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A Multi-Class Imbalance Learning Method
Based on HDDT Ensemble
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Abstract; In many real world applications, the number of examples from different class is significantly different,
which means the number of examples in major class is much larger than that of minor class. Therefore, learning
from imbalanced data set has received much attention of machine learning and data mining community. Considering
that most of previous research focus on binary class problem, this paper proposes a multi—class imbalance method

based on HDDT ensemble. Empirical study shows that the method is effective for multi—class imbalance learning.
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Algorithm: HDDT Ensemble
Input: Training set T

Index=1
for each pair of class 7 and j do
Binary(Index)
=HDDT{x, | y, =i} U{zy | 3,= 5}
Index+;

end for
Return; Binary
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Algorithm: Predict by voting

Input: Test data x, HDDT ensemble Binary

for each class 7 do
vote(7) =0

end for

Index=1;

for each pair of class 7 and j do
label=x predicted by Binary(Index)
vote(label) ++;
Index++;

end for

Return: arg max{vote(i)}
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abalone 4177 8 4 [448; 2 282; 487; 960 ]

anneal 898 31 5 [8; 99; 684; 67; 40]
artificial 5 109 5 [2 006; 999; 500; 300; 1 304]

car 1728 6 4 (1 210; 384; 69; 65]

cme 1473 9 3 [629; 333; 511]

hypothyroid 3772 27 3 [3 481; 194; 97]

satellite 6 435 36 6 [1533; 703; 1 358; 626; 707; 1 508]
segment 2 310 19 3 [330; 660; 1 320]
vehicle 846 18 3 [199; 218; 429]

yeast 1484 8 9 [244; 463; 429; 163; 51; 44; 35; 30; 25]
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