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High-throughput computation and machine learning modeling of magnetic moments
and Mossbauer parameters for Fe-based intermetallics
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Based on high-throughput density functional theory calculations, we evaluate the local magnetic moments
and Mossbauer properties for Fe-based intermetallic compounds and employ machine learning to map the local
crystalline environments to such properties. It is observed that magnetic moments and Mdssbauer parameters
provide complementary insights into the local crystalline environment, where the statistical features cannot
be captured using phenomenological models. Furthermore, we find that the scarcity of the existing data in
the Materials Project (MP) poses a significant challenge in developing predictive machine learning models,
whereas smooth overlap of atomic positions (SOAP)-based descriptors can be applied for reliable modeling of the
enriched datasets with extra structural prototypes. This work advances the mapping of local crystalline structures
to magnetic and spectroscopic properties, bridging the gap between empirical observations and theoretical

models.
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I. INTRODUCTION

The local crystalline environment strongly influences the
electronic structure and numerous related properties. For itin-
erant magnets, the presence and magnitude of a magnetic
moment can be fundamentally understood through the lo-
cal density of states (DOS), in accordance with the Stoner
theory [1]. In a simplified view, a system develops from a
nonmagnetic to a magnetic ground state if the product of the
nonmagnetic DOS at the Fermi energy N(Er) and the Stoner
coefficient /—a constant specific to each element—exceeds
unity, i.e., I - N(Er) > 1. As a result, although isolated atoms
of almost all transition metals exhibit nonzero magnetic mo-
ments, only 5 of the 30 transition elements retain magnetism
in their bulk crystalline forms [2,3]. This phenomenon is
further exemplified by dimensional crossover effects. For in-
stance, the magnetic moment of Fe atoms in two-dimensional
thin films is about 3.0 upg [4], which surpasses the 2.2 g ob-
served in body-centered-cubic (bcc) Fe. This increase can be
attributed to an enhanced DOS at the Fermi energy (Ef) stem-
ming from a reduced coordination number, which drops from
8 in bulk bec Fe to 5 in the thin-film configuration [5]. Nev-
ertheless, it is still elusive whether such a phenomenological
perspective can be applied to fully capture the complexities of
structure-property relationship for a wide range of crystalline
environments, where subtle details of bonding, hybridization,
symmetry, and so on shall be systematically considered.
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Furthermore, Mossbauer spectroscopy is among the spec-
troscopic techniques that, by probing local electronic struc-
tures, can reveal coordination numbers [6], spin states [7],
magnetic moments [8], and other structural features. For in-
stance, the charge-ordering-induced Verwey transitions [9]
observed in magnetite compounds have been extensively in-
vestigated [10]. In particular, precise ratios of the various iron
valence states in Cc Fe;O4 below the Verwey transition tem-
perature were determined using >’ Fe Mossbauer spectroscopy
[11,12]. Ab initio calculations of MOssbauer parameters, when
benchmarked against experimental spectra, enable the predic-
tion of a range of electronic states and offer deeper insights
into the physics of specific compounds [11,13]. Nonetheless,
the limited knowledge regarding the distribution of Mdssbauer
parameters presents a persistent challenge, impeding both the
accurate deconvolution of experimental spectra and the sys-
tematic benchmarking of theoretical methods.

Machine learning (ML) approaches have made rapid
progress in the field of spectroscopy, enabling more effective
analysis of spectral data and deeper interpretation of local
crystalline environments and the resulting electronic structure
[14]. Modern algorithms can link high-dimensional spectral
signatures to subtle structural or electronic features that might
otherwise go undetected. For instance, ML has been employed
for predicting electron DOS [15-17]. In particular, the use
of graph neural networks (GNNs) facilitates switching be-
tween total and partial DOS predictions, while combining
probability distribution functions and cumulative distribution
functions has been shown to significantly improve predictive
performance [16]. Machine learning methods have also been
utilized to map local atomic environments to x-ray spectral
data. State-of-the-art models can predict core-level binding
energies and spectral line shapes in x-ray photoelectron spec-
troscopy (XPS) with remarkable accuracy [18], advancing
capabilities in compositional quantification, surface chemistry
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analysis, and the understanding of charge-transfer phenom-
ena. Likewise, x-ray absorption spectroscopy (XAS), known
for its data-intensive nature, has benefited from ML-based
inverse-problem strategies. These techniques enable the ex-
traction of local coordination environments, oxidation states,
and more nuanced electronic structure features directly from
experimental spectra [19,20]. Multimodal strategy [21] has
recently emerged as a useful technique to incorporate diverse
spectroscopic features for comprehensive characterization.
Moreover, ML has played a key role in autonomous character-
ization of spectral descriptors. One example is active learning
combined with Bayesian optimization for parametrizing the
multiplet Hamiltonian model of NiO by sampling from the ex-
perimental XAS spectrum [22]. With the advent of generative
models such as generative adversarial networks (GANs) [23],
variational autoencoders (VAEs) [24], and diffusion models
[25], spectroscopy data has also begun to serve as a property
within conditioned diffusion models [14], expanding the pos-
sibilities for inverse design and data-driven structure—property
investigations.

