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ﬁequent ltemset Mining \

® Finding all "frequent” sets of elements (items)
appearing no more than o times in a given
transaction data base.

Introduced by Agrawal and Srikant [VLDB'94]
One of the most popular data mining problem

® Basis for more complicated / sophisticated data
mining problems

\ /
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(0 Association Rule Mining [Agrawal 1993/1994] h

* Finding combination of “items” frequently appearing
In a given database

\__ _J
FOYYOLAYT=S | b | chips |Mustard [Sausage[Softdrink| Beer | e
« NRTIET—F 001 1 0 0 0 1 =
« _fET—HER—X 002 1 1 1 1 1 °jj7€/§ E:

— [ 003 1 0 1 0 0 TAT L

cLa—kaT [ 004 [ o [ o | 0| 1
. ARyl | 008 0 1 1 1 1
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007 1 0 1 1 1

008 1 1 1 0 0

009 1 0 0 1 0

010 0 1 1 0 1
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® Frequent Iltemset X = { Mustard, Sausage, Beer }
* with support/frequency 40%

o | chiph [ ustara Sausaqelosfanm_peer |) €
oo TFATLES X

1 U 0
002 1 1 1 1 1 A
003 1 0 1 0 0
004 0 0 1 0 1 XDHITY A
005 0 1 1 1 1 S)(;:g()é)1 ;}{002, 005,
006 1 1 1 0 1 > ,
e T T T T T X DB (HH—1)
freq(X) = |Occ(X)|
o 1 . : 1 0 = 4110 = 40%
010 0 1 1 0 1 y
TATLES X DERK

X=RRA—FEY—t—2, E—IILE—#EIZES AIDNEERD40%L V=
13
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(Frequent ltemset Mining Problem \

® Given: A database DB over a set 2 of items, and a number
o =0 called “minsup” (minimum support)

® Problem: Find all itemsets X< 2> appearing in no less than o
\_ records of DB Y

14



& Definitions: Database
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BIZEFIR

(o Aset 2 ={1, .. n}ofitems (elements) A
® Transaction database
- AsetT={t, ...t }ofsubsets of 2
" Each subset t © 2 is called a tuple (record) Y

Transaction database

Id tuples
1, 3

Alphabet of items

2,4
1,2, 3,4
1,2,4

AITWOIN|—

18



&) Definitions: ltemset lattice e
(o ltem set: any subset X © 2 ={1, ..., n} A
® (Item) set lattice L = (22, <)
- The powerset22={X: X S J}
N - s
\ The subset relation = over 2 Y
)
/\ Example:
1 2 3 4 The set lattice
fors ={1,2,3,4}
12 13 14 23 24 34
123 124 1 2

1234 16
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? Definitions: Frequent sets P

/0 An itemset X appears ina tuplet: X © t \

® The occurrence of X in a database T-
Occ(X, T)={teT: XSt}
® The frequency of X: Fr(X, T) =| Occ(X, T) |
® Minimum support (minsup): an integer 0= o =|T|
\_® Xis o-frequent (frequent)in T if Fr(X, T) = o . -

Alphabet of items

Transaction database

Occurrences and frequences of itemsets id tuples
Occ(3, T) = {1, 3} 1] 1.3
Fr(3 T) 2 5 5 4
Occ(24, T) = {2 3 4} 3 1,2,3,4
Fr(24, T) = 4 1,2, 4

17
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® The occurrence of X in a database T:
Occ(X, T)={teT: XE&t}

3 ® Xis o-frequent (frequent)in Tif Fr(X, T)=|Occ(X, T)| = ©. 5

minsup o = 2

1 O O
/Frequent & & O
sets 3 O O O O
2, t4 O O O
1’ 2, 3, 4’ t5 O O O
12, 13, 14, database
23, 24, 124

18
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& Definitions: Problem A28

('

requent Itemset Mining Problem B
Given: A transaction database T and a non-negative
integer 0= o =|T|
Task: Enumerate all "frequent” itemsets Xin T
that have frequency at least o (Fr(X)= o)

/

F: the class of all o -frequent itemsets

The number |F| of solutions is exponential in the
number n of items.

a typical enumeration problem.

