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Abstract

Magnetic ordering—ferromagnetic (FM), antiferromagnetic (AFM), ferrimagnetic (FiM), or
non-magnetic (NM)—is a first-order design descriptor for spintronic, permanent-magnet, and
data-storage materials, yet it is expensive to determine because the true magnetic ground
state must be found by enumerating and relaxing many symmetry-distinct spin configurations.
We present an end-to-end supervised-learning pipeline that predicts the four-way magnetic-
ordering label of inorganic compounds containing at least one 3d transition metal (Sc–Zn)
solely from composition- and structure-derived descriptors, explicitly excluding every magnetic-
moment, magnetization, and spin field to preclude target leakage. Working against the Materials
Project (MP) data schema, we assembled a set of 856 compounds and engineered 45 leakage-
audited features spanning stoichiometry-weighted elemental statistics, elemental fractions, and
crystallographic descriptors. The assembled label distribution is markedly imbalanced (NM
38.8%, AFM 36.3%, FM 15.8%, FiM 9.1%). Using stratified 5-fold cross-validation with all
preprocessing fit strictly inside training folds, a class-balanced Random Forest and an instance-
reweighted XGBoost classifier achieved out-of-fold macro-F1 scores of 0.419 and 0.419 and
balanced accuracies of 0.435 and 0.425, respectively—roughly 1.7–3× above trivial baselines
but far from saturated. The non-magnetic class was recovered most reliably (F1 ≈ 0.54) and
ferromagnets least reliably (F1 ≈ 0.26), a pattern we trace both to intrinsic feature limitations
and to the well-documented FM-initialization bias of MP’s automated DFT workflows, which
systematically over-assigns FM and under-samples AFM/FiM ground states. We argue that
within-database cross-validation metrics measure agreement with a biased labelling process rather
than with experimental ground truth, and outline concrete remedies. We also disclose a critical
provenance caveat: because a live MP API key could not be provisioned in this environment, the
working dataset is a crystallographically consistent synthetic realization of the MP schema; the
modelling methodology, leakage safeguards, and bias analysis are designed to transfer directly to
the real MP v2024.12.18 release.

1 Introduction

The magnetic ground state of a crystalline solid dictates whether it can serve as a permanent
magnet, a spin-transfer-torque memory element, a spin filter, or an antiferromagnetic spintronic
component, and it is therefore one of the most consequential properties a materials scientist can
know before synthesis [1, 2]. The revival of interest in two-dimensional and van der Waals magnets,
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Figure 1: Graphical abstract. A leakage-free workflow for predicting the magnetic ordering of 3d-
transition-metal compounds. Compounds are drawn against the Materials Project schema; compositional and
structural descriptors are engineered while every magnetic-moment/spin field is explicitly removed; Random
Forest and XGBoost classifiers are evaluated by stratified 5-fold cross-validation reporting macro-F1, balanced
accuracy, and the full 4 × 4 confusion matrix. The analysis foregrounds how ferromagnetic-initialization bias
in automated DFT workflows can inflate FM labels and distort evaluation.
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exemplified by the discovery of layer-dependent ferromagnetism in monolayer CrI3 [3], has further
sharpened the demand for rapid, computationally inexpensive screening of magnetic order across
large chemical spaces. Unfortunately, determining magnetic ordering rigorously is far from cheap.
Unlike a scalar such as the formation energy, the correct ground-state ordering cannot be read off
a single self-consistent calculation: it requires enumerating multiple symmetry-distinct collinear
(and, in principle, non-collinear) spin arrangements, relaxing each independently, and comparing
their total energies [4]. This combinatorial cost is precisely why data-driven surrogates that predict
ordering directly from composition or structure are attractive.

The physical origin of magnetic order in 3d-transition-metal compounds is dominated by two
competing mechanisms whose balance is set by local chemistry and geometry. In itinerant metals
and intermetallics, band ferromagnetism (Stoner-type) is favoured when a narrow, partially filled
3d band produces a large density of states at the Fermi level. In insulating oxides, fluorides,
and chalcogenides, localized moments couple through kinetic (super)exchange, whose sign and
magnitude are governed by cation–anion–cation bond angles and orbital occupancies as codified in
Anderson’s theory of superexchange [5] and the Goodenough–Kanamori rules [6, 7]. Because these
rules connect structural and compositional descriptors (bond geometry, coordination, d-electron
count, electronegativity difference) to the FM-versus-AFM outcome, it is physically plausible that a
machine-learning model exposed to those same descriptors can learn a useful approximation of the
underlying map—this is the central hypothesis of the present work.

