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Accepted regulatory network

Classical Raf signalling network
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Can we reconstruct the network from
the data?

Can we improve the reconstructed
network by using additional sources of
information as prior biological
knowledge?




What is a Regulatory network?

BioSS

[Nooes | *Set of nodes that regulate each
other.

Edges represent putative causal
relationships.

*Only measured elements are
represented as hodes.

‘Intermediary elements that are not
measured are not represented.




Regulatory network

low osmolarity
SLT2 response genes

Transcription
Factors

low osmolarity response genes
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Methods




Bayesian networks

Find the best structure
M" = argmax,, {P(M|D)}

Find the best parameters
q = argmaxg {P(q|M", D)}

P(M|D) o P(D|M)P(M)

n, P(DIM) = [ P(Dla, M)P(aiM)dq
P(X1,Xa,...,X,) = [ ] P(Xi| Xpapi) BGe - Bayesian Gaussian equivalence scores
i=1
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BioSS

One approach would be calculate P(M|D) to all possible structures M

Problems:




BioSS

One approach would be calculate P(M|D) to all possible structures M

Problems:
‘ Number of nodes 4 6 8 10
‘ Number of topologies 543 | 3.7 x 10° | 7.8 x 10'* | 4.2 x 10%®




One approach would be calculate P(M|D) to all possible structures M

Problems:

‘ Number of nodes | 2 | 4 § 8 10
‘ Number of topologies | 3 | 543 | 3.7 x 10° | 7.8 x 10 | 4.2 x 10'®
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Bayesian networks + MCMC

‘Marriage between graph theory and
probability theory.

‘It is possible to score a network in
light of data. We can assert how well
a particular network explains some
observed data.

We use Markov Chain Monte Carlo
(MCMC) for sampling networks.

There are problems with equivalence
classes...




Bayesian networks
Equivalence classes

-Score of first three networks are
the same.

*They can't be distinguished in light
of the data.

‘We can only learn the undirected
graph.

‘Unless... we use interventions or
prior knowledge.




Bayesian networks
Summary

Data

BNs +
MCMC

v

Recovered
Networks




How can biological prior knowledge be
integrated in the Bayesian networks?




MCMC and Priors

 [PDIG)PEQCIC)
4= ”““{ P(DIG)P(G)Q(C']C) ’1}




MCMC and Priors

4 i [P0

QGG

P(D|G)
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MCMC and Priors

_[PDEPE@c)e)
4= { PDIGIE(C)R(G]C) ’1}

We model the prior with the Gibbs distribution:

Where the partition function is:

Z(B)=) e ?H9

Geg

Imoto,S., Higuchi,T., Goto,T., Kuhara,S. and Miyano.S. (2003) Combining
microarrays and biological knowledge for estimating gene networks via
Bayesian networks. Proceedings IEEE Computer Society DBioinformatics
Conference, (CSB’03), 104-113.




MCMC and Priors

_[PDEPE@c)e)
4= { PDIGIE(C)R(G]C) ’1}

We model the prior with the Gibbs distribution:

cABE©)

P(G|8) =

Z(B)
Where the partition function is: Hyperparameter
2(6) =Y 1P
Geg

Imoto,S., Higuchi,T., Goto,T., Kuhara,S. and Miyano.S. (2003) Combining
microarrays and biological knowledge for estimating gene networks via
Bayesian networks. Proceedings IEEE Computer Society DBioinformatics
Conference, (CSB’03), 104-113.




MCMC and Priors

_[PDEPE@c)e)
4= { PDIGIE(C)R(G]C) ’1}

We model the prior with the Gibbs distribution:
e—E(C
Z ()

P(G|8) =

Where the partition function is: The energy
z(8) =y B

Geg

Imoto,S., Higuchi,T., Goto,T., Kuhara,S. and Miyano.S. (2003) Combining
microarrays and biological knowledge for estimating gene networks via
Bayesian networks. Proceedings IEEE Computer Society DBioinformatics
Conference, (CSB’03), 104-113.




Biological Prior Knowledge

Biological prior knowledge matrix
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.. Indicates some knowledge about
7" the relationship between genes i and j

BioSS




Biological Prior Knowledge

Biological prior knowledge matrix

(b b by oo by USPuST
bor b bos bon .. Indicates some knowledge about
B— | bnn b32 bss bay, 7" the relationship between genes i and j
\bnl bn? bnS bnn/
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MCMC with one source of prior biological
knowledge

Sample graph and the hyperparameter .

[ POIGIPCI3)P(B)
4 { P(DIG)P(C|3)P(3) ’1}

Separate in two samples to improve the acceptance:
1. Sample graph with [ fixed.
2. Sample Bwith graph fixed.

