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LEARNING FROM BIT
VECTORS



i Data Structure : Bit Vector

= An n-dimension bit vector 1s just a sequence composed of
n bits where a bit 1s from {0, 1}.

Example: (0,0, 1,1,0,0,1, 1)
= In the last part of this course, we assume the length of
sequences 1n data set should be fixed and equal to n.

» Sometimes each dimension of vectors 1s indicated with a
specific name called an attribute.
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ITEM SET MINING



i What is item set mining?

= Originally from market basket analysis or affinity
analysis
= Market basket analysis might tell a retailer that
customers often purchase shampoo and conditioner
together. [Wikipedia]
= Discovering co-occurrence relationships among
activities performed by (or recorded about) specific
individuals or groups [Wikipedia]
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i A Simple Example

s Setof all items: X={A,B,C, D, E, F}

Transaction ID [tem Sets
3256 {A, C, D}
3257 {B, C, E}
3258 {A, B, C, E}
3259 {A,B,E, F}

= “Items A and C might be bought together.”



i Bit-vector Representation

= Every transaction can be represented as a bit-
vector of n dimension, where n=| X |.
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Bag of Words

s Let X={A, A,,..., A) be a finite set of words.
= For a sentence S, we define T(S) = (X;, X,,..., X,) where
X;= 11f word A, appears in S
= 0 o.w.
fori=1,2,...,n
Example
W =(arithmetic, book, compute, paper, suppose, square, symbol, write)

s;: Computing 1s normally done by writing certain symbols
on paper.

s,: We may suppose this paper 1s divided into squares like a
child's arithmetic book.

T(s;)=(0,0,1,1,0,0, 1, 1)
T(s,)=(1,1,0,1,1,1,0,0) N
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i Mathematical Definitions

s Assuming a finite set of all items as attributes
X={AL A, ....A }

= A transaction is a pairt=(I, T ) of an identifier
| €N and a finite set of items T € X

» A transaction database D 1s a finite set of
transactions in which no pair of transactions have
a same 1dentifier, that 1s,

t=(0,T)eDands=(,S) € Dimply 1 #].
= A pattern 1s a finite set of 1tems.

= Transactions are for training data patterns are rules.
12




i Mathematical Definitions (2)

= For a pattern P and a transactiont= (I, T), we
say t satisfies P (or P matches t) iff P — T.

s Let D(P)= {t| P matchest }.

= The support of P 1n a transaction database D 1s
defined as supp(P)=|D(P)|/|D]|.

= The support is also called the relative frequency.

13



i Definition of Learning Task

= Assuming a set of items X

= For a given transaction database D and
a minimal support (threshold) o s.t. 0< o<1,
enumerate all patterns P s.t. supp(P) = o.

14



i A Very Simple Example

ID A B C D E F
1 1 0 1 1 0 0
2 0 ‘ ‘ 0 ‘ 0
3 1 1 0 0
4 1 0 0 1

supp({A})= supp({B} )= supp({C})= supp({E})=0.75,
supp({D})= supp({F})= 0.25
supp({A, B})=supp({A, C})=0.5, supp({A, D})=0.25,...

15



THE A-PRIORI ALGORITHM
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i Hasse Diagram of Patterns

{A,B,C,D,E,F}

%N

{AB,.C.D,E} {A,CDEF! {AB,CEF! .. {ABDEF!

{AB,C,D! {AB,CE! {AB(CF .. {C,D,E,F}

{AB,C! {ABD! {ABE!..{BCE!.. {CEF! {DEF!

(AB! {AC' {AD! .. {BC! {BD' {BE! ... {(EF!

17



i Monotonicity of the Support

For two patterns P and Q,
P 2Q = supp(P) = supp(Q)

ID A B C D E F
1 1 0 1 1 0 0
2 0 1 1 0 1 0
3 1 1 1 0 1 0
4 1 1 0 0 1 1

supp({A})=0.75 = supp({A, B} )=0.25
supp({B})=0.5= supp({A, B} )=0.25
supp({A})=0.75 = supp({A, C} )=0.5

18
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i A Propri Algorithm [agrawal et al. 93]

. Let k=I.

