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Abstract

Grain boundary (GB) segregation substantially influences the mechanical properties and performance of magnesium (Mg). Atomic-scale
modeling, typically using ab-initio or semi-empirical approaches, has mainly focused on GB segregation at highly symmetric GBs in Mg
alloys, often failing to capture the diversity of local atomic environments and segregation energies, resulting in inaccurate structure-property
predictions. This study employs atomistic simulations and machine learning models to systematically investigate the segregation behavior of
common solute elements in polycrystalline Mg at both 0 K and finite temperatures. The machine learning models accurately predict segregation
thermodynamics by incorporating energetic and structural descriptors. We found that segregation energy and vibrational free energy follow
skew-normal distributions, with hydrostatic stress, an indicator of excess free volume, emerging as an important factor influencing segregation
tendency. The local atomic environment’s flexibility, quantified by flexibility volume, is also crucial in predicting GB segregation. Comparing
the grain boundary solute concentrations calculated via the Langmuir-McLean isotherm with experimental data, we identified a pronounced
segregation tendency for Nd, highlighting its potential for GB engineering in Mg alloys. This work demonstrates the powerful synergy of
atomistic simulations and machine learning, paving the way for designing advanced lightweight Mg alloys with tailored properties.
© 2025 Chongqing University. Publishing services provided by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
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1. Introduction

Magnesium (Mg) alloys are lightweight structural materi-
als with promising applications in sustainable, low-carbon in-
dustries, despite challenges with limited formability and duc-
tility due to strong crystallographic texture [1-7]. Address-
ing these issues involves alloying to balance critical resolved
shear stresses [8—10] and leveraging solute grain boundary
(GB) segregation to influence texture [11-13]. Solute segrega-
tion at GBs has been widely reported to influence GB energy
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and mobility, subsequently affecting the texture development
of Mg alloys [14,15]. Understanding the atomistic origins of
GB segregation phenomena is crucial for designing Mg alloys
with specifically tailored properties.

Nie et al. [16] reported periodic substitutional segrega-
tion of Gd and Zn solutes at twin boundaries in Mg al-
loys using high-resolution scanning transmission electron mi-
croscopy and attributed this periodic solute decoration to
strain energy minimization using the density functional the-
ory (DFT) calculations. The pinning effect of this ordered
solute segregation on twin boundaries leads to the annealing
strengthening of these Mg alloys. Similar atomic-resolution
electron microscopic approaches have been carried out on
other highly symmetric tilt GBs in Mg alloys, where char-

2213-9567/© 2025 Chongqing University. Publishing services provided by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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acteristic solute decoration patterns were similarly observed
[17-19]. Extensive experimental efforts have been made to
quantify solute concentrations at GBs in Mg alloys. This was
driven by the fact that certain alloying elements (rare earth, Y,
and Ca) exhibit a pronounced tendency to segregate at these
boundaries, even at low concentrations within the Mg matrix,
involving intricate atomic-scale interactions [20-36]. Pei et al.
[35] measured varying Nd solute concentrations between 2
and 5 at.%, across six different GBs in Mg alloys using atom
probe tomography (APT). The observed inhomogeneous seg-
regation behavior within the GB plane, which was rational-
ized through correlated atomistic simulations on general GBs
with the same misorientations and GB planes, suggests that it
stems from local atomic arrangements within the GBs rather
than macroscopic characteristics. Using APT, Mouhib et al.
[36] characterized the concentrations of Ca and Gd solutes at
GBs in Mg alloys, both with and without adding Zn. The se-
lective formation of specific texture components in the ternary
Mg-Zn-X alloys (X= Ca or Gd) was correlated to the syner-
gistic effects of Zn addition on solute clustering and binding
via DFT.

Atomic-scale modeling techniques, including DFT and
atomistic simulations, have been applied to deepen our funda-
mental understanding of GB segregation in Mg alloys. Huber
et al. [37] calculated the per-site segregation energy AEg, of
11 alloying elements to X7 GBs in Mg using DFT. They de-
veloped a linear elastic model based on the GB site volume
and matrix’s bulk modulus that accurately captures the segre-
gation behavior of solute elements in highly symmetric GBs
due to strain energy minimization. Wang et al. [38] system-
atically assessed Mg-X semi-empirical potentials for AEg,
of alloying elements (X= Al, Ca, Li, Sn, Y, Nd, Pb, and
Zn) at compression and tensile twin boundaries as well as
X7 GBs in Mg. The calculated AE, from these interatomic
potentials are in qualitative agreement with DFT calculations
[37,39] and demonstrate a strong correlation with the site vol-
ume. Wagih et al. [40] calculated AE, spectra of multiple
solute elements at GBs in a polycrystalline Mg sample (with
dimensions of 20 x 20 x 20 nm® consisting of 16 grains)
using different semi-empirical potentials. They performed lin-
ear regression machine learning (ML) on the structural fea-
tures generated using Smooth Overlap of Atomic Positions
(SOAP) to correlate with the skew-normal AE., distribution.
Messina et al. [41] employed various regression ML mod-
els to predict AEg, of Al solute at Mg <0001> symmetric
tilt GBs, calculated using atomistic simulations to the ener-
getic and structural descriptors (ESD), where the XGBoost-
Regressor model demonstrated the best performance with a
R? score of 0.972. Recently, Menon et al. [42] calculated
AEg, of Y solute at symmetric tilt GBs in Mg using atom-
istic simulations and employed the thermodynamic integra-
tion method to estimate the per-site segregation free energy
AFg, at finite temperatures. Based on the Langmuir-McLean
model [43] and the extension by White and Coghlan [44] uti-
lizing the calculated AF, spectra, the predicted GB con-
centrations of Y solute showed a good correlation with ex-
perimentally measured concentrations at typical thermome-

chanical processing temperatures in Mg alloys. Further, they
trained a stacking cross-validation regression ML model on
hundreds of data points using physics-informed descriptors to
predict AFeg.

Atomic-scale simulations via ab-initio or semi-empirical
approaches have mostly focused on GB segregation at highly
symmetric GBs in Mg alloys, which may not sufficiently cap-
ture the broad spectra of local atomic environments and segre-
gation thermodynamic quantities at GBs, leading to inaccurate
predictions in structure-property relationships [45]. Although
Wagih’s work [40] covers a wide range of solute elements in
polycrystalline Mg, the differing interatomic potentials with
different Mg-Mg interactions make comparisons difficult, par-
ticularly since the embedded-atom method (EAM) potentials
[46] were not developed for modeling hexagonal close-packed
Mg. Additionally, most solute elements studied are rarely used
in newly developed Mg-based solid solutions for practical,
lightweight applications. Therefore, no experimental data are
available for comparison with the theoretical and computa-
tional approaches. To date, there has been no comprehensive
investigation of the GB segregation spectrum across various
common solute elements in polycrystalline Mg at both abso-
lute zero and finite temperatures. In this study, we systemati-
cally investigated GB segregation of six solute elements—Nd,
Ca, Y, Li, Al, and Zn—commonly used in wrought Mg alloy
sheets and extrusions. Our investigations employed atomistic
simulations within a magnesium polycrystal framework com-
prising a broad variety of site types of the full GB space.
In addition to determining the segregation energy spectra at
0 K, we also accounted for the vibrational entropy contri-
bution at finite temperatures using the harmonic approxima-
tion (HA) approach. The predicted GB solute concentrations
were directly compared with experimental data from the lit-
erature, covering relevant bulk concentrations and tempera-
ture regimes. Furthermore, ML approaches were employed
in combination with atomistic modeling to predict both the
segregation energy and the segregation free energy, with the
goal of providing rapid predictions using the essential struc-
tural and energetic parameters within the pure Mg polycrystal
at a reduced computational cost.

