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Abstract: Multi-principal element alloys (MPEAs) are characterized by a high-dimensional ma-
terials design space, and data-driven models can be considered as the best tools to describe the
structure–property relationship in this class of materials. Predicting the prevalence of an intermetallic
(IM) phase in a high-entropy alloy (HEA) regime of MPEAs has become a very important research di-
rection recently. In this work, Automatic Featurization capability has been deployed computationally
to extract composition and property features from the datasets of MPEAs. Data visualization has
been performed, and through principal component analysis, the relative impacts of the input features
on the two principal components have been specified. Artificial neural network is then trained upon
the set of compostion, property and phase information features. A GUI interface is subsequently
developed on top of the prediction model to enable the user-friendly computer environment for
detection of the IM phase in a compositionally complex alloy.

Keywords: automatic featurization; intermetallic compounds; high entropy alloys; principal
component analysis; neural network analysis

1. Introduction

The procedures and methods of phase detection in high-entropy alloys (HEAs) are at
the forefront of the materials research community in today’s time. After it was established
by Cantor [1] and Yeh [2] in two separate research works that HEA can form suitable and
desirable phases structures and can have potentially much more beneficial uses compared
to traditional single principal element alloys, there have been enormous efforts from the
researchers within and beyond the materials science research community regarding the
improvement of the techniques of phase detection in these new multi-principal element
alloys (MPEAs). The fact that HEAs are structurally different from a traditional or conven-
tional alloy system poses several difficulties and challenges in using empiricial rules for
the phase detection and prediction in the former materials. So, a new method or a shift in
paradigm for the phase prediction or classification is exactly the need of this hour [3].

In order to properly understand the usage of the terms—high-entropy alloys, medium-
entropy alloys (MEAs), multi-principal element alloys and compositionally complex alloy—
throughout this work; it is necessary to briefly distinguish them from the viewpoint
of composition and entropy-based definitions. An MPEA has at least three principal
elements [4] and has the configurational entropy always larger than 1 R (where R is the
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universal gas constant). The compositional definition criteria stipulate that the constituent
principal elements of an MPEA have a composition range constrained between 5 at %
and 35 at %. Now, HEA is a subset of the alloys of the MPEA class characterized by
configurational entropy larger than 1.5 R [5]. The number of principal elements in HEA is
equal to or larger than five. MEAs on the other hand, have configurational entropy between
1 R and 1.5 R, and the number of components in MEA is either three or four.

In this new era of informatics where machine learning and artifical intelligence can
be found being used ubiquitously in almost every field of research and development,
the material science community is also gearing up with the trend of these new state-of-
the-art technologies to accelerate materials design and discovery. Especially, artificial
neural network (ANN) has been very popular in the composition-based and mechanical
property-based design of alloys [6,7]. Different statistical tools and machine learning
tools are being used by many research works for the general phase classification of the
HEAs [8]. As the most preferred phase in the alloy system is a simple solid solution
(SSS) phase with a definite crystal structure, more and more research work is found to be
dedicated for the detection/prediction of solid solution phase. However, in the context of
the current scenario where the advancement in materials technology is accelerating at a
greater pace, the beneficial aspects of other phases such as intermetallics compounds (IMC)
and amorphous phases should also be considered as the topic of greater importance. Even
some researchers are proposing to make a focus shift toward IMC containing HEAs [9,10].

Intermetallic (IM) phases have found applications in superconductors, high hard-
ness materials, catalytic materials development and energy storage technology such as
lithium-ion batteries, fuel-cells, etc. [3]. Although the design of IM phases in the context of
conventional alloys is not a very new material research area, their design and discovery in
HEAs materials is a very new research idea. The state-of-the-art knowledge of structural
features and the prevalence of IMCs in HEA is considered to be quite a cumbersome and
challenging process due to the need for a fully experimental study by literally making
the alloy in the first place. Since MPEAs are located at or near the central region of the
multi-component materials design space, they are thought to possess a unique blend of
enormous desirable and exceptional properties [11,12]. These materials are often referred
to as emergent materials. However, as the multi-component MPEAs lack a universal phase
diagram [13], it is quite understandable that the IM phase design or discovery in such
materials remains an unexplored area. The first step in studying these emergent materials
is to develop robust yet lucid computer tools that can help with identifying or detecting the
presence of the IM phase.

