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Abstract: The utilization of selective laser melting (SLM) for high entropy alloys (HEAs) holds significant 

promise in commercial applications, and substantial experimental research efforts have been directed toward 

this domain. To take advantage of the reported experimental data of SLM manufactured (SLM-ed) HEAs and 

reduce unnecessary experimentation, this study incorporates machine learning (ML) techniques for the phase 

and tensile properties prediction of SLM-ed HEAs, thus presenting a novel avenue for accelerating the 

discovery of new SLM-ed HEAs. Through the adjustment of material descriptors and machine learning models, 

a model has been developed with an impressive accuracy of 93.8% in distinguishing between face-centered 

cubic (FCC), body-centered cubic (BCC), and dual-phase (FCC+BCC). Additionally, optimized models have 

been devised for the prediction of tensile properties, namely ultimate tensile strength (UTS), yield strength 

(YS), and elongation (𝛿𝛿), achieving noteworthy MAPEs (mean absolute percentage errors) of 10.33%, 8.55%, 

and 28.48%, respectively. Furthermore, several HEAs were fabricated using SLM, and the experimental 

outcomes exhibited a favorable alignment with the predicted results. These efforts carry significant 

implications in advancing the utilization of SLM for HEAs. 

Keywords: selective laser melting; high entropy alloy; machine learning; phase formation; tensile 

properties; experimental verification 

 

1. Introduction 

High entropy alloys (HEAs) have gained attention because they offer high strength, good 

thermal stability, and impressive corrosion resistance, making them suitable for many applications 

[1,2]. Additive manufacturing (AM), often referred to as three-dimensional (3D) printing, creates 

parts directly from a digital 3D model, layer by layer. This enables the production of large parts with 

intricate designs and internal features [3,4]. AM methods in HEAs, such as directed energy deposition 

(DED), selective laser melting (SLM), electron beam melting (EBM), and direct ink writing (DIW), are 

being explored to meet the demands of modern industry. Among these, SLM technology is notable 

for its fast cooling and precision [5,6]. 

Numerous experiments have been conducted with selective laser melting manufactured (SLM-

ed) HEAs. However, experimental research is costly and not very efficient when it comes to 
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developing new SLM-ed HEAs. It is crucial to have highly accurate predictions for the development 

of unexplored SLM-ed HEAs to minimize unnecessary experiments. 

Materials genome engineering (MGE) introduces a novel approach to expedite and cost-

effectively develop new materials based on the reported research [7]. Machine learning (ML) has 

gained popularity as an efficient tool in the MGE area, with numerous studies highlighting its 

application in HEAs [8]. In the ML methodology, a surrogate model (referred to as "f") is established 

to discern the relationship between the specific property of interest (termed "Y") and a set of material 

descriptors (referred to as "X"). This relationship is expressed as Y = f(X). The effectiveness of ML 

predictions depends on the combined influence of material descriptors (X) and the model (f), which 

significantly guides the subsequent design of innovative materials. Therefore, when faced with a 

specific problem, it becomes crucial to identify the optimal combination of the model (f) and material 

descriptors (X). When optimizing material descriptors, screening is always chosen as a method to 

reduce material descriptor numbers and shorten the model training time, also reducing the 

complexity of model training, thereby reducing the phenomenon of model overfitting. 

The phase composition of SLM-ed HEAs significantly impacts their properties and formability. 

HEAs with a single-phase face-centered cubic (FCC) structure tend to be ductile and exhibit good 

SLM formability but have relatively low strength. In contrast, single-phase body-centered cubic 

(BCC) HEAs typically offer high strength but are often brittle and possess poor SLM formability. 

Dual-phase HEAs can strike a balance between ductility and strength [9]. Consequently, the ability 

to design HEAs with the desired crystal structure is crucial for the development of new HEAs with 

improved properties and favorable SLM formability. Given the intricate composition of HEAs and 

the vast number of potential combinations, accurately predicting the stable structure or phase 

formation of unexplored HEAs is highly desirable. Some efforts have been directed toward phase 

prediction of HEAs using machine learning. For example, Zhang et al. [10] did highly accurate phase 

prediction of as-cast HEAs with a rational selection of material descriptors, the phase prediction 

accuracy was up to 91.3%. Kevin et al. [11] proposed a novel high-throughput approach, called “ML-

HEA”, for coupling thermodynamic and chemical features with a random forest machine learning 

model for predicting the solid solution forming ability. Of the 1,110 quaternary and 130 quinary 

systems, the ML-HEA model predicts 436 quaternaries and 91 quinaries will form an FCC or BCC 

solid solution. Wu et al. [12] uncovered the eutectics design by machine learning in the Al–Co–Cr–

Fe–Ni high entropy system, set up three steps for the design of EHEAs and experimental test the 

designed EHEAs, results showed that the designed EHEAs exhibited excellent mechanical properties 

indicating that purpose-oriented design of EHEA can be realized with ML. Ankit et al. [13] implement 

ML tools, to predict the crystallographic phase of low-, medium- and high-entropy alloys composed 

of a family of 5 refractory elements. The ML results in conjunction with experimental validation, 

reveal that the mean melting point and electronegativity difference exert the strongest contributions 

to the phase formation in these alloys. 

However, the HEAs in these works were mostly manufactured by traditional methods like arc 

melting. The phase composition of HEAs manufactured by SLM may be different from that of 

traditional methods due to the higher cooling rate of SLM. For example, Zhou et al. [14] manufactured 

Al0.5FeCoCrNi by SLM. The gas-atomized powder originally had two phases, including the FCC and 

BCC phases. However, only the FCC phases in the SLM-ed Al0.5FeCoCrNi were detected which 

indicates that the BCC phases transform into the FCC phases during the SLM process. 