However, machine learning in spectroscopy continues to
face substantial challenges stemming from limited and noisy
datasets. In addition to straightforward measurement errors,
the dearth of physically interpretable spectral descriptors re-
mains a primary obstacle. Typically, one aims to identify
distinctive peaks, band shapes, and peak intensities that can
be associated with specific molecular or electronic transi-
tions [26]. When these features are not explicitly encoded,
machine learning models often struggle to develop robust rep-
resentations of chemical and electronic structures. Moreover,
although “black-box” models such as deep neural networks
can be highly effective, they afford limited interpretability
if they rely solely on raw spectral data. Researchers are
thus confronted with the task of balancing high predictive
performance against the need for transparent, physically in-
formed features. Mossbauer spectroscopy stands out among
the above-mentioned energy-scaled spectroscopy due to its
direct reliance on hyperfine interactions, namely the isomer
shifts, quadrupole moments, and magnetic hyperfine fields
[27]. Machine learning using computational augmentation of
these Mossbauer spectral descriptors can leverage underly-
ing physical knowledge which makes it possible to trace the
model back to the fundamental insights.

In this work, we focus on the Fe-based intermetallic com-
pounds, as characterized as possessing an ordered phase with
a specific stoichiometry and distinct crystallographic struc-
ture, stemming from the fact that the magnetism of Fe depends
largely on the local crystalline environments like dimension
and coordination. We study the magnetic properties of iron
atoms in the intermetallic compounds by looking into the
magnetic moments, as well as the three Mdssbauer parame-
ters. Our work is proposed by first analyzing the trends and the
dependence of magnetic moments and Mdssbauer parameters
on the local structures of Fe in Fe-X (X = B, Co, and Ti)
binary systems. The three systems illustrate a wide range of
intermetallic behaviors: Fe-Co is known for its soft magnetic
characteristics [28,29]; Fe-B is selected due to its suitability as
a hardening agent in steels and the potential as superconduc-
tor [30-34]. The Fe-Ti system uniquely spans nonmagnetic,
antiferromagnetic, and ferromagnetic phases—all tunable via

composition and ordering—making it an ideal platform for
studying exchange interactions, magnetocaloric effects, and
exchange-bias or spin-filter devices [35-37]. Fe-Ti is also
of interest for its challenging modeling of the Fermi liquid
behavior for the Ti-d electrons, entailing dynamic mean field
theory (DMFT) calculations [29,35,38]. The existing iron-
based binary and ternary compounds from the MP database
are also collected for comparison. We further show that the
four properties provide complementary information towards
the complete picture of local crystalline environments, far ex-
ceeding the qualitative performance of the Stoner model. With
well-defined distributions of the four properties obtained from
HTP, the structure-property relationship can be well mapped
by machine learning, using embedded descriptors from the
local structure.

II. METHODOLOGY

A. Data and high-throughput calculations

The MP [39,40] dataset of existing compounds contains
2079 Fe-based binary and ternary intermetallic materials with
specific stoichiometric ratios and well-ordered crystal struc-
tures. Magnetic moments and Mossbauer parameters were
calculated using the methods explained below. In the follow-
ing sections, we refer to this dataset as MP data for brevity.
To construct the Fe-X (X = B, Co, Ti) datasets, we created
14 944 (=2 x 7472) binary structure prototypes by substi-
tuting Fe and X for A and B in 7472 A,B, binary materials
from the MP [41]. Excluding unit cells with more than 20
atoms (Nsie > 20) left us with 12 638 structures. We then
removed redundant substitutions where A and B sublattices
were equivalent in A,By, resulting in 10 981 potential initial
structures per system. Subsequently, high-throughput calcula-
tions with spin-polarization were executed to determine the
relaxed structures with optimized atomic sites and lattice
parameters. Following this, self-consistent field (SCF) cal-
culations were performed to obtain the magnetic moments
and all related Mossbauer properties. The HTP screening of
structure relaxations and magnetic moments was performed
within the framework of the in-house developed HTP environ-
ment [42—44], interfaced with the Vienna ab initio Simulation
Package (VASP.5.4.4). The generalized gradient approxima-
tion (GGA) of Perdew-Burke-Ernzerhof was used as the
exchange-correlation functional. Relaxation was carried out
in four steps with gradually increased k-mesh density (i.e.,
the number of k-points in each direction is approximately
the number multiplied by the reciprocal lattice vector) and
cutoff energy, from 40 to 60 A~! and from 350 to 500 eV,
respectively. The convergence criteria for total energy is set
to 107 eV. Magnetic moments were obtained from the last
self-consistent step with energy convergence 107° eV, and
only ferromagnetic configurations were considered under the
assumption that the magnitudes of magnetic moments were
independent of the magnetic ground states. The crystal orbital
Hamilton population (COHP) analysis is employed using the
LOBSTER-4.1.0 code [45-47] to quantify and visualize the
bonding interactions between atomic pairs in the crystal.

