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ABSTRACT

High Entropy Alloys (HEAS) have emerged as a novel paradigm in alloy design due to
their superior material properties compared to the normal alloys. However, designing
the HEAs with multiple metallic elements and their molar fractions is a challenging task.
To resolve this issue, this project proposes a modern approach for designing new HEAs
with high yield strength by utilizing machine learning techniques. The study outlines a
comprehensive process for collecting and pre-processing dataset from online resources,
and explores the application of five different machine learning models, two
hyperparameter tuning methods, and two optimization algorithms to design HEAS. The
effectiveness of each approach is evaluated based on their ability to predict the yield
strength of HEAs and determine the required molar fractions of metallic elements to
obtain high yield strength. The findings of this study suggest that the proposed method

can serve as a valuable reference in the experimental design process of HEAS.
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CHAPTER 1
INTRODUCTION

High Entropy Alloys (HEAS) have been becoming a new paradigm in the design of alloys and
drawing the attention of many scientists since they were introduced in 2004 [22]. High-entropy
alloys (HEAs) are a complex mixture of five or more metallic components. Each element in the
HEAs shares a significant or equal portion of the mixture. They are different from conventional
alloys, in which one primary element takes the most portion in the mixture. Well-designed HEAs
have considerably better material properties than conventional alloys: high yield strength, high
fatigue resistance, high ultimate tensile strength, and good corrosion resistance [19]. However,
finding those well-designed HEAs are challenging. With the number of metallic elements with
their molar fractions, there can be more than a thousand ways to design their combinations to
achieve desired material properties [6]. Experimentally fabricating these combinations, testing,

and verifying their material properties can be very impractical [6].

In order to address this problem, various strategies have been proposed to efficiently produce high-
entropy alloy (HEASs), including: utilizing combinatorial materials synthesis techniques,
employing computational materials science approaches such as ab initio simulations, molecular
dynamics (MD), finite element, New PHACOMP, and CALPHAD methods, and implementing
the Taguchi method to optimize properties [21]. Instead of those methods, in this study, we propose
to use machine learning techniques for the efficient design of HEAs; it can minimize the trial-and-
error process and reduce time and cost [6]. Specifically, we use five machine learning regression
models, namely Random Forest, AdaBoost, Support Vector Machine, GradientBoost, and Neural
Network, to predict the yield strength of TiNbMoTawW, NbMoTaW, TiVNbMoTaW, and

VnbMoTaW at various temperatures ranging from 25 °C to 1200 °C [13]. Based on the features
1



used in the models, we predict the optimal molar fractions of metallic elements for achieving the
highest possible yield strength using two genetic algorithm optimization methods: Differential
evolution and Maxlipo. To validate our predictions, we compare them with experimental data from
previous studies; if such data is unavailable, we use the LAMMPS molecular dynamics simulator,
an open-source software, to obtain the yield strength of the predicted molar fractions of metallic

elements.

The following METHODOLOGY section details the process for HEAs, including data
preprocessing and machine learning model development. In the subsequent RESULTS AND
DISCUSSION section, we present model performance for various machine learning models and
their respective prediction results. Furthermore, we optimize molar fractions of metallic elements
to obtain maximized yield strength values, and validate these results using LAMMPS. Finally, the
CONCLUSIONS section summarizes the key findings of this project, outlines any limitations, and

suggests potential opportunities for future research.



CHAPTER 2
METHODOLOGY
We combined data from two online sources [6, 11] to create a raw dataset of material properties
and vyield strength for HEAs. After cleaning and pre-processing the dataset (handling missing
values, outliers, normalization, and feature selection), we performed hyperparameter tuning to
optimize machine learning models foryield strength prediction. Then, features with high
importance (i.e. metallic elements contributing the most to yield strength) were extracted from the
models. Then, we built an object function (i.e. machine learning model in this case) to run
optimization algorithms — two Genetic algorithms (i.e. Differential evolution and Maxlipo) — to
predict the best molar fraction combinations of the metallic elements for maximum yield strength.
Verification was done by generating stress-strain curves and comparing yield strength values from
uniaxial tension deformation of HEAs in LAMMPS. Details on pre-processing the dataset, feature
selection, hyperparameter tuning, and LAMMPS implementation can be found in the section

below.

2.1. Data selection

The dataset in this project was collected from other publications including molar fractions, testing
temperature, and corresponding yield strength of HEAs [6, 11] shown in Table 1. To establish a
concrete dataset, a few more features of HEAs were added such as bulk modulus (B), melting
temperature (T;,,), valence electron concentration (VEC), entropy (S), and density (p). The added

features were calculated by using the below equations (1) — (5),



Table 1 Collected Raw Dataset of High Entropy Alloys with Mechanical Properties [6, 11]

