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o Whatare neworks/granhs” |
What is a graph? graphe
Mathematical object used to model relational data between entities.
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What is a graph? graphe

Mathematical object used to model relational data between entities.

The entities are called nodes or vertices

neeuds/sommets
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. o e ol (v
What is a graph? graphe

Mathematical object used to model relational data between entities.

A relation between two entities is modeled by an edge
aréte
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o Whatare neworks/granhs” |
Graphs are a way to represent biological knowledge
Nodes can be...

populations, individuals,

genes, mRNAs, proteins, small RNAs, hormones, metabolites, species,
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Graphs are a way to represent biological knowledge
Nodes can be...

genes, mRNAs, proteins, small RNAs, hormones, metabolites, species,
populations, individuals, ... Additional information can be attached to these
nodes (GO term, protein family, functional motifs, cis-regulatory motifs, ...)

o & - = DA
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Graphs are a way to represent biological knowledge

Nodes can be...

genes, mRNAs, proteins, small RNAs, hormones, metabolites, species,
populations, individuals, ... Additional information can be attached to these
nodes (GO term, protein family, functional motifs, cis-regulatory motifs, ...)

Relations can be...

e molecular regulation (transcriptional regulation, phosphorylation,
acetylation, ...)

e molecular interaction (protein-protein, protein-siRNA, ...)
e enzymatic reactions

e genetic interactions (when gene A is mutated, gene B expression is
up-regulated)

e co-localisation (genomic, sub-cellular, cellular, ...)
e co-occurence (when two entities are systematically found together)
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Example of a molecular network with molecular regulation

Cis-regulatory module

Nodes are genes

Regulatory gene | e ——10kb

Relations are transcriptional regulations i S PN T il
"
Genef I
[de Leon and Davidson, 2006] L -

Gene C Gene D Gene E

Domain A differentiation gene
=} =) = = = A
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o whatare networke/graph? [
Example of a molecular network with physical interactions
Nodes are proteins
Relations are physical interactions (Y2H)

[Vernoux et al., 2011]

made from data in

[Arabidopsis Interactome Mapping Consortium, 2011]
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Example of a metabolic network
Nodes are metabolites
Relations are enzymatic
reactions

Image taken from Project

“Trypanosome” (F. Bringaud -
IMET team, RMSB,

Bordeaux)

.j '
r oo o i
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S Whatare nenvork/sraphs” |
Example of an ecologic network

Nodes are species

Relations are trophic links

Flower-visiting insect

Butterfty
! s = - Aphid
. z Primary

L aphid

parasitoid

aphid

[The QUINTESSENCE Consortium, 2016]
Seed-feeding  Insect

bird  seed-eeder

Leat-mines parasitobd
o Seed-feeding
parasitoid s

CIMI Automn School (19/09/2017)

SD & NV2




Example of a molecular network with heterogeneous
information

Nodes

1
e shapes represent the nature of the entities

-~

e colors indicate tissue localisation

Edges are direct molecular relations of different
types

e reliability: bold, dashed, normal lines

e inhibition or activation: T-line or arrow

[La Rota et al., 2011]

o &
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C Whatare networks useful for in biology” |
Advantages and drawbacks of network visualization
Visualization helps understand the network macro-structure and provides
an intuitive understanding of the network.
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Advantages and drawbacks of network visualization

Visualization helps understand the network macro-structure and provides
an intuitive understanding of the network.
But all network visualizations are subjective and can mislead the person

looking at it if not careful. [Shen-Orr et al., 2002] Escherichia coli transcriptional
regulation network

Kamada Kawai

Fruchterman Reingold

random

AR ats
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How to represent networks?