19
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KFrequent ltemset Mining Problem

® Given: A database DB over a set 2 of items, and a number
o =0 called “minsup” (minimum support)

® Problem: Find all itemsets X< 2 appearing in no more than
\ o records of DB

~

)

Applications to more sophisticated data mining problems
® Assocition rule [Agrawal, Srikant ‘94]
« {Mustard, Sausage, Beer => PotateChips } with frequency 40%
® Optimized classification rule [Sese & Morishita PODS’90]
* If gene0001 & gene0012 then diabetes with classification error 8.5%
® |temset boosting/SVM [Saigo, Uno, Tsuda Bioinformatics 23(18) 2007]
» Learning a linear classifier over itemsets as composite features

® \Weighted substructure mining [Nowozin, Tsuda, Uno, Kudo, Bakir, CVPR'07]
\ «  Application to image processing

28
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) —RXT 427 (Boosting) [Freund, Shapire 1996]
o ZHOMMEET7IIIVXLEZHALTERETA
k. o4 FRIDEREZELREE

(
SVM (Support Vector Machines) [Vapnik 19906]

o T—UUmKIEIZKBIRED state-of-the-art methods
_® A—RILEZERAW =S RTZEMBESHRLET —I~NDYLE -

NODFETILAYXLE, Eaﬁo%';’/r-rix’é%/r:\.?«r:/j‘
JElBELE CRIATES

A

* V. Vapnik, Statistical Learning Theory, Wiley, 1998. (textbook)

* N. Cristianini and J. Shawe-Taylor, An introduction to support vector machines and other
kernel-based learning methods, Cambridge, 2000. (textbook)

* Y. Freund and R. E. Schapire, A decisiontheoretic generalization of on-line learning and
an application to boosting, JCSS, 55, 119-139, 1997. (AdaBoost)

o &F M EDIT—RT1T FEF7ILITVXLOEREEE, FILHR (text book) 31




' Computational Complexity of Data Mining Algorftfifig.

[

~

(I—Iow to model efficient data

mining algorithms?
®Light-weight

\Qngh-throughput y

22



Computational Complexity of Data Mining Algorith

-

\.

®m Output-polynomial (OUT-POLY)
— ®TJotal time = poly(N, M)

H polynomial-time enumeration, or
amortized polynomial-delay

_ (POLY-ENUM)
® Amotized delay is poly(Input), or
®Total time = M-poly(N)

® polynomial-delay (POLY-DELAY)
®Maximum of delay is poly(Input)

R

( )
Agoritm.

Outputs A

Input SM

Output size M

‘o
N\

>
Delay D

1O

<
& Total Time T

+ polynomial-space (POLY-SPACE)

9H

L: 2 2¥ 5
. . . )
Modeling data mining as enumeration
® [dea: Mesure the computation time per solution
/

23



Computational Complexity of Data Mining Algorithi

9H

L: 2 2¥ 5
(" . . . )
Modeling data mining as enumeration

® [dea: Mesure the computation time per solution
- Ultimate Goal: g
® Output-g To design et SM

ota .
algorithm

W polyno _ . .

POLY-EY for a given data mining problem Output size M

® Amotized U iy

< >
Delay D

®m polynomial-delay (POLY-DELAY)

<
& Total Time T
®Maximum of delay is poly(Input)

+ polynomial-space (POLY-SPACE)

24



Frequent Itemset Mining
Algorithms

200842 H29H
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%) Problems i

@oblems \

e 1. How to enumerate all frequent subsets
without duplicates?

> S D ERE !

e 2. How to compute the frequencies
quickly for each subset?

& /

26




“Anti-monotonicity” of frequent sets  **5528

(0 Lemma: For every minsup O, if Y is 0 -frequent then \
any subset X of X is also o -frequentin DB T.

® Corollary: Every non-empty o -frequent set Y is obtianed from
some O -frequent set X by adding some new element.

