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DAY 1
Session 1 (9:30 - 12:30, 3h)
Bioinformatic tools for Functional Enrichment Analysis (FEA)

Session 2 (13:30 - 16:30, 3h)
Construction of gene functional networks

DAY2
Session 3 (9:30 - 12:30, 3h)
Protein interaction networks

Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks
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Cancer Research Center (CiC-IBMCC, CSIC/USAL), Salamanca, Spain
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Session 3 (9:30 - 12:30, 3h)
Protein interaction networks
Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks
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Networks & Pathways &

Comparison and combination of these type of complex data

genes/proteins in networks
and
genes/proteins in pathways
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NETWORK BIOLOGY:
UNDERSTANDING THE CELL'S
FUNCTIONAL ORGANIZATION

Albert-LdszIlé Barabdsi* ¢ Zoltdn N. Oltvai*

A key aim of postgenomic biomedical research is to systematically catalogue all molecules and
their interactions within a living cell. There is a clear need to understand how these molecules and
the interactions between them determine the function of this enommously complex machinery, both
in isolation and when surrounded by other cells. Rapid advances in network biology indicate that
cellular networks are governed by universal laws and offer a new conceptual framework that could
potentially revolutionize our view of biology and disease pathologies in the twenty-first century.
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From Barabasi et al. (2004)

Nature Reviews Genetics 5, 101-113.
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‘Network medicine: a network-based
approach to human disease

Albert-LaszIé Barabasi**$, Natali Gulbahce **!! and Joseph Loscalzo$

Abstract | Given the functional interdependencies between the molecular componentsin a
human cell, a disease is rarely a consequence of an abnormality in a single gene, but reflects
the perturbations of the complex intracellular and intercellular network that links tissue
and organ systems. The emerging tools of network medicine offer a platform to explore
systematically not only the molecular complexity of a particular disease, leading to the
identification of disease modules and pathways, but also the molecular relationships among
apparently distinct (patho)phenotypes. Advances in this direction are essential for identifying
new disease genes, for uncovering the biological significance of disease-associated
mutations identified by genome-wide association studies and full-genome sequencing, and
foridentifying drug targets and biomarkers for complex diseases.

a Topological module b Functional module

&

From Barabasi et al. (2011)
Nature Reviews Genetics 12, 56-68.

¢ Disease module

O Topologically close . Functionally similar ‘ Disease genes
genes (or products) genes (or products) (or products)
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Omics era: unraveling biological complexity %
the paradox of the "genome alone"

genome phenome
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Omics era: unraveling biological complexity jfpw
the paradox of the "genome alone"

genome phenome
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Genomes ... &«
Is there a simple “genome factor”?

Organism Genome  Genome Factor
Genes
Bacteria 3.000 From the mere
X2 genome numbers
X3 X125 only about
Worm 18.000 12 times
X2 BACTERIA
Human 36.000

BIOLOGY includes two other key factors:

= Cellular Factor

1 bacteria is 1 cell

1 human is 10 ° cells (and more than 300 cell-types)
= Relational Factor

By interaction and relations the number of possible
outputs grows exponentially

Javier De Las Rivas - CiC (USAL/CSIC)-2015 10



Omics era: unraveling biological complexity

"

proteins constitute the keystones of the cellular machinery
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Omics era: unraveling biological complexity
interactome ... network of interacting proteins
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Session 3 (9:30 - 12:30, 3h)
Protein interaction networks
Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks = biomolecular networks
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Omics era: unraveling biological complexity %

mapping biological networks

REVIEW Zhu et al. (2007) Genes Dev.

Getting connected: analysis and
principles ot biological networks

Xiaowei Zhu,'* Mark Gerstein,> and Michael Snyder'**

How can we characterize
biomolecular networks
and measure parameters
that allow to understand the
role of different nodes &
edges in a given network ?
(graph & network theory)

Type Number Number of
of network Species of nodes interactions Reference
Transcription factor-binding network S. cerevisiae 3528 7419 Yu et al. 20032
3207 11231 Harbison et al. 2004

Protein-protein interaction C. elegans 2788 4441 Stark et al. 2006

D. melanogaster 7546 25403

Homo sapiens 7509 20979

Mus musculus 209 393

S. cerevisiae 5325 51773
Phosphorylation network S. cerevisiae 1325 4200 Ptacek et al. 2005
Metabolic network E. coli 473 574 Guimera and Nunes Amaral 2005

S. cerevisiae 646 1149 Tong et al. 2004
Genetic network S. cerevisiae 3258 13963 Reguly et al. 2006°

*Transcriptional factor-binding data collected at rich-media condition.
PTranscriptional factor-binding data collected at a variety of growth conditions.
“Synthetic lethal interactions among nonessential genes.

From Zhu et al. (2007) Genes Dev.
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Networks *w

Two major types of networks derived from experimental data

Two major types of networks derived from large-scale omic data

1.— Gene Coexpression Networks: ggcoe
derived from gene expression profiling and transcriptomic studies

2.— Protein-Protein Interaction Networks: ppi
derived from proteomic studies

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 20



Omics era: unraveling biological complexity ﬁv
mapping biological networks

Random Network Scale free Network

The ggcoe and ppi networks are
complex biomolecular networks
Biomolecular networks

are scale-free

A scale-free network has

more high-degree

nodes and a power-law

degree distribution, which
leads to a straight line

(D.- v \J0u
when plotting the total ™ "
- < <
number of nodes with T S o
a particular degree versus = < z g
H 0 0
that degree in log-log E 28
scales = -
°L—————+——+———Idegree k § - — — degree k
1 2 3 4 5 6 1 5 10 50 100
Bell-shape degreee distribution Power-law degree distribution

(log-log scale)

From Zhu et al. (2007) Genes Dev. Javier De Las Rivas - CiC (USAL/CSIC) - 2015 21



Omics era: unraveling biological complexity ﬁv
mapping biological networks

Biomolecular networks are scale-free: A scale-free network has more high-
degree nodes and a power-law degree distribution, which leads to a straight
line when plotting the total number of nodes with a particular degree versus
that degree in log-log scales.

NETWORK TOPOLOGIES

Scale-free network Hierarchical network

Random network (Biological/cellular networks)  (Many types of real networks)

-Degrees follow Poisson -Degrees follow power-law -Degrees follow power-law

(or peaked) distribution distributions distributions

-Vulnerability to failure -Robustness against random -Account for modularity, local
failure clustering, and scale-free
-Vulnerability to targeted topology
attacks -High clustering coefficient (C)

From Seebacher & Gavin (2011) Cell Javier De Las Rivas - CiC (USAL/CSIC) - 2015 22



Omics era: unraveling biological complexity *rw
mapping biological networks

Biological networks derived from PPIls are not randomly organized but rather
have a scale-free format, containing a small number of nodes (hubs) with many

connections (Barabasi and Oltvai 2004).

