rate (K/s) 

Casting 101 to102 K/s [245-247] 

Additive Manufacturing 102 to108 K/s [182, 245, 

248] 

 

High-pressure torsion (HPT), Equal channel angular pressing (ECAP), Friction stir processing 

(FSP) and Twist extrusion (TE) are examples of SPD techniques, all of which fall under the “Top-

down” approach, alongside conventional TMP methods such as rolling, forging and others. 

During “top-down” approach, bulk samples with a relatively coarse grain are subjected to 

substantial strain in order to refine the grain size, ultimately yielding ultrafine-grained (UFG) or 

a nanocrystalline (NC) structure [249]. Notably, this method mitigates the introduction of 

contaminants or porosity, common issues encountered during powder metallurgy (P/M) 

processes. Powder metallurgy itself contrarily employs a "bottom-up" approach; wherein bulk 

samples are fabricated by consolidating individual particles. This typically involves high-energy 

ball milling followed by consolidation techniques such as spark plasma sintering (SPS) or hot 

isostatic pressing (HIP) [249]. While this approach offers the advantage of producing fine 

microstructures, its applicability is often limited by challenges such as small size of finished 
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products, the introduction of contaminants and residual porosity. 

 Conventional TMP methods, such as rolling, extrusion, drawing and forging are typically 

conducted at warm to hot temperatures to impart large strains while minimizing the risk of 

introducing defects such as cracks. This is because these processes primarily apply uniaxial 

compressive stress, which at ambient temperatures often lead to formation of various defects. In 

contrast, non-conventional TMP or SPD methods impart significant strain without inducing 

cracking by utilizing a combination of compressive stress (to prevent cracking) and shear stress 

(to introduce large strain). Furthermore, one of the key advantages of SPD techniques is their 

ability to impose large plastic strains on a material without altering its overall shape; that is, the 

material retains its initial geometry after the SPD process [250]. Strains of several hundred to 

thousands of percent can be achieved during SPD processes. For instance, during ECAP, a 

material is subjected to multiple passes through a die with intersecting channels, leading to 

cumulative strain with each pass. Similarly, in HPT, the material undergoes torsional deformation 

under high pressure, resulting in substantial strain accumulation. Table 6.2 provides an overview 

of the typical strain rates (sec-1) associated with various manufacturing processes. Table 6.3 

highlights effective plastic strain associated with various manufacturing processes. 

 

Table 6.2. Strain rate during different processing techniques 

Processing route Strain rate (sec-1) 

Rolling (Plane strain 

compression) 

101 to 8×102 (depending on the working 

temperature and thickness reduction) [251] 

ECAP 10-3 to 100 (depending on the corner and channel 

angle) [252] 

HPT 10-2 to 2×101 (depending on the pressure, rotation 

speed and number of turns) [212] 

Powder metallurgy -- 

 

Strain rate (ℰ̇) refers to the time dependent strain or the rate at which deformation occurs in a 

material. Though, it quantifies the rate of deformation but does not reflect the cumulative strain 

or deformation imparted to the material during processing. 
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Table 6.3. Effective plastic strain during different processing techniques. 

Processing route Effective plastic strain 

Uniaxial compression 

(UC) 

0.69 (50% reduction in height) - 2.30 (90% reduction in height) 

[213] 

Rolling (Plane strain 

compression) 

0.80 (50% reduction in height) - 2.66 (90% reduction in height) 

[213] 

ECAP 1.15 (Ф (oblique angle (or channel angle)) = 90 degrees and Ψ 

(corner angle) = 0 degrees). For more common angle of Ф = 90 

degrees and Ψ = 20 degrees εeff = 1; for N such passes, the total εeff 

will be N. [213] 

HPT effective plastic strains of about 8-10, and in some cases up to 20. 

