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An Ensemble Algorithm Based on Random Patches and Weighted
Sampling for Imbalanced Data Classification
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Abstract: In many real-world problems, the datasets are typically imbalanced which probably degenerate the learning algorithm. To handle
these skewed datasets, there are many class imbalance learning methods are proposed, especially ensemble methods due to their efficiency.
While most of these ensemble methods mainly focus on the level of samples and neglect the features aspect. And conventional random sampling
method do not pay enough attention to the boundary which always contain hard classified samples. Propose an ensemble sampling method
named BRPE to overcome this deficiency. BRPE firstly samples a feature subset; then down—sample majority class instances via its closest eu-
clidean distance to minority class samples to create a balanced random patch as training subset ; then trains a base learner using each of sub-
sets, and finally obtains the output combined of these learners. Experiments on both 10 synthetic datasets and 8 real-world datasets show that
BRPE can achieve higher F1 and AUC values than other four existing ensemble methods for class imbalance.
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Table 2 The F1 value of ensemble models on synthetic datasets

K2 BENBERESHEEE LHFIE

Fl1 Synth Synth, Synth, Synth, Synths Synth Synth, Synthg Synth, Synth 1

BB 0.573 0.529 0.442 0.512 0.376 0.421 0.407 0.379 0.359 0.338 0.433

BRF 0.608 0.502 0.443 0.489 0.355 0.405 0.399 0.375 0.355 0.333 0.426
RUSB 0.575 0.397 0.285 0.297 0.192 0.215 0.203 0.225 0.190 0.189 0.277

EE 0.636 0.562 0.459 0.490 0.374 0.402 0.387 0.365 0.360 0.341 0.437
BRPE(a=0.4) 0.556 0.526 0.466 0.509 0.395 0.429 0.415 0.387 0.382 0.361 0.443
BRPE(a=0.5) 0.617 0.548 0.461 0.514 0.390 0.431 0.416 0.369 0.370 0.363 0.448
BRPE(a=0.6) 0.624 0.560 0.466 0.525 0.381 0.428 0.406 0.386 0.372 0.357 0.450
BRPE(a=0.7) 0.653 0.561 0.470 0.505 0.383 0.419 0.407 0.377 0.367 0.352 0.450
BRPE(a=0.8) 0.652 0.558 0.471 0.506 0.380 0415 0.393 0.377 0.367 0.349 0.447

Table 3 The AUC value of ensemble models on synthetic datasets
F3 BRERBREESHBEE EWAUCHE

AUC Synth | Synth., Synth Synth,, Synth Synth Synth., Synthg Synth, Synth 14

BB 0.844 0.818 0.747 0.776 0.695 0.716 0.696 0.697 0.674 0.649 0.731

BRF 0.884 0.836 0.793 0.816 0.713 0.759 0.751 0.730 0.719 0.700 0.770
RUSB 0.740 0.654 0.596 0.603 0.556 0.566 0.561 0.572 0.552 0.553 0.595

EE 0.901 0.867 0.812 0.816 0.738 0.767 0.748 0.725 0.736 0.715 0.781
BRPE(a=0.4) 0.838 0.836 0.805 0.820 0.750 0.778 0.765 0.743 0.751 0.731 0.782
BRPE(a=0.5) 0.874 0.853 0.802 0.823 0.745 0.784 0.772 0.727 0.740 0.733 0.785
BRPE(a=0.6) 0.874 0.856 0.807 0.833 0.740 0.787 0.769 0.744 0.740 0.728 0.788
BRPE(a=0.7) 0.891 0.861 0.808 0.824 0.742 0.779 0.766 0.737 0.739 0.725 0.787
BRPE(a=0.8) 0.893 0.860 0.811 0.825 0.742 0.774 0.753 0.738 0.737 0.720 0.785
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