This organization was originally discovered in World Wide Web (www)
interactions and later found to exist in biological networks (Barabasi and Albert 1999;
Jeong et al. 2000, 2001; Guelzim et al. 2002; Tong et al. 2004).

Compared with a bell-shaped degree distribution in random networks, scale-free
networks have a typical power law distribution: a fat-tailed distribution in which
there are vertices with high degrees termed hubs. The advantage of this type of
organization is that the system is more robust: random loss of individual non-hub
vertices is less disruptive in scale-free networks than random networks.

Network topology plays a vital role in understanding network architecture and
performance. It is important to know the most important and commonly used
topological parameters that can be calculated in a network.

From Zhu et al. (2007) Genes Dev. Javier De Las Rivas - CiC (USAL/CSIC) - 2015 23



Omics era: unraveling biological complexity #
mapping biological networks

Networks with undirected links: ggcoe and ppi biological networks

Representation and visualization of networks

a b C

Relationships ~ Optional
weight Network Heat map
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Omics era: unraveling biological complexity ﬁv
mapping biological networks

Example of gene to gene coexpression network: ggcoe
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Omics era: unraveling biological complexity %

mapping biological networks

Example of protein to protein interaction network: ppi

RNA binding

Ubiquitination

Transmembcg'ne .
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Water transporft; p

DNA repair and |
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and root hair elon‘gatl.ovr»n “ DNA Hinding
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From Braun et al. (2011) Science
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Omics era: unraveling biological complexity %

mapping biological networks

Networks with undirected links: ggcoe and ppi biological networks

Representation and visualization of networks: hubs

NETWORK COMPONENTS

Party hubs:
same time and

space
Date hubs: -

different time and/
or space

K

Hub: node
with high degree

/

Edge: link between
two nodes (interaction)

O
Node (protein)
@O0 @

Expression profiles
and/or localization

From Seebacher & Gavin (2011) Cell

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 28



Omics era: unraveling biological complexity %
topological parameters (network measures)

A Degree
The ggcoe and ppi networks are i
complex biomolecular networks
Network topology plays a vital role in
understanding network architecture and B : Distance

performance.

Several of the most important and
commonly used topological parameters

include:
—degree number of links connected to 1 vertex

— distance shortest path length

—diameter maximum distance between any
two nodes

—clustering coefficient number of links
between the vertices within its neighborhood divided
by the number of possible links between them

—betweenness fraction of the shortest paths e
between all pairs of vertices that pass through one ’@ X
vertex or link e g % o/

s T

From Zhu et al. (2007) Genes Dev. Javier De Las Rivas - CiC (USAL/CSIC) - 2015 29
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Omics era: unraveling biological complexity &w
topological parameters (network measures)

A Degree ¢; = number of links connected to node /i

=5 Distance a’,./.= shortest path length between node i and j

Diameter D = max {d,:/li,jeN } N : all nodes in the network

i 2e;
CIUSt?r'Ing G =1L ¢; : number of existing links (labeled in
Coefficient ki(ki—1) red) among the k; nodes that

connect to node |

Betweenness b, — zil.p,:/-(l)/pil- pi/, : number of shortest paths between
’ ' - iand j
p,-,-(/): number of shortest paths between
From Zhu et al. (2007) Genes Dev. ' i and j going through node / 30




Omics era: unraveling biological complexity ﬁv
topological parameters (network measures)

Network measures related to "number of friends" (connectivity):
— degree = connectivity

— clustering coefficient = inter-connectivity

— assortativity = average nearest neigbor's connectivity

NETWORK MEASURES

Degree/ Clustering coefficient/ Assortativity/average nearest
connectivity (k) interconnectivity (C) neighbor’s connectivity (NC)

Actual links between A’s

| A C 3 neighbors (black)
A~ Possible links between A’s
B neighbors (orange)
D
E
C,=n,/[k,(k,-1)/2 NC,=(kp+k~+k +k-+k )/5
k,=Nb of edges through A=5 A=W Tka(ky=1)/2] a8t Serkptkerlo)

—2/[4x(4-1)/2]=0.333 —(5+2+2+3+1)/5=2.6

From Seebacher & Gavin (2011) Cell Javier De Las Rivas - CiC (USAL/CSIC) - 2015 31



Omics era: unraveling biological complexity ﬁv
topological parameters (network measures)

Network measures related to "number of ways" (path-ways):
— shortest path
— betweenness = centrality

Shortest path (SP) Betweenness/
between two nodes centrality (B)

B,=Fraction of SPs passing
SP.,=(F.D,A,B,H)=4 through A

=0.090

From Seebacher & Gavin (2011) Cell Javier De Las Rivas - CiC (USAL/CSIC) - 2015 32



Computational Biology @ UCT

‘ BIO UNIVERSITY OF CAPE TOWN
IYUNIVESITHI YASEKAPA « UNIVERSITEIT VAN KAAPSTAD ‘s ;
* A\ 4

Session 3 (9:30 - 12:30, 3h)
Protein interaction networks
Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks
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Networks tool = Cytoscape %
The most powerful tool to build, visualize and analyse networks

Cytoscape: open source bioinformatics tool for biological network visualization & data integration
(desktop Java application released under GNU License, LGPL)

VRN -

C yt O Sp a pe N O . \__/ ; Search... (Go)

Home Introduction Download Apps Documentation Community Report a Bug Getting Help

ot i : ; Network Data Integration,
Analysis, and Visualization

ina Box

Cytoscape is an open source software
platform for visualizing complex
networks and integrating these with
any type of attribute data. A lot of
Apps are available for various kinds of
problem domains, including
bioinformatics, social network
analysis, and semantic web.

Welcome Letter

‘), RN AT 7% Release Notes
Sample Visualizations

Learning Cytoscape




Protein-Protein Interactions (PPIs) ﬁv

build networks from experimental data: Cytoscape

Challenge: improve data integration and analytic methods to understand networks

http://www.cytoscape.orqg/

What is Cytoscape?

