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ALBERT EINSTEIN once remarked that common sense is the collection of
prejudices someone has acguired by the age of 18, As such, it can be
positively misleading as a guide to physicists studying fundamental particles
or the structure of the universe, Instead, such researchers rely on
mathematics, When it comes to studying human interactions, though, the
reverse might be expected to be true—that common sense has everything
to do with it, and mathematics nothing. But that turns out not to be the
case, For one branch of the study of social networks seelks to model how
people interact by using a type of maths known as graph theary.
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. Protein-interaction networks

Subset of the MIPS
protein interaction
network for yeast
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. GO-SLIM process assignments
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transport
protein biosynthesis

RNA metabolism
protein modification

DNA metabolism

transcription

organelle organization and biogenesis
vesicle-mediated transport

cell cycle

response to stress

lipid metabolism

ribosome biogenesis and assembly
carbohydrate metabolism

cell wall organization and biogenesis
amino acid and derivative metabolism

conjugation
pseudohyphal growth
sporulation

cellular respiration
cell homeostasis

vitamin metabolism
energy pathways

budding

morphogenesis

membrane organization and biogenesis
electron transport

total, 3744 unique, 2615 unassigned
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. Predicting protein function

connectivity: C
connectivity: C

neighbor counts (by type): N;

P(XJC; Nyed ; Npiue ; Ngreen)

C | Nireg N green N blue 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 210;1g

C | N p(x=1)

1(0 0 _

1|1 1 P(XjC;N)

2 2 1 - - .

2 | 0 0 one distribution per class
51 3 1
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. Probabilistic modeling

Training data T =(Xi;Ci;Nj)
STORE
RETRIEVE
\ ]
Prediction fXj(x;C;N)2Tg

Over tting
Bad performance under crossvalidation
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. Probabilistic modeling

Training data

FIT

\

Y

Probabilistic model

INFER

\

Y

Prediction

T =(X;;Ci; Nj)

P(xjC;N; )

argmax p(xjC; N)
X

Prior information/assumptions put into model

Fitted parameters

determine the actual model
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- Probabilistic modelling Il

N 1 Empirical distribution:
Ci;Ni;X; 2 f blue;redg
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- Probabilistic modelling Il

<

Empirical distribution:
Ci;Ni;X; 2 f blue;redg

Model distribution:
Po(X = bluejC;N)
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. Probabilistic prediction methods

Prediction methods:

<
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binomial neighborhood model
S. Letovsky, S. Kasif, Bioinformatics 19 (Suppl. 1), 1197, 2003
local enrichment around a given protein assignment

linear Maximume-Likelihood Markov Random Field (MRF)
M. Deng, T. Chen, F. Sun, Proceedings: RECOMB '03
linear score for networks connecting same/different functions

non-linear Maximume-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
!

PNICX) = aeN @ qu)© !

with the neighborhood-enriched probabilities:

g(l) = prob.to nd x=1 aroundx =1
g(0) = prob.to nd x=1 aroundx =0

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

. ~ eU(xjN;C)
P(x]N;C) = Z(N:C)

. _ X 1 q@d) q(1)(1  q(0))
UXJN;C) = Iog1 < Nlog1 3(0) CIqu(O)(l o)
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g(l) = prob.to nd x=1 aroundx =1
g(0) = prob.to nd x=1 aroundx =0

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

e U(XjN:C) Can be calculated by

iN - counting [Letovsky &
POXIN: C) Z(N;C) / Kasif, 2003]
X 1 q@d) q(1)1  q(0))
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Probabilistic models

Potential ansatz for the probability distribution:

. 1 . _ X -
P(xjC;N) = e UKIEN)  with z= e YXIGN)
Z(C’ N) X PARTITION SUM

Interpretation:
log probability is proportional to score U

Simple multi-linear/polynomial ansatz for U:

UXJC;N) = Agx+ AixN + Aox(C N)
+A3(1 Xx)+ A4N(1 x)+ As(C N)1Q x)

This can be simpli ed to:
UXJC;N)=Xx( o+ 1C+ ,N)+ const

=) Parameters must be tted to the observations.
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Interpretation:

log probability is proportional to score U

Simple multi-linear/polynomial ansatz for U: NON-LINEAR TERM

UXjC;:N) = Agx+ AixN + Aox(C N +AgxN 2
FAs(1 X)+ AN X)+ As(C N)L  X)

This can be simpli ed to:
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Maximum likelihood methods

To determine: Parameters =( o; 1; 2)

Maximize the joint probability of the training samples:

Y] -
P = p(xijCi;Ni; )
=1

Equivalently maximize the log-probability

X.l .
log p(Xi]Ci; Ni; )
i=1

log P

[U(XiJCi;Ni; )+log Z(Ci;N;)]
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. Maximum likelihood methods II

@ 0P = X @UxijCiiNi; ) 1 @3C;N))
@ ; i @ Z(Ci;Nj) j
— X @LQXIJCMNM )+ 1 X e U(XjCi:Ni: )@quJC“N“ )
Q) Z(Ci;Ni) Q)
#

#

X @UxijCi;N;; )+ @UWyjCi;Ni; )
@F @ | y

Minimum is attained at:

X @uxjCi;N;; ) X @WyjCi;N;; )
@
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- Maximum likelihood methods Il

Multi-linear potential:
UXJC;N)=x( ot 1C+ ,N)+ const

gives the following equation:

X X
Xi = E[XLQ:NH
i Xi
OBSERVATION Cixi = C E [X]Ci N FIT
Xi Xi
NiXj = N E[X]Ci;Ni;

e ot 1C+ 2N

where the expectation value is:  E [X]q. . = 1+ e o iC+ oN
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. Markov Random elds

calculate score over
the whole network

1. uw

£ x

p(x)

U(x)

(i)
X

. Deng et.al.

C:  (xx+(1Q x)I  x5))

+ G (@ xi)x +(1 Xj)xi)

(i)
+ CoXi
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. Markov Random Fields I

Maximume-likelihood estimate of the score Cg, Cq, Co:

@Ux; ) _ . @Ux; )
@ @F
Expectation value dif cult to calculate
mean eld approximation:
Y

p(x) = p(x1) :::p(xn) = P(XijCi; Nj)

+

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
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- Neighborhood classi cation maps
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Incidences of protein function by neighborhoods
binomial classi er

< >

p. 17/22



- Neighborhood classi cation maps

10

\ ‘ \ ‘ \ ‘ \ ‘ \ ‘ \
0 2 4 § 8 10

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

< >

p. 17/22



- Neighborhood classi cation maps
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- Neighborhood classi cation maps
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- Single-function sensitivity-speci city
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- Full prediction

all configurations full 5-fold crossvalidation
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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. classier | 106 8.6%
SVM 97 7.8%
randomized 66 4.6%
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. Conclusions

<
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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
ldentify interesting sub-structures in network
Combine protein interaction and gene expression information

http://www.i .bio.Imu.de/ best
http://alum.mit.edu/www/cbest
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