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R1:{0 80} —poor

R2:{81 100}{ leaving certificate =2} —average
R3:{8L 100}{ leaving certificate =1} —poor
R4 {101 120}{ leaving certificate =2} —good
R5:{101 120}{ leaving certtificate =1} —average
R6:{121 200}{ leaving cartificte =2} —excdlent
R7:{121 200}{ leaving certificate =1} —good
R8 :{poor} —weak
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N1:DVRT< =80

N2:{81 100} { leaving certificate =1}

N3:{81 100} { leaving certificate = 2}
{poor ,junior cycle inconplete }

N4:{101 120} { 'eawnq certificate = 1}
{poor ,junior cycle inconplete }

N5:{81 100} { leaving certificate = 2}
{junior cycle termind leaver , senior cycle , 3rd leve
}
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DVRT: .

educationa level attained
1=Primary termind |leaver
2 =junior cycle inconplete: vocational school
3 =junior cycle inconplete: secondary school
4 =junior cycle termind leaver : wocationd school
5 =junior cycle termina leaver : secondary school
6 = enior cycle inconplete: vocationd school
7 = senior cycle inconplete: secondary school
8 = senior cycle termind leaver : vocational school
9 = senior cycle termind leaver : secondary school
10 = 3rd level s inconplete
11 = 3rd levels conplete
Leaving Certificate .1
Predige soore for father’ s occupation

1 = soondary :
2 =wocationd :
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1
DVRT
NAMEL 1 113 3 1 28 1
NAME2 1 101 1 1 28 9
NAME3 1 110 9 2 69 1
NAME4 1 121 5 1 57 1
NAMEG 1 82 4 1 18 2
NAME7? 1 85 4 1 28 2
NAMES 1 84 1 1 28 9
NAMES 1 98 2 1 43 2
NAMEL0 1 92 4 1 33 2
NAMELL 1 90 1 1 18 9
NAME1L2 1 88 4 1 28 2
NAMEL3 1 84 4 1 18 2
NAME14 1 114 11 2 18 1
NAMELS5 1 70 4 1 57 2
NAMEL6 1 109 9 2 40 1
2, , 2
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2 2 2 1 2 53 0.1093 1 o
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New concept hierarchy optimization method in attribute oriented induction

SUN Huamei', GUO Maozu’ ,JIAO Jie® , HUANG Ti-yun'
1. Shool of Management , Harbin Inditute of Techrology , Harbin 150001, China;
2. Shool of Gonputer Science and Techrology , Harbin Inditute of Techrology , Harbin 150001, China

Abstract : Attribute-oriented induction (AOI) approach is becoming one of the main techniquesin data mining. In
this paper , the basc AOI dgorithm is described and its shortage is gven. Then a new concept hierarchy optimiza
tion method is presented. The rule-based concept graph is covered into concept tree; the unbaanced tree; is then
covered into a balanced tree if concept tree is an unbaanced one; the induction path of each node in the concept
tree is recorded as node aggregate. The learning results are eval uated with support , corfidence and L S sufficient fac
tor. The adgorithmis gpplied to Irish Educationd Trangtions Data, and results show that it is nore dfective and
nore suitable.

Key words: data mining; concept description; rule-based attribute-oriented induction (AOI) ; concept hierarchy



