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GO-SLIM process assignments

0 6810 374 299 transport
1 6412 346 337 protein biosynthesis
2 16070 291 194 RNA metabolism
3 6464 275 240 protein modification
4 6259 264 184 DNA metabolism
5 6350 263 223 transcription
6 6996 217 156 organelle organization and biogenesis
7 16192 202 187 vesicle-mediated transport
8 7049 196 151 cell cycle
9 6950 178 126 response to stress

10 6629 141 122 lipid metabolism
11 42254 129 39 ribosome biogenesis and assembly
12 5975 123 98 carbohydrate metabolism
13 7047 122 106 cell wall organization and biogenesis
14 6519 114 108 amino acid and derivative metabolism
...
22 746 59 37 conjugation
23 7124 49 43 pseudohyphal growth
24 30435 48 42 sporulation
25 45333 47 42 cellular respiration
26 19725 46 37 cell homeostasis
27 6766 44 30 vitamin metabolism
28 6091 26 11 energy pathways
29 7114 25 13 budding
30 9653 24 16 morphogenesis
31 16044 15 7 membrane organization and biogenesis
32 6118 9 9 electron transport

4201 total, 3744 unique, 2615 unassigned
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Predicting protein function

connectivity: C

connectivity: C

neighbor counts (by type): N i

p(xjC; N red ; Nblue ; Ngreen )

C N red Ngreen Nblue p(x=red) p(x=green) p(x=blue)

1 1 0 0 0.66 0.33 0

1 0 0 1 0 0 1

2 0 0 2 0 0 1

2 1 1 0 0 1 0
...

...

5 2 0 3 0 0 1
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Predicting protein function

restrict to binary values:

x 2 f 0; 1g

C N p(x=1)

1 0 0

1 1 1

2 2 1

2 0 0

5 3 1

p(xjC; N )

one distribution per class
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Probabilistic modeling

Training data

STORE

RETRIEVE

Prediction

T = ( x i ; Ci ; N i )

f xj(x; C; N ) 2 T g

� Over�tting
� Bad performance under crossvalidation
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Probabilistic modeling

Training data

FIT

INFER

Probabilistic model

Prediction

T = ( x i ; Ci ; N i )

p(xjC; N ; � )

argmax
x

p(xjC; N )

� Prior information/assumptions put into model
� Fitted parameters � determine the actual model
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Probabilistic modelling II

C

N Empirical distribution:

Ci ; N i ; x i 2 f blue; redg
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Probabilistic modelling II

C

N Empirical distribution:

Ci ; N i ; x i 2 f blue; redg

Model distribution:

p0(x = bluejC; N )
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Probabilistic prediction methods

Prediction methods:
� binomial neighborhood model

S. Letovsky, S. Kasif, Bioinformatics 19 (Suppl. 1), i197, 2003

local enrichment around a given protein assignment

� linear Maximum-Likelihood Markov Random Field (MRF)
M. Deng, T. Chen, F. Sun, Proceedings: RECOMB '03

linear score for networks connecting same/different functions

� non-linear Maximum-Likelihood Markov Random Field (MRF)
extension to non-linear scores (! clusters)

� SVM classi�er [not really probabilistic]

libsvm
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Binomial distributions: Letovsky and Kasif

Special case: x-dependent binomial distribution

p(N jC; x) =

 
N
C

!

q(x)N (1 � q(x))C � N

with the neighborhood-enriched probabilities:

q(1) = prob. to �nd x = 1 around x = 1

q(0) = prob. to �nd x = 1 around x = 0

We can then calculate the probability for x given C and N :

p(xjN; C ) =
e� U (x jN;C )

Z (N; C )

U(xjN; C ) = � log
�x

1 � �x
� N log

1 � q(1)
1 � q(0)

� C log
q(1)(1 � q(0))
q(0)(1 � q(1))
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Probabilistic models

Potential ansatz for the probability distribution:

p(xjC; N ) =
1

Z (C; N )
e� U (x jC;N ) with

PARTITION SUM

Z =
X

x

e� U (x jC;N )

Interpretation:
� log probability is proportional to score U

Simple multi-linear/polynomial ansatz for U:

U(xjC; N ) = A0x + A1xN + A2x(C � N )

+ A3(1 � x) + A4N (1 � x) + A5(C � N )(1 � x)

This can be simpli�ed to:

U(xjC; N ) = x (� 0 + � 1C + � 2N ) + const

=) Parameters � must be �tted to the observations.

p. 11/22



< >

Probabilistic models

Potential ansatz for the probability distribution:

p(xjC; N ) =
1

Z (C; N )
e� U (x jC;N ) with

PARTITION SUM

Z =
X

x

e� U (x jC;N )

Interpretation:
� log probability is proportional to score U

Simple multi-linear/polynomial ansatz for U:

U(xjC; N ) = A0x + A1xN + A2x(C � N )+ A6xN 2

+ A3(1 � x) + A4N (1 � x) + A5(C � N )(1 � x)

NON-LINEAR TERM

This can be simpli�ed to:

U(xjC; N ) = x (� 0 + � 1C + � 2N ) + const

=) Parameters � must be �tted to the observations.
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Maximum likelihood methods

Given: Training samples (x i ; Ci ; N i ); i = 1 ; : : : ; n

To determine: Parameters � = ( � 0; � 1; � 2)

Maximize the joint probability of the training samples:

P =
nY

i =1

p(x i jCi ; N i ; � )

Equivalently maximize the log-probability

� logP = �
nX

i =1

logp(x i jCi ; N i ; � )

=
nX

i =1

[U(x i jCi ; N i ; � ) + log Z (Ci ; N i )]
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Maximum likelihood methods II

�
@

@�j
logP = �

X

i

�
@U(x i jCi ; N i ; � )

@�j
+

1
Z (Ci ; N i )

@Z(Ci ; N i )
� j

�

= �
X

i

"
@U(x i jCi ; N i ; � )

@�j
+

1
Z (Ci ; N i )

X

x

e� U (x jC i ;N i ;� ) @U(yjCi ; N i ; � )
@�j

#

= �
X

i

"
@U(x i jCi ; N i ; � )

@�j
+

�
@U(yjCi ; N i ; � )

@�j

�

y

#

Minimum is attained at:

X

i

@U(x i jCi ; N i ; � )
@�j

=
X

i

Ey

�
@U(yjCi ; N i ; � )

@�j

�
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Maximum likelihood methods III

Multi-linear potential:

U(xjC; N ) = x (� 0 + � 1C + � 2N ) + const

gives the following equation:

X

i

x i =
X

i

E [x]C i ;N i ;�

X

i

Ci x i =
X

i

Ci E [x]C i ;N i ;�

X

i

N i x i =
X

i

N i E [x]C i ;N i ;�

OBSERVATION FIT

where the expectation value is: E [x]C;N ;� =
e� � 0 + � 1 C + � 2 N

1 + e� � 0 + � 1 C + � 2 N
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Markov Random �elds: Deng et.al.

calculate score over
the whole network

p(x) =
1
Z

e� U (x )

U(x) = C1

X

( i;j )

(x i x j + (1 � x i )(1 � x j ))

+ C2

X

( i;j )

((1 � x i )x j + (1 � x j )x i )

+ C0x i
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Markov Random Fields II

Maximum-likelihood estimate of the score C0, C1, C2:

@U(x; � )
@�j

= E
�

@U(x; � )
@�j

�

�

Expectation value dif�cult to calculate

mean �eld approximation:

p(x) = p(x1) : : : p(xn ) =
Y

i

p(x i jCi ; N i )

+

� The full Markov Random Field reduces to the machine-learning
ansatz when the mean-�eld approximation is taken.
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Neighborhood classi�cation maps

Incidences of protein function by neighborhoods

p. 17/22



< >

Neighborhood classi�cation maps

Incidences of protein function by neighborhoods
� binomial classi�er

p. 17/22



< >

Neighborhood classi�cation maps

Incidences of protein function by neighborhoods
� binomial classi�er
� linear M.L. classi�er

p. 17/22



< >

Neighborhood classi�cation maps

Incidences of protein function by neighborhoods
� binomial classi�er
� linear M.L. classi�er
� nonlinear M.L. classi�er

p. 17/22



< >

Neighborhood classi�cation maps
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Single-function sensitivity-speci�city
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Full prediction
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Results: Yeast

Test data set: 6316 yeast genes
MIPS interaction network
GO/SLIM function/process assignments

Out of 2014 unique assignments:

METHOD #SUCCESS accuracy

binomial classi�er 623 31%
linear M.L. classi�er 655 33%
nonlinear M.L. classi�er 640 31.7%
SVM classi�er 601 29.8%

randomized network 101 11.4%

binomial classi�er, process 32.5%
randomized network 8.7%
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Results: Drosophila

Test data set: 7066 drosophila genes
Drosophila interaction network (Science 2003)
truncated GO function assignments

Out of 1230 unique assignments:

METHOD #SUCCESS accuracy

binomial classi�er 100 8.1%
linear M.L. classi�er 109 8.9%
non-linear M.L. classi�er 106 8.6%
SVM 97 7.8%

randomized 66 4.6%
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Conclusions

� Signi�cant correlation between protein interaction and GO
function/process assignments

� Simple and complex methods perform similarly
� Very different approaches turn also out to be methodically similar
� No improvement when:

� Considered extented neighborhoods
� Considered several classes simultaneously

� Perspectives:
� Use only highly probable predictions
� Identify interesting sub-structures in network
� Combine protein interaction and gene expression information

http://www.i�.bio.lmu.de/˜best
http://alum.mit.edu/www/cbest
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