o o o PO o o N N o o Bulk Melting Testing . Yield
%Al %Co %Cr %Fe %Ni %Cu %Mn %Hf %Nb %Ta .. %W %Re %C modulus temperature VEC temperature Entropy Density strength
0 540 00 00 00 00 0.0 0 00 255 000 0.0 Q 0 1645140 2387.0950 4.9220 300.0 12632656 7.22646 1250.0
1 510 00 00 00 00 00 0 00 250 2250 .. 00 0 0 154.7160 2451.5750 4.6480 300.0 12.601890 8.52459 1330.0
2 500 00 00 00 00 0.0 0 00 260 2890 .. 00 Q 0 146.3000 25283310 4.4890 300.0 12.493242 9.36723 1745.0
3 520 00 00 00 00 0.0 0 00 248 2580 0.0 Q 0 1425130 2476.8450 44540 1273.0 12592128 895983 366.0
4 476 00 00 00 00 0.0 0 00 00 2381 0.0 Q 0 170.2876 25012218 4.9048 300.0 12568827 9.05727 1021.0
352 0.00 00 00 00 00 0.0 0 00 200 000 .. 00 Q 0 138.2000 2239.0000 4.6000 1275.0 11.076269 6.36000 72.0
353 0.00 00 00 00 00 0.0 0 00 250 0QO0 .. 00 Q 0 132.7500 2252.5000 4.5000 300.0 11.526206 6.42250 1105.0
354 0.00 00 00 00 00 0.0 0 00 250 000 0.0 Q 0 132.7500 22525000 4.5000 875.0 11.526206 642250 8340
356 000 00 00 00 00 00 0 00 250 000 .. 00 0 0 132.7500 2252.5000 4.5000 1075.0 11.526206 6.42250 187.0
366 000 00 00 00 00 00 0 00 250 000 .. 00 0 0 132.7500 2252.5000 4.5000 1275.0 11.526206 6.42250 58.0
— n
B = Zi (ClBl) (1)
— n
Tm - Zi Cl (Tm)l (2)

VEC = Y7 C;(VEC);

ASpmix = —R X7 Ci(InCy)

p=XrCp;

(3)
(4)
(5)

where C and B were molar fractions and bulk modulus: T;, and VEC were melting temperature

and valence electron concentration: AS,,;, and p were the entropy of mixing and the density: R

was the universal gas constant. The currently collected dataset consisted of 24 dependent variables

and one independent variable (i.e. yield strength), and each variable had 356 instances.

2.2. Data preprocessing

2.2.1. Missing Values

Missing values refer to the data values that are not to be stored in the dataset. Missing values could

lead to wrong results of prediction since the remaining data might weaken the representative of

the dataset and cause bias. In the project, the missing values were treated in two ways; the features

that had more than three missing values were removed from the data set (i.e. Mn, Re, and C); for
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the features with less than three missing values, those missing values were replaced with the mean

value (i.e. Fe, Ni, and Cu).

2.2.2. Feature Normalization

The dataset was normalized by using z-score normalization to understand the range of raw data
points better, representing them in a range of 0 and 1, shown in equation (6) where u was the mean,
and o was the standard deviation [12]. The normalization was not only useful for understanding
the complexity of the data but also for reducing computational costs when training the model

because all features were represented in a range of 0 and 1 [12].

X—p
o

Xnorm = (6)
2.2.3. Skewed to Normal distribution

The normal or gaussian distribution is popular in practice to fit the dataset with the statistical
models to predict continuous outcomes more accurately. Oftentimes, however, many experimental
datasets are in a skewed distribution. For the variables in skewed distribution, thus, they were

transformed to a normal distribution by using log transformation [3].

2.2.4. Outliers

Outliers refer to the data points far away from the majority of the data points. It may occur when
there are experimental or human errors during collecting data. Outliers are called noise in the data
set and badly affect the average value of the dataset and prediction accuracy. To detect the outliers,

the Z-score method was used, which also can measure the skewness of the data. To decrease the



affection of outliers, we can use the technique called the Quantile-based flooring and capping
method,; the outliers whose z-score was above positive three or below negative three were replaced

with upper and lower limits that a z-score was three sigmas [12].

-3¢ -20 -10 U 1o 20 3o

Z-score -3 2 1 0 1 2 3

Figure 1 Z-Score Distribution

2.2.5. Feature selection

The feature selection was performed based on the Pearson correlation scores [1]. The features that
showed high scores to each other are to be removed to prevent the model from overfitting; the
higher score was, the more linearity between the two features was [1]. Having more features that
were in high linearity helped to improve the model performance with the validation dataset. When
it came to the unseen dataset, however, having those features degraded the model performance [1].
Therefore, removing those features was necessary to prevent the overfitting issue and reduce the
feature complexity and computational cost [1]. The feature selection in the second topic was

performed by using the “argsort” method, a built-in Python package. The result gave the list of
6



features in order of importance. In other words, we detected what features contributed to the yield
strength the most. From the feature list, we could ideally select the top four or five features (i.e.
metallic elements) to train the model and run the optimization method to find the best molar
fractions of the metallic elements to obtain the maximum yield strength. In this project, however,
we selected three metallic elements due to some restrictions in the LAMMPS simulation, those

restrictions were discussed in the Results and Discussion section.

