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Abstract: With the development of society, there is an increasingly urgent demand for light-weight,
high-strength, and high-temperature-resistant structural materials. High-entropy alloys (HEAs) owe
much of their unusual properties to the selection among three phases: solid solution (SS), intermetallic
compound (IM), and mixed SS and IM (SS and IM). Therefore, accurate phase prediction is crucial
for guiding the selection of element combinations to form HEAs with desired properties. Light
high-entropy alloys (LHEAS), as a significant branch of HEAs, exhibit excellent performance in terms
of specific strength. In this study, we employ a machine learning (ML) method to realize the design
of light-weight high-entropy alloys based on solid solutions. We determined the Gradient Boosting
Classifier model as the best machine learning model through a two-step feature and model selection,
in which its accuracy and F1_Score achieve 0.9166 and 0.8923. According to the predicted results, we
obtained AlygLizsMg157Zn;9Cuj; LHEAs, which are mainly composed of 90% solid solution. This
alloy accords with the prediction results of machine learning. But it is made up of a two-phase
solid solution. In order to obtain a light-weight high-entropy alloy dominated by a single solid
solution, we designed AlysLijsMgpsZngCuys LHEASs on the basis of machine learning prediction
results accompanied by expert experience. Its main structure includes a single-phase solid solution.
Our work provides an alternative approach to the computational design of HEAs and provides a
direction for future exploration of light-weight high-entropy alloys.

Keywords: light-weight high-entropy alloys; machine learning; alloy design; structure prediction

1. Introduction

The pursuit of high-strength light-weight structural components has always been an
advanced research focus in the aerospace industry, especially with the blooming devel-
opment of new-generation high-demanding warcraft, such as supersonic aircraft, high-
demanding warcraft, space vehicles, etc. While traditional high-strength aluminum alloys
can meet the corresponding performance requirements, their strength and elastic modu-
lus drop rapidly at high temperatures, rendering them to service in extreme application
environments [1]. Magnesium and titanium alloys are also limited by their low strength
and they are cost-prohibitive, which are imposed restrictions as structural components
in the aerospace industry. Additionally, the development of traditional alloy systems is
nearly saturated, which makes a difficult increment create new alloy systems owing to the
constraints of the design principles for traditional alloys.

In the early 21st century, Yeh and other researchers introduced the concept of high-
entropy alloys (HEAs), defining them as alloys containing at least five principal elements,
with the atomic percentage of each major element falling between 5% and 35% [2-4].
Multi-principal element high-entropy alloys, after solidification, tend to form structurally
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simple solid solutions, contrary to the formation of numerous intermetallic compounds,
as traditional concepts suggest. Compared with traditional alloys, high-entropy alloys
have excellent properties, such as high strength [5-8], high hardness [9-11], high corrosion
resistance [12-14] and high-temperature resistance [15-17]. Since it was proposed in 2004,
HEAs have attracted wide interest not only because of their performance advantages, but
also because they open up a vast new field in alloy design.

