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What you will learn:

• Classification:  training sets, test sets, and 
validation sets;

• Evaluating classifiers:  True positives, False 
positives, ROC curves;

• Evaluating classifiers II:  Overfitting, cross-
validation, leave-one-out cross-validation;

• Classification methods:  Support Vector 
Machines (SVM), k-Nearest Neighbours 
(kNN);
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Outline

• What is classification and what can it do for 
you?

• How do you evaluate and compare 
classifiers?

• What is overfitting and how do you detect and 
control for it?

• Opening up the black box:  SVMs and kNNs.
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Exp r ession  
p r o f i les ar e 

r e lat iv ely  easi ly  
m easu r ed  and  

r ef lect  f unct ion

Zhang et al (J Biol 2004)
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Pa t t e r n  
d e t ect ion

W h at  d ist in g u ish es 
t h ese t w o  se t s o f  

p r o f i l es?

RNA sp l icin g  
+

RNA sp l icin g  –
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Golub et al (Science 1999)

Norm alize
d
expression

Exp r ession  
p r o f i les can  b e 
used  t o  id en t i f y  
t y p es o f  cancer  
(e.g . leuk em ia)
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Classification in a nutshell

Classificat ion
algorithm

“ Input”
e.g. m icroarray profile

“ Output”  
(aka 

discrim inant  
value, 

confidence)
If Y> 0, 

predict ion: RNA 
splicing +

If Y< 0, 
predict ion: RNA 

splicing -

Y

X “ Black box”
e.g., Neural network,

SVM, KNN

Parameters

Adjust  parameters to make 
outputs match targets on a 

t raining set
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The black box

Black boxInput Output

Parameters

The boom box
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Training the boom box

How to set the 
equalizers?
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Boom box training data

Targets

Training Set
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Training the boom box
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Training the boom box



Lecture 4.3 13

Using the boom box
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Examples of bioinformatics training sets

Gen e f unct ion  
p r ed ict ion :

Cancer  
Id en t i f icat ion

:

M ed ical  
t r eat m en t :

Inputs Targets

RNA sp l icin g  
+
RNA sp l icin g  –

AL
L

AM L

Pat ient  2313 profile
          etc…

Pat ient  3423 profile
         etc….

Pat ient  5546 profile

Resp on d s t o  
t r ea t m en t

Does n o t  
r esp on d
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Outside the black (boom) box: 
Important concepts

• Training and test sets

• Uncertainty about classification 

• Overfitting

• Cross-validation (leave-one-out)
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Put yourself in the machine’s shoes

Which 
uncharacterized 

genes are 
involved in tRNA 

processing?

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Fe
a

tu
re

1 Fe
a

tu
re

2 Fe
a

tu
re

3 Fe
a

tu
re

4 Fe
a

tu
re

5

Expression level 
during

 heat shock
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Negat ivesPosit ives

Known genes

Training
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Negat ivesPosit ives

Training

What pat tern 
dist inguishes the 
posit ives and the 

negat ives? 
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Negat ivesPosit ives

•  4 blue features

•  features 1,3, and 5 are blue

•  features 1 and 3 are blue 
and feature 2 is red

•  features 1 and 3 are blue 

Training
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Negat ivesPosit ives

Training

•  features 1,3, and 5 are blue

•  features 1 and 3 are blue 
and feature 2 is red

•  features 1 and 3 are blue 
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•  features 1 and 3 are blue 
and feature 2 is red

•  features 1 and 3 are blue 

Negat ivesPosit ives

Training
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Negat ivesPosit ives

Known genes

Training

•  features 1 and 3 are blue 
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Negat ivesPosit ives

Known genes

Training

•  features 1 and 3 are blue 
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Prediction

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Unknowns
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Prediction

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Yes

Yes

Yes

No

No

No

Features 1 and 
3 blue?

Fe
a

tu
re

1 Fe
a

tu
re

3
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Prediction

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Yes

Yes

Yes

No

No

No

Features 1 and 
3 blue?