In the area of properties prediction of HEAs by ML, Rao et al. [15] proposed an active learning 

strategy to accelerate the design of novel high entropy Invar alloys with extremely low thermal 

expansion. Li et al. [16] and Yao et al. [17] did some research on the prediction of the hardness of 

HEAs by ML. However, until now, tensile properties prediction of HEAs has not been reported yet. 

Tensile properties are incredibly significant among material properties, especially in engineering and 

material sciences. They describe the response of a material to forces applied in tension (pulling) and 

are fundamental in understanding how a material behaves under stress [18]. Thus, a high-accuracy 

ML model used for predicting the tensile properties of SLM-ed HEAs is very necessary. The tensile 
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tests are always used to test the strength of a material and the UTS, YS, and 𝛿𝛿 are achieved after a 

successful tensile test. Thus, the prediction of the UTS, YS, and 𝛿𝛿 was studied in this research. 

2. Methodology 

The flowchart of our strategy to search for the best combination of material descriptors and 

machine learning model for a given materials problem is shown in Figure 1. The purple area is the 

preparation work for ML, it consists of two main parts, dataset preparation, and ML model 

preparation. Dataset preparation includes data collection, material descriptors construction, and 

material descriptors selection. ML model preparation is constructing an ML model pool according to 

the target requirements. Then the models work with the prepared dataset, as shown in the yellow 

area of Figure 1. The prepared dataset will be divided into K parts, select one of them as the test set 

each time, and use the remaining K-1 as the training set, and perform a total of K times. This ensures 

that each sample becomes a test set. This process is called crossover. During crossover, whether an 

accuracy or error is set to compare the predicted and actual labels of the testing set. This is the 

evaluation process. After that, we compared model accuracies or errors of these models with their 

corresponding material descriptor subset. The classifier model with the highest accuracy or the 

regressor model with the lowest error was chosen as the best model for phase formation and tensile 

properties prediction, respectively, and the corresponding material descriptor subset was chosen as 

the key material descriptors.  

After creating the best ML model with a descriptor subset, it is generally necessary to perform 

prediction and experimental verification to assess its real-world performance and validate its 

effectiveness. This will help to test the performance of the ML model in the new data and avoid 

overfitting the historical data. This process is called experimental verification. 

 

Figure 1. Flowchart of our strategy to search for the best combination of material descriptors and 

machine learning model for a given materials problem. 

2.1. Data Collection 

A dataset consisting of 49 SLM-ed HEAs with no Non-metallic elements added for which phase 

formation was available, and 35 of them have tensile properties information with no post-processing 

like annealing, was compiled from ScienceDirect literature sources (seen in supplementary material 

Table S1). In the work of ML prediction for phase formation, two primary phases were considered in 

this research: the body-centered cubic (BCC) phase and the face-centered cubic (FCC) phase. As a 

result, each alloy within our dataset may exhibit a phase configuration of either a single BCC phase, 

a single FCC phase, or FCC + BCC phases. In the work of ML prediction for tensile properties, the 

values of UTS, YS, and 𝛿𝛿 corresponding to each SLM-ed HEA were collected. 

Thus, the initial dataset includes the phase information (FCC, BCC, or FCC + BCC) of 49 SLM-

ed HEAs and corresponding chemical compositions. Among them, 35 of them have information on 

tensile properties (UTS, YS, and 𝛿𝛿 ). Phase information and tensile properties are our targeted 
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responses and the chemical compositions will be used to calculate the material descriptors in the 

following procedure. 

2.2. Material Descriptors Construction 

One of the key factors in governing the performance of an ML model lies in the selection of 

material descriptors. Therefore, it is imperative to establish a comprehensive set of material 

descriptors with general applicability [19].  

A set of material descriptors that have the potential to influence the phase formation or tensile 

properties of HEAs was assembled in this procedure. It contains 13 empirical material descriptors 

and 40 self-defined material descriptors. Among the 13 empirical material descriptors, 12 of them 

have been previously proposed in the literature by Zhang et al. [10] or Ankit et al. [13] and VED is 

the newly added empirical material descriptor in this work, as shown in Table 1. The basic 

thermodynamic descriptors consist of the mixing enthalpy (∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚), the mixing entropy (∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚), and 

a descriptor (𝜔𝜔) designed to quantify the dominance of entropy to enthalpy [20]. The elemental 

descriptor includes the valence electron concentration (VEC), the difference in the Pauling 

electronegativities (∆𝑒𝑒𝑝𝑝), the Allen electronegativities (𝛿𝛿𝑒𝑒𝑝𝑝), the atomic size difference (𝛿𝛿𝑅𝑅), and a 

geometrical descriptor (γ) [21]. 

Table 1. The empirical descriptors. 

Description Abbreviation Formula 

Atomic Size R 𝑅𝑅� = � 𝑐𝑐𝑚𝑚𝑅𝑅𝑚𝑚𝑛𝑛𝑚𝑚=1
;  𝛿𝛿𝑅𝑅 = �� 𝑐𝑐𝑚𝑚(1− 𝑅𝑅𝑚𝑚 𝑅𝑅�� )2

𝑛𝑛𝑚𝑚=1
 

Electronegativity (Pauling) 𝑒𝑒𝑝𝑝 

𝑒𝑒𝑝𝑝��� = ∑ 𝑐𝑐𝑚𝑚𝑒𝑒𝑝𝑝𝑚𝑚𝑛𝑛𝑚𝑚=1 ; ∆𝑒𝑒𝑝𝑝 = �∑ 𝑐𝑐𝑚𝑚(1− 𝑒𝑒𝑝𝑝𝑚𝑚 𝑒𝑒𝑝𝑝���� )2𝑛𝑛𝑚𝑚=1 ; 

