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Class 1 Class 1 Class 1 PR-
Precision Recall F1 AUC
XGBoostClassifier | ) 7,64 0.7049 | 0.7107 | 0.7782
(k=32)
CatBoostClassifier | ) 59 0.7275 | 0.7078 | 0.7709
(k=36)
LGBMClassifi
oA asster 0.6944 0.7273 | 0.7104 | 0.7723
(k=34)
RandomForestCl
RandomPorestClass | oo, 0 0.7206 | 0.7009 | 0.7563
ifier (k=41)
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HAE AESY A%S Fl-score 0.6988, PR-AUC
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38 XGBoostClassifier 9= 20254 4Y 7%

A2 A m7kdA; a7 43,8927 9] €A An]~
719 o F-(PPM_YN)E o535} 3L, predict_proba 0.5
o9l 2,138W S 7FA(Y=1)e =2 o Z33.

fix) =0.463

~0.29 = MaxMonthlyVodWatchTime_Hours_clipped

~0.16 = MaxPPVBuyCount

).602 = MaxMonthlyRealTimeChannelWatchDayCount

1 = MobilePackageYesNo

) = KidsHouseYesNo

0.014 = MaxRMCPreferredChannelKeySelectCount_clipped
1.109 = TelevisionCount.

5 = MinVodWatchTimeGroup

).114 = TotalOctetReceived_GB_clipped

23 other features
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