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Public Opinion Analysis Based on Probabilistic Topic Modeling

and Deep Learning

LAO Xin', MA Baojun®, ZHANG Nan?, WAN Yan*
(1. School of Economics and Management, Beijing University of Posts and Telecommunications, Beijing
100876, China;
2. School of Public Policy and Management, Tsinghua University, Beijing 100084, China)
Abstract: With the rapid development of Internet, people begin to express their views and opinions about social events through

social media. In the Web2.0 era, with the concept of broad public participation, effective analysis of the above information and

displaying it in a reasonable style is rather essential for monitoring public opinions. This paper proposes a novel method about

public opinion analysis based on social platforms, which first utilizes probabilistic topic model (i.e., LDA) to extract public’s

different perspectives on certain event, and then uses word2vec model to calculate the emotional intensity for each text. Then,

time-series analysis is carried on the emotional intensity of the overall social event as well as certain topics selected manually,

to track public emotional changes during whole incident. We finally show the rationality and effectiveness of the proposed

method by a case study.

Key words: Public Opinion Analysis; Probabilistic Topic Modeling; Deep Learning; Emotional Intensity; Time-series

Analysis
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