Many different algorithms that often produce solutions that are not unique
(integrate some randomness)

Most popular: force directed placement algorithms
e Fruchterman & Reingold [Fruchterman and Reingold, 1991]
e Kamada & Kawai [Kamada and Kawai, 1989]

Such algorithms are computationally extensive and hard to use with large
networks (more than a few thousands nodes)

Another useful layout

e attribute circle layout (quick but can be hard to read)

CIMI Automn School (19/09/2017) SD & Nv2 14 / 45



Network visualization software

(not only for biological networks)

e NetworkX (python library, not really interactive but produces
javascript) https://networkx.github.io

ElLaRi

Crwia—

° é.:;cv‘o:»!i!‘ﬂi

;\ii igraph (python and R libraries, not really interactive)
http://igraph.org

Tulip (interactive) http://tulip.labri.fr

Cytoscape (interactive) http://cytoscape.org

Gephi Gephi (interactive) gephi.org
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https://networkx.github.io
http://igraph.org
http://tulip.labri.fr
http://cytoscape.org
gephi.org
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What is network topology?
Network topology

e study of the network global and local structure

e produces numerical summaries = biological interpretation

~
CIMI Automn School (19/09/2017)

“And that's why we need a computer.”
and AJC1, CC BY-NC-SA 2.0, https://www.flickr.com/photos/ajcl/4
o

Credits: S.M.H. Oloomi, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=35247515 (network)

830932578
F

B (biology)
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What is network topology?
Network topology

e study of the network global and local structure

e produces numerical summaries = biological interpretation

connected components are the
connected subgraphs, i.e., parts of
the graph in which any node can be
reached from any other node by a
path

composantes connexes

34 connected components

[Shen-Orr et al., 2002] Escherichia coli transcriptional regulation network

CIMI Automn School (19/09/2017) SD & Nv2 17 / 45



Global characteristics

(mainly used for comparisons between networks or with random graphs having common
characteristics with the real network)

Density densité

Number of edges divided by the number of pairs of nodes.

[Shen-Orr et al., 2002] Escherichia

COII t ransc ri pt | ona I regu |atIO n Survival of the sparsest: robust gene networks

are parsimonious

network: 423 nodes, 578 edges.
Density: ~ 0.64% T

sty e i, T, USA
1y Sy Yas Uk, 16 oot Sk, How Haan T 6320, USA.

[Leclerc 2008]: b|olog|ca| networks
are generally sparsely connected (S.
cerevisiae, E. coli, D. melanogaster
o transcriptional regulatory network
“MW*W densities < 0.1): evolutionary

i advantage for preserving robustness?
SD & Nv2 18 / 45
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Global characteristics

(mainly used for comparisons between networks or with random graphs having common
characteristics with the real network)

Transitivity transitivité
Number of triangles divided by the number of triplets connected by at least

two edges.
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Global characteristics

characteristics with the real network)
Transitivity transitivité

two edges.

(mainly used for comparisons between networks or with random graphs having common

Number of triangles divided by the number of triplets connected by at least

o =) = =
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Global characteristics

characteristics with the real network)
Transitivity transitivité

two edges.

(mainly used for comparisons between networks or with random graphs having common

Number of triangles divided by the number of triplets connected by at least
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Global characteristics

(mainly used for comparisons between networks or with random graphs having common
characteristics with the real network)

Transitivity transitivité
Number of triangles divided by the number of triplets connected by at least

two edges.

Density is equal to 4;5/2 = 2/3 ; Transitivity is equal to 1/3.
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Global characteristics
(mainly used for comparisons between networks or with random graphs having common
characteristics with the real network)

Transitivity transitivité

Number of triangles divided by the number of triplets connected by at least
two edges.

[Shen-Orr et al., 2002] Escherichia
coli transcriptional regulation
network. Transitivity: ~ 2.38%
> density

Comparaison with random graphs
(same number of nodes and edges,
edges distributed at random between
pairs of nodes): average transitivity is
~ 0.63%.

= strong local density in Escherichia
coli transcriptional regulation network
(“modularity” structure).

;
eandSE
CIMI Automn School (19/09/2017) SD & NV2 18 / 45
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Key measures for other numerical characteristics
Node degree degré

number of edges adjacent to a given node or number of neighbors of the

node

The degree of the red node is equal to 3.

