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Overview

Differences/Similarities to Unsupervised PSM
® SuUpervised measures

Partitioning the data

Four ways of going about it
= CBA

x DTM

= fCork

= ReMine

Related i1Issues



What’s different?
Different data sets 0000 O

= |.e. different points in time,
locations We discuss only the

binary case
3 ry

Data split iInto subsets
= different classes

® subgroups w.r.t. target
attribute

Unsupervised methods

lasks related 1o target may be able to help as well

= find contrasting patterns
= class prediction
® describe subgroups for further offline analysis



(Pseudo-)Notation

We don’t care about

Not only itemsets
XCt—=sP=Xt pattern language

®x change matching-relation

cou(P) =4t | P X1}

“Naming” the subsets — class; = db N {H}
classs =dbN{ }



Supervised Measures

Accuracy, Confidence  0.75
= Conditional probability 0.5
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maX{Supclassl (P)a SUPclasso (P)}

Lo supap(P)

NO consideration of coverage
x Augmentation needed
= Upper bound 1



Supervised Measures

Correlation 3/4 vs 4/9

» compare conditional o/4 vs 4/9

probability to overall
orobability 1/2 vs 4/9

iclass;]|

. . lass;
Information Gain (et (b))~ Z\c a5ty

= related to entropy db |db]

lcou(P)) ldb \ cov(P)]

IG(P) = ent.(db) b ent.(cov(P)) ¥ ent.(db \ cov(P))




Supervised Measures

Correlation 3/4 vs 4/9

» compare conditional o/4 vs 4/9

probability to overall
orobability 1/2 vs 4/9

2
Information Gain class;|  |class;)
ent jqes(db) = — log
= related to entropy (0) ; db |db]
( P ) fdb P )
IG(P) = ent.(db) ‘CO|Z§)| )’-entc(cov(P)) ‘ \'Z(;T( | ent.(db \ cov(P))
\ y \ >




Supervised Measures

Correlation 0.229

= compare conditional 0.007
probability to overall
orobability 0.002

2
Information Gain class;|  |class;)
ent jqes(db) = — log
= related to entropy (0) ; db |db]
( P ) fdb P )
IG(P) = ent.(db) ‘CO|Z§)| )’-entc(cov(P)) ‘ \'Z(;T( | ent.(db \ cov(P))
\ y \ >

Upper-boundable



Supervised Measures
Correspondence 4

x Count number pairs 4+ 6
from different sets
14+ 12




Supervised Measures
Correspondence 3

x Count number pairs 4+ 6
from different sets
14+ 12
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Supervised Measures

20
Correspondence 3+ 4
= Count number pairs 4+ B
from different sets
1+ 12
90000

corr(P) = supe; (P) - supe, (P) + ({ci| = supe, (P)) - ([ca| — supe, (P))



Supervised Measures

Correspondence 3+4 0229
x Count numiber pairs 416 0007

from different sets
1+ 12 0.002

B a6 6 & A
POOO®

corr(P) = supe, (P) - supe,(P) +=(|e1] = supe, (P)) - ([ca| — supe,(P))

Upper-boundable
Sub-modular



VWhat’s the same?

We want few patterns:

x Alleviating the effect of the curse of dimensionality

x Enhancing generalization capabllity

x Speeding up learning process

x |mproving model interpretabllity (or description analysis)

We want high-quality: patterns
= Predictive or typical

We want little redundancy
x iscovering same subgroup over and over helps no one

Combination with unsupervised
measures possible



Patterns as splits

Imposes new
subsets

= Pattern absence/
Dresence Pecomes new.
oroperty of data point




Patterns as splits

Imposes new
subsets

x Pattern absence/
Oresence Pecomes New
oroperty of data point




Patterns as Sp‘ ts Relate pattern split

to original split

Imposes new Uncovered Covered

subsets

x Pattern absence/
Oresence Pecomes New
oroperty of data point




Patterns as Sp‘ ts Relate pattern split

to original split

Imposes new Uncovered Covered

subsets

x Pattern absence/
Oresence Pecomes New
oroperty of data point
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Patterns as Sp‘ ts Relate pattern split

to original split

Imposes new Uncovered Covered

subsets

x Pattern absence/
Oresence Pecomes New
oroperty of data point

RarsaaQEalg s oo e = 20~ 20



Patterns as Sp‘ ts Relate pattern split

to original split

Imposes new Uncovered Covered

subsets

x Pattern absence/
Oresence Pecomes New
oroperty of data point

PatsaQEatssa a2 - 20~ -0~ -0



Pattern sets as partitions

More than one pattern D RO R DR
= additional presence D, 0 0 0O 1
indicators P35 0 0 0 O

= |dentification of data

points with binary vectors
= MOore numerous splits

CAIN R A AL
o o O



Pattern sets as partitions

More than one pattern
= additional presence

iIndicators
= |dentification of data

points with binary vectors
= MOore numerous splits
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Pattern sets as partitions

More than one pattern
= additional presence

indicators
= |dentification of data

points with binary vectors
= MOore numerous splits
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Partitions as Redundancy-
\Vieasure

Are new splits created?

