(Data Mining)[1]



(domain)



(Knowledge Discovery)



= 3
| (==l =0 = 0 = 3



[2] [3] [4] [5.6]
[7]

Apriori [8] Partition [9] Sampling [12]
DHP [13] DIC [14] Column-Wise [15]



KTV



Management)

Sampling

(Customer Resources

(Contextal Marketing)[16]

Apriori
FUP DHP DIC
Apriori



Apriori



Apriori



(Association

Rule)
“ 80%
Apriori Apriori
2.1.1 Apriori
Apriori 1994 Agrawd et al.

Apriori

10



L; ={large 1-itemsets};
for (k=2;Ly.1% O;k++) do

begin
Cy=apriori-gen(L-1); I
forall transaction tI D do
begin
C: = subset(Cy,t); I Ck
forall candidatescl C; do
c.count++;
end
Ly={cl Cylc.count minsup}
end

Answer = Ly

2 . Apriori
Apriori
1.
2. Q)
(2-1) subset(Cy,t)
Ck
2.1 apriori-gen()
Lk (join)
Ck+l

11




insert into Cy+1

select p.itemy,p.item,...,p.itemy,q.itemy

from Lk p, Lkgq

where p.item; = qg.itemy,...,p.itemc1 = g.iteme.1,p.itemy < g.itemy

2.2 agpriori-gen()
(1) Apriori
(1-itemset)
K k-

(candidate k-itemset) Cy Ci

C ( ) k-
k-itemset) Ly o

L« L«
G2 L+ 1
G+1  Lies
Apri ori

(large



Database D

TID [tems

100 ACD
200 BCE
300 ABCE
400 BE

C

ltemset

{AB}
{AC}
—> | {AB}
{BC}
{BE}
{CE}

Cs

ltemset

—> |{BCH

Apriori

2-itemset
Sampling

Cy

L1

ltemset

ltemset

{A}
{B}
{C}
{D}
{E}

{A}
{B}
{C}
{8}

C

L1

ltemset

Itemset

{AB}
{AC}
{AE}
{BC}
{BE}
{CE}

{AC}
{BC}
{BE}
{CE}

N W NN

Cs

L3

ltemset

Sup

[temset

Sup

{BCE}

{BCE}

2.3 Apriori

13

DHP

ms = 50%

DIC Partition



2.1.2DHP

Chenetal. 1997 DHP(Direct Hashing and Pruning)
hash table
C DHP
2.1DHP
TID ltems
100 ACD
200 BCE
300 ABCE
400 BE
1
C, count Ly
{A} 2 {A}
{B} 3 3 {B}
{C} 3 {C}
{D} 1 {E}
{E} 3

Minimum support, s=50%
24 DHP

14



2. 2-1temset

100 {AC} {AD} {CD}
200 {BC} {BE} {CE}
300 {AB} {AC} {AE} {BC} {BE} {CE}
400 {BE}
25DHP 2-Itemset
3. hash function
hash function hash table

H{{x,y}}=((order of x)* 10+(order of y)) mod 7

{CE} {BE} {AC}
{CE} {BC} {BE} {CD}
{AD} {AE} {BC} {BE} {AB} {AC}

3 1 2 0 3 1 3

o 1 \Z\f’ 4 5 6

2.6 DHP
4. L, L, C,
{AB} |1 Co
{AC} |3 {AC}
LixL: [{AE} |1 ——> [{BC}
{BC} |2 {BE}
{BE} |3 {CE}
{CE} |3
2.7 DHP

DHP Apriori L, L,

15




Apriori C, DHP hash table

C, L,
1/O
DHP hash table
Apriori {AB} {AC} {AE}
{BC} {BE} {CE} DHP {AC} {BC}
{BE} {CE} {AB {AE} hash table
50%
2.1.3DIC
Brin et al. 1977 DIC(Dynamic Itemset Counting)
Apriori DIC
1/O
DIC

DIC

16



DIC Apriori

Database

Database

1-itemsets ——— >
2-jtemsets — >
3-itemsets —— >

1-itemsets ——— >
2-itemsats ———»
— 3-itemsets —>»

—>
>
Apriori DIC
2.8DIC Apriori
DIC
25%
25% DIC
1 DIC 40%
40%
2. 40%
15% 2%
40%
DIC