CIMI Automn School (19/09/2017) SD & Nv2
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Key measures for other numerical characteristics

Node degree degré

number of edges adjacent to a given node or number of neighbors of the

node

[Jeong et al., 2000] shows that degree
distribution in metabolomic networks is
"“scale-free”

frequency of nodes having a degree of k
~ k=7 (highly skewed distributions)

CIMI Automn School (19/09/2017)

k k

Archaeoglobus fulgidus, E. coli,

L L L 1
100 1t 10t 10 100 100 10f 10°

Caenorhabditis elegans and average over 43

organisms

SD & Nv2

19 / 45



Key measures for other numerical characteristics
Shortest path length (between two nodes)

minimal number of edges needed to reach a node from the other node
through a path along the edges of the network

The shortest path length between red nodes is equal to 2.
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Key measures for other numerical characteristics

Shortest path length (between two nodes)

minimal number of edges needed to reach a node from the other node
through a path along the edges of the network

[Jeong et al., 2000]
shows that shortest path
length distribution is
similar accross 43 species
in metabolomic networks

observed average shortest path lengths is smaller 3§ g Hﬂiﬂ% % H+ 1

than in random graph with uniform distribution
of edges

200 400 600
N
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Network motifs
[Shen-Orr et al., 2002] showed that some specific motifs

dense overlapping regulons (DOR)

feedforward loop

single input module (SIM)
O

|_|_’f_| X X X3 . X %j’:?ﬁ

212y Zn) 2, 2 Z3 Zy.Zn

are found significantly more often in Escherichia coli transcription network
than in random networks with the same degree distribution.
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Network motifs
[Shen-Orr et al., 2002] showed that some specific motifs

dense overlapping regulons (DOR)

teedforward loop

single input module (SIM)
0

212y Zn) 2, 2 Z3 Zy.Zn

are found significantly more often in Escherichia coli transcription network
than in random networks with the same degree distribution.

[Milo et al., 2002,

Lee et al., 2002,
Eichenberger et al., 2004,
Odom et al., 2004, .
Boyer et al., 2005, o Tnsrptionfactors
Iranfar et al., 2006] show similar
conclusion in various species
(bacteria, yeast, higher organisms)

SD & NV2 21 / 45




Node clustering classification

Cluster nodes into groups that are densely connected and share few links
(comparatively) with the other groups. Clusters are often called

communities communautés (social sciences) or modules modules
(biology). [Fortunato, 2010]

[m] = = =
CIMI Automn School (19/09/2017)
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C o Whatare networks useful for in biology” |
Node clustering classification

Cluster nodes into groups that are densely connected and share few links
(comparatively) with the other groups. Clusters are often called

communities communautés (social sciences) or modules modules
(biology). [Fortunato, 2010]

Simplification of a large complex
network

00 10 st

biochemical pathways

[Holme et al., 2003] use clustering
of metabolic networks to provide a
simplified overview of the whole
network and meaningful clusters
o =] = =
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Node clustering classification

Cluster nodes into groups that are densely connected and share few links
(comparatively) with the other groups. Clusters are often called

communities communautés (social sciences) or modules modules
(biology). [Fortunato, 2010]

Simplification of a large complex 'de"t'fyﬁx groups \,n°'7,‘key genes
network 2

Modular organization of cellular networks

‘Subnetwork hierarchies of biochemical pathways
Fﬁ Pottar Holmo ', Mikaei Huss? and Hawoong Jeong®

Abstract

) Rives and Galitski, 2003] use
[Holme et al., 2003] use clustering [ N ]
. . clustering in PPl network of yeast and
of metabolic networks to provide a . ) :
o , found that proteins mostly interacting
simplified overview of the whole . :
_ with members of their own cluster
network and meaningful clusters . .
are often essential proteins.
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Extracting important nodes

Hubs

Nodes with a high degree are called hubs: measure of the node popularity

[Lu et al., 2007] show that hubs
have low changes in expression and
have significantly different functions

than erlpherlcal nodes

[Jeong et al., 2000] show that the
hubs are practically identical in R
metabolic networks among many == T
species

Nubs Iologlcall raction eMo rks ex| thIl low
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Extracting important nodes

Betweenness (of a node) centralité

number of shortest paths between all pairs of nodes that pass through the

node. Betweenness is a centrality measure (nodes that are likely to
disconnect the network if removed).