LetC,={{A} |A e X}.
.LetL,=1{P € C, | supp(P) = o }.
. If L, = & then halt, otherwise

LetC,,,={PUQ| Pe L .,Q €L, |PUQ|=k+1,
but PUQ does not subsumes any
R e C—L,(1<Kk) }.

Increment K.

Repeat Step 4.

19



i An Example of Run(1)

ID | A| B |C|D|E F

| 1 |0 |1 1 0 0

2 0| 1 1 | O | 0

3 | | 1 | 0O | 0

4 | 1 0] O | |
o=0.5

Cl - {{A}n {B}a R {F}}

L, = HALBCHIES;

C2 - {{Aa B}a {An C}a
A, EfL 1B, G,
B, Ej, {C, E};}

L2 — {{Aa B},{A, C}a
A, Ef, 1B, G,
B, E}, {C, Ej;

C; = {{A,B,C}, {A,B,E}
{B,C,E}}

L, = {{A,B,E},{B,C,E}}



ID | A| B |C|D|E F

| 1 |0 |1 1 0 0

2 0| 1 1 10 | 0

3 | | 1 | 0O | 0

4 O] 1 107]0 | |
o=0.5

i An Example of Run (2)

Cl — {{A}a {B}a AR {F}}
Ll — {{A}a{B}a{C}a{E}}

C2 — M{Aa C}a
AEL {B, C,
B, E}, {C, E}}

L, = {{A, C}, {B,C}.
B, Ej, {C, E};j

C, = {{&BC}, ABE}
{B,C,E}}

L, ={B,C,E}
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i An Example of Run(3)

C1 — {{A}a {B}a RS {F}}

L, = UALABLCHAEY

C,={{A, B, (A6

{AsEL (B, G,

ID | A| B |C|D|E F

| | 1 | 0] 1 0 0

2 0| 1 1 10 | 0

3 | | 1 | 0O | 0

4 O] 1 107]0 | |
o=0.5

(B,E}, {C,E}}
L, = {{A, B}, {B, C},
(B,E}, {C,E}}

C, = {{& B}, {AB-E]},
{A6E], {B,C,E}}
L3: {{Ba Ca E}}
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i Hasse Diagram of Patterns

{A,B,&D,E,F}

%N

{A,B<SC.D.E} {A,CR,EF} {ABXEF} ... {ABD¢gEF}

ABCD) {ABCE} {ABCFE) ... {C.DEF}

{AR,C} {ARBD} {ARE!.. {B,CE}.. EF} {BEJF}
N

{&xB} {AC} {xD} ... {BC} {BD} {BE} ... {BF}

23



DEPTH-FIRST SEARCH
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i A Propri Algorithm [agrawal et al. 93]

.Let k=1.
2.LetC, = {{A} |A e X}.
3.LetL,={P € C, | supp(P) = o }.
4. If L, = & then halt, otherwise

LetC,,,={PuQ| Pe L .,QeL,, |PUQ|=k+I,
but PUQ does not subsumes any
R e C—L (1<Kk) ;.

Increment K.
Repeat Step 4.

25



i Depth-First Search Algorithm(1)

= Assuming a total ordering for the set X of items.
Example : A>B>C>D>E>F

= Regarding (Implementing) every pattern Pe L, as a
list of 1tems 1n which items are ordered in the

descending order.

For two lists P =[P", Aj] € L and Q =[P, A;j] € L of
descending order, the list [P’, A, Al does not subsume
any R € C, — L, (1 £Kk).

26



i Depth-First Search Algorithm(2)

= A more simplified method 1s to let
Cyrr = { [P, ALATI[P, Al €Ly and A> A, }

REA

= Instead of this version of C,,, as it 1s, we can
design a depth-first search algorothm.

