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Abstract

High-entropy alloys (HEAs) are an emerging class of alloys with multi-principal elements that greatly expands the
compositional space for advanced alloy design. Besides chemistry, processing history can also affect the phase and
microstructure formation in HEAs. The number of possible alloy compositions and processing paths gives rise to
enormous material design space, which makes it challenging to explore by traditional trial-and-error approaches.
This review highlights the progress in combinatorial high-throughput studies towards rapid prediction,
manufacturing, and characterization of promising HEA compositions. This review begins with an introduction to
HEAs and their unique properties. Then, this review describes high-throughput computational methods such as
machine learning that can predict desired alloy compositions from hundreds or even thousands of candidates. The
next section presents advances in combinatorial synthesis of material libraries by additive manufacturing for
efficient development of high-performance HEAs at bulk scale. The final section discusses the high-throughput
characterization techniques used to accelerate the material property measurements for systematic understanding
of the composition-processing-structure-property relationships in combinatorial HEA libraries.

Keywords: High-entropy alloys, machine learning, combinatorial studies, high throughput, additive manufacturing,
alloy design

© The Author(s) 2023. Open Access This article is licensed under a Creative Commons Attribution 4.0
By International License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, sharing,
adaptation, distribution and reproduction in any medium or format, for any purpose, even commercially, as

long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.

OCE www.jmijournal.com



https://creativecommons.org/licenses/by/4.0/
https://jmijournal.com/
https://orcid.org/0000-0003-2048-1107
https://dx.doi.org/10.20517/jmi.2022.41
http://crossmark.crossref.org/dialog/?doi=10.20517/jmi.2022.41&domain=pdf

Page 2 of 45 Mooraj et al. J Mater Inf 2023;3:4 | https://dx.doi.org/10.20517/jmi.2022.41

INTRODUCTION AND MOTIVATION

Throughout history, metallurgists have altered the properties and compositions of alloys to achieve higher-
performance materials. Traditional alloy design strategies involved microalloying trace elements into a
primary base element, resulting in the discovery of many valuable alloys such as Cu-based bronze, Fe-based
steels, and Ni-based superalloys. Over time the increasing demand for high-performance materials has led
to increasingly complex alloys'. This trend has peaked in the past 20 years with the introduction of multi-
principal element alloys or high-entropy alloys (HEAs)”. Unlike traditional alloys, HEAs do not contain a
single primary element; instead, multiple elements in the alloy are mixed in relatively similar (almost
equiatomic) concentrations. Cantor and Yeh first popularized this new alloying strategy concept in 2004
when they independently published works describing the manufacture and design philosophy of this new
class of alloys™*. Since the publication of these two works, the field of HEAs has exploded as such a new
alloy design paradigm opens up a vast compositional space that was previously unexplored. Although
some fundamental questions such as phase selection and diffusion kinetics in HEAs remain elusive, many
HEAs have shown high strength'*¥, large ductility"”, exceptional hardness and wear resistance*"”, and

13]

superior corrosion resistance!

Despite the great potential that HEAs present for researchers, some crucial challenges must be overcome to
increase their viability for future applications. While HEAs open up an uncharted multicomponent
compositional space for material design, the vast compositional space makes it impractical to explore via
traditional metallurgical techniques"*. Additionally, the cost of HEAs can vary wildly due to the variety of
possible elemental combinations. Some alloy systems only contain cheap transition metals (Fe, Ni, Cr)"”
that may be easy to scale, while other systems contain refractory elements (W, Nb, Ta)"", which can
significantly raise the cost of material. Finally, processing history significantly affects the microstructure and
material properties even for a given nominal alloy composition. Many processing conditions including
temperature, cooling rate, mechanical deformation, and irradiation can play a significant role in the
formation of constituent phases and microstructures in HEAs""*". Hence, processing imposes an additional
and orthogonal dimension that multiplies with the huge compositional dimension and makes it more
difficult to efficiently identify high-performance alloys using conventional alloy development strategies”*..

Thus, it is paramount for researchers to utilize efficient workflow to minimize the cost and experimental
trials to study HEAs.

Over the past decade, many high-throughput material development techniques have emerged to tackle the
combinatorial nature of HEAs. These techniques include magnetron sputtering, diffusion multiples, and
additive manufacturing. Magnetron sputtering uses a magnetically confined plasma to accelerate positively
charged ions toward a target material, leading to the sputtering of the target atoms onto a substrate to form
a thin film with a thickness ranging from a few nanometers to a few microns"*”. A combinatorial materials
library can be built by sputtering multiple elemental targets onto a single substrate®**”. The diffusion
multiples method involves arranging different metals such that they are physically touching. Then this
configuration is heated to an elevated temperature that enables atomic diffusion across the interfaces
between the different metals. This process leads to a compositional gradient near the interface that serves as
a compositional library”**. Despite the large compositional space that diffusion multiples and magnetron
sputtering can achieve, these approaches encounter some difficult issues. Both techniques involve samples
of microscopic length scales, and thus, the microstructures and material properties observed from these
libraries may not be representative of these materials at bulk scales. In addition, magnetron sputtering
involves extremely high cooling rates on the order of 10" K/s, which are substantially higher than those
involved in routine metal manufacturing®*?. As such, the phases and microstructures in sputtered thin
films are almost exclusively polymorphic or even amorphous and thus do not represent the microstructures
of bulk materials for most practical applications.
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Additive manufacturing (AM), also called 3D printing, is a technology to make objects from 3D digital data,
usually layer upon layer, as opposed to subtractive manufacturing technologies””. There exist several types
of AM systems that can be used to produce metal alloys: powder bed systems, powder feed systems, thermal
spray systems, and wire feed systems. In the case of a powder bed system, the feedstock powders are spread
over a flatbed, and a 2D pattern is selectively melted over the bed using either a laser or electron beam as a
heat source™”!. Powder feed systems flow powders through a delivery nozzle using a carrier gas and then
melt the powders onto the substrate as it impacts the substrate using heat from a laser*>*). Thermal spray
3D printing (TS3DP) systems spray heated powders at high velocities onto a substrate leading to bonding
between powder particles as they impact the substrate surface. This allows parts to be built layer by layer
without the large heating and cooling rates of laser-based techniques*”. Finally, wire feed systems use metal
wires as feedstock and can use either electric- or plasma-based welding arcs to melt the wire and build a part
layer by layer'™“. AM of multiple elemental feedstock powders or wires offers the capability to build large
compositional libraries at bulk length scales. Furthermore, careful control of the printing parameters during
AM, such as laser power and scan speed, allows for tailoring the cooling rates and resulting solidification
microstructures to expand the material development space.

In order to rapidly discover new HEAs with desirable properties, researchers need to utilize an efficient
workflow to leverage the strengths of various design and characterization techniques. Figure 1 illustrates a
typical protocol for high-throughput development of HEAs. First, the elements of interest are selected based
on their fundamental properties and interactions, which are fed into a high-throughput computational
method like machine learning, molecular dynamics, CALculation of PHAse Diagram (CALPHAD), or first-
principles calculations. These computational methods can then predict the bulk materials’ phase formation,
microstructure, and properties for initial screening of potential compositions of interest. Subsequently,
high-throughput manufacturing can be used to fabricate the vast material library and high-throughput
materials characterization enables rapid measurements of the material properties. This review focuses on
high-throughput computational techniques, synthesis methods, and characterization studies that produce
and analyze alloys with reasonable cooling rates at bulk scale. First, this review explores the high-throughput
computational methods that can easily identify the potential compositions that show promising properties
for structural or functional applications. Then, it discusses the high-throughput manufacturing of bulk
compositional libraries encompassing a wide range of potentially interesting alloys by AM. The final section
of this review describes some high-throughput characterization techniques to accelerate screening of
multicomponent metal alloys. This combination of high-throughput methods offers a guideline for
researchers to discover new alloys rapidly and efficiently.

OVERVIEW OF HEAS

Definition of HEAs

There currently exist two well-accepted definitions of HEAs. The first one, referred to as the “compositional
definition”, states that HEAs are alloys with multiple principal elements (at least 5) where each principal
element makes up 5 at. % to 35 at. % of the overall composition**". The most commonly studied HEA is the
Cantor alloy system which contains equiatomic CoCrFeNiMn, a prime example of this definition”.
Figure 2A illustrates this high-entropy region within a ternary phase diagram, with the center of the phase
diagram covered by the high-entropy region'*”. It should be noted that the edges of the phase diagram in
Figure 2A may contain two or more elements to match the composition definition. Additionally, minor
elements can be added to a base HEA system to tune its properties further™.
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Figure 1. Schematic illustration of a typical protocol for high-throughput development of HEAs. (A) Selection of elements for a
prospective alloy system; (B) high-throughput computational methods are used to select a range of promising compositions that can be
explored experimentally; (C) high-throughput manufacturing and characterization of the promising compositions selected via

computation to determine the target composition. The lower illustration in (C) is quoted with permission from Borkar et al.””, copyright
2016, Elsevier. HEA: high-entropy alloy.
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Figure 2. (A) Schematic illustration of the composition space of conventional alloys, equiatomic HEAs, and non-equiatomic HEAs.
This figure is quoted with permission from Li et al.™: (B) ashby chart of the yield strength vs. fracture toughness of many material

groups showing high/medium entropy alloys have excellent damage tolerance, adapted from George et al.™, copyright 2019, Springer
Nature. HEA: High-entropy alloy.

The second widely accepted definition is based on the mixing entropy of an alloy system, assuming an ideal

random solution state. The mixing entropy is calculated as AS,,;, = —R * XL, x; In(x;) where R is the ideal gas
constant, # is the number of principal elements, and x; is the atomic fraction of the i element"*?. Yeh et al.
separated the alloy design space into three regimes where a low entropy alloy has AS,,., < 0.69R, a medium
entropy alloy has 0.69R < AS,,,, < 1.61R and a HEA has 1.61R < AS,,”". It should be noted that the
definition of mixing entropy above includes the assumption that the random solution state is defined as the
liquid state or a high-temperature solid solution state such that the atoms have enough energy to maintain
completely random configurations®. However, it has been pointed out by Miracle et al. that the above
threshold for HEAs would exclude certain non-equiatomic alloys with five principal elements, as
calculations show that such alloys exhibit AS,,, < 1.61R". Miracle et al. also pointed out that others have
suggested using a threshold of 1.36R < AS,,,, which would include the alloys that were excluded by the
threshold proposed by Yeh et al., making the entropy definition more consistent with the principal element
definition'.
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Four core effects

Despite their relatively short history, HEAs have already shown great potential for practical applications.
Their properties are already competitive with and even exceed those of state-of-the-art materials. This
potential is highlighted in Figure 2B, which illustrates the exceptional combination of high toughness and
yield strength of HEAs compared to traditional structural materials”. The origin of these outstanding
properties is often attributed to four core effects associated with HEAs: the high entropy effect, severe lattice
distortion, sluggish diffusion, and cocktail effect*”. Figure 3 presents a schematic illustration of the four
core effects associated with HEAs. Each of these effects contributes to the unique properties observed in
HEAs, and these contributions will be discussed below.

High entropy effect

Traditional alloying strategies suggest that alloys with multi-principal elements form multi-phase, brittle
intermetallic systems™. However, many works on HEAs show they could achieve metastable and stable
single-phase solid solutions”*. Even in HEAs that show multiple phases, the number of phases is much
lower than the maximum number predicted by the Gibbs phase rule™ . These results suggest that the high
mixing entropy leads to increased mutual solubility of elements in HEA systems. The effect of high mixing
entropy is described by the equation for Gibbs free energy of formation, which implies that phases with high
entropy will have a lower Gibbs free energy and thus be more stable®™. Thus, the high mixing entropy aids
in stabilizing single-phase solid solutions as long as this contribution overcomes the enthalpy of formation
of possible intermetallic phases, especially at elevated temperatures. Additionally, this relationship also
implies that the contribution of the mixing entropy to the Gibbs free energy decreases at lower temperatures
and suggests that HEAs in the form of solid solutions at high temperatures may become metastable and
decompose at low temperatures. For example, Stepanov et al. showed that Cantor alloy exhibits a typical
single-phase face-centered cubic (FCC) structure upon quenching; however, it can decompose with the
precipitation of a secondary Cr-rich o-phase after prolonged annealing at 600 °C'*. This representative
finding again underscores the importance of processing history in the phase selection of HEAs, which will
be discussed in later sections.

Sever lattice distortion

In HEA systems, various atoms with different atomic sizes lead to varying bond configurations and local
lattice energies. These bond configurations create a high lattice distortion within the crystal structure'*.

