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This study predicts the key magnetic properties of Nd-Fe-B permanent magnets, coercivity (Hcj) and rema-

nence (Br), using a dataset of 635 compositions and processing parameters. Three ensemble models (Random

Forest, XGBoost, and LightGBM) were evaluated, with LightGBM demonstrating the highest predictive per-

formance (R2 ≈ 0.95 for both properties). Explainable machine learning analysis using SHAP confirmed that

composition-based features heavily influence Br, whereas processing parameters such as sintering time dictate

Hcj. Model validation against experimental data showed low errors in interpolation regions but limited extrap-

olation capability. Overall, this study clarifies the complex correlations between composition, processing param-

eters, and magnetic performance, demonstrating the potential of explainable machine learning for designing

next-generation, high-performance permanent magnets.
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1. Introduction

Permanent magnet materials have long been studied as

essential components in drive motors for electric and

hybrid vehicles, as well as in various generators including

wind turbines [1, 2]. The development of permanent

magnet materials has progressed over more than a century,

with numerous materials having been introduced. Since

the 1980s, NdFeB-based materials have attracted con-

siderable attention due to their high energy density, and

various new technologies have been introduced in the

areas of alloy element additions and processing develop-

ment [3–5]. Since both high remanence and high

coercivity are simultaneously required to increase energy

density, continuous improvement of these two properties

has been achieved through compositional modification

and microstructural control via processing parameter

optimization [3–5]. Demand for motor components

considering miniaturization, weight reduction, and cost

efficiency is expected to continue growing across appli-

cations such as unmanned aerial vehicles, next-generation

mobility platforms, maritime transportation, and robotics

systems, ensuring that the development of high-performance

permanent magnets will remain an active area of research

[6].

NdFeB permanent magnets have been developed in two

main categories: sintered magnets and hot-deformed mag-

nets. Sintered magnets are more widely adopted across

industrial sectors owing to their high energy density and

ease of processing into various geometries. Despite their

superior energy density, NdFeB-based materials suffer

from poor thermal stability, and research aimed at

enhancing their thermal stability has attracted increasing

attention. Since coercivity decreases sharply at elevated

temperatures, the addition of heavy rare-earth elements

such as Tb and Dy is the most widely studied approach

for coercivity enhancement [5, 7, 8]. In particular, grain

boundary diffusion has emerged as an efficient method

for improving coercivity with heavy rare-earth elements,

given their high raw material cost. However, this ap-

proach has limitations including diffusion depth constraints

and supply chain risks. Research on substituting Fe with

elements such as Zr, Nb, Al, Cu, and Ga is also ongoing

to improve remanence and enhance the stability of

NdFeB-based permanent magnets [9]. More recently, as

rare-earth materials have become strategically important,

light rare-earth elements including Ce, Pr, and La are

being utilized as part of efforts to reduce rare-earth

consumption, and this area is expected to see substantial

research activity in future material development.
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While remanence is closely related to the elemental

composition of the material, coercivity is known to be

significantly influenced by both processing conditions and

microstructural features. In particular, there exists a well-

known challenge referred to as Brown's Paradox: while

theoretical calculations predict that high coercivity values

can be achieved at grain sizes of several hundred nano-

meters, experimentally observed coercivity values reach

only approximately 20% of the theoretical limit [10]. This

discrepancy arises from domain wall behavior in actual

microstructures, including nucleation phenomena and

weak-link effects. To better understand these issues, new

material designs and previously unreported microstructural

characteristics have been investigated through micro-

magnetic simulations using synthetic data generated from

three-dimensional structural models that closely replicate

actual microstructures [10, 11]. Consequently, designing

high-performance NdFeB-based permanent magnets

requires not only the optimization of diverse compositional

elements and their relative fractions, but also the con-

current optimization of processing conditions. However,

given the vast compositional space and the large number

of possible combinations of discrete experimental para-

meters, optimization via conventional trial-and-error ap-

proaches inevitably incurs significant time and economic

costs.

