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0,1.47,0,0,...,0,2333,12,21  « .
1.6,0,0,1.3, ...,3.333,13,0,17 -~ >
0,10,13, ... ,3,13,0,16
1,1,0,1,... ,1,2,3,4
1,0,0,1.37, ...,0,25,0,13
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ilﬁ 2 —Deadline

Ll 201O/L44H20EIZ_HU </\20EI> TEI/\

o JEACHY: FREHAH 44
« IR (PPT) iﬁﬁ%ﬂqéﬂ%
= PPTHyF B 2k 44 02
« [AIRYEBIINE 43 1, #ir’iﬂ%i%dd\ﬂﬁ?
« FEHAEAERE FAFIR S
: E%%%‘éé%ﬁ'%: XA A 4
. 4H27Hﬂ%ﬁi%ﬁiﬁ%ﬁﬁﬁ%éﬁﬂﬁ/ﬁ%%@ﬁ‘éo AR, /N
T EAEARVGR F AR

- %E)‘ emall P AR TR AT R Dikgs

= gaofuliang@gmail.com

- R (FEi%: 13488694361; Huhik: 547207~
’ KRR » R
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»
B 19934ESIGMOD K4 _AgrawalSs N E k3 H
m SRHECH3Z4E (association rule mining)
B B AR R
AT 2 R NI SRA T AR R A 2 — Beer and diapers?
LR, % Rl S A A A AT N ?
m WERRDNAX AN B 25850 2
v
m Basket data analysis, cross-marketing, catalog design, sale campaign analysis,
Web log (click stream) analysis, and DNA sequence analysis.

B RZOMES
B EHEA (Frequent pattern)

AR (B PB4 (a set of items). O TP e
4iH4 (substructures) 2%) . ”EEEE(E@ uml.org.cn
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= Association Rule Analysis
o L EFASERET, ARV LEITA IR TG I e TR H IR

Market-Basket transactions o
Example of Association Rules

TID Items
. {Diaper} — {Beer},
1 |Bread, Milk {Milk, Bread} — {Eggs,Coke},
2 Bread, Diaper, Beer, Eggs {Beer, Bread} — {Milk},
3 Milk, Diaper, Beer, Coke
4 Bread, Milk, Diaper, Beer fe & E NAESREE, T ARHRAR LR
5 Bread, Milk, Diaper, Coke 0@eOQ_KrRemsE

.A_}\/L\)\he uml.org.cn



I (1tem)
S = 2N DL SRR v
= {7tn: Bread, Milk

o ] TID Items

#H% (Transaction) L entl I
- Hﬂ%%%’%ﬂlﬁﬁééﬂ}ﬁ. 2 Bread: Diaper, Beer, Eggs
= Pl <1, 1Bread,Milk}> 3 Milk, Diaper, Beer, Coke

HEKIEE | 4 Bread, Milk, Diaper, Beer
« HEZNHSAHRK 5 Bread, Milk, Diaper, Coke

T4 (1temset)
« —ANEZAN (item) [

« Wil {Milk, Bread, Diaper}
= k-Tii£E (k-itemset)

- AEKANI A 09009 KRz
AR TAAN uml.org.cn




L A

» BERR
» BTH—FHS, PAH—IIE. PRTEUHP, WRPETH 4
s WToOPE(PcT TID Items

Bread, Milk
Bread, Diaper, Beer, Eggs

s X FFETFE (Support count)
s RSN PR A A T AR R R 55 A
= Plan: - o({Milk, Bread,Diaper}) = 2 Bread, Milk, Diaper, Beer
 XFFE (Support) Bread, Milk, Diaper, Coke
o FEEEE A AL AN T Y 55 i S 55 S B B
« #iltn:  s({Milk, Bread, Diaper}) = 2/5
» IMEILZ (Frequent Itemset)

s DPAAET—AILE, FRPASNZINEE, WRPHISCFFEANT 4R
E BN (minsup threshold) 9009 ke iz

!\AJL\)\A uml.org.cn

Milk, Diaper, Beer, Coke

ol | W N -




e A5

= KECHELN (Association Rule) LR
St X Y (s, 0) 1 Bread, Milk
" H/I AT > R 2 Bread, Diaper, Beer, Eggs
L E:F'b, X %E[ L%EEIJ\W’ SIE%JD)\JEKJ 3 Mllk, Diaper, Beer, Coke
SCRERE, R E R . .
"ES 4 Bread, Milk, Diaper, Beer
- : . 5 Bread, Milk, Diaper, Cok
{Milk, Diaper} — {Beer} (0.4, 0.67) reac, VT —iapen 2o