Cytoscape is an open source software platform for visualizing
molecular interaction networks and biological pathways and
integrating these networks with annotations, gene expression
profiles and other state data. Although Cytoscape was originally

designed for biological research, now it is a general platform for

complex network analysis and visualization. Cytoscape core
distribution provides a basic set of features for data integration,
analysis, and visualization. Additional features are available as Apps (formerly called Plugins). Apps are available for
network and molecular profiling analyses, new layouts, additional file format support, scripting, and connection with
databases. They may be developed by anyone using the Cytoscape open API based on Java™ technology and App
community development is encouraged. Most of the Apps are freely available from Cytoscape App Store.

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 35



Protein-Protein Interactions (PPIs)
build networks from experimental data: Cytoscape
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Networks tool = Cytoscape &
The most powerful tool to build, visualize and analyse networks

Cytoscape is a open source bioinformatics package for
biological network visualization and data integration
(desktop Java application released under GNU License, LGPL)

Main page
http://www.cytoscape.org/
Web
http://cytoscapeweb.cytoscape.orqg/
Wiki
http://wiki.cytoscape.org/

http://opentutorials.cgl.ucsf.edu/index.php/Tutorial:Introduction_to Cytoscape
http://opentutorials.cgl.ucsf.edu/index.php/Tutorial:Introduction_to Cytoscape-part2

http://wiki.cytoscape.org/Cytoscape_3/UserManual/Network Formats

Javier De Las Rivas - CiC (USAL/CSIC) -
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Networks tool = Cytoscape &

The most powerful tool to build, visualize and analyse networks
Cytoscape is a open source bioinformatics package for
biological network visualization and data integration
(desktop Java application released under GNU License, LGPL)

Vol. 27 no. 3 2011, 431-432
APPLICATIONS NOTE i 10.1063/bioinformatics/btgers

Systems biology Advance Access publication December 12, 2010
Cytoscape 2.8: new features for data integration and network
visualization Protocol

Michael E. Smoot!2:*, Keiichiro Ono'-2, Johannes Ruscheinsk{ Neture protocols 2, 2366 - 2382 (2007)
1.2 Published online: 27 September 2007 | doi:10.1038/nprot.2007.324
and Trey |deker'

'Department of Medicine and 2Department of Bioengineering, University of Califor

ka Jolla, GA 92093, USA Integration of biological networks and gene expression data
ssociate Editor: Joaquin Dopazo .
using Cytoscape

Subject Category: Computational and theoretical biclogy

Melissa S Clinel2, Michael Smoot3, Ethan Cerami4, Allan Kuchinsky2, Nerius
Landys2, Chris Workman5 Rowan ChristmasZ, Iliana Avila-CampiloZ:,
Michael Creech2, Benjamin Gross?, Kristina Hansperst?, Ruth Isserlinﬁ'l—z,

Important pUbllcatlonS Ryan Kelley3, Sarah KillcoyneZ, Samad Lotia3, Steven Maerel31%, John
Morrist3, Keiichiro Ono2, Vuk Pavlovicil12 Alexander R Picol?, Aditya
Nature PrOtOCO/S (200 7) Vailaya216, Peng-Liang Wang2, Annette Adler2, Bruce R Conklinl2, Leroy
. . . HoodZ, Martin Kuiperi3:14, Chrls Sander?, Ilya SchmulevichZ, Benno
BIOInfOI’mathS (2011) Schwikowskil, Guy J Warner , Trey Ideker2 & Gary D Baderil.12

Cytoscape is a free software package for visualizing, modeling and
analyzing molecular and genetic interaction networks. This protocol
explains how to use Cytoscape to analyze the results of mRNA
expression profiling, and other functional genomics and proteomics
experiments, in the context of an interaction network obtained for
genes of interest. Five major steps are described: (i) obtaining a gene
or protein network, (ii) displaying the network using layout
algorithms, (iii) integrating with gene expression and other functional
attributes, (iv) identifying putative complexes and functional modules
and (v) identifying enriched Gene Ontology annotations in the
network. These steps provide a broad sample of the types of analyses
performed by Cytoscape.




Networks tool = Cytoscape &w

The most powerful tool to build, visualize and analyse networks

Cytoscape 2.8: new features for data integration and network
visualization

Fig. 1. Rich network visualizations enabled by the new Cytoscape features.
Simple networks are shown with custom node images based on (A) pie chart
displays or (B) line plots and bar charts generated using Google’s Chart
API. (C) Nodes have a transparent custom graphic to give the appearance
of shading. (D and E) Protein—protein interaction networks in which each
node contains a 3D image of the protein structure of the protein represented
by the node.

39



Protein-Protein Interactions (PPIs) &

build networks from experimental data: Cytoscape

http://www.cytoscape.org/

Comparison of network analyses platforms

TABLE 1 | Comparison of network analysis platforms.

Feature

cYy

GM VA 0S CD AR IN GG PI PR BL PA

Free for academic use

Free for commercial use

Open source

Curated pathway/network content
Standard file format support
User-defined networks/pathways
Functionality to infer new pathways
GO/pathway enrichment analysis
Automated graph layout

Complex criteria for visual properties
Multiple visual styles

Advanced node selection
Customizable gene/protein database
Rich graphical annotation

Statistical network analysis
Extensible functionality: plugins or API
Quantitative pathway simulation
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(Y, Cytoscape®'; GM, GenMAPP5; VA, VisANT?%; 0S, Osprey®® (http://biodata.mshri.on.ca/osprey/); CD, CellDesigner®; AR, Ariadne Genomics Pathway Studio; IN, Ingenuity Pathways Analysis; GG, GeneGo; PI, PIANA
(http://sbi.imim.es/piana/); PR, ProViz (http://cbi.labri fr/eng/proviz.htm); BL, BioLayout; PA, PATIKA.

