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Understanding the Hot Topics of Public Feedback in the Smart
City Context: A study based on Probabilistic Topic Modeling

Baojun MA', Nan ZHANG’

(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 networking technology, the public has more channels to participate in public affairs

discussions. The government also build official online feedback platforms for understanding the public for urban management,

policies and regulations, and other aspects of service satisfaction via comments and feedback, in order to detect and solve

problems. In the Web2.0 era, with the concept of broad public participation, effective analysis of the above information and de-

cision support to achieve intelligent urban management is to achieve an important way. However, due to the huge volume of

web data, it is impossible to help the government to learn about the public feedback efficiently and comprehensively, by using

the traditional manual reading and annotation. In this context, based on the specific probabilistic topic modeling method named

Latent Dirichlet Allocation, the study proposes a methodology framework to extract the possible concerned latent topics for

government or policy makers, and analyze the discussed hotness changed with time. A case study on actual data from a net-

work platform for the public feedback during 2006-2013 is also discussed, showing the results of the preliminary analysis and

of the validity of the mentioned framework.
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