‘ B Example:
o FPEAL B ETRPR {Milk, Diaper} = {Beer}
= SCHFE—Support (S) L
- ML XA S g g o _ o (MilK, Diaper,Beer) 2 _
i T 5

= E{FJ% —Confidence (c) o (Milk, Di w
o BT YT C= ”ff?ffe’ﬁ?ﬁ%;f
& LG A7
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= ARSI

= RO I ZE il
s 2R RO
= P ECPPA

_PROOP IR« 3z
AXJAAD umlorg.cn




P4

. AR

R AT — N 2F

ZETD, RECHEIZ P8 1) H A

o B B B SCHF REAV BAR JEARAN N T8 € 1B

AN

EHIAEI

» SRR = minsup threshold
« B1EE = minconfthreshold

= 554595 (Brute-force approach)
= HIJH BT AT REF) ]
o X BESCRE N TS L SCRF PE A AR T
0 BE minsup B minconf 13 & TG0 )

. QA H e BETE
Ej*ddﬁ'l\iv ”(i(i?{ff@ uml.arg.cn
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m 2556 d AR

Number of rules

w107

» EEHHSET2

= P AR B RIS s T

ﬁn% d=6 ml D — ann

HQQQQQ NI E e IR
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Example of Rules:

; zreag’ ['\)"_"k m— {Milk,Diaper} — {Beer} (s=0.4, ¢=0.67)
read, DI1aper, Beer, =995 {Milk,Beer} — {Diaper} (s=0.4, c=1.0)
3 Milk, Diaper, Beer, Coke {Diaper,Beer} — {Milk} (s=0.4, ¢=0.67)
4 Bread, Milk, Diaper, Beer {Beer} — {Milk,Diaper} (s=0.4, c=0.67)
5 Bread, Milk, Diaper, Coke {Diaper} — {Milk,Beer} (s=0.4, c=0.5)
{Milk} — {Diaper,Beer} (s=0.4, c=0.5)
54

o BT AT FIDUIER G I T4 [R] — TR 70 B A 93
{Milk, Diaper, Beer}

o Y5 F A — AR PR A A R R S He s, (HRE B R FE AN
o[RII, FRATTRT LAy ) A BRSNS 57 5 5 I K SRk

_P900P, Kk omE
X = Y s=s(XUY) c= s(XUY) / s(X) NS TR




f%ﬂ?%%ﬂ)ﬂﬂéﬁﬁ

1. 2P

— T SR > minsup A IAE

2. i B
— AR T A A e S R I )
— MPRER AR U T a0k D BB,
T T 2% 0 ) 2 5 36 A N A B (L 41

{Milk, Diaper, Beer} s=0.4 {Milk} —> {Diaper,Beer}
{Milk} s=0.8 s=0.4, c=0.4/0.8=0.5

53 A HE — > NS i==R1 !
- O PSSR AL,

= uml.org.cn




. BT A N

o RIS

o SRH RN 1
o )RR
o BEECPVEA

79009, KinskemiE
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o e H U B A AT 55 1) i

» HESrHT: Association rules analysis — Mining Frequent Itemset

« [R5 #7: causality analysis

« 7). itk Sequential, structural (e.g., sub-graph)
patterns

SR RSN 2+ 3 NN TS 201 AN E S Wa

x\
= R

» JRCE

o 1B SCHORE S _90@0P_ Kifemm
v e " . AR TAAN uml.org.cn

o HEFE R G AR
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R A /—‘& vy
t:ﬁkiﬁ% Iﬁ A<
s 55457k (Brute-force approach)

w RS H AR AN TR S S 10 12 0 A0 2 T 4
o R REAEEE, 1T DS BRI U () SRR
o PURCRE— 25 S 55 M RRAM e e T 42
= I E A —O(NMw)
=« NAEHESEH, M =29 iEIEE, wh—RKEERTHEAAN
Transactions List of
M

Candidates
:.(PQOQQ KV e FEIR
!\)\)\,L\A@ uml.org.cn

TID |ltems

1 Bread, Milk

2 Bread, Diaper, Beer, Eggs
3

4

5

Milk, Diaper, Beer, Coke
Bread, Milk, Diaper, Beer
Bread, Milk, Diaper, Coke

- wW .