2. Methods
2.1. Atomistic simulations

Atomistic simulations in this study were performed using
the molecular dynamics (MD) software package LAMMPS
[47]. Interatomic interactions were modeled by the modified
embedded atom method (MEAM) potentials developed by Lee
et al. for Mg-X (X= Nd [48], Ca [49], Y [49], Li [50],
Al [51] and Zn [52]) systems, where the Mg—Mg interaction
[51] is identical. These MEAM potentials have shown good
performance in predicting substitutional segregation energies
at highly symmetric GBs in Mg [38].

The polycrystalline Mg structure with a random texture
was constructed via Voronoi tessellation using Atomsk [53].
The periodic simulation box, measuring 15 nm in dimensions,
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contains 12 grains and approximately 145,000 atoms, with
26% of these sites characterized as GB sites according to the
adaptive common neighbor analysis (CNA) [54]. Following
initial energy minimization, the sample was heated to 500
K over 50 ps and annealed at 500 K for 20 ps before being
quenched back to 0 K over 50 ps using the isothermal-isobaric
ensemble with the Nosé-Hoover thermostat and barostat [55].
Subsequently, the FIRE algorithm [56,57] was applied to relax
the structure with a force tolerance of 1078 eV/A.

The flexibility volume (Vgex) [58] of a GB site in the poly-
crystal was calculated following Eq. (1):

Vaex = (MSDyiv, |/, (1)

where €2; is the atomic volume of the ith atom according to
the Voronoi tessellation. The vibrational mean-squared dis-
placement (MSDy;p ;) of the ith atom was calculated using
[x; (to) — xi(to + A1)]?, where x;(fp) is the equilibrium posi-
tion of the ith atom and x;(t) + At) is its position after 5000
MD steps (timestep is 1 fs). The system was initialized by
assigning velocities corresponding to an initial temperature of
600 K and then simulated under the microcanonical (NVE)
ensemble. Due to the equipartition of the potential energy
and kinetic energy, the energy fluctuates around half of the
initially assigned temperature value and effectively maintains
the temperature near 300 K during the simulation. The over-
all MSD of the polycrystalline system is flat with time and
contains the vibrational but not the diffusional contribution,
see Figure S1 (Supplementary Material). The averaged vibra-
tional mean-squared displacement (MSDVib,,) was calculated
by averaging over 100 independent MD runs with different
initial velocity distributions.

2.2. Segregation energy and vibrational entropy contribution

The segregation energy AEg, at 0 K for a substitutional
solute atom X at a GB site was calculated using Eq. (2):

AEsy = (Epuik — Evukx) — (Ecs — Ecx), ()

where Eyyx represents the energy of a bulk system, Epyx x de-
notes the energy of the bulk system with a host atom replaced
by an X solute, Egp is the energy of a system containing a
GB, and Egpx stands for the energy of the system with a
solute atom X occupying the GB site. The structures were
relaxed using the FIRE algorithm with a force tolerance of
1078 eV/A. A negative segregation energy indicates favorable
solute segregation.

The segregation free energy AFg, of a substitutional solute
in a solid at finite temperatures 7" was computed by consid-
ering the contribution of entropy change (excess vibrational
entropy) ASgg, as given by Eq. (3):

AFgey = AEgy — T ASgeq. 3)

In this study, among all excess entropy contributions, the vi-
brational entropy is the only significant contribution to AF,.
The segregation free energy can thus be written:

AFieqg = AEgeq + AFyy )

seg ?

with the segregation vibrational free energy AFszigb calculated
using Eq. (5):

AFstgb = (Fb‘ﬁﬁ - Fb‘:xlltl)gX) - (FGVllab - F(;g),x)’ ®)
where FYit represents the vibrational free energy of a bulk
system, Fip  denotes the vibrational free energy of the bulk
system with a host atom replaced by an X solute, Fé]gb is
the vibrational free energy of a system containing a GB, and
Fgl‘éb’x stands for the vibrational free energy of the system with
a solute atom X occupying the GB site.

To estimate the vibrational entropy contribution, the har-
monic approximation (HA) was employed [59,60], where full
HA was performed for a spherical region centered at the GB
site of interest with a chosen cutoff radius and boundary con-
ditions as illustrated in Figure S2. A convergence test on the
cutoff radius was conducted, confirming the selection of a cut-
off radius of 14 A (see Figure S2). The vibrational frequency
v was determined by the equation of motion:

aUu
Miiiiq = o = Z Dl (6)
J.B
where M; is the atomic mass of atom i, uj, is the displacement
of the i atom in the direction «, U 1is the potential energy
of the system, and cb?ogs is the force constant of atom i in
the direction o when atom j is displaced in the 8 direction.
Eq. (6) can be rewritten by looking for solutions of the form

uio (t) = 1// My, exp(2mivt):

Vil = Y DY ilip, (7
B
where D?ajrs = @?aj3/47r2 M;M; is a BN x 3N) dynamical

matrix of the full HA region for the GB site with the total
number of atoms N. u is the mass-scaled displacement. The
vibrational frequencies obtained by diagonalizing the dynam-
ical matrix were then utilized to calculate the vibrational free
energy F'® via Eq. (8).

3N
. o
ib __ . i
F"° = kgT E In |:251nh (2kBT>]’ (8)

i=1

where kg is the Boltzmann constant and /4 is the Planck con-
stant. The vibrational entropy S'® can be obtained:

3N hv; hv; hv;
SVib— _ In ( 2 sinh . ——— coth ),
BZ[“( st (ZkBT>> 2T O <2kBT)}

i=1
©))

and the vibrational heat capacities at constant volume C, and
constant pressure C, can be derived from Svib:

asvib

C, = T( ) , (10)
aT /),

Cp=Cy + 2o, +a)*BVT, (11)

where o, and «, are thermal expansion coefficients of a and
c lattice constants, respectively. B is bulk modulus and V is
molar volume.
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2.3. Machine learning prediction

