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Minimal Optimistic Concept Generation Algorithm Based on Equivalent Relations
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Abstract Rule extraction of decision information system is an important topic in the field of data mining. Concept lattice theory
and rough set theory are both theoretical tool for data analysis. This paper explores the relationship between these two theories,
and uses the equivalent relationship to define the minimal optimistic concept lattice and its structure. The minimal optimistic con-
cept is different from the traditional classic concept,but has a lattice structure,and a rule extraction algorithm for decision table is
proposed. Based on granular computing, the algorithm computes the concepts in each layer from coarse to fine granularity space,
and extracts decision rules according to the relationship between minimal optimistic concepts and decision equivalence classes. In
order to achieve the purpose of knowledge reduction for decision information systems, the algorithm accelerates its convergent
speed by setting the termination conditions. The definition of minimal optimistic concept is broader than classical concept,and the
generation algorithm is simpler. The correctness and effectiveness of the new algorithm are verified by theorem proving and case
analysis. Finally,the experimental results based on different data sets demonstrate that the proposed algorithm is more effective
for rule extraction in most cases than other algorithms.
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Fig. 1 Minimal optimistic concept lattice structure
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Table 5 Information of data sets
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