From Cline et al. (2007) Nature Protocols
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Protein-Protein Interactions (PPIs)
build networks from experimental data: APID2NET
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Protein-Protein Interactions (PPIs) %
build networks from experimental data: APID2NET

v o aly . 4 N -
oo zewges A e B 8
Home Introductio! [+) {load Plugins Documentation Communityv ‘Report a Bug

Search Plugins

(Search_\
Expand All Collapse All

B Analysis -- Used for analyzing existing networks (49)
APCluster

APID2NET

BioQualiPlugin

BLAST2SimilarityGraph

BNMatch

CABIN

HEHEEE

APID2NET

9626 downloads
(October 2015)

APID2NET
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two publications

W298-W302 Nucleic Acids Research, 2006, Vol. 34, Web Server issue
doi:10.1093/nar/gkl128

APID: Agile Protein Interaction DataAnalyzer
Carlos Prieto and Javier De Las Rivas*

Bioinformatics and Functional Genomics Research Group, Cancer Research Center (CIC, CSIC/USAL),
37007 Salamanca, Spain

Vol. 23 no. 18 2007, 2495-249
APPLICATIONS NOTE " 57 1003mioiiomaticssotms?s

Systems biology

APID2NET: unified interactome graphic analyzer

Juan Hemandez-Toro, Carlos Prieto and Javier De Las Rivas™

Bioinformatics and Functional Genomics Research Group, Cancer Research Center (IBMCC-CIC, CSIC-USAL),
Salamanca, Spain
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Protein-Protein Interactions (PPls)
PSICQUIC new tool and service

EMBL-EBI Services Research | Training | Industry @ About us

PSICQUIC View

Help@ Query: |- (Search) (ResetAll) Flelds»
Some clues to start: Status of the service
i : ' ) ONLINE
Use the check boxes to include or exclude services from the search and cluster operations. Select: All, None () OFFLINE

The numbers show the interactions retrieved in the last query.
Click on the links below to display the results for each selected service. —— —
The cluster will be enabled with less than 5000 interactions.

The query [*] contains a total of 151,331,132 binary interactions. User g

Q @ FAPID 7-416,124 @ @ [ DrugBank

Q @ ¥BAR 7 -98,330 Q @ @ GeneMANIA ¢ - 120,644,180

Q @ #BIND 7 - 192,961 Q@ 0g

Q@ #BindingDB & - 102,153 Q @ @ 12D-IMEx & - 1,087

Q @ @BioGrid & - 710,406 Q @ @innateDB & - 22,247 PSICQUIC services
@ @ MChEMBL ¢ - 628,504 Q @ @InnateDB-IMEx &7 - 678

Q@ MpIPF-107,619 Q @ @ntAct &7 - 298,003

Interaction databases

Publications

Observation variation

Sample
Aranda et al. (2011) Nature Methods




Protein-Protein Interactions (PPls)
PSICQUIC new tool and service

EMBL-EBI Services Research | Training | Industry @ About us

PSICQUIC View nature

Techniques for life scientists and chemists

Help@ Query: - nature.com » journal home » current issue » correspondence » abstract

ARTICLE PREVIEW

Some clues to start:
view full access options »

Use the check boxes to include or exclude services from the search and clust|

The numbers show the interactions retrieved in the last query. i e e s :
Click on the links below to display the results for each selected service. NATURE METHODS | CORRESPONDENCE

The cluster will be enabled with less than 5000 interactions.
PSICQUIC and PSISCORE: accessing and scoring

The query [*] contains a total of 151,331,132 binary interactions.

SR R P molecular interactions

Q @ #BAR 7-98,330 Q @ P GeneMANIA 7 - 120,644,180

Q @ @BIND & - 192,961 Q@ 10 Bruno Aranda, Hagen Blankenburg, Samuel Kerrien, Fiona S L Brinkman, Arnaud Ceol, Emilie

Q@ #BindingDB & - 102,153 Q @ @ 12D-IMEx & - 1,087 Chautard, Jose M Dana, Javier De Las Rivas, Marine Dumousseau, Eugenia Galeota, Anna Gaulton,
Q @ @BioGrid & - 710,406 Q @ @innateDB & - 22,247 Johannes Goll, Robert E W Hancock, Ruth Isserlin, Rafael C Jimenez, Jules Kerssemakers, Jyoti

Q @ M ChEMBL & - 628,504 Q @ @InnateDB-IMEx &7 - 678 Khadake, David J Lynn, Magali Michaut, Gavin O'Kelly, Keiichiro Ono, Sandra Orchard, Carlos Prieto,
Q@ MpIPF-107,619 Q @ @ntAct &7 - 298,003 Sabry Razick, Olga Rigina + et al.

Affiliations | Corresponding author

Nature Methods 8, 528-529 (2011) | doi:10.1038/nmeth.1637
Published online 29 June 2011

To the Editor:

To study proteins in the context of a cellular system, it is essential that the molecules with which a protein
interacts are identified and the functional consequence of each interaction is understood. A plethora of
resources now exist to capture molecular interaction data from the many laboratories generating such
information, but whereas such databases are rich in information, the sheer number and variability of such
databases constitutes a substantial challenge in both data access and quality assessment to the researchers

Aranda et al. (2011) Nature Methods interested in a specific biological domain.




Protein-Protein Interactions (PPIs) &
PSICQUIC & PSISCORE
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Networks & Pathways [
Comparison and combination of these type of complex data

Networks & Pathways

. The data?: databases, data sources

genes/proteins in networks
and
genes/proteins in pathways
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Network databases -l
GeneMANIA and STRING

http://lwww.genemania.org/

http://string-db.org/

Blog Contact us About

Indexing 1,256 association networks containing 357,605,768 interactions mapped to 134,871 genes from 6 organisms.

Find genes in H. sapiens (human)
(type or select a species) (type 1 gene per line — example)
Show advanced options <«

Cytoscapeplugin N

© University of Toronto 2010

Home = Down|oad = Elh/IRTe +ONIRIN G910

STRING - Known and Predicted Protein-Protein Interactions

-
by name protein sequence names sequences

STRING is a database of known and predicted protein interactions.

rotein name: . The interactions include direct (physical) and indirect (functional)
f___—(ml.ﬁm] associations; they are derived from four sources:

(STRING understands a variety of protein names Genomic  High-throughput (Conserved) Previous
and accessions; you can also try a random entry) Context Experiments Coexpression Knowledge

e e e | Publed
organism: [ = / — mips ...
auto-detect ’ v

STRING quantitatively integrates interaction data from these
sources for a large number of organisms, and transfers

i “ information between these organisms where applicable. The
nteractors wanted: database currently covers 5'214'234 proteins from 1133
.C06s, proteins (Reset. (GO, | | organisms.

please enter your protein of interest...
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Pathways databases
KEGG and Reactome

KEGG PATHWAY Database

http://www.genome.jp/keqq/

Wiring diagrams of molecular interactions, reactions, and relations

KEGG2 PATHWAY BRITE MODULE DISEASE DRUG GENES GENOME LIGAND DBGET

Plea to Support KEGG Since 1995 the KEGG database has been developed in my laboratories more ...

