Machine learning assisted screening of non-rare-earth elements for Mg alloys with low stacking fault energy
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Abstract
Improved density of  dislocations is indispensable for enhancing the ductility of Mg alloys. More  dislocations can be activated by reducing the basal stacking fault energies (SFEs) through the addition of rare-earth (RE) elements, but they are rare and costly. Therefore, it is worthwhile to develop a screening criterion of RE elements free Mg alloys with low SFEs, especially when the space of candidate materials grows significantly with increasing number of alloying components. In the present work, a non-linear functional form with the identified most important atomic features (volume, first ionization energy, and bulk modulus) was established via machine learning (ML) to predict the values of SFEs computed by density functional theory (DFT). The ML model was then applied to estimating the SFEs of 300 ternary RE elements free Mg alloy systems. The predicted results of several promising candidates were successfully validated by additional laborious DFT computations. Out of them, two candidate alloys with novel compositions were fabricated and demonstrated to have high density of  dislocations. The proposed ML strategy shows broad applicability and potential in the rapid discovery of ductile multi-component Mg alloys without RE elements.
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Introduction
Magnesium (Mg) alloys are lightweight structural materials with great potential for weight reduction in automotive and aerospace applications. However, most Mg alloys have limited ductility and poor formability as a consequence of the pronounced activity of  dislocation slip with insufficient modes of deformation [1, 2]. It is noted that  pyramidal slip has drawn much attention since it alone provides five independent deformation modes to satisfy the von Mises criterion. Therefore, considerable effort has been devoted to increasing the activity of  dislocations through alloying and investigating the underlying mechanisms. It is well known that the addition of a small amount of rare-earth (RE) elements, such as Y and Ce, to pure Mg is able to effectively increase the density of  dislocations, leading to remarkably improved ductility in these Mg alloys [3-6]. Sandlöbes et al. [5, 7] observed <c+a> dislocations of high density, accompanied by a large amount of basal I1 and I2 stacking faults, in ductile Mg-Y alloy, but not brittle pure Mg. They also found that the basal stacking faults were not purely of basal nature and bound by Frank-type pyramidal partial dislocations. In other words, basal stacking faults can form defect structures on pyramidal planes. Inspired by one source mechanism of <c+a> dislocations introduced in ref. [2], Sandlöbes et al. [7] proposed that the basal stacking faults may first form sessile pyramidal defects and then serve as barriers to pin other dislocations so as to continuously produce further <c+a> dislocations. The hypothetical formation and propagation of <c+a> dislocations from basal stacking faults, , was validated to be energetically conceivable for various fault geometries by Agnew et al [8] using classical continuum elasticity-based dislocation theory. Moreover, in a recent study, Pei et al. [9] employed high-throughput simulations to compare the <c+a> nucleation source mechanism with a <c+a> mobility mechanism proposed in ref. [10], which also depends on the energy variation of stacking faults albeit of different types, and suggested that they are strongly correlated. Thus, it is generally believed that the basal stacking fault energies (SFEs) are decreased by the RE solutes so that the basal stacking faults, which may act as the nucleation sites of  dislocations, are more energetically favored to occur [6-9, 11, 12]. Considering the fact that RE elements are limited natural resources and costly, it is essential to discover promising non-RE elements, which also have the capability of making such an intrinsic change.
Currently, ductile RE-elements free Mg alloys are mainly designed based on trial and error method. In many cases, ternary or higher-order Mg alloys are taken into consideration to acquire desired properties and satisfy certain application requirements. With increasing number of alloying elements, the selection of solutes becomes more complicated and cannot be conducted experimentally since the search space is too large and experiments are costly and time-consuming. It is thus of great importance to establish a rapid and accurate process of screening to narrow down the search space. Accordingly, data-driven statistical or machine learning (ML) methods, which aim at developing an explicit or implicit model based on existing data (known as training data) to make predictions or decisions on complicated issues, is coming into the spotlight. In contrast to ab-initio methods, the low computation cost or the succinct functional form of an ML model enables the unconstrained exploration of materials space. It has been reported in many studies that the data-based approach can successfully deal with the problem of discovering novel materials with targeted properties [13-21], such as screening the alloying elements of metal carbides for high synthesizability.
In this work, the descriptor reflecting the ability to activate  dislocations is the basal SFE. More importantly, the intrinsic and unstable SFEs of the basal I1 and I2 faults are solute dependent [7, 8] and have been intensively investigated using ab-initio density functional theory (DFT) in binary Mg alloy systems [22-25]. Owing to the strong positive linear relationships between the intrinsic and unstable SFEs of both the basal I1 and I2 faults [23, 26], the unstable SFE of I2 fault  was selected as the specific descriptor. In other words, the non-RE solutes or the combinations of non-RE solutes, which tend to result in a small value of , hold promise for promoting the density of  dislocations. Three ML methods were employed to train a suitable model to predict the value of  and explore 300 ternary RE elements free Mg alloy systems. Additional DFT computations were performed on several ternary systems to verify the accuracy of the predictions. Regarding experimental validation, two novel ternary Mg alloys were fabricated and neutron diffraction experiments and microscopy observations were conducted to verify the density of  dislocations.
Methods
ML methods
Three ML methods, namely, ordinary least-squares regression (OLSR), random forest regression (RFR) and least shrinkage and selection operator-based least-squares regression (LASSO-LSR), were implemented using sci-kit learn library [27] and compared to develop an appropriate predictive model, such as , to accurately map between the target  and -dimensional solute-dependent feature vector . The theoretical values of  of 43 binary Mg alloy systems obtained by DFT computations were collected from ref. [23]. Seven solute-dependent properties, which are likely to affect the value of  [11, 22, 23], are shown in Table 1. All the collected data are summarized in Table A.1. To correctly determine the importance of the features in various units and different ranges of values, the data in Table A.1 were standardized by the scale function from sci-kit learn’s built-in preprocessing package. 