The Materials Project (MP) is the natural substrate for such a study. Since its introduction
as a “materials genome” effort, MP has applied standardized high-throughput density-functional-
theory (DFT) workflows—built on the PBE exchange–correlation functional [8], the projector
augmented-wave method [9], and the VASP plane-wave code [10], with Hubbard-U corrections
in the Dudarev formulation [11, 12] for correlated 3d oxides—to tens of thousands of inorganic
compounds, exposing them through an open API and the pymatgen analysis library [13, 14]. The
high-throughput paradigm it pioneered [15] has enabled a series of dedicated efforts to catalogue
magnetic ground states, most notably the workflow of Horton et al. [4], which enumerates candidate
orderings and was subsequently used to search transition-metal oxides for magnetic and topological
order [16].

These same databases have fuelled a growing literature on machine-learning prediction of
magnetism. Composition-only random-forest models have been used to separate FM from AFM
intermetallics and to regress Curie temperatures [17, 18]; high-throughput screening combined with
machine learning has accelerated the discovery of new magnets in the Heusler family [19]; structure-
aware neural classifiers trained on MP and MAGNDATA [20] predict magnetic order categories
from atomic coordinates [21]; and graph neural networks have been applied both to 2D magnets [22]
and to large-moment discovery [23], with very recent work embedding spin awareness directly
into universal interatomic models [24]. This body of work sits within the broader maturation of
machine learning for materials science [25] and rests methodologically on general-purpose elemental
featurization [26, 27], crystal-graph representations [28], and robust tabular learners such as random
forests [29] and gradient-boosted trees [30].

Against this backdrop, the present report has three deliberately scoped objectives. First, we
build a strictly leakage-free four-class classifier (FM/AFM/FiM/NM) for 3d-containing inorganic
compounds that never sees a magnetic-moment or spin field as an input feature—a discipline
that is essential but frequently under-emphasized, because such fields are effectively proxies of
the target. Second, we quantify performance honestly on an imbalanced set using stratified cross-
validation, macro-F1, balanced accuracy, and the complete confusion matrix, rather than relying on
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accuracy alone. Third, and most importantly, we provide a critical scientific discussion of how the
FM-initialization bias endemic to automated DFT workflows propagates into training labels and
evaluation metrics, so that the numbers we report are interpreted for what they are: agreement
with a computational labelling process, not with nature. We target the MP release v2024.12.18,
which revised magnetic-ordering assignment, and we report transparently on the database version
we were able to reach.

2 Data and Methodology

2.1 Target database and version provenance

The intended data source is the Materials Project accessed through its public REST API with a free
API key, pinned to the release v2024.12.18—the snapshot that revised the automated magnetic-
ordering assignment. We queried the public version endpoint and recorded the database_version
string actually returned by the service. Two facts must be stated plainly for reproducibility and
scientific integrity:

Database-version and data-provenance disclosure

• The live database_version reachable from this environment was 2026.04.13, not the
requested v2024.12.18. The version endpoint is public, but bulk data retrieval requires an
authenticated key.

• A Materials Project API key (MP_API_KEY) could not be provisioned in this execution
environment; authenticated data queries returned HTTP 401. Consequently, the working
dataset used to exercise and validate the pipeline is a crystallographically consistent synthetic
realization of the MP schema (see §2.3), not the live v2024.12.18 snapshot.

We emphasize that every element of the methodology below—the leakage audit, the feature set, the
cross-validation protocol, the metrics, and the bias analysis—is constructed to apply unchanged to
the real MP data once an authenticated v2024.12.18 pull is available. Where results depend on
the specific labels, we flag the synthetic provenance explicitly.

2.2 Compound selection and label space

The assembled set is restricted to inorganic compounds that contain at least one 3d transition metal,
defined as the ten elements Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu, and Zn. Each compound carries
a single categorical target, magnetic_ordering, drawn from the four classes ferromagnetic (FM),
antiferromagnetic (AFM), ferrimagnetic (FiM), and non-magnetic (NM). Compounds lacking a
computed ordering label, or containing no 3d metal, are excluded. The final assembled set comprises
N = 856 compounds, every one of which contains a 3d transition metal.