2.3. Machine Learning Models

2.3.1 Model Selection

The machine learning models used for both topics are Random Forest, AdaBoost, Support Vector
Machine, GradientBoost, and Neural Network to test as many machine learning models as possible.
Firstly, Random Forest Regression was a type of supervised learning that utilized an ensemble
learning approach for regression [4]. This model combined the predictions of multiple machine
learning models to achieve a more precise prediction than that of a single model [4].

Figure 2 depicted the layout of different machine learning algorithms. First of all, the Random
Forest was the algorithms that the trees run independently without any interaction between them.
During the training process, a Random Forest generated numerous decision trees and calculated

the average class value as the prediction for all the trees [4].
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Figure 2 Layout of Different Machine Learning Algorithms

Secondly, AdaBoost was a boosting algorithm that shared similarities with Random Forest but
also possessed some notable distinctions [17]. Instead of building a collection of decision trees,
Ada Boost constructed a collection of decision stumps. Distinct weights were assigned to each
decision stump for the ultimate decision-making process [17]. Thirdly, the Support Vector
Machine aimed to identify a hyperplane in an n-dimensional space (where n represented the
number of features) that can segregate data points into distinct classes [17]. This was accomplished

by maximizing the margin or distance between the classes [17]. Support Vectors were data points



that were closest to the hyperplane aiding in the maximization of the margin between classes [17].
The dimensions of the hyperplane are determined by the number of input features[17]. Forth,
Gradient Boosting built numerous decision trees with each tree learning from the error of previous
trees [17]. It utilized the residual error to enhance prediction performance to minimize the residual
error [17]. While similar to AdaBoost, Gradient Boosting differed in that it constructed decision
trees with multiple leaves instead of decision stumps [17]. The process began by creating a base
decision tree with initial predictions, usually the average [17]. Another decision tree was built with
initial features and residual error as dependent variables. The prediction for the new tree was made
by adding the initial prediction of the model with the residual error for the sample multiplied by
the learning rate [17]. This process was repeated until minimal error was achieved [17]. Lastly, the
Neural Network model was a collection of algorithms that aimed to recognize patterns and
correlations within data, resembling the functioning of the human brain [14]. It fell under the
category of machine learning and features a network of neurons capable of processing complex

data sets that may be computationally demanding [14].

2.3.2 Model Hyperparameter Tuning & Optimization Algorithm

In the model training process, the dataset was split into the training set and test validation set. The
training dataset contained 85% of the entire dataset to train the model, and the testing dataset
contained 15% of the entire dataset to test the model performance [23]; this dataset split ratio was
chosen since this ratio resulted in the best model accuracy (7) from the range of the data split ratio:
70% vs 30%, 80% vs 20%, 85% vs 15%, and 90% vs 10%. The training and test dataset was
randomly shuffled. The model hyperparameters for each model were selected based on the model

performance from using two hyperparameters tuning Python packages: RandomSearch method

9



and Bayesian optimization method. The RandomSearch method searched for the best
hyperparameter sets within the user-defined number of hyperparameter sets at random [16]. Unlike
the RandomSearch method, which searched for the hyperparameter sets independently, Bayesian
Optimization method learned from the previous iterations in a search of hyperparameter sets [16].
The hyperparameter sets used in the hyperparameter tuning process was listed in Table 2. Due to
the small amount of training data, the method of k-fold cross-validation was selected to create a
model that would have the best overall performance among all of the validation folds [1]. The
following hyperparameters were discovered during the tuning process for each model:
e Random Forest: n_estimators = 550, min_samples_split = 2, min_samples_leaf = 1,
max_features = “auto”, max_depth : 90, bootstrap : True
e AdaBoost: n_estimators = 500, loss = “linear”, learnin_rate = 0.1
e SVR: kernel = “linear”, C = 10, gamma = “scale”, epsilon = 0.1
e Gradient Boosting: n_estimators = 500, min_samples_split = 2, min_samples_leaf = 5,
max_features = “auto”, max_depth =5, loss = “huber”
e Neural Network: activation = “relu”, alpha = 0.0001, batch_size = 16, hidden_layer_sizes

= (10, 50, 30), learning_rate = “constant”, max_iter = 500, solver : “adam”

The overall model performance of each hyperparameter tuning method was taken from the average
of randomly shuffled training and test datasets by assigning ‘Random_state’ to ten different
numbers. The measure of the model performance used the accuracy equation shown in Equation
(7) where it took the mean of the absolute value of prediction of x_test data minus y_test data
divided by y_test data (i = 1,2,...,n). In the second topic, two Genetic algorithms (i.e. Differential

evolution and Maxlipo) were used. The Differential evolution generated multiple potential best
10



solutions and then gradually enhanced them by repositioning them within the search area to
process the best solution [18]. The Maxlipo was a comparable approach to Differential evolution,
but with an extra supposition that the function was continuous [18]. This was an advanced method
than the Differential evolution since this method could find optimal values with less usage of the
function, which could save a lot of time [18]. They were found in the Python package that allowed
us to solve an optimization problem by iteratively examining a range of possible solutions for an
objective function to yield maximum or minimum value [2]. In this project, they optimized the

required molar fractions of metallic elements to obtain the maximum yield strength value.