Table 1. List of the solute-dependent properties affecting the SFEs.
	Abbreviation
	Description

	






	formation energy
binding energy
1st ionization energy
2nd ionization energy
equilibrium volume
equilibrium bulk modulus
electronegativity
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Fig. 1  Detailed workflow of obtaining compound features in the LASSO-LSR model. The x in the 12 fundamental functions is substituted with one of the 7 primary features to form the features of single function. Subsequently, the products of any 2 (or 3) features of single function become the features of 2 (or 3) functions.

The dataset in Table A.1 was then randomly split into a training set (32/43) and a test set (11/43) to develop and evaluate , respectively. In the OLSR and RFR models, the elements of  were directly chosen from the set of the seven primary features in Table 1. While for the training of the LASSO-LSR model, compound features proposed in ref. [13] were generated to explore non-linear explicit functional relationship between  and relevant atomic properties. The detailed work flow of obtaining the compound features of 1, 2 and 3 functions is depicted in Fig. 1 and 18 most relevant ones were down-selected by the LASSO algorithm and then used in a linear LSR model to fit . The feature selection and hyperparameter tuning of the ML models were performed using ExhaustiveFeatureSelector in mlxtend library [28] with 5-fold cross validation. In other words, the training dataset was randomly split into five folds and a model was trained on any four folds to get a training accuracy and validated on the remaining fold to get a cross-validation accuracy. The validation process was then repeated five times until each fold was exactly validated once and the five training/cross-validation accuracies were averaged to produce a single estimation. The accuracies of training and cross-validation results were evaluated by the coefficient of determination (R2) given as:

where  is the model-predicted  for each solute ,  is the theoretical  and  is the mean value of . The value of R2 ranges from 0 to 1, with 1 indicating a perfect model. It is noted that the value of R2 of training results represents the ability of a model to fit known data, while that of cross-validation results indicates the ability to predict unknown data, that is, model generality. Overfitting occurs in a model if the former approaches 1 and is much higher than the latter. To intuitively understand the error of a model in terms of SFE, the performances of models were additionally assessed using root-mean-square error (RMSE):