In this study, we applied ML to predict per-site segregation
energy AEg,, segregation vibrational free energy AFszigb, and
segregation free energy Ak, at 600 K in binary Mg alloys
using datasets representing six alloying elements: Nd, Ca, Y,
Li, Al and Zn. Each dataset contained 38,114 GB sites and 16
energetic and structural descriptors (ESD), including potential
energy, six stress tensors (oj;), hydrostatic stress (oy,), coordi-
nation number, centrosymmetric parameter (CSP), structural
features obtained from Voronoi tessellation (atomic volume,
cavity radius, and surface area of the polyhedra), vibrational
free energy FY©® at 600 K, vibrational MSD (MSDy;,), and
flexibility volume (Vgex). We preprocessed the data by se-
lecting relevant features, excluding the target variables, and
performing correlation analysis using heatmaps. In addition
to ESD, we generated the fingerprint of the local atomic en-
vironment at GB sites using SOAP [61,62]. The SOAP ap-
proach models the Gaussian particle density functions for all
neighboring atoms in the local atomic environment using a
combination of radial basis functions and spherical harmon-
ics. The parameters controlling the SOAP descriptor vector
include the cutoff radius (ry. = 6 A), the maximum number
of radial basis functions (nn,x = 12), the degree of spherical
harmonics (/yx = 12), and the Gaussian function width (o
=1 A). In total, the SOAP vector for each GB site comprises
1015 features. The SOAP descriptors were combined with the
ESD features to enhance prediction accuracy. For the predic-
tion of AFP, AE, was included as an input variable along
with other features.

The CatBoostRegressor model [63], known for its ability to
handle categorical data efficiently and its robust performance
with minimal hyperparameter tuning, was chosen for this task.
Each dataset was split into training, testing, and validation
sets (70-20-10 ratio). The split in the learning algorithm al-
located 70% of the data to training, 20% to testing, and 10%
to validation. The hyperparameter space was explored using
GridSearchCV with a predefined parameter grid, which in-
cluded various combinations of iterations, learning rate, tree
depth, L2 regularization, and bagging temperature, to identify
the optimal settings that maximize the R? score. The model
was trained with the optimized hyperparameters using 1000
iterations, a learning rate of 0.03, a tree depth of 8, an L2
regularization term of 1, and a bagging temperature of 0.5 to
ensure convergence, see Figure S3(d). 5-fold cross-validation
was performed on the training set to evaluate the model’s ro-
bustness and stability. Model performance was evaluated on
both the testing and validation sets using mean absolute error
(MAE) and R? scores. We visualized the results through scat-
ter plots of true versus predicted values with Gaussian Kernel
Density Estimation (KDE) to highlight prediction densities,
histograms comparing the distributions of true and predicted
per-site energies, and feature importance plots.

To assess the performance of the proposed ML model,
we evaluated GradientBoostingRegressor [64], XGBoostRe-
gressor [65], and ElasticNetCV [66] models implemented in
scikit-learn [67] in addition to CatBoostRegressor on the same

datasets consisting of the ESD features using the default
hyperparameters. The evaluation metrics demonstrated that
all models showed similar behavior, but CatBoostRegressor
slightly outperformed the others, achieving the lowest MAE
values and the highest R> scores across all datasets in pre-
dicting AE, in the investigated Mg alloys, making it the
most reliable model for this application. The benchmarking
results are compiled in Table S1 and Figure S3, providing a
comprehensive comparison of model performances.

3. Results
3.1. Thermal properties of pure Mg

To benchmark the performance of the MEAM potential in
predicting thermal properties of pure Mg, the temperature-
dependent vibrational heat capacities at constant volume C,
and pressure C, were calculated (see Section 2) and compared
with ab-initio [68] and experimental [69] data, see Fig. 1(a).
The calculated temperature-dependent C, using the MEAM
potential shows excellent agreement with the ab-initio re-
sult. In addition, the calculated C, using the MEAM potential
aligns closely with the ab-initio data and experimental mea-
surements. Overall, these comparisons demonstrate that the
MEAM potential effectively describes the thermal properties
of pure Mg.

The per-site vibrational free energies F' for over 38,000
GB sites within the Mg polycrystal, as characterized us-
ing the adaptive CNA method, were calculated following
Section 2. The distribution of FY® at 600 K across these
GB sites is shown in Fig. 1(b), fitted with a skew-normal
function characterized by the following parameters: location
£=—0.177 eV/atom, scale w= 0.001 eV/atom, and shape
a= 0.047, leading to a mean value p of —0.176 eV/atom.
The small « value alongside the closely matched & and
u values suggests that the distribution is nearly symmet-
ric, closely approximating a normal distribution. Notably, a
clear deviation from the F'® value of the bulk site at 600
K (—0.1743 eV/atom) was identified, highlighting significant
differences in thermal properties between GB and bulk sites.

3.2. Segregation free energy at finite temperatures

The per-site segregation energies AEg., for solute elements
(Nd, Ca, Y, Li, Al, and Zn) at 0 K of GB sites within the
Mg polycrystal were calculated. The elements Nd, Ca, and Y
are considered larger solutes relative to the Mg atom, as sub-
stituting Mg with these elements induces positive volumetric
strain in the Mg lattice. In contrast, the elements Li, Al, and
Zn, having smaller atomic radii, introduce negative volumetric
strain to the Mg matrix upon substitution [38]. The resulting
AE, distributions in these systems are illustrated in Fig. 2.
For all simulated Mg alloys in this work, the AE, spectra
exhibit a skew-normal distribution, similar to observations in
FCC polycrystalline systems as reported by [40,70]. A skew-
normal function was applied to fit the AE, spectra, with the
fitting parameters &, w and « detailed in Table 1. The major-
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Fig. 1. (a) The vibrational heat capacities at constant volume Cy and pressure C, of bulk Mg (containing 5 x 5 x 5 orthogonal unit cells) as functions
of temperature, calculated by the full harmonic approximation (HA) method using the MEAM potential. For comparison, results from density functional
perturbation theory (DFPT) [68] and experimental data [69] are presented. (b) The distribution of FY®® of all GB sites in the Mg polycrystal at 600 K
calculated based on HA (rga=14 A, bin size: 1x1074 eV/atom). A skew-normal function (dashed curve) was fitted to the F¥I® distribution. The dashed line

indicates the F*'® value for bulk Mg.
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Fig. 2. Distributions of segregation energy AEg, at 0 K, segregation vibrational free energy AF, Vib and segregation free energy AFseg at 600 K of (a) Nd,

seg

(b) Ca, (c) Y, (d) Li, (e) Al, and (f) Zn solutes at GB sites in the Mg polycrystal using atomistic simulations. Bin size: 0.01 eV/atom.

ity of the GB sites across all studied Mg alloy systems are
energetically favorable to solute segregation, as evidenced by
their negative AEg,. This trend is further underscored by the
mean (u) values of the AEg, spectra, which are also neg-
ative for all systems. Notably, Nd shows the most negative
wu value of —0.154 eV/atom, with Li and Al following with
p of —0.100 and —0.081 eV/atom, respectively, highlighting
their strong segregation tendencies.