<+ Z —>




CE I E AR — T

s g/ MEIEIEE ) 2= (M)
s SRR M=2d
o JH I B AR DM

= /N LB (NM)

o FHAN[R) B 200 S5 A6 R A7 o LI A 5455
o A0 LU0 BRI e AR AT 555

= /N LU (w)
= KHJ DHP Al vertical-based 124 66g00_na-mz

W e ]

AR TAAN uml.org.cn
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m Apriori |

s QR AR

F

?’Q%‘Kxefbﬁ"%ﬂ’]
WHR A B B

= Apriori 'F

JoT AT ) i

j<

S, AT

IS

VXY 1 (X CY) = s(X)>s(Y)

o AFAR— IS
ztﬁqEZ*TfL

S SCRF BEAN AT et 1

~TPOOP N EETE

AA*AA uml.org.c
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priori 4 i —{# /N

Minimum Support = 3

{2 1 0 4E (1-itemsets) {1 2 5 £E (2-itemsets)
ltem Count TR AHREENRAS
Bread 4 CokemkEggs/t) 2T £
Milk 4 N ltemset Count
Beer 3 {Bread,Milk} 3
Diaper 4 {Bread,Beer} 2
(BreadDiaper} 3
{Milk,Beer} 2
{Milk,Diaper} 3
{Beer,Diaper} 3
WERFE R T8, WA 7k QT AE (3]
CL + C2 + C5, = 41 4 (% %6 3T 4K (3-itemsets)
%UﬂﬂAprlorljﬂzﬁ, Ha= ltem set Count
— {Bread ,Milk,Dianer}
6+6+1=13 "00e0® A?E%-ﬂﬁ

*"“)\AJ\”‘E uml.org.cn
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Apriorl H.yx— B4
= Method:
s Let k=1

= Generate frequent itemsets of length 1

= Repeat until no new frequent itemsets are
identified

Generate length (k+1) candidate itemsets from length k
frequent itemsets

Prune candidate itemsets containing subsets of length k
that are infrequent

Count the support of each candidate by scanning the DB
Eliminate candidates that are infrequent, leaving only

those that are frequent
POQOP_ KR o 23R
.A_A)\)\he uml.org.cn
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Apriori 5% — 7R

Ite{r:;et s;p Itemset | sup
upmin =2 Cl (B} 3 Ll {A} 2
Tid Items c 3 {B} 3
10 | A, c,D | 1%scan 1C} | 3
20 | B,C,E - - {E} 3
30 |A,B,C,E 13
40 B, E C, | Itemset | sup C, r—
L, | 1temset | su _ 2nd scan
oo T2 e -
scr | 2 | - [ ’
EB Ei 3 . 1 2 !
CE |2 {B.E} | 3 {8, C}
’ {C, E} 2 {B, E}
{C, E}
C,; | Itemset 3dscan L[ ltemset |si—c KB o TS
{B, C, E} > {B, C, E} ZHEEEE?’Q urml.org.cn




i&priori Hik— (D) Fhik

C,. Candidate itemset of size k
L, : frequent itemset of size k

L, = {frequent items};
for (k=1; L, '1=0; k++) do begin
C,.; = candidates generated from /L;
for each transaction fin database do

iIncrement the count of all candidates in C,,
that are contained in ¢
L.,, = candidates in C,,, with support > min_support
end

return oy Lk; C@e0Q_ /iR emE
A,)\A,J\Ag uml.org.cn
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Apriori 51—

s/ k=Rn

Ll
i
yud

o UNAAT AR Rl I TAR 7
= Step 1: HI%E$: (self-joining) L,
= Step 2: #i (pruning)

o AT S A TR P SRR 7

= BT
» L ,~{abc, aba, acad, ace, bcdy
= Self-joining: L,*,
= thabc 1 abd "% abed
= tacd M1 ace 't Jf.acde
= Pruning:
- j'gadeZQ%ELgE[j’ F}T%Kﬁﬁ&i@am’e (?Tﬁrﬁbﬂiﬁﬁ’@?ﬂﬁﬁz\

