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DS sl S Al aalic

Tid Items bought A b S ) ) 4o sana 200 Ae gone m

10 Beer, Nuts, Diaper (Y )\.m) ei..ﬂ

20 Beer, Coffee, Diaper abyl K Jald 238 4c sana :k-itemset =

30 Beer, Diaper, Eggs X = {Xl Xk} O
[ eeny

40 Nuts, Eggs, Milk support L (absolute) support =

50 Nuts, Coffee, Diaper, Eggs, Milk c‘r‘ﬂ\ Ac gana S J\)ﬁ Maxs - count

Customer  cyustomer | s S/ T 2a 0 : (relative) support =
buys bath buys Coffee s ola S 47 SO 4 Jlada ) U X s 5la
il X

support 8 <l ) S5 itemset < m
b 3 ol minsup 2~ ) o

Customer
buys Milk




Tid Items bought

10 Beer, Nuts, Diaper

20 Beer, Coffee, Diaper

30 Beer, Diaper, Eggs

40 Nuts, Eggs, Milk

50 Nuts, Coffee, Diaper, Eggs, Milk

Customer Customer

Customer
buys beer

D adS X' Y il 68 dea 3 S oy
= L=l |y (min sup, min conf) 4l
SS) 8 ass) Jlda) Siee 42 Support s
AL X U Y sl
SeaS bl Jwislconfidence s
AL aa Y ogla X sl (S )
WS ap m
minsup = 50%, minconf = 50%
Freq. Pat.: Beer:3, Nuts:3, Diaper:4, Eggs:3,

{Beer, Diaper}:3
Association rules: (many more!)

« Beer-> Digper (60%, 100%)
«  Diaper-> Beer (60%, 75%)



Max~-Patterns 5 Closed Patterns
{a;, ..., Aygoy e .l S 55 by daas Sl SV sh s SISy w

(1001) + (100%) + - + (11%Y) = 2100-1 = 1.27*1030 JLa
AL e S5

la K 1e8 slao max-patterns s closed patterns SsS: dasl) =

sadly SIS X 8 anls e closed pattern |y X 28 4c saas
Aidl bl | o Joles SUpPOIE O slasuper-pattern ) Saaaa

Saam 9 28L ) S8 X S anls e max-pattern) ) X o) ac saxe =
wili ) 85 o slasuper-pattern )






Frequent Itemsets

Closed Frequent

Itemsets

10
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- S GG alad ) Jlaial Jlae o clls o i 5 Saay
AR Gliie Jpanap g 104 B8 WS (n 8w
107 OY s I (S QAT il
~100 padia J pane 10 ols 4o gane S AT il o

Qu.».u:\% 23U sl Ol KS S 10° BN JL’].O?’ o Hlail 4 UalA 4 gane (p) AL ild o
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S (sl 4o gana ginla)) g 2l B (S by S ApFiOr
Ll (3 Al sk ) ) S sla S cals :FPGrowth s

L 0ald (53 see Gladin (ol S sla S i 0 S ECLAT =
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o bise s (G9) s Downward Closure (S5

U5 sla Sl downward closure (S3s =
ol S las ) SE s S Sudc sana ) A m
{beer, diaper} —. ) i, {beer, diaper, nuts} £
RGET R B TIPS
Ao e ) e (sl sl sla (AS) yidar w
o5 sl B a8 ()l el sdee (g 4 m
= Apriori (Agrawal & Srikant@VLDB'94)

= Freqg. pattern growth (FPgrowth—Han, Pei & Yin
@SIGMOD’00)

= Vertical data format approach (Charm—Zaki & Hsiao
@SDM'02)

14
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S Gy
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e
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Sup .= )| Itemset | sup
Database TDB~ ™ ™" @ 2], Itemset | sup
: 1 {A} 2
Tid | Items C, {B} 3 o 3
o oce ] 1%scan _{C} o — o [
30 | AB,CE (E} 3 {E} 3
40 B, E
Itemset | s
B e I m—
L, If;\mg;-t Sup O 2 scan (A B}
d ) {A, C}
s 7 . S
EB Ei 3 5, ¢ s
: {B, E} {B, C}
{C, E} 2
- {C, E} {B, E}
{C, E}
C3 Itemset 31d sean |_3 Itemset | sup
{B, C, E} > {B,C,E} | 2