The skewness parameter («) reflects the asymmetry in seg-
regation energy distributions. For the Nd, Ca, Y, and Li so-

lutes, the distribution of AE., exhibits a left-skewed pattern
with the negative mean being pulled toward the left tail, as
evidenced by negative o values. This indicates a strongly fa-
vorable segregation tendency, as both the central tendency and
extreme tails favor segregation. On the other hand, the Al and
Zn solutes demonstrate a right-skew distribution, character-
ized by positive o values, indicating that the negative mean
of these distributions is shifted towards the right tail. This
suggests mixed segregation behavior, where most sites are fa-
vorable, but a significant number of less favorable sites exist.
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Table 1

2641

Summary of fitting parameters, including location (§, in eV/atom), scale (w, in eV/atom), and shape («, dimensionless) parameters, as well as mean value

(#=$+w\/£7

\/g, in eV/atom) for skew-normal distribution applied to segregation energy AEg, at 0 K, segregation vibrational free energy AF)® and

seg

segregation free energy AfFge, at 600 K in Mg-X (X=Nd, Ca, Y, Li, Al and Zn) alloy systems.

Solute element AEgg at 0 K AFS?gb at 600 K AFgeg at 600 K
§ ® o H § w o M § w o u

Nd —-0.078 0.212 —0.507 —0.154 —0.009 0.065 0.990 0.027 —0.077 0.180 —0.368 —0.127
Ca 0.019 0.188 —0.669 —0.064 —0.007 0.074 1.568 0.043 —0.074 0.151 0.488 —0.021
Y 0.006 0.089 —0.810 —0.039 —0.016 0.044 1.006 0.009 —0.000 0.069 —0.651 —0.030
Li 0.009 0.140 —4.527 —0.100 —0.009 0.051 1.851 0.027 0.016 0.120 —2.584 —-0.074
Al —0.169 0.170 0.853 —0.081 0.025 0.051 —0.801 —0.001 —0.157 0.152 0.793 —0.081
Zn —0.124 0.130 0.975 —0.051 0.016 0.053 0.628 0.039 —0.077 0.110 1.092 —-0.012

Among the solute elements studied, Nd exhibits the broad-
est distribution of AE, followed by Ca, as indicated by the
values of w, which suggests greater variability in segregation
behavior across GB sites.

The segregation vibrational free energies Al[f“s‘ggb at finite
temperatures were calculated by the HA approach according
to Section 2. The distribution of AFS?gb follow a skew-normal
function in all simulated Mg alloy systems, similar to the
AE, distributions. The spread of the AF)® distributions at
600 K is significantly narrower than that of AEg,, with w
values spanning from 0.044 to 0.074 eV/atom. Notably, Y
not only presents the narrowest distribution within the AFE,
spectrum but also exhibits the most constrained spread in the
AFS;’;" spectrum. The w values are slightly positive for all
alloy systems except for Al, which exhibits a p value of
—0.001 eV/atom. In addition, Al is distinguished as the only
element exhibiting a negative « value of —0.801 in the AFsgg’
spectra, demonstrating a left-skewed distribution where the
mean is pulled towards the left tail.

The segregation free energies AF, at finite temperatures
were determined by adding the vibrational entropy contribu-
tion to the segregation energy AFEg, (Section 2). The AF,
distributions of the Mg alloy systems were fitted using a skew-
normal function as shown in Fig. 2. Compared to the AEg,
distributions, a noticeable shift towards positive values was
observed for all solute elements, implying a reduced ten-
dency for segregation as the temperature rises. Despite this
shift, all u values of the AF, distribution remained nega-
tive at 600 K, with Nd showing the most negative value at
—0.127 eV/atom. For Al, the transition in segregation behav-
ior with temperature is less marked (see Fig. 2(e)), as the u
value of the AFy., distribution remains consistent with that
of the AEg, distribution, both measured at —0.081 eV/atom.
A contraction in the distributions of AF,, was evident from
the decrease in the w value, suggesting reduced variability
in segregation tendencies at finite temperatures. Notably, the
distribution for Ca demonstrated a significant change in skew-
ness at 600 K, with the skewness parameter « shifting from
—0.669 at 0 K to a positive value of 0.488. This shift in
« indicates a transition in segregation behavior, where favor-
able segregation sites become less dominant, reflecting a more
balanced distribution of segregation tendencies across the GB
sites.

Besides quantifying energy spectra, the per-site segregation
(free) energy, denoted as AG;, can be directly correlated with
solute concentration at GBs based on the Langmuir-McLean
model, as illustrated in Eq. (12) in the context of an infinites-
imally dilute solid solution:

X (1 n I — Xpuk <AG1))1
| = ex ,
o8 Xpulk P kT

where Xy i the solute concentration in the bulk region, and
Xgp,;i is the fraction of solute concentration of a GB site i. In
this work, AG; is referred to as the Gibbs free energy change,
which is traditionally used in the Langmuir-McLean model
and is approximately equivalent to the Helmholtz free en-
ergy change under the simulation conditions, as the pressure-
volume work term is negligible in the context of bulk solids.
This correlation facilitates the calculation of the weighted
average solute concentration at GBs (Xgg) as described in
Eq. (13):

Xo = ZFiXGB,i,

12)

(13)

where F; is the fraction of GB sites with the solute concentra-
tion Xgg i. Such a methodological approach allows for direct
comparison and correlation of theoretical predictions from
atomic-scale modeling with experimentally measured solute
concentrations at GBs.

The effect of vibrational entropy on solute segregation at
GBs was illustrated by calculating the fractional solute con-
centration of individual sites according to Eq. (12) with and
without considering the vibrational term AF. The resulting
concentrations of various solutes (Nd, Ca, Y, Li, Al, and Zn)
at GBs within the simulated polycrystalline Mg at Xy, of 0.1
at.% and 1 at.% as a function of temperature are shown in
Fig. 3. Accounting for the vibrational entropy contribution re-
sults in notably lower solute concentrations at GBs than those
derived from calculations relying solely on AEg,. The differ-
ence in solute concentrations at GBs, attributed to vibrational
entropy, becomes increasingly significant with rising tempera-
ture and bulk concentration Xp,x. Among the solutes studied,
Nd stands out for demonstrating a significantly higher Xgp
value across the temperature range up to 800 K examined.
This selected temperature range slightly exceeds the conven-
tional upper limit of thermomechanical processing tempera-
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Fig. 3. Grain boundary concentration of X solutes (X=Nd, Ca, Y, Li, Al, and Zn) as a function of temperature with and without considering the vibrational
entropy contribution at (a) 0.1 at.% and (b) 1 at.% bulk solute concentrations following the Langmuir-McLean model, as denoted in Eqgs. (12) and (13). The
shaded areas indicate the differences between predicted GB solute concentrations with and without considering the vibrational entropy contribution.

tures for Mg alloys in experimental settings, which typically
extend up to 723 K. This choice ensures that the temperature
range of interest is fully covered while allowing for insights
into segregation behavior under elevated temperature condi-
tions.

