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What is Pattern Mining?



Mining Associntion Rules between Sets of Items in Large Databases
Takesh Agrawal Teease lesbelinaki® Arun Swazsi
1BM Almades Research Conter

*SIGMOD Conference 1993
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Mining Association Rules between Sets of Items in Large Databases l

We introduced the problem of mining association rules
between sets of items in a large database of customer
transactions. Each transaction consists of items pur-
chased by a customer in a visit. We are interested in
finding those rules that have:

e Minimum transactional support s — the union of
items in the consequent and antecedent of the rule
is present in a minimum of 5% of transactions in the
database.

e Minimum confidence ¢ — at least ¢% of transactions
in the database that satisfy the antecedent of the rule
also satisfy the consequent of the rule.
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An example of such an association rule
is the statement that 90% of transactions that purchase
bread and butter also purchase milk. The antecedent
of this rule consists of bread and butter and the con-

New pro h I e m sequent consists of milk alone. The number 90% is the

1 confidence factor of the rule.

\ “Discovering all relevant association rules



Mining Association Rules between Sets of Items in Large Databases l

We introduced the problem of mining association rules
between sets of items in a large database of customer
transactions. Each transaction consists of items pur-
chased by a customer in a visit. We are interested in
finding those rules that have:

e Minimum transactional support s — the union of
items in the consequent and antecedent of the rule
is present in a minimum of s% of transactions in the
database.

_ e Minimum confidence ¢ — at least ¢% of transactions
\ in the database that satisfy the antecedent of the rule

4 Several crgasisetions hawe collerind masive asvenie -_uh-uu::aw-n...a.
We solve this problem by decomposing it
into two subproblems:

N 1. Finding all itemsets, called large itemsets, that are
New s Ulutlon present in at least s% of transactions.
2. Generating from each large itemset, rules that use

items from the large itemset.

\ “Enumerating all frequent itemsets
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Troubled Hidding
Romantic Rich  Dies Secret

Troubled romantic = Rich
- (supp=0.4/ conf=0.5)
Leonardo DiCaprio
Plays the Same
Character Over and
Over

*Association rule



Troubled Hidding
Romantic Rich  Dies Secret

Troubled romantic = Rich

L (supp= 0.4/ conf=10.3)
Leonardo DiCaprio '
Plays the Same

Character Overand ..
Over™

Troubled romantic = Dies
(supp=10.6 / conf = 0.19)
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Exact solution
Exhaustive search

Speed of answer
Pattern Mining

“The footprint of databases



Exact solution Approximate solution
Exhaustive search Heuristic search

Speed of answer Quality of solution
Pattern Mining vs Artificial Intelligence

“The footprint of databases



\ | adatabase person, so my view of data
Rakesh “Mining has been that it is essentially a richer

Aprawal form of querying.”

“The footprint of databases
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Mining Associntion Rules between Sets of Items in Large Databases
Makesh Agrawal  Temass fosielisaki®  Arun Swassi
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Fast Algorithmms for Mining Association Rtules
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Materials 2
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Pattern or not? Fuzzy limit

“Discovery and use



© Keyword filtering for selecting good
candidate papers

Pattern or not? @ Manual filtering for removing False Positive

“Semi-automated topic assignment



Language

Constraint

Pattern or not? Condensed Representation

“Dimensions of Pattern Mining



pattern, item, sequence, rule, tree, graph, string,
stream, subgroup...

support (no Vector Machine), frequent,
monotone...

Pattern or not? free, generator, closed, condensed, concise

“Keywords of Pattern Mining



Keyword filtering 1,132

Manual filtering 1,081
Pattern or not? (148 consulted abstracts)

“5% of False Negative, around 258 papers
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The slowdown of
Pattern Mining

“Turning point: 2006
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What are the main principles of Pattern Mining?
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* Items = a set of distinct literals
a — Example: % E t .,,: 2

— Often denoted by a letter of alphabet
g * Itemset = any set of items

5

| - Examplei{fé .0}

— The whole set of itemsets is called the language

* Dataset = multi-set of itemsets
| — Example: **}-
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The World of Pattern Mining

lteme itamenta ~ -t 1

Formal Notations of Sequence Data

+ An item is denoted by lower-case letters
a,bcd ...

