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i Outline

® Assoclation Rules
" Misleading Rules
" Multi-level Association Rules




What Is Frequent Pattern

i Analysis?

" Frequent pattern: a pattern (a set of
items, subsequences, substructures,
etc.) that occurs frequently in a data set

® First proposed by Agrawal, Imielinski,
and Swami [AIS93] in the context of
frequent itemsets and association rule

mining



What Is Frequent Pattern
Analysis?

" Motivation: Finding inherent regularities in data
" What products were often purchased together? bread and
milk?
= What are the subsequent purchases after buying a PC?
" What kinds of DNA are sensitive to this new drug?
= Can we automatically classify web documents?

" Applications

® Basket data analysis, cross-marketing, catalog design, sale
campaign analysis, Web log (click stream) analysis, and
DNA sequence analysis.



*Association Rules

Which items are frequently
purchased together by my customers?
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* Association Rules

" support, s, probability that a
transaction contains X U Y

X Y|
7]

Suppﬂﬂ(X ) ] =

" confidence, ¢, conditional
probability that a transaction

having X also contains Y
X LY

Confidencd X =Y )= |X|




i Association Rules

" Then user need to define:
" Minimum Support
" Minimum Confidence




i Let us focus on SUPPORT

" support, s, probability that a
transaction contains X U Y

X Y|
7]

Suppﬂﬂ(X ) ] =



i Association Rules

" Let’'s have an example

" T100 1,2,5
" T200 2,4

" T300 2,3

" T400 1,2,4
" T500 1,3

" T600 2,3

= T700 1,3

"= T800 1,2,3,5
" T900 1,2,3

" Suppose our minimum support is 2/9



* Association Rules

" Let’'s have an example

T100
T200
T300
T400
T500
T600
T700
T800
T900

" [T[=9

1,2,5
2,4
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i To calculate suppo smr=»-

X UY]|
71

= Since the grocery has only 5 items,

the basic way is to try all items:

= TWO item set
= (1,2)(1,3) (1,4) (1,5)
(2,3) (2,4) (2,5)
= (3,4) (3,5)
(4,5)

Support (1,2) = 4/9 (pass)
Support (2,3) = 4/9 (pass)
Support (3,5) = 1/9

= 1100
= 1200
= 1300
= 1400
= 1500
= 1600
= 1700
= 1800
= 1900

12,5
2,4
2,3
12,4
1,3
2,3

1,3
1,2,3,5
12,3



* To calculate suppaQ sowr—n-=

" Since the grocery has only 5 items,

the basic way is to try all items:

" THREE item set
= (1,2,3)(1,2,4) (1,2,5) (1,3,4) (1,3,5) (1,4,5)
= (2,3,4) (2,3,5) (2,4,5)

= T100 1,2,5
= (3.4.5) = T200 2,4
= T300 2,3
Support (1,2,3) = 2/9 (pass) Egg 1,3,4
Support (2,3,4) = 0/9 - T600 2,3
Support (3,4,5) = 0/9 = T700 1,3
= T800 1,2,3,5

= T900 1,2,3



i To calculate suppaQ sowr—n-=

" Since the grocery has only 5 items,

the basic way is to try all items:

" FOUR item set
= (1,2,3,4) (1,2,3,5)

- (2131415)
= T100 1,2,5
= T200 2,4
= T300 2,3
Support (1,2,3,4) = 0/9 - Egg 1;4
Support (2,3,4,5) = 0/9 .+ T600 2,3
= T700 1,3
= T800 1,2,3,5

= T900 1,2,3



i To calculate suppaQ sowr—n-=

" Since the grocery has only 5 items,

the basic way is to try all items:
" FIVE item set

" (112131415)

= T100 1,2,5
= T200 2,4
= T300 2,3

Support (1,2,3,4,5) = 0/9 - Egg 1;4
= T600 2,3
= T700 1,3
= T800 1,2,3,5

- T900 12,3



& To calculate suppaQ sowr—n-=

" This Is the situation based on our
store has only 5 items

" In real grocery store like Kroger,
they have thousands of itemc

= T100 12,5
= T200 2.4
= T300 2,3
" Is there a better way? - T 12,
- T600 23
= 1700 13

- T800 1235
- T900 123



X UY]|

i To calculate suppa sew=n-X:

" Of course, it's called the Apriori

" |t proceeds by identifying the frequent
individual items (the item that passes the
minimum support) in the database and
extending them to larger and larger item sets
as long as those item sets appear sufficiently
often in the database.