The severe lattice distortion has been experimentally confirmed in many HEA systems via X-ray diffraction
(XRD), neutron diffraction, and TEM!***\. Such severe lattice distortion leads to more diffuse scattering
through the lattice and causes the broadening of diffraction peaks with a decrease in the peak intensities
compared to traditional dilute alloy systems. The increase in lattice distortion also impedes the motion of
dislocations through the matrix, which leads to solid solution strengthening. Traditional solid solution
strengthening models typically involve the contributions of solute atoms to a matrix of solvent atoms. Still,
these models are challenging to apply to HEAs as the solvent and solute atoms cannot be clearly
distinguished™. To that end, new solid solution hardening models have been developed by accounting for
the lattice and shear modulus distortion in the local environment near each constituent atom'**”. The
lattice distortion within HEA systems has also been shown to correlate strongly with the stability of various
phases. For example, single-phase solid solutions tend to be more stable in systems with low lattice
distortions. In contrast, intermetallic and multi-phase structures are more likely to form in systems with
high lattice distortions. This effect can sometimes outweigh the effect of high configurational entropy in

phase selection™**),
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Figure 3. Schematic illustration of properties of HEAs. This figure is quoted with permission from Li et al.””, copyright 2021, John Wiley
and Sons. HEA: High-entropy alloy.

Sluggish diffusion

Diffusion through HEAs can be much slower than diffusion in conventional alloys. Many researchers have
investigated the elemental diffusion in HEA systems and have found that the diffusivities are often much
lower than those in binary or dilute alloy systems” 7. This sluggish diffusion can improve the stability of
solid solution phases as harmful intermetallic phases can be largely suppressed. Intermetallic phases can
only form under non-polymorphic solidification conditions, which require long-range diffusion.
Additionally, metastable solid solutions form under polymorphic crystallization conditions, which only
require topological atomic rearrangements on the atomic length scale”. Thus, the sluggish diffusion in
HEAs suppresses the long-range diffusion that would lead to the formation of brittle intermetallic phases
and instead promotes polymorphic crystallization to form solid solutions. Additionally, the coarsening of
grains can be inhibited due to sluggish diffusion, leading to improved thermal stability and
thermomechanical performance at elevated temperatures” 7.

Cocktail effect

Dr. Ranganathan first proposed the cocktail effect to describe the synergistic nature of compositionally
complex alloys"™. This effect describes the unexpected properties observed in HEAs, bulk metallic glasses,
and super-elastic and super-plastic metals (also called “gum” metals)"”. Unlike the other effects described
earlier, the cocktail effect does not predict the expected properties of HEAs. Still, it serves as a reminder that
certain elemental combinations can achieve synergistic effects that are not predicted from the base
constituent elements.

HIGH-THROUGHPUT COMPUTATIONAL METHODS TO DESIGN HEAS

As previously mentioned, the compositional space opened by the concept of HEAs is vast. This design space
is too large to explore through traditional trial-and-error means. Thus, it is of significant interest to identify
promising compositions and phases via high-throughput computational methods"””. These computational
methods include machine learning, first-principles calculations, molecular dynamics, and CALPHAD. The
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field of high-throughput computational studies is extremely wide and covers too many topics to discuss
succinctly. As such, the discussion of computational methods is limited to studies focused on phase
formation and mechanical properties of HEAs to illustrate the potential advantages and disadvantages of
the previously mentioned methods.

Machine learning

Machine learning (ML) is a powerful computational tool to rapidly explore vast design space through
statistical methods”. These methods include artificial neural networks (ANN), support vector machines
(SVM), and decision trees, which can often be used to quantitatively predict material properties such as
hardness"” or to predict qualitative factors such as the expected phases of a given alloy composition™. Over
the past decade, as computational power has continued to increase, there has been an explosion in the
topics of machine learning and big data™®'. Machine learning methods have an extremely high potential to
handle large databases due to their statistical nature. This section includes examples from literature of
various ML techniques and methods that are representative of the state-of-the-art results achieved in the
field.

ML techniques are capable of predicting the structure and properties of various alloys in reasonably short
periods. However, this predictive capability is largely dependent on the size and quality of the training data,
a thorough consideration of appropriate input variables (also known as feature engineering), and the choice
of ML model™. Typically robust databases of training data only exist for materials that have been well
studied, such as the Ni-Ti-Hf shape memory alloy (SMA) systems®. For example, Liu et al. developed
Gaussian process regression (GPR) models to estimate thermal parameters related to the martensite and
austenite finish temperatures in a Ni-Ti-Hf alloy system to design a SMA"™. The predicted parameters were

described as T = (A; + M)/2,and 4T = A; - M, where A; and M; are the austenite finish and martensite

finish temperatures, respectively. The value of T represents the average of the austenite finish and
martensite finish temperatures and thus illustrates the temperature region where an SMA is expected to
transform. Tuning this range can be useful in aerospace applications where autonomous actuation can be
induced due to the temperature difference of the surroundings at take-off (typically 275 K) and cruising
(usually 215 K)™!. On the other hand, 4T represents the total temperature range of the austenite finish and
martensite finish temperatures, indicating the hysteresis during the transformation. A low4T can lead to
more efficient actuation when the martensitic and austenitic phase transformations are activated.

As previously mentioned, an essential aspect of building an ML model is the determination of the input
variables that will most accurately predict the output variables. Typically, adding more input variables can
improve the model’s accuracy, as variables that do not correlate strongly with the output variables will have
to be emphasized less through training sets. However, using too many input variables increases the
dimensionality of the model, making it computationally expensive to execute. Additionally, the solution
space formed by many input variables can often contain local minima that require many iterations to
escape. For this reason, Liu et al. initially started with 48 input variables based on the relevance of those
variables to the physical processes involved in martensitic and austenitic phase transformations™. These
chosen features included fundamental atomic properties (e.g., atomic radius, atomic number, relative
atomic mass, etc.), thermal properties (e.g., melting point, boiling point, the heat of fusion, thermal
conductivity, etc.), overall alloy compositions, electronic configurations, and process conditions (e.g.,
solution temperature, aging temperature, etc.). This variable space was refined via mutual information (MI)
and Pearson correlation (PC). MI indicates the dependency of the output variable on the input variables,
which ensures that only the most impactful variables are used. In contrast, the PC between the two variables
illustrates their correlations. Input variables strongly correlated to each other produce redundant
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information and can thus be disregarded. Using this method, Liu et al. built a model that explored a 4500-

point compositional space in which seven compositions were identified that exhibit 230 < 7 < 260 and the
lowest AT values. These results illustrate ML models’ capabilities to selectively tune a material system’s
properties using robust training datasets from previous studies and carefully selected input variables.

Most ML techniques are black-box ML with limited interpretability, which can hinder the development of
chemical insight into the origin of preferable properties. Recently, a new method to implement ML
described as a ML-based alloy design system (MADS) has been developed to predict alloys and maximize
the hardness within an Al-Co-Cr-Cu-Fe-Ni-V alloy system. This method is schematically illustrated in
Figure 4A and consists of four steps. First, a database containing alloy compositions within the selected
system and their measured hardness is established. Then a set of 142 features to model the hardness is
established and refined to remove all except the five most crucial factors. This refinement step is important
to reduce the computational cost and redundancy of information within the ML model. A model utilizing
the most critical parameters is constructed and then executed to optimize the composition toward
maximum hardness. Finally, the designed alloy compositions are experimentally fabricated and tested to
verify the predicted properties. The five features selected were the average deviation of the atomic weight,
the average deviation of the period column in the periodic table, the average deviation of the specific
volume, the valance electron concentration, and the mean melting point for the alloy. After exploring the
presented alloy system, the optimized composition was determined to be Co,,Cr,Fe,.Ni,V,, which was
predicted to have a hardness of 1,002 HV and was experimentally verified to show a hardness of 1,148 HV,
showing the prediction is in good agreement with the experimental value. This new HEA exhibits about
25% greater hardness than the maximum hardness in the original training dataset. The hardness
improvement illustrates ML methods’ ability to take previous experimental data and extrapolate it to
discover new compositions with better properties than previously achieved.

Artificial neural networks (ANNs) are common ML methods that use a layered architecture of input,
hidden, and output nodes trained to predict useful material properties such as phase formation, hardness,
and yield strength. The input layer consists of multiple nodes which hold values of the parameters that are
known either a priori or from databases. Then each node in the 1* hidden layer is calculated by a weighted
sum of the nodes from the input layer. Nodes in subsequent hidden layers are calculated by a weighted sum
of the nodes from the previous layer. Finally, the output layer consists of the target/output parameters
calculated from a weighted sum of the nodes from the hidden layer immediately preceding the output layer.
These parameters can include the predicted properties of the studied alloys, such as the hardness of a
material, the elastic properties, phase prediction classifier etc. The weights for every calculated sum are
initialized as a best guess and then adjusted to minimize the error between the predicted and experimental
values for training data. Once the error is minimized, the adjusted weights can then be used in conjunction

[81,84,85]

with input data for new alloy systems outside of the training set to predict properties of interest

Notably, Nassar et al. used two different ANNs (NN1 and NN2) to predict the phase formation with 37
possible elements in the alloy composition®*. NN1 had only composition data as its inputs and, thus, only
37 input nodes. NN2 used composition data and some calculated thermodynamic properties of each
composition, such as the entropy of mixing, enthalpy of mixing, valence electron concentration (VEC),
atomic radius difference, and Pauling electronegativity difference. The output node values were a binary of
0 or 1, where 1 indicates the formation of a single-phase solid solution (SS) or a solid solution plus
intermetallic (SS + IM). At the same time, 0 predicts a primary IM phase or IM + amorphous phase
structure. After training, the neural networks could accurately predict the type of microstructure given an
arbitrary composition with 92% and 90% accuracy for NN1 and NN2, respectively. The improved accuracy
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Figure 4. (A) Schematic diagram of machine learning-based approach to design new HEAs. This figure is quoted with permission

from Yang et al.”® copyright 2022, Elsevier; (B) schematic illustration of artificial neural network method, adapted from Risal

et al®”, copyright 2021, Elsevier; (C) actual versus predicted misfit and yield strength for 10-fold cross-validation of machine
learning models, insets show the error distribution around the mean. This figure is quoted with permission from Vazquez™”,

copyright 2022, Elsevier; (D) elemental content distribution of predicted eutectic HEAs, adapted from Wu et al™, copyright
2020, Elsevier. HEA: High-entropy alloy.

of NN1 is surprising, given that it only used the elemental composition as input, while NN2 included
features related to thermodynamic properties.

Another work that shows consistent results with NN2 is that of Risal et al., where 598 alloy compositions
extracted from the literature were used as the training set, and the input parameters included the VEC,
melting temperature of the alloy, enthalpy of fusion and variance of atomic radius™”. The basic structure of
the neural network used in their work is illustrated in Figure 4B. Interestingly, they achieved a prediction
accuracy of 90.66%, slightly lower than that of NN1 and almost the same as NN2 in Nassar et al.’s work™".

This result can be rationalized by the fact that NN typically only elucidates the correlation between
parameters and thus may not always reveal the underlying physical connection between the input and
output variables. Many examples exist in the literature on NNs, providing valuable predictions for HEAs’
microstructure type and material properties. However, further study is needed to understand the
mechanisms that lead to these valuable properties.

A common criticism of ML models is that they often lack interpretability despite their high predictive
accuracy*®®. Sure-independence screening and sparsifying operator (SISSO) is an example of an ML
method that can produce easy-to-understand relationships between the input and output variables. SISSO
can output these relationships as analytical equations such that the dependence of the output variables on
each input variable can be easily understood. Vazquez et al. recently used SISSO to predict the mechanical
properties of alloys within a Ta-W-Nb-Mo-V refractory HEA (RHEA) system™. This method functions
very differently from other ML algorithms as most methods attempt to filter the possible valuable features to



Page 10 of 45 Mooraj et al. J Mater Inf 2023;3:4 | https://dx.doi.org/10.20517/jmi.2022.41

build an input space that is computationally efficient to analyze, as shown in previous examples. In the case
of SISSO, the features are compiled as mathematical functions (descriptors) by applying mathematical
operators to arbitrary groupings of the features. The descriptor space is then narrowed using sure
independence screening (SIS) to identify descriptors that most strongly correlate to the target properties.
Then, the sparsifying operator (SO) produces a linear model of the descriptors that best predicts the target
property”'. In this way, SISSO can produce models which converge even if the initial feature space is larger
than the data set. Additionally, Vazquez et al. point out that SISSO is computationally inexpensive
compared to typical ab-initio calculation methods like DFT". Figure 4C shows the prediction of misfit
volume and yield strength vs. the actual values calculated by DFT. The accuracy of the prediction of the
misfit volume suggests that SISSO can reliably predict the mechanical properties of RHEA systems while
remaining computationally much cheaper than DFT calculations. While the yield strength prediction
overall shows a very low root mean squared error (RMSE), the R2 value is quite large, which arises due to
limited experimental data and a lack of documentation of the processing conditions related to many
compositions in the yield strength database. This result highlights the need for larger, more robust, and
more detailed databases of experimental HEA data to improve the training quality of future ML models.

