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Abstract TextClassificatbn is an i portant m ach ne leaming research i which some pwogress has been made M ost

of the ex ting class ificatbon methods are based on Vector Space M ode( VM ),

but VM does not effectively u tilize the

stucture mHm aton hidden n the text sanples At the same tme VM vectors are often h igh-d m ensional merely u-

sing dimensionality reductbn strategy may lead to the bss of he usefil nbmaton To overcane the shortcan ngs of he

existing akoritms we pwopose an algoritm calledM ult+modality-based R andom Feature subspace classifier Ensen ble

(MMRFSEn), which can effectively use the structure nomaton hidden n the text such as the wonls’ s average loca-

ton and standard devhton and meamwhik each shgk classifier is constucted by a andan k selected subspace The

experin ental resu lts show that the newly devebped method is effective and feasb ke
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Fig.1 Multi-modality random subspace classifier ensemble
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Tablk 1 Confusion ma trix

TP FP
FN TN
(Recall) (Precison) Fl-vale
TP
Recall= TP+FN° (10)
.. TP
Precisbn= TP+FP" (11
2 XxRecallxPrecision
Flvale= Recall+ Precision ° (12)
, : (m icro-average) (m acro-average).
F1 , . F1
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Table2 Chssification perform ance compa rison

SW Na veB ayes RBFNew otk KNN
mac— f1 mic— f1 mac— f1 mac— f1 mic— f1 m ic— f1 mac— f1 m ic— f1
N ew sgroup RFSEn 0.9240 0.9249 0. 8639 0. 8576 08659 0. 8677 0. 8867 0. 8885
MMRFSEn  0.9301 0.9318 0. 8659 0. 868 6 08761 0. 8810 0. 8956 0.913
MM Single 0. 9204 0.9215 0. 8642 0. 868 0 0 8662 0. 873 1 0. 8933 0. 8951
Single 0.914 4 0.9154 0. 8629 0. 820 08526 0. 8565 0. 8926 0. 8940
R euters RFSEn 0. 8505 0. 861 8 0. 7634 0. 776 4 07237 0.7422 0. 8176 0. 8345
MM RFSE n 0. 8515 0. 864 0 0. 7789 0. 782 0 07442 0.743 6 0. 8220 0. 854
MM Single 0. 848 8 0. 8629 0. 7801 0. 7850 07323 0.736 1 0. 8236 0. 869
Single 0. 847 8 0. 860 2 0. 7684 0. 7810 0 708 0 0. 723 6 0. 8198 0. 8338
W ebK B RFSEn 0. 8834 0. 896 7 0. 7849 0.7929 07556 0.771 0 0. 7123 0. 749 8
MMRFSEn 0. 889 6 0. 9029 0.7910 0.8115 07601 0. 7812 0.7168 0. 750 6
MM Single 0. 8836 0. 8928 0. 8024 0. 8135 07421 0. 756 4 0. 7286 0. 7589
Single 0.8755 0. 888 4 0.7933 0. 8012 07337 0. 7530 0.7098 0. 746 7
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