𝛿𝛿𝑒𝑒𝑝𝑝 = �� 𝑐𝑐𝑚𝑚(𝑒𝑒𝑝𝑝𝑚𝑚 − 𝑒𝑒𝑝𝑝���)2
𝑛𝑛𝑚𝑚=1

 

Electronegativity (Allen) 𝑒𝑒𝑎𝑎 𝑒𝑒𝑎𝑎��� = � 𝑐𝑐𝑚𝑚𝑒𝑒𝑎𝑎𝑚𝑚𝑛𝑛𝑚𝑚=1
;  𝛿𝛿𝑒𝑒𝑎𝑎 = � 𝑐𝑐𝑚𝑚 �1− 𝑒𝑒𝑎𝑎𝑚𝑚 𝑒𝑒𝑎𝑎���� �𝑛𝑛𝑚𝑚=1

 

Valence Electron 

Concentration 
𝑉𝑉𝑉𝑉𝑉𝑉������ 𝑉𝑉𝑉𝑉𝑉𝑉������ = � 𝑐𝑐𝑚𝑚𝑉𝑉𝑉𝑉𝑉𝑉𝑚𝑚𝑛𝑛𝑚𝑚=1

 

Mixing Entropy ∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 ∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚 = −𝑅𝑅� 𝑐𝑐𝑚𝑚 𝑙𝑙𝑙𝑙 𝑐𝑐𝑚𝑚𝑛𝑛𝑚𝑚=1
 

Mixing Enthapy ∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚 ∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚 = 4� 𝑐𝑐𝑚𝑚𝑐𝑐𝑗𝑗𝑛𝑛𝑚𝑚=1,𝑚𝑚≠𝑗𝑗 𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚(𝑚𝑚𝑗𝑗) 

Combining effects of Mixing 

Entropy and Mixing Enthapy 
𝜔𝜔 𝜔𝜔 =

𝑇𝑇�∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚  

Combining effects of Mixing 

Entropy and Atomic Size 

Mismatch 

𝛾𝛾 𝛾𝛾 =
∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝛿𝛿𝑅𝑅2

 

Volume Energy Density VED VED=
P

vht
 

Volume energy density (VED) has an important influence on SLM with different manufacturing 

parameters, and it was always been used to explain the different results of SLM by different SLM 

parameters [4]. Thus, it was used as one of the empirical descriptors of SLM-ed HEAs and VED was 

defined by the following equation: 

VED=
P

vht
 (1) 

where, P is the laser power (W); v is the scanning velocity (mm/s); h is the hatching space (μm); 

and t is the layer thickness (μm). 
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Furthermore, the dataset incorporates 20 elemental parameters that approximately reflect bond 

strength and electrochemical properties. These parameters include characteristics like melting 

temperature (TM), ionization energy (IE), work function (WF), and so on, as shown in Table 2. 

Table 2. The elemental parameters for self-defined descriptors. 

Description Abbreviation Description Abbreviation 

Melting Point TM Atom Volume VA 

First Ionization Energy FIE Boiling Temperature TB 

Second Ionization Energy SIE Vaporization Enthalpy VE 

Third Ionization Energy TIE Melting Enthalpy ME 

Work Function WF Atomization Enthalpy AE 

Atomic Number AN Covalent Radii CR 

Quantum Number QN Density D 

Column in the Periodic Table C Lattice Constant  a/b/c 

Relative Atom Mass RAM Morse Hardness MH 

Each elemental parameter of a HEA in our composition space can be represented by the molar 

average value ( 𝑋𝑋� ) of an elemental parameter ( 𝑋𝑋𝑚𝑚 ) through 𝑋𝑋� = � 𝑐𝑐𝑚𝑚𝑋𝑋𝑚𝑚𝑛𝑛𝑚𝑚=1  (2) 

where 𝑐𝑐𝑚𝑚 is the mole fraction of the 𝑖𝑖th element. Another way to describe each HEA is to calculate 

the mismatch value ( 𝛿𝛿𝑋𝑋 ) between elemental parameters ( 𝑋𝑋𝑚𝑚 ) of its components. The 𝛿𝛿𝑋𝑋 is given 

by 

𝛿𝛿𝑋𝑋 = �� 𝑐𝑐𝑚𝑚(1− 𝑋𝑋𝑚𝑚 𝑋𝑋�� )2𝑛𝑛𝑚𝑚=1  (3) 

where 𝑐𝑐𝑚𝑚  is the mole fraction of the 𝑖𝑖th element and 𝑋𝑋�  is the molar average value obtained by 

Equation (2). Thus, 40 self-defined material descriptors are introduced and may contribute to the 

phase formation or tensile properties of HEAs as well. In total, the material descriptor space contains 

53 material descriptors. 

The compositions of SLM-ed HEAs are used to calculate the 53 descriptors according to the 

formulas listed in Table 1, Equations (2), and (3) with the input of the properties of elements in Tables 

1 and 2. The properties of elements were found on the websites of webelements 

(https://www.webelements.com/) and periodictable (www.periodictable.com). As we can readily get 

access to these elemental properties, all the descriptors are available for our training data. 

