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e Expression data alone are not sufficient.

e Combining multiple sources of information
yields complementary constraints.
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gene expression data



Combining promoter sequences and
gene expression data

Conventional approach:

e Find of genes.

e ldentify regulatory elements by searching
for common in the
promoter regions of these genes.



Shortcomings of the conventional algorithm
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Segal’s unifying probabilistic model
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Motif finding
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Position Specific Scoring Matrix (PSSM)
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Position Specific Scoring Matrix (PSSM)
Search for a motif of length W in binding sequences.

W x 4 matrix 1 (1):
Probability that the nucleotide in the kth position,
kell,....,W],isanl e {A,C,G,T}.

Background model
for non-binding sequences

4-dim vector 0y([):
Probability of nucleotide [; this distribution is position-independent.
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Sequence S, 52,...,5N
Non-binding sequence: R=0

N
P(S51,82,...,5n|[R=0) = ][ 60(S)
t=1

Binding sequence: R=1, motif starting at position m+1

P(S51,5:,...,Sny|R=1,start =m+ 1)
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Binding sequence: R=1, motif starting at position m+1

N 1%
P(51,5,...,Sny|R=1,start =m+1) = H@o(St)H

Binding sequence: R=1, motif starting anywhere

P(S1,Ss,...,Sn|R=1)

N—W
— Z P(start = m+ 1)P(51,52,...,Sn|R =1, start =m + 1)
m=0
N N-W W
1 Vr(Smtk)
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H O(St)N— W41 Z H HO(Sm—I—k)

t=1 m=0 l{::l



Binding sequence: R=1, motif starting at position m+1

P(S,S,,SN‘R:l,St(LTt:m.Fl) — H(S) k\Pm+k
o 7:1;[1 o ;};[‘90(5 k)

Binding sequence: R=1, motif starting anywhere

P(S1,Ss,...,Sn|R=1)

N—W
— Z P(start = m+ 1)P(51,52,...,Sn|R =1, start =m + 1)
m=0
N N-W W
1 Vr(Smtk)
— 0o(S
751;[1 of 75>N—VV+1 mz::() kllll 0o(Sm+t)

Objective: Prediction of binding activity from sequence:
P(R =1|51,5,...,5n)



Apply Bayes rule:

P(R=1|S1,55,...,5x)
P(S1,S,...,Sy|R =1)P(R=1)

P(S1,S5,....Sy|R = 0)P(R = 0) + P(S1,5%,...,8v|[R = 1)P(R = 1)
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Apply Bayes rule:

P(R=1|S1,55,...,5x)
P(S1,S,...,Sy|R =1)P(R=1)

P(S1,S5,....Sy|R = 0)P(R = 0) + P(S1,5%,...,8v|[R = 1)P(R = 1)

_ (1  P(R=0)P(5,,5y,...,Sy|R = o§>

P(R=1)P(S1,5,,...,5y|R =1

N-W W -1\ !
_ (g |BE=D) 1 ZHW(Sm k)
P(R=0)(N—-W+1) e 12 0o(Sm+x)
Define:
Vi) P(R=1) 1

wi(l) = log 3t wo = log =5y, 108it(2) = 7555



P(R=1/51,5,...,5y)
N

Y v W
— logit<log [N W +1 Z (Z wk(SHk))] >

4 x W + 1 parameters: wg(l) , wy
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[ Nonlinear transfer function ]




[ Nonlinear transfer function ]—> P(R=1|sequence)




P(R=1/51,5,...,5y)
N

Y v W
— logit<log [N W +1 Z (Z wk(SHk))] >

4 x W + 1 parameters: wg(l) , wy
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Ab initio prediction of protein interaction



SH3 yeast two-hybrid interaction network
ong et al. (2002), Science 295, 321-324

285 interactions between 28 SH3 proteins
and 143 binding peptides

9 binding partners per SH3 domain on average
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True positive rate (sensitivity)

Final Test Set Performance
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The model
of

Segal, Yelensky and Koller
Bioinformatics 19, 2003



[P(g.R2 I9.S) TA" A%]




Transcriptional Regulation

" Evaluation
ennancer
. MotifScanne

Cases

Conclusions

promoter RNA transcript




[P(g.R2 I9.S) TA" A%]




[P(g.R2 I9.S) TA" A%]




gR;, 9R, | gM
- 1
Il e
I N 3

[P(g.RZ I9.S) TA" A%]

P(g.E3lg-M) | g.M
/\: 1
aNE
/?\ 3

0




[P(g.R2 I9.S) TAT AE]

\'A N~ A />

QA P
V N

OE, >



P(gRZ = 1’9.51, g.SQ, e o ,g.SN)

" N-W w
— 1Ogit<log [N — V[O/ 1 Z exp (Z wk(g.St—l—k)>] )

m=0 k=1

4 x W + 1 parameters per binding motif R;: w'(l), w},






Softmax function

P(gM — m\gRl — 7“1,9-R2 —T2,... 79RN — TN)
exXp (Zle umir’i)
L
2 €XD (Zizl uﬁ%iri)

Parameter matrix:
Number of motifs/regulators x number of modules
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Independent Gaussian distributions

P(g.F1,9.Fs,...,9.Er|g.M =m) = HP(g.Ej|g.M =m)

J

P(Q-Ej’g'M — m) — N(Mj,mvaj,m)

For each module m and each condition j:
Mean: 1 m

Standard deviation: o,



Parameter estimation



gR;, 9R, | gM
- 1
Il e
I N 3

[P(g.RZ I9.S) TA" A%]

P(g.E3lg-M) | g.M
/\: 1
aNE
/?\ 3

0




gR;, 9R, | gM
- 1
Il e
I N 3

[P(g.Rz I9.S) TAT ASJ

P(g.E3lg-M) | g.M
/\: 1
aNE
/g\ 3

0




Bayesian approach

P(parameters | data) =
> . P(parameters, latent variables | data)
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Bayesian approach

P(parameters | data) =
> . P(parameters, latent variables | data)

Intractable!

Gibbs sampling

parameters ~ P(parameters | latent variables, data)

latent variables ~ P(latent variables | parameters, data)









P(x,y)

> X




= <

P(ylx)
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= <
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Still too expensive

Find one “good” set of parameters rather than a whole
sample from the posterior distribution.

Hard-assignment EM algorithm.
Various heuristic simplifications.

See Bioinformatics 19, 2003 for details.
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Saccharomyces cerevisiae



Clustering Pra-processing

Pl if

s=anch

From Segal et al., Bioinformatics 2003



Experiment 1

173 microarrays, measuring responses to various
stress conditions (Gasch et al. 2000)

o 20% of the predicted
motifs are known.

e Unified probabilistic model: 45% of the
predicted motifs are known.



Experiment 2

(7 microarrays, expression during the cell cycle
(Spellman et al. 1998)

o 30% of the predicted
motifs are known.

e Unified probabilistic model: 56% of the
predicted motifs are known.
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