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] precison | recall | precision | recall | precision | recall | precision | recall | precision | recall
ElES 81.0 68.1 100.0 | 100.0 97.7 | 100.0 100.0 97.7 100.0 97.7
iEs 84.7 96.7 98.5 97.9 98.8 98.2 98.5 98.2 98.2 98.2
B 84.3 90.5 99.4 | 100.0 100.0 | 100.0 98.9 99.4 98.9 99.4
$hii 86.5 89.8 99.2 96.4 99.2 99.8 97.2 98.4 98.0 94.3
= 0.0 0.0 75.0 | 100.0 100.0 | 100.0 0.0 0.0 0.0 0.0
R 100.0 96.9 100.0 | 100.0 100.0 | 100.0 100.0 | 100.0 100.0 | 100.0
BBl 90.7 89.7 98.3 98.3 98.3 98.3 99.4 98.9 97.8 98.3
T4 87.5 84.8 100.0 | 100.0 100.0 | 100.0 100.0 | 100.0 97.0 | 100.0
TR 92.3 80.0 100.0 | 100.0 100.0 | 100.0 93.3 93.3 100.0 93.3
A 71.4 25.0 100.0 95.0 100.0 | 100.0 100.0 85.0 100.0 95.0
PERERE 85.9 96.4 98.2 98.2 100.0 98.2 100.0 98.2 94.9 98.2
b | 0.0 0.0 100.0 50.0 100.0 | 100.0 100.0 | 100.0 100.0 | 100.0
FEUHEE 76.4 81.2 100.0 | 100.0 100.0 | 100.0 100.0 87.5 92.8 81.2
SR 85.7 | 100.0 100.0 | 100.0 100.0 | 100.0 85.7 | 100.0 100.0 | 100.0
HliBhat s 86.7 92.8 95.9 96.1 97.3 97.0 96.5 96.4 93.4 94.2
SR 0.0 0.0 88.8 | 95.2 86.1 | 73.8 86.6 | 92.8 86.3 | 90.4
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