[213] 

Powder Metallurgy 

(P/M) 

effective plastic strains of about 0.01 to 0.1 per pass during powder 

compaction. [253]   

 

 

Effective plastic strain (ℰ𝑒𝑓𝑓) is a key parameter that quantifies the cumulative permanent 

deformation that the material experiences during its deformation process. Unlike strain rate, which 

is measured in sec⁻¹, effective plastic strain is a dimensionless quantity and is calculated by 

integrating the plastic strain over the entire deformation cycle. The calculation of ℰ𝑒𝑓𝑓 is governed 

by Equation 6.3, with specific formulations for the ECAP and HPT processes represented by 

Equations 6.4 and 6.5, respectively [213].  

ℰ𝑒𝑓𝑓 = {
2

9
[(ℰ11 − ℰ22)2 + (ℰ22 − ℰ33)2 + (ℰ33 − ℰ11)2] +

1

3
(𝛾12

2 +  𝛾23
2 + 𝛾31

2 )}
0.5

 (6.3) 

ℰ𝑒𝑓𝑓 =
1

√3
[2 cot (

Ф+𝛹

2
) + 𝛹 𝑐𝑜𝑠𝑒𝑐 (

Ф+𝛹

2
)]                                    (6.4) 

𝛄 = 
2𝜋𝑟𝑁

𝑡
           (6.5)  

where Ф is the inner angle/ oblique angle/ channel angle, Ψ is the outer angle/ corner angle, 𝛄 is 

the shear strain along the radius (r), N is the number of rotations and t is thickness of the disk. 

Table 6.3 illustrates the extent of effective plastic strain induced in various manufacturing 
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processes. During rolling, which is a conventional TMP method, the effective plastic strain of 0.8 

results in 50% reduction in height, while it reaches 2.66 for a 90% reduction in height [213]. 

 For the most common inner angle (Ф = 90ᐤ) and outer angle (Ψ = 20ᐤ) in a single ECAP 

pass, the effective plastic strain value is 1. For N such passes, the total imposed effective plastic 

strain becomes N. By varying the inner and outer angles, the amount of effective plastic strain 

induced can be adjusted. For instance, with Ф = 90ᐤ and Ψ = 0ᐤ, the effective plastic strain per 

pass increases to 1.15 [213]. The HPT process induces a broad range of effective plastic strain, 

from a minimum of 8 to a maximum of 20. This significant capacity for imparting high levels of 

effective plastic strain is a key factor contributing to the superior YS of materials processed via 

HPT, compared to those subjected to other manufacturing techniques. The extent of effective 

plastic strain across various manufacturing processes is schematically represented in Figure 6.5. 

 

 
Figure 6.5. Effective plastic strain during different processing techniques. P/M: Powder 

Metallurgy; HPT: High Pressure Torsion; ECAP: Equal Channel Angular Pressing; UC: 

Uniaxial Compression 
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6.9. Mechanical and Environmental Advantages of SPD Over Conventional Methods 

Figure 6.6 demonstrates the effectiveness of employing SPD processing over conventional 

methods. SPD-processed components have been observed to offer exceptional mechanical 

properties such as increased strength and toughness. For instance, Sadasivan & Balasubramanian 

[254] reviewed various SPD techniques used for processing tubular materials, which are among 

the most widely used industrial products. They emphasized that SPD-processed tubes, with 

strengthened walls, can be produced with reduced thickness, leading to material savings and 

contributing to sustainability. Moreover, components processed via SPD demonstrate improves 

fatigue life, corrosion resistance, and wear resistance compared to those produced through 

conventional methods. This can reduce the frequency of replacements and repairs, resulting in 

cost savings and supporting the development of more sustainable products with lower carbon 

emissions. SPD techniques have also been employed to fabricate high-strength components, such 

as micro-bolts from UFG carbon steel [255], turbine blades from AA6063 [256], and high-

strength bolts from AA6061 [257], using hybrid processes such as drawing, ECAP, and rolling. 

 
Figure 6.6. Cost-effectiveness of using SPD over traditional-processing routes 
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6.10. Summary 

This chapter underscores the critical role of strain engineering as a timely and effective non-ML-

based physical design strategy for reducing dependence on critical and strategic raw materials 

(C&SRMs) in the development of high-performance metallic alloys. Unlike chemical tuning 

approaches that require compositional modification, often involving the addition of scarce or 

environmentally burdensome elements, strain engineering achieves significant enhancement of 

mechanical properties through microstructural refinement alone, eliminating the need for 

additional C&SRMs. Strain engineering enables precise control over key microstructural 

parameters, including grain size, grain structure, nanotwin formation, and the activation of 

deformation mechanisms such as twinning- and transformation-induced plasticity (TWIP/TRIP). 

