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Abstract

As the digital age continues to evolve, understanding network users' individualized needs and behavior patterns is
becoming increasingly important. This study explores the comments left by different MBTI personality types on the
network to reveal differences in their interests. Using Python, we analyzed various MBTI types' comments to extract
interest topics and identified differences between them. In an era of abundant information, understanding diverse
personality types' needs and behaviors will assist in optimizing network services and products. This research not only
academically provides new perspectives and tools to understand individual user needs but also practically serves as a
valuable reference for promoting user-centered content distribution and service innovation.
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Fig. 1. Statistics of word frequency
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