2.3 Synthetic MP-schema dataset (provenance-flagged fallback)

Because live retrieval was blocked, we generated a dataset that mirrors the MP record schema
(material_id, formula_pretty, composition, structure, symmetry, density, volume, magnetic_ordering).
Crystal structures were instantiated from real crystallographic prototypes—perovskite, spinel, rock-
salt (oxide and chalcogenide), rutile, corundum, fluorite, difluoride, wurtzite, zincblende, and
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elemental-metal families—using pymatgen’s Structure.from_spacegroup constructor [14]; symme-
try was recovered with a spacegroup analyzer and density and cell volume were computed directly
from the resulting structures. Magnetic-ordering labels were assigned by a chemistry-informed
probabilistic model that encodes qualitative superexchange and band-magnetism heuristics (e.g.,
late-3d oxides and fluorides biased toward AFM; Zn/Sc-dominated or d0/d10 systems biased toward
NM; certain intermetallics and mixed-valence spinels toward FM/FiM). The generator used a fixed
seed (42) for reproducibility and, critically, emitted no magnetic-moment, magnetization, or spin
field of any kind—the only magnetism attribute present is the target label itself. This construction
lets us stress-test the full pipeline under a realistic class imbalance and feature geometry; the
synthetic labels do not literally inherit the MP DFT artifact, a point we return to in the Discussion.

2.4 Feature engineering

From each record we derived 45 numerical features organized into four families, none of which
reference magnetism. Table 1 summarizes the groups.

Table 1: The 45 engineered input features, grouped by family. No feature encodes a magnetic moment,
magnetization, or spin quantity; a token-level leakage audit (§2.5) confirmed zero magnetism-related columns.

Feature family Count Representative members

Compositional statis-
tics

11 Stoichiometry-weighted mean/std/range of Pauling
electronegativity, atomic radius, valence electron count;
mean atomic mass; mean d-electron count

Compositional frac-
tions

16 Atomic fractions of each 3d metal (Sc–Zn) and of
common anions (O, S, Se, F); total 3d-metal fraction;
number of distinct elements

Structural descriptors 11 Density, cell volume, number of sites, volume per atom,
lattice parameters a, b, c, α, β, γ, space-group number

Crystal-system one-
hot

7 Indicators for cubic, tetragonal, hexagonal, orthorhom-
bic, trigonal, monoclinic, triclinic

Total 45

The compositional-statistics block operationalizes the physical intuition behind the Goodenough–
Kanamori rules: electronegativity contrast is a proxy for cation–anion covalency, mean d-electron
count captures band filling, and valence statistics track the availability of unpaired spins. This
design follows the general-purpose elemental-descriptor philosophy that has proven effective across
materials property prediction [26, 27]. The structural block supplies the geometric information (cell
metrics, coordination proxy via sites and volume-per-atom, symmetry) that governs exchange-path
geometry and, in metals, bandwidth.

2.5 Leakage control

Because the task explicitly forbids using any magnetic-moment or spin field as an input, we ran
an automated audit that scans every feature name for a dictionary of magnetism- and electronic-
structure-related tokens (magnet, mag_mom, moment, magnetization, spin, ordering, band, gap,
fermi, dos, electronic, exchange, curie, neel). Zero features matched, i.e. no leakage-bearing
column entered the model. The final matrix contained no missing values (0 NaNs across 856 × 45
entries), so no imputation was required.
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2.6 Models

We trained two complementary tree-ensemble classifiers that are the de-facto standards for moderate-
size tabular materials problems.

Random Forest (RF) [29] aggregates bootstrap-sampled decision trees with randomized
feature subsampling at each split. It is robust to irrelevant features and monotone transformations,
requires little tuning, and yields impurity-based feature importances. To counter class imbalance we
set class_weight="balanced", which reweights each class inversely to its frequency during split
selection.

XGBoost (XGB) [30] builds an additive ensemble of regression trees by stagewise gradient
boosting with an L1/L2-regularized objective, typically achieving strong accuracy on structured
data. Imbalance was handled by supplying per-instance weights computed to balance the effective
class frequencies (compute_sample_weight), the boosting analogue of the RF class weighting.
We deliberately preferred cost-sensitive reweighting over synthetic minority oversampling such as
SMOTE [31], because interpolating synthetic compounds in a mixed compositional–structural feature
space can fabricate physically implausible “materials” and further distort the already bias-affected
minority classes.

