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( Recursive Oversampling Method for Improving Classification
Performance of Class Unbalanced Data in Patent Document Automatic
Classification )
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Abstract

Class imbalance refers to a case in which the difference in the number of samples between the defined classes is very large,

so that most of the samples are predicted as a majority class with a larger number of samples than a minority class with a
small number of samples. In this study, we propose a technique called recursive oversampling to solve the problem of classifiers
generated from patent data in class imbalance. After generating a classifier trained with class imbalanced data, random data
is generated based on the patent document, and the generated random data is classified with the previously defined classifier.
The recursive oversampling is a method of sampling data predicted by a minority class among random data predicted by a
classifier. When comparing the classifier made through recursive oversampling with the original classifier, the precision, recall,
and f-score of the minority class were increased. In particular, it was confirmed that the accuracy of the minority class increased
even when compared to the classifier using the SMOTE oversampling technique.
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MM 2 ME2 7|8 2] pseudo code

Tablel. Pseudo code of recursive oversampling method.
pseudo code
1 |mlp_model := TRAIN(imblanced_dataset)
2 |REPEAT n times
3 train_set := imblanced_dataset
41 po
2 make random_data
if PREDICT(mlp_model, random_data) is
7 minor class:
8 train_set := train_set U random_data
WHILE(train_set is balanced)
10 | mlp_model := TRAIN(train_set)
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Table 2. Training and test data used in the experiment.

HO1 HO02 HO03 HOM4 | Sum.

Balanced

.. 200
tramning set

200 200 200 800

Imbalanced
training set

Test set
Total set

200 200 50 200 650

100
300

100
300

100
300

100
300

400
1,200
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57X] Holg T4
Data composition of 5 experimental conditions.

Condition
Class Balanced
Class Imbalanced

SMOTE
OverSampling 600(each 200) 1

Borderline SMOTE
OverSampling

HO01/H02/H04
600(each 200)
600(each 200)

HO3 Sum.
800

650

200
50
50

50(0 800

.S.)

600(each 200) 300

50
150(0.s.)

Model Recursive

OverSampling 600(each 200)

800

150(0.9)
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