16



The Apriori Algorithm (Pseudo-Code)

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

L, = {frequent items};
for (k=1; L, '=0; k++) do begin
C..; = candidates generated from L,;
for each transaction ¢in database do
increment the count of all candidates in C, ., that
are contained in ¢
L., = candidates in C, , with min_support
end
return u, L

17



Apriori )L o3l

Caigd o A g Aol 4 K

Step 1: self-joining L,
Step 2: pruning

luailS ad g8 (5l o Jhe m

L,={abc, abd, acd, ace, bcdy
Self-joining: L;*L,

« abcdfrom abcand abd

= acde from acd and ace

= dcdeis removed because adeis not in L;

C,= {abcd}

RS A m

18
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Table 6.1 Transactional Data for an AllElectronics

Branch

TD List of item_IDs
T100 I1, 12,13
T200 12, 14

T300 12,13

T400 I1, 12,14
T300 I1, I3

Ta00 12,13

T700 I1, 13

T80 I1,12,13,15
Te00 I1,12,13

19



¢ L,
Sean P for  Memset] Sup.count| Compare candidate  [Tiemset [ Sup. count
count of each 11} 3 support count with M} f
candidate (12} 7 MINMLLT support {12} 7
5 | {13} 6 count {13} f
[14) 2 > | 114} 2
[15} 2 {15} 2
Generate O C; 2 . L,
candidates  |Tremset | ¢ g, [Jtemset] Sup. count | Compare candidate | Tiemset | Sup. count
from L, (L2} count of each | {1112} 4 support count with (17 12} 4
— [{IL I3} ndidate (111 13) 4 mummum support | {11, I3} 4
(I 5 [{11, 14) 1 count {11, 15} 2
{11, 15} {11, 15} i » 112,13} 4
{12, 13} {12, 13} 4 {12, 14) 2
{12, 14} {12, 14} 2 {12, 15} 2
{12, 15} {12, 15} 2
{13, 14} {13, 14} 0
{13, 15} {13, 15} 1
{14, 15} {14, 15) 0
Cy Cy Compare candidate L,
Generate Cy|_Ttemset | Scan D for [ Tremset [Sup. count | SUPPOTE€0URL | Tromser | Sup. count
candidates [{TI. 12,13} |count of each|{I1,12,13)| 2 with mimimum -7 3
from L, candidate support count
— {112, 1§} | ——— | {11, 12,15} 2 — (11,12, 15) 2

20



D11 W 4e sana ) (cand) (il 8 o

Lg\‘).aomu.wummyuuhb_\m\ As\)suajchjs.hy M
<l min-confidence s min-support

sl el min-support LSS s sla K 0w
el e g8 ) JSE 4 eadl il 8w

WORB S 8 ne Ae sann p) B Gl n Mg e Al O (6
gl el )G pa

s — (I — s) if support_count(l)/support_count(s)= min_conf
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JUia

A8 ) K5 X={I1,12,I5) 28 G m
X 3 o2 M5 el Gl # m

(11,12} =15, oonfidence=2/4= 50%
(11,15} = 12, confidence=2/2 = 100%
(12,15} =11, confidence= 2,2 = 100%

2/6

2/7

2/2 =

i

In'

i
4

1 = {12,153}, confidence= 330
12 = {11,153}, confidence= 2904
5= {I1,12}, confidence= = 100%

|'
L

i
)

sl g agm ga9d el 82l min-conf=70% 4S Sosa 2 =
A ) A alad
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slae gla Gilla () Jiege m
L (aS) 5 oala oGl s jlin )9 34 m
LaluailS ol j dlaxd g
laluulS S alaed (i sled S ) aas
S s ol :Apriori ¢ okal
L (S5 0ala o8l (sla )5 3 dlaed iS4

aluailS slaed sl g

LA\.L.L\.S )\)5\.1 ) A= u.uJ\.A.u ( Lﬂ-@—w—\ X
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AL 3L 4531 1 0212 oL IS 0 asr 1SS Sl aS jtemset a  w
AL ) SS L s 4 W A5 0 D Se )y il
e S sl &) 5o S lan 502l 80 asiti 1) j5 e w

