1000-9825/2002/13(06)1075-07 ©2002 Journal of Software Vol.13, No.6

Y , 100084);

2

( v)

E-mail: {liuhy,chenj} @em.tsinghua.edu.cn; luhj@cs.ust.hk
http://www.cs.ust.hk/~luhj

: TP181 T A
(data mining)

, (classification)

[1

[2-4]

, Agrawal

5]

(user-defined function, UDF)
Wang Min UDF B3, UDF
1 1 il [4]'
] GAC-RDB(grouping and counting-relational database) ,
, (training set)
. n , m , (ag,az,....an,C) &
Ai ,Ai G{A]_,Az,...,An},CKE{Cl,Cz,...,Cm} m y
* : 2000-07-31; : 2000-11-23
973 (G1998030414); 985
: (1968 ), ,
(1945 ), (1962 ),
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n+3 , (Ap,As,...,An,Class,Sup,Conf ). (agi,as,...,a0i,Cj,Sup;,conf; )

if (A;=ay) and (A;=ay) and ... and (A,=ay) then class=c¢; (sup;,conf;).
sup;  conf —_ (support) (confidence).
:P(class=ci|(Ag=ay) A(Ag=az)A ... A(An=ay))-

) 1

SQL , , ,
1
11
1. n A1A,.. A, D (decision table) ,
R(AL,A,,...,An,Class,Sup,Conf ). R=(ay;,azi,---,&xi,Ci,Sup;,conf;) ,
g;j(1<j<n) A DOM(A) “ANY” (
),Cie{C1,Ca,...,Cm} ,0<sUP;<1,0<confi<1. :if (Ai=ay) and (A,=a,) and ... and (A,=a,) then
class=c;, conf;, sup;,a=ANY,1<j<n.
2. D(AL,A;,...,An,Class), S(ALA,,....An Class,c_count)
(aq,@z,...,an,¢j,count;), ( )
3. t=(ay,8z,---,8n,Cx) Ri=(aui,z,--,ani,Ci,conf;),
aj(lgjsn)vaﬂ:ANY aj:ajii t R| . t R| Cx=Ci, t R| ’ Ri t.
4. R=(ayj,ai,...,a,Cj,conf;) R=(ay,az,---aq,Cj,conf;), R
R R :
1 Ri=(a4i,2i,---,&ni,Ci,cONfi)  R=(ay,8z,...,an;,Cj,conf)), (D c=ci(d)  a=ANY,
a;=a;;,1<I<n . R
(Baks2ks -+ BnksCi) R; , 3 a=ANY ,
a=ay;, Ci=Cj. R
Gi=C;, Ci=G=C, a=ANY,a;=a;(1<I<n),  ap=ay, a;=ANY,ay=a;=ay;(1<I<n).
(alkiazk!"'!a'nkvck) Rl . Rj Rl [} R‘
1.2
A k , D k :D41,Ds,...,Dk.
(1) -
k . m . .
Ia= E(D) - z | Di |E(Di) , E(X):—Z count(g;, X) 1o count(g;, X) )
SID| = IX|
LEX) X ,count(c;,X) X Ci X X

n , D
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1.3 GAC-RDB(grouping and counting-relational database)

1 .
Algorithm GAC-RDB (TrainD: table, minsup, minconf, minerror: real)
1. begin
2 sortedAttrList:=SortAttr(TrainD);
3 repeat
4 curAttrs.=Sel ectAttrs(sortedAttrList);
5. candDTable:=CandidateD Table(TrainD,curAttrs);
6 decisionTable:=PrunDTable(candD Tabl e, minsup,minconf );
7 currenterror:=EstimateError (TestD,decisionTable);
8 until currenterror<lasterror or timeout
9. end
, SortAttr (D) ,

SelectAttrs() CUBE , CUBE
\ ;CandidateDTable() ;PrunDTable()
;EstimateError()

14

u(alu:aZU1---1aﬂu) )

U(a1u,8zus-++»8nu) P(cdu) u Ck . ,

’

: [T @, Ac)
P 0 N " :Iﬂ—n_l. 2
(¢ [woepc)] ] p(a, Ic) o) @)

i=1

2 u P(cy|u)(1<k<m), u

21
CUBE ,

) 1 , CUBE
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2. .
Algorithm SortAttr (TrainD: relation);
1. begin
2 SQL
3 SELECT Ay A,,...,Aclass,count(*)
4. FROM TrainD
5. GROUP BY GROUPING STES ((Ag,class),(Az,class),...,(Anclass))
6 ORDER BY A A;,...,A,
7. for each attribute Aje{A,A,,...,An} do
8 Compute entropy E(A);
9. Sort attributes on E(A;) into sortedAttrList;
10. return sortedAttrList;
11. end.

