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Abstract

In this study, the magnetocaloric effect and transition temperature of bulk metallic glass, an amorphous material,

were predicted through machine learning based on the composition features. From the Python module ‘Matminer’, 174
compositional features were obtained, and prediction performance was compared while reducing the composition features to
prevent overfitting. After optimization using RandomForest, an ensemble model, changes in prediction performance were
analyzed according to the number of compositional features. The R2 score was used as a performance metric in the regression
prediction, and the best prediction performance was found using only 90 features predicting transition temperature, and 20
features predicting magnetocaloric effects. The most important feature when predicting magnetocaloric effects was the ‘Fe’
compositional ratio. The feature importance method provided by ‘scikit-learn’ was applied to sort compositional features. The
feature importance method was found to be appropriate by comparing the prediction performance of the Fe-contained dataset

with the full dataset.
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Fig. 1. Histogram of (a) T, and (b) -AS of the BMG dataset obtain-
ed from the literature.'®***" In (a, b), the two classified BMGs (Fe-
contained or Fe-not contained) are indexed with different colors.
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Fig. 2. Upper panel: Architecture of this study including feature engi

ineering, RandomForest model, and prediction evaluation of the model

with R2 scores. Lower panel: top-ranked 10 features obtained from the feature importance method for T, and -AS.
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Table 1. 10 main compositional features sorted by importance-rank for T, and -AS prediction with the RandomForest model.

T, -AS
1 MagpieData mean GSmagmom Fe
2 MagpieData mean row field
3 MagpieData mean Number MagpieData range GSmagmom
4 MagpieData mean GSvolume pa MagpieData maximum GSmagmom
5 avg f valence electrons MagpieData avg_dev column
6 MagpieData mean AtomicWeight MagpieData maximum SpaceGroupNumber
7 MagpieData mean CovalenRadius MagpieData range SpaceGroupNumber
8 MagpieData avg_dev NfValence MagpieData mean GSmagmom
9 MagpieData mean Electronegativity avg f'valence electrons
10 MagpieData mean NfValence MagpieData mean NfValence
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Fig. 3. R2 score variations with number of features for the pre-
diction of (a) T, and (b) -AS, where the number of features changes
between 10~100 features.
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prediction.
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Fig. 5. Parity plots of predicted (a) T, and (b) -AS for the training

and test datasets with the RandomForest model, where the ideal RMSE = \/ Zi=l Y 97 (1)

dotted lines are shown for comparison. The outlier materials in the N

BMG dataset indicated as arrows with formula.
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Fig. 6. Parity Plots of the (a) -AS and (b) T, prediction for the full dataset with the trained RandomForest model, where the Fe-contained
BMG materials are indexed as red colors. Residual error histograms are shown in (c) -AS and (d) T, prediction for both the full and Fe-
contained datasets for comparison.
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