As a significant branch of HEAs, LHEA alloys possess outstanding specific strength
advantages compared to traditional light-weight alloys and show promising application
potential in future extreme environments and military fields. Nevertheless, in the early
research on Light high-entropy alloys (LHEAs), due to the lack of guiding empirical criteria,
most publicly reported that light-weight high-entropy alloys have complex structures and
poor plasticity [18-20]. Whether HEA exhibits excellent properties depends on which phase
HEA is used in solid solutions (SS), intermetallic compounds (IM), and mixtures of SS and
IM (SS + IM). It is precisely because of the existence of the SS phase that HEAs have the
above excellent performance. In contrast, the presence of a brittle IM phase reduces ductil-
ity [21]. Therefore, accurate prediction of the results of a given combination of components
is critical to the development and application of new HEAs. Moreover, due to compositional
characteristics, the design of HEAs faces a high-dimensional and complex search space,
which makes it difficult to rapidly and accurately design reasonable alloy compositions by
traditional empirical trial-and-error methods. The machine learning method exhibits the
capability to extract new information from existing experimental data, explore complex
hidden relationships among various parameters, establish accurate predictive models, and
fully leverage the role of experimental data. Clearly, this emerging method can effectively
improve the speed of developing new alloy compositions. Li et al. [22] established a dataset
of 322 as-cast alloy compositions and accurately differentiated FCC (face-centered cubic),
BCC (body-centered cubic), and NSP (not forming single-phase solid solution) phases
using an optimized support vector machine model, achieving a model accuracy of up to
90%. Nong et al. [23] studied the stability of cubic structures from the perspective of atomic
size differences, and established a backpropagation artificial neural network based on the
calculated solid solution physical parameters and structural characteristics of cast HEAs to
predict alloy structures. The predicted values of the training set and the test set are in good
agreement with the experimental values, and the correlation coefficients R? are 0.988 and
0.824, respectively, indicating that the performance of BP-ANN has accurately predicted
the structure of cast high-entropy alloys. Huang et al. [24] used three different machine
learning algorithms, K-nearest neighbors (KNN), support vector machines (SVM), and
artificial neural networks (ANN), to cross-validate an experimental dataset which found
that the trained ANN model performed the best among the three ML algorithms, achiev-
ing an accuracy of up to 94.3%. Despite extensive research on machine learning-assisted
material design, there are no reported studies on the design of ultra-light-weight HEAs
(AILiMg system).

In this work, as shown in Figure 1, we combine a data-driven approach with knowl-
edge in the field of HEAs to achieve the designs of LHEAs, with solid solution phases
dominating. The experimental validation was conducted for the microstructures of alloys
to demonstrate the reliability of the material design approach assisted by machine learning,
providing guidance for the development of low-density LHEAs.
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Figure 1. Rational design approach of new light-weight high entropy alloy. (a) Machine learning
process; (b) alloy design strategy.

2. Machine Learning Design Strategy
2.1. Data Collection and Analysis

The development of HEAs has a history of less than two decades and has not es-
tablished comprehensive databases (such as MatWeb [25] and other standard databases).
Therefore, the dataset of LHEAs was built by data collection from the literature. Because
research on LHEAs is still in its preliminary stage, there is no universally agreed-upon defi-
nition [26-28]. This study summarizes that the reported densities of LHEAs generally range
from 2 to 6 g/cm3. After removing redundant and incomplete data, we collected 97 data
with densities below 6 g/cm3, including atomic percentages, mass percentages, types of
phases, and processing methods. The elemental distribution of all alloys is illustrated in
Figure 2 where Al, Li, Mg, Zn, Cu, and Ti are the predominant elements in the dataset.

AlMgLiCuZnTiCr VMnSiCaFeNbZr Sn SrYbNiMoBeNiMoLaCe

Elements

Figure 2. Histogram of phase element distribution.
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Currently, most LHEAs display complex microstructure, especially in the AlLiMg
system. Therefore, we established a set of rules in the process of data classification: if the
proportion of SS in the alloy is above 90%, it is classified as a single-phase solid solution;
if the proportion of SS is between 50% and 90%, it is identified as a combination of solid
solution and intermetallic compound phases; if the proportion of SS is less than 50%, it is
considered a structure of intermetallic compounds. By applying these rules, the dataset is
divided into 22 data of SS, 39 data of SS and IM, and 36 data of IM. These three types of
phase structures are represented by 0, 1, and 2 as classification labels in machine learning
models. The dataset includes ternary alloys, quaternary alloys, quinary alloys, senary alloys,
and septenary alloys, indicating the broad scope of the data. The quantities of different
elementals and the numbers of different phases in the dataset are shown in Figure 2 and
Table 1.

Table 1. Components and phase distribution of different alloys (SS: solid solution, IM: intermetallic).