HTP calculations for Mossbauer parameters, including
isomer shift (8;s), quadrupole splitting (QS), and magnetic
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hyperfine field (Br), were carried out using WIEN2K 14.2
[48]. The k-mesh was set as V - N(kpoint) = 20 000, where
V was the volume of the cell in A=3. The average muffin-tin
radius of Fe was 2.1 a.u. RKmax and GMax were set to
8.0 and 14.0 based on convergence tests. The convergence
criteria for energy and charge were set to 107% Ry and 1074,
respectively.

The &5 is caused by the difference in electrostatic inter-
action between the potential of the nuclear charge and the
electron charge density at the location of the nucleus. Influ-
enced by the 3d-binding electrons, the effective radius for
the density of s-electrons experience a change AR, and the
resulting §;s measured experimentally is obtained by

1 Ze? ) ) 5
is = pr— 4R AR([Yal” — [Wol®), ey
where 4 and ¥ are the normalized wave functions of the
s-electron for the absorber and the source.

The magnitude of QS is determined by the z-component of
the electric field gradient (EFG). For a nucleus with 7 = 3/2
excited states, QS is given by

0S = 1eQV..(1 + n*/3)'/, )

where eQ is the quadrupole moment of the nucleus, eq =V,
is the z-component of the EFG, and 7 is the asymmetric pa-
rameter. The EFG, a traceless tensor of rank 2, can be obtained
by DFT calculations as

RG]

V., =
Y 8x,~8xj

3

x=0 '

The principal component under Cartesian coordinates V., is
obtained from the charge density p(7) in the following way:

V. = / o D 4 4

which can be parameterized as contributions from wave func-
tions with different angular momentum (p-p, d—d, etc.) [49].
Instead of analyzing the entire tensor, we focus only on V,, as
the EFG in this study.

The Bj; can be nonzero for magnetic materials and is
composed of three parts, Br = B. + Baip + Bor, Where B,
is the Fermi-contact field, Bgjp is the spin-dipolar field, and
By is the orbital field [13]. B, is the dominant term related to
the spin density difference at the nucleus, with the direction
aligned with the nuclear moment and given by

dmeh

eh 6' - o3
B. = —3—<¢|—25(V)|W) = - (vl & (NIy),  (5)
mc r

where & is the Pauli matrix and 8(r) the delta function. By,
and Byg;p originated from orbital moments and magnetic dipole
moments, i.e.,

3mc

Sr) -
Buw = 250125 119, ©
S
Bup = 21" B D -5, ()

where pp is the Bohr magneton, and S(r) is a radial func-
tion. Although By, and By, are typically orders of magnitude
smaller than B,, they can become comparable in systems with
large orbital or dipolar contributions.

We validated our Mossbauer parameter calculations (s,
EFG, and Byr) by benchmarking against experimental data. As
shown in Fig. S1 in the Supplemental Material [50], the results
for 815 shown in Fig. 1(a) display a systematic overestimation
but are otherwise able to reproduce the overall experimental
trends. EFG and Bjy are able to be calculated accurately
with only few deviated points, as shown in Figs. S1(b) and
S1(c) [50]. This assures us that our computational approach,
including exchange-correlation functionals and all-electron
methods used, is capable of capturing the essential physics
of the hyperfine interactions in the Mossbauer experiments.