To calculate suppa@ swrx=n-£"

= Start with one item set

C.I'
Scan D for ltemset | Sup. count
count of each {11} (oY
candidate {12} 7
S—— {13} 6
{14} 2
{I5} 2
LJ’
Compare candidate Itemsetl | Sup. count
support count with {I1} [ ALL Pa SS
minimum support {12} ? = 1100 1_'2’5
count {13} [
> | (14} 2 = 1200 2,4
=y - T300 2,3
_ 3 C: . T400 12,4
renerate C o Itemset
candidates from L; {ILI. 15] = 1500 1;3
» | {I1. 13}
(113} = 1600 2,3
{I1. 12
(2 13} = 1700 1,3
(12, 14} = 1800 1,2,3,5
{12, 15}
{13, 14} = 1900 1,2,3
{13, 15}
{14, 15}




ﬁ To calculate suppg sw=n-

C;

Generate C, Itemset

candidates from L; |{I1. 12}
» |{I1. 13}
{I1. 14}
{I1.15}
{12, 13}
{12, 14)
{12, 15}
{13, 14}
{13.15}
{14, 15}

Compare candidate

support count with

minimum support
Ccount

=

Generate Cy
candidates from

L,

>

C2
Scan D for Itemset | Sup. count
count of each | {I1. 12} 4
candidate {I1. 13} 4
— S S U £ Y 1
{I1. 15} 2
{12, 13} 4
{12, 14} 2
{12, 15} 2
{13, 14} ]
{13. 15} 1
{14, 15} L))
L
Itemset | Sup. count
{I1.12} 4
{11. 13} 4
{11. 15} 2
{12, I3} 4
(12, 14) 2
[12. 15} 2
Cy
Itemset
(11.12. 13}
{11.12.15}

T100
1200
1300
T400
1500
1600
1700
1800
1900

X UY]|
71

12,5
2,4
2,3
12,4
1,3

2,3

1,3
1,2,3,5
12,3



* To calculate suppo smr=»-

Generate Cy
candidates from

L

>

Cy

Itemset

(11.12,. 13}

{I1.12, 15}

Scan D for
count of each
candidate
_—

Cs
Itemsel  |Sup. count
{11,012, 13} 2
{11, 12,15} 2

Compare candidate

support count with
minimum support
count

= > {I1,12,13, 15}

>

L;
Itemset  |Sup. count
{I1.12, I3} 2
{I1.12. 15} 2

= Support {I1,12, 13,15} = 1/9

"= No Five item set can be generated

T100
1200
1300
T400
1500
1600
1700
1800
1900

X UY]|
71

12,5
2,4

2,3
12,4
1,3

2,3

1,3
1,2,3,5
12,3



Association Rules with Apriori

Minimum support=2/9
Minimum confidence=60%

C Ly
Scan I for Itemset | Sup. count Compare candidate Itemset | Sup. count
count of each {11} (] support count with {11} 6
candidate {12} 7 minimum support {12} 7
- 113} (] count {13} &
{14} 2 - {14} 2
{15} 2 {15} 2
Cs Cs L
Generate 5 Itemset Scan D for | Demset | Sup. count | Compare candidate | Ttemset | Sup. count
candidates from Ly |{I1. 12} | count of each |{I1. 12} 4 support count with  [{I1. 12} 4
= |{I1. 13} candidate {11,135} 4 minimum support | {I1, I3} 4
I T4} ) — o |{IL.I4} 1 count {I1. 15} 2
{I1. 15} {IL, 15} 2 » {12, 13} 4
{IZ2. 15} {12, 15} 4 {12, 14} 2
{12, 14} {12, 14} 2 {12, 15} 2
{12, 15} {12, 15} 2
{I3. 14} {13, 14} o
{I3. 15} {I5. 15} 1
{14, I5} {14, 15} o
Cs s Compare candidate Ls
Generate 3 Itemset Scan I} for ltemset  |Sup. count | sypport count with Itemset | Sup. count
candidates from [{I11.I2, I3 }] count of each| {I1. 12, 13} 2 minimum support {IL. 12,13} 2
L, candidate count
= 11,12, 15} 111,12, 15} 2 =111, 12, I3} 2




