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In a wide range of domains such as cancer diagnosis, vehicle accident
prediction, etc., there is a high demand for the classification of a small number of emergent
instances (minority class) and a large number of ordinary instances (majority class). However, the
imbalance of the two classes causes overlooking minorities. Conventional solutions for this were
domain-specific and difficult to control the balance of performance between the classes. We
therefore aim at the development of an imbalanced data classifier which is of high versatility and
achieves the balance control and the improvement of performances. The proposed method is based on
kernel logistic regression, minimum classification error and generalized probabilistic descent, and
confusion matrix. The superiority of the proposed method to the conventional ones was confirmed by
the evaluation experiments. We finally published an academic journal paper to report all this
research results.
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#1
Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 95.83 100.00 100.00 97 87 98.40
KLOGR 100.00 9565 9231 100.00 96.88
100.00 95.65 9231 100.00 96.88
Haberman
Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 87.50 8261 63.64 95.00 80.36
KLOGR 50.00 100.00 100.00 85.19 77.31
50.00 10000 100.00 85.19 77.31
Ecoli-pp
Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 100.00 100.00 100.00 100.00
KLOGR 100.00 96.55 8333 100.00 94.43
100.00 10000 100.00 100.00 100.00
Ecoli-imu
Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 50.00 100.00 100.00 93.75 78.95
KLOGR 50.00 96.67 66.67 93.55 71.38
50.00 10000 100.00 93.75 78.95
Pop_failures
Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 9592 7143 100.00 90.04
KLOGR 80.00 97.96 80.00 97 96 88.07

80.00 100.00 100.00 98.00 93.67

Yeast-1_vs 7

Ideal Test Performance [%]

Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 100.00 100.00 100.00 100.00
KLOGR 66.67 100.00 100.00 9773 88.43

100.00 51.16 1250 100.00 33.46
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Ideal Test Performance [%]

Classifiers Sens Spec PPV NPV HM
CM-KLOGR 95.83 100.00 100.00 97 87 98.40
KLOGR-US 100.00 95.65 9231 100.00 96.88
KLOGR-0S 100.00 95.65 9231 100.00 96.88
SVM-US 100.00 95.65 9231 100.00 96.88
SVM-0S 95.83 100.00 100.00 97 .87 98.40
Haberman

Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 87.50 8261 63.64 95.00 80.36
KLOGR-US 87.50 7391 53.85 04 44 73.91
KLOGR-OS 87.50 7826 5833 9474 77.06
SVM-US 50.00 100.00 100.00 85.19 77.31
SVM-0S 50.00 100.00 100.00 85.19 77.31
Ecoli-pp

Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 100.00 100.00 100.00 100.00
KLOGR-US 100.00 96.55 8333 100.00 94.43
KLOGR-OS 100.00 9310 7143 100.00 89.40
SVM-US 100.00 96.55 8333 100.00 04.43
SVM-0OS 100.00 96.55 8333 100.00 04.43
Ecoli-imu

Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 50.00 100.00 100.00 93.75 78.95
KLOGR-US 50.00 100.00 100.00 93.75 78.95
KLOGR-0OS 50.00 96.67 66.67 9355 71.38
SVM-US 50.00 96.67 66.67 9355 71.38
SVM-0S 50.00 100.00 100.00 93.75 78.95
Pop_failures

Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 9592 7143 100.00 90.04
KLOGR-US 100.00 00.00 09.26 50.00 00.00
KLOGR-OS 100.00 93.88 6250 100.00 85.74
SVM-US 00.00 100.00 50.00 90.74 00.01
SVM-0S 80.00 97.96 80.00 97 96 88.07
Yeast-1_vs_7

Ideal Test Performance [%]
Classifiers Sens Spec PPV NPV HM
CM-KLOGR 100.00 100.00 100.00 100.00 100.00
KLOGR-US 66.67 9535 50.00 97 62 71.77
KLOGR-OS 100.00 97.67 75.00 100.00 91.80
SVM-US 100.00 8837 3750 100.00 68.99
SVM-0OS 100.00 8837 3750 100.00 68.99
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