The key introductory step in the HEA materials design is to know its phase and
microstructure, which then can help in identifying their potential superior qualities. The
datasets are the founding source of information for knowledge development regarding the
phase stability detection in HEA materials. Machine learning and statistical tools are the
most appropriate techniques for determining the phase stability criteria for intermetallic
phase formation in MPEAs (especially in context of HEAs). In this work, an artificial neural
networks (ANN) algorithm will be implemented to functionally approximate the relation-
ship between the IMC phase stability and the corresponding composition and property
features of the MPEAs. Then, a graphical user interface application called “IMCATHEA”
will be built on the top of this machine learning model to detect whether the system of
high-entropy alloy contains an intermetallic compound. In our previous work [11], ANN
was employed to predict all the phases (solid solution, intermetallic and amorphous phase)
present in an MPEA. The pyMPEALab GUI was developed upon a 34-element framework
from a dataset consisting of 1229 observations, and the output of the ANN was a multi-
label classification problem. Moreover, the composition and property features for these
1229 features were entered manually in the dataset file in our previous work [11].

The machine learning model development work in the present work differs from or
evolves upon our earlier work [11] in three major themes—(a) mathematical structure
of the output layer of the model, (b) size of dataset, and (c) feature extraction capability.
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For an ANN to address the specific need of IMC detection (presence or absence in an
MPEA system), its output layer’s mathematical formulation has to represent a binary label
classification problem. The IMCATHEA toolkit developed in the present work will be
solely based upon this purpose of IMC phase detection in a compositionally complex
alloy system. Moreover, this work will encompass an expanded dataset—consisting of
1301 observations and a total of 41 elements. To enable the acceleration of the data-driven
algorithm development procedure, it is imperative to develop efficient libraries that can
help with automatically preprocessing the data. This work is a breakthrough from our
previous work, as it will implement an Automatic Featurization capability during the
data preprocessing stage that can extract the composition and property features from the
information of the name of the MPEAs.

The methodology outlining the procedure of developing the IMCATHEA GUI software
toolkit is schematically presented in Figure 1. As shown in the figure, the total process is
categorized into two major stages. Stage I is associated with the data treatment and model
training from the processed data. This is followed by the construction of the GUI interface
on top of the prediction model in stage II.

Figure 1. The construction of the digital toolkit for the prediction of the presence of an intermetallic
(IMC or IM) phase in a given HEA system is complete within the two stages. Stage I involves
data preprocessing and training of the neural network, and the subsequent stage II incorporates
the deployment of a GUI interface built upon the prediction model. The capabilities of Pymatgen
and Matminer libraries are utilized to establish the numerical fingerprints associated with the input
composition features. These composition features are then utilized by the python code to compute
the property features. Literally, the calculation and featurization task in stage I is enriched with
automatic featurization capability.

2. Materials and Methods

This section is dedicated to outlining the details of data treatment and model train-
ing procedures (stage I). Collecting the data of multi-principal element alloys (MPEAs),
featurization of data, visualization of the features and methodology for training the data
using neural network model are the steps required to accomplish this stage. Although the
result of model training and validation includes the components of stage I (Figure 1, it is
excluded from this section and will be presented in Section 3.
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2.1. Data Preparation