Fe
a

tu
re

1 Fe
a

tu
re

3

Predict ion:

Involve
d

Not  Involved

Involve
d

Involve
d

Not  Involved

Not  Involved
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Experimental validation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Predict ion:

Involve
d

Not  Involved

Involve
d

Involve
d

Not  Involved

Not  Involved
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Experimental validation

All predict ions are correct !

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5
Gene
6

Predict ion:

Involve
d

Not  Involved

Involve
d

Involve
d

Not  Involved

Not  Involved

Result :

+

+
-
+

-
-
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Negat ivesPosit ives

Sparse annotation

What pat tern 
dist inguishes the 
posit ives and the 

negat ives? 
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Negat ivesPosit ives

•  4 blue features

•  features 1 and 3 are blue

Training under sparse annotation
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Prediction under sparse annotation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Yes

Yes

Yes

No

No

No

Feature
s 1 and 
3 blue?Fe

a
tu

re
1 Fe

a
tu

re
3

Four blue 
features?

Yes

No

No

No

Yes

No
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Prediction under sparse annotation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Yes

Yes

Yes

No

No

No

Feature
s 1 and 
3 blue?

Fe
a

tu
re

1 Fe
a

tu
re

3

Four blue 
features?

Yes

No

No

No

Yes

No

Confidence

1.0

0.5

0

0.5

0.5

0

1.0

0.5

0

Definitely involved

May be involved

Definitely not  involved

Legend
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Experimental validation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.5

0

0.5

0.5

0

Label

+

+
-
+

-
-
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Experimental validation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.5

0

0.5

0.5

0

One correct  “ confidence 1”  predict ion
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Experimental validation

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.5

0

0.5

0.5

0

Two out  of three “ confidence 0.5”  predict ions 
correct .
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#
 T

ru
e

 
P

o
si

ti
v

e
s

C
o

n
fi

d
e

n
ce

 
C

u
to

ff

#
 F

a
ls

e
 

P
o

si
ti

v
e

s

Validation results

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.5

0

0.5

0.5

0
330

130.5

011
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Negat ivesPosit ives

Incorrect  
measurement , should 

be green.

Noisy features
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Negat ivesPosit ives

Noisy features

What dist inguishes the 
posit ives and the 

negat ives? 
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Negat ivesPosit ives

Noisy features + sparse data = 
overfitting

What dist inguishes the 
posit ives and the 

negat ives? 
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Negat ivesPosit ives

Training

•  4 green 
features 
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Prediction
Four 

green 
features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6
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Prediction
Four 

green 
features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0
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Experimental validation
Four 

green 
features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0
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Four 
green 

features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0

One incorrect  high confidence 
predict ion.

Experimental validation
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Four 
green 

features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0

Two genes m issed com pletely, i.e., 
two false negat ives

Experimental validation
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Four 
green 

features?

Yes

No

No

No

Yes

No

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0

Experimental validation
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330

111

#
 T

ru
e

 
P

o
si

ti
v

e
s

C
o

n
fi

d
e

n
ce

 
C

u
to

ff

#
 F

a
ls

e
 

P
o

si
ti

v
e

s

Validation results

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0

0

0

1.0

0
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What have we learned?

• Sparse data:  many different patterns 
distinguish positives and negatives.
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What have we learned?

• Sparse data:  many different patterns 
distinguish positives and negatives.

• Noisy features:  Actual distinguishing pattern 
may not be observable
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What have we learned?

• Sparse data:  many different patterns 
distinguish positives and negatives.

• Noisy features:  Actual distinguishing pattern 
may not be observable

• Sparse data + noisy features: may detect, 
and be highly confident in, spurious, incorrect 
patterns.

Overfit t ing
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Validation

• Different algorithms assign confidence to 
their predictions differently

• Need to
1. Determine meaning of each algorithm’s 

confidence score.