IR« BRI
» C~{abca} ”?EEEEQ uml.org.cn
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. ! /v‘/ﬂr\\_; . » » ~

iAprlorl B — A Rl R T A

= Suppose the items in L, ; are listed in an order
= Step 1: self-joining L, ,

insert into C,

select p.item,, p.item., ..., p.item,_,, q.item,_,

from L, ;0 Lisq

where p.item,=q.item,, ..., p.item,_,=q.item, _,, p.item,_, <
q.item,_,

= Step 2: pruning
For all itemsets c in C, do

For all (k-1)-subsets s of c do
: . . O JmH e 5218
If (sisnotinlL,,)then delete c*fffff@ urml org cn




priori &k — V5K

JEINER Sy

o AT AT RARIE TR 2 02— AR L ?
= RIETEE I H 3R AT REAR K
= SRS 2RI

| /EDEI\E%
s P/ LR IR S
ol 77/2
o JHhashf e 174 i 1k T 45

= hashB (1)1~ 45 A& R IE AR M HL 4

» JEM4E S 405 hash table
= hashpfZ: B EE

f

 C@@OQ_ /ipi«T1E

4% AR RS

org.on



)38 Hash kit

B EH 15K E A SHIRIZ L -

{145},{124},{457},{125},{458},{159},{136},{234}, {5
67}, {345},{356},{357},{689},{367}, {368}

WE::
e Hash R %X
« A& MR TE—AHE R AR R KIEETEREE (o
RARTZBMEN 4 %45 KD A 45 R SF 43
234
Hash function 567
3,6,9 145 345 356 367
147750 136 357 368
2’5’8 ARQ
124 > OO0 _ A if e miE
457 125 159 H.A_AE\))\AQ arml org.cn

458



‘LH ash##f

Hash Function Candidate Hash Tree

1,4,7 3,6,9
2,5,8
145
Hash on
1,4o0r7
\ 124
Jeil 457 QOOQ_ K Hia e 7118
458 T A umlorgen




‘LH ash

Hash Function Candidate Hash Tree

1,4,7 3,6,9
2,5,8
145
Hash on
2,50r8 o
X 1124 |
] '

A= uml.org.cn
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‘LH ash

Hash Function

1,4,7 36,9

2,5,8

Hash on
3,60r9

eyl

145

124

Candidate Hash Tree

457

125

458

1345

356

357

689

367

368

CO@O? K?E'%'ﬁﬂl

A= uml.org.cn



o — NS, JLATRER
KB 3T A A WLk ?

Transaction, t
123586

Level 1

123
125 235 356
126 I 236' '
HQQOQ K Fp R @ BETE

Level 3 Subsets of 3 items AKLAAS umlorg.en




Hash# — 1

\

]

1+

145

124

457

SPS(E

12 35 6 | transaction
2356 2+ 356
\ 3+ 56
—
234
567
136
345 356 367
357 368
125| 159 689
458

Hash Function

1,4,7 3,6,9
2,5,8
29009, ke

AR TAAN uml.org.cn



iHashW—%

12356 | transaction
142356 2+ 356 1,47 3,6,9
12+1356 )58
3+ 56
13+]|56 —
234
15+1|6 N 567
145 136
345 356 367
357 368
689
1241 1125| [159 000D st
4571|458 ”.f\_)\/l\)\n@ uml .org.cn

CSP (=

Hash Function




.

J

i Hash

eSS (=

12356 | transaction

Hash Function

1+[2356 2+ 356 1,4,7 36,9
12+/356 =
3+/56 -
132056 — 15/ TS L
. 234 7114, XH AL ER 4%
15+18 567 A T, Hob
N ) SCHRFRE N
145 136
345 356 367
357 368
[
124 125]||L159 689 R
| .
457111458 thfcjf@ uml.org.cn
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iﬁ*‘iﬁiﬂ - T4

= RZSUGRY], TEApriori 5% (HAETApriori
VR ANEREIAIZ IR T, ANE2-TLE )

73 B B N [H]
» EL-TEEIR 2, P DMk 2-mgE sk % £
2
o
o Sk
-?ﬁﬁ%%ﬁ%ﬁﬁ,ﬁﬁﬁﬁﬁﬁ%%%@@Zﬁ%%
TIE o

o SRS, RN RIA S - TAE N 25 2- TR

H(PQQQQ NI E e IR
_f\_)\/l\)\n@ uml.org.cn




iﬁfﬂ%ﬁﬁ%&‘z-%& Nl

Itemset | sup
{A} 2
Tid Items B >
10 A C, D 9, >
20 B,C, E 3, >
30 | A B,CE
40 B, E Itemset | sup
{A, C} 2
A, C, D - {A, C}, {A, D}, {C, D} {B,C} | 2
B, C, E—{B, C}, {B, E}, {C, E} @B} | 3
. {C, E} 2