B. Descriptors

In our machine learning approach, we used SOAP [51]
to represent the local structures, and employed materials-
agnostic platform for informatics and exploration (Magpie)
[52] to represent the chemical information. In SOAP, atomic
positions are encoded as smooth Gaussian distributions cen-
tered on each atom of a given species Z,

V4
p (1) =Y exp(— 3ol = Ri). ®)

The distributions are then projected onto a basis of radial
functions g,(7) and spherical harmonics Y;,,(6, ¢),

PA) =Y Chon@n(r) Yin(0, ). ©)

nlm

The final SOAP descriptors are formed by the power spectrum

of the coefficients cflm, with each element given by

YAV/ /_8 § VAR
Prm’l =7 20+1 Colm Cw'im (10)
m

This process ensures rotational invariance, so only iron
atoms with unique local environments were considered; i.e.,
those with duplicate Wyckoff positions were excluded from
the dataset. We chose a cutoff radius rey e = 6 A, n = 6 radial
basis functions, and a spherical harmonics degree [ = 6. The
dimension of SOAP also depends on the number of species
in the compound. For systems involving varying numbers of
species, we applied the compression method introduced by
Darby et al. [53] to encode descriptors into a uniform length.

MAGPIE descriptors are a set of features designed for
machine learning applications in materials science. These de-
scriptors capture fundamental material properties based on the
composition of a material, without requiring detailed struc-
tural information. They include statistical summaries (e.g.,
mean, minimum, maximum, and standard deviation) of ele-
mental properties such as atomic number, electronegativity,
valence electron count, and cohesive energy. Magpie descrip-
tors are widely used for predicting material properties and for
guiding high-throughput computational screening.

C. Machine learning

We applied the random-forest algorithm to predict mag-
netic moments and the three Mossbauer parameters (Jis,
EFG and Byy). The datasets were split into training and test
subsets in an 80%/20% ratio. Compared to other machine
learning methods, such as neural networks, random-forest
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FIG. 1. The distributions (normalized for better visualization) are presented as follows: (a) local magnetic moments Mg, ; (b) the isomer
shift dis; (c) the electric field gradient EFG; and (d) the magnetic hyperfine field B,;, along with (e) joint distribution heat maps for iron atoms
in MP data and in the three Fe-based binary systems (light color indicates higher density).

excels at detecting complex patterns, evaluating feature signif-
icance, and handling outliers with reduced sensitivity [54]. We
performed tenfold cross-validation to calculate averaged pre-
dictions for each dataset. Fundamentally, the random-forest
approach builds an ensemble of decision trees, each trained
on a random subset of the data and considers a random sub-
set of features during node splitting. For regression tasks,
the algorithm improves prediction accuracy by averaging tree
outputs (majority voting in classification tasks), thus reducing
variance. Moreover, random-forest provides estimation of fea-
ture importance, helping to identify the most influential input
variables that govern the model’s output. These characteristics
make the algorithm not only a robust predictive tool but also a

valuable means of gaining insight into key factors driving the
observed trends.

III. RESULTS AND DISCUSSIONS
A. High-throughput calculations

Figures 1(a)-1(d) display the results of magnetic moments
(Mr.), 81s, EFG, and B, obtained by our HTP calculations
for the Fe-B, Fe-Co, and Fe-Ti binary systems, as well as
compounds from the MP database.

Based on the HTP calculations described in Sec. II A, we
obtain 9207, 10 177, and 10 241 converged calculations for
the Fe-B, Fe-Co, and Fe-Ti systems, giving rise to 11 898,
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FIG. 2. (a) Body-centered cubic ordered structure (Pm3m) with Fe ratio 0.5 and the DOS for (b) FeB, (c) FeCo, and (d) FeTi. The
corresponding Fe-X crystal-orbital Hamilton population (COHP) of Fe-X (X = B, Co, Ti) pairs are plotted in panels (e)—(g). Magnetic COHPs
for FeB and FeTi as indicated by the blue and red lines in (e) and (g) are calculated with a fixed magnetic moment of 2 up per iron atom.

