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Inclusion Degree and M easures of Rough Set Data Analysis
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Abstract Rough set theory is amerging as a pow erful tool for reasoning about data Rough set
data analysis isone of themain application techniques arising from rough set theory. It providesa
technique for gaining insights into properties of data, dependencies, and significance of individual
attributes in databases, and has important applications to artificial intelligence and cognitive sci-
ence, as a tool for dealingw ith vagueness and uncertainty of facts, and in classification In order
to analyze data effectively, many measures are defined in rough set data analysis, for exanple,

accuracy of rough set, degree of rough belonging, accuracy of approximation of classification,

m easure of dependency of attributes, and accuracy of decision rule, etc A lthough thesemeasures
can be gpplied to justifying effectivenessof data analysis, it isunclear w hat is themain foundation
behind these measures and w hether they have any common characteristics In thispaper, the re-
lationship betw een inclusion degree and measures of rough set data analysis are set up by intro-
ducing a concept of inclusion degree in rough set theory. W e show that: (1)A ccuracy of rough
set and degree of rough belonging can be reduced to inclusion degreg; (2)A ccuracy of approximar
tion of classification and quality of approximation of classification can be reduced to inclusion de-
gree; (3)M easure of dependency of attributes and measure of importance of attributes can be re-
duced to inclusion degree; (4)A ccuracy of decision rule can be reduced to inclusion degree These
resultsw ill be very helpful for people to understand the essence of rough set data analysis, and
can be regarded as themain foundation of measuresw hich are defined for rough set data analysis
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