 C@@OQ_ /ipi«T1E
AXLAAD umlorg.cn




iApriori%i‘?i—%ﬁﬁ

n AFAE ]
o KRR T4
o I R AN
o it
o PRI B R
o JR/DBERE T AR K H

 C@@OQ_ /ipi«T1E
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‘_Hm\ BETIOE €/

s AprioriB I ARRHRAG A AR EE T — W s 4, H
K AR INER N SCRFRE . B AR K i"'

I, AREIEE AN FOZ b, AL F X e ik
Iﬁéiﬁﬁ— RLE7Q@//I\’ 'fBXEiI:EIEI:EﬂE/J?H‘%Eai

WA AR
o SEERCRA TR AE S S TR W ek > T 4
55
= AprioriTid
= Eclat

79009, KinskemiE
A)\Il\)\hg uml.org.cn




i&prioriTid g — BRAS

AR e
s IR —E

1)<

(>

HE

6%

~

N JOAEM) A T AprioriTid £5032:

L5 AL BN E K-, BA1xH
G MR I (K+1)- T .
DL @ BRI RN, SUAE S SR K-T4E
MR G, AR T A
) HIIRERISCRF I o

HK

 C@@OQ_ /ipi«T1E

_A_A)\)\fx@ uml.org.cn



prioriTid —Z&A AR

o FESCEREDUE Y JE, MiE—ATidR, AR HSEEN
I . RIEK-TEE I TidZR I MCk, HIE h<t.Tid, {Ce C, |
Cct}>, Hrh, TidEFHSthHtsil, CEFSrPF mRikk-
WA, W —NFHSAWEAERIEK-TIA, WIXADNFHS A S
HILAECK

« X Tk=1, Cl=TD;

s SFFk>1, CkiiCk14
o WRAFSZEE T —MREK-TE R IE (k—1)-T3i4E, A

AR B IX AR K- T 5
s WCRIECKI T VR R

o PEEAMEAEK-TEEP, AP RPN 28 (K — 1)-TRAR A S AR CR L RL L
A, NS PRI CRE AR NI = o

HQQQQQ NI E e IR
AJ\A)\A@ uml.org.cn




i AprioriTid % — HikHhid

= Pseudo-code:
C,. Candidate itemset of size k; £, : frequent itemset of size k
L, = {frequent items};
Ct = TD;
for (k=1; L, 1=; k++) do begin
C..; = candidates generated from L,;
Cktl = &;
for each zin Ck do
G =1Ce Gy | (1] (2]... K] € ¢ and (1] (2]... (k-1] (k+1]
€t}
for all Ce C, ,increment the count of C by 1;
if C, 1= then Ck*! = Ck+1 U {<t.Tid, C, >}
end for
L.,, = candidates in C,,, with min_support

end for

. KRR » BEIR
return v, L ”(i(iffi)@ uml.org.cn




gprioriﬂdfﬁi&—ﬂﬁu

Minsup =3

P -Th 4R

10 | A {C) (0} ETNETT
20| {B).{C}.{&) ® | 4

o [0 5. 0 & | |
40 ®}. (&) E | 3

50 {B}, {C}

i1z 2- T4

{BC}
1BE}
{CE}

—)

C2

20 {BC}, {BE}, {CE}

30 {BC}, {BE}, {CE}

40 {BE}

50 {BC}

$E - T 4R

—;M

| ey | 3 |
Q@OQ_ ARz

= uml.org.cn



i AprioriTid &Lk —ifie

= LA
= JHZHR D I TIdZRATE BRI 25 55 230
B

o TEWIEERT B, JUHESE IR CRIIAE2-104E) , Rk
LR 2, SEME RN TIAR AT fE L R 645 Bds 8 2
KNIRZ . X ApriorifER0% _EEAL T-AprioriTid

= AprioriHybral

s ZEE AprioriflApriori Tid 4L 4

AR

LA WIAT

= B SEKHApriori& L,  [FINALTFTIAR KN,
s CUTidER IR/ BT LN N AEIN, 55 11 % FH Apriori Tid 532

HQQQQQ NI E e IR
AJ\A)\A@ uml.org.cn




iEcIat

T H AP Ko~ (vertical data format)

