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Data Stream Ensemble Classification Algorithm Based on Tri-training

Hu Xuegang, Ma Liwei, Li Peipei

(Data Mining and Intelligence Computing Laboratory, School of Computer and Information, Hefei University of Technology,

Hefei, 230009, China)

Abstract: Data stream classification is one of important research tasks in the field of data mining. Most
existing data stream classification algorithms require the labeled data for training. However, there are
few labeled data in data streams in real applications. To solve this problem, the labeled data can be ob-
tained by manual labeling, but it is very expensive and time consuming. Considering the unlabeled data
are huge and full of information, a data stream ensemble classification algorithm based on Tri-training for
labeled and unlabeled data is proposed in this paper. The proposed algorithm divides data stream into
chunks by sliding windows and trains base classifiers with Tri-training on the first coming £ chunks with
labeled and unlabeled data. Then the classifiers are iteratively updated by weighted voting until all unla-
beled data are labeled. Meanwhile, the £+ 1 data chunk is predicted by using the ensemble model of %
Tri-training classifiers and the classifier with higher classification error is discarded, which reconstructs a

new classifier on current data chunk to update the model. Experiments on 10 UCI data sets show that the
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proposed algorithm can significantly improve the classification accuracy of data stream even with 80 % un-

labeled data in comparison with traditional algorithms.

Key words: data stream classification; Tri-training; unlabeled data; ensemble; weighted voting
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Fig. 1 Sketch of data stream ensemble classification algorithm based on Tri-training
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Adult 2 14 32 561 24.1/75.9
Stranger 2 7 100 000 88.9/11.1
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Tab.2 Datasets’ precision of TriTDS, Tri-training and the algorithom in Ref. [15] on different rates of unlabeled ur

ur=0.2 ur=0.4 ur=0.6 ur=0.8
Dutesetorps T ooy perps TR sy perps TR gy perps TR gy

nin nin, nin nin
Stranger 1,000 1,000 0.88% 1000 1000  0.889 1000 1,000  0.889 0.917 1000 0,888
Sk 0.997  0.987  0.914 0.997  0.988  0.924 0.993  0.984  0.923 0.993  0.979  0.981
Hypothyroid 0,993 0.900  0.963 0.987  0.989  0.952 0.987 0,989  0.956 0.970  0.989  0.930
Australian  0.889  0.852  0.839 0.889  0.852  0.830 0.933  0.838  0.850 0.867  0.807  0.800
Wdbe  0.911  0.951  0.913 0.889 0,930  0.908 0.933  0.923  0.903 0.911  0.925  0.908
Vote  0.857  0.960  0.620 0.87  0.951  0.623 0.822  0.951  0.63¢ 0.80  0.945  0.613
Tonosphere 0,967  0.898  0.932 0.967  0.913  0.895 0.967  0.913  0.857 0.933  0.879 0880
Diabetes  0.817  0.900  0.768 0.850  0.727  0.745 0,80  0.748  0.751 0.800  0.712  0.762
German  0.800  0.704  0.750 0.800  0.707  0.749 0,783  0.684  0.747 0.733  0.676  0.747
Adule  0.883  0.814  0.804 0.867  0.807  0.809 0.883  0.831  0.809 0.850  0.797  0.800
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