The orange node's degree is equal to 3, its betweenness to 4.
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Extracting important nodes

Betweenness (of a node) centralité

number of shortest paths between all pairs of nodes that pass through the
node. Betweenness is a centrality measure (nodes that are likely to

disconnect the network if removed).

OPEN 3 ACCESS Freely available online PLOS compurationaL sioLocy
The Importance of Bottlenecks in Protein
Networks: Correlation with Gene Essentiality

and Expression Dynamics

Haiyuan Yu'®
1 Deparimert

*, Philip M. Kim'®, Emmett Sprecher™,
Yale Universiy, New

" Valery Trifonov®, Mark Gerstein'*>"

Ithasbeena

features of protein networko. H Howeve, most of ave ocus In network vudies hes been.on Hghly connected protens

(“hubs”). As a complementary noti i protein higl

artray [ ok wodes tat

tunnels on  highway map). B y

propertes. n particular, my are more kely to be assentidl protans. n fact In raguistory and ot dvected
tworks, betweenness (i, “bottleneck-ness”) is a much more significant indicator of essentialty than degree (.e.,

CIMI Automn School (19/09/2017)

[Yu et al., 2007] show that nodes
with high betweenness in PPI
networks are key connector proteins
and are more likely to be essential
proteins.
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Principle of status prediction based on a biological network

Available data: a network in which nodes are labeled by (incomplete)
information (e.g., GO term, disease status...)

Question: complete the information of nodes with unknown status

—"

SD & Nv2 25 / 45
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Principle of status prediction based on a biological network

Available data: a network in which nodes are labeled by (incomplete)
information (e.g., GO term, disease status...)

Question: complete the information of nodes with unknown status

Solution: Rule based on a majority vote among the neighbours. If the
score is greater than a given threshold, then status is selected.
[Zaag, 2016]

—"
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C o Wharare networks useful for in biology |
Prediction model using a graph
the same genes)

Available data: a set of gene expression profiles and a gene network (on

Question: predict the status of a sample (e.g., healthy / not healthy)

CIMI Automn School (19/09/2017)

SD & Nv2
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Prediction model using a graph

Available data: a set of gene expression profiles and a gene network (on
the same genes)

Question: predict the status of a sample (e.g., healthy / not healthy)

BMC Bioinformatics s

[Rapaport et al., 2007] using the network
knowledge improves the results by producing
solutions that have similar contributions for genes
connected by the network

rei Zinovyev!, Marie Dutreix’, Emmanuel Barillot!

regression model with network based penalization

o & = = Ha o
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Use case description
Data are Natty's facebook network

e fbnet-el-2015.txt is the edge list;
e fbnet-name-2015.txt are the nodes’ initials.

library (igraph)
edgelist <- as.matrix(read.table("fbnet-el1-2015.txt"))
vnames <- read.table("fbnet-name-2015.txt",
stringsAsFactors = FALSE)

vnames <- as.character (vnames[ ,1])

The graph is built with:

fbnet0 <- graph_from_edgelist (edgelist,
directed = FALSE)

fbnetO
# IGRAPH c4d6831 U---

# + edges from c4d6831:
CIMI Automn School (19/09/2017) SD & Nv2 28 / 45
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Vertices, vertex attributes

Vertices can be described by attributes:

# add an attribute for vertices
V(fbnetO)$initials <- vnames
fbnetO

# IGRAPH c4d6831 U--- 152 5b1 --
# + attr: initials (v/c)

# + edges from c4d6831:

# [1] 1-- 11 1-- 41

o =) = = z 9ac
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Network visualization