Our material descriptors vary in magnitudes, units, and ranges. As most of the machine learning 

algorithms use Euclidean distance between two data points, material descriptors with high 

magnitudes will weigh more compared with those of low magnitudes. To bring all material 

descriptors to the same level of magnitudes, each material descriptor is normalized through the Min-

Max Normalization to make it in the range of [0, 1]. The Min-Max Normalization function is as 

follows: 𝑋𝑋𝑚𝑚𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚 =
𝑋𝑋𝑚𝑚 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑛𝑛𝑋𝑋𝑚𝑚𝑎𝑎𝑚𝑚 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑛𝑛   (4) 

where 𝑋𝑋𝑚𝑚𝑎𝑎𝑚𝑚 and 𝑋𝑋𝑚𝑚𝑚𝑚𝑛𝑛 are the maximum and minimum values of descriptor X of our training data, 

respectively. 

2.3. Material Descriptor Selection and Evaluation 

To select the key material descriptors, we computed a total of 53 material descriptors and then 

applied a three-step material descriptor selection method. The first step is correlation screening to 
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quickly remove redundant material descriptors. We calculated the Pearson correlation coefficient 𝑟𝑟 

[22] between any two material descriptors X and Y based on the following equation: 𝑟𝑟 =
∑[(𝑋𝑋𝑚𝑚 − 𝑋𝑋�)(𝑌𝑌𝑚𝑚 − 𝑌𝑌�)]�∑(𝑋𝑋𝑚𝑚 − 𝑋𝑋�)2�∑(𝑌𝑌𝑚𝑚 − 𝑌𝑌�)2 (5) 

where 𝑋𝑋𝑚𝑚 and 𝑌𝑌𝑚𝑚 are the values of two material descriptors in the 𝑖𝑖-th alloy (i = 1, 2, …, 49), 𝑋𝑋� and 𝑌𝑌� are the average values of these two material descriptors in all 49 alloys. The values of Pearson 

correlation coefficient r between different material descriptors were shown in Figure 2. VED was not 

used in the correlation screening because some VEDs were not given in the references. Values of | r 

| > 0.75 imply a strong linear correlation between the two material descriptors X and Y, indicating 

that they carry the same or similar information and hence have the same or similar influences on 

material properties [23]. In this case, we choose one of these two material descriptors as input to 

establish models. 22 input features were selected after correlation screening. They are VED, VEC, 𝛿𝛿𝑅𝑅 

, 𝛾𝛾, 𝑒𝑒𝑝𝑝���, 𝛿𝛿𝑒𝑒𝑝𝑝, 𝛿𝛿𝑒𝑒𝑎𝑎, ∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚, ∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚, 𝛿𝛿𝑇𝑇𝑇𝑇, 𝐹𝐹𝐹𝐹𝑉𝑉�����, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹, 𝛿𝛿𝑄𝑄𝑄𝑄, 𝛿𝛿𝑊𝑊𝐹𝐹, 𝑎𝑎�, 𝛿𝛿𝑀𝑀𝐹𝐹, 𝑅𝑅𝑅𝑅𝑅𝑅�������, 𝛿𝛿𝐶𝐶, 𝑉𝑉𝑅𝑅����, 𝑅𝑅𝐻𝐻�����. 
The second step is recursive elimination. Linear and Random Forest regressors were used in 

recursive elimination for they are two popular algorithms in ML, each with its advantages [24]. The 

dataset was divided into a training set and a test set randomly, and then the model with 22 input 

features and corresponding output features, "feature importance ranking" was achieved after that, 

the feature with the worst correlation was removed, and then the procedure was repeated until the 

remaining number of material descriptors reached the set number. For phase prediction, we perform 

the elimination recursively from 1 material descriptor to 12 material descriptors 8 times. And 8×12 

groups of material descriptor subsets were achieved after recursive elimination. For tensile properties 

prediction, we perform the elimination recursively from 1 material descriptor to 12 material 

descriptors once. 12 groups of material descriptor subsets were achieved after recursive elimination. 

 

Figure 2. The Pearson correlation coefficients between material descriptors. 
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The third step is exhaustive screening. We establish a series of models by using all exhaustive 

combinations of the remaining material descriptors from the recursive elimination step as inputs. For 

phase prediction, we built ML classifiers. For tensile properties prediction, we built ML regressors. 

For each material descriptor subset from the recursive elimination step, we evaluate its classification 

accuracy or mean absolute percentage error (MAPE). 

In the process of building classifiers, two classifiers are trained according to whether the HEA 

contains FCC, or BCC or not. During predicting, when the output of a classifier is 1, it represents that 

the sample contains that phase. If both of the two classifiers predict correctly, the final classifier is 

correct, and it is included in the final accuracy.  

In the process of building regressors, the regressors are trained for each tensile property, the 

UTS, YS, and 𝛿𝛿 , respectively. During predicting, 𝑒𝑒𝑃𝑃  is used to calculate the error between the 

predicted properties and tested properties, and MAPE is used to evaluate the model with its 

corresponding material descriptor subset. 𝑒𝑒𝑃𝑃 =
�𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 − 𝑃𝑃𝑝𝑝𝑛𝑛𝑝𝑝𝑝𝑝𝑚𝑚𝑎𝑎𝑎𝑎� 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎� ∗ 100% (6) 

𝑅𝑅𝑅𝑅𝑃𝑃𝑉𝑉 =
1𝑁𝑁 ∗�𝑒𝑒𝑃𝑃 (7) 

where, 𝑒𝑒𝑃𝑃 is the error corresponding to property P, such as UTS, YS, and 𝛿𝛿; 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is the value of 

the actual property; 𝑃𝑃𝑝𝑝𝑛𝑛𝑝𝑝𝑝𝑝𝑚𝑚𝑎𝑎𝑎𝑎 is the value of the predicted property. N is the total number of samples. 

