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Abstract:

look the distribution of the feature space and sample space, and the importance of feature selection and weighting. To solve this

Most of the existing concept drift algorithm focuses on the classification model data streams, some of which over-

problem, we propose a dynamic information entropy and feature weighting algorithm based on the distribution of feature items from
the dynamic evolution of the concept drift departure. To realize the concept transition, we capture the concept drifting of the data
stream by the information entropy, according to the fitness degree between the sample and feature space. We improve the feature dy-
namic weighting latent dirichlet model, to overcome the problem of the current and historical feature weight assignment, as well as
cropping the invalid features. Furthermore, the validity of the proposed algorithm was confirmed by the test in open corpus CCERT
and Trec06.
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FIFH LDA FRAE AN A p& B0 B 450 2 5 AE 1) . 52 56 it H]
432450 Mul-NB, K-NN FlIFRHE S 45 1) 5 4325 ( C-Support
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12003 T & FlVREAE AL S YL A Trec06c Hl
CCERT %#afk 119 2 GURG 0 R X FU 25 2R 5256 FDW-
LDA 5 3CAR 7326 v FH 8 AR ALE e 13 IS S 0 480 1 %)
PO, R GRS A S i i R PR U8 R e RE ) — D E
Fabr, NRH AT LAE Y, 5HE 7 MORHE AU AT T,
BT LDA FRAES) A INAE vk BA L3 1E A [ £ i 2
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FROEA H PR pR A Mul-NB | C-SVC | K-NN
T A RS Chi( Chi-Square ) | 90.35% | 93.73% | 95.66%
L4 TE(Term Entropy) 92.98% | 80.44% | 95.97%
{5 B, MI( Mutual Information) 94.55% | 91.61% | 96.16%
%5 TF(Term Frequency) 93.76% | 94.91% | 95.69%

A - SCRYAUEE TF-IDF

(-Javerse Dooument Froquency) 92.92% | 95.03% | 95.88%
L JH—4k LTC(Log TF-IDF) 92.02% | 93.96% | 91.68%
LDA FHE S AU 3 FDW-LDA | 95.07% | 96.59% | 96.76%

F2 7E CCERT HURE E R EMNEEZN REBRETLER
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WK 6 fif 7~ , 7£ Multinomial-Naive Bayes Dt
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