Different layouts are implemented in igraph to visualize the graph:

plot (fbnet0, layout = layout_with_fr,

main = "my network", vertex.size = 3,

vertex.color = "pink", vertex.frame.color = "red",
vertex.label.color = "darkred",

edge.color = '"grey",

vertex.label = V(fbnetO)$initials)

o = = = DA
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Degree and betweenness

fbnetO.degree <- degree(fbnet0)

summary (fbnet0.degree)

# Min. 1st Qu. Median Mean 3rd Qu. Max .
# 0.00 1.00 4.00 7.25 11.25 31.00
fbnet0.between <- betweenness (fbnet0)

summary (fbnet0.between)

# Min. 1st Qu. Median Mean 3rd Qu.
Max .
# 0.000 0.000 1.784 242.171

80.0567 3438.777

[m] = = =
CIMI Automn School (19/09/2017) SD & Nv2 31/ 45
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C o Whatare networks useful for in biology |
Node clustering

One of the function to perform node clustering is spinglass.community
(that prossibly produces different results each time it is used since it is
based on a stochastic process):

fbnet0.clusters <- cluster_louvain(fbnetO)
fbnet0.clusters

# IGRAPH clustering multi level, groups: 27, mod: 0.59
# + groups:

# $e1¢

[1] 3 4 14 16 39

$(2(
[11 9
able (membership (fbnet0.clusters))
i1 2 3 4 5 6 7 8 9
5 1 1 1 1 1 1 1 1

H oH o HH O H

See help(communities) for further information.
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Display the clustering:

par (mar=rep (1,4))
plot (fbnet0, main
vertex.frame
vertex.color
vertex.label

CIMI Automn School (19/09/2017) SD & Nv2 3

.color =

"Communities",

membership (fbnet0.clusters),
membership (fbnet0.clusters),
NA, edge.color = "grey")

=] F
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 Howtobuild networks? [
Standard methods for network inference
ontology, text mining,

e bibliographic (expert based) inference (automatic language processing,

.) [Huang and Lu, 2016]
Advantages: uses large expertise knowledge from biological databases

o = = = Y
CIMI Automn School (19/09/2017) SD & Nv2 35 / 45



Standard methods for network inference

e bibliographic (expert based) inference (automatic language processing,
ontology, text mining, ...) [Huang and Lu, 2016]
Advantages: uses large expertise knowledge from biological databases

e statistical methods: from transcriptomic measures, infer network with

e nodes: genes;
e edges: dependency structure obtained from a statistical model
(different meanings)
Advantages: can handle interactions with yet unknown genes and
deal with data collected in specific conditions
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Standard methods for network inference

e bibliographic (expert based) inference (automatic language processing,
ontology, text mining, ...) [Huang and Lu, 2016]
Advantages: uses large expertise knowledge from biological databases

e statistical methods: from transcriptomic measures, infer network with
e nodes: genes;
e edges: dependency structure obtained from a statistical model
(different meanings)
Advantages: can handle interactions with yet unknown genes and
deal with data collected in specific conditions
Most widely used methods: relevance network, Gaussian
graphical models (GGM), Bayesian models
[Pearl, 1998, Pearl and Russel, 2002, Scutari, 2010] (R package
bnlearn)
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- Howtobuild newworks? [
Correlation networks and GGM

Data: gene expression data

individuals
n~30/50 X=

xI

/

variables (selected gene expressions), p

CIMI Automn School (19/09/2017)
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Using correlations: relevance network
[Butte and Kohane, 1999,
Butte and Kohane, 2000]

First (naive) approach: calculate correlations between expressions for all
pairs of genes, threshold the smallest ones and build the network.