Select prefix Enter keywords
map | Organism\: (Go) Help

Pathway Maps

KEGG PATHWAY is a collection of manually drawn pathway maps (see new maps, change history, and
last updates) representing our knowledge on the molecular interaction and reaction networks for:
0. Global Map
1. Metabolism
Carbohydrate Energy Lipid Nucleotide Amino acid Other amino acid Glycan
Cofactor/vitamin Terpenoid/PK Other secondary metabolite Xenobiotics Overview
2. Genetic Information Processing
3. Environmental Information Processing
4. Cellular Processes
5. Organismal Systems
6. Human Diseases
and also on the structure relationships (KEGG drug structure maps) in:

7. Drug Development

Home About Content Documentation Tools Download Contact Us Outreach
Q About Reactome Featured pathway: Integrin cell surface interactions
REACTOME is an open-source, open access,
Search examples...
- P manually curated and peer-reviewed pathway oG
‘ Browse Pathways ‘ database. Pathway annotations are authored by expert
g biologists, in collaboration with Reactome editorial staff s
‘ Map IDs to Pathways and cross-referenced to many Dbioinformatics il
= : databases. These include NCBI Entrez Gene, Ensembl 8 -
’ Compare Species i and UniProt databases, the UCSC and HapMap e
: Genome Browsers, the KEGG Compound and ChEBI o 1
‘ Analyze Expression Data | | small molecule databases, PubMed, and Gene / " 1
Ontology. ... [more] — ||
If you would prefer to use our old Click image to see pathway
website, click here. Tutorial




Networks & Pathways

Comparison and combination of these type of complex data

http://lwww.genome.jp/keqa/

KEGG PATHWAY Database

Wiring diagrams of molecular interactions, reactions, and relations

KEGG2 PATHWAY BRITE MODULE DISEASE DRUG GENES GENOME LIGAND DBGET

Plea to Support KEGG Since 1995 the KEGG database has been developed in my laboratories more ...

Select prefix Enter keywords

map  (Organism Go) Help

Pathway Maps

KEGG PATHWAY is a collection of manually drawn pathway maps (see new maps, change history, and
last updates) representing our knowledge on the molecular interaction and reaction networks for:
0. Global Map
. Metabolism
Carbohydrate Energy Lipid Nucdeotide Amino acid Other amino acid Glycan
Cofactor/vitamin Terpenoid/PK Othcr secondary metabolite Xenobiotics Overview
ic Infor ion Pr
Environmental Information Processing
Cellular Processes
Organismal Systems
Human Diseases
and also on the structure relationships (KEGG drug structure maps) in:
7. Drug Development

-

ansuN

http://lwww.reactome.orq/

-
REACTOME

Home About Content Documentation Tools Download Contact Us Outreach

ORI oo escome [ Festred pativay: biogrin ool surtace nersctons

REACTOME is an open-source, open access,

B LT manually curated and peer-reviewed pathway

Browse y Pathway v are authored by expert
in with Ri editorial staff - T
Map IDs to Pathways and cross-referenced 1 many bioinformatics =L - -
databases. These include NCBI E bl -, . -
Compare Species and UniProt databases, the U 1apMap

Genome Browsers, the KEGG C
small molecule databases, Fub

pound and ChEBI

Analyze Expression Data ed, and Gene

If you would prefer to use our old
website, click here.

Click image to see pathway

http://www.genemania.org/

http://string-db.org/

G EN E M A N IA u Video tutorials Blog Contact us About

rloga + Blowgleziel  rlafofinie

STRING - Known and Predicted Protein-Protein Interactions

ASTRING

Indexing 1,256 association networks containing 357,605,768 interactions mapped to 134,871 genes from 6 organisms

Find genes in H. saplens (human) ¥ relatedto Go

About

search search by multiple mutiple
by name protein sequence names secuences

What it does ...

STRING is a database of known and predicted protein interactions.
The interactions include direct (physical) and indirect (functional)

organism:

auto-detect

interactors wanted:
COGs Proteins

protein name: examples. #1 #2 #3,

[ i ) associations; they are derived from four sources:

(STRING understands a variety of protein names Genomic  High-throughput (Conserved) Previous
NG ACCESSIONS; YOU €an also try a rangom entry) Context Experiments Coexpression Knowledge

727 [ O

STRING quantitatively integrates interaction data from these
sources for a large number of organisms, and transfers
information between these organisms where applicable. The
database currently covers 5'214°234 proteins from 1133
Reset GO! organisms.

please enter your protein of interest...
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® | <o
‘ BO *5 UNIVERS‘lTY OF CAPE TOWN

Computational Biology @ UCT

Hands-on: Practical Examples

Explore web resources & tools: Gene MANIA, STRING

Protein. SETs_ 2014.xls
(175g human, 59g5pc yeast)
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@ ' [Fe '
‘ BO @ 45 UNIVERSITY OF CAPE TOWN

Computational Biology @ UCT

Hands-on: Practical Examples

Start using: Cytoscape
Cytoscape sampleData

(yeastH ighQuality. sif
file)
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Computational Biology @ UCT

‘ BIO UNIVERSITY OF CAPE TOWN
IYUNIVESITHI YASEKAPA « UNIVERSITEIT VAN KAAPSTAD ‘s ;
* A\ 4

Session 3 (9:30 - 12:30, 3h)
Protein interaction networks
Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks
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Networks *rw

Two major types of networks derived from experimental data

Two major types of networks derived from large-scale omic data

1.— Gene Coexpression Networks: ggcoe
derived from gene expression profiling and transcriptomic studies

2.— Protein-Protein Interaction Networks: ppi
derived from proteomic studies
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Stuart et al. (2003) Science

Human A Gene-Coexpression Network
coexpression for Global Discovery of
studies Conserved Genetic Modules
Joshua M. Stuart,’{ Eran Segal,?* Daphne Koller,?}
Stuart K. Kim3}

Lee et al. (2004) Genome Research

Coexpression Analysis of Human Genes Across
Many Microarray Data Sets

Homin K. Lee,’ Amy K. Hsu,'? Jon Sajdak,' Jie Qin," and Paul Pavlidis'-**

"Columbia Genome Center, *College of Physicians and Surgeons, and *Department of Biomedical Informatics, Columbia
University, New York, New York 10032, USA

Griffith et al. (2005) Genomics

Assessment and integration of publicly available SAGE, cDNA
microarray, and oligonucleotide microarray expression
data for global coexpression analyses

- ~ . - Z - z b - -2 - -
Obi L. Griffith®, Erin D. Pleasance®, Debra L. Fulton”, Mehrdad Oveisi®, Martin Ester®,
o o o . g "*
Asim S. Siddiqui®, Steven J.M. Jones®
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Stuart et al. (2003) Science