As previously mentioned, ML models can predict phase formation using solely composition information.
This concept is taken even further by Wu et al., who used a NN to study the effect of each element in a HEA
system on the phase to predict the primary phase fraction after casting'. With this technique, they could
design near-eutectic compositions within the Al-Co-Cr-Fe-Ni system'®. The database! to train the model
was prepared using experimental data from the literature, and CALPHAD calculations were performed
using the nickel-based superalloy database TTNI8. Wu et al. chose to only use the elemental compositions
as the input nodes and the primary phase fraction as the output node. The primary phase fraction was
defined as 0 for eutectic compositions. In contrast, hyper- and hypo-eutectic compositions showed a
positive value when FCC was predicted as the primary phase and a negative value when body-centered
cubic (BCC) was predicted as the primary. After training and executing the NN, the authors identified 400
near-eutectic compositions and correlated them with the atomic fraction of each element. This plot is
shown in Figure 4D, where it can be seen that the majority of the near-eutectic compositions fall into the
region when Al content (at. %) is between 15% and 20% and the Cr content is below 25%. The other
elements do not seem to significantly affect the formation of eutectic structures, which suggests that the Al
and Cr contents are most crucial for eutectic structure formation in this alloy system. Thus, the NN was first
used to predict the amount of Al that needed to be added to an equiatomic CoFeNi alloy to form a eutectic
microstructure and how much Cr could be added to maintain that microstructure. Finally, the ratios of the
other elements were further adjusted to predict a near-eutectic microstructure. The best composition based
on the criteria of stable eutectic microstructure was Ni,,Co, Fe,,Cr,,Al .. This work presents the potential of
ML models to refine a huge design space containing thousands of unique compositions down to a single
optimized composition that can then be experimentally studied in detail.

While ML techniques such as those discussed in this section can readily analyze extremely large data sets,
their accuracy depends heavily on the robustness and comprehensive nature of experimentally verified
training sets”””. There is currently a severe lack of such high-fidelity datasets to accurately train ML models
to ensure ML can accurately predict the properties of future alloy systems"””. In the meantime, as these
databases expand, the scientific community is also implementing other computational methods that do not
rely so heavily on previous results to predict future alloying behavior. These methods include first-principles
calculations, molecular dynamics (MD), and CALPHAD calculations and will be discussed in the following
sections.



Mooraj et al. J Mater Inf 2023;3:4 | https://dx.doi.org/10.20517/jmi.2022.41 Page 11 of 45

First-principles calculations

First-principles calculations (also called ab-initio) are computational methods that rely purely on
fundamental quantum physical laws without additional assumptions®. The literature on first-principles
methods is vast and presents a comprehensive overview beyond the scope of this work. This section will
provide a sufficiently broad outline of the general concepts, advantages and disadvantages of these
techniques pertinent to combinatorial studies of HEAs"”. The main strength of these methods is that they
do not require previous empirical observations of the predicted properties, and thus very little prior work is
needed to implement them". The most common practical implementation of ab-initio calculations is

94,95

density functional theory (DFT) in the Khon-Sham formalism™**”. This method maps the quantum-
mechanical many-electron Schrodinger equation onto an effective one-electron problem using electron
density as a key variable. This mapping also requires the use of the exchange-correlation functional of the
electron density which is not known for most systems and must be approximated either with the local
density approximation (LDA)"*" or the generalized gradient approximation (GGA)"*'. Once these
fundamental functions are calculated, the overall energy of the system can be calculated and used to
determine the energy of formation for the possible phases of the system. This result can help researchers
determine the stability of different phases to determine which phases are likely to form. It should be noted
that in its initial state, DFT is a ground state theory and thus only provides the ground state energy at 0 K
for a given configuration of atoms"?. These results can be combined with thermodynamic concepts and

statistical sampling techniques to bridge the gap between 0 K to a finite temperature.

Despite the strong predictive power of ab-initio calculations, they often suffer from high computational
costs, which can significantly decrease the ability of researchers to explore the vast design space that is
necessary to build accurate property maps for HEAs. To overcome this challenge, many researchers either
combine first-principle calculations with more high-throughput methods like ML""" or use new algorithms
and models to improve the computational efficiency to the point where first-principles calculations can be
used to explore hundreds to thousands of compositions in relatively short periods. Examples of such works
will be discussed in this section.

One approach that is considered highly promising toward high fidelity and high throughput computations
of HEAs is based on the small set of ordered structures (SSOS) containing several atoms"”. This method
works well to predict properties of equiatomic configurations of HEAs but loses computational efficiency
when employed for non-equiatomic compositions. Sorkin et al. implemented a preselected set of small
ordered structures (PSSOS) approach to address the issue of computational efficiency and used it to
estimate the stability of BCC and FCC phases within the Al-Co-Cr-Fe-Ni system". Traditionally the SSOS
method uses a set of small, ordered structures (SOS) to model a HEA with a given composition. First,
symmetry-unique SOS are constructed using non-conventional, non-primitive unit cells of cubic lattices.
Each SOS has a unique pair correlation function. The complete set of possible SOS solutions is constructed
and optimized using DFT. Then a small subset of SOS is selected by matching the pair correlation function
of the target composition as a linear combination of the pair correlation functions of the selected SOS. This
small set of SOS constitutes the solution of the SSOS. Screening the entire SOS solution space is impractical
when studying HEAs, so the authors restricted their SOS space to those containing 5, 6, or 7 atoms. They
selected the most frequent SOS structures in the solution set to further reduce the SOS space and only
optimized those using DFT. This selection decreases the original SOS from over 50,000 sets to 1,500.

Through the above-mentioned process, the authors can predict the formation energy and density of the
alloy system’s BCC and FCC phases of 8,801 compositions. This result is exemplified in Figure 5A, which
shows a plot of the formation energy and density of the BCC phase with varying Al and Cr compositions.
Here the marker color represents the Ni content, and the marker size represents the Co content. It can be
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Figure 5. (A) Predicted formation energy and density per atom of BCC lattice structure in AICoCrFeNi system calculated via the
SSOS method as a function of Al and Cr content, the color denotes the Ni content, and marker size denotes the Co content. This

figure is quoted with permission from Sorkin et al.®”; (B) plot of predicted elastic constants (C, C,,, C,,), Poisson ratio, and Bulk
modulus to shear modulus ratio calculated with the VCA model as a function of Ti in the Ti,VNbMo system. This figure is quotedwith

permission from Chen"™.BCC: Body-centered cubic; SSOS: small set of ordered structures.

seen that the addition of Al leads to a substantial decrease in the formation energy of the BCC phase. After
calculating the same parameters for the FCC phase, the authors found that the difference in the formation
energies of BCC and FCC (AEpqc e = Esce - Erce) goes from positive to negative as the Al content
increases, which is consistent with DFT calculations of the system. These results illustrate that the PSSOS
method provides a new opportunity to achieve similar accuracy predictions of phase formations as DFT but
with much cheaper computational costs, making this method highly suitable for high-throughput

exploration of HEA space.

Virtual crystal approximation (VCA) serves as a computationally efficient alternative to more complex first-
principles methods like special quasirandom structure (SQS) and similar local atomic environment (SLAE).
Normally, DFT methods must use approximations to study highly disordered systems"”. The
approximation is carried out by constructing a supercell that contains multiple disordered configurations
with artificially imposed boundary conditions*”. However, such calculations require large supercells that
are computationally taxing to utilize in DFT calculations. VCA deals with this issue using a pseudo-
potential that averages the properties of each atom in different positions in the lattice cell. Ramer and Rappe
previously investigated multiple methods to produce the averaged pseudo-potential such as averaging the
pseudo-potentials for each atom within the lattice and averaging ‘all-electron results™*. It was found that
the averaging of ‘all-electron results’ provided the most accurate result when compared to experiments. This
method involved averaging the Coulombic potentials and charge densities of the constituent atoms and
then using these values to generate wavefunctions that are self-consistent solutions to the Kohn-Sham

equation"®.
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The computational efficiency of VCA makes it uniquely suited to explore HEA systems, as shown by Chen
et al., who used the VCA method to explore the effect of Ti within the Ti, VNbMo system"**. VCA only
requires the construction and analysis of a primitive cell, while other DFT methods require the use of a
supercell as previously discussed, making them much more difficult to calculate. Since VCA has previously
achieved reliable results for studying RHEA systems, Chen et al. proposed that it is reasonable to implement
it to analyze the mechanical properties of this RHEA. Figure 5B illustrates the effect of Ti content on the
lattice elastic constants and elastic properties [Poisson ratio and ratio of the bulk modulus to the shear
modulus (B/G)]. Looking at the lattice elastic constants, it is clear that C,, > C,, for all compositions, and the
Cauchy pressure (C, = C, - C,,) is positive for all the compositions. This suggests that the nature of the
bonding for all these compositions remains metallic. The Born-Huang mechanical stability criterion is also
met (C,, - C,>0,C,+2C,>0and C,, > 0), which indicates that the BCC crystal structure remains stable for
these compositions. The Poisson ratio and B/G ratio seem to both increase with increasing Ti. Both of these
values have been suggested to correlate well with the ductility of a material, implying that higher Ti content
improves ductility. Chen et al. also indicated that Young’s modulus (and hence yield strength) decreases
with increasing Ti. To verify the accuracy of these results, the authors compared the properties of the
equiatomic composition TiVNbMo to experimental values from literature and found a reasonable
consistency.

New fist-principles methods such as Lederer-Toher-Vecchio-Curtarolo (LTVC) have been established over
the last five years to provide novel approaches towards calculating solid solution phase stability in HEAs in
order to guide future alloy discovery'
statistical mechanics model, which uses order parameters to predict the transition temperature of a HEA

105

|. This method incorporates energy calculations into a mean-field

system into a solid solution phase. The authors lay out the development of their protocol in 3 stages: (i) The
automatic flow for material discovery (AFLOW)"* repositories are used to train cluster expansion (CE)
models"”” within the Alloy Theoretic Automated Toolkit (ATAT)"*! and estimate zero temperature energy
configuration of atomic configurations, which are derivative structures from either FCC or BCC lattices, on

106]

which HEAs show solid solution formability; (ii) Then, the estimated atomic configurations are entered into

109]

a mean field statistical mechanical model called the generalized quasi-chemical approximation (GQCA)"*;

(iii) Finally, an order parameter is proposed by calculating the evolution of the probability of finding certain
ordered configurations of atoms within the lattice.

To test this new method, the authors verified its accuracy by comparing its predictions to Monte Carlo
simulations and experimental data for binary alloys. They also compared CALPHAD predictions via
Thermo-calc for ternary alloys and experimental data from the literature. Once the method was considered
reliable and accurate, the authors used it to predict the solid solution formation in many different alloys.
They compared their predictions to the well-known empirical rules that usually inform the design of HEAs
to form solid solutions. Figure 6A and B show the plots of the electronegativity and atomic size differences,
as well as the VEC and atomic size differences. The large scatter of the green data points suggests that the
LTVC method can be used to predict the formation of solid solutions beyond what is typically expected by
the usual empirical rules. This study suggests that LTVC shows excellent potential to efficiently explore a
large compositional space and discover new alloys that would not be considered under previous knowledge.

As HEAs have been increasingly studied over the past decade, certain empirical rules have been established
that correlate well with the observed properties"'”. In the past, it has been suggested that these empirical
rules can provide a guideline surrounding the design of HEAs with desirable properties, such as the
[111

formation of single-phase solid solutions'". However, certain empirical rules, such as the VEC threshold
for the stability of FCC and BCC solid solutions, have failed to maintain predictive accuracy over the
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Figure 6. LTVC model predictions for quaternary and quinary alloys (green - predicted SS, blue - predicted SS and verified by
experiments) plotted as a function of (A) the electronegativity difference and the atomic size difference; (B) the VEC and the atomic
size difference. These figures are quoted with permission from Lederer et al™™, copyright 2018, Elsevier. The effectiveness of the VEC
rule previously used and the proposed rule from the work of Yang et al. in the Al-Co-Cr-Fe-Ni system™, copyright 2022, Elsevier; (C)
BCC structure (D) FCC structure. These figures are quoted with permission from Yang et al."™, copyright 2022, Elsevier. BCC: body-
centered cubic; FCC: face-centered cubic; LTVC: Lederer-Toher-Vecchio-Curtarolo; VEC: valence electron concentration; SS: solid
solution.

years'"”. Yang et al. revisited this rule using special quasirandom structures (SQS) to investigate 180
compositions within the Al-Co-Cr-Fe-Ni alloy system!"?. The predictions of the phase selection between
FCC and BCC were then compared to previous predictions made using the VEC of the alloy system. In their
findings, Yang et al. argued that the threshold of VEC < 6.87 for the stability of the BCC phase could not
accurately predict the phase formation in this system. The results presented by Yang et al. suggest that the
FCC phase is stable when VEC < 8 and VEC < 5, while the BCC phase is most stable when 5 < VEC < 6.87.
This finding reflects more accurately the trends illustrated in their work and is consistent with experimental
data. The comparison for the accuracy of the two VEC rules is presented in Figure 6C and D, which shows
that the new VEC rule has a superior prediction accuracy for both the BCC and FCC phases when the
number of elemental alloy components increases from 1 to 4. It should be noted that this new rule also
works well for quinary alloys but does not work well in predicting the dual-phase region. Further study is
needed to produce more robust empirical rules that allow for simple rule-of-thumb predictions.

