Classification Problem

4 )

_Supervised Learning



KDD Cup 2001

Because of the rapid growth of interest in mining biological datakases, KOD Cup 2001 was
focused on data from genomics and drug design. Sufficient (vet concise) information was
provided so that detailed domain knowledgze was not a requirement for entry. & total of 136
groups participated to produce a total of 200 submitted predictions over the 3 tasks: 114

for Thrombin, 41 for Function, and 45 for Localization. ACM SIGKDD
KDD (Knowledge

KDD Cup 2001 Winners
Discovery and Data-mining) Cup.

The KDD Cup summary presentation from KOD-2001 is awvailakble in powerpoint, postscript
or pdf. Winners' presentations are available below. 1997

s Task 1. Thrombin: Jie Cheng (Canadian Imperial Bank of Commerce).
Presentation: powerpoint, postscript, pdf.
s Task 2, Function: Mark—A. Krogel (University of Magdeburg). Presentation:

powerpoint, postscript, pdf.
s Task 3, Localization: Hisashi Hayashi, Jun Sese, and Shinichi Morishita
(University of Tokyo). Presentation: powerpoint, postscript, pdf.

KDD Cup 2001 Honorable Mention

s Task 1, Thromkin: T. Silander (University of Helsinki)

s Task 2. Function: ©. Lamkert (Golden Helix): J. Sese, H Havashi, and 5. Morishita
(University of Tokyo): D Vogel and R, Srinivasan (A1 Insight) S Pocinki, B, Wilkinson,
and P. Gaffrney (Lubrizol Corp.)

s Task 3, Localization: M. Schonlau (RAND), W. DuMouchel, ©. Yolinsky and C. Cortes
(ATET): B. Frasca, Z. Zheng, R. Parekh, and R. Kohawi (Blue Martini) B

2001
Copyright: http://www.cs.wisc.edu/~dpage/kddcup2001/



KDD Cup 2001

Task 1

1909

139,351
thrombin 42

636
Task 2 & 3

862

6 (50% )

(Task2) 14
(Task3) 15

381



Statistics: Participation

KDD Cup Participation
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Jie Cheng, Christos Hatzis, Hisashi Hayashi, Mark-A. Krogel, Shinichi Morishita , David

Page, and Jun Sese: KDD Cup 2001 Report. ACM SIGKDD Explorations, Volume 3, 1Ssue 2,

Janurary 2002, 47-64.
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Jie Cheng, Christos Hatzis, Hisashi Hayashi, Mark-A. Krogel, Shinichi Morishita , David
Page, and Jun Sese: KDD Cup 2001 Report. ACM SIGKDD Explorations, Volume 3, 1ssue 2,

Janurary 2002, 47-64.



(Classifier)

K-nearest neighbor
Boosting

Hidden Markov Model
Support Vector Machine
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If T1=1
Then
If T3=1
Then
If T4=1
Then
Else
Else

Else
If T4=1
Then
Else
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(decision tree)
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If T1=1
Then
If T3=1
Then
If T4=1
Then
Else
Else
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If T4=1
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Else
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2. {cost(x) | x

cost(x)

}




L. Hyafil and R. L. Rivest: “Constructing Optimal Binary Decision Trees is
NP-complete,” Information Processing Letters, Vol. 5, No. 1, May 1976
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EXACT COVER BY 3-SETS
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EXACT COVER BY 3-SETS

M. R. Garey and D. S. Johnson.

Computers and Intractability. A Guide to NP-Completeness
W. H. Freeman, 1979

SAT - 3SAT - 3D Matching -~ EXACT COVER BY 3-SETS



EXACT COVER BY 3-SETS
X S={T1, 712, ...}

X
|X]
Y={1,y2, ...}
4] =1 ¢t X
=0 ¢t Y
t X Y
S Y

1l =1 ¢t Ti
=0  otherwise

t=y (v Y

otherwise

Y <

171 172 T3 .. vl y2 y3 .. A
1 0 O 1
1 1 O 1
1 0 O 1
O 1 1 1
O 0 1 1
O 1 O 1
O 0 O 1
O 0 1 1
O 0O O 1

1 0 O o)

O 1 O 0

O 0 1 0




O e

)

A=l X
t]A]=0 Y

- /
4 )
- /

- /
4 )
- /

4 N 7 N N
- o\ AN J
4 N 7 N N




11

O OO
O OO
O OO

S={T1, 72, ...}




Y=4{1,y2, ...}




-

\




1+2+...+|X]+|X]

EXACT COVER BY 3-SETS
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Greedy Algorithm



(greedy)
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#HP+#N=n
#P =m

1 E O

#P + #N = x HP+#N=n-x

#P =y

#P=m-y

e test

(x, )
P(x,y)
P(x,y) mm=yk

©(x,y) @ y+tA), @(x,y)
©(x,y) @ y-A), P(x,y)

AN>0
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(x -4\, y) e (x ¥)
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L
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(n-m, 0) X
Q(x, y)

P (x-A,y) If mn<yx
P (x+A,y) if m/n>ykx



p = #P | (#P + #N)
1-p=#N/#P + #N)
ent(p) = - p log, p - (1-p) log, (1-p)

n
po=mln
1 0
ng=x n,=n-Xx
p1=ylx pr=(m-y)/(n-x)

Entropy Gain
Ent(x, y) = ent(p,) - (n,/n) ent(p,) - (n,/n) ent(p,)




ent(3/8)

#P =8 ent(8/16)
#N =8 =2 (- (1/2) log,(1/2))
=1
1 0
#P =3 #P =5
#N =5 #N =3

ent(5/8) = ent(3/8)

= - (3/8)log,(3/8) - (5/8)log,(5/8)

= 0.95444

Entropy Gain = ent(8/16) - (8/16)ent(3/8) - (8/16)ent(5/8)

=1-0.95444
= 0.04556



#P =8 _
4n = g ent(8/16) =1
1 0
#P =4 #P =4
#N =4 #N =4
ent(4/8) =1 ent(4/8) =1

Entropy Gain = ent(8/16) - (8/16)ent(4/8) - (8/16)ent(4/8)
=0



e Ent(x,y) mm=yk
e Ent(x, y) vi,v2 0 A 1
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(n-m, 0) X



Overfitting
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(training)

= 4/5
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Overfitting

(overfitting)



Overfitting

: pre-pruning
e pre-pruning
Entropy Gain P

post-pruning

e post pruning
Entropy Gain
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Overfitting

Entropy Gain
(T1=1) (12=1) (Tn=1)
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(Convex Hull)
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Takeshi Fukuda, Yasuhiko Morimoto, Shinichi Morishita and Takeshi Tokuyama: "Data Mining with Optimized
Two-Dimensional Association Rules." ACM Transactions on Database Systems (TODS), Volume 26 , Issue 2, pp.
179 - 213, June 2001.
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Var(x, v) m/mn=y/k
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(Regression Tree)
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K nearest neighbors



K nearest neighbors



Yoav Freund and Robert E. Schapire. A decision-theoretic
generalization of on-line learning and an application to

boosting. Journal of Computer and System Sciences,
55(1):119-139, 1997.



Boosting
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AdaBoost

50%

(classifier)

(hypothesis)
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AdaBoost

(X, Y (Xy, Vy)

w.' = D(i) = }{\7 foreachi=12, ..., N

WeaklLearn 0.5
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