Human A Gene-Coexpression Network
coexpression for Global Discovery of
studies Conserved Genetic Modules
Joshua M. Stuart,’{ Eran Segal,?* Daphne Koller,?}
Stuart K. Kim3}

Lee et al. (2004) Genome Research

Coexpression Analysis of Human Genes Across
Many Microarray Data Sets

Homin K. Lee,’ Amy K. Hsu,'? Jon Sajdak,' Jie Qin," and Paul Pavlidis'-**

"Columbia Genome Center, *College of Physicians and Surgeons, and *Department of Biomedical Informatics, Columbia
University, New York, New York 10032, USA

Griffith et al. (2005) Genomics

Assessment and integration of publicly available SAGE, cDNA
microarray, and oligonucleotide microarray expression
data for global coexpression analyses

- ~ . - Z - z b - -2 - -
Obi L. Griffith®, Erin D. Pleasance®, Debra L. Fulton”, Mehrdad Oveisi®, Martin Ester®,
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Experimental Sample bias
dataset

selection

Lee et al. (2004) Genome Research

Coexpression Analysis of Human Genes Across
Many Microarray Data Sets

Homin K. Lee,’ Amy K. Hsu,'? Jon Sajdak,' Jie Qin," and Paul Pavlidis'-**

"Columbia Genome Center, *College of Physicians and Surgeons, and *Department of Biomedical Informatics, Columbia
University, New York, New York 10032, USA
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Lee et al. (2004) Genome Research

Table 1. Summary of the Microarray Data Sets Used®

Sample bias
“malignant data”

Reference® Samples  Genes®  Raw links® Samples Genes Raw links
(Alizadeh et al. 2000) 96 1759 25748  (Nielsen et al. 2002) 46 3359 25175
(Allander et al. 2001) 19 1205 1251 (Perou et al. 1999) 26 3027 42105
(Armstrong et al. 2002) 72 8242 213456 (Perou et al. 2000) 84 5701 167826
(Bhattacharjee et al. 2001) 203 8243 243303  (Pomeroy et al. 2002) 90 5418 85909
(Bittner et al. 2000) 38 4382 16141 (Ramaswamy et al. 200T) 255 9528 372500
(Butte et al. 2000) 68 4906 81755  (Rickman et al. 2001) 5418 60169
(Chang et 3 129814
3409

45468

(Dyrskjot et

(Garber et 3
(Golub et a
(Greenberg

ik Bendl 2 how “normal’” is this?

i = 80% of these datasets correspond to “cancer” samples g

248952
1578
14351
4760
128303
12944
51286

e o do we consider that “tumor cells” usually have totally PR

(Hedenfalk . o) 7941
(Hedenfalk aberrant genome with many altered chromosomes" 60268
(Huang et 3 752390
(Huang et 3 5923
(Jazaeri et ar"2oe . Sowa 2670
(Khan et al. 2001) 1952 (Welsh et al. 2001) 52459
(Khatua et al. 2003) 13 8257 10072 (Welsh et al. 2001) 55 8258 260155
(Leung et al. 2002) 126 12657 993195  (West et al. 2001) 49 5418 84842
(Luo et al. 2001) 25 4354 14873  (Whitfield et al. 2002) 114 12801 1547199
(Ma et al. 2003) 61 1569 10086  (Yeoh et al. 2002) 248 8257 257979
(MacDonald et al. 2001) 31 1309 3179 (Yoon et al. 2002) 12 5418 53305
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Sample bias

microarray datasets in malignant data

Lee et al. (2004) Genome Research

lymphoma

GIST sarcoma
leukemia

lung cancer
melanoma

leprosy

NCI-60 tumor cell lines
fibroblasts

parasite response

liver cancer

leukemia

breast cancer

prostate cancer

T-cells

bladder tumors
bladder tumors

lung cancer

leukemia

inflammatory myopathy
breast cancer

breast cancer
breast cancer
obesity

breast cancer
thyroid papillary tumors
breast cancer
blue cell tumors
astrocytoma
gastric cancer
prostate cancer
breast cancer
medulloblastoma
sarcoma

breast cancer
breast cancer
brain tumors
tumor and normal
glioma

leukemia

breast cancer

NCI-60 tumor cell lines
lymphoma

prefrontal cortex
prostate cancer

breast cancer

breast cancer

asthma

NCI-60 tumor cell lines
diverse tissues
dermatomyositis

viral infection

breast cancer
leukemia

muscle

ovarian cancer
prostate cancer

breast cancer

cell cycle, tumors
leukemia

colorectal cancer
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' * i Human transcriptomic network
of normal tissues:

a global map without

Key questions malignant data

*Can we use global human gene expression data (i.e. transcriptomic
genome-wide microarray data) to derive gene coexpression networks ?

*Is it a reliable way to find coexpression (knowing the large noise and
background in microarrays and the bad effect of outliyers on correlation) ?

* How reliable are the data coming from microarrays ?
Can we calculate and improve the reliability of microarray data ?

* Which algorithm is good enough to provide a sensible reliable
expression signal: MAS5, RMA, dCHIP, PLIER, FARMS ...?
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Experimental
dataset
selection

Normal Samples

Prieto et al. (2008) PLoS ONE

OPEN a ACCESS Freely available online

© pLos ene

Human Gene Coexpression Landscape: Confident
Network Derived from Tissue Transcriptomic Profiles

Carlos Prieto, Alberto Risueno, Celia Fontanillo, Javier De Las Rivas*

Bioinformatics and Functional Genomics Research Group, Cancer Research Center (CIC-IBMCC, CSIC/USAL), Salamanca, Spain
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Experimental

dataset
selection

22 microarrays
from “hematopoietic”
samples

to achieve

34 microarrays
from “brain”
samples

transcriptomic global view =

!

