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In this study, based on the saturation magnetic flux density experimental values (B;) of 622 Fe-based bulk metallic

glasses (BMGs), regression models were applied to predict B using artificial neural networks (ANN), and prediction perfor-
mance was evaluated. Model performance evaluation was investigated by using the F1 score together with the coefficient of
determination (R” score), which is mainly used in regression models. The coefficient of determination can be used as a perfor-
mance indicator, since it shows the predicted results of the saturation magnetic flux density of full material datasets in a
balanced way. However, the BMG alloy contains iron and requires a high saturation magnetic flux density to have excellent
applicability as a soft magnetic material, and in this study F1 score was used as a performance indicator to better predict B
above the threshold value of B, (1.4 T). After obtaining two ANN models optimized for the R? and F1 score conditions, respec-
tively, their prediction performance was compared for the test data. As a case study to evaluate the prediction performance, new
Fe-based BMG datasets that were not included in the training and test datasets were predicted using the two ANN models. The
results showed that the model with an excellent F1 score achieved a more accurate prediction for a material with a high

saturation magnetic flux density.
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Fig. 1. Artificial neural network (ANN) for regression models.
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Fig. 2. Histograms of the full dataset, training dataset, and test data-
set as a function of saturation magnetic flux density.
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Table 1. Predictive performance metrics of two models based on R? score, F1 score, precision, and recall values.

R? score RMSE (T) F1 score Precision Recall
R? best model 0.876 0.108 0.845 0.803 0.891
F1 best model 0.870 0.110 0.864 0.810 0.927
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