To address these limitations, machine learning-based

approaches for data-driven materials design have been

applied across various material systems. These approaches

are particularly advantageous for materials with complex

compositions, and the field has seen especially active

development in areas such as the design of high-entropy

alloys and ceramics with superior mechanical properties,

and bulk metallic glasses with excellent soft magnetic

characteristics [12-14]. In the context of NdFeB materials,

recent studies have applied machine learning to predict

magnetic properties. These studies can be broadly

categorized into two types: those that build machine

learning models from literature-collected datasets [15],

and those that supplement the literature data with addi-

tionally processed information [16]. Furthermore, a case

study on process optimization through active learning in

the fabrication of NdFeB materials via direct extrusion

was reported by the NIMS group in Japan [17].

In the present study, we systematically investigated the

effects of compositional features and processing para-

meters on the magnetic properties of NdFeB-based

permanent magnets using statistical data analysis based

on the publicly available dataset [16]. Optimization of

LightGBM (LGBM), one of the ensemble machine

learning models, yielded predictive performance superior

to that reported in previous studies [16]. Unlike Random

Forest (RF)—a bagging-based algorithm in which multiple

decision trees are trained independently on bootstrap-

sampled subsets of the data and their predictions are

averaged to produce the final output—LGBM belongs to

the gradient boosting family, wherein each successive tree

is trained to minimize the residual errors of the preceding

ensemble. Furthermore, while XGBoost (XGB) employs

a level-wise tree growth strategy that splits all nodes at

the same depth before proceeding, LGBM adopts a leaf-

wise growth strategy that preferentially expands the leaf

with the greatest loss reduction, enabling faster conver-

gence and higher predictive accuracy for complex, non-

linear datasets. This sequential learning strategy enables

the model to progressively correct prediction errors,

thereby achieving higher predictive accuracy than RF for

data exhibiting complex nonlinear relationships. In addition,

SHAP (SHapley Additive exPlanations) analysis was

employed as an explainable machine learning method to

quantify the contributions of each compositional feature

and processing parameters to the model output. Through

this analysis, the effects of rare-earth and transition metal

elements—beyond the primary constituents of NdFeB—

as well as the influences of magnetic field intensity and

heat treatment duration, were elucidated. Furthermore, the

trained model was applied to predict the magnetic

properties of recently reported NdFeB-based permanent

magnets, demonstrating the potential of the machine

learning framework as a reliable tool for evaluating the

performance of novel materials.

2. Methods

2.1. Dataset

The dataset used for predicting the magnetic properties

of NdFeB-based permanent magnets by machine learning

includes experimentally measured coercivity and remanence

values, as well as the corresponding processing para-

meters, and was adopted from a previously reported

dataset [16]. While many literature sources provide

compositional information and magnetic properties,

processing parameters are frequently not reported in

detail. Following the approach of the aforementioned

study [16], unspecified processing conditions were replaced

with standard values commonly used in the field, resulting

in a dataset of 635 data entries.

Figure 1 shows the distribution of property for 635

NdFeB-based permanent magnet materials used in this

study. Fig. 1(a) illustrates the relationship between re-

manence (Br) and coercivity (Hcj), which exhibits a trade-

off characteristic typical of NdFeB permanent magnet
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alloys—indicating that simultaneous optimization of both

properties through materials and process design is

necessary. In Fig. 1(a), threshold values were defined for

both coercivity and remanence to partition the data into

four distinct regions. Region ① represents materials with

both high remanence and high coercivity; Region ②

contains materials with high coercivity but remanence

below the threshold; Region ③ includes materials where

both properties fall below their respective thresholds; and

Region ④ encompasses materials with high remanence

but coercivity below the threshold. The color mapping by

maximum energy product (BH)max in Fig. 1(a) further

reinforces the need to optimize both properties simultane-

ously: materials with higher remanence tend to exhibit

higher (BH)max, whereas materials with high coercivity do

not necessarily achieve high (BH)max values, and thus

populate Region ②. This trend is clearly illustrated in

Fig. 1(a), where a trade-off relationship is observed

between the two properties. Specifically, materials with

high coercivity (Hcj ≥15 kOe) but lower remanence

populate Region ②, whereas those with high remanence

(Br ≥13 kG) but lower coercivity are distributed in

Region ④. The color mapping of the maximum energy

product (BH)max further demonstrates that strategies

employed to increase coercivity often lead to a reduction

in remanence, thereby limiting the simultaneous optimi-

zation of both properties.