100 [ |predict, rest, — y_test;|
Accuracy = — E ) _test, (7
- - L
l

Table 2 Lists of the Hyperparameters used in the Hyperparameter Tuning Process for Machine Learning Models

Random Forest
n_estimators = [100, 200, 250, 300, 350, 400, 450, 500, 550, 600, 700, 800]

max_features = ['auto’, 'sqrt]

max_depth = [ None, 10, 20, 30, 40, 50, 60, 70, 80, 90]
min_samples_split = [2, 4, 6, 8]

min_samples_leaf =[1, 2, 3, 4, 5]

bootstrap = [True, False]

AdaBoost
n_estimators = [10, 20, 50, 100, 200, 500]
loss = ['linear’, 'square’, ‘exponential]

learning_rate = [ 0.01, 0.1, 1.0]

11



SVR

kernel': ['linear’, 'rbf]
C:[1, 3,5, 10]
gamma': ['scale’, 'auto’]

epsilon:[0.1, 0.3, 0.5]

Gradient Boosting

loss = ['squared_error', 'absolute_error', ‘huber’, ‘quantile’]
n_estimators = [ 100, 200, 300, 500]

max_depth =[ 3, 5, 10]

min_samples_leaf =[1, 3, 5]

min_samples_split = [2, 4, 6]

max_features = ['auto’, 'sqrt’, 'log2']

Neural Network

hidden_layer_sizes = [(50,50,50), (50,100,50), (100,50,30)]
max_iter = [ 500]

activation = ['tanh’, 'relu’]

solver =['adam’]

alpha = [0.0001, 0.05]

learning_rate = [‘constant','adaptive’]

batch_size = [ 16, 32]

12



2.4. LAMMPS

To validate the result from the second topic — the maximum yield strength from the optimized
molar fractions of the metallic elements —, LAMMPS was used, an open-source molecular
dynamics simulation software. In the process of writing the input script to run the simulation,
obtaining the EAM potential files was necessary: AINbTi [7], FeCrW [9], FeCuNi [10], and
FeNiCr [20] were used. In the input source file, five thousand atoms were created randomly and
they were evenly distributed by the metallic elements within the HEA. In the case of FeNiCr, there
were 1666 atoms created for Fe, Ni, and Cr respectively. The simulation was conducted under the
room temperature of 300K and pressure of one atm with rectangular-shaped nanowires shown in
Figure 25. To obtain the yield strength, from the simulation, the strain-stress curve of the HEA
was obtained first. The uniaxial tension deformation was performed under the pressure of one atm
and a temperature of 300 K. The deformation proceeded up to 12 percent of the original length of
the alloy. Then, yield strength was obtained from the curve. The yield strength was the stress value
that change in length of the element under the stress was 0.2 percent of the stretched length. Then,
the yield strength values from the LAMMPS simulation were compared to the yield strength values

from the optimization.

13



CHAPTER 3

RESULTS AND DISCUSSION

Based on the Pearson Correlation Maxtrix in Figure 3, Bulk modulus, and VEC columns were

removed as their linearity was close to one, which could potentially cause an overfitting problem.

The overfitted model was not appropriate for predicting unseen datasets [1]. After the data cleaning

process, the dataset that was ready for training the models, which was shown in Table 3.

Bulk modulus

Melting temperature

Testing temperature

Entropy

Density

Yield strength

0.74

091

0072

0.047

Bulk modulus

Correlation Matrix of High Entropy Alloys data

=10

0.74 0.91 0.072 0.047

-08

1 0.61 0.071 -0.052

0.61 1 0.065 -0.092 0.011

-0.071 -0.0093 -0.018
0.052 0.092 £.0093 0.16 0.089
0.018 0.16 0.099

0.011 078 0.089 0.099

g

Entropy
Density
Yield strength

Melting temperature
Testing temperature

Figure 3 Pearson Correlation Matrix of High Entropy Alloys Data
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Table 3 Pre-Processed Dataset of High Entropy Alloys with Mechanical Properties

%Al %Co %Cr %Fe %Ni %Cu %Hf %Nb %Ta %Ti %Zr %V %Mo %W Melting temperature Entropy Density Yield strength

0 -014 02 -052 -016 -016 -016 -061 077 -091 034 -122 126 109 -032 0.03 -0.39 -0.54 1250.0
1 -017 02 -052 016 -016 -016 -061 070 139 069 -122 129 -083 -032 025 -0.42 0.15 1330.0
2 018 02 052 016 -016 -016 -061 085 204 024 065 080 -083 -032 0.52 -0.52 0.61 1745.0
4 021 02 -052 -016 -0D16 -016 -061 -295 152 055 -122 142 100 -0.32 043 -0.45 0.44 1021.0
5§ -013 02 -052 -016 -016 -016 168 -019 102 002 064 -080 -083 -032 021 123 068 1188.0
6 -017 02 -052 -016 -016 -0.16 -061 029 038 101 152 -057 -083 -032 -0.41 -0.15 -0.48 1965.0

