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Big Data for Intelligent Decision Making

YU Hong! HE De-Niu* WANG Guo-Yin' LI Jie? XIE Yong-Fang®

Abstract As aresult of globalization and informatization, big data has become one kind of important strategic resources.
Decision-making activities in all walks of life are different from the past in frequency, breadth and complexity. The difficulty
of decision analysis is increased due to the increase of uncertainty factors in the decision-making process. The decision
analysis methods based on the traditional data analysis methods or manual experiences are gradually unable to meet the
needs of decision-making in the era of big data. We think the intelligent decision making methods based on big data driven
will become an important solution. This paper presents the characteristics of big data for intelligent decision making in
view of analyzing the features of big data. Some recent theoretic studies and applications of intelligent decision-making
systems, uncertainty intelligent decision making, methods based on information fusion, methods based on association
analysis and incremental learning are reviewed. The paper also points out the future perspectives and potential research

points.
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Table 1 Comparison of data fusion under different levels
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Fig.1 The paradigm of cross-domain big data fusion
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