3.3. Machine learning prediction of segregation energy and
segregation free energy

Estimating the solute segregation tendency, particularly cal-
culating the vibrational entropy contribution via the HA ap-
proach, is computationally expensive for all GB sites in poly-
crystals. The ML approach is ideal for developing a model to
predict the segregation tendency of solutes to GB sites and
capture the segregation energy spectrum based on accessi-
ble energetic and structural features, which are computation-
ally inexpensive. To predict AEqq, AFS(V;;, and AF, at 600
K, we generated 16 ESD that capture the local atomic en-
vironment and thermal vibrational properties of GB sites in
the polycrystal. The Pearson’s correlation matrices of these
features with target segregation energies in different Mg al-
loy systems are illustrated in Figures S4-9 (Supplementary
Material) to identify which features have strong relation-
ships with the target variables and with each other. Among
all ESD, hydrostatic stress oy, which is calculated based
on Oy, Oyy, and oy, shows the highest correlation coeffi-
cient above 0.80 with AEg, and AF, at 600 K for all
solute elements, indicating its significant role in determin-
ing the GB segregation behavior of solute atoms in the ma-
terial. The normal stress components oy, oyy, and o,, ex-
hibit similar correlation coefficients. Additionally, potential
energy, atomic volume, surface area, and coordination number
also exhibit high correlation coefficients with the segregation
energies.

The contour plots in Fig. 4(a) reveal that the predicted
AEg, values align closely with the true values along the di-
agonal red dashed line, which represents the ideal prediction
scenario. The color density represents the concentration of
data points, with denser regions displayed in brighter shades.
This emphasizes that the highest concentration of data points

is near the ideal prediction line, indicating the strong predic-
tive capability of the CatBoostRegressor model with the ESD
feature set. The good performance of the CatBoostRegressor
model in predicting AE, with the ESD features is further
demonstrated by the R?> scores, with R?> between 0.82 and
0.87 for Nd, Y and Al, and between 0.90 and 0.94 for Ca,
Li, and Zn, see Fig. 4 and Figure S10. In addition, the distri-
butions of the ESD exhibit a high degree of overlap between
the predicted and the calculated AE,, as shown in Fig. 5 and
Figure S11 for all solute elements. Among all ESD features,
on demonstrates the highest importance, except for Li solute,
where the potential energy was identified as the most impor-
tant feature, see Figure S12. Potential energy was ranked as
the second most important feature for Al and Zn solute ele-
ments and the third for Ca. The structural features obtained
using Voronoi tessellation, including atomic volume, surface
area, and cavity radius, were ranked highly in importance,
e.g., for Nd and Zn solute elements, atomic volume is the
second most important feature, while for Y, cavity radius was
ranked second. The vibrational properties calculated from the
series of MD simulations, including vibrational MSD MSD,;,
and flexibility volume Vjex, were demonstrated as important
features in predicting AE,: for Nd, Ca, Y, Al, and Zn, these
vibrational features are among the top five most important
features.

The performance of the ML approach in predicting Astgb,b
at 600 K is much lower compared to AEg,, as demonstrated
by the scattered contour plots of predicted versus true AFS?gb
values (Figure S13) and the not well-matched distributions
(Figure S14). Among all solute elements, Ca shows the high-
est R? score of 0.52, followed by Zn at 0.45 and Y at 0.44.
Additionally, the prediction of the distributions of AFYY is
less satisfactory, especially for the tails of the spectra where
the GB sites exhibit high or low AFYY values, see Figure
S14. Among all features, AE, is the most important, while
other ESD features exhibit much lower importance factors
(Figure S15). For Nd and Li, the vibrational free energy F"i®
at 600 K of the pure Mg counterpart demonstrates the second
highest importance, while for the rest, potential energy takes
second place.
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Fig. 4. Contour plots of ML predicted versus true (a-c) per-site segregation energy AEg, and (d-f) segregation free energy AFgeg at 600 K of Zn solute
segregation at GB sites in the Mg polycrystal. Only the validation data are illustrated here. The CatBoostRegressor model was trained separately using the (a,d)
ESD features, (b,e) SOAP features, and (c,f) both ESD and SOAP features. The color density indicates the concentration of data points, with denser regions
shown in lighter shades. The diagonal red dashed line represents the ideal scenario where predicted values match the true values perfectly. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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features, (b,e) SOAP features, and (c,f) both ESD and SOAP features. Distributions of predicted versus true energies with a bin size of 0.01 eV/atom.
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Fig. 6. Performance of the CatBoostRegressor model in predicting (a,c) per-site segregation energy AEge, and (b,d) segregation free energy AFeg at 600 K at
GB sites belong to the validation data in the Mg polycrystal using different feature sets for various elements. The model’s accuracy and error were evaluated

based on (a,b) R? score and (c,d) mean absolute error (MAE).

For the prediction of AF, at 600 K, the ESD-featured
CatBoostRegressor model shows relatively good performance,
with all solute elements exhibiting R? scores above 0.75, see
Fig. 4(d) and Figure S16. The Ca solute element shows the
highest R? score of 0.86, followed by Zn at 0.83. Additionally,
the distributions of the predicted AF, generally show good
agreement with the true spectra (Fig. 5). However, for the Y
solute element, which exhibits the lowest performance with a
R? score of 0.76, the tails of the spectrum where the GB sites
exhibit high or low AF, were underestimated, see Figure
S17. The ranking of feature importance for the AF, predic-
tion is similar to that of the AE., prediction, with oy, poten-
tial energy and the Voronoi-based structural features showing
high importance (Figure S18).

In addition to the ESD features, we generated SOAP fea-
tures for automatically describing the fingerprint of the lo-
cal atomic environment at GB sites in the polycrystal. These
SOAP descriptors were fed to the CatBoostRegressor model
to predict AEqq, AFszg’, and AF, at 600 K (Figs. 4-5 and
Figures S19-24). The SOAP-featured model shows better per-
formance in predicting AE,, and AF, at 600 K than the
ESD-featured model for all solute elements, except for Li,
as demonstrated by higher R?> scores and lower MAE (see
Fig. 6). However, the performance in predicting AFS‘Qg" re-
mains poor (Figures S21,22). By merging ESD and SOAP
descriptors, the ML model shows further improvement in pre-

dicting AE, and AF,, as evidenced by the tighter cluster-
ing around the diagonal (Fig. 4(c,f)) and with the R? score
of all solute element in predicting AEs, above 0.85 and
AFg, above 0.80 (Figures S25-30). However, the improve-
ment by utilizing combined ESD and SOAP features in pre-
dicting AFs‘ég’ is limited. The model’s performance in predict-
ing AFyg, which reflects a rule of mixture, combining the
high accuracy of AEg, predictions with the relatively lower
accuracy of AFS?; predictions. This behavior arises because
AFg, is a linear combination of AEgs and AFsggb as illus-
trated in Eq. (4).

The potential redundancy and overfitting in the training
features were evaluated. For instance, some of the ESDs may
contain overlapping information, such as atomic volume be-
ing related to both hydrostatic stress and flexibility volume.
However, the performance metrics of the model across train-
ing, testing, and unseen validation datasets indicate only slight
differences, which suggests that overfitting is not occurring,
as demonstrated in Table S2. Additionally, a learning curve
analysis by plotting the training and validation loss against
the size of the training dataset shows an initial low train-
ing error, which gradually increases and then stabilizes as
the training size grows, see Figure S31. This behavior indi-
cates that the model tends to memorize patterns with smaller
datasets, resulting in low training error. However, as more
data is introduced, the model shifts from memorization to
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generalization, leading to a rise in training error. Eventually,
the training error plateaus when the model reaches its learn-
ing capacity, meaning additional data does not significantly
impact performance. The comparable validation errors further
confirm that the model is well-suited for this study and does
not suffer from overfitting. Furthermore, the feature overlap
does not appear to significantly impact predictive accuracy
as the effect of dimensionality reduction by removing highly
correlated ESD features (correlation threshold = 0.9) did not
result in any significant improvement in model performance,
with both MAE and R? values remaining nearly identical, see
Table S3.