Alloy SS SS +IM IM Total
Ternary 0 1 5 6
Quaternary 6 2 4 12
Five elements 10 33 21 64
Six elements 3 0 3 6
Seven elements 3 3 3 9

2.2. Screening Method

Researchers have revealed that various factors can have different impacts on the phase
formation of HEAs, such as mixing enthalpy (AH,,;,), mixing entropy (AS,,;,), atomic radius
difference (J), valence electron concentration (VEC), electronegativity (), () parameter,
etc. And they have summarized general empirical criteria for phase formation in HEAs by
extensive exploration [29]: 6 < 6.5%, —15 kJ/mol < AH,,;, <5 kJ/mol, 12 J/(K-mol) < AS,,;
<17.5]/(K-mol), Q) > 1.1. However, it has been observed that these phase formation rules
may not be effective for LHEAs containing high concentrations of light-weight elements
such as Al, Li, Mg, etc. In multicomponent alloys with a significant amount of low-density
elements, configurational entropy does not seem to be the primary factor controlling phase
selection, and low-density multicomponent alloys are not prone to forming simple solid
solutions. Yang et al. [20] suggested that it is challenging to form disordered solid solutions
in low-density AILiMg-LHEAs, despite the existence of configurational entropy effects.
This difficulty may be attributed to the differences in bonding characteristics between
these elements or the lack of d orbitals in low-density elements hindering higher-order
hybridization. Therefore, in addition to the features mentioned above, it is essential to
incorporate as many potential influencing factors as possible that may impact the model to
better identify useful features.

Alloys have various parameters and properties that can be used as input features,
including elemental metrics (atomic number, period, group, orbital electron number, un-
filled orbital electron number, effective nuclear charge, etc.), physical properties (relative
molecular mass, van der Waals radius, atomic radius, ionic radius, covalent radius, density,
melting point, boiling point, weight, etc.), and electrochemical properties (electronegativity,
valence electron number, ionization energy, etc.) [30]. The feature space constructed in this
study contains a wealth of physical and chemistry information, while also involving knowl-
edge from the HEAs field. Finally, 81 feature candidates were generated as inputs of the
ML model. Among them, 17 HEA features were referenced from descriptors constructed by
Wen [31], while other features were generated using ElementProperty, YangSolidSolution,
Miedema, and ValenceOrbital toolkits, calculating the mean and average deviation of alloy
element information. In order to accelerate the computational speed of the model and
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enhance accuracy, we conducted dimensionality reduction on the features [32], and the
generated features were normalized using the following formula:

x — min(x)
max(x) — min(x)

Xnorm = 1)
where x represents the original feature, x;,0;; represents the normalized feature, and max(x)
and min(x) are the maximum and minimum values of feature x, respectively.

2.3. Feature and Model Selection

After completing data preprocessing, it is crucial for training machine learning algo-
rithms and models to select meaningful features, as the quality of features significantly
influences the model’s performance. Feature filtering is eliminating redundant and un-
related features from the original feature space, retaining only the useful ones [33]. The
right choice of machine learning model can significantly reduce model complexity and
save computational time. In our work, we designed a two-step process for feature and
model selection.

The first step utilized Recursive Feature Elimination (RFE) [34], which selects features
based on the importance obtained from the coef_ or feature_importances_ attribute returned
by the learner. The least important features are iteratively removed from the feature space
during model training until the desired number of features is reached. Here, we chose the
Gradient Boosting Classifier model to achieve this process.

The second step is model selection [35]. In order to avoid the Gradient Boosting
Classifier model is not the best optimal choice, we trained 14 different classification models,
including Logistic Regression (LR), Decision Tree Classifier (DT), Support Vector Classifier
(SVC), Random Forest Classifier (RF), and Gaussian NB (GNB), K-nearest Neighbors Clas-
sifier (KNN), AdaBoost Classifier (AB), Gradient Boosting Classifier (GB), XGB Classifier
XGB, LGBM Classifier (LGB), Cat Boost Classifier (CB), MLP Classifier (MLP), SGD Classi-
fier (SGD), and Gaussian Process Classifier (GP). Finally, we selected the three models with
the best performance for the next step.

