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Research on Resampling Ensemble Classification Method for Imbalanced Data Streams
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Abstract: Objective Class imbalance and concept drift are two main challenges in data stream classification tasks. When
they occur simultaneously, they significantly affect the performance of data stream classification algorithms. Therefore, to
address the difficulty of traditional data stream classification algorithms in handling the simultaneous occurrence of class
imbalance and concept drift, a resampling ensemble model focused on imbalanced data streams was proposed. Methods
Firstly, a boundary oversampling method tailored for data streams was designed. By leveraging the characteristics of the
triangular center of gravity, new samples were synthesized inside boundary samples to enhance the minority class within
the block, while striving to maintain the original data distribution and avoid introducing new concepts. This effectively
improved the class imbalance in the data block. On this basis, a dynamic weighted ensemble model based on Matthews
correlation coefficient as weights was designed by integrating the time decay strategy and weighted ensemble strategy. This
model solved the problem of concept drift and enhanced the adaptability and robustness of the classification mining model.

Results Simulation experiments on three real data streams and six simulated data streams demonstrated that the proposed

Wk HI81:2023-11-07 201 H JB1:2024-01-15  SCEE4'S : 1672-058X (2025) 03-0034-10

FeBIUH R A AR IS0 H (2308085MF220) ; ZRUE i A AR AIFSEHL I H (2022AH050972, KJ2021A0516) .

TEATRISY TR L (1998—) 3 LRSI BRI S8R N i 40 28 S LS RE AT A

WEREE R =R(1978—) , B ZRUEETE A #5832, 1 NHEIRIZ IR S8 2 5. Email: aqlsm@ 163. com.

5 IRS S B S, X =R WRatealE A5, T o] AR - B 850 Vit ) B RAE SR U 2R T R P [0 ] H R R R4 ( A AR BRA ) , 2025,
42(3) :34-43.
ZHANG Tuyi, LIU Sanmin, CHEN Yanfei, et al. Research on resampling ensemble classification method for imbalanced data
streams[ J]. Journal of Chongqing Technology and Business University (Natural Science Edition), 2025, 42(3): 34-43.

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%34

EFRA,F A EFERERNERFEER S LT EHR 35

method exhibited efficient identification capabilities for both majority and minority classes in imbalanced data stream

scenarios, as well as better drift perception and adaptation capabilities for sudden and incremental concept drifts. The

overall performance of the classification model was superior to the comparison algorithms. Conclusion The experiments

verify that the proposed method constructs a robust classification model for imbalanced data streams, which has better

advantages in dealing with imbalanced data streams and adapting to two types of concept drift.

Keywords: imbalanced data stream; concept drift; ensemble learning; Matthews correlation coefficient
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Fig. 3 Boundary oversampling method based on

triangular center of gravity
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Table 2 Balance accuracy of the compared algorithms on real data streams

% AWE CDS

OUSE SEA REA HDWE REM-IDS
Covtype 0.769 1 0.860 1 0.8323 0.773 6 0.717 5 0.799 5 0.887 3
Weather 0.633 2 0.682 0 0.580 6 0.654 6 0.609 0 0.693 3 0.685 8
[oT 0.966 8 0.946 0 0.9370 0.963 2 0.989 7 0.970 1 0.990 7
®3 MHEEEEREIHRR LN G
Table 3 G,,., of the compared algorithms on real data streams
HAEE AWE CDS OUSE SEA REA HDWE REM-IDS
Covtype 0.683 4 0.840 9 0.817 1 0.692 9 0.578 6 0.749 4 0.869 6
Weather 0.536 1 0.661 7 0.4300 0.5825 0.384 3 0.661 4 0. 662 7
LoT 0.964 9 0.941 7 0.9356 0.961 0 0.989 3 0.968 3 0.990 3
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Table 4 Experimental results of the compared algorithms on sudden drift data streams

AWE CDS OUSE SEA REA HDWE REM-IDS
r=1:9 DS1 0.617 7 0.693 4 0.697 3 0.622 8 0.616 4 0.658 3 0.711 7
(;;2 r=2:8 DS2 0.747 2 0.767 8 0.705 6 0.745 1 0.609 0 0.767 7 0. 806 4
r=3:7 DS3 0. 809 7 0.796 7 0. 698 8 0.8111 0. 608 6 0.814 1 0.849 2
r=1:9 DS1 0.453 1 0.631 8 0.691 0 0.468 4 0.462 2 0.549 4 0.644 8
Gran r=2:8 DS2 0.703 6 0.749 8 0.700 2 0. 699 6 0.454 5 0.735 6 0.787 6
r=3:7 DS3 0.797 9 0.791 0 0.692 9 0.799 2 0.4522 0.804 6 0.844 0
®5 NEEEEEEEFHEER LKA
Table 5 Experimental results of the compared algorithms on incremental drift data streams
AWE CDS OUSE SEA REA HDWE REM-IDS
r=1:9 Ds4 0.599 1 0. 690 4 0. 607 4 0.607 9 0. 681 0.647 5 0.691 2
(;}f; r=2:8 DS5 0.719 2 0.701 0.737 6 0.597 2 0.754 1 0.755 4 0.786 7
r=3:17 DS6 0.796 7 0.697 6 0.799 2 0.603 9 0.784 2 0.804 2 0.830 3
r=1:9 Ds4 0.406 7 0.684 3 0.438 5 0.442 0.614 4 0.5339 0.615 8
Gran r=2:8 DSs5 0. 664 7 0.694 9 0.692 7 0.429 8 0. 735 0.722 2 0.765 2
r=3:17 DS6 0.784 1 0.691 7 0. 786 0.440 8 0.778 1 0.794 7 0.824 2
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