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ABSTRACT

Reviews of actual users have a great influence on consumers' judgment when purchasing products.
Existing shopping malls tend to focus on positive reviews, and product information and reviews of real
users are provided in a form that is difficult to grasp at a glance. Therefore, this paper proposes
MURERBot, a shopping mall review analysis chatbot system that provides a summary of not only
positive reviews but also negative reviews at a glance using sentiment analysis model. MURERbot
converts the user's question into an embedding vector through the SBERT model and the FastText
model, and then provides product recommendation, product information, and review summaries through
the similarity between the vectors. It also uses a chatbot module that supports interactive queries so that

users can easily obtain information.
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2.1.1 SBERT (Sentence-BERT)
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Table 1. results of fine-tuning a sentiment analaysis model

model accuracy
bert-base-multilingual-cased 0.80
monologg/kobert 0.55
snunlp/KR-FinBert-SC 0.78

2.1.3 Gensim — FastText
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2.1.4 GRU(Gated Recurrent Unit)
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2.2.1 TextRank
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2.2.2 Cosine Similarity
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Figure 1. System Architecture
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Figure 2. Server Architecture
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