The third step is carried out according to the Best Subset Selection (BSS) [36] method
for model and feature screening. This method involves exhaustively evaluating multiple
models and features by traversing all possible feature combinations, resulting in the best
model and corresponding optimal feature subset. Models and features selected through
this method are guaranteed to be the best because they explore all possibilities.

During the model and feature selection process, evaluation metrics and methods are
necessary to assess the model’s performance. We employed ten-fold cross-validation to split
the dataset, a method that provides a more reasonable and accurate evaluation, especially
when dealing with small datasets [37]. The performance of the model is determined by
accuracy and F1_Score. Accuracy is the most intuitive evaluation metric, representing the
proportion of correctly predicted samples to the total number of samples. The calculation
is as follows:

1 Nsamples —1 ' '
accuracy(y,§) = — Y. 1(gi = vyi) 2)
samples  j—|

where y is the true value of the sample,  is the predicted value, rg;ples is the number of
samples, and [(x) is the indicator function.

The F1_Score is a metric that combines both precision and recall, providing a balanced
assessment of a model’s performance, especially in situations where there is an imbalance
between classes. Precision and recall are defined as follows:

true positive
true positive + false positive

precision =

©)

true positive
recall = P

(4)

true positive + false negative
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In the context provided, true positive represents correct results, false positive indicates
unexpected results, and false negative signifies missing results. The calculation method for
the F1_Score involves taking the harmonic mean of precision and recall:

precision X recall

_score = (1+p )precision+recall

®)

where the choice of the § parameter determines the relative emphasis on precision and recall.

2.4. Experimental Methods

The experimental alloy ingots were prepared through vacuum levitation melting.
Considering the volatility of Li and Mg elements, we prepared AlLiyy and MgLiyg in
advance, instead of pure metals. Smelting materials are small particles or small pieces.
The purity of all Al, Li, Mg, Zn, and Cu raw materials is 99.99%. Due to differences in
melting points and densities among these elements, the melting process was divided into
multiple stages that added materials from high to low according to the melting point.
Each alloy ingot was melted five times. It is worth noting that the alloy ingot needs to be
weighed after each melting and the volatile elements should be replenished at the next
melting to ensure that the composition is controlled within a reasonable range. In order to
analyze the microstructure of the alloys, the field emission scanning electron microscope
(SEM, JSM-7900F, Tokyo, Japan) equipped with an Octane Elect Super energy dispersion
spectrometer (EDS) was used, which could further distinguish different elements and
calculate the relative content of elements, so as to obtain the content and type of elements
in different phase regions. But, EDS cannot analyze elements with relative atomic mass less
than 7, such as the Li element of the LHEAS in this study.

3. Results and Discussion
3.1. Construction of the Model and Analysis of the Design Results

The results of the RFE process are illustrated in Figure 3a, which shows the accuracy
scores of each round of the RFE.

(a)
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Figure 3. Results of RFE. (a) Features filtering by RFE. The dashed lines in the figure are the
horizontal and vertical coordinates corresponding to the highest accuracy point; (b) PCC diagram of
post-RFE feature.

As can be seen from the figure, the accuracy of the model shows an increasing trend
as the number of features decreases until only nine features remain, which means that
eliminating features of lower importance can effectively improve the accuracy of the model.
When features are further reduced, the accuracy of the model drops sharply, indicating
that key features containing important information are deleted at this time. Therefore, it
can be concluded that the unique subset of the nine features performs best. As a result,
we obtained nine features related to atomic radius, valence electron concentration, mixing
entropy, ionization energy, and thermal conductivity, as shown in Table 2.
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Table 2. Feature candidates obtained from RFE.

Descriptor Definition Descriptor Definition
Mean of . .
ENmean electronegativity ASmix Configuration entropy
Average deviation of Average deviation of the
ENavg 1 . FlEqvg Lo
electronegativity first ionization energy
. Mean of thermal

Nd_Unmean Mean of NdUnfilled TCmean conductivity
" . Average deviation of
D.r Radii local mismatch TCan thermal conductivity

% Radii gamma

After RFE, we analyzed the Pearson correlation coefficients (PCC) between the remain-
ing nine features. Figure 3b displays the PCC heat map, which illustrates the correlation
of features through different shades of colors. In this figure, it can be observed that the
PCC among the remaining nine features are all below 0.9, indicating that there is no strong
correlation between these features.

