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Abstract

The retail market industry is one of the industries that affects the economies of countries, the life of
which depends on the level of satisfaction and trust of customers to buy from these markets. In such a
situation, the retail market industry is trying to provide conditions for customer feedback and
interaction with retailers based on web pages and online platforms. Because the analysis of published
opinions play a role not only in determining customer satisfaction but also in improving products.
Therefore, in recent years, sentiment analysis techniques in order to analyze and summarize opinions,
has been considered by researchers in various fields, especially the retail market industry.

Therefore, in this study, with the aim of improving the results of extracting features from the text of
Persian comments and increasing the accuracy of Persian sentiment analysis, a new framework for
sentiment analysis at sentence level, based on BERT, CNN-BILSTM feature extraction model and
XGBoost classification model is proposed. Finally, the research results show 95.02% accuracy for
classifying the sentiment of the text of Persian comments; Based on the proposed framework, according
to which it can be acknowledged, CNN-BIiLSTM is one of the powerful methods in extracting features
from Persian text, which, while accurately extracting features, also increases increases the accuracy of
Persian sentiment analysis.
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