13 272, and 13 310 distinct Wyckoff positions of Fe sites,
respectively. A total of 2154 Fe-based binary and ternary
intermetallic compounds, including 3545 distinct Wyckoff
positions of Fe sites, are collected from the MP data. The
distribution patterns of these four physical properties exhibit
distinct behaviors throughout the four datasets. The magni-
tude of the magnetic moments stretches between 0 and 4 g
per Fe atom. In addition, there is a noticeable peak around
2.2 up for MP data, comparable to that of bcc Fe. In Fe-B
and Fe-Ti systems, a slight shift of the peak towards smaller
value is observed. The distributions of MP, Fe-B and Fe-Ti
systems indicate the robustness of Fe magnetic moment in
bulk environments. In Fe-Co system, the magnetic moments
are enhanced with the peak of the histogram shifted to 2.6
up as shown in Fig. 1(a), which can be ascribed to the in-
creased or complete filling of the spin-up bands relative to
those present in body-centered cubic (bce) iron (Fig. S3 [50]).
Similar trends are observed in Bjy, such that the average
B,y in Fe-Co is larger than that in Fe-B and Fe-Ti. It is
further observed from the correlations shown in Fig. 1(e) that
in Fe-B and Fe-Ti systems, the magnitude of the hyperfine
field generally correlates with the magnitude of the local
magnetic moments [55], where in MP and Fe-Co systems
such correlations are less obvious. The correlations also show
that a small fraction of iron atoms exhibit zero By despite
having finite magnetic moments. This observation reflects the
compensating orbital and spin-dipole contributions (B, and
Bgip) in the total hyperfine field given by Egs. (6) and (7),
which can adopt negative projections with that of the Fermi
contact fields B, along the magnetization axis. The ;g and
EFG shown in Figs. 1(b) and 1(c) exhibit similar distributions
with each others that the majority clustering around zero
values. Across the three specific iron systems, &g and EFG
in Fe-Co compounds show the most centralized distribution,

indicating that the electron density is close to that of «-Fe
which is used as the reference. While slight shifts towards
opposite directions are observed in the distributions for Fe-B
and Fe-Ti, which implies a general decrease and increase of
electron density, respectively. Pair correlations for the other
properties are depicted in Fig. S2 [50]. However, no obvi-
ous linear relationships are observed. The high-throughput
(HTP) calculations reveal that the four local quantities exhibit
system-dependent characteristics, particularly evident in Mg,
and By,y. Aside from the parameters My, and By, there is an
absence of robust correlations between any two properties,
suggesting that each property offers a distinct perspective
on the underlying electronic structures. The difference in the
magnitudes of magnetic moment in three Fe-X systems can
be understood based on DOS and crystal-orbital Hamilton
population (COHP) analyses. Figure 2 illustrates the BCC
Pm3m FeX prototypes with iron concentration of 0.5, high-
lighting how the bonding and antibonding states differ among
FeB, FeCo, and FeTi. Despite strong Fe-X hybridization in
all three, FeCo attains a significantly larger value of 2.8 g,
while FeB and FeTi favor small or zero magnetic moments
of 0.3 and 0.0 wp, respectively. The COHP plots confirm that
in FeCo, the energetic splitting of bonding versus antibonding
states in the spin-down channel localizes more electrons on
Fe, promoting robust ferromagnetism. In contrast, the bonding
states of Fe-X pairs in FeTi are largely reduced from mag-
netic to nonmagnetic configuration, confirming a more stable
nonmagnetic state. FeB also stabilizes a nonmagnetic phase,
evidenced by the decreased integrated -COHP (-ICOHP), cor-
responding to the chemical bonding strength, of Fe-X and
Fe-Fe pairs by 0.09 and 0.07 eV upon spin polarization [56],
as illustrated in Fig. S4 of the Supplemental Material [50].
These examples reinforce that the precise location of bonding
and antibonding states with respect to the Fermi level strongly
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FIG. 3. Fe magnetic moments versus DOS at Fermi energy [N(EF)] of non-spin-polarized calculations for (a) MP, (b) Fe-B, (c) Fe-Co,
and (d) Fe-Ti systems. N, is defined as the threshold N(EF) such that the I - Ny = 1. As suggested by the Stoner theory, compounds located in
the left white panel should be nonmagnetic, while those lying in the right yellow-shaded panel should be magnetic.

influences whether a high-spin or low-spin electronic config-
uration is energetically favored.

B. Alignment with the Stoner model

The Stoner model [57] has been extensively utilized for
a comprehensive understanding and prediction of magnetic
moment behaviors. According to the Stoner theory, a nonmag-
netic state becomes unstable relative to a ferromagnetic one if

IN(Ep) > 1,

where N (Er) is the non-spin-polarized DOS at the Fermi en-
ergy, and / is an element-specific exchange integral reflecting
the strength of the exchange interaction. As shown in Fig. 3,
we adopt I = 0.46 eV for Fe determined in Ref. [58] by eval-
uating the Vosko-Perdew approximate formal solution of the
linear-response problem [59-61], yielding a threshold Ny =
2.17 for distinguishing between nonmagentic and magnetic
Fe atoms. Our calculations are consistent with the general
trend such that Fe sites with N(Er) > N tend to develop finite
magnetic moments, whereas those below the threshold gener-
ally remain nonmagnetic. However, finite magnetic moments
can be obtained even with N(Er) < 2.17, while nonmagnetic
compounds are also among those with N(Er) < 2.17 corre-
spondingly. From Figs. 2(a)-2(d), smeared onsets of N(Er)
distinguishing magnetic from nonmagnetic are observed for