Molecular dynamics

Molecular dynamics (MD) simulations represent a powerful tool to explore and predict material properties
of potentially useful materials before significant investments in experimental characterization are made. In
MD simulations, the researchers typically define an MD box that outlines the boundary conditions of the
system as well as the initial positions and velocities of each atom""”. The ambient conditions of the
simulated system must also be defined, such as temperature and pressure. Once it is initialized, the system is
allowed to reach thermal equilibrium!*. Then the microscopic trajectory of each atom is determined by
Newton’s equations of motion depending on the potential energy functions utilized in defining the
system!">""*l. The accuracy of simulated atom trajectory via MD simulations makes these methods well-
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suited to study the nucleation and evolution of defects such as vacancies, dislocations, grain boundaries, and

twinning!***"7).

In the past, MD simulations have also been used to explore phase transformation, mechanical behavior,
nucleation and crystallization processes within HEAs™"'*"**) MD simulations can study much larger systems
with faster computation times than ab-initio calculations because they use classical Newtonian mechanics
versus the quantum mechanical interactions on which ab-initio methods are typically based. They can also
accurately simulate non-equilibrium systems due to the rapid time scales over which a simulation is
conducted"”. Despite these impressive advantages, a known weakness of MD simulations is that their
accuracies depend heavily on the accuracy of the potential energy functions used to define them. However,
these potential energy functions must first be measured by experimentation or calculated via ab-initio
methods, which can limit the applicability of MD simulations to novel systems that have not been studied
before"”. This section presents works that take advantage of the strengths of MD simulations to explore
large composition and application spaces with relatively low computation times.

As previously discussed, many computational methods can be used to investigate and predict material
properties, such as yield strength, hardness, and phase formation. However, MD simulation has the added
benefit of allowing researchers to investigate deformation mechanisms within an alloy via simulation of
atomic motion under various ambient and loading conditions"*. This ability is especially important as it is
very difficult and laborious to observe plastic deformation processes under experimental"*"*". Pan et al.
applied atomic-scale tensile MD simulations to a Fe,, . Mn Co,Cr,, alloy system to investigate
transformation-induced plasticity (TRIP) and twinning-induced plasticity (TWIP) mechanisms in this
system"*"). In this work, the atomic fraction of Mn, strain rate, and grain size were all adjusted to investigate
each variable’s effect on the system’s deformation mechanisms!"?. Figure 7A shows a schematic illustration
of the model where green dots represent the FCC phase and white dots denote grain boundaries. The FCC
transforms into BCC and HCP during deformation, and this transformation was found to be most prevalent
when x = 40. The addition of Mn also reduced the stacking fault energy, which facilitated twinning during
deformation, leading to improved strain hardening. Interestingly the transformations and twinning
mechanisms were suppressed for smaller nano-grain sizes, which Pan et al. attributed to the transformation
from the intragranular evolution mechanism at larger grain sizes to the intergranular evolution mechanism
at smaller grain sizes. This study shows the potential of MD simulations to explore compositional space and
to provide a detailed analysis of deformation mechanisms before significant investments in experimental
characterization.

MD simulations can be used to investigate the relationship between the stacking fault energy and
strengthening mechanisms within an alloy system. Understanding this relationship can then provide
guidelines for designing new HEAs with tailored properties and deformation mechanisms suited to specific
applications"*”. Jarlov et al. performed MD simulations using the Large-scale Atomic/Molecularly
Massively Parallel Simulator (LAMMPS) to investigate the effect of the chemical composition in the Co-Cr-
Fe-Ni alloy system on the generalized stacking fault energy (GSFE)"*. The authors used this method to
explore the system’s strengthening and deformation mechanisms during tensile tests. Figure 7B shows the
simulated cell, and the planes marked as I, II, and III indicate the planes displaced during the tensile
simulation. Based on the simulations, it was found that increasing Ni and Co contents led to an increase in
the energy required to introduce stacking faults and deformation, while increasing Cr and Fe contents led to
a decrease in the energy required to introduce these defects. When carrying out tensile simulations of the
various compositions, it was found that the yield strength correlated linearly with the energy required to
introduce intrinsic stacking faults. Thus, the strongest composition was identified as (CoCrNi), Fe,,
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Figure 7. (A) Constructed molecular dynamics model of Feg, Mn, Co,,Cr,, HEAs with FCC lattice structure and distribution of

elements in the model. This figure is quoted from Pan et al.™", copyright 2022, Elsevier; (B) simulation cell used in LAMMPS to
calculate generalized stacking fault energy of the Co-Cr-Fe-Ni system. This figure is quoted with permission from Jarlov et al."*?,
copyright 2022, Elsevier; (C) elemental distribution in the Co-Cr-Ni MEA system with different compositions produced by MD
simulation. This figure is quoted with permission from Li et al."™, copyright 2021, Elsevier. FCC: Face-centered cubic; HEA: high-
entropy alloy; MD: molecular dynamics.

achieving the highest number of deformation twins. This result illustrates the power of MD simulations to
optimize the alloy composition based on yield strength and tailoring of the simulated deformation
mechanism.

While MD simulations can be powerful tools to predict the material properties of alloys, the high
computational cost associated with these simulations makes it difficult to rapidly produce large datasets for
high-throughput studies"*”. On the other hand, ML techniques are known for their potential to quickly and
efficiently process and output huge amounts of data and thus offer a means to overcome the low data
output of MD simulations. Li et al. combined high throughput MD simulation with ML to leverage both
techniques’ strengths to explore an extensive data set and provide accurate and detailed information on the
material properties"*. MD simulations can produce highly accurate predictions of yield strength, but the
data produced by these simulations have high dimensional input-low dimensional output characteristics.
These properties make it challenging to produce mathematical models to predict the correlation between
input factors and yield strength. On the other hand, ML techniques can produce enormous amounts of data.
Still, their accuracy requires a large and robust set of training data that experimentation cannot do. Thus, Li
et al. utilized high-throughput MD simulation to produce an extensive training data set to train an ANN
that can almost fully explore the composition space of the Co-Cr-Ni medium entropy alloy (MEA)
system!”. Figure 7C shows examples of different MD simulation models prepared for this study. The
predictions made by the ANN were shown to be highly accurate. This work highlights the potential for high
throughput MD simulations used in tandem with ML techniques to produce vast amounts of highly
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accurate data that can efficiently identify optimal compositions within a large composition space, thereby
overcoming the inherent weakness in each technique by leveraging the strengths of the other. Applying this
method to other combinations of computational techniques may offer researchers new opportunities to
expand the computational speed, size, and accuracy of future computational studies, which can accelerate
alloy discovery far beyond the current state-of-the-art results.

The use of combining MD simulations with ML techniques was also explored by Zhang et al. to explore the
non-equiatomic compositions within the Fe-Co-Cr-Ni-Mn alloy system"**.. In this case, the deformation of
100 compositions with a single-crystal structure was simulated in three different crystallographic directions,
[100], [110], and [111]. The simulated stress-strain responses of these compositions are shown in Figure 8A.
Three different ML techniques were then used to predict further the yield stress of non-equiatomic
compositions within the alloy system. Unlike other ML tasks, the authors of this work used ML techniques
to carry out binary classification of “Good” and “Weak” yield strength rather than quantitative prediction of
yield strength. The advantage of this method is that ML programs trained with simulations of single crystals
can be used to find optimized compositions that show promise as polycrystalline structures. Typically,
polycrystalline models are much larger than single-crystal ones, which can make them more
computationally expensive!””. By leveraging the ability of ML classification techniques and the
computational efficiency of high-throughput MD simulations of single crystals, the authors can produce
highly efficient means to rapidly identify candidates for optimized compositions of HEA space. This
technique was used again by Zhang et al. to carry out similar classification predictions for the Cu-Fe-Cr-Co-
Ni alloy system!*". It was again shown to be highly accurate and efficient at pointing out candidates with
optimal yield strength"*". This approach significantly refines the potential compositional space that
experimentation needs to explore.

While MD simulations are useful in exploring the compositional space of a system, they can also be used to
study material performance within other design dimensions, such as application temperature. Jian et al.
used MD simulations to study the effect of aluminum concentration, temperature, and strain rate in
amorphous Al CoCrFeNi HEAs to study their potential as low-density structural materials"*”. Figure 8B
shows the stress-strain curves of two of the three simulated compositions ranging from 300 K to 1,200 K.
For all three compositions, the yield strength and Young’s modulus both strongly depended on the
temperature rather than the Al content. The temperature dependence of the yield strength originated from
the high migration ability of atoms at higher temperatures, especially at 1,200 K, which was above the
simulated glass transition temperature of about 1,100 K. The authors also varied the strain rate from
10°-10"/s and found that the yield strength and Young’s modulus increased with increasing the strain rate.
The authors explained that a higher strain rate leads to a larger free volume but that at high strain rates, the
times required for free volume rearrangement and atomic diffusion increase greatly. This relationship
between free volume and atomic diffusion causes the effective free volume conducive to atomic migration to
decrease. Thus, the atomic motion is impeded, which leads to increased strength. This study highlights the
flexibility of MD simulations to explore compositional space and various ambient and application
conditions that can provide a more holistic understanding of material performance.

CALPHAD calculations

Phase diagrams are geometric representations of alloy systems under thermal equilibrium and typically
denote the boundaries of composition and temperature where phase transformations are expected to
occur. These diagrams form the basis for studying solidification, crystal growth, and solid-solid phase
transformations. Since the 1970s, the calculation of phase diagrams has become an integral part of alloy
design, specifically through CALPHAD technology"*. The technique relies on the minimization of the total
Gibbs free energy of the system using the temperature, pressure, overall composition, and Gibbs energy
function stored in databases"*".
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Figure 8. (A) MD simulated stress-strain response of single-crystal Fe-Co-Cr-Ni HEA system with different compositions (all
elements are adjusted from 5 at. % to 35 at. %) loaded in different directions. This figure is quoted with permission from Zhang
et al.™¥ copyright 2021, Elsevier; (B) MD simulated stress-strain response of amorphous Al CoCrFeNi (x = 1.0 and x = 2.0)
HEAs at different temperatures. This figure is quoted with permission from Jiang et al.'?”, copyright 2022, Elsevier. HEA: High-
entropy alloy; MD: molecular dynamics.

The selection of the appropriate database is crucial for accurate calculations as the database should at least
cover all the constituent binary and ternary sub-systems to provide accurate phase predictions for
complicated alloy systems"*). It should be noted that a current bottleneck in the field is the lack of
comprehensive thermodynamic databases which cover large compositional and temperature spaces. Future
experimental works are needed to help fill this gap. Recently, even first principle calculations have shown
promise to build such databases with less effort than required for experimental characterization"”. The
current section provides examples of works that take advantage of the computational efficiency of
CALPHAD methods to rapidly explore huge compositional spaces, which can reduce the large
compositional spaces to ones that can be feasibly explored by experimentation.

One of the pioneering works to tackle the issue of combinatorial high-throughput studies using CALPHAD
is carried out by Senkov et al.". In this study, the authors used 9 different CALPHAD databases to
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calculate every equiatomic alloy containing 3-6 elements out of 26 elements"*". This calculation resulted in
screening 130,000 different alloy compositions to predict the phases at both their melting temperatures and
600 °C. Interestingly, Senkov et al. found that the proportion of alloys with solid solution (SS)
microstructures decreased as the number of components increased, as seen in Figure 9A". This
contradicts the general notion that increasing the number of elements would increase the configurational
entropy and thus promote SS formation. In order to investigate the cause of this discrepancy, Senkov et al.
calculated the entropy of mixing (AS,,,) and enthalpy of mixing (AH,,,) for each composition which
describes the Gibbs free energy for SS phases. They also calculated the entropy of formation (AS) and
enthalpy of formation (AH)) for the intermetallic (IM) phases in each composition using CALPHAD. Then
they used the entropy and enthalpy change of the different predicted phases to calculate the minimized
Gibbs free energy to obtain quantitative predictions of the phase formation within each composition and
compare them to reported phases in the experimental literature.