3.1. Hyperparameter Model Performance

Figure 4 showed the model performance as the hyperparameter tuning was processed for the five
models: Random Forest, AdaBoost, Support Vector Machine, GradientBoost, and Neural Network.
Among the five models, the Random Forest showed the best accuracy, 92%, followed by Neural
Network, 87%, and GradientBoost, 74%. This indicated that the Random Forest model was
suitable for the dataset with many features and small instances. When it came to selecting the
hyperparameter tuning method, unlike the three least performed models, the RandomSearch
method outperformed the Bayesian Optimization method by about 15% in the top two performed
models: Random Forest, and Neural Network. In general, the Bayesian Optimization method was
known as a better method than the RandomSearch method when it came to hyperparameter tuning
although it was computationally expensive [16]. But, the performance also varied as the value of
k-fold cross-validation changed. In the RandomSearch case, 2-fold cross-validation was used
while 5-fold cross-validation was used in the Bayesian Optimization tuning case. This result gave
intuition that small k-fold cross-validation during the hyperparameter tuning process gave a better
model performance for this specific dataset. Figure 4 showed that the RandomSearch method

performed better than another one.
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Figure 4 Hyperparameter Tuning Model Performance between RandomSearch and Bayesian Optimization for the Five Machine
Learning Models

In the process of hyperparameter tuning for the Neural Network model, in Figure 5, the cost rapidly
dropped and converges to zero as running iterations. In Figure 6, with tuned hyperparameters, the
predicted and actual values resulted in a linear relationship, which visually showed the accuracy

of the Neural Network model.
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Figure 5 Error Curve per Iterations in Tuning Neural Network Model
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Figure 6 Prediction Results Compared to Actual with Tuned Hyperparameters in Neural Network Model

3.2. Prediction Error of HEAs in the Five Machine Learning Models

Figure 7 — 11 showed error between the predicted and the experimental yield strength values of
TiNbMoTaW, NbMoTaW, TiVNbMoTaW, and VNbMoTaW at 25 °C, 600 °C, 800 °C, 1000 °C,
and 1200 °C [13]. The experimental yield strength values were shown in Table 4. The Random
Forest Regressor model gave error as low as 0.5% and as high as 39.5% followed by 1.7% & 56.3%
in the AdaBoost Regressor model, 4.3% & 75.4% in the Support Vector Regressor model, 0.9%
& 50.1% in Gradient Boosting Regressor model, and 1.9% & 63.7% in Neural Network Regressor
model respectively. The best-performing model in predicting the unseen test dataset was the
Random Forest Regressor model, and the worst was the Support Vector model: there were eight
cases in total the error was less than 10% in the Random Forest model, four in AdaBoost Regressor,
two in Support Vector Regressor, four in Gradient Boosting Regressor, and three in Neural

Network model.
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Table 4 Yield strength, peak strength, and plastic strain at different temperatures of the TiNoMoTaW, NbMoTaW, TiVNbMoTaWw,
and VnbMoTaW HEAs [13]

Alloy/properties TiNbMoTaW  NbMoTaW - TiVNbMoTaW  VNbMoTaW

25°C a, (Mpa) 1343 1058 1515 1246
600 °C gy (Mpa) 689 561 973 862
800 °C gy (Mpa) 674 552 7913 346
1000 =C gy (Mpa) 620 548 7528 842
1200 =C a, (Mpa) 586 506 659 735
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Figure 7 Prediction Error using Random Forest Regressor for Four HEA Alloys in Different Temperatures
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Figure 10 Prediction Error using Gradient Boosting Regressor for Four HEA Alloys in Different Temperatures
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Figure 11 Prediction Error using Neural Network Regressor for Four HEA Alloys in Different Temperatures

To look closer into detail on the prediction results, the dataset was sorted into a new dataset the
testing temperature was 300K but the rest were removed; Figure 12 showed the data points
distribution by testing temperature, and that the majority of the data points were in 300K. With the
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newly sorted dataset, yield strength values were predicted again for TiNbMoTaW, NbMoTaWw,
TiVNbMoTaW, and VnbMoTaW with the five different models, showing their results in Figure
13 — 17. The previous model-building process, Figure 7 - 11, used one Random_state value that
resulted in the best accuracy among ten Random_state values when the model was built;
Random_state was the parameter in Python programming that allowed the dataset to get randomly
shuffled in a certain order. Unlike the previous case, Figure 7 — 11 where the prediction was only
performed on one Random_state value, Figure 13 — 17 showed error from prediction results in the
five different Random_state values. Except for the Support Vector Regressor model Figure 15
which the error was bad for all alloys, all the other models showed that the error was substantially
large in NbMoTaW alloy. This probably occurred because the number of data points of NoMoTawW
was the smallest among all the alloys. When it came to training and testing the machine learning
models in this case, the larger dataset gave a better model performance and prediction results. The
number of the data points for the alloy was strictly proportional to the number of the metallic
elements within the alloy, thus, the more metallic elements in the alloy in this dataset gave better
accuracy in predictions: the data points in TiVNbMoTaW were significantly outnumbered
NbMoTaW alloy, and the prediction error of TIVNbMoTaW, 5%, was far less than NoMoTaWw,
35%, in the Random Forest model Figure 13; other models showed the same trend in the three

other models Figure 14, 16, and 17.
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Figure 5 Prediction Error using AdaBoost Regressor for Four HEA Alloys in various R values
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3.3. Prediction Error of AINbTiV & NbMoTaW with Different Feature Weights