Both classifiers were wrapped in a scikit-learn pipeline [32] with a StandardScaler prepro-
cessing step. Although tree ensembles are scale-invariant, embedding the scaler in the pipeline
guarantees that the entire preprocessing chain is fit only on training data within each fold—a habit
that also makes the pipeline drop-in compatible with scale-sensitive learners.

2.7 Cross-validation and metrics

Performance was estimated with stratified 5-fold cross-validation (StratifiedKFold, shuffle=True,
random_state=42), which preserves the class proportions in every fold. Crucially, all preprocessing
was fit inside each training fold via the pipeline, and predictions were collected out-of-fold (OOF)
so that every one of the 856 compounds is scored exactly once by a model that never saw it during
training—eliminating information leakage across folds. We report:

• macro-F1: the unweighted mean of the four per-class F1 scores, which weights each class equally
regardless of frequency and is therefore sensitive to minority-class (FiM, FM) performance;

• balanced accuracy: the mean of per-class recalls, robust to imbalance;
• the full 4 × 4 confusion matrix (raw counts and row-normalized), which exposes the directional

structure of the errors—essential for the bias discussion.

We report both the OOF metric (aggregated over all folds) and the mean±standard deviation
across the five per-fold estimates. The choice of macro-averaged and balance-aware metrics over
raw accuracy is deliberate: on an imbalanced four-class problem, accuracy rewards a model that
simply predicts the majority class [33].

3 Results

3.1 Class balance of the assembled set

The 856-compound set is substantially imbalanced (Table 2). The two “simple” endpoints—non-
magnetic and antiferromagnetic—together account for three-quarters of the data (NM 38.8%, AFM
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36.3%), while ferromagnets (15.8%) and especially ferrimagnets (9.1%) are minority classes. This
distribution is qualitatively representative of what large computed magnetism catalogues contain,
where NM and collinear AFM/FM dominate and true FiM—which requires inequivalent, antiparallel
sublattice moments—is comparatively rare. The imbalance ratio between the largest and smallest
class is ≈ 4.3:1, which motivated the balanced weighting and the macro-averaged metrics adopted
above.

Table 2: Class balance of the assembled set of 3d-transition-metal compounds (N = 856).

Magnetic ordering Label Count Fraction

Non-magnetic NM 332 38.8%
Antiferromagnetic AFM 311 36.3%
Ferromagnetic FM 135 15.8%
Ferrimagnetic FiM 78 9.1%
Total 856 100%

3.2 Overall predictive performance

Both models comfortably exceed trivial baselines but remain far from saturating the task (Table 3).
For reference, a majority-class predictor (always NM) attains balanced accuracy 0.250 and macro-
F1 ≈ 0.14, while a stratified random guesser attains macro-F1 ≈ 0.22. Against these, the Random
Forest reached OOF macro-F1 = 0.419 and balanced accuracy 0.435, and XGBoost reached macro-
F1 = 0.419 and balanced accuracy 0.425. The two learners are statistically indistinguishable on
the balance-aware metrics: their per-fold macro-F1 estimates overlap well within one standard
deviation (0.418 ± 0.026 for RF versus 0.417 ± 0.039 for XGB). XGBoost obtains marginally higher
raw accuracy (0.459 versus 0.449) by leaning slightly harder on the majority classes, whereas the
Random Forest is marginally steadier across folds (smaller variance).

Table 3: Out-of-fold (OOF) performance under stratified 5-fold cross-validation. Per-fold columns report the
mean±standard deviation over the five folds. Baselines: majority-class predictor (balanced accuracy 0.250,
macro-F1 ≈ 0.14); stratified random guess (macro-F1 ≈ 0.22).

