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Abstract


Obtaining a suitable chemical composition for high-entropy alloys (HEAs) with superior mechanical properties and good biocompatibility is still a formidable challenge through conventional trial-and-error methods. Here, based on a large amount of experimental data, a machine learning technique may be used to establish the relationship between the composition and the mechanical properties of the biocompatible HEAs. Subsequently, first-principles calculations are performed to verify the accuracy of the prediction results from the machine learning model. The predicted Young’s modulus and yield strength of HEAs performed very well in the previous experiments. In addition, the effect on the mechanical properties of alloying an element is investigated in the selected Ti-Zr-Hf-Nb-Ta HEA with the high crystal symmetry. Finally, the Ti8-Zr20-Hf16-Nb35-Ta21 HEA predicted by the machine learning model exhibits a good combination of biocompatibility and mechanical performance, attributed to a significant electron flow and charge recombination. This work reveals the importance of these strategies, combined with machine learning and first-principles calculations, on the development of advanced biocompatible HEAs.
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1. Introduction


The emergence of high-entropy alloys (HEAs) has disrupted the conventional approach to alloy design [1,2,3,4]. HEAs are typically composed of multiple alloying elements in nearly equal proportions and are fundamentally different from traditional alloys that rely on one or two primary elements [5,6,7,8]. Due to their unique mechanical properties, HEAs offer unparalleled advantages in a wide range of applications, such as aerospace, nuclear fusion, and medicine [9,10,11,12,13,14,15]. Recently, numerous novel HEAs and their corresponding models have been rapidly developed [16,17]. Compared with commercially available Ti6-Al4-V, the mechanical and biocompatibility properties, as well as processing routes of biomedical high-entropy alloys are discussed [16]. The microstructure, and the mechanical properties of body-centered cubic Hf-Mox-Nb-Ta-Ti-Zr alloys are investigated, and have been found to exhibit excellent room-temperature plasticity (>50%) and a high strength of 1015 MPa [17]. However, achieving the creation of HEAs with exceptional mechanical properties and favorable biocompatibility by adjusting the appropriate composition ratio remains a significant challenge.



Using a vacuum arc melting technique, the near equiatomic-concentration Nb-Ti-V-Ta-Alx alloys with single-phase BCC lattice are prepared under a high-purity argon atmosphere. These have high compressive yield strength and ductility, which can be attributed to solid solution strengthening [18]. Guided by CALPHAD modeling, the refractory medium-entropy alloy Mo-Nb-Ta-V has a Vickers microhardness of 4.95 GPa and a yield strength of 1.5 GPa due to a small negative departure from ideal mixing [19]. A single body-centered cubic refractory Hf25-Nb25-Ti25-Zr25 high entropy alloy has the fracture strength and plastic strain of 969 MPa and 14.9%, respectively, owing to the significant work-hardening effect from the movement and multiplication of dislocations [20]. Using Ab initio calculation and experiment, Ti20-Zr20-Hf20-Nb20-V20 alloy shows high strength and homogeneous deformation under compression at room temperature [21].



Machine learning methods have been extensively utilized in material design [1,3,22,23,24,25]. Without explicit physical formulas, machine learning has the capability to independently capture the relationship between input and output data based on a large data set. Moreover, it enables the accurate establishment of nonlinear and highly complex predictive models for the relevant parameters [2,3]. Based on high-throughput simulation combined with a machine learning approach, the relationship between the composition and mechanical properties is determined in the medium entropy alloys [4]. Subsequently, the “composition-hardness” model in the nickel-based superalloys is built using machine learning coupled with a high-throughput experiment. Then, the optimal composition for the high-hardness superalloys is obtained using the simulated annealing algorithm, and this composition is validated by Thermo-Calc software [1]. Using a machine learning-based alloy design system to facilitate the rational design of HEAs, the valance electron concentration plays an important role in the prediction of hardness [22]. A machine learning framework is used to predict the microhardness of high-entropy alloys, and ANN shows better performance for the new experimental data [23]. In addition, the first-principles calculation is a popular computational method by which to predict the material properties [2]. Based on the basic physical information, such as the electronic structure, Planck’s constant, and Boltzmann’s constant, the first-principles calculations provide a deep understanding of the mechanical properties of materials at the atomic and electronic scales [3,26,27,28,29,30].



