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Abstract An efficient retrieval of useful information is a prerequisite of an optimal decision making system.
Hence, A research of data mining techniques finding useful patterns from the various forms of data has been
progressed with the increase of the application of Big Data for convergence and integration with other
industries. Each technique is more likely to have its drawback so that the generalization of retrieving useful
information is weak. Another integrated technique is essential for retrieving useful information. In this paper, a
uncertainty measure of information is calculated such that algebraic probability is measured by Bayesian theory
and then information entropy of the probability is measured. The proposed measure generates the effective
reduct set (i.e., reduced set of necessary attributes) and formulating the core of the attribute set. Hence, the
optimal decision rules are induced. Through simulation deciding contact lenses, the proposed approach is
compared with the equivalence and value-reduct theories. As the result, the proposed is more general than the
previous theories in useful decision-making.
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Decision rule generation by Bayesian probability entropy
Input: inforation system S=(U,C,D,Vf)

X={xs, x2 ..}, x(1<j<n)

A={ALA;,..,Ap), A(1<I<Dp)

Output: optimal control rules
Row reduction according to the duplication
CORE extraction
for =1 to p
for j=1 to n1
if IND(a(j))= 2
if IND(a(j)) # IND(ai1())
remove flai,IND(a(j)))
endif
endif
endfor
endfor
Merge category values of conditional part

[Fig. 21 Control rules generation algorithm
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(Table 1) A incomplete decision table

index - conditionC - decLsion

1 1 2 2

2 2 2 2

3 2 2 2

4 3 : 2

5 1 2 2
6 1 2 2 2
7 2 1 2 2
8 2 2 2 2
9 2 2
0 1 3
1 1 2 3
2 2 1 3
3 2 2 3
4 2 1 1 3
5 2 1 2 3
6 2 2 1 3
7 2 2 2 3
3 2 2 2 2 3
9 3 1 1 3

20 3 1 2 3

21 3 2 3

22 3 2 1 3

23 3 2 2 3

24 3 2 2 2 3

(Table 2) Rough entropy of attribute a

rule of a bayesian rough entropy

(x=1)=(D=1) -8/24xIn(2/8)/(-8/24xIn(2/8)-4/24%In(2/4))=0.8

(x=2)=(D=1) -8/24xIn(1/8)/(-8/24xIn(1/8)-4/24xIn(1/4))=0.75
(x=3)=(D=1) -8/24xIn(1/8)/(-8/24xIn(1/8)-4/24*In(1/4))=0.75
(x=1)=(D=2) | -8/24xIn(2/8)/(-8/24xIn(2/8)-2/24*In(1/2))=0.888
(x=2)=(D=2) | -8/24*In(2/8)/(-8/24+In(2/8)-2/24*In(1/2))=0.888
(x=3)=(D=2) | -8/24*In(1/8)/(-8/24+In(1/8)-2/24%In(1/2))=0.923
(x=1)=(D=3) | -8/24*In(1/8)/(-8/24+In(1/8)-3/24*In(1/3))=0.834
(x=2)=(D=3) | -8/24*In(2/8)/(-8/24+In(2/8)-3/24*In(2/3))=0.901
(x=3)=(D=3) | -8/24*In(2/8)/(-8/24+In(2/8)-3/24*In(2/3))=0.901

average 0.848

(Table 3) Rough entropy of attribute b6

rule of b [bayesian rough entropy

(y=1)=(D=1)[-12/24xIn(3/12)/(-12/24In(3/12)-4/24xIn(3/4))=0.935

(y=2)=(D=1)|-12/24*In(1/12)/(-4/24xIn(1/12)-4/24=In(1/4))=0.843

yv=D)=(D=2)|-12/24+In(2/12)/(-2/24xIn(2/12)-5/24+In(1/5))=0.728

y=D)=(D=3)|-12/24+In(7/12)/(-2/24+In(7/12)-15/24+In(7/15))=0.361

)
( )
(y=2)=(D=2)|-12/24*In(3/12)/(-4/24xIn(3/12)-5/24xIn(2/5))=0.784
( )
(y=2)=(D=3)|-12/24+In(8/12)/(-2/24+In(8/12)-15/24+In(8/15))=0.340

average 0.467

(Table 4) Rough entropy of attribute ¢

rule of ¢ bayesian rough entropy

(z=2)=(D=1) [-12/24+In(4/12)/(-12/24xIn(4/12)-12/24xIn(4/12))=0.5

(z=1)=(D=2)|-12/24xIn(5/12)/(-12/24xIn(5/12)-12/24xIn(5/12))=0.5

(z=1)=(D=3) [-12/24:In(7/12)/(-12/24xIn(7/12)-15/24+In(7/15))=0407

(z=2)=(D=3) |-12/24+In(8/12)/(-12/24+In(8/12)-15/24+In(8/15))=0.340

average 0.437

Journal of Digital Convergence | 161



Z8 doleel Aoy

(Table 5) Rough entropy of attribute o

rule of d bayesian rough entropy
(z=2)=(D=1)|-12/24+In(4/12)/(~12/24*In(4/12)-12/24+In(4/12))=0.5
(z=2)=(D=2)[F12/24+In(5/12)/(-12/24xIn(5/12)-12/24xIn(5/12))=0.5
(z=1)=(D=3) |F12/24+In(12/12)/(-12/24*In(12/12)-15/24*In(12/15))=
(z=2)=(D=3)|-12/24+In(3/12)/(-12/24xIn(3/12)-15/24+In(3/15))=0.408

average 0.352
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index b . q o
1 1 2 2 1
2 2 2 2 1
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6 1 2 1 3
7 2 1 1 3
8 2 2 1 3
9 2 2 2 3
10 1 1 2 3

(Table 7) Reduced decision table of (Table 1)

index condition decision

b c d e
1 * 2 2 1
2 * 1 2 2
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5 2 2 2 3
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