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The talk aims to ...

2 Introduce to basic concepts and
techniques of data mining (DM).
F—RIAZT (DM ) OEABSEHE:E
BN9%.

> Present some challenging data mining
problems, and kernel methods as an
emerging trend in this field.
TF—=RBIAZVTDOF YL ODREBLVO D
PHTHEHELDOHDH—IILFEICOVTEH
9.
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What motivated data mining?

F—RANA T DREM ?

We are living in the most exciting of times: Computer and computer
networks Ho&3TX Y AT UV LERR OV EA—42LaVEa—R-RYrT—

m Much more data around us then before. They are collected and
stored in huge databases (millions of records, thousands of fields).
BRRBEICEALT—RICEENDETE  AEAHEOZHICEST—2F
—BRFERTF—ER—AILEMENTVS.

m Many kinds of complexly structured data (non-vectorial).
ZRIBRBEMIBENLENLET—2 (EXRTRNILE).

Astronomical data XX EMWT—AX

Astronomy is facing a major data avalanche:
RXETET—2ERROBEICELTLS
Multi-terabyte sky surveys and archives (soon: multi-petabyte), billions

of detected sources, hundreds of measured attributes per source ...
ATINABDREEBT—42, AHELOSRAR, SARILICMELHIENE
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Earthquake data MET—
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From Genes to Proteins
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A portion of the DNA sequence, consisting of 1.6 million
characters, is given as follows (about 350 characters,
4570 times smaller):

16008 XF M /i HDNAEEH| D —EB (4570570 D —)

..TACATTAGTTATTACATTGAGAAACTTTATAATTAAAAAAGATTCATGTAAATT
TCTTATTTGTTTATTTAGAGGTTTTAAATTTAATTTCTAAGGGTTTGCTGGTTTC
ATTGTTAGAATATTTAACTTAATCALA

/\ /\
£ View - ecoli_functions.pl[1] [|=E]

ATTAGGTAAGTAAATAAAATTTCT G s s 3

funclion{ecolif? 5, 1,4, nsB_& 131 profein [nsE).

GAGATAAAAATACTACTCTGTTTTA ::::::: =olif43,7,0,0, 6098 " cold shock-like profean’).

964,7.0,0, cap low=temper ature -responsive gane analog of CspA and Cep® homaolog of Salmonslla

L RIS NN, oo o o5 “tpprcocs b and s growh smkaion,

functionlecolif46.0,0.0. b0S92" "orf').
ATTAAGAGTGATGAAGTATATTAT( functionlecolifs?.3.5.2. tor¥ "sensor protein fors  (3rd module fransmitter domain (Tkinase) interacts with torr)’).
function{ecoli?6.3.5.2. torT " part of regulation of tor operon periplasmic(lst modula)’),
function{ecoli?a?.3.5.2. tork’ "response franscripfional regulator for tord  (sensor TorS){1st module)’),
function{ecoli??0.3.5.2. torC" " trimethylaming N-oade reductase cochrome c—type subunit also has activity as
negativer regulator of tor operon(ist module)’),

funclionlecoli??71.3.5.2. tor&" frimeftylamine N-aade reductass subunit’).

functionlecoli??2.3.5.2. tor’ "part of frimethylamine - N-oxde adadoreductase’).
funclionlecoi??3,0.0.0. yeel’ orf).

324,027 byhes

Many other kinds of biological data
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m Approximately 80% of the world’s data is held in unstructured formats
(source: Oracle Corporation)
HAPDOT—E2DH80NMNEEBEILT —2(FSVILIZLD)

m Example: MEDLINE is a source of life sciences and biomedical

information, with nearly eleven million records
Bl . £@mRlE EYEFOEIREFTHSMEDLINEIS (F4I110077 4 O #hTIERA
»H3

> About 60,000 abstracts on hepatitis (Z ® > 56 74 T %)

36003: Biomed Pharmacother. 1999 Jun;53(5-6):255-63.
Pathogenesis of autoimmune hepatitis.
Institute of Liver Studies, King's College Hospital, London, United Kingdom.