_ [ PDIGIPG))
s {P(D|G> P(G13) 1}
[ PEIBIPB)
& { P(GI3)P(3) 1}

S C A1) _ | —E@e-5 Z(B) }
Agmm{ Z(7) ePEG) l}mm{e m,l




MCMC with one source of prior biological
knowledge

Sample graph and the hyperparameter .

[ POIGIPCI3)P(B)
4 { P(DIG)P(C|3)P(3) ’1}

Separate in two samples to improve the acceptance:
1. Sample graph with [ fixed.
2. Sample Bwith graph fixed.
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MCMC with one source of prior biological
knowledge

Sample graph and the hyperparameter .

[ POIGIPCI3)P(B)
4 { P(DIG)P(C|3)P(3) ’1}

Separate in two samples to improve the acceptance:
1. Sample graph with [ fixed.
2. Sample Bwith graph fixed.
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MCMC with one source of prior biological
knowledge

Sample graph and the hyperparameter .

[ POIGIPCI3)P(B)
4 {.mmewame>”}

Separate in two samples to improve the acceptance:
1. Sample graph with [ fixed.
2. Sample Bwith graph fixed.
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MCMC with one source of
knowledge

Sample graph and the hyperparameter .

prior biological

A — min { P(D|G")P(G"|5) P(5) 1}

P(D|G)P(G|B)P(B)

Separate in two samples to improve the acceptance:

1. Sample graph with [ fixed.
2. Sample Bwith graph fixed.
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MCMC with one source of prior biological
knowledge

-How to calculate the partition function? How to sum over |
all possible graphs?

N
E(G) =) |Bi;— Gl

i,5=1

Rewrite the energy as a
function of nodes and
parent sets

A“’\‘r

E(G)=) & (n,m[G])

n=1




MCMC with one source of prior biological I'\
knowledge :

all possible graphs?

N
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i,5=1
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Geg

Rewrite the energy as a

function of nodes and
parent sets
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How can we integrate multiple sources
of biological prior knowledge?




MCMC with multiple sources of prior
biological knowledge

We model the prior with the Gibbs distribution:

e—{E(G1)51+E(G2)ﬁ2}

Z(/Bla /62)

P(G|B1, a) =

Where the partition function is:

Z(/Bla 52) = Z e~ 1E(G1)B1+E(G2)B2}

Geg




MCMC with multiple sources of prior
biological knowledge

We model the prior with the Gibbs distribution:

e—{E(G1)51+E(G2)ﬁ2}

Z(/Bla /62)

P(G|B1, a) =

Where the partition function is:

Z(/Bla 52) = Z e~ 1E(G1)B1+E(G2)B2}

Geg
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MCMC with multiple sources of prior
biological knowledge

Sample graph and the parameters £, and 5,

- min{P(DIG’)P(G’Iﬂ{,@) 1}
P(D|G)P(G|By, B2)

Separate in three samples to improve the acceptance:
1. Sample graph with B, and B, fixed.
2. Sample Bl with graph and 32 fixed.
3. Sample B2 with graph and I fixed.

P(D|G") P(G'|51, B2) }
P(D|G)P(G|pr, 5o

A= mm{ )
P(G|51, 82) }
}

=5 mm{P(G b1, Ga)’

P(G 517)62
P(G|Br, B2)

,1




Bayesian networks
with prior biological knowledge

‘Prior biological knowledge: Information about the
interaction between nodes.

-Tn our simulations we use two distinct sources of
biological prior knowledge.

*Each source of biological prior knowledge is associated
with its own trade-off hyperparameter: 3, and ..

*Trade of f hyperparameter indicates how much biological
prior information is used.

*Trade of f hyperparameters are sampled. They are not
set by the user!




Bayesian networks
with two sources of prior

Source 1 Data

A4
BNs +
MCMC

l

Recovered Networks and
trade of f parameters




Bayesian networks
with two sources of prior

Source 1 Data

A4
BNs +
MCMC

l

Recovered Networks and
trade of f parameters




Bayesian networks
with two sources of prior

Source 1 Data

A4
BNs +
MCMC

l

Recovered Networks and
trade of f parameters




I presented the method and how it
IS supposed to work.

Is it what we get when applying it
to real data?




Application




The data

Causal Protein-Signaling B()S S

Networks Derived from
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The data

Causal Protein-Signaling
Networks Derived from
Multiparameter Single-Cell Data
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BioSS

Data available:

- Intracellular multicolour
flow cytometry.

- Measured protein
concentrations.

- 11 X 1200 data points.