Figure 4a,b shows the filtering results of the second step. We input the 9 features above
into 14 different classification models, taking into account both accuracy and F1_Scores
comprehensively. By comparing, three models (RF, GB, CB) are determined as model
candidates for the next screening process in that they exhibit the highest accuracy and

F1_Score.
(@) (b)
10k 10 b
R A S
08 F (i % _I. . {' T o%0u 08 foss 07 %
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Figure 4. Model selection and Best Subset Selection. (a) Accuracy of 14 models; (b) F1 score of 14
models; (c—e) Best Subset Selection via 3 models.

All possible combinations of the 10 features were given as the input of models and
examined by three models. The comparison results are depicted in Figure 4c—e. After
BSS, the accuracy of the three models has been significantly improved. However, the
optimal feature subsets corresponding to each model were different, as shown in Table 3.
To select the best model, classification reports were generated for the three models in
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Figure 5, displaying precision, recall, and F1_Scores under different categories. To compare
the models more intuitively, we created a histogram representing F1_Scores for different
categories of each model, as shown in Figure 6.

Table 3. Feature candidates obtained from BSS.

Model Best Subset of Features Accuracy F1_Score
Random Forest Classifier ENimean, ENve, Nd_Unimean, v, 0.8633 0.7965
ASmix, TCavg
Gradient Boosting Classifier EN;‘;%I;'V ?\}gfmzrgc i:mi” 0.9166 0.8923
Cat Boost Classifier ENimean, ENavg, Nd_Unmean, D1 0.8855 0.8343
Y, ASemixy FIEavg, TCavg
( a) Precision Recall F1_Score ( b ) Precision Recall F1_Score
SS 0.72 0.59 0.65 SS 0.86 082 0.84
SS+IM 0.77 0.79 0.78 SS+IM
™M 0.90 0.97 0.94 ™M
ave 0.80 0.78 0.79 ave
( c) Precision Recall F1_Score
SS 0.84 0.73 0.78
SS+IM
™M

Figure 5. The classification report of three models after adjustment. Here, the darker part means
higher F1_Score. (a) Random Forest Classifier; (b) Gradient Boosting Classifier; (c) Cat Boost Classifier.

RandomForestClassificr
1ok GradientBoostingClassifier
. CatBoostClassifier 0.93 0.94 _0.95 0. 96
0.87
0.84
0.8 |- 0.78 0.78
%) 0. 65
(o]
=06
Q
c/)|
=
04
02
0.0 1 1 1
SS SS+IM M
Phases

Figure 6. F1_Score for three models. (Here, orange, green, and purple are corresponding models for
Random Forest Classifier, Gradient Boosting Classifier, and Cat Boost Classifier, respectively).
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The three models have lower scores for SS prediction, possibly because there is less data
about SS in the dataset. GB model’s F1_Score is far greater than the other two models on the
prediction of SS and SS and IM, which shows that the GB model has the best performance.

3.2. New Alloy Composition Design

In our work, it can only be reflected as yes or no in the prediction result because the
classification problem is a qualitative problem. The prediction space contains a large num-
ber of SS components, so we need to take a method to guide us in choosing the appropriate
alloy components for experimental verification. This study designed a resampling method,
as shown in Figure 1b. The specific steps of resampling are as follows: we randomly
selected 10% of the data from the dataset, combined it with the original dataset to create a
new dataset, and then used this new dataset for predictions in the model. This process was
repeated 1000 times.

