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Abstract: This study presents a novel methodology that combines machine learn-
ing with first-principles calculations to efficiently screen austenitic stabilizing el-
ements. Correlation analysis identified the lattice constant as a critical factor in-
fluencing the stability of austenitic doping systems. Subsequently, the random
forest, support vector regression, and AdaBoost models were evaluated, among
which the random forest achieved the highest prediction accuracy (R? = 0.748).
Furthermore, SHapley Additive exPlanations was employed to interpret the
model, further verifying the potential role of the lattice constant. Based on the
above studies, Cr, Ni, and Mn were identified as doping elements. Finally, the
first-principles calculation is employed to verify the prediction results of the ma-
chine learning. First-principles calculation results revealed that the austenite
doped with Cr exhibits the lowest system energy (-29609.59 eV) and solid solution
energy (-11.795 eV). Electronic structure analysis (including charge density differ-
ence and density of states) reveals the underlying mechanism: the larger the lat-
tice constant of the doping atom, the weaker its interaction with the iron atoms,
as specifically manifested by the reduction in electron cloud density and covalent
bonding. These findings not only confirm the scientific validity of the proposed
integrated machine learning and first-principles approach but also offer im-
portant guidance for the rational design of high-performance austenitic materials.
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1. Introduction

As a type of engineering metal material, austenitic stainless steels have received widespread attention in

various fields, such as aerospace, biomedical, and nuclear reactors, due to their excellent wear and corrosion

resistance as well as superior hot workability [1]. However, higher performance demands have been put for-

ward for practical applications in special fields, which motivates researchers to explore new approaches to tune

and obtain the desired microstructures and properties.

It is widely known that alloying elements are extremely important in affecting the performance of austen-

itic stainless steels, benefiting from the positive influence on both phase stability and mechanical behavior.

Doping alloying elements not only can enhance the stability of austenitic phase, but also modulates the inter-

actions between austenitic and second phases, which can further improve final mechanical properties [2,3].
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Morales et al. [4] demonstrated that alumina nanoparticles doping can progressively enhance the corrosion
resistance of austenitic stainless steel. Furthermore, the investigation on silver-doping in austenitic stainless
steel by Yang et al. [5] demonstrates a nearly complete antibacterial efficacy (100 % against Escherichia coli,
99.5 % against Staphylococcus aureus), which highlights its biomedical potentiality. Whether alloying elements
are doped in the form of solid solution or second phase, the microstructure can be refined by inhibiting recrys-
tallization and grain growth to achieve fine-grained strengthening and precipitation strengthening.

Despite the proven efficacy of doping, the traditional trial-and-error experimental approach for identifying
optimal alloying elements is often time-consuming and resource-intensive. This challenge underscores the need
for more efficient and predictive material design strategies. Fortunately, recent advances of materials and com-
putational science accelerate the combination of first-principles calculation and machine learning (ML) for ma-
terials development. With the combination of the two methods, it becomes possible to theoretically design ma-
terials with specialized properties, meanwhile, significantly reducing the development costs. Jiang et al. [6]
predict the high-temperature fatigue life of 316 steel under physics-informed constraints via machine learning,
which achieves the higher precision with minimum experiment. Furthermore, Zhang et al. [7] utilize density
functional theory (DFT) based first-principles calculation to assess molybdenum doping effects on steel prop-
erties, which establishes a theoretical foundation for subsequent experimental validation. The above research
illustrates the importance and practicability for developing materials via integrating machine learning with
first-principles calculation. Nevertheless, current research has several limitations. Traditional trial-and-error
experiments are costly and inefficient, whereas most theoretical or machine learning studies tend to be con-
ducted independently, lacking effective integration between data-driven analysis and physical mechanism val-
idation. Moreover, the key intrinsic factors governing the stability of austenitic doping systems remain ambig-
uous, and quantitative identification and in-depth mechanistic explanation are still insufficient.

Accordingly, this study proposes a novel methodology combining machine learning models with first-
principles calculations to efficiently screen and understand the impact of doping elements on austenitic stabil-
ity. First, a framework integrating correlation analysis, machine learning models, and SHAP analysis is estab-
lished to screen for elements capable of stabilizing the austenite phase. Subsequently, first-principles calcula-
tions are employed to validate the model predictions by calculating the energy, solid solution energy, and elec-
tronic properties of the system, thereby establishing a new, efficient, and reliable methodology for material
development and rational design.