17




1.4 Partition
Savasdr.all9o995 Apri or.

Partition Partition

Apri or i

Partition

Partntio

Apri or.i

18



Partition

P = partition_database(D) Il
n = Number of partitions I
//IPhase |
fori=1tondo
begin

read_in_patition(p | P)
L' = gen large itemsets(p;)
end
//Merge Phase
for (1 =2,Lij<>0;j=1,2,...,n;|++) do
begin
C® = U je12..0L]

end
/[Phase 1l
fori=1tondo
begin
read_in_partition(p; | P)
for all candidatesc 1 C®gen_count(c,p)

end
L°={c I C®c.count * minSup}
Answer = L©
2.9 Partition
Apriori Partition

/O
Partition

19



2.1.3 Sampling
Toivonen et al. 1996
Partition

Sampling

20



2.2.1FUP

Cheung et al.

Apriori

FUP

FUP

Apriori

Apriori
FUP(Fast UPdate)

21

[10,11]



FUP

FUP Apriori

1.

2.

3.

4.

FUP
50%
22 FUP

TID Iltems
100 ACD
200 BCE
300 ABCE
400 ABE
500 ABE
600 ACD
700 BCDE
800 BCE




Apriori

2.3 FUP
1-item Counts 2-itams counts 3-items counts
A 5 BC 4 BCE 4
B 6 BE 6
C 6 CE 4
E 6
2.1.2
FUP
2.4 FUP
TID ltems
900 ABCD
1000 DEF

FUP

23




Count

m0w>§

(Y IR IS

Count

m0w>§

(<22 [*2] )]

Count

m0w>§

~ |~ [~

TID Items
900 ABCD
1000 DEF
Item count
A 1
B 1
C 1
D 2
E 1
F 1
Item Count
D 2
F 1
Item Count
D 2
F 1
Item Count
D 5
Item count
A 6
B 7
C 7
D 5
E 7
2.10 FUP

24




FUP FUP

1-item count

{A} {B} {C {E {D} {F}
FUP
count
FUP Apriori
CPU Apriori
FUP

2.1.2 Pre-Large ltemsets Mining

(Incremental Data Mining Using Pre-large Itemsets)[19]
FUP

25



FUP

FUP

FUP

" N o < 1B © N~ o0 O

2,3

1,5,6,8

4,7

FUP

26



2.2.3

[20]
(Reduced Itemset Lattice, RIL)

* "(Lattice)

27

Apriori principle

(1-itemset)

(Large



ltemset) 2

[ 1 LageNode
ICPICD,

LT

28




1-itemset

RIL

29



231

[17]



212

Srikant et al. 1995 [19][20]

2.3.2

Savasereetal. 1998 [18]

31



(RI, rule interest measure)

2.3.3 Apriori
Apriori Apriori
(Apriori principle)

1.
2.
Apriori
Apriori
Apriori principle
Apriori Apriori principle
Lo join Cs

{ACHBC} - {ABC} {ACHCE}-{ACE} {BC}{BE}-{BCE}
{BC}{CE} - {BCE} {BE}{CE} - {BCE} {ABC}
{ACE} {BCE} Apriori principle

{ABC} {AB} {AC} {BC}

32



{AB}

L, {ABC} C.  {ACE
Cs
L, Cs

ltemset [temset

{AC} {BCE}

g |

{BE}

{CE}

2.13 Apriori Principle

Apriori
apriori-gen() Apriori principle

2.3.4
Apriori-like

CPU



CPU



Apriori

a ~ W N P

Multidimensional Update Mining(MUM)

MUM

Multidimensional Update Mining
Apriori



1-ltemsat 2-ltemsets ... n- ltemsets

table

(count)

table

MUM

stepl
step?2

step3

step4

(temp table) temp
(base table)
count
base table base
/O CPU
MUM
MUM
1-ltemset  2-ltemsets ... n-ltemsets
cube
count 1
support minimum support



