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Algor ithm for acquisition of decision rulesbased on classif ication
consistency rate
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Abstract: An algorithm for acquisition of decision rules, which uses the attribute mportance measure based on
classification consistency rate, is proposed The algorithm uses a method by ecialization, in which condition
attributes are considered to be added to selected attributes set in order of significance until the selected attributes set
can make classification A procedure for reduction of decision rules is aloo constructed The procedure helps to get
more precise rulesw hich have more generalizing ability. The experment and comparion show that the algorithm
providesmore precise and simple decision rules
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2
1( ) (
) S= U,A,VaFa,a A.
‘U = {x1,X2, ,Xn} , P A
LAA=C D, CnD= ,C
,D , D = {d}.d
Va a i Fa UX A 5Va , ’
u . L= U,C ({d}v,f),
2( ) S ,XcU FOSND(P)(ND({d}))v (1)
,R , R X pPcC
R_(X)= {xi U]|[xilrS X}, R : a C- P
X _ SGF(a) = card(POSwoe (@) (ND ({d}))),
3( ) s (2)
I € A, a
ND (1) = { x,y U x U |Va I, a(x) = , a
a(y)}, I
aC ) s
P,QCA, ND (P), min(H ({d} [{a})), (3)
NDQ), Q P
POSwe (ND@) = ND(P). (X). H ({nd} [a}) -
5( ) a=v B - le(xi)zlp(Yj X ) log p (Y; [X 1)
cCc {d} Y, , d a X =
a Vv, B \ . {X1,X2, ,Xa}, Y= {Y1,Y2, Y} ND({a})
6C ) 1 2 F ND ({d}) “H ({d} [{a})
G , =oF,(F),F GF G F a ,
G ; 3) 1) 2 32
1
7( ) F-G : L= U,C {d}V.f)
. F G : Rules
-F Procedure R ICCR
Begin
1)
3 G=1L
31 /G Rules /
Rules= &
( /Rules /
) C SelecA ttr = W
/ SeledA ttr
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2)

3)

w, / if b= v
unSelecA ttr= C- W
/unSeledA ttr then
end
WhileG# O do end
Begin 1
rule= @ , ;2
for i = 1 to card (unSelecA ttr) do , ;3
PO S (seienttr {a3) (ND ({d})) ,
end ,
card (PO Swb (seleca ttr fap X 2 31 ,
(ND ({d}))) a :
a  H({d}|{a}) H ({d} [{a}),
SelecA ttr = SelecA ttr  {a} {d}  SelecA ttr {a} ,
unSelecA ttr = unSeledA ttr - {a} 3
if PO Snp (selentrr () (ND ({d})) £ & '
/ / 1 1
then
begin 4
SelecA ttr 4 1
PO Sno (setenttr a3) (ND ({d})) , Quinlan
, 1
Rules u= {12 14}, C = {a,
G = G- POSHND(sderttr {a}) (ND ({d})) az, as, a4}, Class
end ,
end ,  SeleAttr=wW = J,
, (2)
for Rules rule PO Swo (a,) ND ({Class}) = {3,7,12,13),
for rule
/ /
1
U Outlook (a1) Temperature(az) Humidity (as) W indy (as) Class
1 sunny hot high false Don't play
2 sunny hot high true Don't play
3 overcast hot high false Play
4 rain mild high false Play
5 rain cool nomal false Play
6 rain cool nomal true Don't play
7 overcast cool nomal true Play
8 sunny mild high false Don't play
9 sunny cool nomal false Play
10 rain mild nomal false Play
11 sunny mild nomal true Play
12 overcast mild high true Play
13 overcast hot nomal false Play
14 rain mild high true Don't play
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2
u Outlook (az) T emperature(az) Humidity (as) W indy (as) Class
1 sunny hot high false Don't play
2 sunny hot high true Don't play
4 rain mild high false Play
5 rain cool nomal false Play
6 rain cool nomal true Don't play
8 sunny mild high false Don't play
9 sunny cool nomal false Play
10 rain mild nomal false Play
11 sunny mild nomal true Play
14 rain mild high true Don't play
3 a1 as
U Outlook (a1) Temperature(az) Humidity (as) W indy (a4) Class
4 rain mild high false Play
5 rain cool nomal false Play
6 rain cool nomal true Don't play
10 rain mild nomal false Play
14 rain mild high true Don't play
PO Snora,) ND ({Class}) = O, “ Class= Play”{9, 11}.
PO Swo sy ND ({Class}) = O, 1,28 9 11
3
PO Sno (o) ND ({Class}) = @.
, SelecA ttr= {ai, as}, unSelecA ttr= {a.,
ai,
a4}. {al, az, ae}, {al, as, a4}
“ Outlook (a1) = overcast” =
Class : (2)