= |[f not, pattern redundant _
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Partitions as Redundancy-
\Vieasure

Are new splits created?
= |[f not, pattern redundant
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Putting It together

Goal: “optimal” pattern set for given task
x Globally optimal mostly impossible

x Also, there's over-fitting Accuracy
Locally optimize supervised measure Correlation
Correspondences

= ~or individual pattern

Refine partition
= [0 avoid redundancy, encourage diversity

Choose next pattern



Post-Processing (CBA)

Measure: Confidence
Optimization: Locally
Partition refinement: Globally, implicit

Fixed order on patterns

Sequentially processed

Only consider uncovered data points
Patterns have to classity correctly



How does it look?

Ordered by descending confidence
x Same confidence — by descending support
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How does it look?

Ordered by descending confidence
x Same confidence — by descending support
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How does it look?

Ordered by descending confidence
x Same confidence — by descending support




How does it look?

Ordered by descending confidence
x Same confidence — by descending support




(Potential) Problems

Post-processing can miss out on interesting patterns




Remind you of something’?

Well-known Machine Learning technique: Sequential
covering

= Used to learn classification rules

= ind very accurate rule

= Bemove covered examples

= | earn on the remains

Ilterative Mining!
1.Mine “optimal” pattern
2.Refine partition
3.Re-Iiterate



DM - Decision Iree Mining

Measure: Information Gain (as in decision trees)
Optimization: Locally

Split: Locally (as in decision trees), explicit

Mine pattern maximizing InfoGain

Jse pattern to split data on which it was mined in 2 subsets
Relterate on subsets
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How does it look?

1G = 0.2781




\

YN Y Y Y Y Y NY Y YYNYN

.

.

.

TTYTYYY

" YY Y™
v Y9N N NN NS

T TTTTYTYYY ™™™
\ L b ] b ] ‘ .

. . B
2
YT 4

, YY)
YT YT TTYTYYYYY Y Y
BB RIRNS
,‘anaJJJJ.JJJJr.J,
YT

X

Y YYYYYYYYYS

N\ 4%
pesepoewm® e

| A A e A
(e eniey

v R
al

EE E L 2N Y YYYYYY
‘.441441,
somBaan
\ _ YN N NN TS
J ."..44444
RN v vy
YYYYYYYYS
EEYY YT Y
R e heeeseseeRes )
R R R Y X Y S
bbbbbJJ%ﬁﬁQQdid »
PSS
I I NY
.J.J/,l.l./a.‘,..
T TOO
JijJJJ,,,
1 9999000000
J.,wMJJJJl“./,
JJHNJ VD000
*7y¥YrI
JwiJ,,,,,
WSS .y
I IO

Yoo
ﬂﬂ

. 00 .
SRR RRRRRRRRN
PSRN RRRRRRRR RS
L 2PN RRRR AR
MﬁJ/xxz.‘.‘. )
‘ TI I I
.44 PYNNYYSN
: JMJ//z/ Y'Y
*3rr1r1)

TYIYTIYYYYS
-
.9
JJJ;JJ;;,,A
TIITT
YTy

BESRANRIRIININS
Y9N YN
e :
N.JJJJJJJJJJJJ 'y 2 )

,/,4/JJJJJ

‘_“le‘¢o T y
0!.. BRs s esssronet e
e .......##dbb##bd&#b...d

LA R
-

Y9N

.«s

|
\o....iooOOOOOQGQOQWW

s heeen

YN

A 2 2 2 RN
(EE 2 T L R Y
2 P T AR EE R R R R -

» 3
Y Y NYYYYYY S
Y YYYYYYYYS
» Iy
y Yy
.‘_‘, ~

~ R0

,.,C..‘D. JJ

Rl 2 22 R R R R

YYITYYYYY
P08 sseseen \ :

Jqﬂmﬂ_.u,‘_,., UL
MJNJJJJ4‘¢4....

TEEEE R REE R E R RN
| & 22222 020000200002022222022222000000000009"
TR R R R R R R R R R R R R R R R

Iy TR

S A

SRR RRARRNRS
AN \ Yy
.

