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This study developed machine learning models to accurately predict the saturation magnetic flux density (Bj;), a critical property of
Fe-based metallic glass soft magnetic materials and conducted an in-depth analysis of how input variable combinations and data size
affect model performance. A total of 197 experimental data points were used to train Random Forest and Gradient Boosting Regressor
models. The models were evaluated under three input variable conditions: compositional atomic ratio, feature descriptors derived from
the Python Matminer module, and a combination of both. The results indicated that using only the atomic ratio as the input variable
yielded the best prediction performance, outperforming conditions that included complex derived variables. Using Matminer features
either alone or in combination with atomic ratios resulted in decreased prediction accuracy. This suggests that compositional
information plays the most dominant role in determining the B of Fe-based metallic glasses. Consequently, it appears that certain
variables extracted via Matminer acted as noise during the training process, diluting the significance of the compositional ratios and
leading to performance degradation. Furthermore, to assess data dependency, experiments were conducted by increasing the test data
ratio to 0.2, 0.5, and 0.8. The results confirmed that the coefficient of determination (R?) for the test data significantly declined as the
amount of training data decreased. This implies that the absolute volume of data is a critical factor in ensuring the generalization
performance of machine learning models. In conclusion, developing high-performance Fe-based soft magnetic materials via machine
learning requires a composition-centric feature selection strategy, alongside the essential expansion of the database through continuous
experimental data collection.
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Fig. 1. (Color online) Schematic diagram of the machine learning framework employed in this study.

Table 1. The constituent elements of the Fe-based metallic glass alloys used for data input and the element-based descriptors obtained by

Matminer.

Elements in alloys

‘B,, ‘C’, ‘Al’, ‘Si’, ‘P,, ‘Cr’, ‘Fe), ‘CO,, ‘Ni’, ‘CU’, ‘Ga,, ‘Y,, ‘Zr), ‘Nb’,
‘MO’, ‘Sl’l’, ‘Sb,, ‘Pr’, ‘Nd,, ‘Sm’, ‘Gd,, ‘Tb,, ‘Dy’, ‘Er,, ‘Tm,, ‘Hf’, ‘Ta,

Element property

‘Atomic-Number’, ‘Atomic-Weight’, ‘Melting-temperature’,
‘Electronegativity’, ‘Covalent Radius’
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Fig. 2. (Color online) Parity plots of the actual vs predicted B; values for (a)~(c) the RandomForest, (d)~(f) Gradient-boosting regressor models.
The input data used for each model are as follows: (a), (d) Alloy composition-based atomic ratios; (b), (¢) Elemental properties; (c), (f) Combined

features.
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Fig. 3. (Color online) Parity plots of the bootstrap evaluation results on the test dataset. The models were trained using different input features: (a),
(d) alloy composition-based atomic ratios, (b), (¢) element property-based features derived from Matminer, and (c), (f) a combination of both
feature sets. Error bars represent the standard deviation obtained from 100 bootstrap iterations.
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Fig. 4. (Color online) Parity plots showing the effect of data split ratios on prediction performance using the Random Forest model. The datasets
were split into training (green, top row) and test (red, bottom row) sets with ratios of (a), (d) 8:2, (b), (e) 5:5, and (c), (f) 2:8. Error bars represent

the uncertainty derived from bootstrap estimation.

= A JiFee] Z2aE Jehd § JSS HoFEh =
delolEe B9 PAPRL AHgIE o] TakAsk
W= oSl b Hdde & 5 Ak

Fig. 4= FEXER] 3ris BalA gsdlolde} HAE
tlojele] 3 vlgo] W HoJE] 4= 3R] &Sk 54
< Yehith oA ERIGE AXH & A5 Foil HlolH
Me R Edy} AAsrs ARSSIE Zlo] 7 AEds
RIS 18 EZ o]yst 218 VEo R sisyuolE <}
H2E do]eje] £3 HE&S Fig. 4@a), ()Y 82, Fig
4(b), ()2 5:5, Fig. 4(c), (N 2:8=2 o] 2] 7%
ol el SRS SsElolE (a)(c)et HIZE dlolE
(D~(H)Z A7t glstd YRl Zleltt. siszro]e)7} Aol
TFE@B2 - 55 - 2:8) 3 d& 2dlo] o] 7AAE]
wjZell HAE dlolee] et rbaat gk A Agks
Fig. 45 534 ERIE 4= 2t} Fig. 4(a), (dPlA Ee A
AY 827 Ba @ H9ole dSAeol s &
ot AR 552 £ © e, ISk 9Ert B blo]
el A Es5o]l & o]FoAA] e & & AUtk 1
ARz H2E glojejel digh B84de] AR= AL Fig.
4e)s FAAM AT 4 ot Fig. 4(c)9] 2:82 £ H
7390l EsrE U7 0.5 T ©]31R] Hlo|E7} shu¥e o]

A

7] wiol] BlZ=E dlojEfel] thigk olSgke] AR Wol A}
olie As ¢ T doH, EHEE HolAle
4DE FA & Uk

71AIEONA AR HlolETtREE ¢SS ¥ okt
dutsl ool 2 FFE vRth o] FRIsh] SsiA
SNE(t-distributed Stochastic Neighbor Embedding) %S
FalA A= o HEE £84E sistlolEHe} HIZAE Ho]
Eo tisiA] 2 S4E FTlx9] dlolEe] s &
Q18}5TH10]. Fig. 55 A dlole] 19779l thshx] sk
olE¢} HIAE Ho[HE 8:2, 5:5, 2:8% Hdlslo] 359 o
AFTHS AHESE JEH|oEE +-SNE WO E A 4

