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@4@%‘&0),%" BRDBRAFEDLLE
EEABY> T > (S)
° CNN‘CfI% H=H (C)
e S+C

« FIA U7RU ) (None) ‘ A
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ATEFAD R EERODE B FEDLLR

. T=MFEER
S REMEHY>TU> T
C : ‘R E4FE= (CNN)

BmiAiE | HWEMS
Con | vas vt | R

C+S 24/24 0.567 0.407 51.24 15.0 %
C 24/24 0.534 0.337 90.291 25.9 %
S 23/24 0.365 0.124 104.122 32.0%

None 1/24 invalid invalid invalid invalid
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