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Study of Feature Extraction Techniques
Used in Sentiment Analysis

Abstract:

The development of Web 2.0 has changed the way people
communicate and encourage them to share their opinions, ideas,
and experiences in blogs, forums, and social networks. This data is
valuable information for both individuals and organizations and
helps them to make decisions. This huge amount of data needs
special techniques to process and analyze. These techniques are
known as sentiment analysis techniques. Sentiment analysis relies
on four main tasks: defining opinion, extracting features, then
classifying sentiments to determine opinion polarity, and finally
visualizing and summarizing the results. Feature extraction is one
of the most complex tasks in sentiment analysis. In this paper, we
made a study about the performance of four feature extraction
techniques, which are BOW, TF-IDF, Word2vec and BERT. We
used the features extracted using these techniques to train and test
five machine-learning classifiers: logistic regression (LR), support
vector machine (SVM), Naive Bayes (NB), decision tree (DT), and
random forest (RF). We evaluated the performance of these
classifiers with all techniques to discover the impact of extraction
techniques on them and compare them according to several

evaluation metrics.

Keywords: sentiment analysis, opinion mining, feature extraction,
classification algorithms, evaluation metrics.
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