27



i Depth-First Search in the Diagram

{A,B,&D,E,F}

N
{A.BSC.D.E} {A.CR.EF} {ABXEF} ...{ABDEF}
T 7 T —
{ABCD} {ABSCEY {ABCF] ... {C,D3E F}
\\%\\%
{AB.C} {AXD} {ARE}... {BCE} ... X ,EF} {BE[F}
7

(XB! {AC} (XD} ..{BC} {(BO! (BE} ... (BF)

—
{A}  {B} {C} @B} {E} ¥
\/

%)
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i Depth-First Search in the Diagram
{A,B,5D,EF}
{A.BSC.D.E} {A.CR.EF} {ABXEF} ...{ABDEF}
(ABCD} {ABCE} {ABCF} ... {C.D¥EF}
{AB.C} {AXD} {ARE}... {BCE} ... X C,EF} {BE[F}

{xB} {AC} {xD} ... {B,C} {BD} {BE} ... {BF}

/
Ay By {¢} B (B} X
\/

%)
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i Maximal Patterns

= A pattern P 1s maximal as the answer of the task if

supp(P) > o and
no pattern Q s.t. Q o P satisfies supp(Q) = o.

= From the monotonicity of the support function,
every subset S of a maximal pattern P satisfies

supp(S) = o.

= We may enumerate only maximal patterns.

30



i Maximal Patterns in the Hasse Diagram

{A,B,&D,E,F}

%N

{A,B<SC.D.E} {A,CR,EF} {ABXEF} ... {ABD¢gEF}

ABCD) {ABCE} {ABCFE) ... {C.DEF}

(AR,C} {ABD} {ARE}. (B.CE)D.. ¥CEF} (KEF)

e~ =7
(B} (AC) (XD} .. {BC} {BD} (BE} ... {(BF)

N~
(A} (B} ¢ B\ E X

P
5~ Maximal Patterns



FP-TREES
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i What is an FP-Tree?

s We regard (implement) every transaction as a
list of 1tems 1n the descending order defined by
the support of each item.

= When a minimal support o1s given, we can neglect
all items A such that supp(A) < o.

= We regard (implement) a transaction database
D as a prefix tree T’(D).

= An FP-tree T(D) 1s obtained by giving links
among nodes whose labels are same.

33



i Example of FP-tree(1)

ID Item Set ID/A|{B|C|D|E]|F
1 (A, B, D} 1 (1|10l 1]O0]0O
2 (B, C,E} 2 |01 |1 |0]1]0
3 (A,B,C,E} 3 /1|1 ]1]0]1]0
4 (B, E, F} 4 1o 1]0|0]| 11

B | 4
= Constructing the table of the £l 3

Supports N

o=0.5 C|2
D1
E T

34




i Example of FP-tree(2)

= Represent every transaction as Bl 4
a list of the descending order. E |3
A | 2
C | 2

Item Set ID [tem List

(A, B, D} 1 B, A D]

{B, C, E} 2 B, E, C]

3 {A, B, C,E} 3 [B, E, A, C]
{B, E, F} 4 [B, E. F]




iExampIe of FP-tree(3)

Item List

[B, Al

B, E, C]

[B, E, A, C]

B, E]

o=20.5

Q> |m| ™

NOJNIN \O T JRUS I R SN

Bj/>
A:l

36



i Example of FP-tree(4)

Item List
B. Al B:2
B, E, C] A:l
3 B, E, A, C] Col
[B, E]
c=0.5

Q|» |m|®
DO ([N | W | &~

37



i Example of FP-tree(5)

Item List

[B, Al

B, E, C]

[B,E, A, C]

B, E]

o=20.5

Q> |m W

N (N | W | &~

A:l

B:3

C:1
C:1

38



iExampIe of FP-tree(6)

Item List

[B, Al

B, E, C]

[B,E, A, C]

[B, E]

o=20.5

Q> |m W

N (N | W | &~

A:l

B:4

C:1
C:1

39



i Example of FP-tree(7)

Item List

[B, Al

Q|» |m|®

40




i The FP-Growth AlgorithmiHan et al. 00]

= Given a minimal support o

= Letl be the list of items [A[, A, ..., A, ] satisfying
supp(A,) = o 1n the ascending order of the support.

FP-growth(T, L)
1. If T consists of one path p, enumerate all patterns at least
one A;s.t. suppy(A;) = oand all items in L.