& Fig.

dlof SRSl T U] ghow e s A A
olt}. dzHlolH = B8 Y3 % (closed circle symbol)Z

BB eH, HAE dolHe dd A3 X Y (open circle
symbo)Z YERO] HESIHATE. Fig. S(apllr He RAXHE
822 &H ZAfole thi-Eo gFuolEl7t HIAE Ho]
Blo] AT AR wiite] SdE0e] =& 3O o]
e 4= ek, 2, SsulolH] ot Eols A Fig
5(b), (c)2F o] TFEA] 2 A FZtl g HAE |
olF7} FEAoE EAES ERIF AUtk Fig. 5(b), (0)
oAl F24 st AE FYL TFEHA R 24T



L A= Journal of the Korean Magnetics Society Vol. 36, No. 1, February 2026 -13-
»e R i 7- B, (T) °° Trining dota || g m @ Training data || B (T)
O Test dota 4 O Test data s \ O Test data
10 (a) .ﬁ" 2o, " 10 (b) - & = ] (c) st & 18
. o'y B « © e B w . © e B
o X ) g X N @ e X
N . . . . B .3 o $e .
e o - I— 1) E— 7
s o2 - . W B e ¢ :
g | g M 2 | g > § | & Y
g 1 E f 12 :5 o
£ £, .
M =2 "
g ¥ o @ g . o @ “ ®
¥ ° g .o‘;‘ ) 23 1
: S
. ol . ®
om0 ,0 y
" y R o

-10 - o s 10

t-SNE dimension 1

t-SNE dimension 1

t-SNE dimension 1

Fig. 5. (Color online) t-SNE visualization of the data distribution in the compositional space for different split ratios: (a) 8:2, (b) 5:5, and (c) 2:8.
Closed and open circles represent training and test data, respectively, colored by saturation flux density ($B_s$). Red arrows indicate regions where
the test data are in compositional spaces not covered by the training data, highlighting the lack of generalization with smaller training sets.

ol HIAE dolErt E2sla gle 2kE yeith Fig,
5yt 2ol 5:52 B&E Aeells F E Gl skaH
A & HIZE dlolel7 R3S & 5 A3, Fig. 5ot
o] 282 w3 A9 vl | oPdo] SgEA ke 24
Bkl i HIAE dlole7t Fags o 5 Ao 5 Sy
A 4 2ELT ol HIAE HlolEE 9S85 7
Shy B 2ol AR el glonE, dlofE i
H

Iv. 24 2

2 A7 197he] AIRE A F455 A9
£ 7o s e ARE d5she Ttk Bds £
A3t AY FH2ER 2ol THUIE R wwl
(G 2yS vlugh Aat, 27k o) 712F 5494 bt
go ol EX Eeld SUARRT i F(atomic
ratio)ihe Y WFE AR ) 7P = A5 e

H
Ark. w3k A=A LSNE BHS 54 3k dole] vl
Fo] Zol54% SR g 24 Go] Soh} o 2

o] ARE BRlsivlon, dWiEl s Sl Hd

FYXE wdo] o] Aks & 4 ATt
HAle| 2

o] =2 2025 SPA® Shduishu Skeddte] X <
slo] ATEI S

References

[1] A. Inoue, Y. Shinohara, and J. S. Gook, Mater. Trans., JIM 36,
1427 (1995).

[2] C. Suryanarayana and A. Inoue, Int. Mater. Rev. 58, 131
(2013).

[3] Z. Lu, X. Chen, X. Liu, D. Lin, Y. Wu, Y. Zhang, H. Wang, S.
Jiang, H. Li, X. Wang, and Z. Lu, npj Comput. Mater. 6, 187
(2020).

[4] L. Shi, X. Hu, Y. Li, G. Yuan, and K. Yao, Intermetallics 131,
107116 (2021).

[5] X. Li, G. Shan, and C. H. Shek, J. Mater. Sci. Technol. 103,
113 (2022).

[6] J. Gao, J. Hou, Y. Wu, B. Ji, D. Wang, K. Qiu, J. You, and J.
Wang, J. Alloy. Compd. 1010, 177595 (2025).

[7]1 Q. Bi, J. Liu, J. Li, H. Chen, S. Chen, and X. Han, J. Alloy.
Compd. 1016, 178858 (2025).

[8] S. P. Ong, W. D. Richards, A. Jain, G. Hautier, M. Kocher, S.
Cholia, D. Gunter, V. L. Chevrier, K. A. Persson, and G. Ceder,
Comput. Mater. Sci. 68, 314 (2013).

[9] L. Ward, A. Dunn, A. Faghaninia, N. E. R. Zimmermann, S.
Bajaj, Q. Wang, J. Montoya, J. Chen, K. Bystrom, M. Dylla,
K. Chard, M. Asta, K. A. Persson, G. J. Snyder, 1. Foster, and
A. Jain, Comput. Mater. Sci. 152, 60 (2018).

[10] R. Furushima, Y. Nakashima, Y. Maruyama, Y. Zhou, K.
Hirao, T. Ohji, and M. Fukushima, J. Am. Ceram. Soc. 108,
€20173 (2025).