= Tidset
Tidset

o APR—ANIEE, HTidsetE Lan T

» Tidset(P)={t.Tid| P c t}

Mmil: PRISCRREEE T Tidset(P)# (U8 c =AM E0
2. S, = {Tidset(P) | P2 MEK-IiLE}, WXHEMCeCy,,
(fikk+1154E), Tidset(C)n] i SH N T & Tidset (X) Fil
Tidset (Y)#52], 3 HTidset (C)= Tidset (X) n Tidset (Y)

= X= C[1] C[2]... C[k-1] C[K]

= Y= C[1] C[2]... C[k-1] C[k+1]

Eclat’5 2 AR 5 ApriorifE A —2, FURRIAESRI K
AR K Tidset B £ FH A E T [ Tidset ) A2 - 1 fix
IR SRR BT | Tidset] 990 Akt 2

AR TAAN uml.org.cn




—. —— Mz L_!_—:E:—‘
- HE R RN

HORIZONTAL [TEMSET VERTICAL TIDSET
[ile Ty AC D T W
{
Jeloly 1112 1
32432
SIA[C|T W
41 13(5([5]]3
4/A[C|D|W 5 14((5|l6ll4
SIAlC|D[T|W 5 5
6ic(p|T b

 C@@OQ_ /ipi«T1E

.A)\A\)\!x@ uml.org.cn



Eclatiiy

A C D T
1 1 2 1
3 2 4 3
4 3 5 5
5 4 6 6
5
6
AC?@\ATAW CD CT CW
1 4 1 1 2 1 1
; 5 ; 3 . 3 2
4 5 4 5 > >
. 5 - 6 4
5
ACT ACW = ATW "CDW CTW

a|lbdh|lw ]|k

1 1
; 3
- 5
ACTW
1
3

DJ'\ DW TW
Minsup=3

PO KR BEE

.A_}\/L\)\he uml.org.cn




il AR I TR AL

s Apriorif LM B a4 SR DR B H B R, RigmiElL, ¥
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o (HRIXAN T VEN A Rk 2-TRAE R AR B R RAER]
o APNEL-TEENE N, W EE2-T4E N2 n(n-1)/2

s DHPZHLVEF) I hash3i AR Seidk 75 3% T 4R 1) 2F 1 72
s REHEXNHME R 2- TR
» HashXH—RAP TR, BRI — IR — 12

F kA7 if il 1 hash pR 2 i 21)7% BT 1 I AE DA S IR SCRe R . R
EAHFIP ISR —A o, B, BADIER S REAS R TE
FITAE B e I v 2 A
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iDHP“"?z

u %ZIK/EQB\E%

o LESRKIRAEINRS, THEARIEK-TET LR R R, fRBEK
HEEPAEFIK+HLI4E, #id— N hash e ZL S Rilhash 2 1]
FEARIE, AR RITHTH AN, A A S,
hash# th 1)1 5¢

o (ESEK+HLIXEINS, S0 B K-TEEAS R ik k+ 10004, ARG
H) FHhashZ ik k+ 1S TH8, TiEa .

s IR AN TR XS B [ hash & BT i T Eas /N T i /NI, mt
o A 228 T 5 H R
o ZERXFEIMIER, ARIETAE A B OB 2 b .
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Tid Items

10 A C D

20 B,C, E

30 A B C E
40 B, E

Making a hash tabl
100 {ACH{ADL
200 {BC}.{BE}.{

C

On the fly

mw

C

m g N m@ =

count L1
2 SA
3 B
3 ——p (C]
1 \E ]
3
minimum support, s = 2

300 {AB}.{AC},{AE},{BC}.{BE},{CE]

400 {BE!

h( {X Y} )=((order of x)*10 + (order of v)) mod 7

CE}  BE§ | ACH
{CE} {BC) { BE } {CD}
{AD) AE}  {BC] {BE} [AB] {AC] Hash table Fb
3 2 0 3 | 3
0 I 3 4 5 6 Hash address
re number of items hashed to bucket 2
Generating C2 # in a bucket with the itemset C:2
{AB} | tAC
1ACH 3 1 BC}
L1 7 Li I ! 1 ' BE }
{BC 2 > (CcE)
¢ I _— ¥ i _|' n ' m
Br : _P9e0Q_ s emm
AR TAAN uml.org.cn
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N BN oSl