In data-driven models, the first and the mandatory step is the collection and process-
ing of the datasets. The dataset consisting of the phase(s) information of 1301 MPEAs
was obtained from existing literature [4,8,13–19]. The originally collected data were first
obtained as a csv file with two columns—(i) name of the MPEA and (ii) thermodynamic
information. As illustrated in Figure 1, the first part of data processing is the calculation
and featurization of the collected data. Since the nomenclature of an MPEA consists of the
information of the constituent elements and their relative proportions, it can be operated
on by the Python-based libraries to extract the composition features needed by the machine
learning model. The molar fraction of the constituent elements (composition features) was
extracted from the data file using opensource Python libraries: Pymatgen (Python Materials
Genomics) [20,21] and Matminer [22]. For the present work, the original dataset consists
of a total of 41 elements (Li, Be, B, Na, Mg, Al, Si, Ca, Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu,
Zn, Ge, Sr, Y, Zr, Nb, Mo, Ru, Pd, Ag, Cd, In, Sn, Sb, La, Ce, Nd, Gd, Yb, Hf, Ta, W, Au,
Bi), and so, an MPEA is digitally identified or represented by numerical values of 41 mole
fraction features. A value of zero was assigned to the mole fraction of the elements that
are not present in the alloy. This featurization of alloy composition was further employed
to systematically compute the six thermophysical properties—atomic size difference (δ),
entropy of mixing (δsmix or δsm ), enthalpy of mixing (δhmix or δhm ), electronegativity,
valence electron concentration (VEC) and the Omega parameter (Ω). The mathematical
definitions of these six properties have been provided in our previous works [11]. One
hot encoding method was applied to convert phase labels into numerical fingerprints. As
the purpose of this study is to design the software library capable of finding whether a
given material consists of an IMC phase or not, the phase data were further simplified into
two main labels: IM and Not IM. The IM class consisted of the group of materials that
has intermetallic present solely existing or co-existing among other phases. On the other
hand, Not IM implied that the MPEAs are devoid of IMC phases. The Python code for
the calculation and featurization procedure outlined in Figure 1 is made available online
at https://github.com/subediupadesh/AutomaticFeaturizerMPEA. It is important to
note that this Python computing the alloy properties using solely the composition feature
information will serve as the preprocessing calculation library in the GUI app discussed in
Section 3.2. Owing to its capability to first extract the composition feature from the name of
MPEA and then compute thermodynamic/physical and chemical properties using these
composition features, the Python code has been termed “Automatic Featurizer for MPEA”.

The script for the automatic featurization was tested for the computation of the
thermophysical and chemical properties of many MPEAs. Table 1 presents an illustration
of the computation made in Ti0.8CoCrFeNiCu MPEA (HEA containing BCC + Laves phase).
Once the name of the MPEA is entered as a syntax mpea = ‘Ti0.8CoCrFeNiCu’ in the script,
the feature extraction is initiated, and the properties are subsequently calculated. It can be
inferred that the values of Ω, melting temperature, enthalpy of mixing, entropy of mixing,
and the atomic size difference computed by the Automatic Featurizer library for this MPEA
are in reasonable agreement with the values presented in the work of Yang and Zhang [23].

https://github.com/subediupadesh/AutomaticFeaturizerMPEA
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Table 1. Tabulation of the values of the properties—VEC, Ω, Tm, ∆Hmix, ∆Smix, ∆χ and δ of
Ti0.8CoCrFeNiCu HEA, computed using the Automatic Featurizer library in this present work. It is
to be noted that the melting temperature (Tm) property of the HEA is being used in the computation
of the Ω property feature, and thus, Tm data will not be considered as a separate feature in the ANN
of this present work. In this table, the values of Ω, Tm, ∆Hmix, ∆Smix, and δ for the HEA calculated in
this work are compared with the corresponding values presented in Yang and Zhang [23].