Autoimmune hepatitis (AIH) is an idiopathic disorder affecting the hepatic parenchyma. There are no morphological features that are
pathognomonic of the condition but the characteristic histological picture is that of an interface hepatitis without other changes that
are more typical of other liver diseases. It is associated with hypergammaglobulinaemia, high titres of a wide range of circulating
auto-antibodies, often a family history of other disorders that are thought to have an autoimmune basis, and a striking response to
immunosuppressive therapy. The pathogenetic mechanisms are not yet fully understood but there is now considerable circumstantial
evidence suggesting that: (a) there is an underlying genetic predisposition to the disease; (b) this may relate to several defects in
immunological control of autoreactivity, with consequent loss of self-tolerance to liver auto-antigens; (c) it is likely that an initiating
factor, such as a hepatotropic viral infection or an idiosyncratic reaction to a drug or other hepatotoxin, is required to induce the
disease in susceptible individuals, ...
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Web linkdata =~ DI70U>oF—A

Predecessors Food Web of Smallmouth Bass Food Web

Leech Little Rock Lake (Cannibal)

1st Tropic Level =¥ .
Mostly Phytoplankton 2nd Trophic Level

Many Zoepi ko Over 3 billion
documents

[Moody '01]

1S data mining
F—BIA =T ERfAN ?

Statistics, Languages, Engineering,
Inference Representations Data Management
METE, HESR B I% 7T—4%HE

o

Applications &H
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Example: mining associations in market data

I— Yk I\ Ry a3 (IBM)

Super market data N

“Young men buy diaper and beer together”
MERTUDOEESEMIXEE —LE—RICESIENZLY

p 2]
0%

F—RATAZ=2Y 20-30 B D B i oY i)

(R BAER) METOERSIIIICHEFENI-BHENDLTICH
STRADEE—ILZEBALTV: > SEROBIITSENTZED

TSSO

Convergence of thee technologies

3IDOTY/O0>°—DESE

Increasing

computing power
AEADEXR

Statistical and
learning algorithms
Mt T ILTY X L/2E

FILTY R L
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lection and management fmﬁ

> — 2R S & OV EBO R E 11

Everythin
Recorde

m Soon everything can be
recorded and indexed

Zetta
FTRTHARESNRSIF TS P=_
m Most bytes will never be seen All Books Exa
O o

by humans MultiMedia
[FEAEIFIARBDERT L LT

ZLN Peta
_ All books
= What will be key (words) —=
technologies to deal with 2016 comars — Tera
huge volumes of information 20 MbooksinLC @)Vle
sources?

RERGIERERYRS-ODEE
59 NEX ChNee

[“How much information is there?”
Adapted from the invited talk of Jim Gray
(Microsoft) at KDD’2003]

Kilo

Increasing computing power
SHEH DA

JAIST’s CRAY XT3

HE/—F:

CPU: AMD Opteron150 ' . Our lab PC cluster:
2.4GHz x4 %90 ) ; 16 nodes dual Intel
AE'):32GB x90 = I , Xeon 2.4 GHz
2.88TB CPURS##%: 3Dk ' . CPU/512 KB cache
—SR{EEHENE: CPU- ' =W

CPUFRSl 7.68GB/s(M A M)

S KCGI, 13 July 2006




Statistical and learning algorithms

IR P AT (ICA) vs. E s 7247 (PCA)

m Principal Component
Analysis (PCA)
finds directions of maximal
variance in Gaussian data
(second-order statistics). #%og 00
ERA7H(PCA): HORR Gaussian '-
FATBNTH MO BALS PeA
SHMDFE R (—RH#fET). ae -

m Independent Component
Analysis (ICA)
finds directions of maximal
independence in non-Gaussian
data (higher-order statistics).
WITRAMT (ICA): EHH RS 5,
BTF—RIsBNTHIERER TS
ERDAMDER (BRHET).

ICA
PCA

Statistical and learning algorithms
ICA: Bt TRIGLEES T 2D 5 Bt

Perform ICA

Terry | ¢ ¢ Scott
TeWon| ¢ ¢ | Tzyy-Ping

Play Components

€ €
€ €

Play Mixtures
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Machine learning and data mining
HRMEE LT — (=Y

To build computer systems F_ B2 l=— gﬁ
that I:Garn”as We" aS”hum:an i To find new and useful
does (smence of Ieamlng knowledge from large
 from data) - . datasets (dat ' ing).
AF‘EEIODJ:’)L-?-%'?'ZD atasets (data engineering)

- RELGTER—ZAMHLLA
 HEBHEER DTS (TF—42I%)

" ACM SIGKDD si 1
® [CML since 1982 (23th ICIVIL PKDDCano? SAKDDS;?:c?e 3357

_ in2006), ECMLsince 1989. " ""\cee | cpy and SIAM DM
'FCMVPKQPS“??G 2001. since 2000, etc.

