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0 2: NMF, CLUTO, Mcut

000 Mcut+NMF 000

Data Max Min Mean NMP-T [ NMFEF-2 T CLUTO Mcut Mcut 4+ NMF

cacmcisi | 0.7667 | 0.5788 | 0.6265 0.5788 0.6030 0.6054 0.6858 0.6858

cranmed | 0.8420 | 0.4648 | 0.6601 0.5825 0.7133 0.9975 0.9930 0.9930

fbis 0.5112 | 0.3707 | 0.4374 0.4125 0.4296 0.4921 0.5278 0.4941

hitech 0.4689 | 0.3364 | 0.4066 0.4633 0.4124 0.5228 0.3859 0.5059

kla 0.5274 | 0.4107 | 0.4673 0.4107 0.5197 0.4799 0.4658 0.5684

kib 0.8530 | 0.5457 | 0.6969 0.6389 0.7222 0.6081 0.5205 0.5342

lal 0.6807 | 0.5069 | 0.6060 0.6798 0.6807 0.7147 0.6879 0.6879

la2 0.7232 | 0.4198 | 0.5717 0.5873 0.5857 0.6582 0.7028 0.6924

mm 0.6418 | 0.5200 | 0.5640 0.5470 0.5303 0.5331 0.9583 0.9556

rel 0.4648 | 0.3358 | 0.4021 0.3710 0.3358 0.3198 0.3670 0.3670

rel 0.4267 | 0.3458 | 0.3904 0.3826 0.4049 0.4146 0.4490 0.4599

reviews 0.7569 | 0.4726 | 0.5815 0.7196 0.5353 0.6316 0.6776 0.6424

tril 0.6763 | 0.4758 | 0.5850 0.5556 0.5797 0.6812 0.6546 0.7295

tr12 0.6645 | 0.4728 | 0.5867 0.6422 0.6422 0.6869 0.7764 0.7764

tr23 0.5294 | 0.2941 | 0.4333 0.3971 0.5294 0.4559 0.4363 0.4363

tr31 0.6311 | 0.4196 | 0.5196 0.5696 0.5275 0.5674 0.7228 0.6624

tral 0.6503 | 0.4875 | 0.5936 0.5239 0.6059 0.6412 0.5661 0.6014

trds 0.7507 | 0.5261 | 0.6327 0.6347 0.6754 0.5986 0.7580 0.7101

wap 0.5250 | 0.3904 | 0.4621 0.4686 0.4654 0.4487 0.4109 0.5096

agd 0.6363 | 0.4408 | 0.5381 0.5350 0.5525 0.5821 0.6182 0.6322
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