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Abstract

The purpose of this study is to investigate the relationship between consumer reviews and managerial
responses, aiming to explore the necessity of webcare for efficiently managing consumer reviews. We
intend to propose a methodology for effective webcare and to construct a webcare model using machine
learning techniques based on an audiobook platform. In this study, we selected four audiobook platforms
and conducted data collection and preprocessing for consumer reviews and managerial responses. We
utilized techniques such as topic modeling, topic inconsistency analysis, and DBSCAN, along with various
machine learning methods for analysis. The experimental results yielded significant findings in clustering
managerial responses and predicting responses to consumer reviews, proposing an efficient methodology
considering resource constraints and costs. This research provides academic insights by constructing a
webcare model through machine learning techniques and practical implications by suggesting an efficient
methodology, considering the limited resources and personnel of companies. The proposed webcare model
in this study can be utilized as strategic foundational data for consumer engagement and providing useful

information, offering both personalized responses and standardized managerial responses.
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