= :L—@*/ZTA’H%ﬁ?'%’)
('r—’;'f?b\ba)%ﬁ'd)ﬂ—?)
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Knowledge discovery In databases (KDD) process

MBREBET A= DTOER

a step in the KDD process

consisting of methods that Putting the results
produce useful patterns or models in practical use

from the data . Lo
el > \ = i IZALY
F—AMNSHRALE/INI—PETIL BREEKICAWLS

EERTOFENLBDRTYT Interpret and evaluate
discovered knowledge

Maybe 70-90% of FEL-H#EERLTMI S
effort and cost in

KDD £4£0>70-90%0D e Data mining

BHEETBRTYTS Extract Patterns/Models
NE—2 T ILEHHET S

e Collect and preprocess data
T—RERELATNES S

Understand the domain KDD is inherently

and define problems Interactive and iterative
EEEERLMEEEETS MBRROKRE(FRYELEAL 5923

(In many cases, viewed KDD as data mining) KCGI, 13 July 2006




Data schemas vs. mining met

T—%-A¥X—7 vs. FEFIEK

Types of data Mining tasks and methods
RAZT DREEFE
m Classification/Prediction %338/F I

> Decision trees REXK
Neural networks %@ R48

Flat data tables ®HEXT—4%
Relational databases PRS{%&DB
Temporal & spatial data FZefE7—4 5
Transactional databases B5|7—% : .
Multimedia data Y ILFAT47T—4 > Rule induction )b—)l./d%fﬁﬁ;’f

- Support vector machines SvM
Genome databases 7'/ L7 —% > Hidden Markov Model [E2h<)La7
Materials science data #$l57—4% > etc.
Textual data 7FX+7—%
Web data Hxz757—%
etc.

m Description #gik
> Association analysis #E2#7
> Clustering 95X%21J>%9
2 Summarization ZE#y
> etc.

Different data schemas

Dataset: cancerous and
F—26l KA E @EE 4R

, Unsupervised data Supervised data
H2
.
H1

H1

H4

N PR R
P N PP

C2

C4

1 2
2 1
2 2
2 2
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Primary tasks of data mining

7%= ) DE— DR

m Predictive mining tasks perform inference
on the current data in order to make
prediction or classification.

(FRIHTA=2T DRI, REDOT—2DFR%EHE
HELT, BMEDT—ZICETHHREITIETHD)

Ex. IF “color = dark” and “#nuclei =2”
THEN cancerous

m Descriptive mining tasks characterize the
properties of the data in the database.
(BRHITAI= T DREIL, T—EIR—XFPDT—4
DEMRIFEEHFEA T ERDBESZELTHD)

Ex. “Healthy cells usually have one nuclei while
cancerous ones have two”

Mining with decision trees
RERICKRDNAZ2T
models in form of trees.

g il ! H2 KEED—BUEDEETI
color? m Well known methods and
H3 H4 [:> systems:
light dark
H

BEBFREDAT A
901 ,cz

C CART (Breiman et al.),
c3

- m Generalize classification

C4.5, See5 (Quinlan)

Some problems: RBER

m Learning decision trees from huge datasets (data access)
ABRETF—ZHASOFEE

m Learning decision trees from complexly structured data
BMIBELENET—2DSOFEROSEERF?

m Decision tree ensembles: random forests (Breiman, 2001)
HEDEBICKDREKR: ZUH L TALARBE
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Decision trees with complex split tests

EEDEIT AN LBDRENR

Study of liver cirrhosis (LC) in active data mining
TIOTATRAZVI TORBEEDHE

gap: difference of dissimilarities . 1.
to the standard example between sw|
iF‘va?i#;‘T‘eiE%&lJ&@%El:&ﬂd’éﬁlﬁ =

the most dissimilar red curve the most similar red curve
to the blue curve to the blue curve
BLMEELSELESTRULME BULMRICREIELIRUVER