2. Materials and Methods

2.1. Dataset Analysis

The feature vectors are derived from data published in academic journals [8], while the target vector is
calculated using the CASTEP module. As shown in Figure 1, the feature vectors are constructed using the in-
trinsic properties of the doping elements, including atomic number, atomic radius, lattice constant, and stand-
ard enthalpy of formation. This target vector, which represents the system energy of doping austenitic systems
and serves as a direct indicator of stability, is given in units of eV.
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Figure 1. Ridge plot of feature values.
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Based on the aforementioned features, a dataset comprising 110 doping austenitic systems is constructed.
Although the sample size is limited, studies indicate that small datasets offer unique advantages in computa-
tional efficiency, model interpretability, and applicability to specific scenarios [9,10]. Subsequently, the dataset
is normalized to mitigate scale disparities among features, ensure equal contribution of all variables to the
model, and approximate a Gaussian distribution, which is a property preferred by many machine learning
models [11]. As shown in Figure 1, the vast majority of features exhibit a Gaussian distribution after normali-
zation [12]. Notably, although normalization makes most features follow a Gaussian distribution, a subset re-
tains non-Gaussian residuals. Therefore, to mitigate potential biases, the model selection and evaluation metrics
are rigorously optimized to ensure effectiveness and robustness [13].

2.2. Correlation Analysis

To address the challenges of multivariate optimization, this study employs Pearson correlation coefficient
analysis to systematically evaluate the correlation between the feature vector and the target vector [14]. System
energy is selected as the key indicator. This process enables the identification and removal of weakly correlated
features, thereby enhancing model interpretability and predictive accuracy.

Figure 2 presents a heatmap of the Pearson correlation coefficients (R) among the diverse features, high-
lighting the linear relationships critical to the stability of the doping system. It can be clearly observed that the
lattice constant of doping elements emerges as the most influential factor, with an R value of 0.308, exhibiting
the highest linear correlation with system energy. Statistically, this corresponds to a weak linear relationship
with R?=0.09, which means that only about 9% of the variance in system energy can be explained by the linear
correlation with lattice constant. It should be emphasized that this correlation analysis serves only as an initial
feature screening step, not as a standalone predictive basis. Consequently, the lattice constants of doping ele-
ments are a key priority when selecting candidate dopants. Relevant studies indicate that the atomic radius of
doping elements directly influences the degree of lattice distortion in austenite steel [15,16], excessive lattice
distortion leads to a reduction in crystal structural stability. It is worth noting that the atomic radius contributes
significantly to the variation in lattice constants. Therefore, the lattice constant becomes a key factor affecting
the stability of the doping system. As discussed above, crystal stability is influenced by doping concentration,
atomic radius and lattice constant, which collectively induce lattice distortion and thereby compromise stability
[17-19]. In addition, shear modulus (R =-0.31), Young’'s modulus (R =-0.360), and enthalpy of formation (R = -
0.265) show notable negative correlations with the energy of the austenite system. Thus, SHAP analysis was
adopted to further clarify the influence of doping element parameters on austenite stability. Meanwhile, to
enhance model generalizability, features with negligible correlations (R =~ 0) are systematically excluded dur-
ing model training [20].
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Figure 2. Heatmap of Pearson correlation coefficient (R values).
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3. Results and Discussion

3.1. Model Analysis

To quantitatively evaluate the comprehensive impact of lattice constants and other input features in the
process of predicting austenite stability using machine learning models, this study evaluates each algorithm
model comprehensively by calculating the coefficient of determination (R?) on an independent test set. Subse-
quently, the SHAP values of the optimal model on the test set are adopted to conduct an interpretable analysis
of the algorithm model and quantify the contribution of each input feature to the model prediction results.
Finally, by combining correlation analysis, model evaluation, and SHAP interpretation, the influence of input
features on system stability is comprehensively assessed, and three candidate elements for austenite doping are
screened out.

