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Automatic Selection of Classification Algorithms
Using Meta-feature and Feature Selection

ATSUSHI OTSUKA™  MUNEHIRO NAKAMURAT?
HARUHIKO KIMURAT?

With the arrival of big-data society, methods for classifying real-word problems have attracted much attention for researchers and
developers in various fields. However, since a large variety of classification algorithms has been available, it is difficult for
non-experts to find classification algorithms that achieve good results on a given data set. This paper presents a system of
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predicting the best classification algorithm for a given data set with respect to the accuracy.
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Figure 1 Proposal system overview.
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Figure 2 How to create a leaning data.
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Table 1 30 classifiers in six categories implemented in the

proposed system.
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Table 2 Parameter of Wrapper Subset Eval.

Classifier IB1
Fold 5
Seed 1

Threshold 0.01

# 3 Genetic Search ®/XF A —Z —
Table 3 Parameter of Genetic Search.

crossobcerProb 0.6
maxGenerations 20
mutationProb 0.033
populationSize 20
reportFrequency 20
Seed 1
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Leave-one-out cross-validation z 5.
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Table 4 Result of the evaluation experiment.

BIE[%) | EHE WE] | FE%]
0 54 448 43.4
10 47 46.55 44.8
20 19 62.07 61.5
30 5 65.52 65.8
40 14 62.07 61.7
50 7 62.07 61.7
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Table 5 Result of attribute selection when threshold 30%.

fEHEME[%] Lsaeed
100 knn
100 max_entropy
100 numerical
100 classes
98 mean_level
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