(Suzuki group, Yokohama Nat. Univ. Accuracy 88.2%)

3 KCGI, 13 July 2006

Decision trees with complex split tests

BEPEITANCLRBRENR

Pattern 111

TTT_SD /QmonthsTTT sD
LC=39, n-LC=59

> GPT | pBillatere.
®)HCT -BIED)

MCHC | ALB
T-CHO 1D T-CHO

@ . ) @
D-BIL,* 2months D-
Pattern 112 > é later
LC=22, n-LC=59
Y (3, 6) N ALB I-BIL
Pattern 113 Inf. Gain Pattern 114
LC=11, n-LC=50 =0.0004 LC=11, n-LC=9
(2, 4) 1,2
M
Pattern 115 Pattern 116
LC=4, n-LC=2 LC=7, n-LC=48 .
(1,0 (1,4 (

N

LC
LC=4,n-LC=0
1,0

Motoda’s group, Osaka Univ., Prediction accuracy: 87.5% by 10-CV




Mining with neural networks

HEERBICLDNA(Z=T

m Multi layer

é H1 ! H2 color = dark / Healﬂw neural networks
" Z B E B
W # nuclel =1 = Well known

A methods: & & F 3%
C1 co # tails = 2 .‘v _ancerous backpropagation,

SOM, etc.
. @.

Some problems: FRE&

m Difficult to understand the learned function (weights)

FEGROBR(EH) CEBEIT I EAREH

m Not easy to incorporate domain knowledge
BERMBEEOBEEHLEFEZTIEEL

3 KCGI, 13 July 2006

Mining associations

HEEIL—ILIZ&BRA=2Y

m Associations among
@m ,HZ Number of itemsets
nuclei = 1 T AT LEEBOIEES
@HS @Hd > m Apriori algorithm
Healthy cells (Agrawal, 1983). Variants:
PF-growth, closed-
?‘” ,Cz (support = 37.5%, frequent itemsets, multi

@ ? confidence = 75%) level association rules,
c3 c4 etc.

Neinuan'

Some problems: FR#&

m Database scan reduction: partitioning,
hashing, sampling, find non-redundant
rules
T—AR—REBDERFE. Ny BT
V2T ERRIL—I

m  New measures of association

(Interestingness and exceptional rules)
HREICE Y SRR
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Mining clusters

DAR) TIZRBIAZ2 T

Partitioning clustering JEREE R
Hierarchical clustering R
Model-based clustering ~ EFIAXR—RA
Density-based clustering ZEX—XA
Grid-based clustering gy RR—2ZA

Some problems: &

m Find clusters with arbitrary shapes
EEORDIZAREZRDIS

m Finding clusters from complex and
huge datasets (e.g., Web communities)
BMTERBT—ENSIVZARZERDTS

enges In data mining
XA IEBHFRTFr LD

Large data sets (108-10%? bytes) and high dimensionality
(102-103 attributes) #RIELRITE
[Problems: efficiency, scalability?] &, R4 —JE T«

Different types of data in different forms
(mixed numeric, symbolic, text, image, voice,...)

T—RADRHKOEA4T N
[Problems: quality, effectiveness?] &. $hE

A Data and knowledge are changing
) ZAELiGR T 5T — 2O

® & Human-computer interaction and visualization
AE—aYEa—3DA1253502 3V AR

: KCGI, 13 July 2006




Numerical vs. symbolic data

HET—2ERET—4

Combinatorial search in hypothesis spaces (machine learning)

RERZEMICHETHBEDLEERR

No structure ' Places Nominal
A Color (categorical)

Ordinal Age R
: ank,
structure Temperature, Seseriliese | Ol

— Taste,

structure Measurable
=#2>4+X

Often matrix-based computation (multivariate data analysis)