\0 The class F . of all frequent sets is monotone subclass of (22, ) y
Anti-monotone property The itemset lattice (2%, <€)
,-f'"“f; _‘,r"'f %\
minsup 0 = 2 r ol > A
i s 7%
/ /__,__-S% w .~ ent\ t1 O O
Frequent i Eee S i :
sets 12 e & e oa | | | |
% e o : B 0 0O O O
, _ i —<_cHild
1, 2; 3, 41 1\53 L ANY > Y t4 O O O
12, 13, 14, w t5 O O O
23,24, 124 database

1534 o7
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) Two approaches to Frequent sets mining **%5%:

YNDED A

Apriori algorithm Backtrack algorithm
[1994] [1997-1998]

* Breadth-first search (BFS) * Depth-first search (DFS)
« Horizontal data layout :

O
O
_ O O O O . ond :
. 15t generation y 1 S 2" generation
« External memory T = * In-core algorithm

algorithm » Space efficient

database 08



BFS (Breadth-first search) algorithm *“*%.:2:

. ? ?
@mom Algorithm - -

® [Agrawal & Srikant, VLDB’94; Mannila, Toivonen, Verkamo, KDD'94] =" Amaden Lab. Hesinid ns' § ech

Cadidate Generation: BFS (Breadth-first search)

® Starting from the smallest element, search the itemset lattice from
smaller to larger

® Most popular, the 1t generation frequent itemset miner o, agrawal prof_Man,[Ja

® Generate itemsets level by level (level-wise algorithm)

Freguency Counting: Horizontal Data Layout

® Sequentially scanning a large database placed on a hard disk from left
to right to compute the frequencies

® All the candidate itemsets is stored in a dictionary (a hash tree) in main

| "

29
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Basic |ldea: Cadidate Generation by BFS ™ 5

/Apriori algorithm [Agrawal, Srikant, 1994] (Also called Level-wise [Mannila et al., 1994]) \
® Slice the item set-lattice 2> into levels L,, L, ...., L, ()

® Compute F, ={XeE L, : Xis a frequent set of size k }
fork =0,1,2, ... in a bottom-up manner

® Generation of the k-th candidate set C, ., from F,:
- Foreach a,...a, and b,...b, € F, with a,=b,...a,_ ,=b, , and a, < b,

\ add a,...ab, into C, /
level O

level 1 /@)\

level 4

@\@ e
G e IR
evel 3 E@ii w ©0 o
Y t5 O O O

database 30
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Basic |ldea: Cadidate Generation by BFS ™ 5

/Apriori algorithm [Agrawal, Srikant, 1994] (Also called Level-wise [Mannila et al., 1994]) \
® Slice the item set-lattice 2> into levels L,, L, ...., L, ()

® Compute F, ={XeE L, : Xis a frequent set of size k }
fork =0,1,2, ... in a bottom-up manner

® Generation of the k-th candidate set C, ., from F,:
- Foreach a,...a, and b,...b, € F, with a,=b,...a,_ ,=b, , and a, < b,

\ add a,...ab, into C, /

level O
level 1
= .. t1 O O
level 2 f' @” ) 'q' \ t2 O O
, - = t
level 3 ' : tj = g 2 = o
t5 O O O

level 4

database 31
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l' Basic Ildea: Frequency Counting e
(Horizontal layout \

® Scanning the database tuple
by tuple
® For each tuple t, increment

the count of all candidate
\ itemset that are subsets of tj

1) Scan the database sequentially tuple by tuple

items

tuples

32
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&) Basic Idea: Frequency Counting e

“NDED )

candidate set C,

/Horizontal layout \

® Compute the frequencies of all
candidate sets in C. by scanning
the database tuple by tuple

® For each tuple t, increment the
count of all candidate itemset

\ that are subsets of t. /

1) Scan the database sequen-  2) For each tuple t,
tially tuple by tuple enumerate all subsets s Its count Hash Tree for C
of t with size k = Trie for C,

items  database D i
:> (245
: 5. .

3) Lookup the subset s in the
hash tree and then increment

==
N I
[@n] |EN

N
N
ol

tuples

123/1 124/2 134/1 234/1 245/2

33
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6)1/3‘")3(“.& ApPriori(T:7—42~—X, 0 <o <|T|: minsup):\

B 2EHEEDESF.

HAX1DEHEEDEARF 25185, i=2.
while (F,, /=2) do /[|RT—i:

® STEP1: FICEFNEH AR (1)DBEHESRILTEHAED
BT, YMIXIDEHEEDEFYCEIET L.