WIS e ) (5wl e S sla S a5 i jleli lasd 5 0 m
Jab als

A. Savasere, E. Omiecinski and S. Navathe, VLDBG5 =

DB, + DB, + + DB, = DB
sup,(i) < oDB;  sup,(i) < oDB, sup,(i) < oDB, sup(i) < oDB



La lanils ala=s SalS gl AR Yy (e SiSS

Table 6.1 Transactional Data for an AllElectronics

Branch

TID List of item_IDs
T100 I1,12,15
T200 12,14

T300 [2,13

Ta00 [1,12,14
T300 [1,13

Toaln [2,13

T700 [1,13

T80O0 I1,12,13,15
TS00 I1,12,13

h(x, ) =((order of X)X 10
+ (order of y)) mod 7

>

s s sume SO M) Ao gane Giolad b gle et m

A o s sl S i ) 50k aa
3 iaS Ll U s Ae sana 4S (5 53 w306 4e sana
g e G dmy als je slaluailS 5l AiL min-sup

H,
bucket address 0 | 2 3 4 5 6

bucket count 2 2 4 2 2 4 4

bucket contents | ({11, K 1{11, IS}{{12, 13){{12, M J){12, IS }{{ 11, 12}{{11, 13
(I3, 15| { 10, IS P{C12, 1302, W2, IS }{{T0, 12)){10, 13)

(12,13} (1,12)](11, 13)
(12,13} (11,2111, 13}
Hash Table

25



DS 1 sla S (sl (58 4 sad

Gaiua A8 ) F Lol adhdla j0aS Lial sala o800 ) 4 sei S QAT g
Apriori ) saldinl L 43 sai JAl H2 5 Sw sla &

G99 o8 43 Aa 5 L) IS o LalaailS alaad i jled () o804 OS Gllen m
O 10 Wl aailS 2 0 a1 SIS (5 S (5 5ieS ot a8 (s i
(oS (oo QAT (5 5 by ailinl aa

H. Toivonen. Sampling large databases for association =
rules. In VLDB96



L Sulen o=t SalSy(DIC) Ly (il

ABCD
/’\ WD sAGIn DN p ki b ) .
S - Jgde & 5 0d e glad OV AD G leds
ABC | ABD ACD:_BCD, BCD (U0 sla 4e gana pp)4nd (2sn o) SSpnlajp  m

i‘%"%’;% BCDJ\)SJA\MUZJMALLQMJ\JA(M'“~
— — J}&GAJ\.G\

AB ||AC||BC | AD !'|BD||CD

— —I -
Transactions

Allellclp 1-!temsets X

{} ”

Itemset lattice 1-itemsets \

2-items '

S. Brin R. Motwani, J. ulmap, ... . —w+« —0w0—
" wan pic 3-1tems

and S. Tsur. Dynamic itemset ="~
counting and implication rules for S
market basket data. SIGMOD97 ~




Jlia

Database

Items Transaction ID (tid) Items bought
Bread a 1 abde
Butter b 2 bce
Milk C 3 abde
cheese d 4 abce
coke e 5 abcde

