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How to extract relevant
biological information ?




Ildentification of communities

Classes / Clusters / Modules

Protein cellular
functions

Group of tightly linked
genes/proteins




Protein - Structures

Inspired from P. Aloy, ECCB 2014

e Topology : Density, Modularity
 Integration of external data
* Overlapping / Disjoint
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PPI (12110 / 60669)

Co-Express




Does the combination of networks improves the detection
of communities?

How to combine multiple networks to identify communities?
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Consensus part




Multiplex framework
J

Transcription Factor -
Protein-protein target gene Pathways Complexes
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Multiplex, Multi-layer, Multislice




Multiplex framework

Transcription Factor -
Protein-protein target gene Pathways Complexes
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 Multiplex-modularity




Multiplex framework

Networks aggregation

- Consensus partition

Protocole

Multiplex-modularity

Mx-modularity Optimization
(adapted Louvain algo)

Modularity

Modularity Optimization
(Louvain algo)



Simulations (SBMs)
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Considering many networks improves the detection of
communities



Simulations (SBMs)
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Mx framework more efficient with heterogeneous and
incomplete networks



Application to real biological
» @ networks

Pathways Co-expr Complexes

e

o GGranularity parameter from 1to 15
o Community number, sizes, similarities

=> More balanced



;% Community GOBP annotations
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Annotated clusters (%)

=> More annotated

=> Multiplex framework is well suited to identify
communities from multiple biological networks



Module enriched in Coffin-Siris
® syndrome genes

Co-
Pathways expression PPI Complexes
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Molti

| X\:.I | '@ ® | MolTi

Communities
Parameters

Resolution Parameter hoo 2
Community annotation (optional)

Threshold 0.010
Annotation

Description

Load graphs

File name # of vertices Density

Add Remove

Information

https://github.com/gilles-didier/MolTi

Didier et al. Accepted in PeerJ
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