+ An itemset is denoted by upper-case letters

I = (abe), I' = (acd), I = (beef), ...

+ A sequence is denoted by s (with prime and/or indice)

s=<hhhle>, 8" = <(ab)(¢)(bed)(ac)=, 51 = <(ab)e(be)>...

(We may ignore the parentheses for 1-item itemsets)

¢ A sequence database is a (large) set of sequences




8 itemsets
®,A,B,C, AB, AC, BC,ABC
80 sequential patterns
Language @,<A><AA>, <ARA>, <AAB>, <AAC>, ..
sophistication with 990 subgraphs patterns

Jitems and 3 as
maximal length @,A,AAA-AAAAA-ARA-A-A,...

“Pattern explosion



Pattern explosion

Computational Fattern matching

challenges of
|language _ | _
sophistication Subgraph isomorphism checking



Pattern explosion

Computational Fattern matching”

challenges of
language«
sophistication Suhgraph isomorphism checkmg

“Does a database entry contain a pattern?



Pattern explosion

Computational Fattern matching

challenges of
language«
sophistication Suhgraph |somorph|sm checkmg

“Does a graph contain a subgraph isomorphic to another graph?



itemset, set
rule, association

sequence, episode, string, stream, protein, periodic,
temporal

graph, molecular, structure, network
free, xm
Keywords about S} atial, spatio-temporal

language 1t

“Semi-automated topic assignment
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“Next language: spatio-temporal patterns?
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“Uncertain, dynamic, massive, heterogeneous data
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Two strategies
against pattern
explosion
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Constraint

Focusing on the most useful
patterns for the data expert

Condensed Representation

Removing all redundant
patterns

“Useful Patterns (UP'10) ACM SIGKDD Workshop



Constraint?

L] e N_MM\Nf B
- g\ “Do you remember, again?

SUpp(X, D) = I{teD/th}l/IDI
Support of X2y f
Supp(X >y D) = Supp(X ¢y D) /’

" Confidence of Xy ,f
onfixX Sy p) - “UPRIX Y, D) fsupp(x D) f




gr,(X,D)=supP
e Xisan emerging pa

= -
gri(X D)=

gri(X D)<1
patterns: Discovering Trends

(X,D;)/supp*s ,D-D)
trern iff gr; |

and

*Do i again?



Specianzation

Itemsets satisfying
an anti-monotone
constraint

freq(X, D) >t

min(X.val) > ¢
max(X.val) <t
sum(X.val) <t
XC{A, B, ¢}

Itemsets satisfying
4 monotone constraint

freq(x, D) <t
min(X.val) <t
max(X.val) > ¢
sum(X.val) >t
X2{(A, B, ¢}




Troubled Hidding
Romantic Rlch Dies Secret

H‘ Q Troubled romantic = Rich
- (conf=0.5)

¢

- - Troubled romantic = Dies
2 (conf=075)

Interestof ..
constraints_ &




Troubled Hidding
Romantic Rlch Dies Secret

Troubled romantic = Rich
Q (conf=05/lift=08)

Troubled romantic = Dies
(conf=0.15/ lift =0,6)

Interes_t of "o
constraints.. &



Challenge of
constraints >

s 3
‘ A ¢ 5 a
.
e

A

freq(X) = minfreq

AC B BC AD
ABC

“How to prune the search space for frequency?



