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Abstract

This paper first presents some traditional Attribute-Oriented Induction(AOT)algorithm in data mining field

and points out shortcomings of them as follows: (1)they couldn’t deal with the unbalanced concept hierarchy; (2)the

final generalized result doesn’t refer to the distribution of real data set. Hence, we put forward an algorithm for con-

cept hierarchy mining based on sampling, which samples the dataset first, and arranges the initial concept hierarchy,

then scans the whole dataset, later organizes the concept hierarchy according to the statistics information, finally gets

the generalized rule by calculating the information of leaves. It not only solves the above problems, but also has opti-

mal time and space complexity.
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Procedure ConceptHierarchyMiningBasedonSampling ( data_set—
type ,init—data_set.int thread .concept_hierarchy_—tpye * old—ch)
Begin/ /BT BN M EEXKZEHE
For each A_i do
kL35

Sample_data(inti—data_set ,buf[i].sample_ratio);

/AR K

new—_CH [i] = arrange—concept_hierarchy (old—CH [i]J, buf [i],
threshold) ;

end for
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scan—data(init-_data_set,buf, prime_relation) ;

for each A_i do

final— CH[i]) = arrange_concept_hierarchy (new_CH [iJ, buf [i],
threshold) ;
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generalize_ realition (final - CH[i], prime_relation, threshold) ;

end for

output prime—relation;

end
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Fifunction arrange_concept_hierarchy (concept_hierarchy—type CH.,
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buf_type buf_i) as concept—hierarchy_type
Begin
Buf_type prime_buf;
Integer total_occurrence; //buf-i T A FREHIKIBH LM
Concept_hierarchy_type new-_CH;
Double thres_value,//#{FR {7 {#
(1)Set_null(prime_buf);
do{
do?
(2) Total—occurrence =computer (buf—i) ; //i+ % buf-i & fr 7 H- T4
SHBKE
(3)Thres_value=1/T,//T XB¥EIZ L BE
(4)For j=1 to count buf—i of do
If(buf_i[j], Times/total —_occurrence) >thres_value)then
Move buf_i[jJinto prime_buf;
End if
End for
(5)If(count of prime_buf +count of buf—~1)< =T then
Move all elements of buf-_I into prime—_buf;
Flag—generization—ok =true;
Break;
Else if thre is no changes of prime_buf,buf—I then
Break;
End if
End if
T=T-count of prime_buf;
twhile(T>0);
if count of buf_i=0 or count of buf is not changed or flag—general-
ization_ok = true then break;
end if
(6)get_generalized_concept(buf—i,1);//% buf-i A& #HEm L
Zi—E
}while (count of buf>0);
(7)new—CH = get_concept_hierarchy (prime—buf,CH) ; // B 3L 1}
L =2/N
return new—_CH;
end

B2 arrange_concept_hierarchy pR%{

=.MERERAEES

HTHERMNELERIIMESZREERECRIE
ST REAMSEROAELHRRHE N AETE.

BRIREET HERSHUXBELEARKEMAROTHF
0. RIRERETE Area RRERHHEI A HBTREK
B3R .

/\
L RNE BRI A wPE TR

&Nl g s

K3 Area A SEK

TR H FREHOMTAMOBIEMERIN & EF i8S
ZRTHXE, KRR AS. ] sample — ratio=
10% TSR B MR 2T A IC R BIRF K buf .

B %, 8 total —occurrence =100 t=1/T=1/4=
0. 25,88 5 Xt buf & 45 S # T .3+ E buf[i]. Times/total-
occurrence (1<=i<(=10) .35 t b&. 1+ KT . ¥R
S BEA prime . 0] 48 prime={JtFE} EE(2)~G) . KD
prime H L . F(6) .buf FH M ST —B. BRHR@OEH
HE. 048 prime= {JtB. AN A . FA+EE. THX}. R
EREMEER AP EG S A prime, [ prime= {Jt R .k /A
B AE+HEER.IHX ERX.ER) . EBHSER mE
e