Properties Values (This Work) Values (Ref. [23])

VEC 8.138 —
Ω 3.992 3.95
Melting temperature
(Tm) 1792.68 K 1785.66 K

∆Hmix −6.6783 kJ/K −6.75 kJ/K
∆Smix 14.87 J/(mol K) 14.89 J/(mol K)
∆χ 0.1332 —
δ 6.5 % 5.26 %

2.2. Visualization of Data

The preliminary visualization of the data was accompished using pairplot diagrams.
The features corresponding to the thermodynamic, physical and chemical properties as
well as phase information were visualized using the pairplots in Figure 2. In the top image

(Figure 2a), the data corresponding to ∆Hm, ∆Sm, Ω (=
Tf ∆Sm

|∆Hm | ) and VEC are presented. On
the other hand, the bottom image (Figure 2b) consists of the information about the features
∆Hmix, number of components (N), electronegativity difference (∆χ ) and atomic size
difference (δ). In both images, IM and Not IM labels have been distinguished for the data
points. These combined pairplots are very informative in terms of obtaining a summarized
insight of the scatter of the MPEAs on the property and components coordinates. For an
example, looking at the pairplot between ∆Hm and ∆Sm in Figure 2a, it can be observed
that the alloy samples are uniformly scattered. However, the use of the Ω parameter against
∆Hm makes the data more skewed, suggesting that this feature will aid the ML algorithm
to learn more easily. Moreover, such graphical plots are helpful for having an idea about the
presence domain of IM phases. In Figure 2b, observing the plots of N versus one of the other
properties—∆Hm, ∆χ and δ, it can be inferred that the intermetallics phase is mainly
prevalent in materials with a number of components (N) equal to or less than 3 (while
the materials with N = 3 in the dataset are medium-entropy alloys, those with N = 2 are
not listed under the category of MPEAs). The IMC phase is also commonly present for
MPEAs with the high number of components (N = 7), but it has a lower probability of
occurrence for the materials with an intermediate number of components (N = 4–6). Hence,
it can be inferred that the IM phase is less prevalent in medium-entropy alloys of N = 4
as compared to MEAs with N = 3. The probability of prevalence of the IM phase in HEAs
is however the opposite trend as compared to medium-entropy alloys. IMCs are not so
commonly found in HEAs, as they have fewer components (N = 5 and 6), whereas they
become more statistically prevalent with HEAs that have a larger number of elements
(N = 7). This is consistent with the findings reported in Senkov et al. [24]. It is quite obvious
that the extremely low magnitude of configurational entropy at N = 2 or 3 is favorable
for the prevalence of an intermetallic phase. While the rise in configuration entropy is
dominant enough to suppress the intermetallic phase formation at N = 4, 5 and 6, it is
quite inadequate to do so at N = 7 or higher. At such a higher number of components, the
probability of having at least one pair of elements promoting the intermetallic compound
formation increases drastically.

The advanced data exploration was performed in the aftermath of preliminary visualiza-
tion. As highlighted in Section 2.1, the data consist of 41 composition features, 6 properties
features and 1 feature related to phase information. The data with a total of 48 features (input
+ output) are high-dimensional data, and the presence of an inter-correlationship among these
features makes it more challenging to obtain consolidated information from such type of data.
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In order to perform optimum data exploration, dimensionality reduction is the solution, and
principal component analysis (PCA) can help in attaining this purpose. In this study, the re-
duction in dimension of the data (consisting of 48 features) was achieved by representing these
features as two orthogonal components (principal component 1 and principal component
2). The two principal components are uncorrelated to each other, and this helps in the easy
visualization of the dataset. With these two principal components as the axes of the graphical
plots, the distribution of the data points is presented in Figure 3. It is significant to note that
the IM (red-colored dots) are clustered more in the central space of the graph, whereas the
Not IM (green-colored dots) class are present dominantly at the extreme peripheries. The
significance of the data features to the calculation of PC1 and PC2 was also assessed with
the help of eigenvectors. Depending upon the sample alloys, certain elements have more
weightage over other elements. The details about the relative importance of composition
features over the calculation of principal components are considered under the scope of future
study. With the help of the absolute values of the eigenvectors, the top three thermodynamic,
physical and chemical properties that largely influence the principal components were sorted
out for each PC1 and PC2. In context of PC1, VEC (−0.37), ∆χ (0.25) and ∆Sm (−0.11) were
outlined as the most significant property features. On the other hand, ∆Sm (−0.15), δ (0.14) and
∆Hm (−0.1) were the property features that are the three most important for the computation
of PC2. The ± sign in front of the values for coefficients shows the direction of the vectors.