T
FYYYYYYN
FYTYYY Y'Y JqJJJJv..
oot
YFYYYYY
.444.4‘
- |

OO0

Afﬁf,i:
3 T2 7
) T YTYTYN
WYY

YN

r iy

v
o’
4
—a

4

S o B B S i B

' 99

)

JJ JJJJJJJQ Y1)
NN S
e e et
J.JJ////I.IJ
NYYYYYYYNYNYN
JJJ.vJJ.,/.,,,..
TR Y S
JLJLJJ JJ4JWI NN

000000000

w Jv J,JJ.J.j.a.J 4,.;,.
Yy ﬂ Y YYY Y Y Y Y Y Y Y Y Y Y YN
Y Y Y SYSY S YT VY Y Y Y Y Y Y Y YN NN
..;.4u,v,.MJ,JJJJJJJJ.NJNMJNJJAJJJJJJJﬂyq4...,..,,,, ™

' YYYYYYYYS

) 4444zq44J~L~LJLﬂL~LJLJJ JJ JJ J44444 Y YYYNYYYSYS
1 BB RN PR RRRRARARS \
N N NN SN AN A AN AN N N SN N Y S SN S NSNS SN Y Y YN SN YNNI
Y Y Y Y Y Y Y Y Y NY MY MY MY MY MY MY MY MY MY MY MY MY MY NMYMNMYNMYNYNYNYNYNY YN
bbb bbb RRERERRD

T T T T T T YT T T YT YT YT YT Y YT Y " Y Y Yy

N

How does

YN NN TNYT YT YT Y YY Y YYYYY Y

NN Y YT Y Y Y Y Y Y Y Y Y Y Y Y YY Y Y Y YN

YT YT YT YT YT YT YT YT YT YT Y Y Y Y Y Y Y Y Y Y YY Y Y Y

1999%%Y




How does it look?

e

= % B e
0000000000
1G=0.2364 1G=0.1678

p e




How does it look?

e

1G = 0.2364 IG=0.1678
p e
0000060006006 & &
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How does it look?

G =02781
00000 OO OGO
1G=0.2364 1G=0.1678
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0000 ©0 ¢ & &
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Pros and Cons

Single patterns do
not have to be
overly accurate

Reuses data unless purified
x Gradual refinement of description possible
x Over-fitting possible

Gradually smaller subsets
= Allows parallelization
» Harder cases, fewer candidates

Local measure optimization
= | ess reliable evaluation individual patterns
x Many patterns, can be (partially) redundant

Partition refinement only locally
® Discards information about pattern effects
® [ncreases uncertainty about contribution single pattern



fCork

Measure: Correspondences
Optimization: Globally
Partition refinement: Globally, implicit

Mine pattern reducing correspondences lbest
Remove “pure” data points
Re-iterate
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How does it look?

100 correspondences
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How does it look?
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How does it look?
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How does it look?
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How does it look?
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How does it look?
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How does it look?

100 correspondences:
000000066
7 7 32 correspondences T
0000600666
12Lorrespondences
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How does it look?
T B

100 correspondences
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Pros and Cons

WYSIWYG

x Global optimization allows concrete evaluation of pattern contribution
= Due to submodularity

Fewer data in later runs
» Harder cases, less candidates 6 correspondences

Global partition refinement

= Fewer patterns

Slower for individual patterns
= Due to global evaluation

Correspondences = correspondences 0 COIMesSpONAences




ReMine Let’s build a hybrid!

(recent work)

Measure: Information Gain
Optimization: Locally (from D TM)
Partition refinement: Globally (from fCork), explicit (from D TM)

Mine pattern maximizing InfoGain
Partition all data using all patterns so far
Relterate on subsets
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How does it look?
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Pros and Cons

Global partition refinement
= More reliable pattern evaluation
x Fewer patterns than DTM, less redundancy

Quickly small subsets
= Faster than either DTM or fCork

Reuses data unless purified
Local measure optimization
Over-fitting seems to occur

Loses some parallelization capability
= Due to waiting period for all patterns per level




One slide w.r.t over-fitting

1y
@3
S5 07
Q
<

On training data ——
On test data

0 10 20 30 40 50 60 70 80

Size of tree (number of nodes)

Goal Is effective set w.r.t. target
x |.e. good classification behavior

Fine-tuning patterns to split small sulbsets can capture noise
= DTM more redundancy, more features, slightly better AUC



Another slide about feature selection

Remember:
x Alleviating the effect of the curse of dimensionality
x Enhancing generalization capabllity

x Speeding up learning process Between “wrapper’
x |mproving model interpretability and “filter”

From Wikipedia's entry on “feature selection”  Forward selection
Discussed techniques analogous to subset selection

= Known problem of over-fitting, sophisticated alternatives
x (Cross-)validation possible solution

Others exist
® Feature ranking (top-k mining - earlier work)



Thank you for your attention

Questions?



