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A Study on Training Data Selection Method for EEG
Emotion Analysis using Semi—supervised Learning Algorithm

= A*F 7 X
S W, .

4

&
-

o

*
Jong-Seob Yun®, Jin Heon Kim"

Abstract

Recently, machine learning algorithms based on artificial neural networks started to be used widely as classifiers in
the field of EEG research for emotion analysis and disease diagnosis. When a machine learning model is used to
classify EEG data, if training data is composed of only data having similar characteristics, classification performance
may be deteriorated when applied to data of another group. In this paper, we propose a method to construct training
data set by selecting several groups of data using semi-supervised learning algorithm to improve these problems. We
then compared the performance of the two models by training the model with a training data set consisting of data
with similar characteristics to the training data set constructed using the proposed method.
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Fig. 1. Block diagram for the proposed method.
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Fig. 2. The process of changing the data label according to the progress of data selection. (a) Original Label Data, (b) Label
data after applying constraints, (c) Label data after perform the semi-supervised learning algorithm, and (d) The
intersection of the label after performing semi-supervised learning algorithm and the original data label.
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Table 1. Accuracy of Artificial Neural Network Models for
Two Dataset.

E 1 F ool Mt o1F AFY nYse

e

Dataset Dataset with Dataset without

Models proposed method proposed method

1 53.3% 33.3%

2 53.3% 40.0%

3 60.0% 36.7%

4 36.7% 33.3%

5 33.3% 50.0%
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