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 t in database do
increment the count of all candidates in C,;

that are contained in t
L,., = candidates in C,,; with min_support

end
return U, L,;



i Exercise

" A dataset has five |TID | Items bought

transactions, let T1 M, O, N, K, E,
min-support=60% ™ Y

73 |D,0O,N, K, E,
" Find all frequent T4
item sets using _
Apriori >




* Association Rules

" support, s, probability that a
transaction contains X U Y

Precedent |X L Y|
Suppﬂﬂ(X —Y)=

Consequent |T|

" confidence, ¢, conditional
probability that a transaction

having X also contains Y

Precedent X L_J}?
Confidencd X =Y )= | |

Consequent |X|




i Association Rules

" Now, Let us take a look of
CONFIDENCE

" Suppose our minimum
confidence:60%

" confidence, ¢, conditional
probablllty that a transaction

xur| tains Y

Confidencd X =Y )=
]




i Strong Association Rule

" Strong association rules means

the frequent rules that also pass

the minimum confidence.

Confidencd X = Y)=

= For example frequent rules: {I1," 12

" Confidence(l1->12)= 4/6 pass 60% =« T300
(strong association rule!) Egg

= Confidence(12->11)= 4/7 = T600
= T700

= 1800
= 1900

X Uy

]

12,5
2,4
2,3
12,4
1,3
2,3

1,3
1,2,3,5
12,3
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i Strong Association Rule

" Confidence for 2 item set (1,2) (1,3) (1,5)

Confidencd X = Y)=

= 4/6

= 4/7

= 4/6

- 4/6 T100

= 2/6 . T200

= 2/2 (1009: Egg
= 1500
= 1600
= [/700
= 1800
= 1900

X Uy

]

12,5
2,4

2,3
12,4
1,3

2,3

1,3
1,2,3,5
12,3
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2 U4
2 U4

2 U5
2 Ub5
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i Strong Association Rule

" Confidence for 2 item set (2,3) (2,4) (2,5)
= 4/7
= 4/6
= 4/7
— 2/2 (1009
= 2/7
— 2/2 (1009:

= 1500
= 1600
= 1700
= 1800
= 1900

Confidencd X = Y)=

= 1100
= 1200

1300
T400

X Uy

]

12,5
2,4

2,3
12,4
1,3

2,3

1,3
1,2,3,5
12,3



i Strong Association Rule

" C(1->2,5)=2/6
" C(2->1,5)=2/7
" C(5->1,2)=2/2
" C(1,2->5)=2/4
" C(1,5->2)=2/2
" C(2,5->1)=2/2

Confidencd X = Y)=

= 1100
= 1200
= 1300
= 1400
= 1500
= 1600
= 1700
= 1800
= 1900

" Confidence for 3 itemset (1, 2, 5)

Xy
X

12,5
2,4

2,3
12,4
1,3

2,3

1,3
1,2,3,5
12,3



i Strong Association Rule

" Confidence for 3 itemset (1, 2, 3)
" C(1->2,3)=2/6
" C(2->1,3)=2/7

Confidencax = 7)= X271
" C(3->1,2)=2/6 o=
* C(1,2->3)=2/4 SR
" C(1,3->2)=2/4 T 23
" C(2,3->1)=2/4 ] Egg ;:3
- T700 13
. T800 1235

= T900 1,2,3



i Exercise

" A dataset has five TID |Items_bought
transactions, let T1 M O N K E
min-support=60% ™ Y
and B
min_confidence=80 3 3 O, N, K, E,
% T4

TS M, A K E

" Find all strong M, U, C K.Y

association rules C,0,0,K1,E




Assocliation Rules with

* Apriori
K:5

; KE:4 KE
E:4 KM:3 KM
M:3 KO:3 KO
0:3 => KY:3 => KY => KEO
Y:3 EM:2 EO
EO:3
EY:2
MO:1
MY:?2

QY:2



i Outline

" Association Rules
" Misleading Rules
" Multi-level Association Rules




Example 5.8 Misleading
“Strong” Association Rule

" Of the 10,000 transactions
analyzed, the data show that

= 6,000 of the customer included
computer games,

= while 7,500 include videos,

" And 4,000 included both computer
games and videos

" P(AUB)=40%



’

Misleading “Strong’
& Association Rule

" For this example:

" Support (Game & Video) =
4,000/ 10,000 =40%

= Confidence (Game => Video)
4,000/ 6,000 = 66%

" Suppose it pass our minimum support and
confidence (30% , 60%, respectively)



Misleading “Strong”
& Association Rule

= However, the truth is : “computer
games and videos are negatively
associated”

= Which means the purchase of one of
these items actually decreases the
likelihood of purchasing the other.

