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Fig. 1. Distribution of 7T, in 1568 ferromagnetic material

data sets.
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Fig. 2. Element distribution of ferromagnetic materials in data set: (a) Element distribution when 7, is greater than 300 K; (b) ele-

ment distribution when T is greater than 600 K.
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Fig. 3. Uniform grid search: (a) Random forest parameter optimization map; (b) extreme random tree parameter optimization map.
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Table 1. Hyperparameters of four machine learning models in this study.

Y WS

KRR alpha = 0.00567165, kernel = “rbf”

SVR kernel = “rbf”, C' = 181.8797945, gamma = 0.18646131

RF n_estimators = 170, max_features = 0.30, min _samples leaf = 0.001
EXT n_estimators = 180, max features = 0.58, min samples leaf = 0.001

nz—%ﬂé — «“ : DEE s A A
(RS (3 Bi7R), “n_estimators™ BB H A A Ko TR S A

100 3| 300, KN 10; “max_ features” L1 0.02 ﬂ}a Table 2.  Chemical parameter descriptors obtained
M 0.10 2] 0.60; “min_samples leaf” #RIA 2% £F fix based on feature screening.
/N 0,001, RIS L L R I 1. o Mennings Features
1 Mean atomic number MAN
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Table 3. Final evaluation results of four machine
learning models in this study.
KRR SVR RF EXT
MAE 89.43 83.21 76.52 70.86
RMSE 125.50 125.77 114.71 109.32
R?/% 80.75 80.67 83.92 85.39
CS MAE 95.41 88.64 81.18 74.04
CS RMSE 141.21 137.62 124.13 117.98
CS R*/% 73.70 74.92 79.45 81.48
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Fig. 4. Two-dimensional scatter plots comparing experimental and predicted values of four machine learning models: (a) Kernel

ridge regression; (b) support vector machine; (c) random forests; (d) extremely random tree.

180202-4


http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1
http://wulixb.iphy.ac.cn/CN/volumn/home.shtml#1

) 32 2 3R Acta Phys. Sin. Vol. 72, No. 18 (2023) 180202

0.20

0.15

0.10

Importance

0.05

P&l 5 R v Bt AL BSOS TR 1) e A o M e
Fig. 5. Feature importance ranking graph based on ex-

treme random number model.
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Abstract

The search for ferromagnetic materials with high Curie temperature (7,) is a hot issue in condensed matter
physics. In this work, an effective machine learning model of Curie temperature based on material component
information is established to predict a variety of ferromagnetic materials with high Curie temperature. Based on
the collected data of 1568 ferromagnetic materials, and taking the component information of ferromagnetic
materials as descriptors, in this work four efficient machine learning models are constructed, namely support
vector regression, kernel ridge regression, random forest and extremely randomized trees, through
hyperparameter optimization and ten-break cross-validation. Of them, extremely randomized tree model has the
best prediction performance, and its cross-validation R? score can reach 81.48%. At the same time, the
extremely randomized tree model is also used to predict 36949 materials in the materials project database, and
338 ferromagnetic materials with 7T, greater than 600 K are found in this work. The method proposed in this
paper can help obtain ferromagnetic materials with high Curie temperature and accelerate the process of

ferromagnetic material design.
Keywords: machine learning, ferromagnetic materials, material component, Curie temperature
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