E
!
g
A E -
it is critical |
to avoid {

136 microarrays
hgu133a

Gene Expression Atlas

adequate sample selection &=
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Sample selection
normal healthy tissues
representing the body

“evenly” (pvclust algortihm:

uncertainty in hierarchical cluster

via multiscale bootstrap resampling)
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48 microarrays of whole tissues / organs
normal healthy samples (hgu133a)
Gene Expression Atlas

Experimental
dataset
selection

A MASS5 - Spearman B RMA - Pearson
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Stuart et al. (2003) Science

H u m a n o D Proteasome 100 E Oxidative Phos. 100 F Ribosome
L s b q K
90 R 90 0| rew
- 80 A : \K 80+ 80
coexpression R %
60 1 \ 1 60 1 '
comparative o] % \\ 01 ) g
sy pea of gg ;g
StUdy zg. \E 20{1 % 20: s “
using Stuart et al. approach Y D ey S0 | Y o RNl s I e S
0 10 20 30 40 50 60 70 80 90100 0 10 20 30 40 50 60 70 80 90100 0 1020 30 40 50 60 70 80 90100

Coverage (%) Coverage (%) Coverage (%)

Lee et al. (2004) Genome Research

Coexpression Analysis of Human Genes Across
Many Microarray Data Sets

Homin K. Lee,’ Amy K. Hsu,'? Jon Sajdak,' Jie Qin," and Paul Pavlidis'-**

"Columbia Genome Center, *College of Physicians and Surgeons, and *Department of Biomedical Informatics, Columbia
University, New York, New York 10032, USA

Griffith et al. (2005) Genomics

Assessment and integration of publicly available SAGE, cDNA
microarray, and oligonucleotide microarray expression
data for global coexpression analyses

Obi L. Griffith®, Erin D. Pleasance®, Debra L. Fulton®, Mehrdad Oveisi®, Martin Ester®,
Asim S. Siddiqui®, Steven J.M. Jones®*




Human
coexpression
studies

mapping
coexpressing genes
into KEGG
pathways to check
functional
coherence

done as in:

Stuart et al. (2003) Science
I.e. detection of the
number of genes
within each pathway
that coexpress

but still noisy data !!!

This work (2008)

pathway name (KEGG ID number) n°genes genes coexp/genes % gn coexp meanr
Proteasome (3050) 31 28/ 28 1.00 | 0.69
Ribosome (3010) 120 52 /55 0.95 | 0.75
Oxidative phosphorylation (190) 129 88 /95 0.93 | 0.73
Focal adhesion (4510) 194 154 /168 092 0.68
Antigen processing and presentation (4612) 86 71178 091 0.75
Glycan structures - degradation (1032) 30 20/ 22 091 0.65
Neuroactive ligand-receptor interact. (4080) 299 227 | 255 0.89 0.68
Cell cycle (4110) 114 90/102 0.88 0.66
Regulation of actin cytoskeleton (4810) 208 141 /161 0.88 0.66
Cytokine-cytokine receptor interact. (4060) 256 196 / 223 0.88 0.69
Lee et al. (2004)

pathway name (KEGG ID number) n°genes genes coexp / genes % gn coexp
Ribosome (3010) 120 43 | 44 0.98
Proteasome (3050) 31 19 /22 0.86
Oxidative phosphorylation (190) 129 31/44 0.70

Cell cycle (4110) 114 33/47 0.70
ECM-receptor interaction (4512) 87 16/ 23 0.70

Gap junction (4540) 92 9/13 0.69
Pathogenic Escherichia coli infection (5130) 49 11/16 0.69
Pathogenic Escherichia coli infection (5131) 49 11/16 0.69

T cell receptor signaling pathway (4660) 93 15/ 22 0.68
Metabolism of xenobiotics by cytP450 (980) 70 7/11 0.64
Griffith et al. (2005)

pathway name (KEGG ID number) n°genes genes coexp / genes % gn coexp
Ribosome (3010) 120 36/38 0.95
Proteasome (3050) 31 20/ 24 0.83
Oxidative phosphorylation (190) 129 55/ 67 0.82

Val, Leu and isoleucine degradation (280) 50 15/19 0.79
ECM-receptor interaction (4512) 87 16/ 22 0.73

Cell cycle (4110) 114 36/ 51 0.71
Propanoate metabolism (640) 34 9/14 0.64
Butanoate metabolism (650) 44 9/14 0.64
Hematopoietic cell lineage (4640) 88 18 /28 0.64
beta-Alanine metabolism (410) 24 7/11 0.64 7




Gene2gene coexpression method
(based in combination of correlation r and crossvalidation N)

reliable region # random signal
signal / noise ratio = high
r>0.68 and N > 220 (aprox)

noise region = random signal
signal / noise ratio = low

r (correlation factor)

®m Equal
B AFFX
- | All

| | | | | |
0 200 400 600 800 1000

N (number of positives in the random crossvalidation)

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 74



Gene2gene coexpression method
mapping coexpression of house keeping genes and tissue specific genes

(based in KEGG pathways)

A MASS5 - Spearman

distribution density
v.uUl u.uus [VAVV K] v.uug VAV -]

0.000
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Hi-Fi gene2gene coexpression network

(based in combination of correlation r and crossvalidation N)
precision obtained for 3 reliable networks at high rand N
RMA - Pearson - Filtered Mas5 — Spearman - All

06 06 t- 06 8
— O,
7 % - =h
9,
0.2 0.2 i 02 q
Precision ' Coefficients| Number of Nodes 2| Number of Links 2
N r
RMA-Pearson (pre-Filtered)
0.60 765 0.85 1.672] 5.945
0.70 835 0.87 1.215 3.273
0.80 925 0.84 983 2.423
MAS5-Spearman (non-Filtered)
0.60 605 0.77 3.052 12.669
0.70 645 0.79 2.295 7.874
0.80 695 0.81 1.762 4.910
1. Corresponds to the networks derived for KEGG annotated genes
2. Corresponds to the full networks including all genes
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Hi-Fi human coexpression network
network = intersection with 2 methods and precision = 0.60 (r 2 0.77, N = 605)

Human Gene Coexpression Network

mitochondrial metabolism

¥ .
nuclear related > % and redox homeostasis

immune metabolism ’S/*l

CD antigens

and plasma

membrane
signalg/o/

ribosome
and translation

| ®  extracellular matrix
; » and adhesion

C:cytoskeleton. s
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Hi-Fi human coexpression network
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HI-FI human mitochondrial metabolism
coexpression network and redox homeostasis

* R & }
Analysis done > o\ P

with 2 algorithms o/.\l l A
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Hi-Fi human coexpression

Module 1

metal ion
homeostasis

9 LOCB45745

DDX42
Module 2
response
to biotic stimulus
[FITM1 IFITM2
IFITM3 LOC391020

network (functionally coherent)

SMTN

TGFB1I1

RBPMS

COL4A2
Module 3

extracellular matrix
and adhesion

COL4A1

FBLN1
MMP2

LAMC1
PTRF
COL1A2

COL6A1
COL1A1

COLGA3

COL3A1

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 80



Hi-Fi human coexpression network
(modules coherent in terms of transcription factor TF regulation)