= (How to get this conclusion??)




Misleading “Strong”
& Association Rule

" Under the normal situation,
" 60% of customers buy the game

" 75% of customers buy the video

" Therefore, it should have 60% * 75%
= 45% of people buy both

" That equals to 4,500 which is more
than 4,000 (the actual value)




From Association Analysis
to Correlation Analysis

" Lift is a simple correlation measure that is
given as follows

" The occurrence of itemset A is independent of the
occurrence of itemset B if

P(AUB) = P(A)P(B)

" Otherwise, itemset A and B are dependent and
correlated as events

" Lift(A,B) = P(AuB) / P(A)P(B)
" If the value is less than 1, the occurrence of A is
negatively correlated with the occurrence of B

" If the value is greater than 1, then A and B are
positively correlated

* P(AUB) / P(A)P(B) = 0.4/ (0.6*0.75) = 0.4/0.45



* Lift in our example

S

26

27

Strong Association Rule

» Conficknce for 2 Rem se (1,2) (13) (L5)
 Cl->2)= |1 w21 = 48
. O2-=1)= |1 w22 =
- Ci=3)= |1 o3l
o CF>1)= |1 33 = 48

. O[sE)= (LS =26 T
- LSS = YT -
1200
oo
e
Taen
o

123

2 Strong Association Rule

» Conficknce for 2 e set (2,7) (24) (25)
. CE->T)= |2 3[R =47
» OF=2)= (2313 =46
o CiZs4)= 2w 4li2] =47
. Ci2)= (2 44 = 22

. OZS= 2SR =27 ha
o O52)= |2 55| =22 = T
1300
=
™S
TR
Toe

3 Strong Association Rule

= Confidence for 3 itemset (1, 2, 5)

. Ci1->2.5)=2/

« O[2-=1,5)=2/7

. O5=i3=22 0 e
- Ci1,2-55)=2/4 e

. Cj15-22)=2/2 L

» O[2,5-»1)=2/2 T

Ty L;
Scan I for Itemset | Sup. count Compare candidate Itemset | Sup. count
count of each {11} [ support count with {11} a
candidate {12} 7 minimum support {12} 7
- {13} (&) count {13} G
{14} 2 . {14} 2
{15} 2 - {15} 2
Cz Cz Lz
Generate 5 ltemset Scan D for | Memset | Sup. count | Compare candidate | ltemset | Sup. count
candidates from L |{I1. 12} | count of each |{I1. I2} 4 support count with | {I1. I2} 4
» |{Il.13} candidate {11, 15} 4 minimum support | {11, I3} 4
{01, 14} » 111, 14} 1 count {11, 15} 2
{11, 15} {11, I5} 2 » {12, I3} 4
{I2. 13} {12, I3} 4 {12, 14} 2
{I2. 14} {12, 14} 2 {12, 15} 2
{I2. 15} {12, 15} 2
{13, 14} {13, 14} o
{13, 15} {13, I5} 1
{14, 15} {14, IS5} o
s s Compare candidate Ls
Generate O Itemset Scan [ for Itemset |Sup. count | support count with Itemset  [Sup. count
candidates from [{T11. 12, I3 }| count of each| {11, 12 13} 2 minimum support {IL1. 12 I3} 2
L, candidate count
— |[{[1. 12, I5}| — | {11. 12, 15} 2 » {11, 12, 15} 2