2. Determine what level of confidence is warranted 
by the data
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Cross-validation

Basic idea:

Hold out  part  of the data 
and use it  to validate 

confidence levels

Hold out  set  is called the “ test  set”
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Negat ivesPosit ives

Cross-validation
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Negat ivesPosit ives

Cross-validation

Hold-out  
(test  set)

La
b

e
l

+

+

-
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Negat ivesPosit ives

Cross-validation: training
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Negat ivesPosit ives

Cross-validation: training

•  Features 1 and 
3 are blue 
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Cross-validation: testing

Hold-out

Feature
s 1 and 

3 
green?

Yes

No

No



Lecture 4.3 58

Cross-validation: testing

Hold-out

Feature
s 1 and 

3 
green?

Yes

No

No

C
o

n
fi

d
e

n
c

e

1.0

0

0



Lecture 4.3 59

Cross-validation: testing

Hold-out La
b

e
l

+

+

-

Feature
s 1 and 

3 
green?

Yes

No

No

C
o

n
fi

d
e

n
c

e

1.0

0

0



Le
ctu

re
 4

.3
6

0

C
ro

ss-valid
atio

n
: testin

g

H
o

ld
-o

u
t

Label

++ -

Confidenc
e

1
.000

1
2

0

0
1

1

#  True 
Posit ives

Confidence 
cutoff

#  False 
Posit ives
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Negat ivesPosit ives

Another split

Hold-out La
b

e
l

+
+

-
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Another split

Hold-out La
b

e
l

+
+

-

C
o

n
fi

d
e

n
c

e

0.5

0.5

1
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Another split

Hold-out La
b

e
l

+
+

-

C
o

n
fi

d
e

n
c

e

0.5

0.5

1

#
 T

ru
e

 
P

o
si

ti
v

e
s

C
o

n
fi

d
e

n
c

e
 c

u
to

ff

#
 F

a
ls

e
 

P
o

si
ti

v
e

s

240

130.5

021

(Leave one out*)



Lecture 4.3 64

Cross-validation results

#
 T

ru
e

 
P

o
si

ti
v

e
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n
fi

d
e

n
c

e
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u
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ff

#
 F

a
ls

e
 

P
o

si
ti

v
e

s
550

350.25

240.5

130.75

031
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Displaying results (ROC curves)

#
 T

ru
e

 
P

o
si

ti
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d
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e
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u
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ff

#
 F
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P
o

si
ti

v
e
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550

350.25

240.5

130.75

031

#
 T

P
 /

 #
p

o
s

#  FP/ #  neg

5/5

5/51/5

1/5

ROC curve
(Sensit ivity)

(1 – Specificity)
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Making new predictions

#
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ru
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240.5

130.75

031
5/5

5/51/5

1/
5

ROC curve

x

S
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n
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1-Specificity
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Positive predictive power (PPP)

#
 T

ru
e
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#
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P
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550

350.25

240.5

130.75

031

PPP =
 # TP / 

(# FP+ # TP)100%

75%

66%

62.5%

50%

PPP

PPP is also 
known as 

“ precision”
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Making new prediction

Which genes are involved in tRNA 
processing?

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.7

0.4

0.6

0.5

0
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Making new predictions

Gene
1
Gene
2
Gene
3
Gene
4
Gene
5Gene
6

Confidence

1.0

0.7

0.8

0.6

0.3

0

Predict ion:

Involve
d

Not  Involved

Involve
d

Involve
d

Involved

Not  Involved
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N-fold cross validation
Step 1: Randomly 

reorder rows

Labelled data

Step 2: Split  into N 
sets (e.g. N =  5)

Step 3: Train N t imes, 
using each split , in turn, 

as the hold-out  set
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N-fold cross validation
Step 1: Randomly 

reorder rows

Labelled data

Step 2: Split  into N 
sets (e.g. N =  5)

Step 3: Train N t imes, 
using each split , in turn, 

as the hold-out  set
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N-fold cross validation
Step 1: Randomly 

reorder rows

Labelled data

Step 2: Split  into N 
sets (e.g. N =  5)

Step 3: Train N t imes, 
using each split , in turn, 

as the hold-out  set
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Leave-one-out cross-validation

N-fold cross-validat ion 
where 

N =  #  of labelled data 
exam ples
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Summary

1) Cross-validate using annotated data

2) Determine confidence cutoff

3) Make predictions on unlabelled data

In order to m ake predict ions on 
unlabelled data and evaluate 
accuracy of your predict ions:
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Algorithms for detecting patterns: 
inside the black box

Support Vector Machines (SVMs)
and k-Nearest Neighbours (kNN)
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Detecting patterns

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

O

X

Posit ive

Negat ive

Legend

Each point  represents 
a gene profile
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K-nearest neighbours

?