Figure 2. Pairplots for visualization of the different features of the collected dataset. The fingerprints—
namely, mixing enthalpy (∆Hmix or ∆Hm), mixing entropy, Ω and VEC—are ploted in (a), whereas
the scatter distributions of mixing enthalpy, number of components (N), electronegativity and atomic
size difference are compared in (b). The scattered data are classified as IM and Not IM. It is to be
noted that IM represents that the system can have either an intermetallic compound (IMC) phase or
can be the IMC in combination with other phases such as AM, SS, FCC, and BCC. Not IMC simply
means that a given MPEA does not have an IMC phase.
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Figure 3. The dataset distribution of the IM and Not IM labels has been visualized using the two
principal components (PC 1 and PC 2). The alloys consisting of intermetallic phase at full or partial
proportion (IM) are represented by red-colored points, whereas the alloys devoid of intermetallic
phase (Not IM) are shown as green-colored dots.

2.3. Model Construction and Training

With the overview of the base data of the high-entropy alloys and its features, it has
already been understood that the materials consisting of the IM phase can be categorized
separately with those materials not having these phases. Artificial neural network (ANN)
has been chosen in this study as the machine learning (ML) model to perform this classifi-
cation task. The neural network algorithm was designed to consist of four hidden layers
(HL 1, HL 2, HL 3, and HL 4). Corresponding to the total number of composition and
property features, the input layer was assigned 47 different input features. The first hidden
layer (HL1) was assigned with the number of neurons equal to the number of input features
(No. of neurons in HL 1 = 47). HL 2, HL 3 and HL 3 were designed to be identical in terms
of their size, and each of them were allocated 10 neurons. The output layer consisted of
a Sigmoid activation function. The task of classification at the output will be to separate
MPEAs with an IM phase or without an IM phase, and an encoding method (IM = 1 and
Not IM = 0) was utilized in the dataset (described in Section 2.1) to enable it to be machine
readable by the neural network algorithm.

The neural network model of Figure 1 was compiled in TensorFlow software [25] using
the train, test and validation ratio of 80:10:10. As shown in Table 2, several sets of models
were trained upon the variation design of the hyperparameters—learning rate, activation
functions, and optimizer function. The learning rate for the model was varied between
constant values from 2.5 × 10−5 to 1 × 10−3 and increasing values within the same range
with an even spacing of 2.5 × 10−5. Similarly, several sets of combinations were made with
the two activation functions used in hidden layers—namely ReLU (Rectified Linear Unit)
and LeakyReLU (Leaky Rectified Linear Unit) functions. SGD (Stochastic Gradient Descent)
and Adam optimizers [26] were selected as the two types of optimizer functions for tuning
the models. Among all the models, the best-performing model (BPM) was defined as the
one that yields the optimum accuracy values for both the train and validation data. The
model with a constant learning rate of 9.5 × 10−4 using the Adam optimizer function and
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having the ReLU function as the activation function for the first hidden layer (HL 1) and
LeakyReLU for the remaining three (HL 2, HL 3, HL 4), was designated as the BPM, and its
performance metrics (accuracy and loss metrics) will be presented in Section 3. In order to
use the neural network model at its most optimized state, an early stopping feature was
employed in the machine learning algorithm.

Table 2. Design variation in the three hyperparameters for sorting out the best performing model. Here,
ReLU stands for rectified linear unit, LEAKY-ReLU is a modified rectified linear unit, Adam name is
derived from adaptive moment estimation, and SGD stands for stochastic gradient decent.