Challenge of
constraints.«

freq(X) = minfreq

AC AB BC AD
ABC

“How to prune the search space for frequency?
Easy due to the downard closure



Challenge of
constraints >

s 3
‘ A ¢ 5 a
.
e

A

freq(X) x |X| = minarea

AC B BC AD
ABC
ABCD

“How to prune the search space for area?



om:tic Rich D:s Secret f’)"eq(X) X ‘X‘ 2 minarea
§3 A D
A B C
g o B C
A B C D
B AC B BC AD
ABC
Challenge of e
'?ﬂllstramts 'y,

H a‘

| il L “How to prune the search space for area?
Relax the area cunstramt by freq(X) X 4 = minarea



regularity, frequent, support

contrast, emerging, discriminative

exception, abnormal, surprising, anomaly, unexpected
utility

significant, chi-square, correlated

Keywords about interesting, relevant
constraints_generic, monotone, anti-monone, constrained

“Semi-automated assignment topic



exception  Utility
constraint 6% &h
interesting 8%

9%
> regularity
e 49%
— ;

significant — ,
m~w S/
_ contrast e
Frequent patterns in \ o —

Ty,
4

49% of publications.«

“Speed preferred to quality



Stahle except for
frequency

30
25
20
15
10

d

L

b

1993-1996  1997-2000 2001-2004 2005-2008 2009-2012

—o—Regularity
-=-(ontrast
- Significant
—<[nteresting
-« Generic



10%

60% \\ /\
90%
\ / \ —o—Regularity
40% \ -=-(ontrast
a0 A \ / ——Significant
\ —<[nteresting
20% -« Generic

10% ~

Progress of
contrastive and

Sigﬂiﬁca“t patterns,«”\« . 1993995 1997-2000 2001-2004 20052008 2009-2012
\1 F

“Only 42 papers with generic constraints



Piatetsky-Shapiro
Agrawal Han et al.

Interestingness 2|""3 2007

ceweee. | WG NGEH work to bring in some notion of
i ‘here is my idea of what is interesting,’ and
pruning the generated rules

based on that input.”




Piatetsky-Shapiro
Agrawal Han et al.

Interestingness 2003 2007

Summary from the KDD-03 Panel -

= === | The Grand Challenges Today
“A General Theory of Interestingness. What

Latrechcoion

Mo B, Dok X e e D g
B A e T
— b by 91—

=" | makes this rule, pattern more interesting

W3 e o et S e o o . i g™ W
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than another?”

PR ———
.

P e — ] —— . —
-

e s v 1 - g 191




Piatetsky-Shapiro
Agrawal Han et al.

Interestingness 2003 2007

Crata Mo Kaornd D
DOL S0 a0y

Frequent pattern mining: corrent status and future

“It1s still not clear what Kind of
patterns will give us satisfactory

Roowwvid T2 haow 2O ) Aapepandt K Nowershr V00 / Idsinbed cobons 77 heassy 07T
Sennger Socse« Hunsmes Moda, LLC X80 ]

Abviract  Fogecat paticon minmg has hoco o focused (heose n datn mining 1o

scarch fotover s decade. Abendant literature fus boea dodicasod (o (has

nnd tremendous pra : o made, ranging from cfficien! and scalablc

algorithms for frequent il £ mining mn transaction databascs 10 numerous

Icturcd pat

correlation minmg, associstive clssilication, und Iregecnt o m-based clus-

! | ] ”
terimg o well as thelr broad applcations. In this artiche, we pri & bt inver
view of the current stiutes of requent patters mineng and discuss 4 few promesing
rescarch diroctions, We beliove that froquent partern mising rescarch has sub
stamtinlly beoadencd (he soope of duta snalvsss aod will have ¢ g

research fronticens, such i sequential pation mming ST muning

s end applications in the loag run. However, ther

gimg rescarch menss (hat need Lo be solved belore frequent patlem

N .
mining can cluim a cormerstune approach is dats maning applications

heywards  Frequent pattern mining - Association rules - Data mining
research - Application




- ongg o
Exact solution Approximated solution W

work to bring 10> ing !
L} u‘::r:t:?ny idea of what is interesting, and

Exhaustive search Heurisf ¢ search g e gt s

e ased o0 that oot

Speed of answer Quality of solution
Pattern Mining vs Artificial Intelligence

“The footprint of databases

1933

“(uality of solution more important than speed of answer



Maximal frequent itemsets

“Do you remember, again and again?