® STEP2: T—8~X—R%—
DEEEFreq(X)&z— EIZ5t

FICINZ 5.

® STEP4:.i=i+1.
eturn F=F,U...UF, ZH 7]

® STEPI:CHHEECULDTRTHIRHEESZERYHL,

EEITERERL, BEHEEX € C
"33 F =0

s J

34



200842 A 29H

Ap rlorl 7)l/j I) X A [Agrawal 1994, Mannila 1995] kS8 5

The state-of-the-art algorithm for association rules

Clever use of the present computer technology

Fast
Processor

+

Medium sized
Main memory
+
Huge
Hard disk

pool of patterns]

sausage & beer

coke & chips: 48

~

sausage: 62 |ehips: 124

coke: 254

mustard: 4

beer: 128

d

d

3

1

Levelwise search

\ coke & hamburger: 52 / d=2 Fast Counting by

Hash tree

Large collection
of data

Sequential Disk Scan

35
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) Two approaches to Frequent sets mining **%5%:

YNDED A

Apriori algorithm Backtrack algorithm
[1994] [1997-1998]

* Breadth-first search (BFS) * Depth-first search (DFS)
« Horizontal data layout :

O
®) ®) 1234
_ O O O O . ond :
. 15t generation y 1 S 2" generation
« External memory T = * In-core algorithm
algorithm » Space efficient
database

36



DFS(Depth-first search) algorithm ~ “*%55%:

Backtracking Algorithm
® The 2" generation frequent itemset miners
® Eclat [Zaki et al., KDD’97], [Morishita DS’98], [Bayardo SIGMOD’98]

DFS (Depth-first search)

® The set enumeration tree T = (F, E,, ¢) for the class of frequent sets
— Starting from ¢, search F from smaller to larger
® Pattern growth approach:

— Grow each itemset by attaching a new item, the tail element.

® |mplementation: The search structure is implicitly implemented by a
recursive procedure.

Vertical Data Layout
® For each enumerated itemset X, maintain its occurrence list Occ(X) to

compute the frequencies.
\Incremental update of Occ(X) is possible: “Downward closure” /

37




DFS(Depth-first search) algorithm = “*%55%:

(DFS algorithm A

® How to generate all subsets X< 2 in depth-first search?
® Use enumeration of subsets! (BAXR&LEDEZDIEHDEEHE))

& /

The set lattice for
2 ={1,2,3,4}

F={21,2 3,4, 17—
13, 14, 23, 24,
124}

1234 38



el LAy,

«’ ry
el

%) The set enumeration tree (the family tfegj::

YNDE

(0 A spanning tree for all frequent itemsets N

® Assign the unique parent Pa(Y) = Y—{ max(Y) } =: X to each
non-empty frequent set Y.

® Given a parent X, we can generate its children Y = XU{ 1 } by
\_ attaching every item | satisfying | > max(X). )

The set enumeration tree for

y

The set lattice for

' - Y ={1,2,3,4}
NG
12 12 24 34
g:_{ 2 1,23, 4,12, = N 3¢ L U

13, 14, 23, 24, 13 T2 \?31_1
124}

[]
1234 39



DFS algorithm for Frequent ltemset Mining™*% 2%z

@gorithm Backtrack \

® BacktrackExpand(¢, Occ(9), 0, n).

procedure BacktrackExpand(X, Occ(X), k, n)
® Input: X:itemset, Occ(X), k: tail, n: maximum item;
® if Freq(X) = |Occ(X)| < o then,

— return. //Backtrack
® OQOutput a frequent set X.
® for i=k+1,...ndo:

- HIFYRFOcc(XU{NEETET 5.

