529 K568 HH AL A Vol.29 No.6
2009 46 A Journal of Computer Applications June 2009

XEHS 1001 —9081(2009)06 — 1578 - 04
ETHRAASHTENEEFITE

TR, ZARA
(EARETREE AR, BRI AT 154007)
( diaoshumin@ 126. com)

B OB ARTASRRN, CANAL S ET REEN SN UL LB TR AL LT ENEHE, A
TREERACHMERFNEALTHRERLES S ERR A, RE—FATHRFIVBBERAAS S LB L
Fog, BATMEMALNREIN REARZIERRIFBRE-ANARSRLENRAEN T R, RIETHRY
AT, R T A RS EREHRRBOERY P, MRAMEE L6 KRN, 5 CA G HLRF T kM,
BTy T ARAT RIF 0 R R, TR A T HB RS LA wE

KR EEAEATHRED ERF ;R 2F A £

hESES: TP311.138 LEIRE:A

Transductive learning method applied to
ensemble classification over data stream
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Abstract: The existing strategy of combining decisions for ensemble classification method requires common labeled
training samples across these ensemble classifiers. To resolve combining classifiers decisions among ensemble classification
over data streams without labeled examples, a transductive constraint-based learning strategy was proposed. It satisfied the
constraints measured by each local classifier based on transductive learning theory while choosing decision on test samples;
thereby guaranteed the feasibility of the constraints. It solved the problems of transductive extension of maximum entropy for

aggregation in distributed classification. Experimental examples prove that the proposed method can achieve higher classifying

accuracy over the existing transductive approach and can be applied to ensemble classification fusing for data streams.
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