These microstructural modifications improve strength, ductility, fatigue resistance, and other 

performance metrics that would traditionally necessitate the use of expensive or critical alloying 

elements. 

 Experimental evidence from the literature supports the effectiveness of this approach and 

have shown that strain engineering provides a viable path for creating sustainable alloys, 

particularly for demanding applications. For instance, hydrogen storage materials processed via 

high-pressure torsion (HPT) to achieve ultrafine-grained (UFG) structures outperform those 

fabricated through conventional methods such as thermal annealing, groove rolling, and high-

energy ball milling [258]. Similarly, UFG pure titanium exhibits superior fatigue resistance and 

biocompatibility compared to conventional Ti-6Al-4V alloys, making it a promising candidate for 

biomedical applications [259-262]. Additionally, the incorporation of nanotwins through severe 

plastic deformation (SPD) enhances strength without sacrificing electrical conductivity, offering 

viable alternatives to copper-based alloys in high-strength electrical components. These findings 

suggest that SPD techniques could pave the way for a new class of high-performance, sustainable 

materials suited to various industrial applications, including bioimplants, electrical components, 

and structural engineering. 

 Beyond property improvements, strain-engineered materials frequently allow for reduced 

component thickness due to their superior mechanical properties, leading to weight reduction, 

lower fuel consumption in transportation, and minimized material usage in storage systems. Their 

superior fatigue life, corrosion resistance, and wear resistance extend longevity and minimise the 

need for frequent repairs and replacements. These outcomes align directly with sustainability 
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goals and contribute to the reduction of carbon emissions, an essential step toward achieving Net-

Zero targets. Moreover, literature-based lifecycle assessments indicate that high-risk elements 

such as Co, W, and Nb exhibit approximately 4–10× higher CO2 emissions per kilogram during 

mining, extraction, and refining compared to earth-abundant elements such as Fe, Al, and Cu. By 

intentionally avoiding these critical raw materials, the proposed C&SRM-free alloy design 

approach has the potential to substantially reduce embodied carbon, lower energy consumption 

during raw-material production, and decrease dependence on volatile or geopolitically sensitive 

supply chains. Although a full lifecycle assessment (LCA) lies beyond the scope of the present 

work, these quantitative indicators highlight the potential for significant environmental and 

resource-efficiency gains through C&SRM-free alloy design. 

 In conclusion, this study establishes strain engineering as a sustainable and scalable 

alternative to composition-based design strategies, offering a path to developing C&SRM-free or 

C&SRM-lean alloys suitable for diverse industrial sectors, including biomedical devices, 

electronics, energy systems, and structural applications. By minimizing the need for rare-earth 

and other critical elements, thereby reducing the environmental and energy burdens associated 

with their extraction, strain engineering supports more sustainable metal processing. This study 

not only showcases the current capabilities of strain engineering but also underscores its potential 

to transform material design, sustainability, and technological innovation steps that needs to be 

initiated across industries around the world. 

This work highlights the transformative potential of strain-induced microstructural design in 

reducing material criticality while enhancing alloy performance, independent of machine learning 

or chemical modification. Together with the findings from the earlier ML–metaheuristic 

framework, these insights lay the foundation for the overarching conclusions of this research and 

define promising directions for future studies, as discussed in the next chapter.  
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Chapter 7     

 Conclusions and Future Scope  

7.1. Overview 

The primary objective of the present work was to study MPEAs using machine learning (ML). 

In view of this, robust ML frameworks were developed for predicting phases, mechanical 

properties, as well as optimizing multiple competing mechanical properties, and targeting the 

reduction of Critical Raw Materials (CRMs) while developing novel MPEAs. Moreover, it 

introduces a physical engineering approach to develop high-performing materials without the 

need of chemical tuning to minimize reliance on Critical and Strategic Raw Materials 

(C&SRMs).  

