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* CART (Classification and Regression Tree)

» CHAID (Chi-squared Automatic Interaction Detec-
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3.2 Light GBM

Light GBM (Light Gradient Boosting Machine) [7] I,
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Positive | Negative
. Positive TP FP
M
TR Negative FN TN
5.3.1 Accuracy
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TP+TN
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TP+FP+FN+TN
Copyright © 2024 by
The Institute of Electronics, Information and Communication Engineers and
‘H:H' Information Processing Society of Japan All rights reserved.



FIT2024 (%5 23 ETERBIFRM T+ —3 L)

5.3.2 Precision
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5.3.3 Recall

Recall ¥ &, IEfR{EDS Positive THZ T —X DS
b, THPEMRTHL2EEDZTHS. HIZO~1
b, 1IGEWEYRWEFLEWZ S, EN 2 H
W 25 EcHHAIN, BHERZRT. Recall DL
ToR @) TRbIN 3.

TP

Recall = ———
TP+FN

3

5.3.4 F-measure
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SHAP value (impact on model output)
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