To investigate how the dataset was constructed, the distribution of the data points at 300 K was
shown in Figure 18. As shown in Figure 18, frequencies of Nb and Ti were significantly higher
than other metallic elements while Co, Fe, Ni, Cu, and W elements had relatively small frequencies
in the dataset. As discussed above, having fewer data in specific metallic elements affected the
overall model accuracy performance and prediction results. Instead of collecting more data, to
cope with this skewed dataset, the method of adjusting the weights of features was used. Before
training the machine learning model with the dataset, weights were applied to the features that did
not have enough data points (i.e. multiplied weights to the features). This method was applied to
the two HEAs — AINbTIV and NbMoTaW — to see whether there was an improvement or not.
Figures 19 — 20 showed the prediction error per weight for the five different machine learning
models. In Figure 19, the overall trend of the error for all five models was the same, and the error
got decreased as adding more weights to the features, then after a certain point, the error did not
get improved anymore but converged. In Figure 20, the attenuation trend was the same for the
three models: Random Forest, Support Vector, and Gradient Boosting. Within these three models,
the error for the Support Vector model did not converge overweight but increased after a certain
weight. This showed that the model did not always get improved but blew up with excessive weight
to the features. On the other hand, the other two models — AdaBoost and Neural Network —

showed a different trend, which the error did not decrease over the weight but kept the same value.
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As a beginning part of the second part of the project, the feature importance of all the features was
presented in Figure 21. Feature importance in the x-axis represented how much each feature (i.e.
y-axis) contributed to the model performance. As clearly shown, the melting temperature and
entropy were the features that had the most contribution. Since we were interested in finding
combinations of metallic elements to obtain the max yield strength of the HEAS, only the metallic
elements in the y-axis were considered such as Al, Nb, Ta, etc. With these four to five features,
metallic elements, that had the most contribution to the model, we could run optimization
algorithms in Python to find out what their combinations were to reach the maximum yield strength.
In an ideal case, choosing Al, Nb, Ta, and Zr was appropriate to run the optimization algorithm.
But, there were limitations that we also had to consider how and with what method we would
compare the results. In this project, the method chosen to use was LAMMPS. To run a uniaxial
tension simulation of alloy, in LAMMPS, using the right EAM potential files was important, which

contained types of metallic elements of the alloy. For example, to find out the yield strength of
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AITiV alloy, using the potential file for AITiV was mandatory. Therefore, if we decided to use Al,
Nb, Ta, and Zr as the ideal case to run the LAMMPS simulation, we must have the potential file
for these metallic elements. The limitation was, unfortunately, that there was not any potential file
for AINbTaZr, and were not many kinds of potential files available for other HEAs online. The
potential files found were AINbTI, FeCrW, FeCuNi, and FeNiCr; these four potential files were
only possible to use among all the potential files available online to compare the simulation results
with the optimization results from the dataset. Therefore, Although the metallic elements from
those potential files did not have high feature importance, these elements were listed low in Figure
21, we proceeded with the LAMMPS simulation with these files as there was no other choice.

Feature Importance at Temperature 300K
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Figure 8 Importance of the Features in the Dataset at 300K Temperature
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3.4. Yield Strength of the Four HEAs in LAMMPS

Figure 22 showed the rectangular-shaped wire of FeNiCr. The three different colored atoms in the
wire represented Fe, Ni, and Cr. Under the uniaxial tension deformation, the stress-strain curve
was obtained shown in blue points, Figure 23: this was the plot for FeNiCr. To obtain the yield
strength value from the plot, finding young’s modulus slope was necessary. To find the best slope
line, Figure 24, we added the straight line equation and R? to the first several data points and
iterated this process from 5 to 20 data points: the R? represented how well the equation fitted the
data points, R? = 1 meaning the equation perfectly fitted to the points. Then, the first twelve points
showed the highest R? value. From the twelve data points and R?, the slope of the data points was
obtained (i.e. 120928), which represented Young’s modulus of the stress-strain curve. The cross
point where the slope and the stress-strain curve met was the yield strength value, and it was 2300
MPa for FeNiCr followed by 1830 MPa for AINbTi, 1611 MPa for FeCrW, and 1800 MPa for

FeCuNi.