For the SOAP features, dimensionality reduction using
Principal Component Analysis (PCA) or feature selection
techniques by selecting the top-20 important SOAP features
based on feature importance rankings were applied. As shown
in Table S4, neither using 20 PCA components nor restrict-
ing the model to the top-20 important features resulted in
improved performance compared to the full set of SOAP fea-
tures. The MAE and R? values for these reduced models in-
dicate a slight decrease in prediction accuracy. While dimen-
sionality reduction did not enhance accuracy, it remains a
valuable tool for improving the model’s interpretability, par-
ticularly in scenarios where computational resources or ex-
plainability are key considerations.

The residual distributions of predicted and true AEg,,
AFS‘ég’, and AF, via ESD, SOAP, and combined ESD and
SOAP features are shown in Figures S32-34. A left-skewed
residual distribution in AEg, and AF,, was observed for all
solute elements and feature sets, indicating the models consis-
tently over or under-predict the solute segregation tendency at
favorable segregation sites. For future work, uncertainty de-
termination will be crucial to better understand and address
these biases and refine the models accordingly.

4. Discussion
4.1. Signature energetic and structural descriptors

The SOAP-featured ML model demonstrated superior per-
formance in predicting AEg, and AF,, at 600 K at GB
sites in the Mg polycrystal compared to the ESD-featured
model. The SOAP descriptors define the Gaussian smeared
atomic density constructed on each site, effectively represent-
ing the local atomic environment [61,62]. While SOAP has
been widely utilized for generating structural features to train
ML models for predicting not only AEg, but also other GB
properties [71,72], it has certain limitations. These include
the statistical significance of using a large number of features
(over a thousand variables) in the training procedure, which
raises the risk of learning spurious correlations, and the ab-
sence of physical insights obtained from this approach. In
contrast, the ESD feature set comprises important properties
of the local atomic environment, each with its own physical
significance. This can aid in gaining a deeper understanding
of the dominant factors influencing segregation behavior and
in developing physics-based ML models.

Among all ESD features, oy, stands out as the most im-
portant feature in predicting AEs, and AFi,. For solute ele-
ments with larger atomic radii than Mg, a negative correlation
with target segregation energies was observed, while for so-
lute elements with smaller atomic radii, a positive correlation
was identified (see Figures S4-9). Such solute size-dependent
segregation behavior has been widely reported in previous
experimental and atomic-scale modeling works [16,18,19,37],
namely, the preference for large solutes to segregate at sites
with extensive strain and small solutes to segregate at sites
with compressive strain. Huber et al. [37] developed a lin-
ear elastic model for predicting AE, based on this concept,
where the multiplication of variate in atomic volume and bulk
modulus estimates the isotropic stress state at the GB site.

Among all studied solute elements, the prediction of AE
for Li shows the best performance. Additionally, Li is the only
solute element that exhibits better performance with the ESD
features than the SOAP descriptors. Furthermore, unlike other
solute elements for which o}, stands out as the most important
feature, potential energy is the most important ESD feature
in predicting AEg, and AF, for Li (see Figure S12). These
could be attributed to the size-dependent segregation behavior,
where Li exhibits the closest atomic radius to Mg among
all studied solute elements in terms of the variate in atomic
volume after introducing the substitutional solute in the Mg
matrix [38]. Due to the similar atomic radii, Li is expected to
introduce minimal lattice distortion or have a lesser effect on
minimizing the strain energy. Therefore, the structural features
and virial stress tensors that encapsulate the gradient of the
potential energy and atomic volume become less relevant in
describing its segregation tendency.

Apart from the common ESD features considered in previ-
ous ML approaches for predicting AE, [41,73-76], such as
atomic volume and stress tensors, this study included vibra-
tional properties (MSDy, and Vgex) in the ESD feature set,
which demonstrated high importance (Figure S12). Flexibility
volume (Vgex) is a structural indicator designed to enhance the
understanding and prediction of metallic glass properties [58].
It is defined as a volume-scaled (or density-normalized) vi-
brational MSD (MSD,,). The underlying physics principle of
Viex 18 Tooted in its connection to the Debye model. By nor-
malizing MSD,;, with the average atomic spacing, Vgex pro-
vides a dimensionless measure that scales with free volume
while incorporating dynamic information. Unlike traditional
indicators such as free volume, Vyx combines static structural
data with dynamic properties, offering a more comprehensive
assessment of the local atomic environment and the degree of
atomic vibrational freedom. This makes Vjex an ideal feature
for predicting “potential” excess free volume [35] in addition
to the excess free volume at individual GB sites. As demon-
strated in our previous investigation on solute segregation at
general GBs, the linear elastic model fails to accurately pre-
dict AEg, as the structural relaxation after introducing a so-
lute atom involves atomic rearrangement beyond the nearest
neighbors [35]. Therefore, if we consider the excess free vol-
ume characterized by atomic volume as the principal factor,
the flexibility of the local atomic environment described by
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Viex could contribute to the segregation tendency in a second-
order manner.

Although the prediction of overall free energy of solute
segregation is reliable, the performance of the ML approach in
predicting the vibrational entropy contribution AFsgg’ is unsat-
isfactory using both ESD and SOAP feature sets. AFs?gb is di-
rectly related to segregation entropy (ASgg), as demonstrated
in Egs. (3) and (4). Rittner and Seidman [77] reported a strong
linear correlation between AE, and ASq, for Pd solute seg-
regation in symmetric tilt Ni GBs using atomistic simulations.
The experimental data on Si, P, and C solute segregation in
tilt GBs in Fe-Si alloy systems from Lej¢ek and Hofmann
[78] also demonstrated a linear segregation energy-entropy
relationship. Tuchinda and Schuh [60] reported the linear seg-
regation energy-entropy relationship in the Ni-based polycrys-
talline alloys using atomistic simulations and attributed it to
the physical principle that deeper energy wells are narrower,
thus restricting vibration. However, significant scattering was
detected and fitted to a bivariate spectral isotherm [60]. Simi-
lar bivariate skew-normal distributions were also identified in
the Mg alloying systems in this study, as illustrated in Figure
S35. A linear function was fitted to the distribution, with the
slope having a similar magnitude (10~* 1/K) as that obtained
for the Ni-based alloy systems [60]. Such significant scatter-
ing between AE., and AFS?gb leads to the unsatisfactory pre-
diction of AFSZL}’ using the AEg, feature. The prediction be-
comes even worse without including AE., in the feature sets,
as AEg, exhibits the highest correlation with AFsglgb among
all features, as illustrated in the correlation matrices (Figures
S4-9) and feature importance (Figure S15). The SOAP feature
set, which is believed to comprehensively capture the struc-
tural features of the local atomic environment, fails to predict
AFSEE’, implying that structural features before solute segre-
gation alone are insufficient for predicting vibrational entropy
contribution of solute segregation. This could be interpreted as
the change in bond stiffness, crucial in determining the vari-
ation of vibrational frequency when introducing a solute at a
GB site, which cannot be precisely described using the struc-
tural features of the pre-segregation local atomic environment.
Other energetic features describing the system before solute
segregation, such as potential energy and F“, although still
among the highest important features, exhibit much lower im-
portance compared to AEg, (Figure S15). Overall, these out-
comes highlight that the features after segregation could be
crucial in predicting the vibrational entropy contribution, with
AEg, being particularly important as it describes the energy
difference before and after introducing the solute element. For
better prediction of AFS&", incorporating more structural and
energetic features after solute segregation would be beneficial.

