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Terrorism Prediction Based on Bayes Method and Change Table

XUE An-rong MAQO Wen-yuan WANG Meng-di CHEN Quan-zhen
(School of Computer Science and Communication Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract Traditional terrorism behavior prediction algorithms do not consider how the group will change its behaviors,
CAPE predicts changes of behaviors according to context variation of organizations, but it only predicts the changes of
behavior based on changes of the context, which is existed in its change table. Considering the characteristics of the high
dimensions and small samples of terrorism data, this paper proposed a terrorism prediction algorithm based on improved
change table using Bayes method, to predict organizational behavior according to any behavior changes. It predicts or-
ganization behaviors on the change table due to the fact that Bayes method classifies high dimensions and small sample
in a fast and efficient way. Thus, it improves prediction precision and computing efficiency. In addition, considering the
continuing effect of the change of the group’s context on its behavior, the weighted Bayes method with different time

lags is used to predict the behavior of the organization. Experiments on multiple organization data of MAROB show

that, the proposed algorithm is better than CAPE algorithm on accuracy and time complexity.
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