\ — BacktrackExpand(X U {i}, Occ(XU{i}), i, n) . /

40




Efficient update of Occ(X) e

®For any X1, X2, Occ(X U Y) = 0Occ(X) N Occ(Y). (basic)
. ®For any set X, item a, Occ(XU{a}) = { t€0cc(X) : a €t} y

items database D Update of occurrence lists:
Downward closure [Zaki et al ‘97]

Occ(1)

tuples

Occ(2 3)

items 4

Vertical layout: UpdateOcc
The occurrence
list representation

Oce(d) Oce(2) | Oce(2 4)

DFS over the set enumeration tree

41



&) Efficient update of Occ(X) e

(Properties: -
®For any X1, X2, Occ(X U Y) = 0Occ(X) N Occ(Y). (basic)

_®For any set X, item a, Occ(XU{a}) = { t€0cc(X) : a €t} Y

é.ﬁ% UpdateOcc(X, a, O(X)) \

Input: X< 2 &,a € 2, O(X).
Output: O(X U {a}).
® Y =XU{a}; Occ(Y) = 2;
® foreacht €0O(X) do
- if a €t then Occ(Y) = Occ(Y) U {t};

k‘ return OCC(Y); Downward closure [Zaki et al ‘Qy

42
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& DFS: Main result et

NBE

ﬁheorem \

® The algorithm Backtrack can be implemented to
enumerates all o -frequent itemsets X in a given
transaction database T

— In O([-|Occ(X)|) time per frequent itemset
— using O(/-|Occ(X)|) space
® where | is the maximum length of tuples in T and

Occ(X)| 1s the number of occurrences of X.
® Space and time efficient (poly-delay & poly—spacey

rc On the other hand, the algorithm Apriori requires O(I-|Occ(X)|) A

. time per frequent itemset and O(max. ||F/||) space. )

43
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Rz ' ' 5|2 2
Apriori algorithm Backtrack algorithm
[1994] [1997-1998]

* Breadth-first search (BFS) * Depth-first search (DFS)
« Horizontal data layout :

O 1234

« 2"d generation

O
O|0 |0

O

O

« 1st generation

@) @)
« External memory 5 O O O

algorithm * In-core algorithm
database

« Space efficient

44



&) Summary: Horizontal & Vertical Layout 525

Horizontal layout items Vertical layout
(Apriori) (Backtrack)

x1 x2 x3 x4
x2 x3
x1 x2 x4

Hash tree for
(itemset, frequency)

UpdateOcc

Occ(g)

l

Occ(x2) Occ(x2x4)



FP-growth 7 JL.31) X L e

([Han, Pei, Yin, SIGMOD’00] R
® /NA—2bT—HR% 51 (TrielPrefix tree/FP-Tree)|Z[EHEL TH&HH
® DFS+HIBUYRANAADLERE
_® EEOTF—HIHLTEELLDATNS -
‘ Example) Expand pattern 27 into 279 and then update its occurrence list I
Pattern 279 appears 4 times in the database!
occlzn).
. Occ(279)
s patterns — mn—=x transa@»
@ 9| 179 A:1,2,5,67,9 B,
M1 {2y {7} {9 @ 19 B:2,3,4,5 I"@
1.7 (1,9 2.7 - C:1,27,8,9 7
{2,9} {7,9} 9] 279 D:1,7,9 Rl»l
{1,7,9} {2,7,9} - E:2,3,7,9
@ 22 F:2,7,9 T“
9] 9] 79
B/ XB—2K (FP-Tree) FSAZERWTEBESNT=T —9'\—5(

= ;MIAZRAVWTERESN=/N\ -V &S
J. Han, J. Pei, Y. Yin, Mining Frequent Patterns without Candidate Generation, Proc. SIGMOD Conference 2000, pp. 1-12 (20006
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LCM (Linear-time Closed Itemset Miner)

o HBEERETESIA=UITIOYXL f*;b((iff—ﬁ%’iﬂﬂd)
o IEMMIMEERIE: HABHERTILITURL HAEC. ..

o nF &M

SRR ITT/INI— A=
(FE-H+t, DS'04, FIMI'04)
—a2—ARIRHR (Nov. 1, 2004, Brighton, UK)

BX2891)—2 C
({w, vy}, {a, b, d})

%208 FIMI Workshop TFE 5% & - ransactions - ftems
A FHE(LCM ver.2) A ERS ! a
FIMI'04 Best Implementation Award b
FIMI Workshop: 5! o

(SR TATLEEIA=JEE(FIMIIIZET S B W C
T—ARA= T HOTRT S5 TRk ne Ay

SEIXL, 8+5 REMAFRKRIUN) (BEEB0HIEE) e, d
LCMZ LT X L: PPCHLRICKAH W ZIERXEFHD FEHALE

A7 ATLEGHZETILTY) XL [FEFH-F4 DS'04] (NI, A01F e

o LCM, FEr5E & HP, program codes: http://research.nii.ac.jp/~uno/codes.htm
» FIMI Frequent Itemset Mining Implementations Repository: http://fimi.cs.helsinki.fi/ 47
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requent ltemset Mining \

Finding all "frequent” sets of elements appearing in a given
transaction data base.

