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Ensemble Learning Model for Cardiotocography Classification
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ABSTRACT
This paper demonstrates the use of heterogeneous classifier ensemble learning for improving classification
accuracy in cardiotocography (CTG) diagnosis. The CTG is consisting of fetal heart rate and tocographic signals, is a
method used for intrapartal evaluation of the wellbeing of the fetus. The members of heterogeneous classifier
ensemble is consisting of seven RBFs, two C5.0 and a SVM that trained on 70% of 2,126 records of CTG and using
majority voting of the member. The results showed that the heterogeneous classifier ensemble correctly identified

99.81% compared to the homogeneous classifier ensemble that consist seven RBFs correctly classified 99.24%.
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Cardiotocography
Data Set Characteristics: Multivariate
Attribute Characteristics: Real
Associated Tasks: Classification
Number of Instances: 2126
Number of Attributes: 23
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Members | RBF1 RBF2 RBEF3 RBF4 RBF5 RBF6 RBF7 Voting
0, 0, 0, 0, 0, o, 0,
(%) (%) (%) (%) (%) (%) (%) Correct (%)
3 98.35 98.65 98.65 99.09
4 98.35 98.65 98.65 98.05 99.09
5 98.35 98.65 98.65 98.05 98.50 99.24
6 98.35 98.65 98.65 98.05 98.50 98.65 99.24
7 98.35 98.65 98.65 98.05 98.50 98.65 98.50 99.24
2. msdwundeyavesdanes iy C5.0
= v ° ) o ax
MI1N 3 ANNYNABIVEININUNTOYAVBIOANBI NN C5.0
Boosting Cross-validate Correct (%)
10 10 97.89
10 20 97.89
10 30 97.89
20 10 97.89
20 20 97.89
20 30 97.89
30 10 97.89
30 20 97.89
30 30 97.89
50 10 97.89
50 20 97.89
50 30 97.89
100 10 97.89
100 20 97.89
100 30 97.89
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C Degree Correct (%)
10 2 78.20
50 2 78.20
100 2 78.20
10 3 78.20
50 3 78.20
100 3 78.20
10 4 78.20
50 4 78.20
100 4 78.20
10 5 78.20
50 5 78.20
100 5 78.20
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RBFl | RBF2 RBF3  RBF4 RBF5 RBF6 RBF7 C5.0(1) C50() SVMI  Voting
) o) 0 ) B () (%) Correct (%)
98.35 | 98.65 98.65 98.05 9850 = 98.65 98.50 99.24
98.35 | 98.65 = 98.65 98.05 9850 98.65 98.50 = 98.20 99.39
98.35 | 98.65 = 98.65 98.05 9850 98.65 = 98.50 = 98.20 97.74 99.39
98.35 | 98.65 = 98.65 98.05 9850 98.65 9850 = 98.20 97.74 | 7820 99.81
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