We sample 5 data sets with
100 data points each.

g Why we don't use

all the data?




Microarray example

Spellman et al (1998)
Cell cycle
/3 samples

time

Genes

Tu et al (2005)
Metabolic cycle
36 samples

time

Genes




The data and the priors
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The data and the priors

http://www.genome.jp/kegg/

—— " —

o ol "‘-..,.
_

Kypto Ennyclupedla n! 1
Genesand Genomes ,.'

GG

KEGG PATHWAYS are a collection of

manually drawn pathway maps representing
our knowledge of molecular interactions and

reaction networks.




The data and the priors
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The data and the priors

BioSS

Define by M;; the total number of times a pair of genes 7 and j appears in a
pathway, and by m;; the number of times the genes are connected by a (di-
rected) edge in the KEGG pathway. The elements B;; of the prior knowledge
matrix are then defined by

oy
Baj —

M

If a pair of genes is not found in any of the KEGG pathways., we set the
respective prior assoclation to B;; = 0.5, implying that we have no information

(43)

about this relationship.




Accepted regulatory network

" ‘ [

Classical Raf signalling network y
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How to compare the recovered
networks?




Performance evaluation

Thresholding

True network Predicted network

! } s compare .
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Thresholding

True network Predicted network

! } s compare .




Performance evaluation

Counting

True network Predicted network

K} s compare .

True Positives False Positives




Performance evaluation

Counting

True network Predicted network

! } s compare .

True Positives False Positives

DGE - Consider edge directions
UGE - Discard the edge directions




How to compare the recovered
networks?

‘We use the Area Under the Receiver Operating
Characteristic Curve (ROC).

‘ROC curves:

Random predictor Perfect predictor 1 Realistic predictor
1 1 ,
[72]
D D 7
g 05 S 05 2 05
g 9 3
= = =
0 ) 0 0 :
0 0.5 1 0 0.5 1 0 0.5 1
False positives False positives False positives

‘We call the area AUC




Evaluation 2: TP scores

We set the threshold such that we
obtained 5 spurious edges (5 FPs)
and counted the corresponding
number of true edges (TP count).




We have the data sets and two
different sources of prior one of
which is random.

How the sampled trade of f
hyperparameters look like?




Typical sampled values of the
hyperparameters
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And the reconstructed network?
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Are the trade of f hyperparameters
optimal?




Learning the trade off parameters on real

data

0.9

0.85¢

0.81

0.75¢

AUC

0.651

0.55¢

0.5

mean and standard deviation
of the sampled trade of f
hyperparameter

0.7¢

i
06r |

il ] | I ! I
0 20 40 60 80 100

» Is the accepted
hetwork
completely
correct?




Learning the trade off parameters on
simulated data

mean and standard deviation
@
of the sampled trade of f BlOS S
parameter
7/
T " DGE - We simulated data from the
I ' ' - | accepted network
005 , T ] strucuture.
ool . | - We are sure that we don't
' : have any mismatch between
0.85 i 1 7 the data and the network we
o | use to calculate the AUC
o ! scores.
D 0.75} ,
< . Now the sampled trade of f
0.7| i parameter is optimal
0.65} |
0.6} E
0.55| i —F
. — AUC
0.5= : : ‘
4 6 8 10




New evidence for the accepted
network

Regulation of Raf-1 by Direct
Feedback Phosphorylation. Molecular
cell, Vol. 17, 2005 Dougherty et al

Inhibitory
Kinase
|[ERK and others?)

Activating
Kinase

Inactive \_,/ Inactive
“Resting” “Desensitized”
PP2A

Pin1

Figure 7. A Model for Raf-1 Regulation by Feedback Phosphory-
lation

et
=> PKC y
"
= Ak
2 PN
——PKA > Raf )
MAPKKK < | (Mek1/2)
MEK3/6 -Efk‘l 3'2\’




New evidence for the accepted
network

Regulation of Raf-1 by Direct
Feedback Phosphorylation. Molecular
cell, Vol. 17, 2005 Dougherty et al
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Kinase
|[ERK and others?)

Activating _—
Kinase

Inactive \_,/ Inactive
“Resting” “Desensitized”
PP2A

Pin1

Figure 7. A Model for Raf-1 Regulation by Feedback Phosphory-
lation

et
=> PKC y
"
= Ak
2 PN
——PKA > Raf )
MAPKKK < | (Mek1/2)
MEK3/6 -Efk‘l 3'2\’




Summary

+ Extended method can distinguish between good and
bad sources of prior.

» Application to real data leads to significantly improved
results.

* Trade off parameters are close to the optimal.
Differences can be explained by the inconsistencies in
the accepted network.
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