a base table

temp table
/O
MUM

3. MUM
Incremental database
TID Items
100 ACD
200 BCE
300 ABCE
400 ABE
500 ABE
600 ACD
700 BCDE
800 BCE

(Itemsets)
1-ltemset Table

2-ltemset Table

37

CPU

2-1temset

1-Itemset



3.2 MUM

3-ltemsets

Supports

2-1temsats

Supports

1-ltemset

Support

3-ltemsets Tehle

1-ltemsat Table

3.3

2-ltemsets

3.3 MUM

Tadle

3-ltemsats

Supports

2-1temsets

Supports

1-ltemset

Support

1-ltemsat Table

2-1temsets

3-ltemsets Table
Tadle

MUM



minute

support
1. [temstes minimum support
l-ltemset  4-ltemsets  minimum support 50,20,10,5
2.
Support
minimum support temp table
34 MUM
1-itemset
3.4 1-ItemSet
Pass A B C D E
1 |[[ACD |1/100}/ 1/100 |1/200 |/
2 |BCE |1/50 |1/50 [2/100|1/50 |1/50
3 |ABCE|2/66.6|2/66.6|3/100 |1/33.3|2/66.6
4 |ABE |3/75 |3/75 |3/75 3/75
5 |(ABE |4/80 |4/80 |3/60 4/80
6 |ACD |5/83.34/66.6|4/66.6 4/66.6
7 ||BCDE|5/71.4|5/71.4|5/71.4 5/71.4
8 |BCE |5/62.5/6/75 |6/75 6/75

minimum support = 50%

39



{D} pass3 50%

minimum support temp table pass
count temp table
{D}  minimum support 50% base table
35 temp
table
35

pass (ltems |Support
1 / /
2 / /
3 D 333
4 D 25
5 D 20
6 D 333
7 D 42.8
8 D 375

3.4 pass3 {D} base table

{D} count
support
50% {D} base table
2-ltemsat 3-ltemset ... n-ltemsets



3.6 2-ltemset

3.6 2-Itemset
pass AB|AC|AD|AE|BC|BD|BE|CD|CE|DE
1 |ACD 11 1
2 |BCE 1 1 1
3 |ABCE|1 |2
4 |ABE |2 2 2
5 |ABE |3 3 3
6 |[ACD 2 |2 2
7 [|BCDE 21 1413|1211
8 |BCE 3 3
minimum support = 20%
3.7 3ltemset
3.7 3-ltemset
pass ABC|ACD|ABD|ABE|BCD|BCE|CDE
1 |ACD 1
2 |BCE 1
3 |[[ABCE|1 1
4 |ABE
5 |ABE 3
6 |[(ACD 2
7 |BCDE 1 |13 |1
8 |BCE 4

minimum support = 10%

a4




3.8 4ltemset

3.8 4-ltems=
ABCD|ABCE|ABDE|ACDE|BCDE

pass 1JACD

pass 2|BCE

pass 3|ABCE] 1

pass 4|ABE

pass 5|ABE

pass 6|ACD

pass 7|BCDE 1

pass 8|BCE

minimum support = 5%

42



MUM

MUM
l MUM
ﬁ Temp Table
MUM
ﬁ MUM Table
3-1MUM
MUM
{A B C D}




(A B_C D}

N

(A B C D

{AB} {AC} {AD} ;BC} iBD} {CD}

{ABC} {ABD} {ACD} {BCD}

{ABCD}
3.2
n T
k Apriarn Ty
MUM
Ty = split(l)
for (i=1;i<n;i++) do
begin
insart into Ti+q
sect p.iteml,p.item2,... p.itemk,q.itemk
fromTip,Ti
where
p.iteml=q.itemi,... p.itemk-1=q.itemk- 1,p.itemk<q.itemk
end
3.3MUM_gen
MUM MUM



MUM_gen(l)
fordl tempdatail T do
begin
if not exist(sdlect item from MUM whereitem=i) do
ingert into MUM vaues(i,1)
dse
update MUM set count=count+1

end
34MUM
MUM
MUM
MUM Apriori
MUM Apriori
1.
2.

