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Networks in molecular biology

o Jystems biology is the clue

o Complex biological systems are mathematically modelled as
a whole
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Networks in molecular biology

o ..some derived concepts
o How the system is impaired rather than its elements
o Explain origin of diseases
o Face gene heterogeneity




Networks in molecular biology

o Networks are extremely useful to represent different
systems and their inner interactions elements




Networks in molecular biology

o Knowledge is represented as a graph

o Proteins are the vertices
o Interactions are the edges

o |

.




Networks in molecular biology

o Biological networks
o Scale-free (power law)

(a) Random network (b) Scale-free network



Networks in molecular biology

e Types of networks (aka interactomes)
o Protein-protein interactions

PPI = protein A interacts physically with protein B




Networks in molecular biology

e Types of networks (aka interactomes)
o Post-translational modifications
o Coexpression

o Functional terms
O ..




Networks in molecular biology

Network are evaluated through some parameters:

o At anetwork level:

o Number of components
o Clustering coefficient

o Atagene level:

o (Closeness centrality
o Betwenness centrality
o Degree




Networks in molecular biology

isease-gene prioritization approaches

Bioinformatics Advance Access published July 30, 2014
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Network-based methods for human
disease gene prediction

Xiujuan Wang, Neeali Gulbahee and Haiyuan Yo
Advane Access publication date [5 July 2001

Abstract

Despite the considerable progress in disease gene discovery, we are far from uncovering the underlying celiular
mechanisms of diseases since complex traits, even many Mendelian diseases, cannot be explained by simple geno-
type - phenotype relationships. More recently, an increasingly accepted view is that human diseases result from par-
turbatiors of cellulr systems, espedally molecular networks. Genes associated with the same or similar diseases
commonly reside in the same neighborhood of mdecular networks Such observations have built the basis for a
large collection of computational approaches to find previously unknown genes associated with certain diseases.
The majority of the methods are based on protein interactome networlks, with integration of other large-scale gen-
omic data or disease phenotype information, to infer how likely it is that a gene is associated with a disease. Here,
we review recent, state of the art, netwoerk-based methods used for prioritizing disease genes as well as unraveling
the molecilar basis of human diseases.
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Networks in molecular biology

Gene prioritization approaches
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Network enrichment (SNOW)

Ex Babel|fprmesnsdy Expression v Genomics v Cancer v jodeuf@tingait & Upload & profile [ jobs @

Show @

Examples

Downregulated in fibroblasts from old individuals, compared toyoung | &

Upregulated by induction of exogenous BRCA1in EcR-2

Define your input data

(=) Onelist () Comparing two lists

Select your input files

List 1
(&) File () Textarea

The files must be on the server to select them.
You can upload files using the button &8 inside file browser.

File browser | WorkSpace!

List nature

) Transcripts (&) Proteins () Genes

Species

Homo sapiens




Network enrichment (SNOW)

o GOAL: it determines whether a set of input genes
represents a biologically meaningful network

random significant




Network enrichment (SNOW)

Reports hubs, central proteins and
proteins in highly connected areas

Per each topological parameter
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Network enrichment (SNOW)

Interactome construction
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Network enrichment (SNOW)

Is this MCN relevant?
Can it be expected by chance?

‘--.—-...-r

_ ) Protein interactome e - _
List of proteins from MCN associated to the list of proteins

large-scale experiment 4 Minimum Connected Network

Minguez et al. 2009




Network enrichment (SNOW)

Comparison against N random networks (of similar size)

value of input network

distribution of random
networks
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Some exercices

Worked examples of SNOW in Babelomics 5 wiki

https://github.com/babelomics/babelomics/wiki/network-
enrichment-(snow)



Gene set network enrichment (Network miner)

e (ene set enrichmen
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Gene set network enrichment (Network miner)

Cancer v jodeuftiogaicy €8 Upload & profile (£ jobs @

Network Miner @

Examples

Essential genes in cancer cell line K562 L | Genes Down-regulated in Fanconi Anemia

Essential genes in cancer cell line JURKAT L | Genome-Wide Association Study in Bipolar Disorder

Select your data

The files must be on the server to select them.
*You can upload files using the button &8 inside file browser.

File browser | WorkSpace/

Select your seed list (optional)

(=) File () Text area

The files must be on the server to select them.
*You can upload files using the button &€inside file browser.

File browser | WorkSpace/

List nature

(O) Transcripts (&) Proteins () Genes

Species

Homo sapiens




Gene set network enrichment (Network miner)

o GOAL:Is there a latent sub-network related to
ranking criteria?
e inputis aranked list (diff. expression, GWAS, ...)

Q
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Gene set network enrichment (Network miner)

=3 P-value?

INPUT: SUBDIVISION MAPPING on the Identification of the partition
Ranked list In aggregated interactome to get the MCN with the maximum score
of genes partitions and CALCULATION of the

- rawies i AW
<k = comipwiments in MOW

Sublist Sire




Gene set network enrichment (Network miner)

Results: Minimum Connected Network selected

All results

Enrichment score e

Size vs. Avg. node per component

1rst, ordering the parameter of interest z, ac- ‘
cording to the ranked list, all relative maxima
are identified. The partitions so selected (S7“)
represent situations where a new protein
capable of connecting to the previous ones is
added to the previous partitions.

Second, the score Ly is computed as

Avg. node per component

Ly = (zxg—1)[(k—1) for all the selected parti-
tions S7"*. The score can be seen as a balance
between the increase in connected nodes and the
distance to the top of the ranked list (k = 1).
Third, we choose the partition S,., and index
kpes corresponding to the highest L, computed
in b) form the §"* chosen in (a).

Size
Size / Avg. node per component Selected

Size vs. Score

Size / Score Selected
Highcharts.com

All results result all. txt




Some exercises...

Worked examples of NM on Babelomics 5 wiki

https://github.com/babelomics/babelomics/wiki/Gene°o20Setol20Network®/lo
20Enrichment/o20(Network®/o20Miner)



Some conclusions

o Jystems hiology provides us a global view of our
living system

o Networks are extremely useful to represent inner
interactions

o Networks can be measured by different topological
parameters



Any question?