Figure 3(a) shows the average 10-fold cross-validation scores of each algorithm. It can be seen that the
random forest (RF) model performs best. The R? value of the RF model is 0.748, which already demonstrates
practicality and effectiveness [21]. Its number of decision trees is 100, the maximum depth is 10, and the maxi-
mum number of leaf nodes is set to 30. To further validate the model, the prediction behavior was examined in
more detail: no significant difference in prediction error distribution is observed between the training and test
sets, and the results of multiple cross-validation runs are stable, suggesting that the model does not suffer from
obvious overfitting and exhibits good generalizability despite the small dataset. Next, the algorithm with ex-
cellent performance is AdaBoost, where the number of weak learners used in its regressor is 10. For the support
vector regression (SVR) algorithm, both the penalty factor C and epsilon are set to 0.01, the kernel function is
the radial basis function, and the gamma parameter is set to 0.1. Figure 3(b-d) compare predicted values with
the actual values across various models. Overall, the correspondence between the predicted values and the
actual values for the three algorithms is mainly concentrated in the low energy range of -2.5 to 0 eV. This finding
is consistent with the previous analysis of the dataset and further confirms the accuracy of the model predictions.
Moreover, the RF model demonstrates the strongest alignment, as evidenced by the iy =x regression line. Hence,
it is selected as the best performing model among all machine learning prediction models evaluated in this
study. In addition, the R? value of the SVR algorithm is lower than the other two algorithms, indicating that
among the three models, SVR performs relatively poorly on the prediction task. The reason is that SVR is a
margin-based regression method that seeks to find a regression hyperplane as smooth as possible while keeping
the prediction error within a certain margin [22]. The focus of the machine learning part is to identify the key
features that have the greatest impact on system stability. Through the dual validation of correlation analysis
and subsequent SHAP analysis, the key features affecting stability have been clearly identified.
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(a) Mean R? scores of three algorithms; (b-d) Correlation plots between predicted and actual values for (b) RF, (c) SVR, and
(d) AdaBoost.

Figure 3. Performance evaluation of Machine learning algorithm models.
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Figure 4 shows the SHAP analysis results for each feature in the RF model after correlation screening.
Figure 4(a) is a distribution map of feature importance, which is a tool to visually illustrate the degree of influ-
ence of each feature on the model prediction. The initial Pearson correlation analysis and literature shows that
the lattice constants are strongly correlated with the stability of doping systems. To further validate this finding,
SHAP values are used to quantify the contribution of each feature to the model output [23]. It is found that the
lattice constants exhibit a significantly higher mean SHAP value than other features, which proves it pivotal
role in the stability of doping systems. Furthermore, the magnetic susceptibility of elements also has a signifi-
cant influence. The higher the magnetic susceptibility of the doping element, the more stable the austenite struc-
ture after doping [24]. Figure 4(b) shows the violin plot of the distribution of each feature value. It can be seen
that the color distribution of the lattice constant feature is relatively darker, indicating that it has a deeper in-
fluence on the predictions of the RF model. Meanwhile, the violin plot exhibits a wide lateral shape, indicating
that the corresponding feature is broadly distributed across the dataset and contains diverse values [25].
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(a) overall feature map of SHAP features; (b) violin plot of importance values of SHAP features.
Figure 4. SHAP analysis of RF model.

Several limitations and uncertainties should be noted. First, the input features are restricted to intrinsic
atomic properties (e.g., atomic radius, lattice constant, enthalpy of formation), while external factors such as
doping concentration, temperature, and pressure are not considered; therefore, the model is applicable only to
similar doping systems. Second, as a black-box model, the random forest cannot directly output prediction
intervals; the uncertainty mainly arises from the small sample size, potential noise in literature-derived feature
values, and the inherent stochasticity of the algorithm.

Based on the above analysis, using the lattice constant as a key screening criterion, three elements with
different lattice constant values were selected, as presented in Table 1. The relationship among the length units
is as follows: 1 nm =10 A = 1000 pm. It can be found that the selected elements Cr, Ni, and Mn have atomic
radius similar to that of Fe, which can effectively control the degree of lattice distortion in austenite [15,16].
Subsequently, calculations were performed on austenite doped with different elements to validate the predic-
tions of the ML model.

Table 1. The atomic radius and lattice constant of the doping elements.

Doping elements Atomic radius/pm Lattice constant/A
Cr 140 2.88
Ni 135 3.52
Mn 140 8.89

3.2. Crystal Structure Models

First-principles calculations were performed using the CASTEP module based on density functional theory
(DFT) to investigate the stability and electronic properties of austenite doped with Cr, Ni, and Mn [26,27]. To
verify the machine learning predictions, the PBE functional under the generalized gradient approximation
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(GGA) was used to treat the exchange-correlation energy, thereby obtaining the ground state structure with the
lowest energy [28,29]. Figure 5(a) demonstrates crystal structure models of pristine austenite with lattice con-
stants of a = b = ¢ = 3.45 A [30]. Figure 5(b) shows the 2x2x2 austenite supercell doped with 3.125 at. % M atom
(M = Cr, Ni, Mn), whose lattice constants of 1=b=c =6.89 A.

(a) Austenite; (b) Austenite doped with M.
Figure 5. Crystal Structure Models.