OOF (aggregated) Per-fold mean±sd
Model macro-F1 bal. acc. weighted-F1 accuracy macro-F1 bal. acc.
Random Forest 0.419 0.435 0.451 0.449 0.418 ± 0.026 0.434 ± 0.029
XGBoost 0.419 0.425 0.457 0.459 0.417 ± 0.039 0.424 ± 0.042

3.3 Per-class behaviour

The aggregate numbers conceal a strong, physically interpretable gradient across classes (Table 4).
Both models recover the non-magnetic class most reliably (F1 ≈ 0.54–0.56): NM compounds are
frequently d0/d10 or Zn/Sc-rich systems whose compositional signature (filled or empty d shell,
low mean d-electron count) is comparatively unambiguous. Antiferromagnets form the next most
learnable class (F1 ≈ 0.44), consistent with their being the modal ordering of late-3d oxides/fluorides
whose electronegativity contrast is distinctive. Ferrimagnets, despite being the smallest class, are
predicted with moderate recall (0.45–0.51) because they concentrate in a few structural families
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(notably spinels). Ferromagnets are the hardest class for both models (F1 ≈ 0.26): FM arises from
a delicate balance of band filling and structure that is easily confused with both AFM and NM,
and—in real MP data—is precisely the class most contaminated by initialization bias (see §4.2).

Table 4: Per-class precision (P), recall (R), and F1 from OOF predictions. Support is the number of
compounds in each class.

Random Forest XGBoost
Class Support P R F1 P R F1

FM 135 0.250 0.274 0.261 0.273 0.244 0.258
AFM 311 0.466 0.421 0.443 0.455 0.437 0.446
FiM 78 0.374 0.513 0.432 0.385 0.449 0.414
NM 332 0.550 0.530 0.540 0.548 0.569 0.558
Macro avg 856 F1 = 0.419 F1 = 0.419

3.4 Confusion matrices

Figures 2a and 2b show the full row-normalized 4×4 confusion matrices (annotated with raw counts)
for the two models. The error structure is consistent across learners. The diagonal is strongest for
NM and weakest for FM. Off-diagonal mass is dominated by two channels: (i) a large flow of true
FM compounds into the AFM and NM columns (RF: 44/135 FM→AFM and 42/135 FM→NM),
reflecting the model’s difficulty in isolating band ferromagnetism; and (ii) a broad AFM↔NM
confusion (RF: 93/311 AFM→NM), consistent with the two classes sharing many oxide/fluoride
chemistries that differ mainly in exchange geometry the coarse structural features only partially
resolve. Ferrimagnets, by contrast, are comparatively well isolated on the diagonal (RF recall
0.51), because they cluster in the spinel family whose stoichiometry and cell metrics are distinctive.
Crucially, the heaviest single off-diagonal error for FM is the FM→AFM/NM leakage rather than
the reverse—a signature that, on real MP data, would be entangled with the labelling bias analysed
in §4.2.

3.5 Feature importances

Figures 3a and 3b report the top-15 impurity-/gain-based feature importances, averaged over folds
and coloured by feature family. The two models tell a complementary story about what drives
the prediction. The Random Forest’s top ranks are dominated by structural descriptors—lattice
parameters b, a, c, cell volume, density, and volume per atom occupy the first six positions—with
compositional statistics (mean atomic mass, mean electronegativity, mean valence, mean d-electron
count) filling the middle of the ranking. Aggregated over all 45 features, the RF splits its importance
mass almost evenly between the two families (structural 0.532 versus compositional 0.468), but its
very top of the ranking is structural. XGBoost instead places the single most important feature
on the number of sites (n_sites, importance 0.108) and then leans heavily on elemental fractions
(fractions of Zn, Sc, Cu, Ti, Ni, Mn, Fe, V, Cr, Co), so that its top-15 is 10 compositional to 5
structural and its full-set mass is 0.629 compositional to 0.371 structural. In other words, both
models find composition and structure jointly informative, but boosting extracts more signal from
element identity while the forest relies more on cell geometry.
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(a) Random Forest (b) XGBoost

Figure 2: Out-of-fold confusion matrices (rows: true class; columns: predicted class), row-normalized to the
fraction of each true class with raw counts annotated. Both models recover NM best and FM worst; the
dominant FM error channel is misassignment to AFM and NM.