.88

D000 http://iwww.cqvip.com|

A1 Hr AWK g

o] HIRK
1 i1 352
&) 103
1L 45
%8 100
KA 65
210 74
¥R 100
WA 50
HigIx 50
it 61
A2 A H4E
BMEs WK
14 36
= a1 11
L 3
KE 9
RS 7
R 8
¥ 11
JuAE ik 4
WX 4
Lt 8
4

o S

WA FR+HEHE FHRE M FE AR ERK

N

A ANLE

Hae HEBABEEX B s REEAZREER

MEAF TR SR RKARE 5 A B L bRk
NEFET K HRERGEZAR NS . M SERED
HAMBLOHTANBERA M EREIFT X ESRE
EZ AL R B T E EROR & TR AR I 1 44 R T X OB Mo
REWKBUZAGR LE—T . ROTUEY RS HE
FRSER . MOUSREENIZAERMEH . X EKE
HEAERMEERER R E BB AT AT
FEHHERESHMESEREESHFPATEK.

O ETHRENRSBERZEBEES

4.1 RGFERMRES R

AOI BE#H LCHR B F ZSMRASEHE Y  REEL
HER THNTELETHAOIBEERESE CHIGAR D
REPF. R n AHRMBEFTAGTE.p HERHEFDHIZL
KEXKHKRKNDNME-TMEABESZEp M. Bl AOL
BEMHEIEREIOGM-pP) . AT ERFESAMBEKIE
£, Bt ACI BIEATEERE R OMm).LCH B3tz ik
RAEARETHF REEHEETA X n AR HEE ST
AT - MBRTFOHEFHBAEZREN O(.logn)). B
LCHR #48F /68 2B % O(n.log(n)) . LCHR B M= HE
FEHFOM . .HTHRFH ANHXEHIZE.GDBR Bi:aynd
BIEREROM .BHAEB/BA—IPEATARZTON.EE
EFHEEAMCHBEE L TUIEBH O ERERRE
4689 .GDBR Bkt =M ERE N Otpd.p= Ll . st
m ARENELAE I T BERKRERE BT S0
fRKBt. 5 F AOI Wk fl LCHR 3k 0% W45 4 = 8038



http://www.cqvip.com

EANE.-SEKREEHEUAGE. AT EVERERET BT
GDBR B kAR &HAXFENHIEL.

4.2 HRThHBENESERIZERZES R

i 9 s EE R .o HWIAEAESC B b T A M R IR
L3t B BB B (9] 0% 1. . IR 34— HE S AT SR WA B [a)
HEH o B - RS ABRMTZRKARE G o 1.0 085
{6 HE S [A] 2 — 8 o X BN G A BB R A
FEF AN oo n RJFIRE WM E R KM E B XY prime-re-
lation {3 V&% B[R] 4 BB oo B A2 MBS ) B R BE M O(n. nt+
¢;. - n+tc:ntc)=0().

RITANBEITHAI . FREMFEMER I A<
=I<=m).t, A i BENZLBRE n(max) AB AR K
HEE R W) Buf & 25 8] 5 n(max) , ¥ 45 #5 Z R p= 3¢, s
KPP hMERLAMESBERAER. BEENEZ AN

prime-relation 25 s= 1] &, BT LA M ZS W E 2 BEH O
(nmax+p+s)=0C ).c HEHK.
A .ETHEEMNIES BRI E RN

RMNEUTHBEFITELIGT T WL, FF L FE . Mi-
crosoft Visual C**6. 0 Windows NT 4. 0 Server; ;15473 i .
IBM 75 £l . Intel Pentium II 233.128M RAM, X fif — 5 A
TN ERLE B 10K I FHEEAE . AR IEMN

B6HT R .

H g
B 60 al
" 80
5 36 =
i ——

0 109 205 30 4015 506 60O 70 80H 905 100

TAK
— A THHARE
BRALE N
—— GDBR ¥
Be PR

MERATTLUHEHE T A M T EZRERERNRT
BT S A TR RS ERAEN . TR AR AMIEN
FEHRSAHEN DRARFATY RE. I RNEX

D000 http://iwww.cqvip.com|

BETHEMAESEKIZES %L GDBR BikiTat 4,
XFERAEIRTHHEMMESERTEEEEMIHLEE
(ANEM SRR AT REENREERPRIME
FIBL OB T EAME)E T BB B H T R A IZ e
2.MAHE GDBR HEMBHEEZA MM EHEELAH
aRpEER AR T SRERE.

