Tabriz Journal of Electrical Engineering (TJEE), vol. 54, no. 4, December 2024 Serial no. 110
DOI: 10.22034/tjee.2024.58494.4724

Using generative adversarial networks to increase the classification efficiency of imbalanced
user reviews

Bahareh Javid, Hoda Mashayekhi”

Faculty of Computer Engineering, Shahrood University of Technology, Shahrood, Iran?, 2
E-mails: bahareh.javid@shahroodut.ac.ir; hmashayekhi@shahroodut.ac.ir
* corresponding author

Short Abstract

Text generation methods use artificial intelligence to automatically generate natural language texts. One of the uses of text generation is in text
classification. Many real-world problems are related to imbalanced textual data, which can reduce classification efficiency. One approach to solving
the imbalanced data problem is the minority class oversampling. Due to the progress of generative adversarial networks (GAN) in data generation, these
networks can be used to generate text samples in oversampling. Generating text using GANs is a complex problem due to the discrete nature of text.
Despite their potential, the use of these networks in solving the problem of imbalanced textual data has rarely been investigated. This article examines
the effect of using the SentiGAN network to solve the problem of imbalanced user reviews with the aim of improving the classification efficiency. To
evaluate the proposed method, before and after oversampling with traditional, recent and SentiGAN methods, four classification algorithms were
implemented on the data and evaluation criteria were calculated. It was observed that oversampling with the help of SentiGAN has increased the
accuracy, precision, specificity and f_score of zero class compared to the situation where the data is imbalanced or even is oversampled by the other
methods.
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1-  Short Introduction

In human activities, classification is one of the most used decision-making tasks. When dealing with real data, some conditions such as missing,
imbalanced, and/or unlabeled data may reduce the accuracy and efficiency of the classifier. The imbalanced data problem in classification means that
the number of instances in one (majority) class is much more than the number of instances in another (minority) class. Oversampling is a common data-
driven preprocessing method for dealing with imbalanced data. Generating text by adversarial generative networks can use as an oversampling method
to solve imbalanced text problem. Generating text by GANs is much more complex, because these models have not reached maturity in the scope of
text generation.

2-  Proposed Work and Methodology

In this article, it is proposed to use SentiGAN to solve the problem of imbalanced user reviews. Since GAN networks have the ability to generate data
very similar to the original data, learn the internal representation of data, and learn disordered and complex distributions, they can be a good tool for
oversampling. In order to evaluate the proposed method, first some classification algorithms were applied on imbalanced data and evaluation metrics
were calculated. Then the data were balanced by traditional and recent oversampling methods (including SMOTE and ADASYN and a recent method).
After that, the classification algorithms were applied to the data and the evaluation metrics were calculated. In the other part, the data were balanced
with the help of SentiGAN network and classification algorithms were applied on them and evaluation metrics were calculated. At the end, the results
of three cases were compared. In this we used Yelp database which includes customer reviews about restaurants. As a summary based on the observations
of this research, it can be said that oversampling generally reduces the value of the recall compared to the case where the data are imbalanced. (In
classification with random forest and naive Bayes algorithms, oversampling with SMOTE method increases the recall compared to the case where the
data is imbalanced. Also, no change of recall can be seen in the classification with XGBoost.). On the other hand, oversampling with traditional and
recent methods does not change the value of the precision (a slight decrease in the value of the precision in the logistic regression and XGBoost
algorithm), but oversampling with the help of SentiGAN increases the value of the precision compared to that the data are imbalanced. Oversaming
increases the Specificity compared to the case where the data is imbalanced, and this increase is greater when the data is balanced with the help of
SentiGAN. Regarding the NPV, it was observed that oversampling with the help of SentiGAN increased this measure compared to imbalanced and
balanced data using traditional and recent methods (of course, this was not observed in the XGBoost and Naive Bayes algorithms). In the following, it
was observed that oversampling by traditional and recent methods does not change the accuracy (a very small decrease in the accuracy in the logistic
regression algorithm and in the naive bayes algorithm when balancing with the recent oversampling method also a very small increase in the accuracy
in the random forest algorithm when Balancing with the SMOTE method) and oversampling with the help of SentiGAN increases the accuracy compared
to the case where the data is imbalanced.

3-  Conclusion

In this research, the effect of using GANSs in increasing the efficiency of classification on imbalanced user reviews was investigated. In general, data
balancing using SentiGAN is useful for increasing the classification efficiency of imbalanced textual data and has better overall performance compared
to traditional oversampling methods. As future works, it is possible to investigate the effect of multi-class GAN networks in solving the problem of text
imbalance and improving the efficiency of text classification. Investigating the efficiency of classification in the use of GAN networks in cases where
the data is unbalanced and has multiple labels, as well as the use of GAN networks in solving the problem of missing data can be the subject of future
research.
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