Figures 1(b) and 1(c) present histograms of remanence

and coercivity, respectively. The dashed lines in each

panel denote the threshold values established as references

for relative performance: 15 kOe for coercivity and 13 kG

for remanence. The dashed lines in each panel denote the

threshold values established as references for relative

performance: 15 kOe for coercivity and 13 kG for re-

manence. These specific thresholds were determined

based on the statistical characteristics of the 635-sample

dataset. The Br threshold (13.0 kG) aligns almost exactly

with the dataset's median (13.04 kG) and mean (12.97

kG), effectively bisecting the population. Meanwhile, the

Hcj threshold (15.0 kOe) sits close to the dataset's mean

(14.74 kOe), representing the top 38.7% of the samples.

This asymmetrical distribution reflects the inherent materials-

processing difficulty in achieving high coercivity compared

to remanence. The histogram for remanence confirms that

a high proportion of the dataset exceeds the threshold,

reflecting the extensive research efforts directed toward

optimizing composition and elemental ratios. In contrast,

the histogram for coercivity in Fig. 1(c) shows a relatively

lower proportion of materials exceeding the threshold,

consistent with the fact that coercivity is sensitive to not

only composition but also processing parameters.

Figure 2 presents the compositional distribution of the

dataset, organized by individual elements. The distribu-

tions of the primary elements Nd, Fe, and B are shown in

Fig. 2(a). The distributions of seven rare-earth elements

added to enhance permanent magnet performance are

shown in Fig. 2(b), while the distributions of other

metallic elements are presented in Fig. 2(c). The category

of other elements includes transition metals, post-transition

metals, and Mg from the alkali metals. As shown in the

inset of Fig. 2(c), cobalt (Co) was used over a relatively

broad range up to 12.97 wt%, with a more uniform

distribution compared to the other metallic elements.

According to previously reported literature, Co has been

extensively studied as a substitute for Fe, with research

demonstrating its effects on mechanical properties, re-

manence enhancement, and (BH)max improvement through

microstructural control [18, 19]. As shown in Fig. 2(c),

Nb and Zr were also used at relatively high proportions

among the other metallic elements. Nb has been reported

to suppress the reduction in remanence while simultane-

ously increasing coercivity when used in combination

with Dy [20]. This is consistent with findings that Nb

exhibits the most pronounced coercivity enhancement

Fig. 1. (Color online) (a) Scatter plot of remanence versus coercivity. Histograms of (b) remanence and (c) coercivity for 635 Nd-

Fe-B permanent magnet alloys.
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among four elements—Al, Cu, Ga, and Nb—added to

sintered NdFeB magnets [21]. Additional recent studies

have indicated that Nb also plays an important role in

stabilizing the Nd-rich phase, improving corrosion

resistance, and maintaining magnetic properties through

defect reduction [22].

Figure 3 presents the compositional characteristics of

the 112 materials belonging to Region ① in Fig. 1(a),

which exhibit both high remanence and high coercivity.

As shown in Fig. 3(a, b), the combined content of the

primary elements Nd, Fe, and B was predominantly di-

stributed in the range of approximately 90–94 wt%,

indicating that approximately 6–10 wt% of various

additive elements were utilized to optimize both magnetic

properties. The addition ratios and distributions of rare-

earth and other metallic elements within this subset of 112

materials are shown in Figs. 3(c) and 3(d), respectively. In

contrast to the overall dataset (Fig. 2), the proportion of

Dy is noticeably reduced in Fig. 3(c) for the rare-earth

elements. Although Dy enhances coercivity, its substantial

adverse effect on remanence requires additional compen-

sating strategies for materials to qualify for Region ①.