6

bcd

28



Cl
pattern support state
a 0/0 Pl
b 0/0 Pl
c 0/0 Pl
d 0/0 PI
e 0/0 PI

reading
objects
1-3

—>

Cl Cl
pattern support state pattern support state
a 2/3 PF a 4/6 CF
b 3/3 PF b 6/6 CF
c 2/3 PF c 4/6 CF
d 2/3 PF d 4/6 CF
e 3/3 PF e 5/6 CF
reading
C objects c
2 4.6 2
pattern support state > pattern support state
ab 0/0 Pl ab 2/3 PF
ac 0/0 PI ac 1/3 PF
ad 0/0 PI ad 1/3 PF
ae 0/0 PI ae 2/3 PF
bc 0/0 PI bc 2/3 PF
bd 0/0 PI bd 2/3 PF
be 0/0 PI be 2/3 PF
cd 0/0 PI cd 1/3 PF
ce 0/0 PI ce 1/3 PF
de 0/0 PI de 1/3 PF
C3
pattern support state
abc 0/0 PI
abd 0/0 PI
abe 0/0 PI
acd 0/0 PI
ace 0/0 PI
ade 0/0 PI
bcd 0/0 PI
bce 0/0 PI
bde 0/0 PI
cde 0/0 PI

29



C2
pattern support state
ab 4/6 CF
ac 2/6 CF
ad 3/6 CF
ae 4/6 CF
bc 4/6 CF
bd 4/6 CF
be 5/6 CF
cd 2/6 CF
ce 3/6 CF
de 3/6 CF
C3
pattern support state
abc 13 PF
abd 2/3 PF
abe 2/3 PF
acd 1/3 PF
ace 1/3 PF
ade 2/3 PF
bed 13 PF
bce 1/3 PF
bde 2/3 PF
cde 1/3 PF
C4

pattern support state
abcd 0/0 PI
abce 0/0 PI
abde 0/0 PI
acde 0/0 PI
bcde 0/0 PI

reading
objects
4-6

—>

Cq

pattern support state
abc 2/6 CF
abd 3/6 CF
abe 4/6 CF
acd 1/6 Cl
ace 2/6 CF
ade 3/6 CF
bed 2/6 CF
bce 2/6 CF
bde 3/6 CF
cde 1/6 Cl

C4

pattern support state
abed 0/3 PI
abce 1/3 PF
abde 13 PF
acde 03 PI
bcde 03 PI

reading
objects
1-3

—>

C4
pattern support state
abed 1/6 Cl
abce 2/6 CF
abde 3/6 CF
acde 1/6 Cl
bcde 1/6 Cl

30



A g e S s S i 5S ) o35 (FPGrowth
la lualsS

Apriori sy culas m
chu Js) Gl w
b o) s 5 300lS (sla 4e gane 255w
) AL )l WalaailS laas Qe
(J. Han, J. Pei, and Y. Yin, SIGMOD’ 00) FPGrowth _is, =
EYCNOP TR TENNEN
L 22lS a2l g8 ) 38 50
(slae S sla S 1 oaliind L oli S sla K ) (Y sk sla &) 2dy r Ll 4inls u
= abc” is a frequent pattern
= Get all transactions having “abc”, i.e., project DB on abc: DB|abc
= 'd”is a local frequent item in DB|abc = abcd is a frequent pattern

31



SS) 5 el o80L SO ) FP~tree <alu 1J ) Sl

Al | s geme SO S la A 5 iS55 5e JUSH 1 el eBL 1
f-list carS i e (N5 3 oy gomn 1SS dlant line ) ol 4Bl 5 Sa sla S [2

Ll 1SS aland abaal 0 1) GRS S 58 3 2 s 2D i€ g 5e 156800 S0 S .3
b |y FP-tree s S o

TID List of item_IDs
T1o0 I1,12,15

T200 12,14

T300 12,13

T400 I1,12,14

T500 I1,13

Taoo 12,13

T700 1,13

TOO I1,12,13,15
T900 1,12,13

ltem | Sup | Node-
Id | Count | link
12 7
11 6
13 6
14 2
15 2

.....

32



I5 40 a0 )3 joe 90 axiS e g 5 b I5 (imy Cas yed uaic (Al ) m
g (o0 i
1:(I2,11,13,15:1)
2 : (12,11, 15:1)
L b o S BL 1, (12, 11, 13) (12,11) 5 &K 2igen 1, I5 m
2wl Conditional pattern base

null{}

ltem | Sup | Node-
Id | Count | link

=
NI O ) T I )




