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Using multiple BERT models for Improving the Readability of YouTube
Comments
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Abstract: Nowadays, it is common to read the comments along with the video when watching a YouTube
video. While reading the comments can provide new insights and empathy, some comments can be insulting
or offensive. YouTube has its own way of displaying comments based on the top ratings or newest. In this
study, we created a comment analysis tool that adds five analysis criteria to comments: harmful, spam,
sentiment, sarcasm, and constructive. In this paper, we propose a tool and a framework to analyze and

visualize comments on YouTube. Finally, we present some evaluation results.
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