In this work, a composition–property relationship for the biocompatibility of HEAs is built using machine learning combined with first-principles calculations. The flow chart representing this is presented in Figure 1. The different alloying elements are considered in HEAs. The contents of elements affect the mechanical properties, as well as the stability and safety, of the alloy in the organism. The mechanical properties of HEAs are mainly expressed in Young’s modulus and yield strength [1,2,3]. Sufficient strength and appropriate elasticity are critical for biomaterials. After data collection, machine learning and first-principles calculations, an accurate prediction model is established. The optimal proportion of HEA with a good combination of biocompatibility and mechanical performance is obtained.




2. Computational Method


2.1. Machine Learning


In this work, a neural network method is employed, as shown in Figure 1. Because the neural network algorithms require a large amount of input and output data to find the empirical rules, we are able to collect a huge size of data from the previous literature [5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30], and then filter them under the following conditions. The insoluble metal elements, such as Ti, Al, and Zr, are mainly selected here. Ti is an excellent bioengineering material, due to the way that its density is similar to that of bone, and because it is non-toxic with high strength and good biocompatibility. Al has good plasticity and biocompatibility. During data collection, if any HEAs contain elements such as Fe, Ni, W, and Mg, these HEAs are removed in the data system. These elements are not the optimal biocompatible components. Ni has good mechanical properties, but shows a strong toxic effect. In addition, W could cause the blocked blood vessels to pass through [31,32,33,34,35,36,37]. Therefore, after continuous screening, the Ti-Nb-Ta-Hf-Zr alloy systems are selected as the input data for the machine learning method [5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25].



In order to improve the training accuracy, the atomic ratios of the initial data are taken for the calculation. The physical quantity of the original material is calculated by the first-principle techniques as the intermediate quantity of the atomic ratio in the alternative material. The calculated physical quantities are the atomic radius, the mixing entropy, the mixing enthalpy, the electronegativity difference and the valence electron concentration. These unique physical properties of the metals establish a link between the element data and the mechanical properties in HEAs, which improve the correctness and accuracy for machine learning.



The atomic radius is generally expressed by the distance between two adjacent atoms. The calculation formula of atomic radius is expressed by [14,16].


   γ −  =   ∑  i = 1  n    c i     γ i   



(1)




where    γ −    is the average atomic radius, ci represents the concentration of the element  i , and    γ i    the atomic radius of the element  i .



The mixing entropy is used to characterize the disorder degree of the system state after the two or more different substances are mixed. The HEAs have a high mixing entropy effect in terms of their thermodynamics. The calculation formula of the mixing entropy is written as [14,16].


   S  m i x   = − R   ∑  i = 1  n    c i  ln  c i     



(2)







There is a linear relationship between the glass transition temperature of the bulk amorphous alloys and the absolute value of the alloy mixing enthalpy. The high absolute value of the mixing enthalpy leads to the high glass transition temperature. The formula of mixing enthalpy is expressed by [14,16].


   H  m i x   = 4   ∑  i = 1 , i ≠ j  n    c i   c j   H  i j     m     



(3)







The electronegativity characterizes the ability of an atom to attract the electrons in a compound. The formula of the electronegativity difference is written as [14,16].


  χ =     ∑  i = 1  n    c i    ( 1 −    χ i     χ −    )  2       



(4)







The valence electron concentration is the average number of the valence electrons per atom in a substance [37]. The valence electron concentration is given by [14,16].