R ——

B
B S

B

Apriori: frequent lattice

Closed frequent itemsets

Data mining

27/06/2016

- Local patt

ern dise overy




Troubled Hidding
Romantic Rich  Dies Secret

X

C

Bl B 0 PY
==  — . —
| = = | = = oo
| co (]
= |

Maximal patterns

7 . ‘ 3D ‘
/.:Ac,‘; , AB Bc" BD \ﬁA,D‘ ‘EE'/"?-:« “

A B ¢ D

‘, P 480 ACD BC

“larger frequent patterns w.r.t inclusion



Troubled Hidding
Romantic Rich  Dies Secret

Bl B 2 PE

- —

X

C

= =
(== B -~ B - ~
D O
L —

Closed patterns

ns with min

“maximal patterns of equivalence classes



Troubled Hidding
Romantic Rich  Dies Secret

Bl B 2 PE

X

C

== = =
(== B -~ B - ~
D O
L —

Free patterns

ns with min

“minimal patterns of equivalence classes



Non-derivable

Mﬂre [:Olldel!sed itemsets K-free itemsets
representatlons 2002 2003




closed

Keywords about horder maximal, minimal
condenseds.,

representations #ee, generator, non-derivable

of *Semi-automated topic assignment



horder closed

20%

Closed patterns in:
60% of CR

“Why this success?




8 ¥

: A

b

9 —o—Closed

4 —=-Border

: ——Free
—<(ther

2

1

0

Activity pea;u,

"ﬁr F""’; gr
e«w#’ :

1993-1996 19972000  2001-2004  2005-2008  2009-2012

“Pattern-hased models instead of CRs



100%
90%
80%
10%
60%
a0%
40%
30%
20%

1993-1996
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——Closed
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——free
—<(ther



Pattern-hased CBA
classifiers W33

“Two-phases: pattern extraction & model construction



The Chosen Few

Pattern-hased Krimp MIN

mudel S 2006 2007 |

T £ P

~ Binghom and Zimermang, 2007

Nreskenotal, 20060 F  fo o o

= =

“Two-phases: pattern extﬁ&tion & model construction



Local pattern

Pattern-hased MK sampling
models 2009 2011 |
[Hasam and Zak, 200 [Boley et al. 2011

“Sampling



Useful Patterns

ACM SIGKDD ECMLPKDD most-

Workshop influential paper award
2010 2012

Stop completeness! i i ‘

“Please, please stop making new algorithms for
mining all patterns™

Toon Calders




Pattern-hageq ‘

models ;n';syk Local patter samppg
Exact solution Approximate solution | = 1
. < g5 - ‘ =
Exhaustive search Heuristic search :
Speed of answer (uality of solution B o ‘
Pattern Mining vs Artificial Intelligence e -
Stop completeness!
' ithms for
i g ase stop making new algorit
*The footprint of databases Please, ple

mining all patterns”

Toon Calders
*
1993 i

RS
RS

“Aprroximate solution and Heuristic search!



What are the recent trends of Pattern Mining?



New trends

interval linear
candidate Optimal event massiveorder V7Y
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clusterin direct
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correlated ¢ p lIBIItIa querie
RE eff|c|e|1tuy”ﬁ'z'.“ﬁucd';‘t"e::“tmnstreamsuhgroupﬁ]f.f.'.ﬁ'f',},t,!,{m“,
fr [Illellt pattern-hased analysw negative SIENITicant
ep isode strlll:tutrzllt wmduwfeat“re evaluation i tiscrinatie
. problem fast collection > 1067

“Recent keywords of Pattern Mining



New trends

event massive
dataset structure

item

L wework subgraph SE(UENCE pﬂgles?tl
Sequential graphspatio-temporal complex

online .

mgeseaale @ F|C1RNT dynamic streamSUDZrOUD  yncertain

episode  structura window feature -
text sliding

“Complex data



New trends

optimal
significance weighted utility

constraint

quality @
correlated

fre q e nt ' significant

evaluation ure
contrast discriminative

“From speed to quality



Pattern mining as Optimal attens
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“Finding the k patterns maximizing an interestingness measure