MUM



MUM

Q (I(N+m))
MUM

6 (N+m)
Apriori

MUM

MUM
MUM

Apriori

MUM

(1)

(2



Apriori MUM
N M1 | M2 | M3 N M1 | M2 | M3
> >
N —>
R B —>
i —>
3.5 MUM Apriori
31
MUM Apriori
MUM Apriori
MUM Apriori

47




FUP

FUP

SUM (sensitivity update mining)
FUP

CRM

FUP
MUM



MUM
MUM MUM
SUM
SUM
MUM
SUM
(SUM level-l) MUM
(diff-1)
(SUM level-2)
t t1 t-2)
(diff-2)
SUM

1000

49

41



4.1 SUM

TID Items
8100 ACD
8200 BCE
8300 ABCE
8400 ABE
8500 ABE
8600 ACD
8700 BCDE
8800 BCE
MUM 1-ltemset

minimum support 50% 2-ltemset minimum support 30%

3-Itemset minimum support  10%

4.2 SUM 1-itemset
1-Itemset | Count/Support
A 5/0.625
B 6/0.75
C 6/0.75
D 3/0.375
E 6/0.75
{D} ms> 50% temp table

2-Itemset



4.3 SUM 2-itemsat

2-Itemset | Count/Support
AB 3/0.375
AC 3/0.375
AD 2/0.25
AE 3/0.375
BC 4/0.5
BD 1/0.125
BE 6/0.75
CD 3/0.375
CE 4/0.5
DE 1/0.125

t-1
4.4
4.4 SUM 2-itemset

2-Itemset | Count/Support
AB 430/0.43
AC 257/0.257
AD 382/0.382
AE 413/0.413
BC 135/0.135
BD 407/0.417
BE 389/0.389
CD 435/0.435
CE 512/0.512
DE 207/0.207

SUM level-1 diff

diff = | support of item, — support of item, | (4.1

51



4.1 t

t-1
25%
4.5 SUM
2-ltemset diff

AB -0.055

AC 0.118

AD -0.132

AE -0.038

BC 0.365

BD -0.292

BE 0.361

CD -0.06

CE -0.012

DE -0.082

SUM levd-1 diff
SUM levd-1
SUM levd-1 = diff > diff-1
{BC} {BD} {BE} diff

25%

SUM level-1

52

(ciff-1)

diff-1

(4.2)



SUM leve-2

diff-2
diff-2

SUM levd-2  diff-2

diff-2 = |diff, + diff., + diff,|

4.3
4.6 SUM
Itemset Dlﬁt Difft_l Difft_z
AB | 0.055 |-0.203| 0.134
AC |-0118|-0.129| -0.139
AD | 0132 | 0.147 | 0.168
AE | 0.038 | 0.093 | -0.017
BC |-0.365| -0.218 | -0.045
BD | 0.292 | 0.121 | 0.034
BE |-0.361| 0.173 | 0.061
CD 0.06 | 0.074 | -0.034
CE | 0.012 | 0.189 | 0.186
DE | 0.082 | 0.154 | -0.097
SUM leve-2 diff
Giff-2 SUM level-2

SUM levd-2 = diff > diff-2

30%

diff
diff

(4.3)

(4.4)



diff

{AD} {CE} diff 25%

447% 38.7% 30% {AD} {CE}



Apriori

MUM Apriori
MUM

Microsoft SQL Server 7.0

MUM Visua Basic 6

Apriori MUM

CPU Authon 1G
RAM 512M
HD IBM 40G

Windows 2000 Professiona with sp2
SQL 7.0 with sp2
Visual Basic 6.0



Apriori MUM

VB
Apriori Microsoft SQL 7.0
SQL Apriori
MUM SQL
MUM VB
Apiror i
ms =100
5.1
100 100 100
10000 10100 10200 10300
Apriori 16:17 16:45 17:16 17:56
MUM 2:37:43 2:12 2:14 2:12




10000

mszl%@ ms=125 ms=100 ms=75
Apriori

10:17 10:37 16:17 35:59
MUM

2 seC 2 seC 2 sec 2 sec

MUM VB
VB
51 Apriori
MUM

52

MUM

Apriori

57




Apriori

MUM

MUM

MUM

MUM

w NP

MUM FUP

MUM

MUM

MUM

Apriori principle



FUP

Apriori
MUM
MUM
MUM MUM
MUM
Pre-large Itemsets
(
2.2.2 Per-large ltemset )
MUM

char

59






MUM

SUM
MUM
SUM
1. MUM Apriori
2. MUM

Apriori

3. MUM

61



4. MUM

MUM

Apriori

MUM

MUM

62

Apriori



Apriori

1. MUM

2MUM

MUM

SUM
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