  V E C =   ∑  i = 1  n    c i  V E  C i     



(5)








2.2. First-Principles Calculation


Density functional theory (DFT) is the most widely used theory among all of the first-principles calculation methods in physics and chemistry. Using electron density instead of wave function as the research variable makes it convenient to deal with the concept and practice of this theory. DFT simplifies the multi-body problem, which is caused by the interaction of electrons in an external electrostatic potential. This problem can manifest in the form of a non-interacting electron moving within the effective potential field, and deals with the resulting exchange correlation. Here, by using the DFT calculation, we can obtain the accurate mechanical properties of a particular composition of an HEA. The DFT calculation is also used to verify the accuracy of the machine learning model. The HEA model is built using the substitution of a random atom, as has been widely adopted in previous work. The commutative and correlation function has been modified by Perdew–Burke–Ernzerhof under the generalized gradient approximation. After the test, the truncation energy of the plane wave group is set to 500 eV, the density of K point is 5 × 5 × 5, the energy convergence standard is set to 0.01 meV, and the force convergence standard is 30 meV/A.





3. Results and Discussion


The yield strength and the elastic modulus of the existing HEAs are collected from previous experimental results [4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36], and then the key physical parameters mentioned above are calculated [37]. Here, the calculated atomic radius, the mixing entropy, the mixing enthalpy, the electronegativity difference, and the valence electron concentration can used as the input set for the machine learning method. The Young’s modulus and yield strength of the HEAs are trained as the output sets. Here, 80% of the data set would be regarded as the training set, 10% would be regarded as the verification set, and 10% would be regarded as the test set.



Figure 2 shows the error distribution of the Young’s modulus in the HEAs obtained by machine learning. In addition, the data in the experimental test set are randomly sampled at each machine learning model. The prediction value with an error less than 10% is 86.4%, and the accurate prediction with almost zero error is 31.1%. The prediction error is within 10% for the sample with a Young’s modulus greater than 100 GPa. Overall, however, the results obtained by machine learning are relatively good [1,3]. Most of the data fall at a fairly accurate zero point. The data used for testing are mostly matched the results of the machine learning. This verifies that the model is valid for predicting the Young’s modulus of the HEA.



Figure 3 plots the differences of the Young’s modulus derived from the machine learning in the original data. According to the actual distribution of the scatter points, the scatter data in the graph are fitted linearly [1,3,37]. In order to ensure the randomness of the prediction, the samples in each data set are randomly selected. When the slope of the fitting curve is close to 1, the prediction accuracy is higher. The offsets of the data of the samples in other sections are basically smaller, and the average prediction accuracy has reached 96.6%. It can be seen that a sample with a large offset is generated in the range of the elastic modulus of 120–140 GPa. In addition, the overall prediction accuracy of the validation set has reached 95.2%. Even if abnormal data exist, the prediction model of the Young’s modulus still maintains a good forecast accuracy. Thus, the machine learning model used can effectively predict and evaluate the Young’s modulus in complex alloys.



Figure 4 shows that there are errors in the predicted yield strength in 86 of the 126 samples. The yield strength falls between −102.9 MPa and 107 MPa and has a relatively larger deviation. Here, the error value of the yield strength for the 14 samples is close to 0. The prediction rate of the sample with the low error is 68.3%, while the accurate prediction rate with the zero error is only 10.4%. According to Figure 4, the prediction accuracy of the yield strength is relatively high. In all of the data, the eighteen samples have a yield strength below 1 GPa, and two of the samples are even below 700 MPa. In addition, all of the sample classifications suggest that the absolute values with an error of 68.3% remain in a small range.



Figure 5 plots the data sets containing the yield strength in the original data. In the fitting legend of the training set, except for one sample with a larger deviation, the samples are distributed near the fitting line, and the comprehensive accuracy of prediction reaches 92.5%. It can be seen that the model generated by the training set is usually accurate. In the test set, the comprehensive accuracy for the predicted yield strength is 81.8%. Some samples deviate greatly from the fitting line. Thus, the actual predicted accuracy is relatively poor. It is speculated that the offset samples in the training set may affect the prediction result. Here, the machine learning model only predicts the yield strength of the HEA within a certain range. Although the overall accuracy reaches 90% in yield strength, the prediction result shows a larger deviation, and should be improved based on the physical model in future [37]. Recently, a machine learning-assisted physical model has been developed to predict the flow stress, dynamic recrystallization kinetic, and grain size evolution in a powder metallurgy superalloy [38]. In addition, a general machine learning method based on graph neural networks has been built for the prediction of the density of states purely from their atomic positions at six orders of magnitude [39] allowing it to effectively screen more complex functional properties. Hence, a machine-learning combined with a physical-model approach is urgently needed to be developed in order to determine the alloy system with the optimal performance.



