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Abstract: An adegptive algorithm, AD-M ine,

is put foward to mine frequent patterns The algorithm can fit
different conditions and achieve good performance A alterable hyper-structure isused in ADM ine The algorithm
can automatically adjust the size of the hyper-structure according to the meamory available for accommodating
different casesof data and mine frequent patterns effectively. A method of partitioning database is brought fow ard
to reduce the countsof scanning records

Key words datamining; frequent pattern; partition database adaptive

1 Apriorit™

, Apriori,
AprioriHybrid™,DHP”  DCP"™
y y k-
k ,
2
: FP-Tree H HM ine'®
. 2003-08-26; . 2003-11-12
(BK2002091);
(1960—), ) )

2 ’

Apriori )
FP-Tree

, Bl'HM ine

L L H-

M ine

, AD-M ine

(03K JD 110089).

’ 1

(1945—),



868 19
’ , pa= 2'- (q+ 1) 1-
1- , ,
Pqa 1-
Pa
1- X = ikike 1 in, B =
2 {k,k+ j, ,n}, X' = Qs i
1 I = {i1, iz, ,im} , B'= {k" K"+ j" ,n",
X ,oX S 1,X = {ikie, ik
k,k+ j,n (k= 1,n<m,1< j< n- h(k" k"+ j", ,n") =
k), . , X o .
=il i (Zk (2i - 1)zi)modp. (1)
2 ltenN um (i) = k, i B' ,zi= i z= 0 p"
MirNun (X) = MinNun (k,k+ j, ,n)= Kk, PP Pa
MaNun(X) = MaNum (k,k + j, ,n) 322
= n
1 (X} = {X1= {ix, :
iy ind, Xp= {ik,deen,, s in}} 2 3 . - ! h(k", k" +
2, (X} MiNun ({x}) o ™) ! 7
= MimNum (ke ke, k), X} v
M axNum ({X}) = M axNum (ny, n2, ,np). ) ) ) z ;
3 x| X x| ,
{X} ’
2 (X}
m= MaNun ({X})- MilNum({x})) + 1 [EEar T ors | gmer 1 | gaer 3 |
3 2
31 == | &r=C [ Fa%t ]
2 ,
3
1 , 33
Wk F 2L ,
[DRBmE .. |adess o b
ZW T A Rt A EET A
EeEF il A |5L~ﬁ%ﬁ|—-[ﬁﬁ*ﬁﬁ| ’ b |
“ |
! 34
32 o
321 by "
|X|22 k b= a+ kx d a
p=2"- (m+ 1), q a "
M ax (X |). q=Max([x |, q " -
X |2 2 '



8 869
Y, : )
1) by 2< x| :
, blj: by % (J - 1). ( i )
2 by 2< X |=j
M,
bz = e X Uﬁzx ZH ¥ [Bax [ﬂ} * TDB, t,
y AD-M ine
LDl |
3) 2< X |2 1) 1- TDB
2)i=2j=m
, y 3) if bi> M then {
by = (a+ 2% d) x [BZX [ZH + 4) call x1
y 5 ifbi> M then {
(a+ 3x d)x[ﬁ3xu]+ 6) k= ij
7 call x2}}

+ (a+ jx d)x [Bjx [ﬂ]

4) - b= by + by
+ by y i m o,
m- , b Y )
m i, m [
y b oy ) aq ., q
q » b
TDB,
X, 1< X |sm,
™B  [X | m' :
, .Di, ,Dnm Di(l< i< m) X |
i
D no, X |
i n , m' n
Y,
Du Dz D
v = D‘21 D.22 D.Zn .
Dm1 Dmo2 D w
4
’ b bj
m,q B ; B 1-

8 else{f=1,j=m,y=m}
9) if by < M then {
10) ;
11) }
12) else {call x3}
13)
proedure x1
1) TDB
2) q= Max([x |
3) B, . Pa
4 i=ay=q
procedure x2
1) m' x n Y
2) forall k < m' do begin
3) forall p < n do begin
4) Y :
5) if k> 2 then {
6) if k- (k- 1)-
then {
7) k- ;
8) k- }
9 else {
10) k- ;
11) k- 1
12) end
13) ifk> 2then{ (k- 1)-
14) k- ;
15) TDB Klzk k-



870 19
30) i+ +}
16) 31) elsef 1}
17) k- B 32) else {
18) ifB“# then { 33) call x1
19) k- B 34) if bg- by < M then{
200  k++ |} X |z i
21) else{ } 35) }
22) end 36) else{
23) 37) k=i
procedure x3 38) call x2}}
DbP=0 39) end
2) forall i < m do begin :
3) if b + b Y < M then{ ) bm>M
4) k= i ;
5) forall b < M do begin 2) bom > M o< M ( bg> M b <
6) i+ +; M) X3 bm>M  bBe< M bg< M
7) bi= b+ b ; ;
8) end 3 be>M X2,
9) k- (i- 1)- (
(k- 1)- , t (k 6
- 1- ; Apriori DHP
10) if X"t then DCP , DCP
11) { : (31 ,
12) ifb”+ b <M DHP : 2-
13) ; , [6]
14) else{
15) (i- 1)- 61
} 1) bm<M ,ADM ine
16) bi= b} : 2 2 ;
17)  else } DHP 2, 2
18) else {
19) (i- 1)- b = p?; AD+M ine
20) if b’ < M then { 2 bm>M  be<M 2
21) forallt TDB do begin , b+ b V<M (i= 34
22) forall X '= subset(t, i) do begin m) ,AD-M ine
23) if X"toox! DHP b+ b >M B <M (
then{ i- } b ) :
24) end (i- 1)- i- ,
25) if X' X"t ADM ine i-
then{ t} , DHP L - )
26) end . B> M ADM ine
27)  if X |= i X then{ DHP :
28) ; DHP