BE(LITHIRN—ADFHE(ZEET 3T
B KCG1, 13 July 2006

Text mining FTFAIA=2Y

Text Mining = Data Mining (applied to textual data)
+ Language Engineering

TXANRAZVY = T—E3RA=2T (THFRMDIGH) + 1%

Areas related to text mining: BSiE 7

m Computational linguistics (NLP) 5t E S &¥

m Information extraction 15 3 1

m Information retrieval BHmE

= Web mining DITJIRAZY

m Regular data mining BEOT—RIAZ2YT

B KcGl, 13 July 2006




A typica P text mining

TEXARANRAZ=2 5 ) EE |

EYEZXXEIASILH L DEIFERIFERLD
(Swanson & Smalheiser, 1997)
v “stress is associated with migraines” “RrLRIEFEEFEZES”

v *stress can lead to loss of magnesium”
“ARLRIERT R LBRDIRA LGS

v *“calcium channel blockers prevent some migraines”
“HILo ) LEREIIFEREFHT LA H D

v “magnesium is a natural calcium channel blocker” . /\
“IT R LERRDAIL LY LERETHSD” )\
-

HRLI-XOW A E NROESSMM#EE-TH
&, XEIBEVHLMRSZESHT

—
v Magnesium deficiency may play a role in some kinds of Gi)%
g

migraine headache \/

R RV LITHEHED FERICES T H5LL0

3 KCGI, 13 July 2006

Web mining D<A

Web Mining = Data Mining (applied to Web documents
and services) + Web technology
VITRAZVY = T—ERA=ZVG (VITXEPY—EXADER) + vz I I%

Areas related to Web mining:
m Information extraction
- |nf0rmati0n retrieval
m Text mining
m Regular data mining Web Content |
Mining

Web mining

i

% / The contemporary robots travel on the Web
and create maps like this.

(from
http://iwww.caida.org/projects/internetatlas/galle
ry/index.xml)

3 KCGI, 13 July 2006




Bioinformatics ~ INAA AL TARTAH R

Bioinformatics = Data Mining + Machine Learning

+ Biological Databases
RAAAVTARTAIR = T—HA=2T + WHEE + £NFT—5

: DNA — RNA — protein
§eseqql££lg2|gp&|%/t8|s Sequence — Structure — Function

m DNA sequence ana|ysis |ntel’aCtI0n —> Network - FUI"ICtIOI’]
m Statistical sequence matching

Genomics

m Gene finding & prediction
m Functional genomics

m Structural genomics

Genes contain
instructions

Proteomics T ALY A A o jonadey
m Functional proteomics SRy L AR 1. $aas
m Structural proteomics

m Structure, function relationship

Other problems

m Gene expression analysis

m Pathway analysis

m Protein-protein interaction

The talk aims to ..

2 Introduce to basic concepts and
techniques of data mining (DM).
F—RIAZT (DM ) OEABSEHE:E
BN9%.

> Present some challenging data mining
problems, and kernel methods as an
emerging trend in this field.
TF—=RBIAZVTDOF YL ODREBLVO D
PHTHEELDODHDHN—FIFEICOVWTEH
9.
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A typical problem: Labeling sequence data

BHT—2 0 NI G

m X is a random variable over data sequences XiE7—2XRIDEREEH

m Y is a random variable over label sequences whose labels are assumed
to range over a finite label alphabet A
YESRILRIOBEZHRTHEROSRILTILTIZRY NEACH D ERE

m Problem: Learn how to give labels from a closed set Y to a data
sequence X RE : AEEBYN ST—RRIXANDSIRIFIHEE

X1 X, X3
X: |Thinking is being
Y: noun verb noun

Y1 Yo Y3

= POS tagging, phrase types, etc. (NLP),

- o = 1
= Named entity recognition (IE) X | KARIIRYFYNAKAGLC QTFCRAKRNNFKSAED
" Modeling pmtem_sequen_ces (CB) . Y nnnnnnnnnTTEEEnnnnnnnnTEC Etnnnnnn
= Image segmentation, object recognition (PR)

= etc.

8 KCGI, 13 July 2006

Archeology of natural Tanguage processing (NLP)!
B S EMIE ) E B

m 1990s-2000s: Statistical learning _
et E Trainable parsers

> algorithms, evaluation, corpora

m 19{303: Standard resources and tasks
BAEI)Y—REBRY _
> Penn Treebank, WordNet, MUC Trainable FSMs

m 1970s: Kernel (vector) spaces
A—HRIL(RTF)IL) ZEfH

> clustering, information retrieval (IR)

m 1960s: Representation transformation
KERXDEH

> Finite state machines (FSM)
and Augmented transition networks (ATNSs)

m 1960s: Representation—beyond the word level

—mEMNTBEASREAN

> lexical features, tree structures, networks

6
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Trainable finite state machines