In order to obtain the Ti-Nb-Ta-Hf-Zr HEA with excellent mechanical properties, the content of the single element is changed, and the contents of the other elements maintain a constant proportion. The influence of the element on the Young’s modulus and the yield strength of the Ti-Nb-Ta-Hf-Zr HEA are obtained using the trained machine learning model, as shown in Figure 6 and Figure 7. Then, the reasonable composition range would be determined from the trained machine learning model. Figure 6 shows the effect of element concentration on the Young’s modulus. Generally speaking, the contents of the Nb and Ta elements are high, and the elastic modulus of the corresponding alloy is high. The high content of the Zr element leads to the decrease of the elastic modulus. When the element content is less than 20%, the Ti and Hf elements have a smaller influence on the elastic modulus, and the Zr, Nb and Ta elements have a larger influence. When the element content is higher than 20% and lower than 40%, the contents of the Ti, Hf and Zr elements are higher, and the elastic modulus of the corresponding alloy is lower.



From Figure 7, we can see that the concentrations of the Hf and Ta elements have a smaller influence on the yield strength in the Ti-Nb-Ta-Hf-Zr HEA, while the concentrations of the Ti, Zr and Nb elements play a key role in yield strength. When the content of the Ti element is low, the yield strength is maintained at a high level, about 1400 MPa (Figure 7). Through a comprehensive comparison of Figure 6 and Figure 7, we can see that, after removing the mutation variables in the data, the optimal Ti content is 0–40%, the Nb content is 0–40%, the Ta content is 0–40%, the Hf content is 0–40%, and the Zr content is 0–40% for the high Young’s modulus and the yield strength in the Ti-Nb-Ta-Hf-Zr HEA. From Figure 6 and Figure 7, we see that 0.1% is set as the component gradient value, and that the intermediate physical quantities, including the mixing entropy, the mixing optimal, the electronegativity difference, the atomic radius, and the valence electron concentration, are calculated [3,37]. Using the machine learning model, Table 1 shows some of the excellent mechanical properties obtained, and the results can be verified by the first-principles calculations.



Based on the results from the machine learning, the Ti8-Zr20-Hf16-Nb35-Ta21 HEA with the best combination of the Young’s modulus and the yield strength is determined. Subsequently, a random solid solution model of the alloy used for the first-principles calculation is established, as shown in Figure 8a. The charge–density difference is used to visualize the change of the charge after the interaction of the individual fragments or the change of the electron density during the formation of atoms into molecules. Here, the charge–density difference is calculated as follows:


  Δ ρ =  ρ  A B   −  ρ A  −  ρ B   



(6)




where    ρ  A B     is the charge density of the whole system and    ρ A    and    ρ B    are the charge densities of the composed fragment.



Figure 8b shows the charge–density difference of the Nb, Zr, Ta, Hf, and Ti elements in the Ti8-Zr20-Hf16-Nb35-Ta21 HEA. Here, the charge–density difference is more significant in the Ti and Zr atoms. The results demonstrate the significant electron flow and charge recombination among the Ti and Zr elements, leading to the formation of the covalent bonds to enhance the phase stability and the strength. In addition, the partial density of states for the Ti, Zr, Hf, Nb, and Ta elements in different atomic orbitals is given in Figure 8c. As is well known, the valence electron concentration plays a key role in the mechanical properties of the alloys [40]. The electronic density of states from the p atomic orbitals and the d atomic orbitals is mainly situated from −5.0 eV up to the Fermi energy level at 0 eV. Here, these partial bonding states occupied would be favorable to the stabilization of the bcc Ti8-Zr20-Hf16-Nb35-Ta21 HEA [41]. Recently, the element distribution characteristics and oxygen occupation properties in the Ti-Zr-Hf-Nb HEA were studied based on first principles, molecular dynamics and Monte Carlo calculations, with findings that indicate that the short-range order characteristic and oxygen occupation effects play a key role in the phase stability when regulating the mechanical properties [42]. A class of Co-Cr-Fe-Ni-based HEAs can be designed on demand by the synergistic doping of Cu and Mo elements based on the first-principles and multi-principal alloy design concepts, and the Co-Cr-Fe-Ni-Cu0.25-Mo0.75 HEA coating with good corrosion and slurry erosion performances can be determined [43]. Hence, via density functional theory, the design of HEAs is relatively easy to implement.




