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R EHEY H A A 2 - J A B0 4 8 A R

ST RAFAE AT 1 shapley 19 #4341 (1= 3

NAccIcY I
GRAYVOL I
CERETISS I
LPARORB I
NACCBRNV I
RENT
orIENT I

0 1 2 3 4 5 6 7
Gain

Features
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CEREALL Wil aMCI % A= f5c B YR AE , 38k As
T aMCI 48 SR 1) 3.5% .,

cereALL [
orieNT -
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PR 5 O R e S DU T A Sk 2 U] NC AT aMCT
PR ZLRAE . SR IR B ST B SR AR T AR 5%, mf
AR IR R AT AR 90 sMRI BEK}, 17 sSMRI #IE SE 78
AD W B E AR RN E Y 25 b 307G B AH
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B S R Fn] bk
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SVM-SHAP HEZEAFE] 6 A~ AT LIKS B T AD 3 & 119
FRIEFEA

He'?' 452434 % MCT 7 RS (1R 5 DAl BF 5% 31 52 .
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