29)



871
3) b2 > M ,ADM ine 63
B a . bea < M )
] 2 [l bqq >
M be< M , , . D
DHP ; b> M , TDB m' , D I
Apriori [6] - 2 2 , lw m'- .m
’ - : 22,3 , m-
ADM ine [6] C2,C3, ,Gn'( a(i= 2,8,
;. om) )i N’
; X | :
X | , i Yo,
, , | 2 m" 1 m’
N'= li + li + + ! li - li;
. y ’ CZZ;L CSZl o Zl Zl
AD-M ine Apriori (2)
6 2 1 2 m- 1
N'2 li + li + + li 3
2.2, 2" ©
’ ' (3 N'> 0, ;
m , Brnm (2)
m2/2+ m - 2 ’
ADM ine DHP , ) ADM ine ,
N 1, TDB N 2, T opu
, T di , m N'> 0
L
, Ni1= li X N 2). L ’
= 3,0 |
3 T D = 100 000,m’ 10
Tas/Teu= 100 10. O 100, = .= = lWw=D/n. 4 , m=
10m"=24 , m'=1000m"=2 6 ,N'= ON'
(6> 1, , 0 m"
)1 1) L 1 (m2/2
L
+m- 2)< (105/9)Z(|ix|\|2) : 5 : ,
2 H |
, m , 3 : : i .
N 2 AD-M ine (= Mé;o iI'
= : ]
. ' STV b
2) 3) ,ADM ine 1o 3 6 9 12
, Apriori m”
4 N m’
,AD-M ine Apriori

( 880 )



880

19

100%. [10]
. 4-8-4-3, 128
3 366 2( ).
. 3 ’
[10] ([10] 1 ).
4
(References):

[1] Liu Yong, Yao Xin, Tetsuya Higuchi Evolutionary
ensanblesw ith negative correlation learning[J]. IEEE
Trans on Evolutionary Canputation, 2000, 4 (4): 308-
387

[2] Liu Yong, Yao Xin Smultaneous training of negati-
vely ocorrelated neural networks in an ensamble[J]
IEEE TransonM an and Cybernetics — Part B, 1999,
29(6): 716-725

[3] Baldi P L earning in linear neural networks A surve
[J] 1EEE TransonN eural N etw orks, 1995, 6(4): 837-
858

[4] Clemen R T, Winkler RL. L imitsfor the precision and
value of infomation from dependent sources [J ]

Operartion Reasearch, 1985, 33: 427-442

[5] PerroneM , Cooper L N. W hen N etw orks D isagree
Ensanble M ethods for Hybrid N eural N etw orks[M ].
L ondon: Chgpman & Hall, 1993

[6] : : M ]

,1999 74-77
[7] \ M ]

, 1999 178-179
[8] . M1 , 200Q
157-158

[9] ) D]

,200Q 92-93
[10] , . [J]

, 1999, 25(11): 41-43
(Wang L, Qi F H. Applaction of evolutionary
computation in neural network [J ]
Engineer, 1999, 25(11): 41-43 )

Canputer

( 871 )

ADM ine

,  Apriori

(References):

[1] Agraval R, Srikant R. Fast algorithms for mining
asciation rules in large database[A ] Proc o the
20th VLDB Conf [C] Santiago, 1994 487-499

[2] Park J S, ChenM S, Yu P S A n effective hash-based
algorithm for mining asciation rules[A ] Proc o the

1995ACM SIGM OD [C] San Jose, 1995 175-186

[3] Orlando S, Paimerini P, Perego R. Enhancing the
apriori algorithm for frequent set counting[A ] Proc
o 3rd Int Conf on DavakK 2001 [C] M unich:
Spriger, 2001 1-17.

[4] Han J, PeiJ, Yin Y. M ining frequent patternsw ithout
candidate generation [A ] SIGMOD'00 [C ] Dallas,
2000 1-12

[5] PeiJ, Han J, LuH, et al H-M ine Hyper-structure
mining of frequent in large database[A ]. Proc 2001 Int
Conf onDataM ining (ICDM '01) [C] San Jose, 2001
38-49

[6] Savasers A, Omiecinski E, Navathe S An efficient
algorithm for mining assciation rules in larges
dadabase [A ] In 21st Int Conf on Very Large
D atabases (WLDB) [C]. Ztrich, 1995 432-443



