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An enhancing probability algorithm for imbalanced datasets based on
GMM-EM

CHEN Gang', WU Zhen-jia
(School of Science, Dalian Maritime University, Dalian 116026, China)

Abstract: The classification of imbalanced datasets has been recognized as a vital issue in the field of machine learning.
In an imbalanced dataset, there are obviously fewer training examples of the minority class compared to the majority
class so that the result of classification may be biased towards the latter. As a result, the classification performance
of whole dataset has a tendency to be poor. Facing on the problem, an enhanced probability algorithm based on the
Gaussian mixture model-expectation maximization (GMM-EM) method is proposed for imbalanced datasets. Firstly, the
probability density functions (PDFS) of the minority class are obtained by using GMM and EM algorithms. Secondly,
because original samples with high probability density have more powerful ability to generate new instances than low
probability density samples according to the basic rule of probability theory, an enhanced probability algorithm is given
based on PDF of the minority class. The algorithm ensures that the PDFs of the new balanced minority class are in
accordance with the original minority class, and makes the minority class balanced in the sense of statistics. Finally, the
proposed algorithm and other methods are applied together with a decision tree classifier for assessment. By choosing
eight imbalanced datasets from UCI and KEEL repositories, experimental results show that the proposed algorithm is
more effective than other methods.
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pn = [12.977,3.497,2.341, 16.834, 106.339, 2.695, 2.907, 0.273, 1.843, 5.037, 1.054, 3.056, 1115.712]
Wine(1-2
ine(1-2) o = [0.788,0.739,0.067,1.247,10.410, 0.185, 0.520, 0.004, 0.514, 2.078, 0.025, 0.086, 219.635]
p = [13.860, 3.233, 2.355,20.713, 99.312, 1.664, 0.620, 0.411, 1.316, 6.600, 0.644, 1.673, 629.900]
Wine(2-3
ine(2-3) o = [0.446,1.162,0.141, 2.235,10.410, 0.261, 0.012,0.017,0.270, 2.078,0.113, 0.193, 113.892]
pn = [1.519,14.770, 3.574,1.274,72.405,0.579, 8.794, 0.008, 0.057]
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ass(1-3) o = [0.003,0.251,0.017,0.129, 0.497, 0.223, 0.289, 0.035, 0.105]
p = [1.519,11.030, 1.582,1.936, 72.366, 4.541, 12.500, 0.188, 0.061]
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o = [0.003,0.739, 2.090, 0.460, 1.232, 2.055,1.197, 0.584, 0.149]

= [5.797,141.257, 70.825, 22.164, 100.336, 35.143, 0.678, 37.067]
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o = [3.734,31.880, 21.452, 17.650, 138.430, 7.249, 0.124, 10.948]
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p = [0.471,0.481, 0.530, 0.188, 0.503, 0.000, 0.447, 0.337]
Yeastl o = [0.011,0.011, 0.011, 0.022, 0.042, 0.000, 0.010, 0.111]
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