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Mining Official Chronology from Historical Documents:

By Example of Veritable Records of the Qing Kangsi

Bo-Cheng Que, Fang-Shiuh Song, Man-Kwan Shan, Ming-Feng Tsai

Department of Computer Science

Natioinal Chengchi University
Abstract

This research investigates the data mining approach to discover the official
chronology from historical documents. We propose the named-entity extraction
algorithm based on the frequent itemset mining with period to discover the names of
chief officials and official chronology. Then we develop the algorithms to discover
the promotion co-occurrence patterns from official chronologies. Then the social
network is constructed based on the discovered promotion co-occurrence patterns, the
event co-occurrence patterns and the discovered kinship mining from historical
documents. The Veritable Records of the Qing Kangsi is taken as an example for
experiments and the visualization analysis to demonstrate the proposed methods for

historical research.

Keywords : Official Chronology, Data Mining, Veritable Records of Qing, Social Network
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