Fe-X systems, whereas less clear relationship is seen in MP
system where crystalline environments are more diverse. It is
also noticeable that the magnetic moments in the four systems
reach a saturation value around 3 up and do not increase
further with increased N(Er). These behaviors underscore
the limitations of relying on a single parameter to model
exchange effects. Factors such as orbital-dependent interac-
tions, magnetic frustration, and spin fluctuations can introduce
deviations from a simple rigid-band picture. Moreover, the
local electronic environment—which can differ from site to
site within a crystal—may shift N(Er) or alter hybridization
in ways not accounted for by purely global or average DOS
considerations.

C. Mossbauer parameters as additional magnetic
characterizations

Mossbauer parameters, e.g., By, provide complementary
insights into magnetic ordering and spin anisotropy, beyond
what is conveyed by magnetic moments alone. Figure 4(a)
shows four compounds containing Fe atoms with magnetic
moments greater than 3 up, along with their Mdssbauer pa-
rameters. The compound FeGeN, is observed to possess a
maximum magnetic moment of 3.45 wp, approaching the
atomic magnetic limit of iron. Within this compound, the iron
atoms are characterized by a notably large &5 at 0.644 mm/s,
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FIG. 4. (a) Compounds containing Fe atoms with Mg, > 3up and their corresponding Mossbauer parameters (atoms with magnetic moment
larger than 3 up are highlighted in the structures). (b) Normalized distribution of B,y for nonmagnetic Fe-B compounds (M < 1.0 /atom).
(c) Energy of different magnetic directions ([001], [100], and [111]) relative to Ejgo;; in hexagonal FeB, with small magnetic moment of 0.6

g but relatively large B;,; value (structure shown as the inset).

and EFG at —5.106 10*'V/m?, indicating a pronounced
anisotropy in the spatial distribution of the valence elec-
trons. For the other three compounds (FesB, Fe;Co,, and
Fe4Ti), despite similar large magnetic moments, their Moss-
bauer parameters are quite diverse, where in FesB, the large
Mf, is correlated with the large EFG at 6.625 10°'V/m?, in
Fe;Co, large negative EFG (—6.213 10%' V/m?) and small By
(9.475T) are found, while in Fe,Ti the large 615 at 0.694 mm/s
may play a role. As demonstrated in Fig. 1, it is apparent that
a significant portion of Fe-B compounds are nonmagnetic.
Nevertheless, upon examining the By distribution within the
region characterized by weak magnetism, where Mg, is less
than 1 wp, as illustrated in Fig. 4(b), it becomes evident
that there is a wide-ranging distribution of By values. Inter-
estingly, approximately one-third of these Fe atoms, despite
their suppressed magnetic characteristics, exhibit finite By
values exceeding 1 T. Figure 4(c) presents a detailed case of
a hexagonal FeB, (P6/mmm) structure with an Mg, value of
0.6 up, along with the energy change under different mag-
netic orientations, i.e., [001], [100], and [111]. The substantial
spin dipolar and orbital fields, quantified as Bg, = 3.5 T and
B = 1.9 T, respectively, are attributable to the presence of a
uniaxial magnetocrystalline anisotropy energy valued at 0.34
MJ/m?, also evident from the notable disparity in orbital
moment (Auy = purjoor] — Mepioo)) of 0.033up [62].

In conclusion, the large variation in Fe magnetic moments
arises from a confluence of structural, chemical, and elec-
tronic factors, showing that no straightforward correlation
with the three Mossbauer parameters can be definitively estab-
lished and thereby requiring machine-learning approaches to
reveal the underlying complexity. Furthermore, our example
of By in nonmagentic FeB illustrates how Mdossbauer spec-
troscopy can capture subtle magneto-chemical environments—
exposing local spin anisotropy and orbital magnetization that
would otherwise remain unnoticed if only magnetic moments
were examined.