* Lift in our example

Cs Ly
Scan D for [temset | Sup. count Compare candidate [temsel | Sup. count
count of each {11} o support count with {11} 6
candidate {12} 7 minimum support {12} 7
- - {13} 6 count {13} [
{14} 2 - {14} 2
{15} 2 {15} 2
> C> L,
Generate C, Itemset Scan IO for Itemset | Sup. count | Compare candidate| | Itemset | Sup. count
candidates from L; |[Il. 12} | count of each |{I1. I2 4 support count with | | {I1. 12} 4
» |{11.13} candidate {I1.13} 4 minimum support {I1. 13} 4
(R0 B 3 — ) £ 1 count {I1.15} 2
{I1. 15} {I1. 15} 2 > {12, 13} 4
{12, I3} {12, 13} 4 {12. 14} 2
(12, 14} {12, 14} 2 {12, 15} 2
{12, 15} {12, 15} 2
{I3. 14} {13. 14} 0
{I3. 15} {I3. 15} 1
{14, I5} {14, 15} 0
Cs s Compare candidate Ls
Generate Cy Itemset Scan D for Itemset [Sup. count | support count with Itemset  |Sup. count
candidates from [{I1, 12, 13}] count of each|{I1.12, 13} 2 minimum support | |[{T1. 12, I3} 2
L candidate count
= 11,12, 15} ————» | {11. 12,15} 2 {I1. 12,15} 2




* Lift in our example

| C(1_>2) ufl_-.IE-:l Sup. count

P(1,2)/P(1)*P(2) H

= (4/9) / (6/9)*(7/9) a2

= 0.86 . t
R
()|

" C(1->3) I

P(1,3)/P(1)*P(3) Z

= (4/9) / (6/9)*%(6/9) emset_TSup. count

—_ 1.01 {11, 12, I5} 2




* Lift in our example

" C(5->1,2)
P(5,1,2)/P(5)*P(1,2)
= (2/9) / (2/9)*(4/9)
= 2.25

" C(2,5->1)
P(2,5,1)/P(2,5)*P(1)
= (2/9) / (2/9)*(6/9)
=1.5

nt

[temsel | Sup. ¢

{1}
(12}
{13}

{14}
{15}

o

b b 3 =]

L

Itemset | Su

[11.12)
{11.13)
(11,15}
(12,13}
(12, 14}
(12,15}

R
ol
-

L;

Itemset

(11, 12, 13}

{IL. 12, I5}




From Association Analysis
to Correlation Analysis

Strong Association | Lift
Rules

C(5->1,2) P(5,1,2)/P(5)*P(1,2) = (2/9) / (2/9)*(4/9) = 2.25
C(1,5->2) P(1,5,2)/P(1,5)*P(2) = (2/9) / (2/9)*(7/9) = 1.29
C(2,5->1) P(2,5,1)/P(2,5)*P(1) = (2/9) / (2/9)*(6/9) = 1.5

C(1->2) P(1,2)/P(1)*P(2) = (4/9) / (6/9)*(7/9) = 0.86
C(1->3) P(1,3)/P(1)*P(3) = (4/9) / (6/9)*(6/9) = 1.01
C(3->1) P(3,1)/P(3)*P(1) = (4/9) / (6/9)*(6/9) = 1.01
C(5->1) P(5,1)/P(5)*P(1) = (2/9) / (2/9)*(6/9) = 1.49
C(3->2) P(3,2)/P(3)*P(2) = (4/9) / (6/9)*(7/9) = 0.86
C(4->2) P(4,2)/P(4)*P(2) = (2/9) / (2/9)*(7/9) = 1.29
C(5->2) P(5,2)/P(5)*P(2) = (2/9) / (2/9)*(7/9) = 1.29

( ) =

(

(



* Outline

" Association Rules
" Misleading Rules
" Multi-level Association Rules




Mining Multiple-Level
*Association Rules

" [tems often form hierarchies

Computer Software Pr er & Cam C'J:lmputer Amessur;r

/\ /\ /\ /\

[ Laptop D kto p Office Printer Dg Cam pad Mouse

TN

AN AR AN AN A A A AR AN AR AN AR AW AT A




Mining Multiple-Level
* Association Rules

" Flexible support settings

" ltems at the lower level are expected
to have lower support

uniform support reduced support

Level 1 _
Milk
min_sup = 5% L(fvel 1 )
[support = 10%] min_sup = 5%

Level 2 2% Milk
min_sup = 5% [support = 6%]

Level 2
min_sup = 3%




Multi-level Association:
i Redundancy Filtering

= Some rules may be redundant due to
“ancestor” relationships between items.

= Example
=" milk = wheat bread [support = 8%, confidence = 70%]

= 2% milk = wheat bread [support = 2%, confidence =
72%]

= We say the first rule is an ancestor of the
second rule.
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