Fig. 3(d) reveals marked differences in the proportions of

Co, Nb, and Zr for Region ① compared to the overall

dataset: Co is present at concentrations below 5 wt%,

while Zr and Nb are present at below 2 wt%.

Fig. 2. (Color online) Box plots represent the wt% distribution of each element: (a) major elements Nd, Fe, and B; (b) seven rare-

earth metals; and (c) eleven other metallic elements.

Fig. 3. (Color online) Box plots of the wt% composition from 112 Nd-Fe-B alloy data corresponding to Region ① in Fig. 1(a): (a)

distribution of the total content of the major elements Nd, Fe, and B; (b) individual distributions of Nd, Fe, and B; (c) seven rare-

earth metals; and (d) eleven other metallic elements.
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Figure 4 presents a visualization of the distribution of

seven experimental processing parameters across the

entire dataset. Each condition was normalized to the

range [0, 1] using min-max scaling and plotted as

individual data points along a single axis. The results

confirm that the magnetic field strength, sintering temper-

ature, sintering time, and both primary and secondary

annealing temperatures and durations were set across a

wide range of values. Conditions with a normalized value

of zero in Fig. 4 indicate that the corresponding process,

such as magnetic field intesnity, was not applied. The

distributions demonstrate that the experimental conditions

are represented as discrete values spanning a broad

parameter space, indicating that the experimental design

was configured to encompass a comprehensive range of

processing parameters. Fig. 4 provides a meaningful

reference for interpreting the influence of individual pro-

cessing parameters in the explainable machine learning

analysis, which is discussed in further detail in the Results

and Discussion section.

2.2. Machine Learning Models

To precisely predict the coercivity and remanence of

NdFeB-based permanent magnets, this study evaluates

and compares three widely adopted ensemble machine

learning models: Random Forest (RF), XGBoost (XGB),

and LightGBM (LGBM). As outlined in the Introduction,

these models utilize fundamentally distinct architectural

strategies—ranging from RF’s independent tree bagging

to the sequential gradient boosting of XGB and LGBM—

to capture highly complex and nonlinear relationships. In

this work, all three algorithms were trained using the

identical dataset of 635 entries, establishing a rigorous

benchmark to evaluate how their structural differences

affect predictive performance and computational efficiency

specifically within the domain of permanent magnet

composition and processing parameters [23, 24].

2.3. Machine Learning Model Optimization

To develop regression prediction models for coercivity

Fig. 4. (Color online) Discrete distributions of seven processing parameters from the entire dataset, normalized to the range [0, 1]

using min-max scaling.

Fig. 5. (Color online) Comparison of data distributions: (a)

training data versus the full dataset for remanence, (b) test data

versus the full dataset for remanence, (c) training data versus

the full dataset for coercivity, and (d) test data versus the full

dataset for coercivity.
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and remanence of the 635 collected Nd-Fe-B permanent

magnet alloy compositions and processing parameters, the

entire dataset was partitioned into training and test sets at

an 8:2 ratio, and predictive performance was evaluated

based on results on the test set. To facilitate comparison

with the overall data distribution, the distributions of both

target properties—coercivity and remanence—in the train-

ing and test sets are presented in Fig. 5. Fig. 5 displays

these distributions as histograms relative to the full

dataset: Figs. 5(a) and 5(b) correspond to remanence,

while Figs. 5(c) and 5(d) correspond to coercivity. Both

the training and test sets exhibit a broadly uniform di-

stribution, which helps prevent biased predictive performance

arising from overrepresentation of specific value ranges.

The evaluation metrics used were the R2 score and root-

mean-squared error (RMSE), both of which are commonly

employed in regression prediction models. During train-

ing, 10-fold cross-validation was applied to minimize data

dependency while comparing model performance. Hyper-

parameter tuning for each model was performed using

grid search, with the optimized parameters summarized in

Table 1.