3.3. The Convergence Test

Before geometric optimization, selecting the appropriate cutoff energy and K-point grid constants is crucial
to ensuring the computational accuracy [31,32]. For all crystal structures, the cutoff energy and K-point param-
eters for geometry optimization were set to 600 eV and 6x6x6, respectively. Geometric optimization is per-
formed using the GGA-PBESOL functional to relax lattice stresses and achieve atomic equilibrium. Table 2 pre-
sents the lattice constants and cell volumes of the undoped and the doped alloy. The calculated lattice constants
show good consistency with the values in the relevant literature, thereby demonstrating the reliability of the
present calculations. It can be observed that the crystal structure of the austenite undergoes varying degrees of
distortion after doping, which exerts a significant influence on the stability of the austenite phase [17-19].

Table 2. Calculation values of lattice constants and cell volume of austenite and Cr/Ni/Mn-doped austenite.

Phases Method a=b=c/A VIA3
Austenite GGA-PBE[30] 3.446 40.953
Expt[33] 3.46 41.422

Expt[34] 3.45 41.064
GGA-PBEthis work 6.892 327.368
Austenite-Cr GGA -PBEthis work 6.906 329.367
Austenite-Ni GGA-PBEthis work 6.900 328.509
Austenite-Mn GGA -PBEthis work 6.899 328.366

3.4. Stability of Doping System

To verify the prediction accuracy of the machine learning model. In this study, the system energy and solid
solution energy were calculated for undoped austenite supercells and austenite supercells doped with Cr, Ni,
and Mn, respectively, in order to assess the stability of the system before and after doping [35,36]. The solid
solution energy is defined as follows:

ESol = Etot - E(Fe) - Eiso (M ) M

Where Ei: is the total energy of the M-doped austenitic system, E(Fe) is the energy of the austenite supercell
after removing the doping atom, and Ei«(M) is the energy of an isolated M atom.

Figure 6 shows the calculated values of the solid solution energy and system energy. Relevant studies
show that a more negative solid solution energy indicates greater stability of the doping system [37]. The solid
solution energies of austenite doped with Cr, Ni, and Mn are —11.79599, —-11.79098, and -11.78801 eV-atom,
respectively. Meanwhile, the system energies of austenite doped with Cr, Ni, and Mn are —29609.59, -29147.37,
and -28122.78 eV, respectively. This is consistent with the lattice distortion of doped austenite. The larger the
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lattice constant of the doping element, the greater the lattice distortion, resulting in higher total energy and
solid solution energy [38]. The above findings indicate that the larger the lattice constant of the doping element,
the poorer the crystal stability of the doped system, thereby confirming the reliability of the results obtained
from the machine learning model.
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Figure 6. System energy and solid solution energy of austenite and Cr/Ni/Mn-doped austenite.

3.5. Elastic modulus

To further verify the mechanical stability of the doped system, the elastic constants including bulk modu-
lus (K), Young’'s modulus (E), shear modulus (G), and Poisson’s ratio (u) are calculated systematically. The
elastic matrix for austenite and Cr/Ni/Mn-doped austenite is calculated as follows:

432 182 182 425 224 224
182 432 182 224 424 224
C. (Gpa) = 182 182 431 C. (Gpa) = 224 224 424
! 250 ! 239
250 239
250 239
363 169 169 418 187 187
169 363 168 187 418 187
C. (Gpa) = 169 169 363 C. (Gpa) = 187 187 418
! 241 ! 251
241 251
241 251

Based on the above elastic constant matrix, the elastic constants of austenite supercells and austenite super-
cells doped with M (M= Cr, Ni, Mn) element were calculated, and the results are shown in Table 3. After doping,
the bulk modulus, Young's modulus, and shear modulus of the material exhibit varying degrees of change. The
bulk modulus of the material decreases to varying degrees as the lattice constant of the dopant element increases,
indicating that the resistance to compression of the material is gradually decreasing. It is worth noting that the
bulk modulus of the material increases when doped with elements of smaller lattice constant, indicating a neg-
ative correlation between lattice constant and system stability, which is consistent with the results of machine
learning and correlation analysis. Moreover, the Poisson's ratio of the doped system exhibits varying degrees
of change, indicating that the ductility of the material has also changed.
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Table 3. The elastic constants of austenite and Cr/Ni/Mn-doped austenite.