1- +
' - .-
t+1

Conditional Random

Maximum Entropy Fields (CRFs)

O,, o, Oy Markov Models (MEMMS) | | [Lafferty et al., 2001]
Hidden Markov Models | | [McCallum et al., 2000] - Discriminative
(HMMs) _ Discriminative - No independence assumption
. . - Global optimum
[Baum et al., 1970] -No mdepe.ndence assumption - Global normalization
) - Global optimum
- Generative - Local normalization
- Need independence More accurate then MEMMs
assumption

More accurate then HMMs

- Local optimum
- Local normalization

3 KCGI, 13 July 2006

Machine learning and statistics in NLP

NLPIC & [ 5 B3 & Rt
1992 ACL 1994 ACL 1996 ACL

404" 501‘
(8/34 (14/40

1999 ACL 2001 NAACL 2005 ACL
60% T%

B some ML/Stat  [] no ML/Stat

gth’
(16/41)

96%
(T4/77)

(Marie Claire, ECML/PKDD 2005)




out not “pages™

& ¥z H (Information Extraction) vs. [E## % (Information Retrieval

7} OPUS Intematiczamime an dustry. - Microsoft Intemnet Ex I@
Fle  Edt

Information extraction:
the process of extracting
text segments of semi-
structured or free text to Employer: foodscience.com 3
fill data slots in a '
predefined template

B THFRADDE

foodscience.com-Job?2

B2 B JobTitle Ice Cream Guru

JobCategory: Travel/Hospitality

€engc

JobFunction: Food Services

] BIE&RLI-TVIL—HE = JobL ocation: [
- Upper Midwest
BHLER LT FANE /, \ P

HHET 2 o Contact Phone: 800-488-2611

L T B DateExtracted: January 8, 2004

BxXp
Cantact Motra: e fizil
1-A00-458-2511

Science Fair Help
cho

Job

Sour ce: www.foodscience.com/jobs_midwest.html

Other CompanyJobs: foodscience.com-Jobl

1omists will be hosted by AEAweb at the URL below: -
|

@ 1ok

|

{j INTERNATI(

il
S

1-800-455-2811

Abour | Staff | Jobs
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methods and support vector machines'
A—FNFHEGR=RRI ML

180
Kernel methods & SVM 166 160
140
Probabilistic, graphical 146 o —
models Bl =
g0
nsupervised learnin 128 40 N
U supe sed learning, i I" ——]
clustering ek i LT
- .- = Wy o B
Statistical models 121 32T E2Y¢ oo 5 T
Language, Text & web 68 R E R
59%3%3%8§E‘E
Learning in 45 LN
bioinformatics gL 22 g 3elos
2 g : B 5 &
ANN 29 s ° 2258
ILP 9 } °
CRF 131 ICML 2006 (720 abstracts)
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Observed from ICML 2004

Honorable Mention
* for Outstanding Paper Award

. Multiplearning, Conic Duality, and
the SMO Algorithm

» Francis Bach, Gert Lanckriet, Michael Jordan

s Efficient Hierarchical MCMC for Policy Search
« Malcolm Strens

= Authorship Verification as a One-Class
Classification Problem
» Moshe Koppel, Jonathan Schier

38

(Russ Greiner, ICML'04 PC co-chair)

Kernel methods: the basic idea

W—RILFE EXNEEZR S

Converting data into another high dimensional space
can make data become linear separable
T—AEBRTERMICERTHILT BELBEAREIZTS

5

4 " H_..'::.?.\’:":,.' .'.""é'(.:\:" =
wi o B s

Hy

B

il L L L L L g -
1 0 1 2 3 [ 5. Ry SERS R

(X, %) = ()(1’)(2’)(12 +X22)
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Kernel methods: a

N—RIVFE  BREEDL

m Linear learning machines (perceptrons, 1956) has one big problem
of insufficient capacity. Minsky and Pappert (1969) highlighted the

weakness of perceptrons.
BREMEEENN—tE 7 NO R IV AF—ZIERE DB B 1=

m Neural networks (since 1980s) overcame the problem by glueing
together many thresholded linear units (multi-layer neural
networds: solved problem of capacity but ran into training problems

of speed and multiple local minima).
MR E A (180ERUR) CREZIF OZ<OBREI_Y hOHEE
(ZEBHELBME THERERRL LN RITRE & BTN FE

m The kernel methods approach (since 2000s) is to stick with linear
functions but work in a high dimensional feature space.
N—FIILFERICLDTTO—F(2000F AR ) FEFEBZH#IFZL DD2ERX
TT D HFHZE B IS XS

3 KCGI, 13 July 2006

Kernel methods: the scheme
H—FIINFEE : AF—X

inverse map ¢!