We chose Al Li, and Mg as the fixed elements for the five-element LHEAs. Addition-
ally, we introduced two elements among Ti, Cu, and Zn, resulting in three alloy systems:
AlLiMgZnCu, AILiMgTiCu, and AILiMgTiZn. The concentration range for each of the
five elements is set to vary within 5 at% to 35 at%, with a step size of 1 at%. Finally, each
alloy search space contained 553,401 LHEAs alloy data and the prediction of the phase
in the search space was carried out by using the well-trained model. In these three sys-
tems, each system has a different probability of forming the SS phase. The AlILiMgZnCu
system has the highest probability, reaching up to 86.4%, while the AILiMgTiCu system
has a maximum probability of 67.2%. But, the AILiMgTiZn system’s probability is be-
low 36%. So, in the AILiMgZnCu system, we selected the composition with the highest
probability—AlgLizsMg157n19Cuy—for experimental validation.

Why is the probability higher only in the AILiMgZnCu system among these systems?
The reason may be related to the mixing enthalpy between the elements. As mentioned
in the criteria for the formation of HEAs phases, it is indicated that —15 kJ /mol < AH,,;,
< 5 kJ/mol is favorable for the formation of solid solution in HEAs. Guo et al. further
narrowed down this criterion range to —11.6 kJ/mol < AH,;;, < 3.2 kJ]/mol. These findings
suggest that the absolute value of AH,,;, = 0 is favorable for solid solution formation.
AH,,;, is a parameter used to explain the interactions between constituent elements in
multicomponent alloys. It can influence the solidification behavior of the alloy and the
composition of phases after solidification. Such as a binary system at the equiatomic
composition (A50B50) for the liquid phase, where the binary mixing enthalpy values
AH;j (where AH;_; is the mixing enthalpy of an A (i-th element)-B (j-th element), the
more negative AH; ; indicates a stronger affinity between the elements. Conversely, more
positive values suggest strong repulsion between the elements. The more negative the
enthalpy of binary mixing between elements, the more favorable the formation of the
amorphous phase. Whether the enthalpy of binary mixing enthalpy is more positive or
negative, it is beneficial to the precipitation of intermetallic compounds [38,39]. On the
contrary, the interactions between constituent elements are extremely weak in alloy systems
where AH;_j is zero or close to zero. In this case, liquid phase separation and the formation
of amorphous phases are almost impossible, resulting in a greater tendency to form solid
solutions [40]. The binary mixing enthalpies between aluminum (Al), lithium (Li), and
magnesium (Mg) elements are close to zero. Hence, it is imperative to select elements that
satisfy the following criteria: their mixing enthalpies with Al, Li, and Mg should be close to
zero, and the mixing enthalpies between the chosen pairs of elements should also be close
to zero. In this way, the alloy system composed of these elements is more likely to form
the SS phase. In fact, only zinc (Zn) and copper (Cu) elements meet this criterion among
common metals, as shown in Table 4. Hence, the high probability of forming the SS phase
in the AlILiMgZnCu alloy system can be explained.
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Table 4. Alloy design of Al-Li-Mg-X (X = Zn, Cu, Ti) alloy systems focusing on AH;_; matrix adapted

from [41].
Al Li Mg Zn Cu Ti
Al - —4 -2 1 -1 —30
Li - - 0 -7 -5 34
Mg - - - —4 -3 16
Zn - - - - 1 —15
Cu - - - - - -9
Ti - - - - - -

3.3. Experimental Verification

Figure 7 displays the microstructure of the AlygLizsMg15Zn;oCujp LHAESs. From the
SEM image in Figure 7a, it is observed that the alloy is mainly composed of continuous
solid solution phases and discontinuous black second phases. According to phase statistics,
the proportion of solid solutions achieved was 90.19%, which was in good agreement with
the prediction result of machine learning. However, it is found that there are obvious
contrast differences in the solid solution phase. In order to elucidate the reasons behind
this, we conducted an EDS analysis, and Table 5 presents the elemental distribution in
different regions of the alloy. It is evident that the brightness differences in regions A and B
result from the distribution of elements, with region A having a higher concentration of Cu,
while region B is dominated by Al and Zn elements. Region C is a Mg-rich second phase
with minor amounts of Al and Zn.