 Supervised learning algorithms were employed to predict phase formation using an 

experimental database extracted from the literature, with model validation performed through 

the experimental synthesis of a novel MPEA. The widespread use of synthetic data 

augmentation methods in the literature to improve model accuracy was critically evaluated, 

and their shortcomings were demonstrated through a comparative analysis between models 

trained exclusively on pure experimental data and those trained on synthetically augmented 

datasets. Mechanical property prediction was carried out using the open-source Python 

toolkit MAST-ML, rather than developing a new framework from scratch. MAST-ML was 

specifically designed for materials researchers with limited expertise in machine learning, 

providing automated workflows that streamline model development with minimal coding 

requirements. In this work, it was applied for the first time to complex alloy systems such as 

MPEAs. While the toolkit demonstrated efficiency in predicting mechanical properties, it 

was not without limitations. Due to limitations of MAST-ML, a novel ML framework was 

subsequently developed from scratch to predict and optimize multiple mechanical properties 

simultaneously. This framework was designed to identify alloy compositions that 

concurrently optimize yield strength (YS), ultimate tensile strength (UTS), and elongation 

(𝓔), thereby providing an effective solution to the long-standing strength–ductility trade-off. 

 To promote material sustainability and advance Net Zero objectives, this work 

adopted a dual strategy to minimize dependence on critical raw materials (CRMs) and critical 

and strategic raw materials (C&SRMs). First, a novel ML framework was developed to 
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design high-performance MPEAs that are either completely free of CRMs or contain them in 

reduced amounts. This was achieved through ML-guided chemical tuning using a large 

computational database of unary and binary compositions generated via CALPHAD-based 

Thermo-Calc (TC) simulations. The framework systematically explored the compositional 

space to suppress costly elements such as Co, Nb, Ta, and W while maintaining mechanical 

performance, thereby enabling the discovery of sustainable, high-performance alloys. 

Complementing this ML-based chemical tuning approach, a second pathway was introduced 

in the form of strain engineering, a non-ML-based physical design strategy that reduces 

reliance on C&SRMs without requiring chemical modification. By leveraging strain-induced 

microstructural modifications, such as dislocation accumulation, ultrafine grain refinement, 

and the activation of TWIP and TRIP mechanisms, strain engineering provides a powerful 

means of tuning alloy properties while offering additional sustainability benefits such as 

weight reduction and resource efficiency. Together, these two complementary approaches 

provide a holistic pathway toward the development of sustainable next-generation alloys 

aligned with global Net Zero priorities. 

The overall research work has been carried out in the following major stages. 

• Phase prediction of MPEAs considering the high-quality experimental database, 

extracted by focusing on melting and casting methods, without resorting to synthetic data 

augmentation, a practice frequently employed in the literature to improve model 

accuracy. 

• Mechanical property prediction through the first systematic application of an MPEA 

database within the MAST-ML toolkit for yield strength (YS) prediction. Recognizing 

the limitations of MAST-ML, a novel ML framework was subsequently developed from 

scratch to perform multi-objective optimization, simultaneously targeting YS, ultimate 

tensile strength (UTS), and elongation (𝓔).  

• Sustainable alloy design through ML-guided compositional tuning by developing a 

hybrid ML–metaheuristic optimization framework, aimed at minimizing the use of 

CRMs. This was achieved using a computational database comprising unary and binary 

compositions with corresponding compositional and Vickers hardness data generated via 

CALPHAD-based simulations. 

• A non-ML-based physical design strategy to minimize or eliminate reliance on C&SRMs, 

through a theoretical framework that leverages strain-induced microstructural 
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modifications, to enhance mechanical properties while avoiding compositional tuning or 

the use of costly C&SRMs.  

