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Incremental Learning Method for Feature-evolving Data Streams
CHEN Yanfei, LIU Sanmin
School of Computer and Information, Anhui Polytechnic University, Anhui Wuhu 241000, China

Abstract: Objective The feature space of feature-evolving data streams dynamically changes over time. Traditional
incremental learning methods are constrained by the assumption of a fixed feature space and cannot be directly applied to
the learning scenario of feature-evolving data streams. Therefore, to address the problems of classification models
mismatching with current data features and model prediction performance being affected by noise interference when mining
feature-evolving data streams, an incremental learning method tailored to feature-evolving data streams was proposed.
Methods Firstly, by introducing fuzzy membership functions and combining them with an incremental twin support vector
machine model, classifiers were robustly trained and updated. When new features appeared, new classifiers were
retrained, and the mapping relationship between new and old features was fitted using a local linear weighted regression
algorithm. Thus, when old features disappeared, the trained old classifiers were projected into the new feature space for

continued updating using the learned mapping relationship. Finally, two different ensemble strategies were combined to
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merge the new and old classifiers for joint prediction. Results Through extensive simulation experiments, the proposed

method improved classification accuracy by 0. 3% to 21. 7% compared with baseline methods. On datasets with different

signal-to-noise ratios, the overall performance of the classification model was superior to that of the baseline model, and

the model” s classification effectiveness was less affected by artificially increasing the noise ratio. Conclusion The

proposed method is verified to construct an efficient and stable classification model, which not only enhances model

prediction accuracy but also reduces the interference of noise on classification performance, thus strengthening the

adaptive learning capability of the model for feature-evolving data streams.

Keywords: data stream mining; feature evolution; incremental learning; dynamic data streams; ensemble learning
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Table 3 Accuracy of the compared algorithms on synthetic datasets without noise

Dataset Australian Credit-a Credit—g Diabetes DNAI12
NOGD 0. 592+0. 034 0. 670+0. 040 0. 597+0. 025 0. 623+0. 038 0. 509+0. 035
NX 0. 868+0. 021 0. 845+0. 028 0. 720=0. 028 0. 710+0. 029 0. 890+0. 014
"""""" ROGD-u  0.8600.028  0.837£0.022 0.732%0.025  0.625£0.030 0.890+0.014
RXou 0.860950.023  0.84760.026 07180030 0.700s0.038  0.8900.006
FESL-c 0. 850+0. 030 0. 824+0. 025 0.732+0. 025 0. 633+0. 032 0. 885+0. 017
FESL-s 0. 842+0. 033 0. 811+0. 022 0. 733+0. 023 0. 623+0. 035 0. 888+0. 013
ILFE-¢ 0. 865+0. 023 0. 845+0. 027 0. 719+0. 028 0.707+0. 033 0. 889+0. 023
ILFE-s 0. 869+0. 022 0. 847+0. 026 0.721+0. 029 0. 712+0. 033 0. 894+0. 020
Dataset German Kr-vs—kp Svmguide3 HTRU_2 Magic04
NOGD 0. 599+0. 023 0.531+0.018 0.615+0. 024 0.952+0. 002 0.515+0.271
NG 0TITs0.023  O867:0.006 070015 0.909x0.0M4  0.758s0.021
ROGD-u 0. 706+0. 017 0.781+0. 016 0.770+0. 014 0. 968+0. 002 0. 683+0. 004
RX~-u 0. 715+0. 015 0. 870+0. 014 0. 776+0. 017 0. 970+0. 005 0. 757+0. 018
"""""" FESL-c  0.706+0.017  0.779£0.015 0.768%0.013 0.968+0.002 0.547%0.289
FESL-s 0. 701+0. 020 0.769+0. 022 0.770+0. 014 0. 966+0. 005 0. 547+0. 288
ILFE-c 0.719+0. 013 0. 869+0. 014 0.777+0. 017 0. 971+0. 004 0. 764+0. 015
ILFE-s 0.723+0. 012 0. 870+0. 014 0.779+0. 016 0. 971+0. 004 0.763+0. 015
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Fig. 4 Experimental results with different B values
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Fig.5 Experimental results with different sizes of mini—batch
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