Five-fold cross-validation was utilized in this work. The dataset is divided randomly into 5 

roughly equal-sized subsets. 4 of them belong to the training set and 1 of them belongs to the testing 

set. The ML classifiers or regressors are built on the training set, and classification accuracy or MAPE 

is obtained by comparing the predicted and actual labels of the testing set. This process is repeated 

five times, with each of the 5 subsets used once as the testing set. The final classification accuracy or 

MAPE is obtained by averaging the classification accuracies or MAPEs from the five subsets. 

Finally, for each phase classifier model, 8×12 groups of classification accuracies with the 

corresponding material descriptor subsets were achieved. For each tensile properties regressor 

model, 12 groups of MAPEs with the corresponding material descriptor subsets were achieved. The 

model with the highest accuracy among these classifier models with its corresponding material 

descriptor subset was chosen as the best model for phase prediction. The models with the lowest 

MAPE among these regressor models with their corresponding material descriptor subsets were 

chosen as the best models for properties prediction. 

2.4. ML Prediction and Experimental Verification 

The machine learning calculations were performed using Python language in the Anaconda 

platform with jupyter notebook. These classifiers and regressors were implemented in the scikit-learn 

library, along with pandas, matlotlib, seaborn, numpy, and scipy libraries. 

9 HEAs with common metal elements were selected and experimentally synthesized by SLM 

with an SLM machine (HANS-100, Han's Laser, Shenzhen, China) [25]. The initial powder may be 

commercial pre-alloyed powder or elemental powders, as shown in Table 3. Some of them were 

mixed in an agate jar by the ball milling machine (PM4L, DROIDE, Shanghai, China) at a speed of 

150 rpm for half an hour. Specimens measuring 10×10×10 mm were produced (detailed 

manufacturing information is in supplementary materials Figure S1 and Table S2). The relative 

density (RD) of samples with good formability was measured using the Archimedes method using a 

density meter (ZMD-2, FANGRUI, Shanghai, China).  

Samples with the highest density among these samples manufactured by different parameters 

were selected to do the X-ray diffraction (XRD) analyses. XRD analyses were determined on the X-Y 

plane using an X-ray diffractometer (D8 Advance, Bruker, Karlsruhe, Germany) with Cu Kα radiation 
at a scanning rate of 10° min−1, and a 2θ angle ranging from 20° to 120°. 
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Table 3. The powder, formability, and highest RD of 9 newly SLM-ed HEAs. 

HEA Composition Powder Formability 
Highest 

RD 

A1 (FeNi)67Cr15Mn10Al3Ti5 Mixed (Fe+ Ni+ Cr+ Mn+ Al+ Ti)  98.2% 

A2 Fe30Cr33Ni29Al3Ti3 pre-alloyed  99.4% 

A3 Fe30Cr33Ni44.2Al3Ti3 Mixed (A2 + Ni)   99.4% 

A4 AlCrCuFeNi pre-alloyed × × 

A5 AlCrCuFeNi2.67 Mixed (A4 + Ni)  97.0% 

A6 AlCrCuFe2Ni2.34 Mixed (A4+ Fe+ Ni)  98.2% 

A7 AlMoCrFeNi2 pre-alloyed × × 

A8 AlMoCrFe8.76Ni2 Mixed (A7 + Fe)  97.2% 

A9 AlMoCrFe8.76Ni3.26 Mixed (A7 + Fe + Ni)  98.4% 

Among these XRD tested samples, the processing parameters of HEAs manufactured with no 

cracks and having an RD higher than 98% were selected to prepare tensile test samples and the tensile 

testing was conducted on a universal testing machine (EM6.304-L 30 kN, TSMT, Shenzhen, China) at 

a speed of 0.5 mm/min at room temperature on dog-bone-shaped samples (a gauge length of 25 mm, 

width of 5 mm, and thickness of 2 mm). 

3. Case study 1: Phase Formation of SLM-ed HEAs 

3.1. Construction of a Model Pool 

In this study, the ML models pool consists of 8 widely used classification models. These include 

a linear discriminant analysis (LDA), a decision tree model (D-tree), a Bayes classifier (Bayes), a 

random forest model (RF), and support vector machine with a linear kernel (SVM.lin), a polynomial 

kernel (SVM.poly), a radial basis function kernel (SVM.rbf) or a sigmoid kernel (SVM.sigm).  

3.2. Classification Accuracy 

The 8×12 groups of classification accuracies with the corresponding material descriptor subsets 

for each model achieved in Section 2.3 were shown in Figure 3, the cyan lines are the average 

accuracies of these ML models. In the LDA model, recursive elimination can improve the 

performance of the model, and in other models, recursive elimination can reduce the cost of model 

training (with appropriate quantities of material descriptors) without affecting the accuracy 

(performance) of the model. 

The highest classification accuracy value for each model and its corresponding material 

descriptor subset are shown in Table 4. If two material descriptor subsets have the same highest 

accuracy of a model, the subset with fewer material descriptors was chosen. This indicates that these 

fewer material descriptors are the key material descriptors. That will help to reduce the workload of 

preparing material descriptors for ML of unexplored SLM-ed HEAs.  

The highest accuracy of 0.9381 happens in the Bayes model with a material descriptor subset 

consisting of only 2 descriptors (VED and 𝛿𝛿𝑅𝑅). LDA and RF models also have a high accuracy of 

0.9143 and 0.9095 (exceeding 0.900), respectively. But they need more material descriptors, 7 and 4, 

respectively. The D-tree model also has a high accuracy of 0.9095 with 2 material descriptors subsets 

with 5 material descriptors. By contrast, the SVM models have lower accuracies than those of the 

above models. The highest accuracy of the SVM models is 0.8418, it happens when using the VM.rbf 

or SVM.poly model with a material descriptor of 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹. The highest accuracy of SVM.lin with material 

descriptors of VED and VEC is 0.7000, the highest accuracy of SVM.sigm with a material descriptor 

of VED is 0.6952, both are very low. 
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Figure 3. The classification accuracies of different models in phase prediction. 
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Table 4. The highest classification accuracy of each model and its corresponding material descriptor 

subset. 