4. Conclusions


In summary, biocompatible non-isoatomic Ti-Nb-Ta-Hf-Zr HEA is screened using a combination of first-principles calculations and a machine learning method. The Young’s modulus and the yield strength are obtained by the machine learning algorithms based on the previous experimental data. A Ti8-Zr20-Hf16-Nb35-Ta21 HEA with excellent performance is selected by the machine learning, where its yield strength and Young’s modulus is 1.47 GPa and 102.9 GPa, respectively, due to the high crystal symmetry and unique charge–density difference. In addition, the detailed symmetry structure, Young’s modulus, and stability are calculated and verified using first-principles calculations. Therefore, the combination of first-principles calculations with a machine learning approach enables the efficient and targeted screening of a large number of the “compose–property” hyperspaces in the non-isoatomic HEAs.
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Figure 1. Flow chart representing the process of obtaining the best-performing HEA using machine learning combined with first-principles calculation. 
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Figure 2. The error analysis data of the Young’s modulus using the machine learning method. The abscissa represents the error interval, and the ordinate represents the amount of data in the error interval. 
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Figure 3. The verification and accuracy of Young’s modulus. The abscissa is the predicted target value, and the ordinate is the actual predicted output value. 
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Figure 4. The error analysis data of yield strength. The abscissa represents the error interval, and the ordinate represents the number of data in the error interval. 
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Figure 5. The training and verification accuracy of the yield strength. The abscissa represents the predicted target value, and the ordinate represents the actual predicted output value. 
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Figure 6. Effect of the concentration on the Young’s modulus of the Ti-Nb-Ta-Hf-Zr HEA. 
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Figure 7. Effect of the element concentration on the yield strength of the Ti-Nb-Ta-Hf-Zr HEA. 
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Figure 8. (a) A supercell structure of the Ti8-Zr20-Hf16-Nb35-Ta21 HEA. (b) The distribution of the charge–density difference. (c) The partial density of states for the Ti, Zr, Hf, Nb, and Ta elements in the s atomic orbitals, the p atomic orbitals, and the d atomic orbitals. 
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Table 1. The predicted results of the Young’s modulus and yield strength.
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	Alloy Composition
	Young’s Modulus (GPa)
	Yield Strength (MPa)





	     T i   8     Z r   20     H f   20     N b   35     T a   17     
	101.4
	1471.7



	     T i   8     Z r   24     H f   16     N b   35     T a   17     
	101.2
	1470.9



	     T i   8     Z r   20     H f   16     N b   35     T a   21     
	102.9
	1469.4



	     T i   8     Z r   24     H f   16     N b   30     T a   22     
	101.6
	1467.5



	     T i   8     Z r   20     H f   20     N b   30     T a   22     
	101.8
	1466.1



	     T i   8     Z r   20     H f   16     N b   40     T a   16     
	102.5
	1463.9



	     T i   8     Z r   24     H f   12     N b   35     T a   21     
	102.5
	1460.6



	     T i   8     Z r   16     H f   20     N b   35     T a   21     
	103.1
	1457.8



	     T i   4     Z r   20     H f   20     N b   35     T a   21     
	101.9
	1457.6



	     T i   8     Z r   16     H f   24     N b   35     T a   17     
	101.4
	1456.3



	     T i   12     Z r   24     H f   12     N b   35     T a   17     
	101.8
	1456.2



	     T i   8     Z r   20     H f   16     N b   30     T a   26     
	103.2
	1455.8



	     T i   8     Z r   24     H f   20     N b   30     T a   18     
	100.4
	1454.5



	     T i   12     Z r   24     H f   16     N b   35     T a   13     
	100.5
	1454.5
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