Figure 7. SEM of AlygLizsMgi5Zn19Cuy; alloys with different states. A, B, and C represent phases
of different colors. (a) As-cast; (b) 400 °C/24 h; (c) 430 °C/24 h; (d) 460 °C/24 h; (e) 490 °C/24 h;
(f)520°C/24 h.

In order to promote the redissolution of the second phase and eliminate elements’
eliguation, we have established different annealing heat treatment methods at different tem-
peratures, including 400 °C/24 h, 430 °C/24 h, 460 °C/24 h, 490 °C/24 h, and 520 °C/24 h.
The microstructures of the alloys under different annealing schedules are depicted in
Figure 7b, which can be observed that the size and morphology of different phases have
changed after annealing treatment. The proportion of the second phase decreases, but
the contrast difference in the solid solution becomes more pronounced that phase sepa-
ration occurs in the solid solution. When the annealing schedules are 400 °C/24 h and
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430 °C/24 h, there is no significant change in the alloy’s phase structure, which is attributed
to the insufficient heat treatment temperature, leading to a lack of driving force for element
diffusion. The Mg-rich phase in the alloy significantly decreases as the heat treatment
temperature increases, which shows that the Mg-rich phase redissolved at 460 °C. Simul-
taneously, under Ostwald ripening [42], the same structure of different sizes in the solid
solution phase merged. Further increasing the annealing temperature to 520 °C will not
only lead to phase aggregation but also lead to phase growth which increases the average
grain size. In addition, there are obvious cracks in the microstructure of the alloy, indicating
that the LHEAs belong to brittle materials.

Table 5. Distribution of component elements (atomic fraction, %) in different regions of the
AlpgLizsMgi5Zn19Cuy; light-weight high-entropy alloy.

Element Norminal

Condition Component Al Mg Zn Cu
A 28.2 32.8 8.4 30.6

As-cast B 70.3 5.0 21.5 32

C 5.4 89.2 4.5 0.9

A 28.4 325 8.3 30.9

400°C/24h B 69.1 7.2 21.0 2.7
C 5.5 89.7 3.9 0.9

A 28.7 324 8.2 30.7

430°C/24h B 67.9 10.7 19.1 23
C 6.0 89.3 4.0 0.7

A 27.8 35.0 7.4 29.8

460°C/24h B 69.6 6.5 20.3 3.6
C 6.0 89.7 3.7 0.6

A 26.2 39.3 6.1 28.4

490°C/24h B 70.5 5.5 20.5 35
C 5.6 89.7 4.0 0.7

A 26.4 39.2 6.3 28.1

520°C/24h B 70.2 5.7 20.8 3.3
C 5.3 89.4 4.6 0.7

Although the solid solution proportion of the predicted alloy is as high as 90%, this also
fulfilled the goal of machine learning. However, the solid solution of this alloy is obviously
a two-phase solid solution, and we essentially expect to obtain an alloy dominated by a
single-phase solid solution. So, we continued with the following exploration.

For the two solid solution structures with different compositions, we, respectively,
designed A124L115Mg26ZH9CUQ6 (1#), A121L125Mg24Zn7Cu23 (2#), and A161L115Mg5Zn16Cu3
(3#) LHEAs, whose purpose is to improve the ability of the alloy to form a single solid
solution by adjusting the alloy composition. The SEM and EDS results of the alloys are
shown in Figure 8, and the elemental contents of different phases are listed in Table 6.
Clearly, the 1# alloy achieved a phase structure predominantly composed of solid solution
phases, with the proportion of solid solution phases exceeding 80%. However, there still
existed a small amount of intermetallic compounds. The difference between the 1# and
2# alloys differs in the Li, which makes their structures distinguished. It can be found
that the more Li content, the easier it is to form intermetallic compounds. Compared with
AlygLizsMg15Zn19Cuy; alloys, the elemental content in the solid solution phase of 1# and
2# alloys has changed greatly. The most obvious elements are Mg and Cu, the content of
Mg decreases clearly, and the atomic ratio of Cu increases from 30 at% to 62 at%.