Through the previous analysis, they explained that the configurational entropy increases with In(N), where
N is the number of elements, while the possible binary interactions increase with (N/2)-(N-1). Thus, the
number of binary interactions increases much faster than the configurational entropy, which increases the
likelihood that an IM phase with a highly negative enthalpy of formation exists within a HEA system. Thus,
the Gibbs free energy of possible IM phases decreases more rapidly than that of solid solution solutions as
the number of elements increases. This work highlights the ability of large computational datasets to allow
us to re-evaluate our fundamental assumptions of alloy design by providing large statistical datasets that
reveal trends that may not be obvious from experimental testing.

Although many HEAs have been reported to form SS phases at lower temperatures, these are often
metastable due to the inherent sluggish diffusion in HEAs. The fast computational speed of CALPHAD
methods allows researchers to rapidly screen the composition phase for compositions that maintain a SS as
the stable equilibrium phase even at low temperatures. Such methods have been utilized to predict the stable
phases of 3 million compositions in 4 different alloy systems of AICrMnNbTiV, AICtMoNbTiV, AlCrFeTiV
and AICrMnMoTi"*". This process was enabled by running approximately 100 calculations in parallel on
single CPU cores in a computing cluster. This study aimed to identify various compositions that form
single-phase solid solutions (SPSS) at low temperatures and then design compositions that are likely to
exhibit good oxidation resistance. By incrementally adjusting the contents of various elements, the authors
were able to investigate the effect of each element on the stability of SPSS. The alloy systems shown to have
the most significant number of SPSS compositions were the AICrMnNbTiV and AICrMoNbTiV systems.
Figure 9B shows the 2D projection of the compositional space explored in the AICrMoNbTiV, where each
red dot represents a composition with a predicted single-phase BCC microstructure. It was found that
placing constraints to limit the Al and Cr contents can improve SPSS formation, as seen in the top 2 rows of
Figure 9B but lowers the oxidation resistance. Thus, the optimal compositions found near the center of the
high SPSS formation region and still maintaining a high oxidation resistance were Al,.Cr,Mn, Nb,Ti,V,, or
AL, Cr,Mn, Nb,Ti,V,,. This study highlights the ability of high throughput CALPHAD methods to reduce a
massive design space of over 3 million compositions down to a handful of promising candidates that can
feasibly be explored even using conventional manufacturing methods.

The equiatomic Cantor alloy (CoCrFeMnNi) has been studied extensively in the past, including its
deformation mechanism, phase formation, and mechanical properties at varying temperatures'"**.
|, Assuming that a 1 at. %

135

However, the non-equiatomic compositions have not been explored as deeply!
increment in any element’s atomic fraction constitutes a new alloy then the compositional space for a
generic 5-element alloy system covers an excess of 10° unique compositions. Thus, CALPHAD or ML
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Figure 9. (A) Fractions of CALPHAD predicted single-phase solid solution, intermetallics, and solid solution and intermetallic
equimolar alloys in 3 to 6 component alloy systems at the melting temperature (T,) and at 600 °C. This figure is quoted with

permission from Senkov et al.™”; (B) two-dimensional projection of Al.Cr,Mo/Nb,Ti.V,,, .. phase diagram from CALPHAD
showing compositions within two-dimensional space where a BCC solid solution phase forms at 800K. This figure is quoted with
permission from Klaver et al™" IM: Intermetallic; SS: solid solution.

models are the best methods to screen through the massive composition space. However, the experimental
databases on this system lack size and detail, and thus a ML approach cannot be adequately trained. For this
reason, Conway et al. used high throughput CALPHAD methods to design composition within the Cantor
alloy system (Co-Cr-Fe-Ni-Mn) that possesses a combination of high SPSS stability, good mechanical
properties, and low material cost"*. The high-throughput screening analyzed 1.78 million compositions
where the elemental contents were gradually incremented by 1-2 at. % interval step. The phase fractions
were calculated every 50 K between 500 K to 2,500 K to screen for compositions that produced thermally
stable SPSS. Further constraints were applied to ensure every element was present in at least 10 at. %, and
the Co and Ni contents were limited to 15 and 20 at. % to reduce the cost of the alloys. Twinning-induced
plasticity (TWIP) and solid solution hardening (SSH) were fundamental strengthening mechanisms within
this system. Thus, the authors used parameters within the TC-HEA database for their CALPHAD
calculations of the SSH values and stacking fault energies (SFEs) for the screened compositions. Figure 10A
shows the SFE and SSH plots in a quaternary diagram where the Co content was assumed constant at 10
at. %. The red circle illustrates the composition chosen by the authors (Co,,Cr,,Fe,,Mn Ni,,), while the red
stars indicate the optimal composition using only the SFE or SSH as the guiding parameter. The
composition explored showed only slightly lower yield strength than the equiatomic Cantor alloy at room
temperature but showed high strength and ductility at elevated temperatures and exhibited a 40% reduction
in cost compared to the equiatomic Cantor alloy. Based on these results, future thermodynamic screening
for alloys can incorporate the strengthening mechanisms and material cost into complex alloy design.

The process-structure-property-performance (PSPP) relationship is the central paradigm in materials
science. The fundamental goal of many materials scientists is to use computation, theory and
experimentation to establish causal trends between the individual elements of PSPP to systematically
achieve better material performance. To that end, Abu-Odeh et al. contextualized alloy design as an inverse
phase stability problem (IPSP)"**\. IPSP is defined as the need to identify the set of thermodynamic
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Figure 10. (A) Quaternary phase diagrams at fixed 10 at. % Co illustrating explored composition space. The red circle points out
the composition that is experimentally tested, and the red stars indicate the target compositions to maximize hardness (left) and

minimize stacking fault energy (right). This figure is quoted with permission from Conway et al."™*; (B) CSA predicted single-phase
solid solution compositional spaces for FCC and BCC at 1,400 K, 1,450 K, and 1,500 K. This figure is quoted with permission

from Abu-Odeh et al™, copyright 2018, Elsevier. BCC: Body-centered cubic; CSA: constraint satisfaction algorithm; FCC: face-
centered cubic.

conditions that lead to the stabilization of desirable phases which produce high-performance materials. One
such example is to provide the coordinates composition and temperature space that result in SPSS for
HEAs. The approach Abu-Odeh et al. took to tackle this problem is described as a constraint satisfaction
algorithm (CSA) which involves the use of ML protocols executed in tandem with CALPHAD calculations
to satisfy specific material property criteria/constraints.

This method enables efficient exploration of a large composition region to identify regions of arbitrarily
complex phase constitution characteristics. This approach has the potential to design alloy compositions of
any phase fraction rather than just focusing on the discovery of SPSS, as previously shown in other works.
Abu-Odeh et al. applied their framework to the Cantor alloy (Co-Cr-Fe-Ni-Mn) system, where they
explored the regions of SPSS stability for both FCC and BCC phases. Figure 10B visually represents the
change in FCC and BCC stability with increasing temperature for a ternary sub-section of the compositions
explored. After confirming the outcomes of the SPSS regions in the quinary compositions of the system, the
approach was expanded to search for precipitation hardening compositions in the Al-CoCrFeNi system by
identifying composition regions that include minor secondary phases. It was expressed that the secondary
phase would only be considered if it did not form via spinodal decomposition, as this would not lead to any
significant precipitation hardening. With this technique, the authors could identify composition spaces
most likely to exhibit precipitation-hardening behavior. They highlighted that providing more detailed
constraints can further refine the predicted composition space to provide a target region that can be
practically explored via experimental methods.

Comparison of computational methods
The previous categories of computational methods all serve important functions in the process of predicting
and narrowing the huge compositional space of HEAs. To ensure efficient usage of computational resources
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and time, it is crucial for researchers to understand which method is most useful for their individual
applications. This section offers a direct comparison between their individual strengths and weaknesses
based on the previously discussed studies.

ML techniques have numerous advantages that researchers can use to explore many compositions at once.
Firstly, the computational efficiency of most ML methods allows some studies to screen up to 10°
compositions in a reasonable time frame™"*”. The faster computation speed of ML than other
computational techniques makes it particularly suited to exploring large composition spaces. Additionally,
the ability to select various combinations of features as input variables, such as composition, atomic radius,
valence electron concentration etc., gives ML a significant advantage in versatility allowing for pattern
recognition between features that would normally not be possible with the human mind"*>****. Despite the
impressive capabilities, ML techniques rely heavily on large robust datasets to generate useful models®*****\.
Unfortunately, the relatively young age of the field of HEAs and the vast composition space means that the
relative size of the currently available datasets is still quite small*. The small datasets limit the
compositional regions where accurate ML models can be trained and applied® . The other common
criticism of ML models is their lack of interpretability. ML models essentially act as a computational black
box, meaning that even when they provide accurate predictions, the underlying physics is obscured by the
complicated statistical calculations that are performed, making it difficult to build useful intuition from such

[78,79,87,140]

models .

In contrast to the ML models, both first-principles and MD simulation methods rely primarily on well-
known quantum mechanical and classical laws instead of statistical models'*'7"**. This ensures that a
strong fundamental understanding of the predicted properties can be extracted from such models. The
reliance on fundamental physics also reduces the need for large training datasets as the required datasets are
often already contained in readily available databases"**"*!/, MD simulations also have the added benefit of
illustrating the dynamic evolution of microstructures during an experiment, thereby providing atomic scale
information on the phase transformation and deformation of materials during usage, which cannot be
achieved using any other computational technique"””'**.. However, both first-principles and MD simulation
methods are much more computationally expensive than ML and CALPHAD methods"**. Thus, first-
principles and MD techniques cannot explore as many compositions as ML and CALPHAD methods as
seen in Table 1, where first-principles and MD can screen up to 10* and 10° compositions, respectively.

Recent studies have attempted to overcome this flaw by combining first-principles calculations with ML to
produce models that are computationally efficient and highly accurate and provide physical insight into
chemical segregation and phase formation"*"*!. Leong et al. used a cluster expansion (CE) model, which
expands the configurational energy of an alloy structure in terms of various atomic clusters"*. This model
was trained using data obtained through first-principles calculations. Once the configurational energy is
calculated for the clusters in the test set, the authors calculate the probability of the nearest neighbor (NN)
atomic pairing between the different atomic species in a Mo-V-Nb-Ti-Zr alloy system to predict the
Warren-Cowley short-range order (SRO) parameters"**'*’. This SRO allows the authors to highlight the
tendency of Zr to segregate and cluster leading to the formation of intermetallic phases below 1,400 K and
single-phase solutions above 1,400 K.

Finally, CALPHAD methods are both computationally efficient and have sufficiently large databases to
produce accurate predictions for many HEA compositions*"**. In fact, CALPHAD methods are able to
screen more compositions than any of the other computational methods (up to 10° compositions) in a
reasonable time span"**. Despite this large computational efficiency, CALPHAD methods can only provide



Mooraj et al. J Mater Inf 2023;3:4 | https://dx.doi.org/10.20517/jmi.2022.41

Table 1. Comparison of pros, cons, and capabilities of various computational methods
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Computational Predicted Number of screened
. Pros Cons o References
method Properties compositions
Machine learning Elastic constants High computational Requires large training 10° [48,78,79,81,82,87,
Phase formation efficiency sets 90,137-139]
Phase transformation Versatility in predictive Lack of physical
temperature features interpretability
Hardness Only gives statistical
Tensile strength understanding
Compressive strength
First-principles Elastic constants Low input information Computationally 10*
Phase formation needed expensive
Phase transformation Provides fundamental Time-consuming
temperature understanding
Atomic scale detail
Molecular dynamics Elastic constants Provides fundamental Computationally 10° [114,115,125,127,141,
Phase formation understanding expensive 142]
Phase transformation Atomic scale detail Time-consuming
temperature Dynamically simulate Cannot provide
Hardness microstructure evolution  macroscopic results
Tensile strength
Compressive strength
CALPHAD Phase formation High computational Only predicts 10°

Phase transformation
temperature

equilibrium conditions
No kinetic information

efficiency
High accuracy
Easily interpretable

information about equilibrium phase formation and transformation temperatures which may not be
representative of manufacturing or application conditions. This limitation is especially important for
HEAs,c where sluggish diffusion limits the kinetics within the system, which can often lead to the formation
of metastable phases that may not be expected under equilibrium conditions.

COMBINATORIAL ADDITIVE MANUFACTURING TO EXPLORE LARGE COMPOSITIONAL
SPACE

After narrowing a target composition space using computational methods, the remaining candidate
compositions are still too numerous to reasonably explore via traditional metallurgical techniques. Thus,
high-throughput manufacturing techniques are needed to rapidly produce samples that cover the candidate
composition region. Previous studies have utilized magnetron sputtering and diffusion multiples to produce
combinatorial libraries”**'. However, as previously discussed, these techniques produce samples at
micro- or nano-scale, which may not be representative of bulk materials.