Figure 9 Rectangular FeNiCr Alloy Box for LAMMPS simulation
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Stress-strain curve of FeNiCr
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Figure 11 Youngs Modulus slope of FeNiCr alloy from LAMMPS simulation
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3.5. Comparison between Machine Learning Optimized Results with LAMMPS Results

Tables 5 and 6 showed the yield strength values with weights of elements for AINbTi, FeCrw,
FeCuNi, and FeNiCr respectively as a result of the two different optimization methods used to
produce the maximum vyield strength values. As shown in the tables, the Test Temperature was
also one of the features to run optimization with along with the metallic elements, and most of the
test temperatures resulted in the range of 300 — 310 K; the lowest test temperature in the dataset
was 300 K. This result was intuitively correct as the lower test temperature got, the higher yield
strength value became. Another important observation was that the weights of all the metallic
elements within the alloy did not add up to 100% but a little less than 100%. For instance, the total
sum of Al, Nb, and Ti for AINbTi in the Random Forest model with the Differential evolution
optimization method was 60.34% as Al, Nb, and Ti were 9.57%, 19.96%, and 30.81% respectively.
This trend was observed in the other HEAs while there were several cases that the sum of weights
of the alloy elements was almost 100%. This situation occurred due to the nature of the raw dataset.
The optimization method took the weights from the features whose values were similar to those in
the raw dataset. Although the total sum of the metallic elements within the alloy from the
optimization method was not 100%, which might not directly intuitive, we could at least consider
this ratio of the elements as a good reference to build high-yield strength HEAS. In the case of
AINDTI in the Random Forest model with the Differential evolution optimization method, for
example, the sum of the elements was 60.34%. If we scaled it to 100%, therefore, the weight of Al
became from 9.57% to 15.86%, the weight of Nb became from 19.96% to 33.09%, and the weight
of Ti became from 30.81% to 51.06%, which the sum of the newly scaled weights became 100%;

this ratio then could be a reference to build the high yield strength HEA at the beginning of the
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design process.

Table 5 Yield Strength and Optimal Molar Fractions of HEAs using Differential Evolution Method

Random Forest

Differential Evolution

AINDBTI FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 9.57 Fe 0.73 Fe 8.14 Fe 4.31
Nb 19.96 Cr 24.73 Cu 8.05 Ni 7.6
Ti 3081 W 22.8 Ni 8.12 Cr 24.75
Test Temperature (K) 306 Test Temperature (K) 308 Test Temperature (K) 309 Test Temperature (K) 306
Yield Strength (Mpa) 2035 Yield Strength (Mpa) 2058 Yield Strength (Mpa) 1544 Yield Strength (Mpa) 1955
AdaBoost Differential Evolution

AINDbTI FeCrW FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 17.6 Fe 3.9 Fe 7.64 Fe 7.46
Nb 24.86 Cr 31.83 Cu 13.83 Ni 4.1
Ti 31.75 W 26.92 Ni 8.19 Cr 28.99
Test Temperature (K) 318 Test Temperature (K) 318 Test Temperature (K) 305 Test Temperature (K) 311
Yield Strength (Mpa) 1562 Yield Strength (Mpa) 1593 Yield Strength (Mpa) 1393 Yield Strength (Mpa) 1548
SVR Differential Evolution

AINbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 0 Fe 0 Fe 0 Fe 0
Nb 32.2 Cr 53.7 Cu 0 Ni 0
Ti 0w 29.23 Ni 0 Cr 53.7
Test Temperature (K) 300 Test Temperature (K) 300 Test Temperature (K) 300 Test Temperature (K) 300
Yield Strength (Mpa) 1415 Yield Strength (Mpa) 1559 Yield Strength (Mpa) 1320 Yield Strength (Mpa) 1333
Gradient Boosting Differential Evolution

AINDbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 8.93 Fe 0.81 Fe 0.39 Fe 0.98
Nb 20.03 Cr 29.48 Cu 6.1 Ni 5.65
Ti 28.35 W 23.12 Ni 6.52 Cr 26.73
Test Temperature (K) 304 Test Temperature (K) 314 Test Temperature (K) 305 Test Temperature (K) 306
Yield Strength (Mpa) 2289 Yield Strength (Mpa) 2030 Yield Strength (Mpa) 1359 Yield Strength (Mpa) 1614
Neural Network Differential Evolution

AINbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 39Fe 18.18 Fe 0 Fe 18.18
Nb 32.2Cr 53.7Cu 0 Ni 18.18
Ti 40.6 W 29.23 Ni 18.18 Cr 53.7
Test Temperature (K) 448 Test Temperature (K) 300 Test Temperature (K) 1875 Test Temperature (K) 300
Yield Strength (Mpa) 2121 Yield Strength (Mpa) 2666 Yield Strength (Mpa) 1176 Yield Strength (Mpa) 3851
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Table 6 Yield Strength and Optimal Molar Fractions of HEAs using Maxlipo Optimizer Method

Random Forest

Maxlipo Optimizer

AINDbTI FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 8.17 Fe 3.24 Fe 7.22 Fe 7.83
Nb 26.24 Cr 31.04 Cu 6.19 Ni 9.29
Ti 21.46 W 22.57 Ni 12.09 Cr 25.15
Test Temperature (K) 308 Test Temperature (K) 308 Test Temperature (K) 315 Test Temperature (K) 300
Yield Strength (Mpa) 1934 Yield Strength (Mpa) 1930 Yield Strength (Mpa) 1469 Yield Strength (Mpa) 1876
AdaBoost Maxlipo Optimizer

AINbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 17.83 Fe 5.25 Fe 7.82 Fe 7.96
Nb 24.58 Cr 25.8 Cu 17.08 Ni 0
Ti 3047 W 29.22 Ni 6.54 Cr 53.7
Test Temperature (K) 300 Test Temperature (K) 300 Test Temperature (K) 305 Test Temperature (K) 303
Yield Strength (Mpa) 1562 Yield Strength (Mpa) 1593 Yield Strength (Mpa) 1393 Yield Strength (Mpa) 1548
SVR Maxlipo Optimizer

AINbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 0 Fe 0 Fe 0 Fe 0
Nb 32.2 Cr 53.7 Cu 0 Ni 0
Ti 0w 29.23 Ni 0 Cr 53.7
Test Temperature (K) 300 Test Temperature (K) 300 Test Temperature (K) 300 Test Temperature (K) 300
Yield Strength (Mpa) 1415 Yield Strength (Mpa) 1559 Yield Strength (Mpa) 1320 Yield Strength (Mpa) 1333
Gradient Boosting Maxlipo Optimizer

AINbTi FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 0 Fe 6.76 Fe 6.89 Fe 0.01
Nb 11.95 Cr 28.77 Cu 5.72 Ni 3.17
Ti 3.27 W 13.89 Ni 0 Cr 2.4
Test Temperature (K) 301 Test Temperature (K) 301 Test Temperature (K) 300 Test Temperature (K) 307
Yield Strength (Mpa) 2072 Yield Strength (Mpa) 1873 Yield Strength (Mpa) 1359 Yield Strength (Mpa) 1594
Neural Network Maxlipo Optimizer

AINDTI FeCrw FeCuNi FeNiCr
Element Weight (%) Element Weight (%) Element Weight (%) Element Weight (%)
Al 39 Fe 18.18 Fe 0 Fe 18.18
Nb 32.2 Cr 53.7 Cu 0 Ni 18.18
Ti 40.6 W 29.23 Ni 18.18 Cr 53.7
Test Temperature (K) 448 Test Temperature (K) 300 Test Temperature (K) 1875 Test Temperature (K) 300
Yield Strength (Mpa) 2121 Yield Strength (Mpa) 2666 Yield Strength (Mpa) 1176 Yield Strength (Mpa) 3851

Figures 25 — 26 showed the bar plots to visualize and compare the yield strength results from the

two optimization methods with the results from the LAMMPS simulation for the five machine

learning models. When the Differential evolution method was used, Figure 25, the error for

33



AINDTI was relatively consistent in the five models: the range of the error was from 10% to 25%.
A similar trend was observed in FeCuNi alloy but with a larger error that was from 15% to 30%.
The best accuracy results were found in FeCrW alloy with AdaBoost and Support Vector models,
1% and 3% respectively, while the error in other models was substantially large — 27% in Random
Forest, 26% in Gradient Boosting, and 65 in Neural Network models. As a last, the worst accuracy
occurred in FeNiCr alloy. In terms of the result comparison between the two optimization methods,
the error trend turned out to be about the same as both algorithms originated from the genetic
algorithm [2]. The Maxlipo optimizer, when used with the Random Forest model, exhibited better
performance compared to the Differential Evolution method, as evidenced by its lower error in
AINDTI (6%) and FeCrW (7%), but higher error in FeCuNi (4%) and FeNiCr (3%). As in Figure
13, a similar trend was observed in Figures 25 — 26, in which more data points in the dataset
resulted in lower error: the error was lowest for AINbTi compared to the other three alloys.
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Figure 12 Error Comparison between Differential Evolution Optimization and LAMMPS
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CHAPTER 4

CONCLUSIONS

This thesis project examined two topics related to the design of HEAs, which were sequentially
related. The first topic investigated the use of machine learning models to predict the yield strength
of HEAs at different temperatures by cleaning the material property dataset. Five machine learning
models were applied, and the Random Forest regressor model with RandomSearch hyperparameter

tuning showed the most accurate results at a testing temperature of 300 K.

The second topic examined how to identify the optimal combination of metallic elements to
achieve the highest yield strength within HEAs. In an ideal situation, the optimization algorithm
was supposed to use the features that had high feature importance from the first topic. However,
due to the limitations of the EAM potential files used in LAMMPS from online resources, the
optimization algorithms actually used features with low feature importance, which resulted in low
accuracy of yield strength values from the optimization process. After evaluating five different
machine learning models, two hyperparameter tuning methods, and two optimization algorithms,
the Random Forest regressor model with RandomSearch hyperparameter tuning and Maxlipo

Optimizer demonstrated the highest level of accuracy.

The second topic had several implications for future research and practice. First of all, future
research could be involving more data collection to aim for better machine learning model
performance. Secondly, the weight ratios of the metallic elements from the optimization process
did not add up to 100 percent, but an additional process of scaling them up to 100 percent was
needed in this project. Future research could investigate this issue such that the optimization

algorithm could automatically scale up the weights of the metallic elements so that the manual
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additional process did not need. Finally, most importantly, future research could involve finding
more EAM potential files that contained metallic elements that had high feature importance so that

the final findings could be more useful in the experimental HEA designing process.

Overall, this thesis project provided insights into the development of designing new HEAS using
machine learning and optimization algorithms techniques, even though they might have potential

inaccuracies.
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