3. Results and Discussion

t-distributed Stochastic Neighbor Embedding (t-SNE) is

a nonlinear dimensionality reduction algorithm widely

used to project high-dimensional materials data into a

lower-dimensional space, enabling effective visualization

of latent clusters and patterns within the data. This techni-

que is particularly useful for representing the complex,

nonlinear relationships among alloy compositions and

processing parameters as two-dimensional scatter plots,

thereby facilitating intuitive exploration and identification

of regions associated with superior magnetic properties

such as coercivity and remanence. Fig. 6 presents the

results of t-SNE dimensionality reduction applied to the

entire dataset, projected onto a two-dimensional space.

Figs. 6(a) and 6(b) are scatter plots in which each data

point represents an individual material, color-mapped

according to the magnitude of remanence and coercivity,

respectively. The two figures together reconfirm the trade-

off relationship between coercivity and remanence: as

shown in Fig. 6(a), two regions with low remanence

(indicated by arrows) correspond to materials with high

coercivity, while in Fig. 6(b), two regions with low

coercivity (indicated by arrows) correspond to materials

with high remanence. Statistical analysis of the dataset

confirms the competing relationship between these two

properties, underscoring the importance of a thorough

understanding of composition-based knowledge of materials

data for the effective application of machine learning to

enhance the energy density of NdFeB-based permanent

magnets.

Figure 7 presents radar plots of the rare-earth metal and

other metallic element compositions (in wt%) for the four

material groups classified according to the Br–Hcj plot in

Fig. 1(a). Group ① contains materials exhibiting both

Fig. 6. (Color online) t-SNE scatter plots of the input dataset after dimensionality reduction: (a) colored by remanence and (b) col-

ored by coercivity.

Table 1. Optimized hyperparameters of the machine learn-

ing models.

LGBM RF XGB

colsample_bytree (1.0)

learning_rate (0.2)

max_depth (11)

n_estimators (200)

reg_alpha (0)

reg_lambda (10)

subsample (0.8)

max_depth (11)

max_features (15)

min_samples_leaf (1)

min_samples_split (2)

n_estimators (300)

colsample_bytree (0.8)

gamma (0)

learning_rate (0.1)

max_depth (5)

n_estimators (200)

reg_alpha (0)

reg_lambda (1)

subsample (0.8)
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high coercivity and high remanence; Group ② includes

materials with coercivity above the threshold but re-

manence below it; Group ③ encompasses materials

where both properties fall below their respective thresholds;

and Group ④ consists of materials with remanence above

the threshold but coercivity below it. The light rare-earth

element Pr was used at similar proportions across all four

groups, reflecting the high demand for research on light

rare-earth additions as substitutes for heavy rare-earth

elements to reduce their overall consumption. In Group

②, a substantially higher proportion of the heavy rare-

earth element Dy was used for coercivity enhancement.

However, the Dy-induced reduction in remanence remains

a challenge that must be addressed. The lower panels of

Figure 7 show the elemental compositions of other

metallic additions for the four groups. In Group ①, Al,

Cu, and Ga were used in balanced proportions, resulting

in superior performance in both coercivity and remanence.

As previously reported, remanence is important for energy

output in permanent magnet design, while coercivity is

critical for thermal stability; optimizing both properties

simultaneously is therefore essential. For such trade-off

relationships, a recent study has reported the application

of heuristic optimization algorithms to the design of

ReFeB (Re = Pr, Nd, La, Ce) permanent magnets when

sufficient data are available [25].