7.2. Conclusions and Research Contributions 

Important conclusions drawn from the thesis work and specific research contributions are listed 

in the following sub section: 

7.2.1. Development of a Robust and Reliable Phase Prediction Framework 

In this work, a robust and reliable machine learning framework for phase prediction in 

MPEAs/HEAs was developed using a carefully curated high-quality experimental dataset 

comprising 1,200 alloy instances. The dataset covered a broad spectrum of alloy families, 

including 3d-transition metal HEAs, refractory HEAs, precious metal–based systems, HEA 

brass/bronze, and low-density HEAs, ranging from ternary to higher-order compositions. To 

ensure consistency and avoid variability introduced by mixed synthesis methods, only alloys 

synthesized via the melting and casting route were considered, thereby eliminating spurious 

effects from heterogeneous processing conditions. Five widely used classification algorithms, K-

Nearest Neighbour (KNN), Support Vector Machine (SVM), Decision Tree Classifier (DTC), 

Random Forest Classifier (RFC), and XGBoost (XGB) were trained and tested on this curated 

dataset. Among these, the vanilla Random Forest Classifier (V-RFC) demonstrated the best 

performance, achieving an average accuracy of 84%, a ROC-AUC score of 0.9649, a 10-fold 

cross-validation mean score of 0.9315, and higher Precision, Recall, and F1-score compared to 

the other models. 

 To critically examine the reliability of synthetic data augmentation, the V-RFC was 

compared against a Random Forest model trained on an augmented dataset generated using the 

SMOTE–Tomek Link method (ST-RFC). While the augmented model achieved a higher accuracy 

of 92% on the expanded dataset (1200 original + 192 synthetic = 1392 entries), comparative 

analysis of confusion matrices and ROC curves revealed that its predictions are not reliable. In 

contrast, the V-RFC trained solely on experimental data provided robust and consistent 

performance, highlighting the limitations of synthetic augmentation for complex alloys such as 

HEAs. The robustness of the V-RFC model was further substantiated through experimental 

validation. A novel HEA composition, Ni25Cu18.75Fe25Co25Al6.25, predicted by the model to form 

an FCC phase, was synthesized via vacuum arc melting and characterized using X-ray diffraction, 

which confirmed the FCC phase in agreement with the model’s prediction. 
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The following conclusions can be drawn from this study: 

1. Synthetic data merged into the real-world experimental data can lead to spurious outcomes 

when feeding to the ML models. An attempt like this (which is routinely done in literature) 

may although help achieve higher model accuracy, but it can compromise the quality of 

prediction, particularly, when inferring complex phases of high entropy alloys. Moreover, 

accuracy alone is not a reliable measure for evaluating ML models on imbalanced datasets. 

Various other evaluation metrics such as ROC-AUC score, Precision, Recall, and F1-score 

are robust for classifying an imbalanced dataset.  

2. This study revealed that reliable predictions of HEA phase formation are achievable using 

only five key parameters: valence electron concentration (VEC), electronegativity 

difference (∆𝜒), mixing entropy (∆Smix), atomic size difference (𝛿), and mixing enthalpy 

(∆Hmix). However, care must be taken to ensure input data are consistently derived from 

controlled synthesis methods (in this case, melting and casting). 

3. The developed framework performed robustly in predicting solid-solution phases (FCC, 

BCC, FCC + BCC) and complex multiphase HEAs classified as mixtures of intermetallic 

phases (MIP). However, the framework was found to be limited in its ability to accurately 

predict the number and types of phases present within MIP systems. 

7.2.2. Mechanical Property Prediction and Development of a Multi-Objective 

Optimization Framework 

This part of the work integrates two key components: (i) the development of predictive models 

for yield strength using an open-source machine learning toolkit, and (ii) the establishment of a 

novel multi-objective optimization framework for identifying MPEA compositions with superior 

combination of competing mechanical properties, such as YS, UTS, and 𝓔. 

