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Abstract In the dynamic data stream, due to its instability and the existence of concept drift, the ensemble classification model
needs the ability to adapt to the new environment in time. At present,the weight of the base classifier is usually updated by using
the supervision information,so as to give higher weight to the base classifier suitable for the current environment. However, su-
pervision information cannot be obtained immediately in a real data stream environment. In order to solve this problem, this paper
presents a data stream ensemble classification algorithm,which updates the weight of the base classifier through information en-
tropy. Firstly.the random feature subspace is used to initialize each base classifier to construct the ensemble classifier. Secondly,
a new base classifier is constructed based on each new data block to replace the base classifier with the lowest weight in the en-
semble. Then,the weight update strategy based on information entropy will update the weights in the base classifier in real time.
Finally. the base classifier that meets the requirements participates in weighted voting to obtain the classification result. Compa-
ring the proposed algorithm with several other classic learning algorithms, the experimental results show that the proposed me-
thod has obvious advantages in classification accuracy and is suitable for various types of concept drift environments.
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Fig. 1 Classification accuracy of the algorithm on RanTree
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Table 3 Average classification accuracy of comparison algorithm

(BT %)

e NB AUE AWE  DWM OBag  OBoost IEWU IEWU-NoUpdate
RanTree, 70.99 91.62 79.08 73.01 91.89 92.49 92.95 86.57
Agrw, 71.77  91.31 88.79  78.35  87.59  89.43  91.73 85. 00
SEA, 85.96  88.20  87.70  88.11  87.16  87.89  88.50 86.51
CoverType  65.91  87.21  80.48  82.89  84.70  89.94  85.30 82.23
Poker 58. 81 66.98  60.40  73.54  80.68  84.19  85.13 79.23
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Table 4 Comparison algorithm running time
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Agrwg 3.61 88. 66 152.16 89. 25 65. 80 84. 64 62.92 61.42
SE/\g 2. 86 31.59 53.80 67.06 20. 84 25.22 19.68 22.24
CoverType 10. 45 150. 59 295.25 119. 83 69. 86 93.95 65.57 66.83
Poker 4.92 53.53 63. 83 37.59 35.23 50.03 40. 36 39.23
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