Despite the relatively low prediction accuracy of per-site
AFSZL,", the overall trend of its contribution to segregation be-
havior, specifically, the averaged solute concentration at GBs
as calculated using the Langmuir-McLean model, is well cap-
tured. As illustrated in Figure S36, the solute concentration
at 600 K, when computed using the predicted AF, values,
deviates only slightly from the values obtained using the true

AF, values (see Figure S36(b)). The ML model’s perfor-
mance in predicting solute concentration at finite temperatures
is comparable to its performance in predicting solute concen-
tration at 0 K using AEg, alone (see Figure S36(a)). This
observation aligns with the relatively small absolute value of
AFSS; in comparison to segregation energy, reinforcing its
limited impact on segregation trends. These results demon-
strate the capability of the ML model in predicting solute
concentration at finite temperatures, which serves as a crucial
parameter for comparison with experimental measurements,
as discussed in the next section.

4.2. GB concentration: simulations vs. experiments

The estimated Xgp, accounting for the vibrational entropy
contribution in simulated Mg alloy systems, were systemat-
ically compared across various temperature and bulk con-
centration regimes to experimentally measured local chemi-
cal distributions. These experimental measurements were ob-
tained using APT or energy-dispersive X-ray spectroscopy
(EDS). The temperatures selected for comparison correspond
to the thermomechanical temperatures prior to quenching and
subsequent sample preparation for microscopic and chemical
characterization in the experiments.

Experimental data of Xgp versus Xy, are summarized in
Fig. 7(a). Notably, the Nd solute exhibits significantly higher
Xog than other solute elements under similar Xy, and tem-
perature conditions. This experimental observation is in good
agreement with the simulation results presented in Fig. 3,
which demonstrate an elevated Xgg for Nd at both 0.1 at.%
and 1 at.% Xuux across the temperature range up to 800 K.
This agreement between experimental and simulated data un-
derscores Nd’s exceptional energetic preference for segrega-
tion at GBs, establishing it as the most susceptible among the
studied alloying elements to undergo segregation. However, it
is important to note that the simulation predicts the Xgp of
Nd solute with an overestimation by a factor of 4 to 6 in
the temperature regime from 500 to 600 K (see Fig. 7(b)).
An overestimation in Xgg for the Ca and Al solutes was also
identified, with a factor of 2 to 3 across the relevant temper-
atures and Xy, regimes (see Fig. 7(c,e)). A relatively good
agreement was observed between experimental measurements
and simulated predictions of Xgg for Y and Zn solutes. The
experimentally measured Xgg values fall within the range pre-
dicted by atomistic simulations. To the best of our knowledge,
no experimental segregation data on the chemical distribution
of Li in GB were available. This is primarily attributed to the
research focus on forming Mg-Li intermetallic phases to en-
hance the mechanical performances of Mg alloys, rather than
on engineering GB properties below the solid solubility limit
[79.,80].

The overestimation of Xgg could be attributed to factors re-
lated to both theoretical methodologies and experimental mea-
surements, which are not regarded as inherent limitations of
the approach. Firstly, the Langmuir-McLean model, employed
in our current study, assumes an infinitesimally diluted solid
solution, where solute-solute interactions are not accounted
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Fig. 7. (a) Summary of experimentally measured concentrations of various solutes at GB versus bulk in Mg alloys [20-36]. The concentrations of (b) Nd,
(c) Ca, (d) Y, (e) Al, and (f) Zn solutes at GBs within the simulated Mg polycrystal as a function of their bulk solute concentrations, incorporating the

Fvib

vibrational entropy contribution AEs, + AFg,

(represented by solid lines) and considering only the segregation energy AEe, (represented by dashed lines)

across various temperature regimes following the Langmuir-McLean model, as denoted in Eqs. (12) and (13). Experimental data presented in (a) are illustrated
as black dots on the corresponding graphs, labeled with the first authors’ names and the thermomechanical processing temperatures of the Mg alloys.

for. Experimental Mg alloy systems are often more complex
than simple binary compositions, making it necessary to ac-
count for synergistic effects from solute-solute interactions.
This simplification could potentially lead to disparities be-
tween experimental observations and theoretical predictions,
e.g., as demonstrated in our recent APT study on the Mg-Zn-
Ca alloy systems [36]. There, it was shown that the presence
of Zn significantly reduced the concentration of Ca at GBs.
This was evident from a decrease from 2.39 at.% in a Mg-Ca
binary system with Xy, of Ca at 0.163 at.% to 1.95 at.% in
a Mg-Zn-Ca ternary system with even higher bulk Ca con-
centration of 0.421 at.% (see Mouhib, 673 K in Fig. 7(c))
[36]. Given that this binary alloy system for Ca segregation
is the only example available in the literature, it is note-
worthy that the experimentally measured Xgp for this system
demonstrates a closer alignment with theoretical predictions
compared to results from ternary or quaternary alloy systems.
Moreover, the available experimental data on Y segregation
at GBs were all obtained from Mg-Y binary alloy systems
(Fig. 7(d)), demonstrating a good correlation with theoreti-
cal predictions. To investigate solute segregation behavior at
higher concentrations, hybrid Monte-Carlo/molecular dynam-

ics (MC/MD) approaches can be employed to provide ther-
modynamic insights into solute clustering, precipitation, and
the formation of intermetallic phases at GBs [81-83].
Additionally, the discrepancy may stem from the limita-
tions in experimental measurements, which were performed
on selected individual GBs, contrasting with atomistic simu-
lations that encompassed a polycrystal with over 38,000 GB
sites in a GB network with various macro and microscopic
characteristics. As revealed in our recent APT study, signifi-
cant variations were observed in the segregation behavior of
Nd among GBs in Mg alloys, which possess distinct macro-
scopic characteristics [35]. Notably, the concentration of Nd
at GBs (Xgp) was found to be more than twice as high in
a GB with a misorientation angle of 61.1° compared to one
with an angle of 35.8°. This scattering in GB segregation can
primarily be attributed to variations in the local atomic envi-
ronments, indicating the crucial role of microscopic charac-
teristics in influencing solute distribution at the atomic level.
Furthermore, in experimental conditions, there is always com-
petition with other defects, such as dislocations or stacking
faults, which cannot be switched off. If a large number of so-
lutes get trapped in these defects, this can also lead to less so-
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lute being available to segregate at the GBs. This underscores
the need for defect phase diagrams [84] to better understand
solute distribution mechanisms under different chemical po-
tential conditions.