“Finding the 3 most frequent patterns: 8 (5), A (4), C (4)




*Fiding the 3 most frquet attrn: B(5),A(4),C(4)

““Easy due to anti-monotone property of frequency



= End” A

*Finding the 3 patterns maxiizin area: (l (6), BC (6), ABC (6)

**Branch&Bound method



Icompact Not fast™

- Threshold free No diversity
Best patterns

Top-k pattern
mining S w

*Exact resolution is costly / sometimes heuristic search (beam seacrh)



I(:umpact Not fast \

- Threshold free No diversity”
Best patterns

Top-k pattern
mning S |

“Diversity issue: top-k patterns often very similar



z " Pattern Freq. Area
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*How to find a trade-off between several criteria?



Pattern Freq. Area

Atea  pge A, BC

|




Troubled Hidding
Romantic Rich  Dies Secret

Pattern Freq.

Area

ATEa  pBC  ACBC

t

“Dominated space



Troubled Hidding
Romantic Rich  Dies Secret

z N Pattern Freg. Area Top area

“Skypatterns = non-dominated patterns



F Pattern Freq. Area

“Skypatterns are closed patterns



“A pattern is optimal if it is not dominated by another.




*Dominance relation = inclusion




“Dominance relation = inclusion at same frequency




“Dominance relation = order induced by the interestingness measure




*Dominance relation = Pareto domination







New trends

concise ggnerator
probabilistic CIO Sed approximate

direct

minimal
pattern-based

collection

“From exhaustive collection to models



_ MUSK Local pattern sampling
Pattern sampling ~ 2 20

“Sampling



n u Pattern A (freq = 4)

e has twice more
TEN 4 chance to be drawn
S 22 ~ than pattern

Pattern sampling

“Picking k patterns randomly with a probability proportional to an
Interestingness measure



Stochastic methods [Hasan and Zaki, 2009]
Random walk on lattice

“Two-step direct method [Boleyetal, 2011

Pick a transaction + pick an itemset-of this
Pattern sampling transaction

*Two main families of methods



Stochastic methods [Hasan and Zaki, 2009]
Random walk on lattice

Two-step direct method [Boley et al,, 201]

Pick a transaction + pick an itemset-of this
Pattern sampling transaction

*More uniform



B,A G AC

A C

A ] 0,A,D,AD

L. A B C

=S g, A, B,C, AB, AC, BC, ABC

E 4 B C D . .8 C BC

Direct pattern B,A, B, C, D, AB, AC, AD, BC, BD,

sampling CD, ABC, ABD, ACD, BCD, ABCD

[Boley et al., 2011]

*Consider all itemsets contain in each transaction



T T bAcK
e 13 s ADM PatternA(freq=4)
= - g Apcasacec s appearstwice more
i il 0B LB than pattern
Direct pattern g, A.8.c. 0, AB, A, AD, B, BD
sampling CD, ABC, ABD, ACD, BCD, ABCD
[Boley et al., 2011]

*Consider all itemsets contain in each transaction



Direct pattern
sampling

[Boley et al., 2011]

£ 1 5,A C AC

134 A Pattern A (freq = 4)
%4 g Apcapacsc s . has twice more
ﬁ i BBCBL chance to he drawn
59 5 0. AB.C, U, AB,AC, AD, BC,BD, than pattern

CD, ABC, ABD, ACD, BCD, ABCD

*Count the number of itemsets



nnm:t.c Rich ll:s Secret " ] /9 ﬂ’ A c’ AC
b L3 v A DA Pattern A (freq = 4)
L A B C E
3 P s g A apacesipe 1A twice more
f £ 5 ¢ 0 U0 BB.LB chance to be drawn
Direct pattern g, 8 A.8,C, 0, AB,AC, A0, Be, B0, than pattern
sampling == CD, ABC, ABD, ACD, BCD, ABCD
[Boley et al., 2011]

