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Diversity measures in ensemble learning
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Abstract: Diversity among base classifiers plays an important role in ensemble learning for illustrating the working
mechanism of multiple classifier systems and constructing effective ensemble systems. However, at present, there doesn’t
exist a widely accepted diversity measure. Firstly, some commonly used diversity measures are summarized, and the
perspective adopted by each measure is illustrated when evaluating the diversity. Then, the research progresses of diversity
measures are investigated in the following three aspects: The recently proposed interpretations and measures for diversity,
the application of diversity measures in selective ensemble, and the relationship between diversity measures and ensemble

accuracy. Finally, several directions for future research are given.
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B IEI 73 KA 7. P AE kappa thinning 75 %,
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Gy A AR BIHLAE IERA IR, (F 5 2 i 2 FE
I B AT B S A () B R G R & A
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SCHER [IS1AEST T % Fh Z R R & 5 10 Rl 2K 4
T ARG R, FEbRHER S EEAT T — R Y]
S, R R A IR i DE FE 0 5 %
PR | b ER DL IR T 2R RS B AT LR IN G R,
T At 22 AEPE B 5 U7V 5 25 R ) 10 Bl oy 888 AR T
K2 AEAA XM IR, X R nl A, 78 2 5% 5
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