3~6 SQL )

22 CUBE
ic CUBE ,mc  CUBE

SelectAttrs()

D , ic CUBE , curAttrs.
2 , , relevantAttrs,

(©)] R ic,RelevantAttrs (ic-R) curAttrs. R
ic, mc,  CcurAttrs relevantAttrs
4 R mc ,curAttrs rel evantAttr mc

(feature selection)

2.3

SortAttr 5 CandidateDTable ,
, GROUPBY CUBE
SELECT AyA,,...,A class,count(*)
FROM TrainD
GROUPBY A,CUBE(ALA,,....Ac 1,Au1,..-,A),Class
ORDER BY ALA,. A
(ALA,...,A) CUBE Ay 1
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2.4
(1)
2 ,
1 , ; )
©) :
3
3.1
, UCI(University of California, Irvine)
, (6]
Tablel Accuracy of classifiers
1
Data set Properties Accuracy
#attrs #classes #train #test C45 NB TAN CBA LB GAC
Australian 14 2 690 CVv-10 | 0.843 0857 0.852 0.855 0.857 0.883
Chess 36 2 2130 1065 | 0995 0872 0921 0981 0902 0.944
Diabetes 8 2 768 CVv-10 | 0717 0751 0765 0729 0767 0.767
Flare 10 2 1066 Cv-10 | 0812 0795 0.826 0.831 0815 0.843
German 20 2 1000 Cv-10 | 0717 0741 0727 0732 0748 0.768
Heart 13 2 270 Cv-10 | 0767 0822  0.833 0.819 0.822 0.838
Letter 16 26 15 000 500 0777 0749 0857 0518 0764  0.800
Lymph 18 4 148 Cv-10 | 0784 0819 0838 0773 0.846 0.839
Pima 8 2 768 Cv-10 | 0711 0759  0.758 0730 0758  0.780
Satimage 36 6 4435 2000 | 0852 0818 0872 0849 0.839 0.847
Segment 19 7 1540 770 0958 0918 0935 0935 0942 0943
Splice 60 3 2126 1064 | 0933 0946  0.946 0.700 0.946  0.956
Shuttle-small 9 7 38 661 934 0995 0987  0.99% 0.995 0.994  0.998
Vehicle 18 4 846 Cv-10 | 0698 0611 0709 0688 0.688 0681
Voting Records 16 2 435 CV-10 | 0957 0903 0933 0935 0947 0956
Waveform-21 21 3 300 4700 | 0704 0785  0.791 0753 0794 0.761
Yeast 8 10 1484 CV-10 | 0557 0581 0572 0551 0582 0574
Average 0810 0807 0831 0787 0.824 0.834
1 GAC-RDB( GAC ) 5 , :(1) C4.5,
Quinlan [1:(2) NB, [:(3) TAN, [:(4) CBA,
“:(5) LB L
1 , 5 b , 8 GAC-RDB
) 5 ) )
GAC-RDB
3.2
35:::C:C: ] —e—CGACRDB
@ 1 =310
n 30000 1
) ) &£ 29000 4
: £ 20000 |
, 25 10 =5 15000 -
& 1000 -
10 10 i
) 5000 4
GAC-RDB 04
SLIQ(supervised learning in quest) , 0 2 4 8 10
SLIQ ) [2] 1 Nunaebefdrbisiing sampissifitlionpn)

1

Fig.1 Executiontime and No. of samples

1
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50 800 , GAC-RDB , SLIQ.
, CBA , 10( 5 )
CBA  GAC-RDB , 2 CBA
. , CBA-2 2
, GAC-RDB CBA 10 , 500
CBA
33
10 9 400
, 10 , 1 , GAC-RDB 3
, GAC-RDB , , SLIQ ,
200 , ) )
200 ,
8000
5000
--¢--CBA-2 7000 -
E 000 —A—GAC—RDBI/ § 5000
5 5 4000
§ 2000 § 3000
Q 1000 2000
1000
O L L 0
05 1 2 4 5 10 0 100 200 300 400
Number of training samples (million) Number of attributes
Fig.2 Comparing with CBA Fig.3 Execution time and No. of attributes
2 CBA 3
4
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Abstract: This paper focuses on the study of efficient and scalable classification algorithm that tightly
integrates classification technology with relational database system technology. In this paper, an approach based on
grouping and counting is proposed to build classifier, which uses SQL (structured query language) provided by
relational database to implement the major computation tasks. In order to improve the performance, several
optimization strategies and a redundant rules’ pruning strategy together with a feature selection method integrating
with the process of finding classification rules are also proposed. With all these methods and strategies, the
classification algorithm can find a compact set of classification rules quickly from a large volume of data. In
addition to the same classification accuracy with current popular classification algorithms and high training speed,
the unique features of the classification algorithm also include its linear scalability with respect to the number of
training samples and the number of attributes, and the simplicity in implementation.

Key words: data mining; classification; RDBMS (relational database management system); SQL (structured query

language)
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