To analyze the trends of individual elements in

influencing coercivity and remanence in NdFeB-based

permanent magnets, the relative usage frequency, average

remanence, and average coercivity for all 21 elemental

features were visualized and are presented in Fig. 8. In

Fig. 8, the bar chart represents the frequency of each

element appearing in the alloy compositions within the

dataset; the blue line (circle symbols) indicates the

average remanence of alloys containing that element, and

the red line (square symbols) represents their average

coercivity. Excluding the primary elements Nd, Fe, and B,

Dy exhibits a high frequency of occurrence and a prono-

unced association with high coercivity, consistent with the

extensive literature demonstrating that Dy, as a heavy

rare-earth element, enhances coercivity through grain

boundary diffusion. In contrast, Tb and Ho appear with

lower frequencies but show a tendency to contribute to

high coercivity. This is consistent with reported findings

that the combined addition of Tb and Ho stabilizes the

Nd-rich phase, thereby enhancing coercivity and simultane-

ously improving corrosion resistance [26]. Mg, while

used at a low frequency, shows a notable contribution to

remanence enhancement, consistent with reports that the

addition of MgO at grain boundaries leads to increased

remanence [27]. These findings confirm the presence of

meaningful compositional trends with respect to magnetic

properties and validate the utility of composition-based

features as inputs for machine learning-based prediction

of permanent magnet performance. The following sections

therefore describe the construction of predictive models

based on the given dataset and the application of explain-

able machine learning methods to guide novel material

design.

21 elemental features in Nd-Fe-B alloys, highlighting

their respective influences on magnetic properties.

Fig. 7. (Color online) For the four regions in Fig. 1(a): the

upper panels show the wt% distributions of rare-earth ele-

ments, while the lower panels present radar plots of the wt%

distributions of ten other metallic elements excluding Co.
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Figure 9 presents the regression performance plots

(parity plots) of the three optimized machine learning

models for coercivity and remanence prediction. In each

plot, the x-axis represents the experimentally measured

values and the y-axis represents the model-predicted

values. Figs. 9(a)–9(c) show the results for remanence

prediction using the RF, XGB, and LGBM models,

respectively, while Figs. 9(d)–9(f) show the corresponding

results for coercivity prediction. The predictive performance

metrics are summarized in Table 2. The diagonal dashed

line in each plot represents perfect agreement between

experimental and predicted values; data points located

closer to this line indicate superior predictive accuracy.

For remanence, the XGB model achieved an R2 score

close to unity on the training data, whereas the R2 score

on the test data was 0.923, suggesting a tendency toward

overfitting in which the model is overly tuned to the

training set at the expense of generalizability. Overall,

LGBM achieved the highest predictive performance for

remanence prediction, with an R2 score of 0.949 and an

RMSE of 0.202 kG. For coercivity prediction, XGB again

exhibited signs of overfitting, while LGBM demonstrated

the best predictive performance, with an R2 score of 0.949

and an RMSE of 1.173 kOe.

Since machine learning is often regarded as a black-box

Fig. 8. (Color online) Visualization of the relative frequency, average remanence (blue line with circle symbols), and average coer-

civity (red line with square symbols) for 21 elemental features in Nd-Fe-B alloys, highlighting their respective influences on mag-

netic properties.

Fig. 9. (Color online) Parity plots of experimental versus pre-

dicted values for the optimized machine learning models: (a–

c) results of RF, XGB, and LGBM for remanence prediction;

(d–f) results of RF, XGB, and LGBM for coercivity predic-

tion. The diagonal dashed line indicates perfect agreement

between experimental and predicted values.

Table 2. Performance metrics (R2 and RMSE) of the ma-

chine learning models.

R2 Score RMSE

Br Hcj Br (kG) Hcj (kOe)

LGBM 0.949 0.949 0.202 1.173

RF 0.923 0.937 0.256 1.300

XGB 0.928 0.944 0.240 1.225
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system, the development of explainable AI approaches

has emerged as a critical strategy for materials design

based on machine learning. In the present study, the

LGBM model—which demonstrated the highest predictive

performance among the tree-based ensemble methods—

was selected, and SHAP-based explainable machine

learning analysis was applied to assess the efficiency of

composition- and process-guided materials design. SHAP

analysis was conducted on the test dataset to determine

which input features most significantly influence the

model output. Separate SHAP analyses were performed

for the optimized LGBM models predicting coercivity

and remanence, and the results are presented in Fig. 10.

The effects of rare-earth elements, other metallic elements,

and processing parameters were examined separately,

excluding the primary constituents Nd, Fe, and B. In the

SHAP plots, the x-axis represents the magnitude of each

feature's contribution to the model output (i.e., coercivity

or remanence): positive values indicate a positive relation-

ship (increasing the output), while negative values indicate

an inverse relationship (decreasing the output). Features

are ranked in descending order of importance from top to

bottom, and the color of each data point reflects the

magnitude of the corresponding feature value, ranging

from blue (low) to red (high), as indicated by the color

bar in Fig. 10.