Given the inherent difficulties in applying phenomeno-
logical theories, such as the Stoner model, to accurately
characterize the statistical tendencies of magnetic moments,
combined with the significant discrepancies observed in the
distributions of the four physical properties analyzed, the
pivotal question arises of how one can establish a reliable
mapping between the local crystalline environments and these
specific physical properties. To initially assess the capabilities
of the machine learning model, a straightforward classifica-
tion task is conducted distinguishing between magnetic and
nonmagnetic materials. This was achieved by applying var-
ious threshold values ranging from 0.1 to 1 up, utilizing
SOAP as the descriptor tool. The experiment demonstrates
that the model achieves an accuracy exceeding 90% across all
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FIG. 5. (a) Direct random-forest regression for Mg, on the MP dataset and (b) random-forest regression with manual sampling.

four datasets tested. Notably, accuracy peaks at 99% within
the three Fe-X datasets, as illustrated in Fig. S5 [50]. This
performance surpasses that of the Stoner model, which uses
electron density at the Fermi level as its evaluative metric.

D. MP data exploration and evaluation

Compared with the other Fe-X datasets, the existing MP
dataset, despite its extensive scope, requires significant im-
provement to enhance its utility in describing local magnetic
environments. To reduce the influence of ambiguous or
skewed data and to yield a more consistent and reliable dis-
tribution of magnetic properties, we focus on magnetic data
with tolerance of 0.5 pp/atom and perform regression tasks
to further refine the predictions of local magnetic moments.

Using local structure-embedded SOAP descriptors, a direct
random-forest regression on 2358 iron local environments
within the MP dataset achieves moderate accuracy (R’ ~
0.42) for predicting magnetic moments [Fig. 5(a)]. This
limitation is partly attributed to the sparsity of the data.
This can be confirmed by manual sampling of representa-
tive data into training set. For instance, by starting with
an initial sample of 50 randomly selected data points and
iteratively enriching the datasets with the 50 most poorly
predicted points, the regression R” rises to 0.99 for the
top 20% best predictable samples [Fig. 5(b)]. These find-
ings highlight the necessity of targeted refinement to address
the bias and the heterogeneity within the MP datasets.
Augmenting its entries with strategically guided DFT calcu-
lations can significantly enhance its quality and predictive
capacity, as demonstrated for the Fe-X binary systems in
Secs. III and V.

E. Machine learning predictions for magnetization
and Mossbauer parameters

In predicting the local magnetic moments and the Mdss-
bauer parameters, physically both chemical information and
structural information are needed to construct the descriptors.
For the structure diverse Fe-X systems, chemical information

is largely limited by the constant composition, while struc-
tural information alone is able to yield comparable accuracy
with that using combined information. The impact of dif-
ferent feature representations, Magpie (global composition),
SOAP (local atomic environments), and Magpie + SOAP,
on the prediction accuracy for Mg, and By is assessed. For
cases using Magpie descriptors only, compound-wise global
My, and B,y are used as properties, which are obtained by
the weighted sum of the corresponding local quantities with
weights given by the atomic fraction. Magpie encodes aggre-
gate composition-based features (e.g., overall stoichiometry,
average electronegativity), which can capture broad chemi-
cal trends but miss site-specific details. SOAP, on the other
hand, focuses on the local environment around each atom
(bond lengths, coordination geometry), making them well
suited for capturing subtle variations in electronic structure
that drive local properties such as magnetization and hyper-
fine parameters. From the results in Table I, it shows that
Magpie performs much better in the prediction of global prop-
erties on MP datasets which have more varieties of chemical
compositions. An exception found in By property on Fe-Ti

TABLE I. Machine learning results for magnetic moments (M)
and hyperfine fields (Bjs) on four different datasets (MP, Fe-B, Fe-
Co, and Fe-Ti), using Magpie only, SOAP only, and Magpie + SOAP
descriptors, respectively. In the Magpie column, total Mg. and By, are
used as the properties.

Property Dataset Magpie SOAP Magpie + SOAP

Mg [15] MP 0.792 0.420 0.492
Fe-B 0.638 0.938 0.938
Fe-Co 0.225 0.910 0911
Fe-Ti 0.426 0.943 0.943

By [T] MP 0.785 0.852 0.877
Fe-B 0.494 0.938 0.937
Fe-Co 0.206 0.959 0.993
Fe-Ti 0.894 0.927 0.979
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and green bars.