Olse 41, (12, 11, 15:1) 5 (12, I1, I3, I5:1) s 5o m
i aaalal |y ) S 5wy 8 el RS
aS 2gh e ddAlL I b pd <k jn (AS) 3 ga o) Y edl@iul b m
aSal b 4 I3 ) <12:2, T1:2> e SO Ll s 5
Db e ada Gl min-sup Q) oS Gl )SS alaas
355 a S mane oS3 ) 2t Uy e (sla S0 LS 5 m
o {I2, IS5 : 2}
o {I1,I5: 2}
o {I2,I1,1I5: 2}
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Item

I5
14
I3
n

conditional pattern base

(I211: 1),(12 11 13:1)}

(2 11:1), (12:1)}
(1211: 2),(12:2),A1:2)}
{12: 4)}

conditional FP-tree

<I2:2, 11:2>

<I2: 2>
<I12:4,11:2> <I11:2>
<]2: 4>

trequent patterns

generated

12 15:2, 11 15:2, 12 11 15:2
12 14:2

12 13:4, 11 13:4 12 11 13:2
12 11:4

-
-

Header Table

ltem frequency head

12 7 -

11 T —

13 Bumim —
14 2

15 9 .-t Sz

{
----- > 12:7 L
L 121:4 |7 1 13:2 (] 14:1
e e
[ 15:1 [ 13:2] | 14:1
15:1

35



la 03l (53 sae llE ) oaliind U ) jSa 2Dl e sana 35S ECLAT

4y il Sl Lo 35S 55 (5 )1ag&a (sl 5 358 e Umse L sald (5080 Kl )l 2w
158 e sl ) I8

The Vertical Data Format of the Transaction Data
Set D of Table 6.1

itemset TID_set

11 {T100, T400, T500, T700, T800, TO00}

12 (T100, T200, T300, T400, T600, T800, T900)
I3 (T300, T500, T600, T700, T80O, T900}

4 (T200, T400}

I5 {T100, T8OO]




lbac ) dlant CuadlS Gl S5 sla 1-temset oS i )
YR oAJA.ﬁa LA 4C gana

Ac g Om Gl 2 3V HI S s 2-temset GaUS ay )
Db 6 el Jeala de sana sliac] dlaad g 0 ol 4 K (S I Ly

The Vertical Data Format of the Transaction Data 2-Itemsets in Vertical Data Format

Set D of Table 6.1 itemset TID set

T {11, 12} {T100, T400, T800, T900}
ftemset  TID-set {11, 13} {T500, T700, T800, T900}
11 {T100, T400, T500, T700, T800, T900} 111, 14} IT400)

12 (T100, T200, T300, T400, T600, TS8O0, T900) {11, 15} {T100, T8O}

I3 {T300, T500, T600, T700, T80O, T900} {12, 13] {T300, Te00, T800, T900)
14 (T200, T400) (12, 14) {T200, T400)

15 (T100, TSOO) {12, 15} {T100, TROO}

{13, 15} {TROO}




The Vertical Data Format of the Transaction Data 2-Itemsets in Vertical Data Format
Set D of Table 6.1

itemset TID _set
itemset TID_set 11, 12} 1T100, T400, TS8O0, T900)
11 {T100, T400, T500, T700, T800, T900) 111, 13} {T500, T700, T800, T900)
12 (T100, T200, T300, T400, T600, TS0, TO00) {1, 4} {T400}
13 (T300, T500, T600, T700, T800, T900} *: ; E} *Egg Eiiﬁm -
14 (T200, T400} {12, 13} { , , , }
s o0t 112, 14} {T200, T400)
= ’ {12, 15} {T100, TS00)
(13, 15} ITR0D}
3-lItemsets 1n Vertical Data Format
itemset TID _set
‘ (11, 12, 13} (T00, T900}
{11, 12,15} {T100, T8O}

38



ECLAT &b S 2 su

diffset culd 3 2L ) ClS)EA L g oS) e s 4o gone ) 0w
gl (e oalaiudl

La u‘uh\ 64\9}“}&«5\)“\ &JMDJAJ&\AAUAJJL)J\ )N =

:J}:ﬁ: o oJ..)S.J
{I1} = {7100, T400, T500, T700, T800, T900}
(11,12} = {T100, T400, T800, T900}

Diffset({I1},{I1,I2}) = {T500,T700}
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confidence s support csla jlase )l saldiu) L Jagli aS il 68
At Clla Lo g 31 Ll atiud (6 8 (il B and ) 5l Cas,
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JUia