The smaller the RMSE is, the better the model performance is. Note that RMSE can only be compared between models using the same dataset.
DFT computations
DFT computations were performed using the Vienna ab-initio simulation package [29]. The Perdew-Burke-Ernzerhof exchange-correlation functional of a generalized gradient approximation [30] was applied with the projector-augmented wave method [31]. An energy cut-off of 300 eV was adopted for all DFT calculations. Monkhorst-Pack scheme [32] was used to sample the Brillouin zone with a grid spacing of approximately 2π×0.03 Å-1. The electronic convergence criterion was set to 10-5 eV. To compute the generalized SFEs (GSFEs), (0001) slabs containing 48 and 96 atoms were constructed based on 2212 and 4212 Mg supercells with a vacuum of 15 Å. The I2 stacking fault structure was constructed by shearing half of the slab layers with a Burgers vector of. The GSFE curves were mapped out via the climbing-image nudged elastic band (CINEB) method [33]. Atomic relaxations in the CINEB method were performed in the direction perpendicular to the glide plane.
Experiments
Tensile tests were performed at the strain rate of 0.001 s-1 and room temperature using a universal testing machine, equipped with an extensometer of 10 mm gauge length. All extruded Mg alloys specimens were in the as-received condition and machined into cylindrical dog-bone shape according to ASTM-E8-04 standard with a reduced section length of 20 mm and a gauge diameter of 2.5 mm. The loading axis was parallel to the extrusion direction (ED).
Electron backscattered diffraction (EBSD) mapping was conducted on the ED plane of the specimens at 20 kV in a Zeiss Sigma 300 microscope equipped with HKL Channel 5 software (Oxford Instruments). After mechanical grinding, the EBSD samples were electro-polished using a solution of 10% perchloric acid and 90% ethanol (vol.%) at 30 V and at 238 K. For each map, a step size of 0.5 m was selected. The fractions of twin boundaries were calculated by the HKL Channel 5 software. The boundaries with misorientations of 86.3, 56.2 and 37.5 around  axis were identified and denoted as  extension,  contraction and - double twin boundaries, respectively. The tolerance was set to be 5. Pole figures and twin area fractions were obtained using ATEX software [34]. 
Dislocation substructures were observed by employing a Tecnai G2 20 transmission electron microscopy (TEM) (FEI Company) at 200 kV. TEM samples were prepared by ion milling. To quantify the density of dislocations at a bulk level, the general purpose powder diffractometer (GPPD) [35] at the China Spallation Neutron Source (CSNS) was used to conduct neutron diffraction experiments on the entire gauge volumes of the specimens before and after tensile testing. The 90 detector bank with fine radial collimator was chosen to collect the time-of-flight neutron data.
Results
Model performance
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Fig. 2  (a) R2 and (b) RMSE of the ML models using the best performing -dimensional feature vectors on the training dataset with cross validation. The  ranges from 1 to 7 in the OLSR and RFR models. The compound features in the LASSO-LSR model are represented as C, where  varies from 1 to 18 and only the first four results are given. (c) Performance of the final LASSO-LSR model on the test dataset. The predicted values of  are plotted against the theoretical counterparts calculated by DFT. R2 and RMSE values are given. The line y = x is shown to illustrate the deviation from the perfect predictions.

Applying the present three ML models to the training dataset, the variations of R2 and RMSE with the number of features  are illustrated in Fig. 2a and 2b. For each choice of , all the possibilities were considered and only the results of the best performing -dimensional subset are shown in the figure. For each ML model, the best selection of features contributing to  needs to strike a balance between accuracy and number of features. It can be seen that for the OLSR, RFR and LASSO-LSR models, R2 reaches a saturated value with RMSE decreasing to a small value at  = 4,  = 3 and  = 2, respectively. In addition, the corresponding best subsets of features in the three models are ,  and , respectively. In fact, LASSO-LSR is an advanced version of OLSR and allows the determination of non-linear functional form. With compound features, the LASSO-LSR model brings a significant improvement to both the training and validation accuracies compared with the OLSR model (Fig. 2a and 2b). For the two models, it is evident that the training and validation accuracies converge towards a specific value, indicating that the poor performance of OLSR is inherent in the methodology and independent of the number of training data. As the basal SFEs are not linearly correlated to the properties of solutes, the non-linear RFR and LASSO-LSR models were compared. From Fig. 2a and 2b, it is found that the model generality of the RFR model is much worse than that of the LASSO-LSR model since the former has high training accuracy (R2 = 0.97 and RMSE = 5.3 mJ/m2) and low validation accuracy (R2 = 0.78 and RMSE = 12.5 mJ/m2). Since the use of compound features improves the performance of OLSR model, compound features were also applied in the RFR model to verify whether the overfitting can be mitigated. It turns out that the improvement compound features bring to the RFR model is trivial and the problem of overfitting still remains (see Fig. A.1 in Appendix). In this case, adding more training data is likely to increase the validation accuracy to approach the high training accuracy and solve the problem of overfitting. However, the SFE values of most binary Mg alloy systems have already been gathered in this work and those related to ternary or higher-order systems were rarely studied comprehensively because the search space is too large to be computed exhaustively. Another advantage of the LASSO-LSR model over the RFR model is that the former can provide an explicit non-linear functional form and the latter is more like a black box. Therefore, the LASSO-LSR model is the best performing one and well encapsulates the effect of alloying elements on the SFEs using two compound features,  and , in spite of the small dataset. Accordingly, the LASSO-LSR model was chosen to predict the SFEs of Mg alloy systems and can be expressed as an explicit function as , where  is the intercept and  and  are the coefficients. After fitting the function to all data in the training set by LSR, the values of ,  and  were determined to achieve the smallest error and the final LASSO-LSR model can be written as:

Note that Eq. (3) is an empirical relationship formula and , ,  and  are specified in the units of mJ/m2, Å3/atom, GPa and mJ/mol, respectively. The final LASSO-LSR model, Eq. (3), was then applied to the test dataset and the comparison of the model-predicted and DFT-computed values is presented in Fig. 2c. Note that the test dataset was not involved in the previous training process. In other words, the tested Mg alloy systems were completely unknown to the model. The high R2 value of about 0.92 in Fig. 2c shows that model is generalizable and has broad applicability.
Eq. (3) was first employed to predict the values of  of the remaining binary Mg alloy systems with the addition of Sb, Ba and 12 RE elements (Ce, Pr, Nd, Eu, Gd, Tb, Dy, Ho, Er, Tm, Yb and Lu), as summarized in Table A.2. The results demonstrate that the additions of the 12 RE elements can effectively decrease , which is consistent with the previous findings in the literature. To accelerate the design of complex multi-component Mg alloy systems with desired performance, Eq. (3) was extended to ternary Mg alloy systems. Similar to ref. [11], by assuming that the solutes have equal atomic fractions, the feature parameters (i.e., ,  and ) of each studied solute pair were obtained by averaging the feature values of the two solutes. Note that the chemical elements insoluble in Mg matrix [36] were not taken into consideration. After removing those elements, the  values of 300 ternary Mg alloy systems consisting of only non-RE elements (Li, Al, Ca, Mn, Co, Ni, Cu, Zn, Ga, Sr, Zr, Pd, Ag, Cd, In, Sn, Ir, Pt, Au, Hg, Tl, Pb, Bi, Sb and Ba) were determined. Table A.3 lists 83 non-RE solute pairs, which are promising to decrease the  value of pure Mg by more than 10. It is evident that the solute pairs containing Ba or Sr are extremely effective in reducing . Unfortunately, the solid solubilities of Ba and Sr in Mg are too small (~0.01 wt.% Ba [37] and <0.11 wt.% Sr [38]). Therefore, six promising non-RE solute pairs without Ba and Sr were selected and presented in Table 2.
Table 2. Six promising solute pairs predicted by the LASSO-LSR model and verified by DFT.
	Solutes
	Predicted 
	DFT-computed 

	
	(mJ/m2)
	(mJ/m2)

