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Adaptive ensemble based on entropy for data streams

SUN Yange"?, WANG Zhihai', YUAN Jidong', BAI Yang'

(1.School of Com puter and Information Technology, Beijing Jiaotong University, Beijing 100044, China ;
2.School of Com puter and Information Technology s Xinyang Normal University , Xingyang 464000, China)

Abstract: The processing of streaming data implies new requirements concerning limited amount of
memory, small processing time, and one scan of incoming instances. Most of the approaches in the
literature to deal with concept drift only focus on gradual or abrupt concept drift and have not addressed
the problem of recurring concepts. Motivated by this challenge, an ensemble with internal change detection
was proposed to enhance performance by exploring the recurring concepts. It is done by maintaining a pool
of classifiers, which dynamically adds and removes classifiers in response to the change detector. The
algorithm adopts a two window change detection model, which adopts the Jensen-Shannon divergence to
measure the distance of the distributions between two consecutive windows. When a change is detected,

the repository of stored historical concepts is checked for reuse. The proposed algorithm has been

%5 B #5:2016-08-28; & 1B H #5 . 2016-12-08

ESHB . HEARBFEIS(61672086) 54 FHE TR ( 172102210454) , 6 5 3858 K% A 4 FE 4 (2016RC048) , 15 FH I 8 2% B 75 4F
BT HOmit %1 2016GGIS—08) ¥EBl.

YEE B v PV AR, 22,1982 AR A T A/ JR I B 5T 5 1) < B 42 4 FIPL AR 5% 2T L E-mail: 13112074 @bjtu.edu.cn.

BIESE . L& 18+ /# 82, E-mail: zhhwang@ bjtu.edu.cn



570 TR FRAKFF R

$ 47 &

experimentally compared with the state-of-the-art algorithms on synthetic and real datasets. The results

show the suitability of the proposed algorithm for different types of drift as well as static environments.

Key words: data streams; concept drift; ensemble classifier; entropy; recurring concepts
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Tab.3 Accuracy in different window sizes

window size

Dataset
500 750 1000 1250 1500 1750 2000

HyperPlane71.69 72.31 72.23 72.01 71.61 72.01 71.25
SEA  76.68 77.59 78.69 78.12 78.02 77.12 77.01
Waveform 81.16 81.25 81.36 81.54 80.95 81.53 82.01
Elist  72.23 72.39 72.59 72.63 72.15 72.09 72.03

Spam  93.16 93.20 93.26 93.19 93.08 93.15 93.03
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Tab.4 Comparison of classification accuracy(%)

Dataset RCD AUE HT ECD
HyperPlane 67.21 (3) 79.58 (1) 63.47 (4) 72.23 (2)
SEA 73.24 (2) 69.86 (3) 60.63 (4) 84.69 (1)

Waveform 82.27 (4 ) 83.13 (1) 82.79 (2) 82.36 (3)

Elist 65.36 (2) 55.07 (3) 51.45 (4) 72.59 (1)
Spam 90.53 (1) 89.35(3) 75.36 (4) 90.26 (2)
Average Rank 2.4 2.2 3.6 1.8

BATHE B EXF e dn % 5 pF sl A & B,
HT (s 47 i Al A, H ot A SO T AUE i
[V FE R X R T A LR L —Fh & T 8085
At B RS B3 AT APR38R A 1 A R R )
R E ik s S A W SN i VNS S 0 =i |
S5 AR [R] A LR R R AR AE HT BAR
RE fe PR (A o M R L R 2.

#£5 AEERETREG

Tab.5 Comparison of time consumption

Dataset RCD AUE HT ECD
HyperPlane 14.40 (2) 153.08 (4) 13.47 (1) 15.35 (3)
SEA 4,56 (2) 54,05 (4) 6.41 (3)  3.87 (1)
Waveform  8.38 (1)  84.13 (4) 11.42 (3) 10.21 (2)
Elist 1.36 (3)  2.43 (4)  0.98 (1) 1.24 (2)
Spam 17.36 (4) 13.45 (3> 4.36 (1)  7.02 (2)

Average Rank 2.4 3.8 1.6 2.0

WK 2 R AE SEA BREP K ET 3 IKE