Additionally, the cooling rates experienced during magnetron sputtering are orders of magnitude greater
than the cooling rates in traditional manufacturing settings”>**. Thus, there is a need for a manufacturing
technique that can produce vast compositional libraries at a bulk length scale with practically relevant
cooling rates. Laser additive manufacturing (LAM) has shown great promise towards that end. Previously
LAM has been used to produce alloys with improved properties compared to their conventionally
manufactured counterparts®'*"*?. Two main types of LAM are used in combinatorial studies, i.e., laser
directed energy deposition (DED), also known as laser engineered net shaping (LENS), and laser powder-
bed fusion (L-PBF)!"\. The DED process utilizes a carrier gas that allows the powder to flow continuously
while shielding it from oxidation during deposition. A laser source simultaneously heats the material upon
contact with the printing substrate or previous layer™. In the case of L-PBF, a flatbed of powder is
deposited on a substrate. A laser is then used to melt the particles in a pattern determined by design
software to form a part layer by layer"*'..
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Functionally graded materials

LAM can produce compositionally graded materials, making it a powerful tool for rapid combinatorial
material exploration"*. DED is the more common method used to produce graded materials, as the
multiple nozzles can be coaxially aligned with the laser, ensuring that each nozzle’s flow rate can be
individually adjusted to spatially control the deposited alloy composition"***”. By dynamically changing the
flow rate during AM, a compositional gradient can be formed, allowing for the exploration of a large
compositional space within the same sample ") This method is schematically illustrated in Figure 11A,
where a compositionally graded wall is produced starting from pure Cantor alloy at the base and increasing
the content of refractory metals with increasing the build height"**. Pegues et al. used this method to add
Nb, Ta, and Ti6Al4V to CoCrFeMnNi to produce 3 different materials libraries"*”. They explored the effect
of these additions on the microstructure and mechanical properties of the resulting alloys. Utilizing this
method allowed them to efficiently explore a large compositional space without producing large samples.
Micro-hardness tests on all three libraries revealed that the addition of the refractory elements resulted in

166]

increased hardness, likely due to the formation of secondary intermetallic phases such as a Laves phase!

While DED is the most common method to produce gradient materials compositionally, Wen et al. used L-
PBF to produce a gradient material, as shown in Figure 11B"*”. Normally, L-PBF is considered undesirable
for compositionally graded materials as the powder composition cannot be systematically controlled once
loaded in a chamber. Wen et al. addressed this issue by adding a partition within the powder hopper so that
two different powders could be loaded together. Then a mixer is placed below the hopper that mixes
powders along the width of the mixer. This mixture forms a compositional gradient in the laser scan plane
when the powder bed is deposited. Thus, a horizontal compositional gradient forms rather than the typical
vertical gradients achieved in DED combinatorial studies"**"””. Wen et al. used CoCrFe medium entropy
alloy and Inconel 718 as the feedstock powders to prove this new technique’s concept. At the pure CoCrFe
end of the alloy gradient, a pure FCC phase structure was formed and as the Ni content increased due to the
addition of Inconel 718, a secondary HCP phase was formed. The HCP phase content increased with
increasing Ni content. The decrease in hardness occurred with increasing Ni-content, which is likely due to
the larger sub-grain size observed near the Inconel 718 end.

Li et al. used DED to explore the effects of compositional and cooling rate changes on the microstructure
and mechanical properties of the Al-Co-Cr-Fe-Ni alloy system """, First, they produced a pure CoCrFeNi
substrate via casting. Then, they deposited varying amounts of Al on the substrate using a LENS system
which formed different compositions of AL CoCrFeNi along the substrate surface, ranging from x = 0.51 to
x = 1.25, as shown in Figure 11C. The laser was also used for remelting straight lines parallel to the
compositional gradient with different laser powers and scan speeds which induced different cooling rates in
the compositional library. Three compositions from the library were also chosen to produce casting
counterparts to achieve cooling rates far below what is achievable through DED. This method allowed the
cooling rate to be varied from 25-6,400 K/s. Their findings showed that the lowest Al-containing
compositions exhibited a dual-phase FCC + BCC structure which transitioned to a pure BCC/B2 at near
equiatomic compositions. Additionally, compositions with low Al content showed a primary FCC phase

with a cellular microstructure. The cellular microstructure followed a power law of the form 2= 4-7-1/3
where / is the cell size, A is a fitted parameter, and T is the cooling rate. The microstructure refinement
resulted in hardening following the Hall-Petch relationship. This work illustrates the potential for laser-

based AM methods to rapidly and simultaneously explore the effects of composition and cooling rate on the
phase evolution and mechanical properties of HEAs.
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Figure 11. (A) Schematic illustration of high-throughput manufacturing of HEAs in a graded material under laser-directed

energy deposition (L-DED). This figure is quoted with permission from Pegues et al.™®®, copyright 2021, Elsevier; (B) schematic
illustration of manufacturing a graded material under laser powder bed fusion (L-PBF) conditions. This figure is quoted with

permission from Wen et al.™” copyright 2021, Elsevier; (C) graded material library produced via L-DED in Al ,CoCrFeNi. The graded
HEA library is remelted to investigate the effects of composition and cooling rate. This figure is quoted with permission from Li

et al."”" copyright 2020, Elsevier. HEA: High-entropy alloy.

Teh et al. used DED to produce compositionally graded pillars within the Co-Fe-Ni alloy system"””. By
adjusting the content of each element along the build direction, the phase fraction of FCC vs. BCC was
varied from pure BCC at the base of the pillar to dual phase FCC + BCC to pure FCC at the top. The
hardness also varied with build height due to changes in composition and grain size caused by increasing
the Ni concentration. They characterized the functional properties of each composition in addition to the
mechanical properties by measuring the saturation magnetization, coercivity, and electrical resistivity. After
analyzing the combination of properties, the authors presented a radar chart comparing some promising
compositions to pure Fe, as shown in Figure 12A.

Gwalani et al. varied the V content in an AIMoCrFeV, (from x = 0 to x = 1) HEA system [Figure 12B]"".
The addition of V led to solid solution hardening, increasing the hardness monotonically from 485 HV at
x =0 to 581 HV at x = 1. The microstructure remained purely BCC for all compositions and remained stable
after annealing at 1,100 °C for 30 min. The grain size was also negligibly changed, which indicated high
thermal stability. Zhao et al. blended Ti and CoCrFeNi powders in various compositions’. They then
layered the different compositions within a powder supply bin to build a compositionally graded pillar by
increasing the Ti content along the build direction”*. All compositions showed an FCC structure primarily
with minor BCC, Laves, and phases that contain Ti. Figure 12C shows a hardness map based on the results
taken from the printed graded structure. As the secondary phase volume fractions increased, the hardness
increased, and analysis of the various strengthening mechanisms suggested that the inclusion of the
secondary phases was the main cause of the increase in strength. However, high Ti content layers also
showed significant cracking. Thus, the authors concluded that 10 at. % was the maximum threshold of Ti
content to produce crack-free samples and parts in CoCrFeNiTix HEA system.
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Figure 12. (A) Radar chart comparing properties of various promising compositions discovered from graded material library of the
Co-Fe-Ni system. This figure is quoted with permission from Teh et al.[]m,copyright 2022, Elsevier; (B) change in V concentration

along the build direction for AIMoV,CrFe alloy. This figure is quoted with permission from Gwalani et al™, copyright 2019,
Elsevier; (C) vickers hardness map of the side surface of graded CoCrFeNiTi, HEA system. This figure is quoted with permission from

Zhao et al""¥, copyright 2021, Elsevier. HEA: High-entropy alloy.

Bulk materials library

While graded materials provide a convenient means to explore multiple compositions within a single
sample, they cannot give a full picture of material performance due to the possible mixing between layers
during LAM, which can be difficult to control. In this sense, bulk materials libraries can produce individual
samples to be studied in further detail while maintaining a high-throughput approach if rapid
characterization techniques can be applied. One such example is illustrated in Figure 13A, where Yu et al.
used DED to produce a library of bulk samples using elemental Al powder and Cu,,Zr,, powder in separate
powder hoppers, as seen in Figure 13A"”. This work aimed to find the optimal compositions and
processing conditions to produce bulk metallic glass composites (BMGC). BMGCs are materials formed by

adding a crystalline phase into a glassy amorphous matrix""”*..

The crystalline phase helps hinder the propagation of shear bands and dissipate fracture energy, which can
significantly improve the room temperature ductility of BMGCs compared to monolithic bulk metallic
glasses™!. In their work, BMGC samples were deposited and then remelted to produce initially deposited
melt pools with similar dimensions and different cooling rates. An 11 x 11 sample library was produced
where the Al content was adjusted from 0 at. % to 10 at. % along the x-direction while the laser power was
varied along the y-direction from 150 W to 400 W. Finite element modeling (FEM) was used to estimate the
cooling rates and XRD analysis was used to confirm the phase constitution. After identifying phases with
both amorphous and crystalline phases, the authors defined a uniformity coefficient to estimate the sample
that would be expected to show the highest ductility. This criterion arose because ductility is closely related
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Figure13.(A) Schematic of high-throughput fabrication and screening of combinatorial materials library and images of the printed
library of Cu-Zr-Al alloy system. This figure is quoted with permission from Yu et al."”® copyright 2021, Elsevier; (B) schematic of
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Aly bulk metallic glass (BMG), adapted from Zhai et al"""%(C) schematic illustration of materials library produced with discrete dots of
varying compositions. This figure is quoted with permission from Tsai et al"”® copyright 2016, Elsevier; (D) schematic of DED
processing of Fe-Ni-Cr-Mo bulk materials library. This figure is quoted with permission from Islam et al.™%, copyright 2021, AIP
Publishing. DED: Directed energy deposition.

to the spatial distribution and uniformity of the crystalline dendrites within the glassy matrix. The optimal
composition contained 4 at. % Al and used a remelting power of 175 W.

The rapid cooling rates induced by laser-based AM techniques can encourage the formation of amorphous
structures in additively manufactured alloys and hence offer a unique opportunity to study bulk metallic
glass (BMG) formation"””. Zhai et al. fabricated a library of one composition with varying processing
conditions to rapidly determine the optimal conditions to produce a defect-free BMG"””. The composition
used was Zr,, Ti,Ni,,Cu,,Al,. Using ultrasonic wave attenuation, they were able to rapidly determine the
presence of defects, pores, or crystalline grain boundaries that may affect the performance of the BMG. This
technique is schematically illustrated in Figure 13B. A laser power of 1,300 W and 600 mm/min was
determined to provide the highest fraction of amorphous material while remaining defect-free. This work
highlights the use of DED combined with ultrasonic wave attenuation to provide a non-destructive and easy
way to rapidly investigate and verify the glass-forming ability of many compositions immediately after they
are printed.

It is currently very difficult to predict the glass-forming ability (GFA) of an alloy composition. Thus, the
current exploration of BMGs requires a high-throughput investigation similar to that of HEAs. For this
reason, Tsai et al. deposited a combinatorial library of Cu-Zr-Ti to identify the composition with optimal
GFA"”. Figure 13C shows a schematic illustration of the construction of this library"”. The library was
built by depositing discrete hemispherical samples with varying Cu:Zr ratios between each row of samples.
After the initial deposition, a layer of Ti was deposited with various feed rates and simultaneously melted
onto the library. Each sample was remelted 2 more times to ensure the elements were fully melted and
incorporated into each sample.
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Once the library was prepared, each sample was remelted with different laser powers of 200 W, 240 W, and
280 W. Since a higher laser power leads to a lower cooling rate, compositions that maintain glassy
microstructure with higher laser power should have higher GFA. Differential interference contrast (DIC)
imaging under optical microscopy was used to screen for amorphous materials as samples with amorphous
structures show a smooth liquid-like topography under DIC. At the same time, crystalline microstructures
appear rough"”\. A total of 144 discrete samples were investigated, and 92 were identified as amorphous for
the lowest power. Based on the previously mentioned criteria, the composition with the highest GFA was
Cu,,.Zr,,,Ti,,,, as it showed a high fraction of amorphous microstructure and was located in the center of
the region of compositions that exhibit an amorphous microstructure after remelting at 280 W. It was also
pointed out that this method could be extended to alloy systems with even more components by using pre-
alloyed powders. Thus, the procedure laid out by Tsai et al. illustrates a means to rapidly identify BMGs
with excellent GFA within a given alloy system. In addition to the optimal composition, combinatorial
studies can also be used to rapidly determine optimal printing parameters for a given alloy system. Islam et
al. carried out such a study on 25 different compositions in the Fe-Ni-Cr-Mo alloy system to and define a
normalized dimensionless parameter based on the energy input density from the laser and the material
properties of the constituent atoms"*. A schematic illustration of their experimental method is illustrated
in Figure 13D.