	Ca, Bi
	55.8
	54.0

	Ca, Sb
	61.6
	54.4

	Ca, Zr
	62.9
	81.4

	Ca, Sn
	63.9
	60.9

	Bi, Sb
	68.8
	61.2

	Sn, Bi
	72.2
	67.1



DFT validation
To verify the reliability of Eq. (3) and corresponding predicted results, DFT computations similar to those carried out in ref. [23], from which the training data were obtained, were performed. Fig. 3a and 3b illustrate the perfect and I2 stacking fault atomic structures of a binary Mg alloy system. It can be seen that a 48-atom supercell 2212 (Mg47-X) was used, in which there are 47 Mg atoms and one solute X, corresponding to a solute concentration of about 2.08 at.%. The  values of binary Mg alloy systems with the additions of Al, K, Tc, Ir, Pt, Bi and Ca were calculated and the results agree well with those in ref. [23]. Subsequently, to simulate the additions of solute pairs in Table 2, a 96-atom supercell 4212 (Mg94-X1-X2) was constructed by expanding the computational cell in Fig. 3a by 211, in which there are 94 Mg atoms, one solute X1 and one solute X2, corresponding to an equal concentration of about 1.04 at.% for both solutes. In other words, the former shows a periodic configuration of the latter, including the position of solute atom. Fig. 3c and 3d present the perfect and I2 stacking fault atomic configurations of a ternary Mg alloy system. Considering the fact that the DFT calculations were performed under periodic boundary conditions, the selected configuration ensures that when the two solute atoms X1 and X2 are of the same element, the SFE results of ternary systems are consistent with binary ones. Besides, exchanging the positions of two different solute atoms in current configuration makes no difference to the SFE results. As a result, the values of  can be found at the saddle points of the GSFE curves in Fig. 3e and are summarized in Table 2. For the six studied ternary Mg alloy systems, it turns out that the ML-predicted results are very close to the DFT-computed ones with prediction errors ranging from about 3% to 13%, except Mg-Zr-Ca system. Among the candidates that are indeed effective in lowering , Mg-Bi-Ca and Mg-Sn-Ca systems were reported to be ductile [39, 40]. Mg-Bi-Sn system was also developed for the investigation of corrosion behavior [41]. Only Mg-Sb-Ca and Mg-Bi-Sb systems were not explored in the literature. Therefore, the two new alloy systems were fabricated and investigated to experimentally validate the applicability of the ML-generated screening criterion, Eq. (3).
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Fig. 3  Schematic of atomic configurations of (a, c) perfect and (b, d) I2 faulted (0001) slabs. Blue atoms in (a-d), and pink atoms in (c) and (d) represent solute atoms. (e) GSFE curves along the faulting pathway from (c) to (d).
Experimental validation
The additions of Ca, Bi and Sb in various Mg alloys have been investigated in the literature and corresponding experimental results were referred to determine the complex compositions of unexplored Mg-Sb-Ca and Mg-Bi-Sb alloys. It is noted that excess Ca is detrimental to ductility because of the formation of hard and brittle Ca-containing phase precipitates, which tends to cause the brittle failure of Mg alloys [12, 42-45]. By contrast, the increasing content of Bi (0.5-3 wt.% and 2-8 wt.%) or Sb (0.3-1.5 wt.% and 2-8 wt.%) made a relatively small difference in the elongation of Mg alloys [46-49] and no ductile-to-brittle transition was reported. Therefore, the composition design of Mg-Sb-Ca and Mg-Bi-Sb alloys depended on selecting the Ca content. Some studies reported that the optimal Ca content is around 0.6-0.7 wt.% [43-45] and the others claimed that it is below 0.3 wt.% [12, 42]. The nominal complex compositions of novel Mg alloys were then initially designed as Mg-2Sb-0.6Ca (wt.%) (Mg-0.4Sb-0.37Ca (at.%)), Mg-3Bi-2Sb (wt.%) (Mg-0.4Bi-0.4Sb (at.%)) and Mg-2Sb-0.2Ca (wt.%) (Mg-0.4Sb-0.12Ca (at.%)). The former two compositions were selected as the atomic fractions of solutes are almost equal. The last one was selected to decrease the content of Ca according to ref. [12, 42]. As the Mg-2Sb-0.6Ca alloy showed a brittle fracture at a small strain of about 0.03, the Mg-2Sb-0.2Ca and Mg-3Bi-2Sb alloys were presented in this work. Furthermore, the actual compositions of the above-mentioned two alloys are Mg-1.2Sb-0.1Ca (wt.%) (Mg-0.24Sb-0.06Ca (at.%)) and Mg-2.6Bi-1.4Sb (wt.%) (Mg-0.31Bi-0.29Sb (at.%)), respectively. The two novel RE-elements free Mg alloys were fabricated by extrusion and no further thermomechanical processing and heat treatments were conducted. Fig. 4 presents the tensile engineering stress-strain curves, EBSD inverse pole figure (IPF) maps and pole figures of the as-received alloys. They both exhibit a typical microstructure of an extruded Mg alloy, in which the c-axes of grains are aligned approximately perpendicular to the ED. Besides, they have similar yield strengths of about 230 MPa, ultimate tensile strengths of about 258 MPa and total elongations of 0.085 to 0.09. Subsequently, one of them, the Mg-1.2Sb-0.1Ca alloy, was studied as an example to see whether the density of  dislocations is high.
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Fig. 4  Tensile engineering stress-strain curves at the strain rate of 0.001 s-1, EBSD IPF maps and pole figures of the selected (a-c) Mg-1.2Sb-0.1Ca and (d-f) Mg-2.6Bi-1.4Sb samples. TD: transverse direction. The tensile direction was parallel to the ED.