® Introduced by Agrawal and Srikant [VLDB'94]
® One of the most basic data mining problem

N

Algorithms

® BFS algorithm — Apriori [Agrawal et al, ‘94]

® DFS algorithm — Backtrack [zaki et al. ’97; Morishita’98]
Applications

® Feature extraction for SVM & Boosting

® Closed and Maximal Frequent Itemset Mining
® Sequences and Graphs

48
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Mining Semi-Structured Data
® Sequences
® Trees
® Graphs
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~1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008

&) History of Sequence Mining

“NDED )

HMM (Hidden Markov Model |
[Haussler, Krogh et al., 26t HICSS 1993]
[Durvin, Eddy, Krogh, Mitchison, Cambridge, 1998]

Mining frequent episodes in an event sequence (BFS) MOTIF program
[Mannila, Toivonen, Verkamo, DMKD, 1(3), 1997] [Smith, Annau et al., PNAS, 87,1990]

PRATT program

[Jonassen et al., Protein Sci. 4, 1995]

TEIRESIAS program

Mining frequent itemset sequence (DFS) [Rigoutsos, Floratos, Bioinformatics 14, 1998]
Spade [Zaki, 1998; Mach. Learn. 2000] eMOTIF program

Mining frequent sequences (DFS + Projected DB) [Nevill-Manning et al., PNAS 95, 1998]
PrefixSpan [Pei, Han, et al., ICDE 2001]

Mining frequent closed frequent sequences (DFS) ~ PROJECTION (Random projection)
CloSpan [Yan, Han, et al., SDM 2003] [Buhler, Tompa, J. Comp. Bio. 9(2), 2002]

Mining frequent closed sequences (DFS)
BIDE [Wang & Han, ICDE 2004]

Mining frequent closed sequeces with wildcards (DFS)
AU [Arimura, Uno, LNCS 3827, ISAAC2005] a PTAS algorithm for concensus motif

Mining frequent closed sequeces with gaps (DFS) problem in Hamming distance
AU [Arimura, Uno, LNAI 4914, LLLL2007] [Li, Ma, Wang, STOC 1999]
54
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Algorithm for finding subgraphs by MDL principle
Subdue [Holder et al. (KDD'94)]

Finding frequent paths [Wang and Liu (KDD’97)]

Finding Semi-structured Schema
[Nestrov, Abiteboul et al. (SIGMOD’98)]

Finding frequent subgraphs
AGM [Inokuchi, Wahio, Motoda (PKDD’00, MLJ. 2003)]

FSG [Kuramochi et al. (ICDM’01)

Finding frequent / optimal ordered trees
FREQT [Asai et al. (SDM’02)], Treeminer [Zaki (KDD’02)]

Finding frequent subgraphs
gSpan [Yan and Han (ICDM’02)], VG [Venetik, et al.(ICDM’02)]

Finding frequent unordered trees
UNOT [Asai, Uno, Nakano, Arimura (SDM’03)], NK [Nijssen, Kok (MGTS’03)]

Frequent Maximal/Closed Trees & Graphs mining
[Yan&Han '03; Termier et al.'04] and many algorithms in 2000s
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Mining Sequence, Trees, and Graphs
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Sh 71— )Li% :learning strings and graphs e

Learning Graphs from examples
® unknown function f : Graphs — {+1, -1}

negative examples

o7
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Kernel methods and
Enumeration

® Kernel methods for learning
structured data

® #P-hardness and enumeration

® Hardness of learning and
prediction

~
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BEHMPPTIZ MDA A—KLTLFEELY: http://www-ikn.ist.hokudai.ac.jp/~arim/jtalks.html
Hiroki Arimura, Hokkaido Univeristy, 2008
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