 First, the Materials Simulation Toolkit for Machine Learning (MAST-ML), an open-

source Python package specifically tailored for materials researchers with limited or no prior 

coding expertise, was systematically applied for the first time to complex concentrated alloys 

(CCAs) or multi-principal element alloys (MPEAs) to predict yield strength (YS). Unlike prior 

applications of such open-source toolkits to problems such as perovskite oxide stability, 

electromigration charge, or dilute solute diffusion, its use in modeling mechanical properties of 

complex alloys had remained largely unexplored. A curated dataset of 700 experimentally 

reported MPEA compositions with corresponding yield strength values was employed to 

benchmark the toolkit. Three regression models, Decision Tree Regressor (DTR), Random Forest 
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Regressor (RFR), and Extra Trees Regressor (ETR), were implemented and evaluated under 

MAST-ML’s specialized train/test division strategies (“best split” and “worst split”), designed to 

test generalizability beyond conventional random splits or k-fold cross-validation. Among them, 

the ETR model consistently outperformed the others, achieving higher R² scores and lower MAE 

and RMSE across both split strategies. When tested on previously unseen compositions, the ETR 

model predicted yield strength values in close agreement with experimental reports, with an 

average error margin of ±20 MPa, thereby confirming its predictive robustness. 

The following conclusions were drawn from this study:  

1. MAST-ML offers a powerful, user-friendly platform that lowers the entry barrier for 

researchers new to machine learning. 

2. While MAST-ML provides a streamlined pipeline for supervised regression tasks, several 

limitations persist. Its scope is largely confined to classical ML models and lacks integration 

with advanced techniques such as deep learning or GPU acceleration. Crucially, the toolkit 

does not incorporate advanced optimization algorithms, which are essential for 

systematically exploring the vast and complex compositional space of MPEAs. Moreover, 

its batch-oriented design produces diagnostic plots only after execution, restricting 

opportunities for interactive model refinement, real-time feedback, or iterative optimization. 

3. Current capabilities for parallelization and handling very large datasets remain limited 

compared to modern ML platforms such as TensorFlow or PyTorch. 

Recognizing the limitations of MAST-ML, the second component of this work developed a novel 

ML framework from scratch to address the long-standing strength–ductility trade-off by 

simultaneously optimizing yield strength (YS), ultimate tensile strength (UTS), and elongation 

(𝓔). Unlike most prior studies that performed only bi-objective optimization, this framework 

represents one of the first systematic attempts at true multi-objective optimization in MPEAs.  A 

curated experimental dataset of 700 MPEA compositions was employed, and various regression 

algorithms including Neural Networks (NN), Random Forest Regressor (RFR), Extra Trees 

Regressor (ETR), Cat-Boost Regressor (CBR), and XGBoost Regressor (XGB) were trained and 

evaluated. Among these, the CBR model demonstrated the most consistent performance and was 

therefore selected for integration with Cuckoo Search Optimization (CSO) and the Non-

Dominated Sorting Genetic Algorithm II (NSGA-II). CSO enabled efficient global exploration of 

the compositional space, while NSGA-II facilitated Pareto-front based optimization across 

competing objectives. 
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 The proposed framework successfully identified novel alloy compositions with superior 

mechanical property combinations compared to those in the curated database. Notably, two 

predicted compositions, MoNbTiVZr and MoNbTiV0.25Zr, though absent from the training 

dataset, have been independently reported in experimental studies [185, 186], with predicted 

properties closely matching experimental values. This provides compelling evidence of the 

framework’s reliability and real-world generalizability. The conclusions drawn from this study 

are as follows: 

1. The framework provides a simple yet powerful approach to identify high-performance, 

multi-objective optimized alloys, relying solely on compositional data. 

2. The integration of ML with metaheuristic algorithms (CSO and NSGA-II) enables 

systematic navigation of the vast compositional space, uncovering alloys with superior 

mechanical properties. 

3. The successful prediction of alloys absent from the training dataset but validated by prior 

experimental studies underscores the framework’s robustness, generalizability, and practical 

utility in alloy design. 

4. It effectively resolves the strength–ductility trade-off by enabling simultaneous optimization 

of YS, UTS, and 𝓔. 