As shown in Fig. 10(a), Dy was identified as the most

influential feature for coercivity prediction, consistent

with well-established findings that increasing Dy sub-

stitution for Nd in NdFeB permanent magnets leads to

Fig. 10. (Color online) Explainable machine learning analysis of the optimized LGBM model: (a) SHAP values for coercivity, iden-

tifying Dy and sintering time as the most influential features; (b) permutation feature importance for coercivity, confirming Dy as

the dominant factor; (c) SHAP values for remanence, highlighting Pr and Co as key contributors with Dy showing a negative effect;

and (d) permutation feature importance for remanence, consistent with the SHAP analysis, identifying Pr, Co, and Dy as the major

influencing factors beyond the primary elements Nd, Fe, and B.
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enhanced coercivity. Among the processing parameters,

sintering time was found to be an important factor

influencing coercivity. The SHAP analysis reveals an

inverse relationship between sintering time and coercivity:

prolonged sintering promotes grain growth, which shifts

the dominant demagnetization mechanism toward domain

wall motion-driven magnetization reversal, resulting in a

reduction in coercivity [28]. Tb, another heavy rare-earth

element, exhibits a similar effect to Dy; however, since its

frequency of occurrence in the present dataset is relatively

low, the generality of its influence cannot be definitively

established. To cross-validate the SHAP analysis results,

permutation feature importance was also evaluated. In

this approach, each feature is individually selected, its

values are randomly shuffled, and the resulting change in

predictive performance is used to assess its importance:

features that are more important will lead to a larger

performance drop upon shuffling, while unimportant

features will exhibit little change. Fig. 10(b) presents the

permutation feature importance for coercivity in descending

order, confirming that the Dy composition ratio is the

most important feature. The overall ranking is consistent

with the SHAP results, supporting the validity of the

SHAP analysis.

Figure 10(c) presents the SHAP analysis results for

remanence prediction. Among the rare-earth elements, Pr

was identified as the most influential contributor. The

analysis confirms a positive effect of increasing Pr

content (as a substitute for Nd) on remanence, consistent

with the extensive literature on Pr as a representative light

rare-earth alternative to heavy rare-earth elements. The

transition metal Co content was also identified as an

important feature for remanence, in agreement with recent

studies reporting that the combined addition of Pr and Co

promotes the stability of remanence [29, 30]. In contrast,

Dy—while positively influencing coercivity—exhibits a

negative effect on remanence, consistent with the well-

documented antiferromagnetic coupling between Dy and

transition metals that leads to reduced remanence [31].

Among the processing parameters, the alignment magnetic

field intensity was identified as the most influential

parameter, with higher field strengths during the compaction

stage showing a positive effect on remanence by enhancing

grain orientation. Permutation feature importance for

remanence is shown in Fig. 10(d). Excluding the primary

elements Nd, Fe, and B, Pr, Co, and Dy were identified as

the most important features, in agreement with the SHAP

analysis.

Finally, the optimized LGBM model was applied to

predict coercivity and remanence for NdFeB-based alloy

compositions not included in the 635 alloys dataset, and

the predictions were compared against experimentally

measured values from recent literature [32]. The external

validation dataset comprised 24 material entries: 5 materials

(unseen 1) with compositional distributions similar to

those of the training and test data, corresponding to

interpolation predictions, and 19 materials (unseen 2)

with compositions outside the distribution of the training

data, corresponding to extrapolation predictions. The

compositional distributions of the interpolation and

extrapolation datasets are provided in Fig. 11(a).