“Normalize



Pattern A (freq = 4)

= has twice more
et ﬁ s ””c chance to he drawn
Direct pattern g s 0 AB.C, 0, AB.AC, AD,BC, 8D, than pattern
sampling cn ABC, ABD, ACD, BCD, ABCD

[Boley et al., 2011] |
“Pick a transaction proportionally to the distribution
““Pick uniformly an itemset within this transaction



3 -
Compact Patterns far from
Threshold free optimality

 Diversity
- Very fast

Pattern sampling |



Constraint based
Ease of use pattern mining

“No algorithm specification



Optimal pattern mining”™

4 Pattern sampling”
Constraint based
Ease of use pattern mining

“No user-specified threshold



Interactive
® pattern mining”

Optimal pattern mining

4 Pattern sampling
Constraint based
Ease of use pattern mining

“No user-specified measure



Interactive data
exploration using
pattern mining

[van Leeuwen 2014]




N

_ Feedback integration ; Candidate patterns
Interactive data

exploration using
pattern mining

[van Leeuwen 2014]

User’s feedhack



N

_ Feedback integration ; Candidate patterns™
Interactive data

exploration using
pattern mining

[van Leeuwen 2014]

User’s feedhack

“Active learning vs useful pattern mining



N

_ Feedback integration ; Candidate patterns
Interactive data

exploration using
pattern mining

[van Leeuwen 2014]

User’s feedhack”

“Explicit feedback vs implicit feedback



Feedback integration™ ; Candidate patterns
Interactive data
exploration using
pattern mining

[van Leeuwen 2014]

User’s feedhack

“How to upate the target of the mining method?



Discovering Interesting Patterns Through User’s
Interactive Feedhack [Xin et al., 2006]"

Interactive Pattern Mrnrng on Hidden Data ASampIrng
hased Selutren [Bhiyan et al,, 2012] **

Aetrve Preference Learnrng fer Rankrng Patterns [Dzyuba
Mining step? etal, 2018] **

“0ffline mining of aII frequent patterns
““Online mining by integrating preferences



Discovering Interesting Patterns Through User’s
Interactive Feedback [Xin et al., 20061

Interactive Pattern Mining on Hidden Data: ASampIrng
hased Selutren [Bhuiyan et al,, 2012] *

Aetrve Preference Learnrng fer Rankmg Patterns [Dzyuba
Mining step? etal, 2013]

“Pattern samplmg
“*Optimal pattern mining via beam search



Optimal pattern Pattern
mining sampling

Very fast




Discovering Interesting Patterns Through User’s
Interactive Feedhack [Xin et al., 2006]"

Interactive Pattern Mining on Hrdden Data: ASampIrng
hased Selutren [Bhuiyan et al., 20121

Aetrve Preference Learnrng fer Rankmg Patterns [Dzyuba
Learning step? etal, 2013]°

“Ranking over all patterns = Iearnrng to rank prehlem _
““Weight on items



Conclusion

Constraint-based  Optimal pattern Declarative pattern  Interactive pattern
Frequent pattern mining  pattern mining mining mining mining
1990s 2000s Early 2010s Early 2010s Now

Retrieval era Exploratory analysis era

Performance issue” Quality issue
The more, the bhetter The less, the hetter
Data-driven User-driven

“Faster



Conclusion

Constraint-based  Optimal pattern Declarative pattern  Interactive pattern
Frequent pattern mining  pattern mining mining mining mining
1990s 2000s Early 2010s Early 2010s Now

Retrieval era Exploratory analysis era

Performance issue Quality issue”
The more, the hetter The less, the better”
Data-driven User-driven

“Faster, hetter



Conclusion

Constraint-based  Optimal pattern Declarative pattern  Interactive pattern
Frequent pattern mining  pattern mining mining mining mining
1990s 2000s Early 2010s Early 2010s Now

Retrieval era Exploratory analysis era

Performance issue Quality issue
The more, the hetter The less, the better”
Data-driven User-driven®

“Faster, better, easier
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