Phases Bulk modulus/GPa Young’s modulus/GPa Shear modulus/GPa Poisson’s ratio
Austenite 265.33 479.52 200.00 0.199
Austenite-Cr 291.00 455.52 183.6 0.239
Austenite-Ni 233.67 436.07 183.4 0.189
Austenite-Mn 264.00 473.96 196.8 0.201

3.6. Charge density differences

To further clarify the stability of the doped systems and verify the predictions of machine learning model,
the charge density difference of austenite doped with M (M = Cr, Ni, Mn) are investigated, as presented in
Figure 7. The charge density difference in the range of 0.1 to 0.1 e-A< is represented by a color map with red
indicating charge depletion and blue indicating charge accumulation. As shown in Figure 7(a), the charge den-
sity difference map of austenite exhibits a uniform charge distribution. However, the charge density difference
of the doped system has changed significantly. Relevant studies show that the appearance of extensive electron
clouds indicates an enhancement of the interatomic interaction [39]. For the Cr-doped austenite system, the Cr
atom loses a significant number of electrons, while its adjacent Fe atoms gain electrons, as shown in Figure 7(b).
Moreover, an obvious electron cloud distribution is observed between the Cr and Fe atoms, indicating a strong
interaction between them. Furthermore, a slight charge accumulation is also observed between distant iron
atoms, indicating that the Fe-Fe interaction is enhanced as well. A comparative analysis of the charge density
differences among the three doped systems reveals that the system doped with the element having the smallest
lattice constant exhibits the most pronounced electron cloud distribution, thereby validating the results of the
machine learning predictions. In summary, the charge density differences further confirm that each M (M = Cr,
Ni, Mn) atom promotes increased electron sharing with its neighboring Fe atoms, collectively contributing to
enhanced structural stability.

(a)

- 1.000¢-1
- 5.000e-2
- 0.000

r—|
- -5.000e-2
. -1.000e-1

(a) Austenite; (b) Austenite -Cr; (c) Austenite -Ni; (d) Austenite -Mn.
Figure 7. Charge density differences.

3.7. Structural properties

Calculations of electronic properties including band structures and partial density of states (PDOS), which
provide critical insights into electron behavior and energy states, are essential for understanding material prop-
erties [40,41]. Consequently, calculating the above-mentioned material properties helps to further verify the
predicted results. The band structures of austenite doped with Cr, Ni, and Mn are shown in Figure 8(a-c). The
results show that the valence band crosses the Fermi level (the dashed line at 0 eV) and enters the conduction
band region, indicating that a large number of free electrons exist near the Fermi level. Figure 8(d-f) presents
the PDOS results for the doped system. The results show that the M-d orbitals hybridize significantly with the
Fe-p and Fe-d orbitals near the Fermi level, indicating a strong covalent bonding interaction between the dopant
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and iron. Furthermore, it is observed that the hybridization near the Fermi level gradually weakens as the lattice
constant of the dopant element increases. The above findings confirm the machine learning prediction that the
larger the lattice constant of the added M element, the weaker the stability of the austenite crystal, and this
variation is attributed to the changes in atomic interactions.

E-Eg(eV)
E-Ep(eV)

PDOS (a.u._]_

-5 -50 -25 0 25
Energy (eV)

0 20 -75 -50 25 0 25
Energy (V) Energy (eV)

(a) Austenite -Cr; (b) Austenite -Ni; (c) Austenite -Mn; density of states: (d) Austenite -Cr; (e) Austenite -Ni; (f) Aus-
tenite -Mn.
Figure 8. Band structure.

4. Conclusions

This study systematically investigates the effect of doped elements on the stability of the austenitic system
by integrating machine learning with first-principles calculations, providing a novel approach for developing
steel materials. The main conclusions are summarized as follows:

(1) Pearson correlation coefficient analysis shows that the lattice constant is the most influential feature for
the stability of doped systems, with an R value of 0.308. Furthermore, among the three machine learning models
evaluated, the RF model achieves the highest prediction accuracy, with an R? of 0.748.

(2) Analysis of the system energy and solid solution energy of the doped systems shows that as the lattice

constant of the dopant element increases, the system energy and solid solution energy gradually rise. Among
them, the Cr-doped austenitic system exhibits the lowest system energy and solution energy, with values of -
29609.59 eV and -11.795 eV, respectively. The order of system stability corresponding to the dopant elements is
Cr > Ni > Mn, which is consistent with the prediction results of the machine learning model.

(3) Analysis of the charge density differences indicates that the electron cloud density between atoms in
the doped systems is enhanced, suggesting stronger interatomic interactions compared with the original system.
Band structure and density of states analyses reveal significant free electrons near the Fermi level, as well as
orbital hybridization between Fe and dopant atoms, which suggests covalent bonding interactions that enhance
structural stability. Furthermore, as the lattice constant increases, the aforementioned interactions all exhibit a
decreasing trend.

(4) This study integrates machine learning with first-principles calculations, offering a robust framework

for accelerating the discovery of novel austenitic steels.
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