Furthermore, artifacts and approximations in both experi-
mental and simulation methodologies can significantly impact
the outcome solute segregation behavior. For instance, during
the post-processing of APT and EDS data, assumptions about
the GB thickness can lead to notable discrepancies in the
measurements of Xgp. Similarly, the definition of GB sites
according to structural analysis algorithms for segregation
energy calculations influences the segregation energy spec-
trum and, consequently, the estimated solute concentration at
GBs. In atomistic simulations, the choice of methodologi-
cal assumptions for calculating AFSZQ’, such as those made
by the HA method, can influence results. Specifically, the
HA method’s inability to capture anharmonic behaviors—Ilike
structural transitions—and its omission of other significant
entropy contributions, especially at elevated temperatures, are
notable limitations of this model. The choice of interatomic
potential also impacts the simulation outcomes. For instance,
notable differences in segregation energy spectra were ob-
served when comparing results obtained using the MEAM
[51] and EAM [85] potentials, see Figure S37. Neverthe-
less, both potentials yielded similar mean segregation energy
values of approximately —0.08 eV/atom for Al, indicating
a comparable overall tendency of Al solutes to segregate to
GBs. The limitations of semi-empirical potentials in accu-
rately capturing the variation in solute segregation behaviors
across the diverse local atomic environments of GBs and a
broad range of alloy systems have been reported [86]. Hybrid
multiscale modeling approaches, such as quantum mechan-
ical/molecular mechanical (QM/MM), could offer QM-level
accurate results while circumventing the size constraints typ-
ically associated with ab-initio calculations.

4.3. Generalizability of ML models

In this study, we systematically investigated the segrega-
tion behavior of six solute elements commonly used in en-
gineering Mg alloys within polycrystalline Mg. Unlike prior
studies that primarily focused on individual highly symmet-
ric GBs, such as symmetric tilt GBs and twin boundaries
[37,38,41,42], this work encompasses a significantly broader
sampling of local atomic environments. For instance, our pre-
vious work on basal-textured polycrystalline Mg [83], which
explored a range of <0001> symmetric tilt GBs, revealed that
the segregation energy spectrum for such specific GBs ex-
hibited distinct bimodal characteristics. By including general
GBs and junctions, this study captures the diversity of sites
present in realistic polycrystalline materials, thereby reflecting
the heterogeneous nature of solute segregation. This expanded
scope provides a more comprehensive understanding of ther-
modynamic segregation tendencies and enables stronger cor-
relations with experimentally observed structure-property re-
lationships in Mg alloys.

Moreover, previous ML models for solute segregation in
Mg GBs were often limited to single elements, such as Al
[41] or Y [42], or used different interatomic potentials for
the Mg matrix when handling multiple elements [40]. In con-
trast, this work considers the segregation behavior of multiple
solutes simultaneously within a unified framework, which al-
lows us to consider the effect of intrinsic properties of the
solute elements on segregation tendencies. Segregation be-
havior at GBs is not only influenced by the characteristics
of GB sites but also by the intrinsic properties of solutes,
including atomic size, electronegativity, and bonding charac-
teristics. Our findings highlight the variability in segregation
energy spectra and feature importance rankings among the
studied solutes, reflecting the complex interplay between so-
lutes’ intrinsic properties and the local atomic environment at
GB sites.

The ML models developed in this work utilize a combina-
tion of energetic and structural descriptors of the Mg matrix to
predict segregation behavior. While these models were trained
and validated using these six solute elements, their applicabil-
ity to other elements in Mg alloys depends on the generaliz-
ability of the features used. The energetic and structural fea-
tures, such as hydrostatic stress, atomic volume, and potential
energy, serve as general descriptors that capture fundamental
aspects of segregation behavior influenced by the characteris-
tics of GB sites and are transferable across different solutes.
Incorporating additional intrinsic features of solutes, such as
misfit volume, cohesive energy, electronegativity differences,
and diffusion coefficients, could further enhance the model’s
ability to predict segregation behavior for a broader range of
solutes by providing deeper insights into how solutes interact
with the Mg matrix and local GB environments.

Furthermore, expanding the training dataset to include a
wider range of solute elements and more diverse local atomic
environments is critical for improving the models’ robustness
and generalizability. Performing cross-validation with exper-
imental or computational data for additional solutes will en-
sure that the models capture broader trends and remain reli-
able for new predictions. These considerations underscore the
potential for extending the current ML framework to predict
segregation behavior across a broader spectrum of solute el-
ements, ultimately providing a more comprehensive tool for
understanding and engineering GB segregation in Mg alloys.

5. Conclusions

In this study, the GB segregation behavior of Nd, Ca, Y,
Li, Al, and Zn solute elements in polycrystalline Mg at 0 K
and finite temperatures was systematically investigated using
atomistic simulations. Machine learning (ML) models were
employed to predict the segregation energy and free energy,
incorporating energetic and structural descriptors. The GB so-
lute concentrations in these Mg alloy systems were calculated
following the Langmuir-McLean isotherm and compared with
experimentally measured local chemical distributions at vari-
ous temperature and bulk concentration regimes. Key insights
from the study are summarized as follows:



Z. Xie, A. Atila, J. Guénolé et al./Journal of Magnesium and Alloys 13 (2025) 2636-2650 2649

« The distribution of vibrational free energy F'® approxi-
mates a normal distribution at finite temperatures in poly-
crystalline Mg. A notable deviation from the F'® value
at bulk sites was observed, underscoring the substantial
differences in thermal properties between GB and bulk re-
gions.

» The spectra of segregation energy AEg,, segregation vi-
brational free energies AFS‘%b and segregation free energy
AF, at finite temperatures all exhibit skew-normal distri-
butions in the simulated Mg alloys.

« ML models were successfully trained to predict AEg, and

AFg, using energetic and structural descriptors, with hy-

drostatic stress demonstrating the highest importance. The

performance in predicting AFSL’L}’ was limited, indicating
the need for incorporating more features that capture post-
segregation dynamics.

Flexibility volume (Vjex) provides a dimensionless measure

of the local atomic environment’s flexibility, contributing

to the segregation tendency of solute atoms in addition to
excess free volume.

« The Nd solute exhibits a significantly higher solute concen-
tration Xgp across temperature ranges up to 800 K com-
pared to other solutes in this study, providing a rationale
for the experimentally observed pronounced segregation
tendency of Nd.

o Among the solutes studied, the predicted Xgg of Y and
Zn closely match the experimental data. However, devia-
tions observed in Nd, Al, and Ca at high bulk concentra-
tions may be attributed to the limitations of the Langmuir-
McLean model, which does not adequately consider solute-
solute interactions, the definition of the GB region, and the
accuracy of the interatomic potentials used.
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