datasets, with Magpie performs comparably well. The synergy
of using combined (Magpie + SOAP) descriptors also have
effects to some extends only on these datasets and proper-
ties. The difference in behavior of Magpie in various datasets
can be explained by the feature importance analysis (Fig. S6
[50]) showing that var_EffectiveCoordination (variation of
elemental coordination numbers) and mean_GSmagmom (av-
erage elemental ground-state magnetic moment) are the most
prominent features, respectively, for Mg, and By in MP
datasets, while all features contribute subtly with importance
smaller than 0.1 in the other system specific datasets. It
also implies the fact that other than magnetic moment that
depends mostly on stoichiometry, Bjs is more correlated with
electronic structures, specifically the magnetic ordering ap-
proximated by mean_GSmagmom, which is consistent with
the smeared dependency between Mg, and B, as observed in
Fig. 1(e). Teng et al. [39] also found that SOAP significantly
enhances the prediction of 7¢ among the isomer intermetallic
compounds (i.e., compounds with same composition but dif-
ferent crystal structures), aligned with our discovery of the
outstanding performance of SOAP applied on the system-
specific datasets. Thus, considering the system-specific Fe-X
datasets, using only structure-embedded SOAP descriptors is
reasonable to expect accurate prediction of Mg and Moss-
bauer parameters.

Regression of all the four local properties (Mg, d1s, EFG,
and By,y) are trained with performance measured by the mean
absolute error (MAE) and R? values, as depicted in Fig. 6.
It can be seen that the regression models achieve R? scores

exceeding 0.9 for MF., dis, and By in the Fe-B, Fe-Co, and
Fe-Ti datasets. MP data remain more challenging, mainly due
to broader chemical diversity and smaller, noisier sampling of
local environments. Nonetheless, hyperfine fields in MP data
still attain R> > 0.85, suggesting that a structural descriptor-
based mapping to Bj; is comparatively robust. Notably, the
EFG proves to be the most difficult to predict due to its
high sensitivity to small distortions, local crystal fields, and
site-symmetry considerations not fully captured by current
descriptors. These affect not only the magnitude but also the
anisotropy of the spin density as demonstrated in Sec. III C
Schwarz et al. [49,63] claims from first-principle calculation
point of view that accurate EFG requires accurate description
of the partial charges, e.g., p and d valence electrons, which,
however, is not able to improve in our case by simply increas-
ing the angular momentum 1 used in SOAP descriptors. We
found that by increasing from / = 6 to/ = 12 the performance
in MP datasets remains unchanged (Fig. S7 [50]). This is
consistent with the current challenges in machine learning of
electronic structures [64,65]. What is also neglected is the
tensor nature of EFG, while in our case a scalar quantity
corresponding to the principle component of the tensor is used
to represent such interaction of quadruple moments between
nucleus and electrons. Future work that incorporates equiv-
ariant neural-network encoders [66,67], which are designed
to preserve and exploit local symmetry operations (rotations,
reflections, translations), may provide the necessary level of
geometric awareness to boost prediction accuracy for the
whole EFG tensor. With both magnetic moments and different
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Mossbauer hyperfine parameters available, multimodal ma-
chine learning can be employed to synergistically strengthen
the local structure-property mapping.

IV. CONCLUSION

In conclusion, we establish statistical mappings from the
local crystalline environments to the magnetic moments and
Mossbauer spectroscopies using machine learning. We per-
form high-throughput calculations on the four properties
(Mg, 815, EFG, and By,y) for four intermetallic Fe-based sys-
tems that are Fe binary and ternary compounds from MP, and
the Fe-B, Fe-Co, and Fe-Ti systems encompassing 10 493
binary structure prototypes. The variation in the magnetic mo-
ments of Fe, apart from chemical compositions, can originate
from different hybridization natures with neighboring atoms.
The justification of the Stoner theory on the Fe-X systems
implies that it can serve as a guidance to the magnitude of
magnetic moments but the performance using such a single
parameter is severely limited. The inclusion of Mossbauer
parameters offers insights into diverse magnetic moments
from different perspectives. In particular, the hyperfine field
(Bjr) serves as a sensitive measure of spin anisotropy. A
specific example using nonmagnetic FeB, demonstrates how
site-specific hyperfine fields reveal subtle magnetic variations
that are not always obvious from bulk magnetization alone,
enriching our understanding of local spin and orbital contri-
butions.

We find that existing MP data can be noisy or incom-
plete for local magnetic properties. A data cleaning by

selecting representative data into training set substantially en-
hances predictive performance, underscoring the importance
of targeted data augmentation for high-throughput materials
databases. In comparison, machine-learning models trained
on system-specific achieve excellent predictive accuracy for
both magnetic moments and Mossbauer parameters, with R?
values exceeding 0.9 in most cases. These models demonstrate
the possibility and necessity to incorporate different properties
for multimodal machine learning to synergistically strengthen
the local structure-property mapping.
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