Eutectic HEAs (EHEAs) combine design concepts from both HEAs and eutectic alloys and show great
potential for structural applications due to their impressive combination of strength and ductility"**'*"). This
combination of properties arises from a hard and soft phase which help provide strength and ductility,
respectively. However, further optimization is possible through minor composition adjustments to achieve
near-eutectic HEAs. Joseph et al. produced a library of bulk Al CoCrFeNi,, samples using the DED method
to analyze the effect of Al-content on the microstructure and mechanical properties of alloys with near-
eutectic compositions"®!. Figure 14A presents the XRD peak patterns of the compositions explored and
shows an increase in the B2 phase with increasing the Al content. Additionally, cast samples with the
compositions of each phase were prepared. These allowed the authors to investigate samples with single-
phase microstructures that were either purely FCC or purely B2 phase. After analyses of the phase fractions
and compressive properties of each composition, it was found that the alloys’ yield strength followed a rule
of mixtures based on the yield strength of the individual phases. This work highlights the ability of DED to
provide large sample sets that allow for rapid characterization of multiple compositions that can elucidate
strengthening trends within a system to achieve an optimal composition.

When testing the radiation damage resistance of a material, it is imperative to use bulk samples as the
damage layer thickness is typically on the order of microns, and the compositional gradient struggles to
maintain chemical homogeneity over large length scales. Additionally, thin-film-based materials typically
form nano-grain microstructures, which artificially increase the radiation damage resistance of a material,
making the results misleading compared to application conditions. Moorehead et al. printed a
compositional library of Cr-Fe-Mn-Ni alloys to assess their irradiation properties®’. It was found that Cr-
rich compositions showed an increase in BCC phase fraction, while Fe and Ni-rich compositions showed
higher FCC content, and Cr and Ni tended to segregate together preferentially. This trend can be seen in
Figure 14B, where the compositions with a higher Cr content show more severe segregation.
Nanoindentation was utilized as a high-throughput means to measure the effect of ion irradiation on the
hardness of each composition. Radiation-induced hardening was found in all compositions with FCC, BCC,
and FCC + BCC phases. The increase in hardness was consistently shown to be 1-1.5 GPa, with BCC-rich
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Figure 14. (A) X-ray diffraction profiles of Al CoCrFeNi,, showing the change in FCC and BCC phase fractions with changing Al

content. The inset shows an image of material library. This figure is quoted with permission from Joseph et all®?, copyright 2020,
Elsevier; (B) SEM images and EDS maps of CroFe;,Mn;;Niq, CrygFe,sMnooNig, and Cr,,Fe;;Mn,oNi,, from left to right. This figure is

quoted with permission from Moorehead et al"™®, copyright 2021, Elsevier; (C) SEM images of the as-deposited CoCrFeNiNb,
parallel to the build direction: (i) CoCrFeNiNby; (ii) CoCrFeNiNb;; (iii) CoCrFeNiNb, ;. (iv) CoCrFeNiNb,,; and perpendicular to

the build direction: (v) CoCrFeNiNb,; (vi) CoCrFeNiNb,; (vii) CoCrFeNiNb,;; and (viii) CoCrFeNiNbg,. This figure is quoted with
permission from Zhou et al.”, copyright 2019, Elsevier. BCC: Body-centered cubic; FCC: face-centered cubic.

compositions showing the least increase in hardness. Additionally, Moorehead et al. found that
compositions with a high Mn content may have a large amount of Mn depletion after homogenization due
to the depressed melting point of high Mn-content alloys. Thus, the authors laid out a guideline to keep the
Mn-content below 25 at. %. Finally, the time saved using the high throughput AM approach is highlighted
compared to the traditional metallurgical approach of melting and casting. The authors state that traditional
melting and casting could take up to 1-2 hours per composition compared to the 10 min per composition
required by the DED method.

Zhou et al. utilized DED to rapidly produce samples with compositions CoCrFeNiNb, (referred to here as
Nb,)". The authors investigated the mechanical properties of each alloy composition and its correlation to
the phase and microstructures present. Figure 14C shows SEM images of 4 compositions (Nb,, Nb,,, Nb, .,
Nb,,) prepared by DED. The top row shows images taken parallel to the building direction, while the
bottom row shows images taken perpendicular to the building direction. The authors concluded that the
addition of Nb to the CoCrFeNi system led to a transition from a columnar to an equiaxed structure due to
the formation of a secondary Laves phase in addition to the primary FCC phase. The Laves phase also
caused an increase in yield strength in the Nb,, composition more than three times that of the Nb-free
composition while maintaining a ductility above 10%.

HIGH-THROUGHPUT CHARACTERIZATION TECHNIQUES

While high-throughput computational methods can narrow down the alloy design space and high-
throughput manufacturing methods enable rapid fabrication of samples within the design space, high-
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throughput experimental methods are needed to characterize the manufactured materials’ properties to
experimentally verify which set of composition and processing conditions ultimately leads to the target
performance. This section focuses primarily on the different high-throughput methods which can rapidly
characterize important material properties such as hardness, strength, ductility, phase and composition,
magnetic hysteresis, saturation magnetization, and corrosion resistance.

Mechanical property characterization

Mechanical properties such as strength and ductility are crucial to assess the performance of a material for
structural applications"*". A few important criteria exist for a mechanical test considered to be useful for
screening HEAs. First, the sample size and microstructure must represent bulk-like conditions"*!. Second,
the test should include a dominant tensile component, as real application conditions often include some
tensile stresses*”. Microhardness and nanoindentation tests are the most common approach towards high-
throughput screening of structural materials. These methods can quickly and accurately estimate bulk yield
strength"*!. Nanoindentation can also offer broad insights into the post-yielding attributes through analysis
of the stress-strain curves it produces"*’. The local nature of these two techniques also makes them highly
useful in graded materials libraries where many compositions and microstructures can be manufactured in
a single sample for rapid screening.

Here two example studies are provided that use microhardness testing to investigate the effect of
composition on hardness. Jiang et al. produced various compositions of CoFeNi, VMo, alloys to test the
effects of composition and microstructure on the hardness”. This work concluded that an increase in the
Mo content led to increased precipitation of the CoMo,Ni-type intermetallic phase. An increase in Ni
content increased the FCC solid solution phase and decreased the hardness. Figure 15A depicts the hardness
of the various compositions showing that the peak hardness was reached at the composition equiatomic
CoFeNiVMo. Pegues et al. also used micro-hardness indentation to build a hardness map of a graded Ta,
CoCrFeMnNi sample, as shown in Figure 15B"*.. This map allowed them to rapidly determine the effect of
Ta addition on the hardness of this Cantor alloy-based system. Higher Ta contents encouraged the
formation of TaNi-rich intermetallic in the interdendritic region, which caused significant increases in
hardness.

Although micro-indentation methods can provide reasonable data for screening materials, the most reliable
method to investigate material properties is a lab-scale tension test with samples that conform to either the
ASTM E8 standard or another equivalent internationally recognized standard. Here the authors of this
review present one example from the literature and their own unpublished data to illustrate the typical
results that can be achieved in a combinatorial HEA library. Ma et al. added Nb to the AlICoCrFeNi system,
which led to the formation of Laves phase that increased the strength of the alloy while decreasing the
ductility"*”. Tuning the Nb content allowed them to tune the compressive properties [Figure 15C]. This
result indicates that the addition of intermetallic forming elements can be used to achieve a wide array of
properties that can be optimized for application-specific uses. Following this design philosophy, the authors
of this review recently used DED to produce CoCrFeNiTj, alloys to achieve a composition with improved
mechanical properties. The tensile stress-strain curves of our investigated CoCrFeNiTi, HEAs are shown in
Figure 15D. These results show that adding Ti to the base quaternary alloy increases the yield strength while
decreasing the ductility until x = 0.2. Beyond this threshold, the yield strength and the ductility of the alloy
drop simultaneously. It has been well established that the introduction of Ti into the CoCrFeNi system leads
to the formation of brittle intermetallic phases that causes decreased ductility and increased hardness and
yield strength"®"*. The drop in yield strength from x = 0.2 to x = 0.25 is likely a result of defects that
occurred during printing due to a higher fraction of brittle phases.
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Figure 15. (A) Effects of Ni and Mo on Vickers hardness of CoFeNi,Vmo . This figure is quoted with permission from Jiang et al.

U871 copyright 2015, Elsevier; (B) Ta,CoCrFeMnNi hardness map with associated elemental distribution. This figure is quoted

with permission from Pegues et al."™®®, copyright 2021, Elsevier; (C) compressive stress-strain curves of CoCrFeNiNb, samples. This

figure is quoted with permission from Ma et al %, copyright 2012, Elsevier; (D) tensile stress-strain curves of CoCrFeNiTi, HEAs
printed in the authors’ lab. HEA: High-entropy alloy.

In order to fulfill the rapid testing needs of high-throughput experiments, a high degree of automation must
be integrated into the characterization process to decouple experimental progress from the number of hours
available to human researchers. To that end, Huang et al. developed a high-throughput tensile testing
platform to automate the tensile testing procedure and increase the rate and which specimens can be
characterized"*”. This method uses a large grip that is held onto the bottom of many dog-bone samples, and
this grip is attached to a motorized table that moves the grip laterally into position. A top grip is aligned in
the direction of travel, allowing for automated testing of many samples in a small-time frame. In the case of
their work, Huang et al. tested many samples of 316L stainless steel printed through a combinatorial study
of different printing conditions by L-PBF. This platform may also show great potential for combinatorial
studies related to the compositions of HEAs by automating tensile testing of compositional libraries
produced by laser-based AM.

Phase and composition analysis

XRD is a common tool used to analyze the phases present in a material. The following paragraph illustrates
some examples of typical data extracted from XRD analysis in combinatorial studies. Chen et al. studied the
phase evolution in (AlICoCrFeNi),,, Ni, and (CoCrCuFeNi),,,, Mo, HEAs"*.. XRD analysis shows that
when x is between 0 and 4 at. %, both alloys exhibited single-phase solid solution structure where the
(AlCoCrFeNi),,,Ni, alloy shows a BCC structure and the (CoCrCuFeNi),,, Mo, alloy shows an FCC
structure. As the Ni content increases, a dual-phase FCC/BCC structure forms, and the FCC phase fraction
increases. On the other hand, when the Mo content increases beyond 4 at. %, the FCC/BCC structure also
forms, and the BCC phase fraction increases with the Mo content. The XRD patterns of the Ni- and Mo-

100-X 100-Xx
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doped samples are shown in Figure 16A and B. Moorehead et al. used DED to produce a library of Mo-Nb-
Ta-W HEAs, which were then examined via XRD"™*. The XRD patterns are shown in Figure 16C. In this
case, all the compositions tested showed a full BCC phase.

However, energy dispersive spectroscopy (EDS) analysis showed that Nb was segregated to the
interdendritic region. In order to tune the phase structure in a CoCrFeNiNb, alloy system, our group used
DED by placing pre-alloyed CoCrFeNi powder in one powder feeder and pure Nb powder in another.
Then, the feed rates from each feeder were adjusted to produce a graded material with increasing Nb along
the build direction. The CoCrFeNiNb, compositions were selected as going from x = 0 to x = 1, where x was
increased by about 0.1 for every 1 mm increase in height. Synchrotron XRD (SXRD) at the Cornell High
Energy Synchrotron Source was then performed along the build direction to analyze the phase composition
in each region. The beam size was maintained as 0.5 x 0.5 mm such that the measured phase compositions
correspond accurately to the designed compositions. As the Nb content increased, an FCC/Laves dual-
phase structure formed with the Laves phase volume fraction increased from 0% to 57% as the Nb content
increased from 0 to 20 at. %. Figure 16D shows the SXRD results taken for each composition.

In addition to XRD analysis, EBSD can offer a means to probe phases at higher spatial resolution (around
200 nm for EBSD vs. about 1 mm for XRD), which may be especially important for gradient compositional
libraries where the compositional change can be quite drastic over small length scales'*. EBSD also has the
advantage of being equipped onto SEM facilities. Thus, EDS analysis can often be carried out in parallel
such that phase and composition can be resolved almost simultaneously. For experiments that include many
phases and samples, there is a need to automate the phase analysis process to make the process more
efficient!**. Many groups have used high-throughput SXRD to rapidly identify phases in combinatorial
material libraries"”. The majority of these studies used thin films produced by magnetron
sputtering®'*>****/_'However, there are almost no studies of large bulk materials that used similar high-
throughput methods for phase structure analysis.