(o) <
e (e #9 g ¢(x1)J .

Xn-1 Xn /T

K(x;,%;) = (%) d(X;)

Gram matrix Ki.= {k(x;,X;)}

m Map the data from % into a (high-dimensional) vector space, the feature
space &, by applying the feature map ¢ on the data points x.

el-based algorithm on K

kernel function k: %x

m Find a linear (or other easy) pattern in § using a well-known algorithm (that
works on the Gram matrix).

m By applying the inverse map, the linear pattern in § can be found to
correspond to a complex pattern in .

m This implicitly by only making use of inner products in & (kernel trick)

3 KCGI, 13 July 2006




inverse map ¢!

(o) <
e (e #9 g ¢(x1)J .

Xn-1 Xn /T

K(x;,%;) = (%) 0(X;)

Gram matrix K= {k(x;,x;)}

Linear algebra, probability/statistics, functional analysis, optimization

kernel function k: %x el-based algorithm on K

m Mercer theorem: Any positive definite function can be written as an inner
product in some feature space.

m Kernel trick: Using kernel matrix instead of inner product in the feature

space. Every minimizer of min{C(f {x, y})+Q(|f[,) admits

m Representer theorem: m
arepresentation of the form f(.) = ZaiK(., %)

i=1

3 KCGI, 13 July 2006

* denotes +1 w X + b>0

° denotes -1

How would you
classify this data?

o o WX+b<O

(Pages 46-52 from Andrew Moore’s SVM tutorial)
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Support vector machines: key ideas

f(x,w,b) = sign(w x + b)
* denotes +1

° denotes -1

How would you
classify this data?

: KCGI, 13 July 2006

Support vector machines: key ideas

f(x,w,b) =sign(w x + b)
* denotes +1

° denotes -1

How would you
classify this data?
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v, D) = sign(w X + b)
* denotes +1

° denotes -1

Any of these
would be fine..

° o ..but which is
° o best?

: KCGI, 13 July 2006

Support vector machines: key ideas

f(x,w,b) =sign(w x + b)
* denotes +1

° denotes -1

How would you
classify this data?

Misclassified
to +1 class

: KCGI, 13 July 2006




Classifier margin

(o, w,b) = sign(w x + b)
* denotes +1

° denotes -1 Define the

margin of a
° linear classifier
as the width
° o that the
° boundary could
be increased by
before hitting a
datapoint.

: KCGI, 13 July 2006

Maximum margin

O, w,b) = sign(w x + b)

* denotes +1 The maximum

margin linear
classifier is the

° > linear classifier
with the
maximum margin

° denotes -1

Support vectors~ .

are those ° o
datapoints that > (maximum
the margin ° margin is
pushes up - equivalent to
against q :
minimum
1/ wl)y

: KCGI, 13 July 2006




Support vector machines

Soft margin problem Equivalent to dual problem
S T S 1&< T i
min =W +C) & W(a)=-—= VY aa X X+ ) a
WDy ZHWH ;é 22; Y ;

Vi, {é >0 {Zinl)ﬁai =0

E-1+y(W'x +b) >0 0<q <C fori=1..,n

Input space

Feature space

m Improving prediction performance of CRFs (KDD’05, ACM Trans.
ALIP’06)

m High-performance training of CRFs for large-scale applications
(HPCS’06)

m Sentence reduction (in text summarization) by SVM (COLING’04)
m Model for emerging trend detection (PAKDD’06, KSSJ)

m Prediction and analysis of B-turns in protein structures (GIW’03,
JBCB’05) and histone modifications by SVM (GIW’05) and CRFs
(ICMLB’06)

m Simplifying support vector machines (ICML’05, IEEE Trans. Neural
Network)

m Manifolds in imbalanced data learning (IEEE ICDM’06)

m Kernel matrix evaluation measure (IJCAI’07, sumitted)
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Prediction of B-turns and y-turns by SVM