ML model Material descriptor subset Accuracy 

LDA VED, 𝛿𝛿𝑅𝑅, 𝑒𝑒𝑝𝑝���, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹, 𝛿𝛿𝑄𝑄𝑄𝑄 0.9143 

Bayes VED, 𝛿𝛿𝑅𝑅 0.9381 

RF VED, 𝛿𝛿𝑅𝑅, 𝑒𝑒𝑝𝑝���, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹 0.9095 

D-tree 
VED, VEC, 𝛿𝛿𝑅𝑅, 𝑒𝑒𝑝𝑝���, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹 

VED, VEC, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 

0.9095 

0.9095 

SVM.rbf 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹 0.8418 

SVM.lin VED, VEC 0.7000 

SVM.poly 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹 0.8418 

SVM.sigm VED 0.6952 

3.3. Prediction and Experimental Verification 

Given the good classification performance of the Bayes model with a material descriptor subset 

consisting of VED and 𝛿𝛿𝑅𝑅, the trained classification model then can be used to predict phases of un-

explored SLM-ed HEAs.  

The results after XRD analyses are shown in Table 5. The XRD pattern of these samples is shown 

in Figure 4. ML predicted phase formation fits well with the experimental identified results. 

Table 5. The phase formation predicted by ML and identified by XRD. 

HEA Composition XRD identified 
ML  

predicted  
Match 

A1 (FeNi)67Cr15Mn10Al3Ti5 FCC FCC  

A2 Fe30Cr33Ni29Al3Ti3 FCC + BCC FCC + BCC  

A3 Fe30Cr33Ni44.2Al3Ti3 FCC FCC  

A5 AlCrCuFeNi2.67 FCC + BCC FCC + BCC  

A6 AlCrCuFe2Ni2.34 FCC + BCC FCC + BCC  

A8 AlMoCrFe8.76Ni2 BCC BCC  

A9 AlMoCrFe8.76Ni3.26 FCC FCC  

 

Figure 4. XRD results of these experimental synthesized HEAs. 
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4. Case Study 2: Tensile Properties of SLM-ed HEAs 

4.1. Construction of Model Pool 

In this study, the ML models pool consists of 2 widely used regressor models. These include a 

random forest model (RF) and a support vector machine (SVM).  

4.2. The Results of MAPEs 

12 groups of MAPEs with the corresponding material descriptor subsets for each model 

achieved in Section 2 are obtained after running the program. The lowest MAPE for each model and 

its corresponding material descriptor subset are shown in Table 6. 

Table 6. The lowest MAPE of each model and its corresponding material descriptor subset. 

Tensile property ML Model Material descriptor subset MAPE 

UTS RF 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 10.33% 

UTS SVM 
VED, 𝛿𝛿𝑅𝑅, 𝛾𝛾, ∆𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚, ∆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚, 𝐹𝐹𝐹𝐹𝑉𝑉�����, 𝛿𝛿𝐹𝐹𝐹𝐹𝐹𝐹, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹, 𝛿𝛿𝑄𝑄𝑄𝑄, 𝛿𝛿𝑀𝑀𝐹𝐹, 𝑅𝑅𝑅𝑅𝑅𝑅������� 23.41% 

YS RF 𝛿𝛿𝑒𝑒𝑎𝑎 8.55% 

YS SVM 𝛿𝛿𝑒𝑒𝑎𝑎, 𝐹𝐹𝐹𝐹𝑉𝑉�����, 𝛿𝛿𝑊𝑊𝐹𝐹 24.83% 𝛿𝛿 RF 𝑒𝑒𝑝𝑝���, 𝛿𝛿𝑒𝑒𝑎𝑎, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹, 𝛿𝛿𝑄𝑄𝑄𝑄, 𝛿𝛿𝑊𝑊𝐹𝐹, 𝛿𝛿𝐶𝐶 28.48% 𝛿𝛿 SVM 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 50.47% 

The lowest MAPEs for predicting UTS, YS, and 𝛿𝛿 all happen in the RF model with a material 

descriptor subset recursive eliminated by the RF regressor. The lowest MAPE of 10.33% for predicting 

UTS when working with a material descriptor subset consisting of only 2 descriptors (𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹 and 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹). 

The lowest MAPE of 8.55% for predicting YS when working with a material descriptor subset 

consisting of only 1 descriptor (𝛿𝛿𝑒𝑒𝑎𝑎). The lowest MAPE for predicting 𝛿𝛿 occurs when working with 

a material descriptor subset consisting of 7 descriptors (𝑒𝑒𝑝𝑝���, 𝛿𝛿𝑒𝑒𝑎𝑎, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹, 𝛿𝛿𝑄𝑄𝑄𝑄, 𝛿𝛿𝑊𝑊𝐹𝐹, 𝛿𝛿𝐶𝐶), though the 

value of MAPE is a little high, which is 28.48%. 

The lowest MAPEs when predicting UTS, YS, and 𝛿𝛿 in in the SVM model are all higher than 

those in the RF model. 