2. For k=1,2, ..., n, repeat the following:

= Construct the conditional transaction database D’ and
FP-tree T(D’) by gathering items from the root of T and
the parent of A, and execute FP-growth(T’, [A,, L]).

41



i Example Run of FP-Growth(1-1)

Item List
[B, A]
B, E, C]
3 [B,E, A, C]
[B, E]
o=0.5

Conditional Data

B 4

E 3 [tem List supp
A 2 B, E, C] 1
C 2

[B,E, A, C] 1

4D
=




i Example Run of FP-Growth(1-2)

ID Item List
1 [B, A]
2 B, E, C]
3 [B,E, A, C]
4 [B, E]
o=0.5
B 2
E 2
C | 2 7/

C:2

B:2

E:2 y

Conditional Data

[tem List supp

|IB, E, C]

1

B, E, A, C]

1

42
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i Example Run of FP-Growth(1-3)

ID Item List
1 [B, A]
2 B, E, C]
3 [B,E, A, C]
4 [B, E]
o=0.5
B 2
E 2
C | 2 7/

C:2

B:2

E:2 y

supp({ B, E, C})=0.5
supp({ B, C }) =0.5
supp({ E, C }) =0.5
supp({ C }) =0.5

44




i Example Run of FP-Growth(1-4)

ID Item List
1 [B, A]
2 B, E, C]
3 [B,E, A, C]
4 [B, E]
o=0.5

Conditional Data

B 4

E | 3 [tem List supp
A | 2 [B, A] 1
C 2

[B, E, A] !

45
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i Example Run of FP-Growth(1-5)

Item List

[B, Al

B, E, C]

[B,E, A, C]

[B, E]

o=20.5

oo

2

2

2y

4
4

A:l

supp({B, A})=0.5
supp({A })=0.5
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i Example Run of FP-Growth(1-6)

ID | A| B |C|D]|E

=0.5

supp({ B, E})=0.75
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i Example Run of FP-Growth(1-7)

Item List

[B, Al

B, E, C]

[B,E, A, C]

[B, E]

o=0.5 // ¢

/

Q> |m W

N (N | W | &~

supp({B})=1

48



i Example Run of FP-Growth(2-1)

ID Item List
1 [B,A]
2 [B, C, D]
3 [B, A, C]
4 [B,A]

5 [A, C]
6 [B, E]
c=0.3
B 5
A 4 )
c| 3|7

A2

C:1 -1

A:l

Conditional Data

Item List

supp

B, A, C]

1

[B, C]

[A, C]

1
/11{\




i Example Run of FP-Growth(2-2)

ID Item List
1 [B,A]
2 [B, C, D]
3 [B, A, C]
4 [B,A]

5 [A, C]
6 [B, E]
c=0.3
B 2 )
Al 2| 7

Conditional Data

Item List

supp

B, A, C]

1

[B, C]

1

[A, C]

N
JYU




i Example Run of FP-Growth(2-3)

ID Item List
1 [B,A]
2 [B, C, D]
3 [B, A, C]
4 [B,A]

5 [A, C]
6 [B, E]
c=0.3
B 2 )
Al 2| 7

Conditional Data

Item List

supp

B, A, C]

1

(A, C]

1
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i Example Run of FP-Growth(2-4)

ID [tem List \

1 BA B 1 \@ A:l

2 [B, C, D] 7N

3 [B, A, C] 2 ? ® 6

4 [B,A] C-1 Clb i G

5 [A, C]

6 B, E} Conditional Data

BG = 01.3 — [tem List supp

[B, A, C] 1

supp{A, C}=0.333... [A, C] 1
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ID Item List
1 [B,A]
2 [B, C, D]
3 [B, A, C]
4 [B,A]

5 [A, C]

6

B

2

|B, E]
c=0.3 /

/

A

2

supp{B, C}=0.333...

supp{C}=0.333...

i Example Run of FP-Growth(2-5)

Conditional Data

Item List

supp

B, A, C]

1

[B, C]

1

[A, C]

| oo ]
JJ