Varied Hyperparameters Range of Values/Types/Design

Activation functions in HL Varied combinations of ReLU and LeakyReLU

Optimizers Adam, SGD

Learning rate range (2.5 × 10−5–1.0 × 10−3: constant or stepped
(step size = 2.5 × 10−5))

3. Results and Discussion

The results and discussion section includes the result of model training (stage I) and
development of application based upon the prediction model (stage II).

3.1. Performance Metrics of the BPM during Training and Validation

The training and validation accuracies for the BPM neural network model are pre-
sented in Figure 4a. As shown in the figure, both the training and validation accuracies rise
with the increase in the number of epochs. It is noticeable that the validation accuracy is
higher than the training accuracy during the initial model run (epoch 0 to epoch 3). On
average, the rate of increase in training accuracy is larger than that of validation accuracy.
At epoch s in the range 4–6, the two accuracies (training accuracy = 0.9010 and validation
accuracy = 0.9048) are nearly equal. At and beyond epoch 7, the training accuracy surpasses
the validation accuracy. At epoch 10, the validation accuracy is 0.9096, whereas the training
accuracy is 0.9197. With both the training and validation accuracies reaching above 90%,
it can be inferred that the neural network model is cross-validated, and so, now, it can
be readily deployed for MPEAs classification as well as the prediction of an intermetallic
phase beyond the training data.

The two curves in Figure 4b represent the variations of training and validation loss of
the model with the epochs. For a binary classification problem, the binary cross entropy
(BCE) function is one of the commonly employed cost functions [27]. Since the IMC
detection task is a binary classification problem, this work utilizes the BCE function in the
model training and validation tasks. By the end of epoch 10, the training loss and validation
loss for the model are 4.61 × 10−2 and 5.65 × 10−2, respectively.

3.2. GUI Interface on Top of Prediction Model

The best performing model was selected as the prediction model. A graphical user in-
terface (GUI) application “Intermetallics Compound at High Entropy Alloys”
(Acronym = IMCATHEA) was then built over this prediction model. The application
is licensed under GNU General Public License (GNU GPL), and the source code of the
library can be found at https://github.com/subediupadesh/IMCATHEA.

https://github.com/subediupadesh/IMCATHEA
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Figure 4. Accuracy metrics of the best performing model is shown in (a). The curves corresponding
to the BCE loss function of the same model is presented in (b). The number of epochs is controlled by
the early stopping switch activated during the neural network training procedure.

The layout of the IMCATHEA GUI platform is shown in Figure 5. As illustrated in
the figure, the input part is made available at the left part of the GUI. Upon supplying
the number of components in the high-entropy alloy (HEA) or multi-principal element
alloys (MPEAs), the user will be able to select the consituent elements of the alloys from
the dropdown list. Then, by providing the numerical values related to the composition,
the user can click the “Predict IMC” button. Upon this input of the constituent elements’
composition information, the in-built “Automatic Featurizer” library placed along with
the prediction model will automatically compute the total of 41 composition features and
six property features. The machine-computed 47 features will be automatically supplied
as input to the prediction model, which will then output the classification result. For
example, in the figure, the task is to know whether the CrNbTiZr MPEA is composed of an
intermetallic compound (IMC) phase. The number of components is selected as four, and
the constituent elements Cr, Nb, Ti and Zr are selected from the in-built dropdown list. As
the molar fraction of each of the four components is equal to 0.25, the value of 1 is supplied
for every element, and the button “Predict IMC” is clicked. The automatic featurization
library of the software app then automatically computes the molar fraction of consituent
elements, and it assigns a 0 value of mole fraction to the remaining absentee 37 elements.
With the calculation of the mole fraction of the 41 elements (composition procedures), the
Automatic Featurizer then proceeds to the computation of δ, enthalpy of mixing, entropy
of mixing, melting temperature (required for Ω calculation), Ω, electronegativity difference
and VEC. These values are displayed on the dashboard. With all of the composition and



Metals 2022, 12, 964 10 of 13

property features for the CrNbTiZr MPEA being made available as input, the model then is
enabled to make the predictions, and for this alloy, it has been estimated by the model that
the MPEA system has an IMC phase in it. Newer predictions for different alloys can be
enabled by pressing the “RESTART” button.