7.2.3. Development of a Hybrid ML-Metaheuristic Optimization Framework for 

Reducing Reliance on CRMs in High-Performance MPEAs 

A hybrid ML–metaheuristic optimization framework was established to design novel, high-

performance MPEAs with minimal or no reliance on Critical Raw Materials (CRMs). The 

framework employed ML-guided chemical tuning to reduce dependence on costly elements such 

as Co, Nb, Ta, and W, while maintaining mechanical performance. To address the scarcity of 

CRM-free or CRM-lean HEA data in the literature, a new computational database comprising 

3,608 entries was generated using Thermo-Calc 2024a (TCHEA7 database with the property 

model calculator). This database included unary and binary alloys with Vickers hardness values 

targeting non-CRM elements. Among several regression algorithms employed, Decision Tree 

Regressor (DTR), Random Forest Regressor (RFR), AdaBoost Regressor (ABR), Gradient Boost 

Regressor (GBR), XGBoost Regressor (XGBR), and Extra Tree Regressor (ETR), the ETR model 

exhibited the best predictive performance. It was subsequently integrated with metaheuristic 

optimization methods such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO), 

Cuckoo Search Optimization (CSO), Whale Optimization Algorithm (WOA), and Ant Colony 
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Optimization (ACO) to identify candidate compositions for reduced-CRM MPEAs (R-CRM-

MPEAs) or CRM-free MPEAs. Among these, CSO-generated compositions demonstrated the 

highest level of agreement with their respective Thermo-Calc (TC)-evaluated hardness values, 

with an average deviation of less than ±20%.  

 Furthermore, a literature-sourced CRM-heavy composition, CoCrFeNb0.309Ni (containing 

two 1st-Tier CRMs, Co and Nb), with a hardness of 480 HV, was compared with the CSO-

generated alloy Ti0.01111NiFe0.4Cu0.4, containing only a single 2nd-Tier CRM (Ti), which 

exhibited a hardness of 488 HV. This comparison highlighted the potential to substantially reduce 

CRM usage in MPEAs without compromising, or even surpassing, mechanical performance. The 

reliability of this framework was further reinforced by experimentally synthesizing the CSO-

generated R-CRM-MPEA composition, Ti0.0111NiFe0.4Cu0.4 using vacuum arc melting and casting, 

followed by hardness testing. The experimentally measured hardness observed for 

Ti0.0111NiFe0.4Cu0.4 was lower than both the CSO-predicted and the TC-evaluated values. This 

discrepancy was attributed to the fact that most TC-evaluated hardness values closely matched 

experimental measurements for alloys that had undergone post-processing treatments such as 

rolling or ECAP. As CSO predictions are derived from this database, they are inherently biased 

toward post-processed compositions. In contrast, Ti0.0111NiFe0.4Cu0.4 was assessed in the as-cast 

state, without deformation or thermomechanical treatment. It is therefore anticipated that 

appropriate post-processing could yield hardness values more consistent with CSO predictions 

and TC evaluations. 

 Overall, this study confirms the feasibility of the developed hybrid ML–metaheuristic 

optimization framework for designing sustainable MPEAs with reduced CRM reliance, while 

offering valuable insights into pathways for advancing resource-efficient alloy development in 

alignment with Net Zero objectives. Following conclusions can be drawn from this work: 

1. It is possible to obtain CRM-free or CRM-lean multicomponent compositions from the 

developed framework that has been trained only on unary and binary based compositions. 

2. The hybrid ML–metaheuristic optimization framework enables the design of high-

performance MPEAs with reduced CRM content, while simultaneously addressing 

challenges related to supply chain vulnerabilities, cost, import dependence, and 

environmental sustainability. 

3. This framework establishes a transferable methodology that can be extended beyond 

hardness optimization to other mechanical and functional properties (e.g., strength, ductility, 

corrosion resistance), thereby broadening its utility for sustainable alloy design 
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7.2.4. Strain-Engineering as a Non-ML-Based Physical Design Strategy to Minimize 

Reliance on C&SRMs 

A systematic data-driven analysis was carried out to evaluate strain engineering as an alternative, 

non-ML-based pathway for minimizing the use of Critical and Strategic Raw Materials 