“ Class= Play”{3, 7, 12, 13}.
3,7, 12 13 2

, SelecA ttr= {ai}, unSelecA ttr= {a, as,
{a1, a2}, {as, a3}, {a1, aa}
Class , (2)
PO Swb (a5, ND ({Class}) = {1, 2, 9},
PO Sno (s, a0 ND ({Class}) = {1,2,8,9,11},
PO Sno ((a,.a) ND ({Class}) = {4, 5, 6, 10, 14}.

a4}.

card (PO Sno (ta,.a;) ND ({Class})) = 5,
card (PO Sno (ta,,a,) ND ({Class})) = 5,

H @ |{as}) = Q 500 4,H O [{as}) = Q 606 8
H O [{as}) < H © [{as}), as,

“ Outlook (a1) =

sunny  Humidity (as) = high”"=

“ Class= Don'tplay”{1, 2, 8},

“ Qutlook (a1) =

sunny  Humidity (as) = nom” =

PO Snb (fay, 8,250 ND ({Class}) = {10},

PO Snb (ay, 25,20 ND ({Class}) =

{4, 5, 6, 10, 14}.

as, :
“ Outlook (a1) = rain
high W indy (a:) = false"=
“ Class= Play”{4},
“ Outlook (a1) = rain

Hum idity (as) =

Hum idity (as) =
nom W indy (as) = false”" =
“ Class= Play”{5, 10},
“Outlook (a1) = rain  Humidity (as) =
nom W indy(as) = true’=
“ Class= Don't play”{6},
“ Outlook (a1) = rain  Humidity (as) =
high W indy(as) = true"=
“ Class= Don't play”{14}.
, 7

3 :

“ Outlook (a1) = overcast” =

“ Class= Play”{3, 7, 12, 13},

“ Outlook (a1) =
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sunny  Humidity (as) = high”"=>
“ Class= Don'tplay”{1, 2, 8},

“ Qutlook (a1) =

sunny  Humidity (as) = nom” =
“ Class= Play”{9, 11},

“ Outlook (a1) = rain W indy (as)
“ Class= Play”{4, 5, 10},

“ Class= Don'tplay”{6, 14}.

5 , 9
4 2
421 RITIO
[8] RITO
1
RITIO
“ Outlook (a1) =

sunny  Humidity (as) = high”"=

“ Class= Don'tplay”,

“ Outlook (a1) =

overcast Humidity (as) = high” =

“ Class= Don'tplay”,

“ Humidity (as) = nom” =¥ Class= Play”,
“ Humidity (as) =

nom W indy(as) = false”"=

“ Class= Play”,

“ Outlook (a1) = rain  Humidity (as) =
high W indy(as) = false"=

“ Class= Play”,

“ Qutlook (a1) = rain  Humidity (as) =
nom W indy(as) = true”=

“ Class= Don'tplay”,

“ Qutlook (a1) = rain  Humidity (as) =
high W indy(as) = true"=

“ Class= Don't play”.

3 , 1
6 . 7 ,
19,

422 LEM 2
LEM 2 LERS (71,
1090

false’" =

Outlook (a1) = rain W indy(as) = true’ =

“ Outlook (a1) =
sunny  Humidity (as) = high” =
“ Class= Don'tplay”{1, 2, 8},
“ Outlook = rain(a1) W indy(as) = true"=
“ Class= Don'tplay”{6, 14},
“ Humidity (as) =
nom W indy(as) = false”" =
“ Class= Play”{5, 9, 10, 13},
“ Outlook (a1) =
overcast Humidity (as) = high”=
“ Class= Play”{3, 12},
“ Outlook (a1) =
rain W indy (as) = false”" =
“ Class= Play”{4, 5, 10},
“ Outlook (a1) =
overcast Humidity (as) = nom =
“ Class= Play”{7, 13},
“ Outlook (a1) = sunny  Temperature(az) =
mild W indy(as) = true’'=
“ Class= Play”{11}.
7 , 15,
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