Sl (E5S) 5310000 Jels 22ls e gana 23S ya jh Jha ) gha 4
¢ rsmalS sla 53 Juls (xS 3 6000
g ol Jald (IS) 5 7500
3)se 93 a Jald (iS) 54000
DS a2
e Min — sup = 30% Min — conf = 60%
e Buys Computer games = Buys videos
e support = 40%, Confidence = 66%
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sl 0aii€ ) 18y 5l Sy 4aSL
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Sl 31 ol 58 support-confidence wisala 25 sl
13 S sl Kiieas

A = B (support, confidence, correlation)
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5 J\..J (J\)\Am \

iy 1000 Ccuras m

(S) .l (e 1) S LS el 2312 600 -
(B) .2uily a1 sl s 4d ja 90 el (2312700 -
(5,B) .xihy e Ldiaa 5 (5 ) s 4a ja 92 a8 522312 420 -

P(S N B) = 420/1000 = 0.42

P(S) * P(B) = 0.6 + 0.7 = 0.42

P(S N B) = P(S) *P(B) => ¢kl Joail
P(SNB)>P(S)*P (B) => i bl
P (SN B)<P(S)*P (B) => iw hli)
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la Jlae b

# | Measure Formula
1 | ¢-coefficient F(A,B)—F{A)P(B)
e P Ags )1 $or vy A4} P(4g) P(B)
" | IAXE P R MAax, R —ImAxg ] —mar I
2 | Goodman Kruskal’s {A) : | (__’) 2_;“:, A, Yoo P
. P(A,BP(AB
3 Ddds ratio (ﬂ} m . _
3 P!A,B!P!AB!—P!A,B!P!A,B! — o—1
4 Yule's ¢ PlABYP(ABY+P(A,BYP(A,B) =~ o+l
) /P4 B)P(AB)—/P(A,B)P(AB) _ a1
b | wesY VP(ABP@EB) +/P(ABP(A,B) _Vatl
P{4,B)4 P(A,B)—P{A) P(B)—P(A) P(B)
6 | Kappa («) I—P(4)P(B)~P(A)P(E)
, T2 T, PAcBs) los Fagmbny
7 | Mutual Information (M) | o+ 50,710 LA 5, P(B; ) iog P(EY)
8 | J-Measure {J) max { P(A, B) log( “5¢4) + P(AB) log( S,
PlA|E —x PlAB
P(A, B) log(Z5t2) + P(AB) log( S5l
9 | Gini index {G) max (P(fl} [P{B|A)? + P(B|AY] + P(A)[P(B|A) + P(B|A)’]
—P(B)* - P(B)’,
P(B)[P(A|B)" + P(A|B)"] + P(B)[P(A|B)” + P{A|B)"
—P(4)* - P(A)")
10 | Support {s) P{A,B)
11 | Confidence {«) max{ P{B|A), P{A|B))
NP{AB)}1 NPARBR)}1
12 | Laplace (L) max N;g(,q}iz , mg-(miz )
- P(AP(B) P(BIP(A)
13 | Convietion {V) max | =5 ~paa)
14 | Interest {I) —(—J—P(A};,(B
15 | cosine (1) Drtam
JPlAYP(B)
16 | Piatetsky-Shapiro’s (PS) | P{A,B) — P(A)P(B)
. MBlA-PDB PlA B -P(A
17 | Certainty factor {F) max ( (Bl4)RiB) (A E(A)
18 | Added Value {AV) max({ P{B|A) — P{B), P{(A|B) — P(A})

1{1
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association rules, support-confident 4l aalis
framework, closed and max-patterns
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Apriori (Candidate generation & test) =
Projection-based (FPgrowth, CLOSET+, ...) =
Vertical format approach (ECLAT, CHARM, ...) =
o Clla b &SI alaS
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