“Correlations” Thresholding Graph
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But correlation is not causality...

set.seed(2807); x <- runif (100)

z <- 2*x+1+rnorm(100,0,0.1); cor(x,z);
cor(y,z); [1] 0.9971105

y <- 2*x+1+rnorm(100,0,0.1); cor(x,y);

[1] 0.9988261
[1] 0.998751
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But correlation is not causality...

set.seed(2807); x <- runif (100)

y <- 2*x+1+rnorm(100,0,0.1); cor(x,y); [1] 0.9988261
z <- 2*x+1+rnorm(100,0,0.1); cor(x,z);
cor(y,z); [1] 0.9971105

f Partial correlation

[1] 0.998751

cor (Im(y~x)$residuals,lm(z~x)$residuals) [1] -0.1933699
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But correlation is not causality...

(residual correlations).

Networks are built using partial correlations, i.e., correlations between

gene expressions knowing the expression of all the other genes
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I L
GGM
Assumptions: (Xj)i=1,..n are i.i.d. Gaussian random variables N/(0, X)
(gene expression)
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GGM

Assumptions: (Xj)i=1,..n are i.i.d. Gaussian random variables N/(0, X)
(gene expression)

GGM definition
e Partial correlation formulation

Jj < j'(genes j and j are linked) < Cor (Xj,Xj'\(Xk)k#J/) #0
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GGM

Assumptions: (Xj)i=1,..n are i.i.d. Gaussian random variables N/(0, X)
(gene expression)

GGM definition
e Partial correlation formulation
j < j'(genes j and j are linked) < Cor (Xf,xf’\(xk)k¢jJ,) £0
e Regression formulation

X =" xi +e

Bj» # 0« j <— j'(genes j and j’ are linked)
J'#i
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In practice...

Mathematical issues with the estimation of partial correlation for
“small n - large p problems”...

Various solutions:
e seminal work

[Schafer and Strimmer, 2005a, Schifer and Strimmer, 2005b],
implemented in the R package GeneNet

e LASSO approach (sparse)

[Friedman et al., 2008, Meinshausen and Biihlmann, 2006],
implemented in the R package huge

o = = =
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Use case description

Data in the R package mixOmics

microarray data: expression of 120 selected genes potentially involved in
nutritional problems on 40 mice. These data come from a nutrigenomic
study [Martin et al., 2007].

library (mixOmics)
data(nutrimouse)
summary (nutrimouse)
expr <- nutrimouse$gene
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o Howe build neovorks?
Inference with GLasso (huge)

glasso.res <- huge(as.matrix(expr), method = "glasso")
glasso.res

#

H OH H

Model: graphical lasso (glasso)
Input: The Data Matrix

Path length: 10

Graph dimension: 120

Sparsity level: 0 ----- > 0.2128852

plot(glasso.res)

estimates of quantities similar to the partial correlations are in
glasso.res$icov[[1]], ..., glasso.res$icov[[10]], each one
corresponding to a different sparse constrain A
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o Howe build neworks? |
Select A for a targeted density with the StARS method
[Liu et al., 2010]

glasso.sel <- huge.select(glasso.res,
plot(glasso.sel)

criterion

"stars")
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Using igraph to create the graph

From the binary adjacency matrix:

bin.mat <- as.matrix(glasso.sel$opt.icov) != 0
colnames (bin.mat) <- colnames (expr)

Create an undirected simple graph from the matrix:

nutrimouse.net <- simplify(graph.adjacency(bin.mat,
mode = "max"))

nutrimouse.net

# IGRAPH 84fb218 UN-- 120 392 --

# + attr: name (v/c)

# + edges from 84fb218 (vertex names):

# [1] X36b4--C16SR X36b4 --1i.BABP

par (mfrow = c(1,1))

par (mar = rep(0,4))

plot (nutrimouse.net, vertex.label.cex = 0.7)
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. Conclusion and References |
Take home message...

networks are useful to model
complex systems
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networks are useful to model
complex systems
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networks can be built
with various approaches

that define what they
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Take home message...

networks are useful information
that can be integrated in
biological models to improve
networks are useful to model
complex systems

knowledge

networks can be built
with various approaches
sl Tk that define what they
N can be used for
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