To quantify the dislocation densities of the present alloy before and after tensile deformation, neutron diffraction experiments were carried out. The diffraction data were analyzed by following the same procedure introduced in ref. [50]. A number of plots for evaluating the data of undeformed specimen are presented below as an example. Fig. 5a shows that the measured neutron diffraction profile was well fitted by the pseudo-Voigt function [51]. The full width at half-maximum  of eleven peaks, including (10.0), (00.2), (10.1), (10.2), (11.0), (10.3), (11.2), (20.1), (00.4), (20.2) and (10.4), were extracted to obtain the modified Williamson-Hall (MWH) plot [52, 53] in Fig. 5b, where  is related to the averaged crystallite size and  is a constant for each {hk.l} reflection. Subsequently, the values of anisotropy parameters  and  were derived from the MWH plot and compared with corresponding theoretical values according to the b2c procedure [54] to determine the possible fractions of ,  and -type dislocations, as demonstrated in Fig. 5c. With the averaged relative fraction of each dislocation type, the modified Warren-Averbach (MWA) plot [55] is given in Fig. 5d to calculate the overall dislocation density. Here, L, ,  and  represent the Fourier length, the Fourier coefficients of the diffraction profile, the averaged contrast factor corresponding to each {hk.l} reflection and the absolute value of Burgers vector, respectively. The calculated dislocation densities of the samples before and after tensile testing are summarized in Fig. 5e. It indicates that with increasing strain up to 0.085, the total dislocation density goes up from 3.4×1014 m-2 to 7.0×1014 m-2. More importantly, a considerable amount of  dislocations were produced during plastic deformation, accounting for about 28% of the total increase. It is noted that the value is much higher than those in pure Mg (<6%) [56] and an extruded Mg-Al-Sn-Zn alloy (~15%) [50] at room temperature calculated using the same method as this work. 
Fig. 6 shows the TEM dark-field images of the sample subjected to tensile testing up to fracture. TEM analysis was conducted to observe the activity of  dislocations based on the  criterion, where  is the diffraction vector and  is the Burgers vector. The criterion states that dislocations are invisible if . Therefore, only dislocations with both -component and -component are visible under two different diffraction conditions,  and , simultaneously. As the red arrows in Fig. 6 indicate,  dislocations were frequently observed in the present sample. The EBSD IPF maps of the same sample are depicted in Fig. A.2a and A.2c. Deformation twins were found and the twinned area fraction is approximately between 11.3% and 14.0%. The twin boundaries, which occupy about 10% of the grain boundaries, were identified according to the twin/matrix misorientations, as shown in Fig. A.2b and A.2d. It is obvious that most of the deformation twins are extension type.
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Fig. 5  (a) The measured and fitted neutron diffraction profiles of undeformed Mg-1.2Sb-0.1Ca sample. All the diffraction peaks are indexed according to the hexagonal close-packed structure of Mg. K is the reciprocal space variable. (b) The MWH plot, (c) a typical histogram of the frequency distribution of possible fractions of ,  and  dislocation types and (d) the MWA plot obtained from the diffraction profile in (a). (e) The respective contributions of ,  and  dislocation densities to the total dislocation densities of the Mg-1.2Sb-0.1Ca samples before and after tensile testing.