GIW’03, JBCB’05

Protein sequence

RPDFCLEPPYTGPCKARI | RYFYNAKAGL
CQI' FVYGGECRAKRNNFKSAEDCMRT CGGA

Predict by SVM

B-turns

RPDFCLEPPYTGPCKARI | RYFYNAKAGL
nnnnnnnnnnnnnnnnnnnnnnnTTtttn

KRNNFKSAEDCVRT CGGA

nnnnnnnnnnnTt t t nnnnnnnnnnnnnn

KCGI, 13 July 2006

Prediction of histone modifications in DNA

GIW’05, BioMed Central 2006

Histone modifications: Some amino acids of histone proteins (H3, H4,
H2A, H2B) in nucleosomes are modified by added methyl group

(methylation), acetyl group (acetylation), or other chemical groups.

cara histones
nnnnnnnnnnnnnnnnnnnn

“beads-on-a-string®  nuclecsome includes

m m ~200 mucleot I
P b
uc Asl @ Mwnﬂcld
;||'|
v

NNNNNNNN

-2 @2 ﬁ_'L il ? _YD'

JL RKK S
— y . 349 10 54 1H 23 2? 28
e i 146 pairs of e >®
SRR DNA in N——LLL"""S R KYD'
S nucleosomes VI R R R R
=7 S - r_y/
goamore e uclctde el are wrapped NETR // ¢
: around a core P ’ 3
DISSOCIATION - H2B "
of histone I D
¥ @y ot &g proteins. SR
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Prediction of histone modifications in DNA

GIW’05, BioMed Central 2006

From DNA sequences
CACTACGOGCCTGTOTACATICTGCRCGACATTCACCCABTOTGCAGTGTOAGAGGTACABGTGECECATGTEGTGTECOCCACACACGTTGECACT

To computationally predict: To find characteristics of areas at
- H3, H4 occupancy which H3, H4 occupancy, histone
- Acetylation state acetylation and methylation are at
- Methylation state high and low levels.

The accuracy and correlation coefficient of qualitative
prediction are consistent with experimental approach.

3 KCGI, 13 July 2006

SVMs simplification

ICML’'05, IEEE Trans. Neural Networks 2006

To replace original machine
Bottom-up approach that

Ns finds solution in a univariable
y = sign(z a, K(x,X) +bj function instead of
i=1 multivariable ones in previou
by a simplified machine methods
Nz
y'=sign » B,;K(z;,X)+b
j=1
with | N, <Ng

(1) and (2) are similar
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Manifold for.imbalanced data learning

(IEEE ICDM’06)

m Flexible assumption: Data having manifold structures.

m Up sampling data to make it exhibit manifold structures
—> give rise to patterns of interest.

m Our algorithms outperform SVMs and SMOTE (Chawla et
al, JAIR’02).

In-class sampling Out-class sampling

matrix evaluation
(1JCAI 2007)

Comparing directly
matrices in the inpyt

m Popular efficient measure of
kernel matrix KTA (Kernel Target
Alignment, Cristianini 2002) has

-
fundamental limitations KTA(K, y) = (Koyy"),
T T
m A sufficient but not necessary \/<K K)e(y YT yy),
condition.

m Proposed the new measure FSM
(Feature Space-based Kernel
Matrix Evaluation Measure) using
the data distribution in the
feature space that is efficient,

Comparing data
images distributions
in the feature space

(FZERES)

var, +var.

having desirable properties. FSM (K., y) :W

m Implication of FSM is vast.
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summary

m Data mining is a emerging interdisciplinary area with
great interests from both research and industry.
T—ARAZUT I R2HICHKELTOSEREETHY, HRELTHE
FELTHLRELGREALZRDHTLS.

m Many challenges in data mining, especially in mining
complexly structured data.
RAZT, FICERICBELSIN-T 20T/ 12BT5F vl
DUBRRER B

m Kernel methods are a new emerging trend with
mathematical foundations and high performance in
solving hard problems of pattern analysis.
N—RIVFEFHENERZLE, BLLV\I—U BB OMEZ RS
RERTELHLERLDDOHDHNLURTHS.

KCGlI, 13 July 2006
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