The incorporation of Automatic Featurization capability in IMCATHEA software is
viewed as an initiative to enhance the user-friendliness of the toolkit. An user can utilize
the toolkit for detection of the IMC phase in an MPEA of interest without having a need to
have knowledge and information about the detailed materials properties of the alloy. At
the current stage of development, IMCATHEA has been tested and validated for MPEAs
with N = 3–7. Thus, the GUI can be used to estimate the presence/absence of the IM
phase in all MEAs (N = 3, 4). With the maximum limit of N designated as seven, this GUI
therefore can be deployed for the detection of IM only for HEAs composed of five, six, or
seven elements. Although the dropdown list of the GUI offers the possibility to choose
upto 41 elements and thus compute properties/features for HEAs with N up to 41, the
discussion on accuracy in relation to the prediction tasks for any such HEAs with N larger
than seven is considered beyond the scope of present work. Upon collecting more data for
HEAs with N larger than seven, future works will be focused on detecting IMC phases in
MPEA with N in the range 8–10.

Figure 5. The layout design of IMCATHEA GUI interface.

4. Conclusions

The detection of intermetallic (IM) phase in the MPEA system is very important for the
design and development of emergent materials. Considering the potential applications of
intermetallic compounds and high-entropy alloys in a multidisciplinary field, it is required
to develop software (on materials science) that is simpler to use on one hand and that has
robust performance on the other hand. In the era of data science, the blend of simplicity
and robustness becomes even more relevant. The current work focused on developing
a GUI library with automatic feature calculators for materials, which is inspired by this
intuition. The following conclusions have been derived from the present work:

i A Python script was written to enable the automatic extraction of composition and
property features from the name of the MPEAs in the dataset of 1301 MPEAs. The
phase feature was simplified into two main labels—IM (presence of intermetallic
phase) and Not IM (absence of intermetallic phase).

ii Pairplots and principal component analyis were utilized for the data visualization. It
has been observed that intermetallic phase data were more abundant in the materials
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with either components less than three (binary intermetallics and medium-entropy
alloys) or high-entropy alloys with N > 6 . In the multi-principal element alloys with
N in the range four to six, the intermetallic phase was less prevalent. The significance
of property features or variables in the computation of principal components was
quantitatively assessed during PCA.

iii An artificial neural network was trained upon the datasets of MPEAs. A model
using ReLU and LeakyReLU activation functions at hidden layers, using the Adam
optimizer function, and learning rate of 9.5 × 10−4 exhibited the training accu-
racy and validation accuracy of 0.9197 and 0.9096, respecctively, at epoch 10. This
properly cross-validated model was then chosen as the prediction model.

iv In order to ensure the easy usage of the libraries, a GUI software named “IM-
CATHEA” was built upon the automatic featurization library (preprocessor) blended
together with the prediction machine learning model. The availability of an Auto-
matic Featurizer enables the successful IM phase prediciton in the alloy without
having the need to manually supply the input features to the prediction model.
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Abbreviations
The following abbreviations are used in this manuscript:

AM Amorphous phase
ANN Artificial Neural Network
BCC Body-Centered Cubic
BCE Binary Cross-Entropy
BPM Best Performing Model
FCC Face-Centered Cubic
GUI Graphical User Interface
HEA High-Entropy Alloy
IM Intermetallics
IMC Intermetallic Compounds
LeakyReLU Leaky Rectified Linear Unit
MEA Medium-Entropy Alloy
ML Machine Learning
MPEA Multi-Principal Element Alloy
PC 1 Principal Component 1
PC 2 Principal Component 2
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PCA Principal Component Analysis
ReLU Rectified Linear Unit
SS Solid Solution
SSS Simple Solid Solution
SGD Stochastic Gradient Descent
VEC Valence Electron Concentration
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