4.3. Prediction and Experimental Verification 

The results are shown in Table 7. 𝑈𝑈𝑇𝑇𝑆𝑆′, 𝑌𝑌𝑆𝑆′, 𝛿𝛿′ are the ultimate tensile strength, yield strength, 

and elongation, respectively, which are predicted by RF model with the lowest MAPEs when 

working with the corresponding material subset achieved in Section 4.2. 𝑅𝑅𝑚𝑚 , 𝜎𝜎0.2 , 𝛿𝛿  are the 

experimental tested results of tensile strength, yield strength, and elongation on the SLM-ed samples. 𝑒𝑒𝑃𝑃  in Equation (6) is used to calculate the error between the predicted properties and tested 

properties 

Table 7. The tensile properties predicted by ML and tested results. 

HEA 
𝑼𝑼𝑼𝑼𝑼𝑼′ 

(MPa) 

UTS 

(MPa) 

𝒆𝒆𝑼𝑼𝑼𝑼𝑼𝑼 

(%) 

𝒀𝒀𝑼𝑼′ 
(MPa) 

YS (MPa) 
𝒆𝒆𝒀𝒀𝑼𝑼 

(%) 

𝜹𝜹′ 
(%) 

𝜹𝜹 

(%) 

𝒆𝒆𝜹𝜹 

(%) 

A1 871 923 6 697 692 1 22 18 22 

A2 1175 1267 8 866 915 5 7 5 40 

A3 850 724 17 630 553 14 31 22 41 

A9 862 754 14 621 547 14 32 22 45 

In the prediction of the UTS and YS, the errors are less than 20%. However, the errors are a little 

large when predicting 𝛿𝛿, exceeding 20%. Figure 5 shows the room-temperature tensile stress-strain 

curve of these HEA samples. HEA A2 with FCC+BCC phases has higher strength and lower 
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elongation than other HEAs with a single FCC phase, which fits well with the results of other research 

[9]. 

 

Figure 5. Tensile test results of these experimental synthesized HEAs. 

4. Discussion 

4.1. Relationship between Key Material Descriptors and Phase Formation 

The descriptors of VED and 𝛿𝛿𝑅𝑅  are the key material descriptors when predicting the phase 

formation of SLM-ed HEAs. In SLM, VED represents the amount of energy delivered to a unit volume 

of material. It significantly affects the heating and cooling rates during the rapid solidification of the 

melted material. Guo et al. [26] found that the duplex microstructure of AlCoCrFeNi2.1 underwent a 

morphological evolution from lamellar structure to cellular structure as laser energy input reduced. 

Ren et al. [27] also found that samples manufactured with a higher laser power and a lower laser scan 

speed are characteristic of a larger interlamellar due to a lower cooling rate (dT/dt = G × u), which 

originated from a smaller thermal gradient (G) and a slower solidification rate (u). The above findings 

show that VED has an important influence on the microstructures of dual-phase HEAs. Zhou et al. 

[14] and Sun et al. [28] both manufactured a HEA with a composition of Al0.5FeCoCrNi by SLM, but 

the SLM-ed samples showed different phases. One was FCC only and the other showed dual-phase 

with FCC phase and BCC phase. Low VED can lead to rapid heating and subsequent rapid cooling, 

impacting the phase transformation behavior of the material. Different phases in a material often 

have distinct formation kinetics. Low VED can lead to quicker solidification, potentially favoring the 

formation of metastable phases or amorphous structures due to insufficient time for atoms to arrange 

into the equilibrium phase [29]. 

Zhang et al [30] compared the atomic size mismatch ( 𝛿𝛿𝑅𝑅 ) of various HEAs at different 

compositions. Interestingly, FCC solid solutions tend to have smaller 𝛿𝛿𝑅𝑅  values, and BCC solid 

solutions exhibit larger 𝛿𝛿𝑅𝑅 values. For intermediate 𝛿𝛿𝑅𝑅, HEA may have a mixture of BCC and FCC 

solid solutions. Wang et al. [31] suggested that the structure changing from an FCC to a BCC structure 

with compositions can be attributed to the atomic-level strain energy [32]. Specifically, the FCC 

structure has the highest packing efficiency for identical hard spheres, and for a metallic solid 

solution FCC phase, the constitute elements often have similar atomic sizes. Since Al has a relatively 

larger atomic size compared to many 3d-transition metal elements (e.g., Cr, Fe, Co, Ni, and Cu), its 

addition may result in significant atomic-level strains in the FCC lattice. With increasing Al contents, 

the accumulated atomic-level strains may eventually destabilize the FCC structure, triggering the 

FCC-to-BCC transition [33,34]. With a lower packing efficiency in the BCC phase, the strain energy is 

largely released. Atomic size mismatch (𝛿𝛿𝑅𝑅) can create strain within the crystal lattice, influencing the 

likelihood of forming specific phases or altering phase stability. These strains can favor the formation 
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of certain phases over others, especially if the lattice strain promotes the formation of metastable 

phases [35]. 

4.2. Relationship between key material descriptors and tensile properties 

The descriptors of the second ionization energy variance (𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹 ), the third ionization energy 

variance (𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 ) are the key material descriptors when predicting the UTS of SLM-ed HEAs. The 

mechanical strength of a metal is largely determined by the bond energy among atoms [36]. It is well 

known that metallic bonds result from the interaction between atomic cores and their free electrons, 

and thus the magnitude of free electron density of a metallic alloy is one of the important factors that 

control the strength of a metal [37]. The contribution of each atom to the free electron density is mainly 

determined by the ability of an atom to donate electrons. The greater the ability of an atom to donate 

electrons, the larger the contribution of the atom to the free electron density, and thus the stronger 

the metallic bonding. Zhang et al. [38] proposed a machine-learning approach to dramatically 

enhance the combined UTS and electric conductivity of alloys. Application of this approach to SSCA 