[image: A picture containing text

Description automatically generated]
Fig. 6  TEM dark-field images of the Mg-1.2Sb-0.1Ca sample after tensile testing under two different two-beam conditions, (a, c)  = 0002 and (b, d)  = 110. The same area is shown under different two-beam conditions and the same positions in the micrographs are indicated by red arrows.
Discussions
It should be noted that the value of  considered in this work simplifies the following thermodynamic aspects. First, the DFT calculations were performed at 0 K. Second, the doping concentrations in the doping plane and entire Mg alloy system (both binary and ternary) were fixed to be 25.0 at.% and 2.08 at.%, respectively. Third, the solutes were only placed in the layer near the fault plane. As a consequence,  here is only served as a nominal indicator to help researchers to capture the tendency of basal SFEs of Mg alloys with the additions of different solutes. Besides, if the data associated with more complex atomic configurations are obtained through laborious ab-initio calculations, the ML procedure proposed in this paper can also be applied to the updated data.
On the basis of the notion that “all models are wrong, but some are useful” [57], three ML methods, including OLSR, RFR and LASSO-LSR, were employed to find the most useful model for estimating the value of  using fundamental atomic properties of alloying elements. The LASSO-LSR approach is superior to other methods (Fig. 2) and was employed to generate an empirical relationship formula (Eq. (3)) to rapidly predict the basal SFE  and guide the design of multi-component RE-elements free Mg alloys with high  dislocation density. Surprisingly, the constant term (87.8) in Eq. (3) is very close to the value of  (89.6) of pure Mg, , and then Eq. (3) can be rewritten as:

Note that Eq. (4) is comparable to the general form of the SFEs of Mg alloys proposed as [10]:

where  is a solute-dependent constant and  is the solute concentration. The similarity of Eqs. (4) and (5) implies that the LASSO-LSR model unconsciously learns a general rule through the given dataset and attempts to unravel the comprehensive effect of the solute on the change of SFE using an analytical form, . Assuming that the material properties of a solute pair mixed in an equiatomic fraction can be represented by averaging the material parameters of the two solutes, Eq. (3) was applied to the investigation of 300 RE-elements free ternary Mg alloy systems. Out of them, the predicted results of six promising solute pairs were verified computationally by DFT (Fig. 3c-e) and five out of the six model-predicted values are quite close to the DFT-computed counterparts (Table 2), indicating that the ML-generated Eq. (3) has good applicability and is effective and efficient to perform the given task.
Furthermore, two novel alloys with high  dislocation density were fabricated out of the selected non-RE solute pairs (Sb, Ca) and (Bi, Sb) (Table 2), experimentally verifying the validity of the simple design rule, Eq. (3). The high density of  dislocations in the discovered novel alloy was supported by three evidences. First, the neutron diffraction results in Fig. 5e demonstrate that the fraction of  dislocations remains about 28% during plastic deformation, far exceeding the values in the literature. Second, the TEM images under two diffraction conditions in Fig. 6 indeed illustrate that the dislocations with  Burgers vector were frequently observed in the specimen. The third evidence is an indirect one. It is known that the slip systems with  Burgers vector cannot accommodate c-axis strain in Mg alloys so that either deformation twinning or  slip is required to provide additional deformation modes. In the studied alloy, since the c-axes of almost all grains are aligned nearly perpendicular to the tensile loading direction (Fig. 4), deformation twinning is not favorable and the contribution of deformation twins to plastic strain is minimized. From Fig. A.2, the volume fraction of deformation twins at fracture strain (~0.085) is only about 11.3% to 14% and the contraction type twins can be neglected. It was reported that the maximum tensile strain produced by extension twinning is about 0.067 in a fully twinned Mg single crystal [58] and the twinning strain is proportional to the volume fraction of twins in general. Accordingly, the plastic strain accommodated by twinning in the alloy is estimated to be less than 0.01, which is insignificant compared with the total elongation of about 0.085. Therefore, a considerable amount of  dislocations were expected to be activated, otherwise the premature fracture of the specimen would take place. Taking into account the above-mentioned three evidences, the utility of the Eq. (3) in discovering multi-component Mg alloys with low SFEs and high  dislocation density was demonstrated experimentally.
Conclusions
In conclusion, an ML model for a fast initial screening of non-RE solutes was established to assist the development of ductile RE-elements free Mg alloys. Empowered by compound features, the LASSO-LSR method was able to generate an explicit functional form from previous DFT results to account for the non-linear relationship between the basal SFEs and the identified intrinsic characteristics of alloying elements (i.e., ,  and ). The capability of the LASSO-LSR model to screen promising combinations of non-RE solutes for low-SFE ternary Mg alloy systems was validated by DFT calculations and experimental fabrications of two previously unreported compositions. The good performance and generality of the prediction model enlighten the rapid and accurate solute selection of ductile multi-component RE-elements free Mg alloys. Moreover, the proposed ML procedure allows the researchers to discover succinct functional forms when solving other non-linear problems in materials science.
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