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Introduction: the language of life



The language of life

Translucent squid __
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The language of life: building blocks
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Introduction: systems biology
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e Systems biology

— Systematic study of complex interactions in biological
systems using a holistic approach
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Genomics Proteomics Metabolomics Transcriptomics

e.g. DNA sequencing e.g. 2D gels e.g. mass spectrometry e.g. DNA microarrays
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Large scale application of simulated data

to assess network inference algorithms



e NSRS RARLMIN __;:JJL_
Introductlon

Reconstruction of gene regulatory networks

Simulated organism
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Gene regulatory network

Limited knowledge of true underlying network
— How to characterize algorithm performance?

Overview o Introduction e @ SynTReN ee e e e ProBiceeeee Conclusion ee 1q



i

* Simulated data
— (+) Complete insight in underlying model (white box model)
— (+) Control over all parameters
— (+) Fast, in silico experiments
— (=) Based on simplified models of biology

* SynTReN

— Fast generation of large simulated gene expression datasets
under various settings

— Offer additional, sometimes unexpected, insights in the
behavior of inference algorithms compared to biological data
only




SynTReN setup
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SynTReN setup

[ Michaelis-Menten and Hill enzyme kinetics J

(==
 Complexinteractions S

* Synergism and antagonism

* Cooperative binding

* Competitive binding

Steady-state

@aluation :

SynTReN \

Network
topology

|

Define
interactions

/

Add noise
function

o; \ /Sampling \
:g}na V v
[ % S o7 @ True Set external
S¢ _Z: network conditions
o | ! |
é D‘Z . @
: % 03 5 o5 06 o7 08 05 1 Leaied / Sample data
Normalized expression value of activator netwo rk
A
P Ai ”1.7('f Pi[ A, )I{N[ k E / \ /
VO,max r g Zi:l(fj) = = Hj:l(l + (K) ’ ) ’ Vi,nm,\‘ _ v
0= - :
P Aj \n Q I \pinh Network inference Microarray-
Hi:l(l . i (E)”I ) ’ H/:1(1 + (K_,]) ] ) [ algorithm J( like dataset

Overview e Introduction e ¢ SynTReN ee e e e ProBiceeeee Conclusion ee

19



SynTReN setup

[ Adding different noise types ] / SynTReN \
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SynTReN setup
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SynTReN setup

[ Characterization of network inference algorithms J

ARACNE
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e Effect of network topology
o Effect of noise and amount of data




Specificity

Specificity

“Sensitivity.
(a) SAMBA

nlSca nsitivity
(¢) ARACNE

Specificity

* Sensitivity
(b) Genomica

Network topology

B B AbertBarabasi
@ B Dirccted scale free
A O E. coli cluster addition
l B E coli neighbor addition
* [ Erdos-Rényi
() @ Watts-Strogatz
= [0 S cerevisiae cluster addition
[ 1 ® S cerevisiae neighbor addition

MOV
-‘.H;!P\"Qr\f

Network topology has a
strong impact on
algorithm performance

Genomica and ARACNE
perform significantly
better on biological
(sub)networks

TP

TP +FN
e TN
specificity = N TP

sensitivity =




.BIOInfonnéTi?s =

e Algorithms show qualitatively different response to increasing data
* Plateauis reached for some algorithms
* Varying dependency on noise
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* Application simulated data offers interesting insights in
characteristics of network inference algorithms

* Underlying network topology of simulated data is an

important factor w.r.t. the quality of the inferred
network

* Biological (sub)networks generally lead to better
inference
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Model-based biclustering of gene expression data



Reconstruction of gene regulatory networks
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ProBic goals:
* Unified probabilistic model
 Combined query-driven and global biclustering
 Model driven:
 Multiple overlapping biclusters
* Incorporate diametrical biclustering
 Computational efficiency
* No data discretization required
* Extensible towards heterogeneous data




ProBic model

Based on Probabilistic relational model framework
* relational extension to Bayesian networks:

Bayesian networks

Probabilistic relational models
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a single flat table
relational data structure

* Designed for:
— Computational efficiency
— Extensibility

* Three classes:
— Gene
— Array
— Expression

Conclusion e e
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* Parameters:
— Set of Normal distributions

* Hidden variables:
— Gene-bicluster assignments
— Array-bicluster assignments

* Priors:
— Query-driven biclustering
— Expert knowledge

P(g.B) = table CPD P(e.level | e.gene.B, e.array.B, e.array.ID)
P(g.B) Normal( p, . Op)
sum(g.B) =0 13
sum(g.B) > 0 B where:
a=e.array.|D
b=e.gene.B N
e.array.B

PRM model




* Only approximative algorithms are tractable

* Hard assignment Expectation-Maximization algorithm

— Natural decomposition of the model in the EM steps
— Efficient
— Extensible

— Good convergence properties
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* Simulated datasets:
— Noise and missing value robustness
— Comparison to state of the art

* Query-driven biclustering (E. coli compendium):
— Single gene queries

— Qutlier removal in multi-gene queries




Noise and missing value robustness

 Simulated data:
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* Simulated datasets defined by Prelic et al. (2006)

— Independent datasets
— Not biased towards particular algorithm

* Query-driven biclustering algorithms:
— Gene Recommender (GR) [Owen et al., 2003]
— Iterative Signature Algorithm (ISA) [Ihmels et al., 2002]
— Query-driven biclustering (QDB) [Dhollander et al., 2008]
— ProBic (PB) [Van den Bulcke et al., 2009]
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Single gene query-driven biclustering

* Select single target from a known regulator
e Use this gene as ‘query’ gene
e E. colicompendium [Lemmens et al., 2008]

Reg. | Query | Genes | Arrays | Reg. enrich. | GO term
LexA | uvrB 11 32 | LexA SOS response
(1.0394e-14) | (1.13e-19)
LexA | dinl 8 20 | LexA SOS response
(9.8312e-06) | (2.05e-12) -
Fur | fhuE 20 75 | Fur enterochelin (enterobactin) | |;
(1.3682¢-23) | (1.43e-12) : e
CysB | cysK 12 97 | CysB Sulfur metabolism
(2.3838e-20) | (5.36e-12)
CysB | cysD 10 110 | CysB unknown
(1.0744e-18)
NtrC | ddpX 7 28 | NtrC nitrogen metabolism i ' T
(7.0782e-10) | (5.04e-02) || .

Query: uvrB
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Outlier removal in QD biclustering

Experimental setup:

Seed: cyoB
Seed: cyoh

Seed: cyoB
Seed: cyol

e Examine effect of outlier
genes in set of query genes

Query genes:
* Two operon genes

* One or more random genes

Example:

e E. colicompendium,
cyoABCDE operon

* Select two genes (cyoA and | |l
cyoB) and one or more S
random genes.
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Summary

* SynTReN:

— Fast, large scale simulator of regulatory networks

— Simulated data reveals operational characteristics of network
inference algorithms unlikely to be discovered with biological
data only

— Network topology has an important effect on inference quality

* ProBic:
— Combined global and query-driven biclustering model
— Simultaneous biclustering of multiple overlapping biclusters
— Extensibility towards module network inference
— Robust w.r.t. noise and missing values

— Query-driven biclustering with:
* single genes
* multi-gene queries containing outlier genes
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Outlook & future work

* SynTReN.:

— Extension towards heterogeneous networks
(metabolites, proteins, DNA, RNA)

 ProBic:

— Development of a GUI and large scale application to
biological data

— Extend ProBic model towards regulatory module
identification, including:
* Condition annotation
* Motif and regulator annotation
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