(solid solution strengthened conductive copper alloys) demonstrates that the key elemental feature 

for UTS of an alloy is the absolute electronegativity variance. The absolute electronegativity can be 

estimated from the first ionization energy and electron affinity. The first ionization energy is the 

amount of energy required to remove an electron from an atom to vacuum. The electron affinity 

energy indicates the amount of energy released when an atom acquires an electron. Here, most of the 

SLM-ed HEAs in the database are 3d transition metal CCAs that contain at least 4 of the 9 following 

elements: Al, Co, Cr, Cu, Fe, Mn, Ni, Ti, and V as described by Miracle [1]. The outermost electrons 

of these elemental atoms are 2-3. The second and third ionization energy is the amount of energy 

required to remove the second and third electron from an atom to vacuum. The greater the ability of 

an atom to donate electrons. A larger second ionization energy variance (𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹) or third ionization 

energy variance (𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹) indicates the ability of each element in the alloy to donate electrons has a large 

variation. It is reasonable to speculate that an element with a larger second or third ionization energy 

contributes to the weakening of the alloy or lowering of the alloy strength. Therefore, it is not difficult 

to understand that the second ionization energy variance (𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹), the third ionization energy variance 

(𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹) of the alloy are also two of the most important factors affecting the UTS. 

The descriptor of the electronegativity (Allen) variance (𝛿𝛿𝑒𝑒𝑎𝑎) is the key material descriptor when 

predicting the YS of SLM-ed HEAs. For the SLM-ed HEAs, possible strengthening mechanisms 

include solid-solution hardening (𝜎𝜎𝑠𝑠), grain size hardening (𝜎𝜎𝑔𝑔), and precipitation hardening (𝜎𝜎𝑝𝑝). 

And the YS of SLM-ed HEAs is a simple summation of the individual contributions, expressed as 

[39]: 𝜎𝜎0.2 =  𝜎𝜎𝑠𝑠 + 𝜎𝜎𝑔𝑔 + 𝜎𝜎𝑝𝑝 (8) 

Poletti et al. [40] found that HEA formation can be correlated to the HRRs (Hume-Rothery rules) 

using the electronegativity (Allen) variance ( 𝛿𝛿𝑒𝑒𝑎𝑎 ). Leong et al. [41] did some research on 

electronegativity and enthalpy of mixing biplots for High Entropy Alloy solid solution prediction, 

they found that electronegativity (Allen) is better suited to predict solid-solution stability when 

utilizing only one parameter among electronegativity (Allen), electronegativity (Pauling) and 

electronegativity (Mulliken). The greater the electronegativity (Allen) variance (𝛿𝛿𝑒𝑒𝑎𝑎)  between the 

elements of SLM-ed HEAs, the stronger the chemical affinity between the solute and the solvent 

element, which is likely to have smaller solubility [42]. Thus, the electronegativity (Allen) variance 

(𝛿𝛿𝑒𝑒𝑎𝑎) has a great influence on the solid-solution hardening (𝜎𝜎𝑠𝑠) and then affects the YS of SLM-ed 

HEAs. 

The MAPE when predicting the 𝛿𝛿 of SLM-ed HEAs is a little large. This may be attributed to 

the big difference in residual stress of SLM-ed HEAs after SLM with different SLM machines. 

However, the 𝛿𝛿 can be optimized by post-annealing or other post-heat treatment means after SLM 

[43]. The descriptors of the average Pauling electronegativity value (𝑒𝑒𝑝𝑝���), the electronegativity (Allen) 

variance (𝛿𝛿𝑒𝑒𝑎𝑎), the second ionization energy variance (𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹), the third ionization energy variance 

(𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 ), the quantum number variance (𝛿𝛿𝑄𝑄𝑄𝑄 ), the work function variance (𝛿𝛿𝑊𝑊𝐹𝐹 ) and the Column 
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variance (𝛿𝛿𝐶𝐶) are the key material descriptors when predicting the 𝛿𝛿 of SLM-ed HEAs. Among them, 𝛿𝛿𝑒𝑒𝑎𝑎 is the key material descriptor when predicting the YS, 𝛿𝛿𝑆𝑆𝐹𝐹𝐹𝐹, 𝛿𝛿𝑇𝑇𝐹𝐹𝐹𝐹 are the key material descriptors 

when predicting the UTS. The average Pauling electronegativity value (𝑒𝑒𝑝𝑝���), the quantum number 

variance (𝛿𝛿𝑄𝑄𝑄𝑄) and the Column variance (𝛿𝛿𝐶𝐶) may also affect the plastic deformation just like the 

electronegativity (Allen) variance (𝛿𝛿𝑒𝑒𝑎𝑎) because they all relate with the difficulty with which an atom 

loses electrons. The work function variance (𝛿𝛿𝑊𝑊𝐹𝐹) has something to do with the Elastic Modulus, 

found in the research of Li et al. [44]. 

5. Conclusions 

In summary, we propose a framework to select the best combination of material descriptors 

subset and ML models. We apply it in the prediction of phase formation and tensile properties of 

SLM-ed HEAs. 

By adjusting material descriptors and machine learning models, an optimized Bayes model for 

classification has been established, achieving a remarkable 93.8% accuracy in distinguishing between 

body-centered cubic (BCC), face-centered cubic (FCC), and dual-phase (FCC+BCC) HEAs. Moreover, 

optimized Random Forest models for predicting the tensile properties (the ultimate tensile strength, 

yield strength, and elongation) achieved remarkable MAPEs (mean absolute percentage errors) of 

10.33%, 8.55%, and 28.48%, respectively. Furthermore, several HEAs were manufactured by SLM and 

the experimental results showed good agreement with the predicted results. These efforts carry 

significant implications in advancing the utilization of SLM for HEAs. 
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