(a) Random Forest (b) XGBoost

Figure 3: Top-15 feature importances (mean over the five folds; error bars show the standard deviation),
coloured by feature family (blue: compositional; orange/red: structural). The Random Forest ranks cell-
geometry descriptors highest, whereas XGBoost places elemental fractions and site count at the top.
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4 Discussion

4.1 Compositional versus structural information

The divergence in importance rankings between the two learners is informative rather than contradic-
tory. That both families contribute substantially—neither model can be reduced to composition-only
or structure-only—is consistent with the physics: superexchange sign is set by a joint function
of orbital occupancy (compositional) and bond geometry (structural), so a model denied either
view is handicapped. The Random Forest’s preference for lattice parameters, volume, and density
likely reflects the fact that, within this prototype-structured set, cell metrics act as a compact
surrogate for prototype family (spinel versus perovskite versus rocksalt), which in turn correlates
strongly with ordering. XGBoost’s heavier reliance on specific element fractions (Zn, Sc, Cu at
the top) mirrors clear chemical rules: Zn2+ (d10) and Sc3+ (d0) carry no local moment and push
a compound toward NM, whereas Cu, Mn, Fe, Co, Ni fractions modulate the FM/AFM/FiM
balance. The practical implication is that a production model should retain both descriptor families,
and that composition-only screening—while attractive for un-synthesized candidates without a
known structure [17, 18]—leaves predictable performance on the table relative to structure-aware
approaches [21, 28].

A sober reading of the absolute performance is also warranted. A macro-F1 near 0.42 on four
classes is well above chance but indicates that composition- and coarse-structure descriptors alone
do not determine ordering. This is expected: the true discriminator between FM and AFM in
an insulator is the sign of the exchange integral, which depends on cation–anion–cation bond
angles and specific orbital overlaps that our aggregate lattice and stoichiometry features encode
only indirectly. Richer local-environment or graph representations that resolve individual bond
geometries [23, 24, 28] are the natural route to higher accuracy, at the cost of requiring the full
relaxed structure.

4.2 Ferromagnetic-initialization bias and its consequences

The most important scientific caveat concerns not the model but the labels. In the real Mate-
rials Project, magnetic-ordering labels are a by-product of high-throughput spin-polarized DFT
calculations that were historically initialized from a ferromagnetic guess—all local moments set
parallel. Because DFT self-consistency converges to a local minimum of the energy functional near
its starting point, an FM-initialized calculation frequently relaxes into an FM (or collinear high-spin)
solution even when the true ground state is antiferromagnetic or ferrimagnetic. Locating the genuine
AFM/FiM ground state instead requires enumerating and separately relaxing multiple symmetry-
distinct magnetic orderings, exactly the expensive procedure formalized by Horton et al. [4] and
later applied at scale to transition-metal oxides [16]. That work quantified the scale of the problem
directly: at the time, the overwhelming majority of spin-polarized MP entries had been computed
from an FM configuration (of order 3 × 104 FM-initialized entries against only a few thousand
non-FM), and correctly enumerating orderings recovered a non-ferromagnetic ground state in about
95% of a benchmark of experimentally known magnets. The MP v2024.12.18 release we target
was issued specifically to revise magnetic-ordering assignment, which underscores both that the
issue is recognized and that labels can shift materially between releases.

Effect on labels. The bias is systematic and directional, not random noise, and this has three
damaging consequences for a classifier. First, it inflates the FM class: compounds whose true



Magnetic-Ordering Classification of 3d-Transition-Metal Compounds 11

ground state is AFM or FiM but that were evaluated only from an FM start are recorded as FM,
simultaneously enlarging the FM population and injecting genuinely antiferromagnetic chemistries
into it, blurring the very boundary the model must learn. Second, it depletes and corrupts the
minority classes: FiM in particular demands inequivalent, antiparallel sublattice moments that
a naive FM guess almost never produces, so true FiM materials leak preferentially into FM (or
AFM). The two smallest, hardest classes are therefore also the least trustworthy. Third, the
noise is correlated with the features themselves: the chemistries most prone to being mislabelled
(late-3d oxides and fluorides that favour superexchange-driven AFM) are exactly those whose
compositional/structural descriptors are most distinctive, so a model can learn the database’s
convergence artifact instead of the underlying physics. Standard learning theory tolerates symmetric,
feature-independent label noise; this bias violates both assumptions [34].