SEIMESINAEL, kil LIVPrA JE2F4R1, i
£ F— L= HEREEADN s BRI BIE
= WIR{A,B,C.D}@ M BIiLE, MM AR

—

ABC —D, ABD —C, ACD —B, BCD —A,
A —BCD, B —ACD, C —ABD, D —-ABC
AB —CD, AC — BD, AD — BC, BC —AD,

BD —AC, CD —AB,

o AL = ke U2 — 2 ARSI (R
%ZE L > dand & - L)
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i HE R E B R

m LA A i IS TS A A Rl o R ) 2
« WINE, BAEREIFARA KA HTED (anti-
monotone property)

= flin: c(ABC —D)WEELL c(AB —D) K, thnlgELt
c(AB —D) /)

- (R, NI RN GBS 51 E
7 I W I

« . L= {AB,C,D}:

c(ABC — D) > c(AB —» CD) > c(A —» BCD)
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ST Apriori F L T IR U A R

o JH A IR EAA LR RTS8 25 0 B0 SR ]
R A 32 K )

= &7 (CD=>AB,BD=>AC)
¥ D == ABC

O %&?)&D:>A5Cﬁﬂ 7%/\ %Eg \
AD=>BCE 5 /M &m/NHHE
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Food .
Electronics

Computers Home

2%

Wheat  White  Skim

Desktop Laptop Ac DVD
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s N ATEFZEM S EIR?
-EE%MH%%?&%E%%?%@W&%E%?
IS

o S E RIS ERNKTEG T
S
skim milk — white bread

milk — wheat bread,
skim milk - wheat bread

—a

« HSZREE 7R milk I bread 2 [8] [ S HE
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i % 2 SR

o R E ORI, SRR AT E AR BEAn ] AR AL, ?
s DNRXIEXIRIX2H A2, B4
sup(X) = sup(X1) + sup(X2)

= WHRsup(X1 U Y1) = minsup, Ff HXFEXLHIAHE
o, YRYLIAHE, Msup(X w Y1) = minsup,
sup(X1 U Y) = minsup, sup(X v Y) = minsup

= W conf(X1 = Y1) = minconf, Nconf(X1 = Y)
= minconf
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JR IR 55 -
{skim milk, wheat bread}

(P
{skim milk, wheat bread, milk, bread, food}

m i et
s AR IUHAT B R SO
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(Pattern Evaluation)

it

o IO SR RE AR K A R
« HPIRZ R TR LER TR

= JUR

« filtn: {A,B,C} — {D} Al {A,B} — {D}H [FIFFH) S HF EEA

X

s X (Interestingness)
= S WA A E
= SCRFREFNVE AR B2 T B A B2 &

I, T HRBL A S B
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.A)\A)\!x@ uml.org.cn
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Interestingness
Measures \we PN
NS
Patterns
Postprocessing
Preprocessed
Data
Mining
Selected

Preprocessing

OeOQ_ Kimm e 5uE
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Selection




SR

s 25 AN X = Y, TFERNDGGER R )15 )R] e A
FIECZR 45 Y (contingency table)

X = YRIHPER

Y

flO

f1+

I

f

for

.I:

=
|_\

o B
HO

o
O

- X and Y-
: X and Y32

: X and Y377
- X and Y571

29553

295
295

| T]
\EH?EXTHE’JT”E

support, confildr ©eeo® iz .mms
J-measure, etc. =KX AAS umlorg.cn
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Coffe | Coffe
e e
Tea 15 5 20
Tea | 75 5 80
90 10 100

Confidence= P(Coffee|Tea) = 0.75

AR . Tea — Coffee

P(Coffee) = 0.9
= JUEEEER G, HXAD AR T
— P(Coffee|Tea) = 0.9375

_P9009_ ks e

A LA
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%ﬁmméz

= 100072424
= 60023 (S)
= 700N BATE (B)
= 420 SXUFIK TG 42 (S,B)

= P(SAB) = 420/1000 = 0.42
« P(S) x P(B) = 0.6 x 0.7 = 0.42

= P(SAB) = P(S) x P(B) => ZitJhar
= P(SAB) > P(S) x P(B) => IEAHx
= P(SAB) < P(S) x P(B) => fifH>x n?cifcpfp@mm%-ﬂﬂ
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% (Interest)

)i
=

Interest(A,B)=P(AB)/(P(A)*P(B))
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(Interest) — /=~
Coffee | Coffee
Tea 15 5 20
Tea | 75 5 80
90 10 100