K= 3

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X Con f id en ce:

   #  + v e 
n e ig h b ou r s:   3

-  #  -v e 
n e ig h b ou r s:   0

 =  3
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K-nearest neighbours

?

K= 3

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X Con f id en ce:

   #  + v e 
n e ig h b ou r s:   0

-  #  -v e 
n e ig h b ou r s:   3

 =  -3
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K-nearest neighbours

?

K= 3

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X Con f id en ce:

   #  + v e 
n e ig h b ou r s:   2

-  #  -v e 
n e ig h b ou r s:   1

 =  1
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Problems with KNN

• Prone to overfitting
• Confidence values change quickly
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K-nearest neighbours

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

K= 3

???
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Similarity-based classification

• Confidence values change 
“smoothly”
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Similarity of profiles

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Distance =  d
ij

Sim ilarity of profiles i 
and j

i

j

s
ij
� e

� d
ij

2

(Euclidean 
distance)
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Similarity versus distance

d
ij

s ij

s
ij
� e

� d
ij

2

Sim i lar i t y

• Is one at  zero distance

• Goes towards zero for 
large distances
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Similarity of profiles

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Length =  1

Sim ilarity of profiles i 
and j

i

j

s
ij
� 0.38

(Euclidean 
distance)

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X
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Similarity of profiles

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Length =  
0.3

Sim ilarity of profiles j 
and k

k
j

s
jk

� 0.74

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X
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Simple classifier

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

?

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Av g  + v e 
sim i la r i t yAv g  -v e  
sim i la r i t y

0 .6

0 .2-
Con f id en ce =  

0 .4
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Simple classifier

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Av g  + v e 
sim i la r i t yAv g  -v e  
sim i la r i t y

0 .9

0 .1-
Con f id en ce =  

0 .8

?
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Simple classifier

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

Av g  + v e 
sim i la r i t y
Av g  -v e  
sim i la r i t y

0 .1

0 .6-
Con f id en ce - 0 .5

?
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Problems with simple classifier

• Time-consuming to compute all similarities on a large 
dataset.

• Prone to overfitting
• Solution:  Support Vector Machines (SVMs)
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SVM training

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X

1. Fin d  su p p o r t  
v ect o r s t h a t  
su m m ar ize  t h e  
t r a in in g  d a t a

Feature 1

Fe
a

tu
re

 2

X
X

X

O
O

O
X
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1. Find support  
vectors that  
summarize the 
t raining data

SVM training

Feature 1

Fe
a

tu
re

 2

X
X

O
O
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1. Find support  
vectors that  
summarize the 
t raining data

2. Assig n  w e ig h t s 
t o  su p p o r t  
v ect o r s

i

j
k

h

2

0.5

-1.5

-1w
h

w
i

w
j

w
k

SVM training

Feature 1

Fe
a

tu
re

 2

X
X

O
O
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i

j
k

h

SVM prediction

?
m

Con f id ence  0 .3

i

j
k

h

Feature 1

Fe
a

tu
re

 2

X
X

O
O Confidence is the 

weighted sum  of 
sim ilarit ies to 

support  vectors

Con f id ence 
=

w
h
s

hm
� w

i
s

im
� w

j
s

jm
� w

k
s

km
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Resources

• GIST (online SVM server):

• Papers, reviews, other software:

ht t p: / / www. ker nel - machi nes. or g

ht t p: / / svm. sdsc. edu
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Summary

• Basics of classification:
– True Positives, False positives, PPP

– Overfitting

– Cross-validation to assess performance

– ROC curves

• Algorithms for pattern recognition:
– SVM, KNN


