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Novel Attribute Induction Algorithm Based on Quantized Concept Lattice

Wang Dexing, Hu Xuegang, lLiu Xiaoping

(Department of Computer Science and Technology, Hefei University of Technology, Hefei 230009, China)

Abstract; In order to deal with the problem of over-coarse or over-fine knowledge granularity in
data mining, an attribute induction algorithm based on quantized concept lattice is proposed by u-
sing the partial property of the concept lattice. Firstly, the quantized concept lattice is defined by
quantifying concept extension of the concept lattice, and then it is generalized using concept as-
cension according to the Hasse diagram of the concept lattice so as to get the induction with multi-
level and multi-attribute based on the quantized concept lattice. Compared with the attribute-ori-
ented induction (AOD algorithm, the proposed algorithm can not only perform the unitary induc-
tion of AOI, but also carry out the induction with multi-level and multi-attribute, and the path of
attribute generalization is not unique. Moreover, it is easy to find proper generalized paths and
thresholds in Hasse diagram of quantized concept lattice to obtain the reasonable results required
by users.
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