For the 5 interpolation materials (unseen 1), the pre-

diction errors for both coercivity and remanence are

presented in Fig. 11(b). Remanence predictions exhibited

Fig. 11. (Color online) Validation of the optimized LGBM model using 24 newly collected Nd-Fe-B alloy compositions: (a) com-

positional distributions of interpolation prediction data (unseen 1) and extrapolation prediction data (unseen 2); (b) prediction errors

of coercivity and remanence for unseen 1 alloys; (c) comparison of predicted versus experimental remanence values for unseen 2

alloys; and (d) Br prediction performance comparison between the two unseen datasets.
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low errors within 5%, whereas coercivity errors ranged

from 1.5% to 15.5%. This larger variability in coercivity

prediction can be attributed to the relatively limited

number of process-related features (7 features) compared

to the 21 composition-based features used as model

inputs, combined with the known strong dependence of

coercivity on processing parameters. For the 19 extra-

polation materials (unseen 2), only remanence predictions

were evaluated, as experimental coercivity values were

not reported in the referenced literature. The predicted

versus experimental remanence values are shown in Fig.

11(c). Prediction errors for remanence ranged from 6.6%

to 14.3%, which are notably larger than those observed

for the interpolation dataset. This indicates that the trained

model encounters difficulty in predicting the performance

of new materials whose compositions lie outside the

training data distribution. Fig. 11(d) provides a compre-

hensive comparison of the remanence prediction performance

for both external validation datasets, clearly demonstrat-

ing that the model performs well for compositions within

the training distribution, while performance degrades for

out-of-distribution compositions. The larger prediction

errors for extrapolation compositions underscore the

importance of domain knowledge and data coverage.

Since 21 composition-based features were used as model

inputs, the model's remanence predictions are primarily

driven by compositional information, and predictive

performance decreases for compositions not represented

in the training data. Continuously expanding the NdFeB

dataset to improve predictive performance, as well as

designing and optimizing novel compositions through

active learning and generative AI approaches, remain

important directions for future work.

4. Summary

In this study, a systematic statistical analysis and a

comparative evaluation of three ensemble machine learn-

ing models were conducted based on a comprehensive

dataset of compositions and processing parameters, with

the aim of precisely predicting the coercivity and

remanence of Nd-Fe-B permanent magnet materials. Data

analysis revealed a clear trade-off between these two key

properties of Nd-Fe-B materials; specifically, coercivity

was found to be strongly influenced by processing

parameters, whereas remanence was closely correlated

with composition-based features. Among the models

evaluated, LightGBM (LGBM) demonstrated the highest

predictive performance, achieving an R2 value of approxi-

mately 0.95 for both coercivity and remanence. Further-

more, SHAP analysis, an explainable machine learning

approach, reconfirmed that heavy rare-earth elements

such as Dy and Tb play critical roles in coercivity

enhancement, while elements such as Pr and Co are

important contributors to remanence improvement. Addi-

tionally, processing parameters including sintering time

and alignment magnetic field intensity were shown to be

closely linked to microstructural control and to exert

significant influences on the predicted magnetic properties.

Model validation using 24 external data points sourced

from recent literature demonstrated low prediction errors

for interpolation compositions similar to the training

distribution, while relatively larger errors were observed

for extrapolation compositions. These results emphasize

the importance of both training data coverage and

composition-based domain knowledge, suggesting that

data augmentation, active learning, and generative AI-

based material discovery are essential for improving

model reliability and generalizability. An inherent limitation

of the current framework is the absence of explicit,

quantitative microstructural descriptors, such as grain size

distribution, grain boundary phase continuity, and oxygen

content, which directly dictate coercivity mechanisms.

While processing parameters serve as indirect indicators

of microstructural evolution in the current model,

incorporating high-fidelity microstructural descriptors in

future datasets will be vital to significantly improving

prediction reliability, particularly for highly structure-

sensitive properties like coercivity.

Overall, this study systematically elucidates the corre-

lations between compositional and processing parameters

and the magnetic properties of Nd-Fe-B permanent

magnets, presenting a robust framework for prediction

and explainability based on machine learning. This ap-

proach provides an effective data-driven strategy for the

design of next-generation, high-performance permanent

magnet materials. In particular, the combined use of rare-

earth element reduction and substitution, processing

parameter optimization, and explainable AI analysis can

serve as a key methodology for accelerating the develop-

ment of next-generation permanent magnets with high

energy density and improved thermal stability.
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