It should be noted that a bottleneck for the previously mentioned methods is the human intervention
needed during data analysis. This analysis can require impractical time commitments when the number of
compositions reaches hundreds or thousands. Thus, the development of automated systems for analyzing
XRD, EBSD, and EDS data is crucial to ensure that experimental results of high-throughput experiments
can be achieved in a timely manner. Machine learning has recently shown impressive results in this field by
correctly indexing phases within an EBSD pattern without requiring human input to guess at the present
phases"”. Although this process has not been attempted for HEAs, it shows great promise to be applied to
new materials. Extending this practice further to carry out more in-depth analysis, such as Rietveld
refinement for XRD patterns, will greatly accelerate the development of future HEAs.

Magnetic property measurement

Tang et al. added Ho to a FeCoNi(CuAl),, alloy to investigate the effect of the addition of rare earth (RE)
element on the magnetic properties of this system™. The initial parent alloy showed a fully FCC structure,
and adding Ho led to the formation of a secondary BCC phase. Increasing the atomic fraction of Ho led to
an increase in the volume fraction of the BCC phase fraction and no change in the lattice parameter of the
FCC phase. As shown in Figure 174, increasing the Ho content led to lower energy losses via eddy currents
and hysteresis until x = 0.05. Once x = 0.07, the energy losses increased substantially. The decrease in
hysteresis loss is due to lower Cu segregation at the BCC-FCC phase boundaries with increasing Ho. This
segregation leads to a lower magnetic domain pining effect, decreasing hysteresis losses*™. At x = 0.07, the
Cu and Ho tend to segregate heavily to phase boundaries, leading to higher hysteresis losses. The BCC
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Figure 16. (A) XRD patterns of (AICoCrFeNi),,,.,Ni.. This figure is quoted with permission from Chen et al.“%J,copyright 2018, Elsevier;
(B) XRD patterns of (CoCrCuFeNi),q,..Mo . This figure is quoted with permission from Chen et al."*”, copyright 2018, Elsevier; (C) XRD
patterns of 31 samples fabricated by L-DED in the Mo-Ta-Nb-W alloy system. This figure is quoted with permission from Moorehead
et al."*: (D) XRD patterns of CoCrFeNiNb, printed in the authors’ lab.

phase shows thinner magnetic stripe domains than the FCC phase, which leads to lower eddy losses as the
BCC phase fraction increases.

Zhang et al. studied the effect of composition and phase fraction in a FeCoNi(CuAl)x alloy system on the
magnetic and mechanical properties™'. The general trend from Figure 17B shows that the saturation
magnetization (M,) decreases with increasing Cu and Al content and shows a slight increase from x = 0.8 to
x = 0.9. Fe, Co, and Ni are all ferromagnetic elements, while Cu and Al are not, so the authors rationalize the
decrease in M, originating from the increase in non-ferromagnetic components. Borkar et al. also studied
the effect of the Co/Cr ratio on the microstructure and magnetic properties of AlCo,Cr, ,FeNi*”. Increasing
the Co/Cr ratio leads to increased M, as the magnetization depends heavily on the composition, as shown in
Figure 17C.
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Figure 17. (A) Effect of Ho addition to FeCoNi(CuAl), s on magnetic hysteresis response of this alloy measured at room temperature.
This figure is quoted with permission from Tang et al.”” copyright 2021, Elsevier; (B) saturation magnetization of FeCoNi(CuAl),
alloys as CuAl is added. This figure is quoted with permission from Zhang et al.m”,copyright 2017, Elsevier; (C) magnetization curves
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curves of FeCoNi(MnAlD) . This figure is quoted with permission from Li et al?*¥ copyright 2017, Elsevier.

Li et al. adjusted the composition of a FeCoNi(MnAl), to study the effect of composition on the magnetic
properties of this material®. The results presented in Figure 17D show that the saturation magnetization
decreases as the Cu and Al content increases to x = 0.5 and then increases as the Cu, and Al content
increases further. The FeCoNi alloy shows a fully FCC structure, while the FeCoNi(MnAl),, and
FeCoNi(MnAl),,, show an FCC + BCC dual-phase structure, and the FeCoNi(MnAl) composition shows a
nearly fully BCC structure. Also, the lattice parameter of the FCC phase increases as Mn and Al are added,
and the lattice parameter of the BCC phase decreases. The authors explain that the magnetization of the
BCC phase decreases with decreasing lattice parameters and the magnetization of the FCC phase decreases
with increasing lattice parameters®. Thus, the FeCoNi(MnAl),, composition shows the lowest magnetic
performance because both phases show their lowest performance at that composition.

Corrosion resistance

Corrosion resistance is a crucial property when selecting materials for real-life applications. The
degradation of materials due to corrosion leads to over $500 billion in repair and maintenance costs in the
US alone™*. The corrosion process is highly complicated and includes various mechanisms that depend on
the type and concentration of the corrosive electrolyte, the composition and microstructure of the chosen
material, the ambient temperature, and the time spent in service!*. Due to the complexity of corrosion
phenomena, there is currently no unifying computational model to predict corrosion resistance, and there
are limited empirical models for certain systems. This challenge forces researchers to rely on experimental
results to screen materials for corrosion resistance. Thus, high-throughput corrosion resistance methods are
extremely important to characterize and screen HEAs for future applications. Typical high-throughput
screening methods utilize multi-electrode arrays placed in a common electrolyte to allow multiple materials
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to be tested simultaneously”>**. Rapid characterization via wire resistance to indicate a reduction in the
cross-sectional area has shown great potential to accelerate the analysis of corrosion resistance””.
Additionally, optical characterization of the color change of a corroded substance can be correlated well
with traditional polarization curves. It can thus provide an easy screening method without the need for in-
depth analysis®***). The remainder of this section will summarize the results of combinatorial studies on
HEAs taken from the literature that illustrate the improvements in corrosion resistance achieved so far.

It is well known that Cr is a useful element to improve corrosion resistance, and this result has also been
verified for many HEA systems”". Thus, a Cr-containing HEA system with elements that show a low
thermal neutron absorption cross-section is a prime candidate for nuclear applications™. Xiang et al.
studied the effect of Cr addition in a Mo, ,VNbTi system on the microstructure and properties, including
corrosion resistance™!. The corrosion resistance tests for the Mo, .VNbTiCr, HEAs (x = 0, 0.25, 0.5, 0.75,
1.0, 1.5, and 2.0, denoted as Cr,, Cr,,., Cr,,, Cr,,,, Cr,,, Cr,,, and Cr,,, respectively) was carried out in
superheated steam at 400 °C at 10.3 MPa in a static autoclave which is in accordance with ASTM G2/G2M
guidelines. The weight gain per unit surface area was measured after 10, 20, 30, 40, 50, 60, and 70 days. The
weight gain for each sample was compared to that of Zr-4 alloy (Zr-1.41Sn-0.21Fe-0.10Cr), which is
commonly used as fuel rod cladding in nuclear reactors due to its excellent corrosion resistance**''!. The
results are depicted in Figure 18A, where the weight gain decreases with adding Cr, except for the Cr,, alloy,
which may be due to defects. All the compositions outperform the Zr-4 alloy showing much lower weight
gain. This HEA system shows significantly improved corrosion resistance compared to a state-of-the-art
alloy used in current applications, illustrating the potential of HEAs to achieve incredible improvements in
corrosion resistance properties.

Q235 steel is a common structural steel used in many applications, but it often requires a coating to be used
in corrosive environments®?. A HEA coating with good corrosion resistance can offer protection to the
Q235 steel without degradation to its mechanical properties™?. Qiu et al. explored the effect of composition
on corrosion resistance in the AL,CrFeCo,CuNiTi*"?. The addition of Co to the system leads to a more
positive corrosion potential which implies a higher corrosion resistance especially compared to the control
Q235 steel, as seen in Figure 18B. The authors mention that severe elemental segregation can lead to the
formation of micro-potentials during potentiodynamic polarization tests which can lead to micro-corrosion
and accelerate the corrosion process. The authors also note that the equiaxed grain structure observed in the
HEAs also leads to improved corrosion resistance. Qiu et al. also conducted a similar study on Al,
CrFeCoCuNi, Ti®". Their results are illustrated in Figure 18C. It was also found that the corrosion
resistance increased with increasing Ni content and then decreased. The increase in corrosion resistance is
because the Ni element has a high corrosion resistance which contributes to the improved corrosion
resistance of the alloy. However, as the Ni content increases further beyond Ni, ,, the elemental segregation
increases greatly, which leads to the formation of micro-potentials that accelerate the corrosion process.

Ti-Zr-based HEAs have been suggested as potential biomedical implant materials”'*. These implants
invariably undergo friction wear over long periods, and the complex chemical environment of the human
body also leads to corrosion. Thus, a comprehensive understanding of the corrosion and wear resistance of
such HEAs is needed to assess their viability for use as implants. Hua et al. studied the corrosion resistance
of TiZrNbTaMo HEAs and compared it to Ti-6Al-4V, which has long been favored for biomedical
applications™?. The corrosion resistance on these alloys is depicted through the potentiodynamic
polarization curves in Figure 18D. The Ti ,ZrNbTaMo composition shows the highest corrosion
resistance”*. SEM image analysis of all the tested compositions showed that no pitting occurred after the
potentiodynamic polarization tests, which points to the high corrosion resistance of these alloys. Further
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Zr-4 alloy is provided for comparison. This figure is quoted with permission from Xiang et a/.[m],copyright 2020, Elsevier;
(B) potentiodynamic polarization curves of Al,CrFeCo,CuNiTi HEA compared to Q235 steel. This figure is quoted with permission from

Qiu et al.”'?, copyright 2019, Elsevier; (C) potentiodynamic polarization curves of ALCrFeCoCuTiNi, HEAs and Q235 steel substrate.
This figure is quoted with permission from Qiu et al.”™ copyright 2013, Elsevier; (D) potentiodynamic polarization curves of
Ti,ZrNbTaMo HEAs and Ti6Al4V. This figure is quoted with permission from Hua et al”™ copyright 2021, Elsevier.

surface analysis via XPS showed that the surface film of the HEAs is mainly composed of the Ti*, Zr*, Nb*,
Ta*, Mo", and Mo*" oxides, which indicates the formation of a passivation layer that protected the alloys
from severe corrosion.

CONCLUSIONS AND FUTURE OUTLOOK

HEAs present abundant opportunities to search for new materials with properties and performance that can
exceed traditional dilute alloys. While the potential for this new class of materials is promising, the vast
composition and microstructure space is too large to explore efficiently via traditional metallurgical
techniques based on trial-and-error approaches. This review article highlights important advances in
combinatorial studies that either present high-throughput methods to rapidly filter out undesirable
materials or provide insights into general rules of thumb to allow researchers to design high-performance
materials more efficiently.

The ultimate goal is to ensure that researchers spend more time understanding how to design and
manufacture high-performance HEAs for industrial applications and less time on repetitive sample
preparation and characterization methods. Implementing efficient high-throughput methods can minimize
the time spent studying sub-optimal alloy compositions, which maximizes the resources spent on
improving the most promising alloys. First, this review explores the high-throughput computational
techniques that can down-select the design space before experimental characterization is even attempted.
Then, it presents works that use additive manufacturing as a solution to produce large combinatorial
libraries of bulk sample materials at length scales comparable to those expected during service and
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applications. Finally, high-throughput material characterization is highlighted for rapid understanding of
the relationships between composition, microstructure, and material properties. This review article serves as
a guideline for developing workflows that can efficiently discover new high-performance HEAs. To this end,
several research frontiers in the field are put forward:

1. Machine learning (ML) techniques can provide predictions of massive design space, but there currently
exists a shortage of robust training sets for HEA compositions. Further investment in high-throughput
computational techniques that can produce these robust databases, such as CALPHAD, first-principles
calculations, and molecular dynamics simulation, is needed. Once these databases are sufficiently
established, ML techniques can provide highly reliable predictions of the phase constitution for unknown
compositions. They can even predict bulk properties such as yield strength and density.

2. Additive manufacturing provides a means to rapidly produce bulk samples of varying compositions and
microstructures. However, AM materials are prone to defects that can significantly deteriorate performance.
Further studies, including in-situ characterization during 3D printing, are needed to better characterize the
small-scale physics, in-situ alloying chemistry, and macroscale defect formation to reduce the work needed
in preliminary optimization.

3. Data collection and analysis of material characterization techniques need to be further automated to
enable high-throughput characterization of enormous materials libraries without significant time
investments from researchers. Such techniques as phase, composition and microstructure characterization
may need to be carried out in parallel to maximize the efficient use of equipment with overlapping
functionalities, such as SEM with EBSD capabilities. Additionally, data processing automation is critically
needed to rapidly characterize the vast number of compositions that are explored in high-throughput
experiments.
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