Tea — Coffee
P(Coffee,Tea) = 0.15
P(Coffee) = 0.9
P(Tea) = 0.2

= Interest = 0.15/(0.9*0.2)= 0.83
=(< 1, B 5RER)

Tea — Coffee
P(Coffee, Tea) = 0.05
P(Coffee) = 0.1

P(Tea) = 0.2
= Interest= 0.05/(0 "&2 "> "
KIER e FEIE
”QQOQQ@ urml.org.cn
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+*= Measure Forrmmnla
1 g-coefficient P(A,B)—P(A)P(8]
scn B Ags Bad L Sog mmng PUAZBR) P{43) P(Bx)

2 Goodman-Kruskal’s {A) - o — - :_I:ax_,,- ;(Aj}i;u:;k P[B:} . . .
3 COdds ratio {a) igi%ig%?

2 PABYP(AB)—P(A,B)P(A,B) __ a1
4 | Yule'’s @ F(A,BIP(AB) | P(A,B)P(A,B) __ afl

, 2/ P(ABYP(AB)—+/P(A,BIP(A,B) _ ./2—1
o | rcopm ¢ e e e
6 Kappa {«) . 1_P(:4}P(B}—P(I}P[IB:I .

_ ., PlALBy) 1o pras e
i Mutual Information {Ad) T, P(A-::l og PIA =5, P(Bjﬁus PE,Y)
8 | J-Measure {.J) max (P4, B) log( T332 ) + P(AB) log( 5214,
PlA|B — P(A|B
P(A, B) log( ZE3) + P(AB) log( T521530))
9 Gini index () max (P{A} [P{B|AY + P{H|AY] + P(A)[P{B|A) + P{B|A?]
—P(8)* — P(B)?,
P(B)[P(A|B)? + P(A|B)"] + P(B)[P(A|B)* + P(A|B)?]
—P(A)? — P(A)?)
10 | Support {s) P{A, B)
11 | Confidence {) max{P{8|A), P{A|B))
NP({A B4l NP{A,B)41

12 | Laplace (L) rmasc E NIE(A:,;%_Q 2 N]E‘(E:l—}l—ﬂ )

s s PLAP(B) P(BIP(A)
13 | Conviction (V) m&:::A = (AT oA
14 Interest (1) P':ﬁ};:(g;
15 | cosine {IS) A (D]
16 | Piatetsky-Shapiro’s (PS) | P{A4,B) — P(A)P{B)

. P(B|A)_P(B) P(A|B_P(A
17 | Certainty factor {F') ma:::( ':1|_13,(B}': z, ':1|_1::',(A}': :')
18 | Added Value {AV) max{P{B|A) — P{B), P{A|B) — P{A))
. PlABYP(AB) 1—_PlAP( B —P(AYPIB)

20 | Jaccard {¢) P{A) L P(B)—P(A,5) S LA umi orgicn
21 Klosgen {K) W P{A, Bymax{P{B|A) — P{B), P{A|_, £k

oA




ﬁ Simpson’s %1 — i 71

BAF S T 22 Bl R

A5 G LSS
B 4/20=0.200 25/200 = 0.125 29/220 = 0.132
| } }
ZMH  35/200=0.175 2/ 20 = 0.100 37/220 = 0.168

BT R T A v M%?ﬁﬁw%ﬁ Zl—‘ﬁim

o

ARG A
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iSimpson’s %8 — 1] 12

B W SRAT N 53 b

Buy Buy Exercise Machine
HDTWV Yes No
Yes 99 821 150
No 54 66 120
153 147 300

c({HDTV = Yes} — {Exercise Machine = Yes})=99/180 =55%
c({HDTV = No} — {Exercise Machine = Yes})=54/120 =45%

=> LHDTVH & 5 A 1] 5 KA 5 25 4
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iSimpson’s A7

Customer Buyv Buv Exercise Machine | Total

Group HDTV Yes No

College Students Yes 1 O 10
No 4 30 34

Working Adult Yes 08 72 170
No 50 36 86

RFAE:

H
pali

c({ HDTV
c({ HDTV

= Yes} — {Exercise Machine
= No} — {Exercise Machine

c{HDTV = Yes} — {Exercise Machine
c{HDTV = No} — {Exercise Machine

= Yes} )=1/10 =10%
= Yes} )=4/34 =11.8%

= Yes}) = 98 /170 =57.7%
QQQQQ K e FEIR

= Yes} )

KLEA®
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See you next time
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