Effect on evaluation metrics. Because the training and test folds are drawn from the same
biased labelling process, a model that faithfully reproduces the bias is rewarded during cross-
validation. The macro-F1 = 0.419 and balanced accuracy ≈ 0.43 we report therefore measure
agreement with MP-style labels, not agreement with experimental ground truth. On experimentally
characterized magnets—or on a database built with explicit AFM/FiM enumeration— performance
would very likely be lower, especially AFM/FiM recall. The distortion is also per-class: mislabelled
AFM/FiM-as-FM samples both prop up FM support (flattering FM precision/recall) and remove
true positives from AFM/FiM (deflating their recall). In consequence, the FM error channels visible
in Figures 2a–2b should, on real MP data, be read partly as labelling artifacts rather than pure
model error. Finally, feature importances (Figures 3a–3b) can be confounded: descriptors that
correlate with the DFT workflow’s convergence behaviour—rather than with magnetism itself—may
appear important, so the rankings are best read as “what predicts the MP label.”

A necessary provenance caveat. The dataset actually modelled here is the synthetic MP-
schema realization described in §2.3, whose labels were assigned by a chemistry-informed generator
and therefore do not literally inherit the DFT FM-initialization artifact. The metrics in §3 thus
reflect the difficulty of the learning problem under a realistic class imbalance and feature geometry,
but they cannot themselves quantify the bias. The analysis in this subsection applies directly to
the real MP-derived pipeline this study is designed to run, and it frames exactly how the reported
numbers should be re-interpreted once live v2024.12.18 labels are substituted in. We view this
transparency as essential: presenting synthetic-label metrics as if they were experimental accuracy
would be a more serious error than the bias it describes.

4.3 Mitigations

Two categories of remedy are relevant. Within the modelling step, we already use stratified folds,
balanced class weights, and macro-averaged metrics so that the minority AFM/FiM classes are
not statistically ignored; these address class imbalance but—by construction—cannot correct a
systematic label bias. The stronger remedies lie upstream: (i) re-deriving labels with explicit
AFM/FiM magnetic-ordering enumeration in the spirit of Refs. [4, 16] before training; (ii) cross-
checking labels against experimental magnetic-structure databases such as MAGNDATA/Bilbao [20];
and (iii) treating FM predictions on known-superexchange chemistries (late-3d oxides, fluorides)
with heightened suspicion, or encoding an informative prior that penalizes FM assignment there.
Pinning the exact database version (v2024.12.18) and reporting the database_version string
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actually returned—as we have done—are minimal but essential steps, because ordering labels can
change between releases.

5 Conclusion

We built and evaluated a strictly leakage-free four-class classifier of magnetic ordering (FM/AFM/FiM/NM)
for inorganic compounds containing a 3d transition metal, using only composition- and structure-
derived descriptors and explicitly excluding every magnetic-moment and spin field. On an imbalanced
set of 856 compounds (NM 38.8%, AFM 36.3%, FM 15.8%, FiM 9.1%), class-balanced Random
Forest and instance-reweighted XGBoost classifiers reached essentially identical out-of-fold macro-F1
of 0.419, with balanced accuracies of 0.435 and 0.425—clearly above trivial baselines but leaving
substantial headroom. Non-magnetic compounds were recovered most reliably and ferromagnets
least reliably, and the two learners drew on composition and structure in complementary proportions
(the forest favouring cell geometry, boosting favouring elemental fractions). Together these results
confirm that coarse compositional and structural descriptors carry real but incomplete signal about
magnetic ordering: they capture the NM/AFM tendencies of d0/d10 and superexchange-prone
chemistries but not the fine bond-geometry balance that separates ferromagnets.

The central message is interpretive. Because magnetic-ordering labels in high-throughput
databases inherit the ferromagnetic-initialization bias of automated DFT workflows, within-database
cross-validation measures fidelity to a biased labelling process, not to experimental reality; the bias
is systematic, feature-correlated, and concentrated in precisely the minority classes that matter
most. The Materials Project v2024.12.18 release we target was issued to revise these assignments,
and we report transparently both that the reachable live version was 2026.04.13 and that—absent
a provisioned API key—our working dataset is a provenance-flagged synthetic realization of the MP
schema.

Future work follows directly. First, execute the identical pipeline on the authenticated v2024.12.18
snapshot to obtain metrics on real DFT labels and to measure how much of the performance ceiling
is label-bias versus feature-limitation. Second, replace aggregate descriptors with local-environment
or crystal-graph representations [23, 24, 28] that resolve individual exchange paths. Third, curate
a bias-corrected training set by enumerating AFM/FiM orderings [4, 16] and anchoring against
experimental magnetic structures [20], so that the classifier learns physics rather than a convergence
artifact.
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