(C&SRMs). Mechanical performance data for both pure elements and well-established MPEAs 

processed through different synthesis routes were critically examined. Among these, severe 

plastic deformation (SPD) techniques, particularly High-Pressure Torsion (HPT), were found to 

significantly enhance mechanical properties in both pure metals and complex alloys. The study 

also established the theoretical basis of property enhancement through strain engineering, 

emphasizing the role of microstructural evolution induced by processing conditions. Overall, this 

work positions strain engineering as a viable physical design strategy, independent of ML-guided 

chemical tuning, for developing sustainable alloys with minimal reliance on costly C&SRMs 

while maintaining high mechanical performance. The conclusions drawn from this study are as 

follows: 

1. Strain engineering through SPD induces profound microstructural modifications, including 

increased dislocation density, ultrafine-grained (UFG) and nanocrystalline (NC) structures, 

and, in certain cases, activation of transformation-induced plasticity (TRIP) and twinning-

induced plasticity (TWIP) mechanisms. These changes collectively lead to substantial 

improvements in mechanical performance. 

2. Processing conditions also play a critical role, for instance, parameters such as the number 

of passes, corner angle, and channel angle in Equal Channel Angular Pressing (ECAP), and 

pressure, rotation speed, and number of turns in High-Pressure Torsion (HPT) significantly 

influence the resulting microstructure and properties. 

3. Strain-engineered materials not only demonstrate superior mechanical performance but also 

improved resistance to fatigue, corrosion, and wear. These enhancements enable reductions 

in component thickness and weight, offering significant sustainability benefits such as 

reduced material consumption and fuel savings in transportation applications. Furthermore, 

their extended durability contributes to longer product lifespans, reducing lifecycle costs 

and environmental impact. 
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7.3. Scope for Future Work 

The comprehensive computational and experimental investigations presented in this thesis have 

laid a solid foundation for data-driven MPEAs design. Nevertheless, several promising directions 

remain open for future studies: 

• Important microstructural descriptors such as grain size, dislocation density, and twinning 

can be extracted from metallographic images using advanced image analysis and deep 

learning approaches (e.g., Convolutional Neural Networks (CNNs), U-Net, DenseNet). This 

would enable improved phase identification, particularly in multiphase alloys, and allow 

correlations with mechanical properties to be more systematically established. However, 

challenges such as inconsistent magnification scales (e.g., 100×, 500×, 1000×) and 

variations in image quality across literature sources remain to be addressed. Developing 

standardized and annotated datasets would be essential to support robust and scalable 

microstructure-informed ML frameworks. 

• Future ML frameworks can be developed to simultaneously optimize multiple functional 

properties, including creep resistance, thermal stability, corrosion resistance, oxidation 

resistance, and irradiation tolerance. Such comprehensive optimization would make MPEAs 

more attractive for critical applications in aerospace, energy, and defense. 

• Strategies for CRM/C&SRM minimization can be further extended to incorporate 

recyclability, life-cycle assessment (LCA), and environmental impact evaluation, thereby 

offering a more comprehensive approach to sustainable alloy development. Integrating 

economic factors such as cost–performance trade-offs and supply-chain risk assessments 

would also be worth investigating to ensure industrial scalability and adoption. 

• Future work could benefit from integrating Explainable AI (XAI) and Active Learning to 

enhance alloy discovery in data-scarce regimes. Techniques like SHAP (SHapley Additive 

exPlanations) or LIME (Local Interpretable Model-Agnostic Explanations) can uncover 

interpretable links between elemental features and target properties such as hardness or cost, 

improving transparency and trust in ML predictions. Active Learning, in turn, enables 

models to selectively prioritize unexplored compositions where uncertainty is high, reducing 

reliance on expensive CALPHAD simulations or experiments. Together, XAI and Active 

Learning offer a scalable, adaptive extension to the current framework, well-suited for 

navigating the complex design space of CRM-free multi-principal element alloys. 

• Developing inverse design tools that recommend feasible alloy compositions and processing 
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parameters for a targeted set of mechanical or functional properties would be highly 

beneficial. Such an “inverse property calculator” could accelerate alloy screening and guide 

experimental development, thereby bridging the gap between computational predictions and 

practical applications. 
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