In conclusion, increasing the Cu content and reducing the Mg and Li can be beneficial
to improve the tendency to form the solid solution phase. This phenomenon may be
attributed to the large atomic radius of Mg and Li elements, which is not conducive to the
formation of solid solution phases, and the lack of d-orbital electrons in the electron shell
structure hinders higher-order hybridization with other elements.
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Figure 8. SEM images and EDS maps of light-weight high-entropy alloy. In the picture, region A
is the white phase, region B is the gray phase, and region C is the black phase rich in magnesium.

(@) Alp4Li15Mgp6ZngCuys; (b) Aly LizsMgo4Zn;Cuns; (c) Alg LijsMgsZngsCus.

Table 6. Distribution of component elements (atomic fraction, %) in different regions of the
Alz4Li15Mg26ZI’19CuZ6, A121L125Mg24Zn7Cu23, A161Li15Mg5Zn16Cu3 light-weight high—entropy alloy.

Element Norminal

Number Alloy Component Al Mg Zn Cu
A 14.3 15.3 8.4 62.0

1# A124L115Mg262n9Cu26 B 52.2 52 35.0 7.6

C 1.3 85.3 104 3.0

A 13.2 15.0 8.8 63.0

2# A121 LizSMgz4Zn7CU23 B 51.4 2.3 349 11.4

C 2.6 83.5 12.3 1.6

. A 40.9 6.4 43.3 94

3 Ale1LiisMgsZnisCus B 80 09 116 15

Moreover, the 3# alloy has a network interwoven structure of white phase and gray
phase, and the microstructure is coarse at the grain boundaries. According to EDS analysis,
the white phase has a higher content of Mg, Zn, and Cu elements, while the gray phase is
the Al-rich phase. It is worth mentioning that the network structure of the 3# alloy may

contribute to the improvement of its properties.
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Similarly, we selected 1# and 3# alloys with relatively simple microstructures for
annealing heat treatment to improve their microstructure. Referring to the aforemen-
tioned annealing treatment, we selected temperatures of 430 °C/24 h, 460 °C/24 h, and
490 °C/24 h, and the alloy microstructures are shown in Figure 9. For the 1# alloy, there
was no significant change at the annealing temperature of 430 °C/24 h. As the temperature
increased to 460 °C, the alloy structure began to resolve. When the temperature is 490 °C,
all of the Mg-rich phase and some of the gray phase redissolved, resulting in a solid so-
lution phase proportion exceeding 90%. Furthermore, the structure of the 3# alloy only
experienced growth after heat treatment.

3#

430°C/24h 460°C/24h 490°C/24h
B X N R G R AT e
R o 73 N N 4 §‘:\,Vu:~‘!_‘}w:\\? ¢ a7 v e ;.,‘,2‘
P YD ) e o AR e S

Figure 9. The microstructure of the designed alloy in as-cast and different heat treatment states.

4. Conclusions

This study aims to establish a machine learning model to discover LHEAs with simple
solid solution phases. (1) Through a series of feature engineering and model selection
steps, the well-trained Gradient Boosting Classifier model achieved a high accuracy of
0.9166 and an F1_Score of 0.8923. The features with high correlation with the phases of
alloys include ENmean, ENavg, D.1, v, ASmix, FIEayg, TCmean, and TCyyg, which is related
to electronic structure and electron density. (2) Using machine learning, we designed
AlygLizsMgi57Zn19Cugy light-weight high-entropy alloys, with over 90% solid solution
phase, demonstrating the effectiveness of the machine learning predictions. However,
the solid solution of the alloy is a two-phase solid solution. (3) Combining machine
learning prediction results and expert advice, we adjusted the composition to design
AlpsLiisMgoeZngCuyg alloy, which has a single solid solution, and the content of a single
solid solution after heat treatment is also as high as 90%.

Overall, although the predicted LHEAs still contain intermetallic compounds, the
alloys are mainly dominated by continuous a single solid solution, which provides a
direction for future exploration of LHEAs. It is worth mentioning that this research
reinforces the idea that expert experience plays a significant role in discovering materials.
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