B Ao TIAREEBREPATE X ENN
AR BETETHEMMEEREREIE EEATRIAM
TF 5 H &2 R T B8 B8998 {630 0 B LA B SE R e 3
Eof I IR BELEARRAMAEEE RE. LB
A XHERAEN . TTH.

HTFHEBEEAREBSERE FRERTH —KIZAN
R IEE BR . Bt i E TN EEREZEE
LS EF AN SHPALES RESBRINK—FHEN
HE.

£ X ¥ #

1 Han Jiawei,Fu Yongjian. Exploration of the Power of Attribute -
Oriented Induction in Data Mining

2 Han Jiawei.Fu Yongjian. Dynamic Generation and Refinement of
Concept Hierarchies for Knowledge Discovery in Database.
http.//www. cs. uregina. ca.

3 Agrawal R.Imielinski T,Swami A. Mining Association Rules Be-
tween Sets of Items in Large Databae. In Ptoc. 1993 ACM-SIG-
MOD Int. conf. Management of Data, Washington, D, C. : ACM
Press,1993. 207~216

4 Piatesky_Shapiro G. Frawley W J. Knowledge Discover in
Database. AAAI/MIT Press,1991

5 Han J.Cai Y, Cercone N. Data_Driven Discovery of Quantitave
Rules in Relational Databases. IEEE Trans. Knowledge and Data
Eng. ,Feb. 1993. 29~40

6 Cai Y N. Attribute_oriented Induction in Retaliation Databases.
In:G. Piatesky-Spapiro, W. J. Frawley,eds. Knowledge Doscovery
in Databeses . AAAI/MIT Press.1991. 213~228

7 Carter C L. Efficient Attribute-Oriented Algorithm for Knowledge
Discover from Large Databases. IEEE trans on Knowledge and da-
ta Engineering,1998,10(2):193~208

(LR F740)

SRE FEXC[2]EH N RRDM HEATF RV IR
+.% RRDM B+ E X#HT TV . HRET —HHFH
RRDM #{EH 74 B HEF . 5 % RRDM # & & # &
Rough . R #E.BE T —HHEMLEL.

Rough X &M IBEHUEMER XL EHUNY . EL
ARRAHEARERETEREREA -1 FER. B0
P X ¥R RELTVRNER AEFRBEEHLE
i€ Rough MBI H ¥ T RESGRERESERESKLHE.
M E IE1B Rough £ M X ZMIBEF S H 0 SR EH#T
WHRALEL . Rough XERIBEEERWRFEAEB RS
AR BEHRNBZEEBFRL. LI Rough % RiWE.
Rough 1% #. 2 T Rough 3 R 3038 B M BB L4 5. AR
BLEMESEC. THEMANERS Rough X ERH#%
RS AMBELEBCHESNEICKRE B2 FiFH
REFREARE .

B EF X R

1 Dey D, Sarkar S. A probabilistic relational model and algebra .
ACM Transactions on Database Systems.1996,21¢(3):339~369

2 Theresa B, Petry F E, Buckles B P. Extension of the relational
database and its algebra with rough set techniques. Computational
Intelligence,1995,11:233~245

3 Guan J] W,Bell D A. Rough Computational methods for informa-
tion systemns. Artificial Intelligence,1998,105:77~103

4 Lin T Y. An Overview of Rough Set Theory from the Point of
View of Relational Databases. Bulletin of Internal Rough Set Soci-
ety . Volume 1,Number 1

5 k. RMFE Rough RERNMBHHRGE. EWMERSHEF,
2000,14(4)

6 IHEE%ME Rough FBE SHIRKR FBEXEKRELEM,
2001,5

7 EfeMAE BURERKFE. 2F Tk AR, 2000,1

-89-



http://www.cqvip.com