Module 1

metal ion
homeostasis

DDX42
Module 2
response
to biotic stimulus
IFITM1 IFITM2
IFITM3 LOC391020

Coexp Modules

LOC645745

Search in TF found p-value

Module 3

extracellular matrix
and adhesion

COL1A1

TransFac_db

SMTN

TGFB1I1
RBPMS

COL4A2

COL4A1

MMP2

PTRF

COL6A1

COL6A3

COL3A1

TF Gene Name

Module 1 PAP MTE-1 0.001 T02354  MTF1 metal-regulatory transcription factor 1
10 genes Factory |- -

Module 2 PAP CRE-BP1(0.0172  [TO0167  ATF2 activating transcription factor 2

4 genes Factory |CRE-BP1[0.0033

Module 3 PAP Sp1 [0.13 TO0759 SP1 Sp1 transcription factor

15 genes Factory _[Sp1 [0.017
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Human transcriptomic network
of normal tissues:

a global map without
malignant data

We achieved:
1st.- Reliable calculation of human genome-wide (global) expression data

2nd - Reliable calculation of human gene2gene (global) co-expression data
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Networks & Pathways

Comparison and combination of these type of complex

Wu et al. (2010)

Wu et al. Genome Biology 2010, 11:R53

http://genomebiology.com/2010/11/5/R53 Genome Biolo
RESEARCH Open Access

A human functional protein interaction network
and its application to cancer data analysis

Guanming Wu*!, Xin Feng?3 and Lincoln Stein'-2

Data source Proteins
Human PPIs 10,287
Fly PPIs 13,383
Worm PPlIs 5,223
Yeast PPIs 5,646
Domain interaction 60,569
Lee's Gene Expression 8,250
4 Prieto's Gene Expression 3,024
GO BP sharing 14,197

PPIs from GeneWays 5,252

-

pathways

[ Human PPI[4547) | | FyPPI[45] | | WomPPI[45] |

| YeastPPI[45] || GOBP Sharing[51] || Domain Interaction [52] |

| Lee's Gene Expression [49] | | Prieto’s Gene Expression [50] |

[ PPls from GeneWays [53] ]

Data sources for predicted Fls
networks

ﬁr Reactome [23]

_trained by ~  Panther [60]

[ Naive Bayes Classifier ] " CelMap [61]
validated by |_‘ ( NCI-Nature [62]

| kEGG[63]

)
)
|
]
| NCHBioCarta [62] |
]
)

;Y | | TRED [64]
[ Predicted FlsJ ( Annotated Fls Data sources for
[ . 1 ’ annotated Fls
| Fl Network |

Figure 1 Overview of procedures used to construct the function-
al interaction network. See text for details. BP, biological process.




Networks & Pathways
Comparison and combination of these type of complex data

Wu et al. (2010)

Wu et al. Genome Biology 2010, 11:R53

http://genomebiology.com/2010/11/5/R53 Genome Biolo

RESEARCH Open Access

A human functional protein interaction network
and its application to cancer data analysis

Guanming Wu*!, Xin Feng?3 and Lincoln Stein!2

P @\ ’4\-*" "" =
GA%‘._. “\u\a§\\\ MAPKBIP2
‘ v ‘.,; N
Q‘?Z"”" o\.\
Subnetwork derived from The @ @ v’ w,_..
Cancer Genome Atlas (TCGA) "" ,V" \
of somatic mutation data set: . ‘ '/‘ ’
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© [ 7% |
( : B O @ UNIVERSITY OF CAPE TOWN [EH
. IYUNIVESITHI YASEKAPA*UNIVERSITEIT VAN KAAPSTAD W

Computational Biology @ UCT

Hands-on: Practical Examples

Build the coexpression network for a gene list using

Cytoscape (plugin ReactomeFl, that includes FI DB)
http://wiki.reactome.orglindex .php/Reactome Fl Cytoscape Piugin_4

Microarray DataAnalysis on a Network
(NejmlogRatioNormGiobaiZScore _070111.txt human)
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® e
‘ BO *5 UNIVERSITY OF CAPE TOWN

Computational Biology @ UCT

Hands-on: Practical Examples

Build the coexpression network for a gene list using
Cytoscape (plugin GeneMANIA)

Protein_

SETs_ 2014.xls
(NOTCH 33p human)
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Computational Biology @ UCT

‘ BIO UNIVERSITY OF CAPE TOWN
IYUNIVESITHI YASEKAPA « UNIVERSITEIT VAN KAAPSTAD ‘s ;
* A\ 4

Session 3 (9:30 - 12:30, 3h)
Protein interaction networks
Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks
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Networks *rw

Two major types of networks derived from experimental data

Two major types of networks derived from large-scale omic data

1.— Gene Coexpression Networks: ggcoe
derived from gene expression profiling and transcriptomic studies

2.— Protein-Protein Interaction Networks: ppi
derived from proteomic studies
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Protein-Protein Interactions (PPls) &

biological networks

REVIEW Zhu et al. (2007) Genes Dev.

Getting connected: analysis and
principles ot biological networks

Xiaowei Zhu,'* Mark Gerstein,> and Michael Snyder'**

The review shows that

PPl data are, at present,

a major part of the new
systematic approaches

to large-scale experimental
determination of
biomolecular networks

Type Number Number of
of network Species of nodes interactions Reference
Transcription factor-binding network S. cerevisiae 3528 7419 Yu et al. 20032
3207 11231 Harbison et al. 2004

Protein-protein interaction C. elegans 2788 4441 Stark et al. 2006

D. melanogaster 7546 25403

Homo sapiens 7509 20979

Mus musculus 209 393

S. cerevisiae 5325 51773
Phosphorylation network S. cerevisiae 1325 4200 Ptacek et al. 2005
Metabolic network E. coli 473 574 Guimera and Nunes Amaral 2005

S. cerevisiae 646 1149 Tong et al. 2004
Genetic network S. cerevisiae 3258 13963 Reguly et al. 2006°

*Transcriptional factor-binding data collected at rich-media condition.
PTranscriptional factor-binding data collected at a variety of growth conditions.
“Synthetic lethal interactions among nonessential genes.

From Zhu et al. (2007) Genes Dev.
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Protein-Protein Interactions (PPls) *«
our first decade of interactome mappig: PPI data

v

2001 2004 2005 2011
‘“*-’ ]
SRR
SRR 53
Science Science Nature Science Nat Methods Science
Walhout et al Li et al Rual et al Yu et al Simonis et al Arabidopsis
interactome
consortium
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Protein-Protein Interactions (PPIs)
iInternational consortiums

Our group participates actively in HUPO PSI-MI (Molecular Interactions \Workgroup)
mmmmm HUiO

:m'md mics| HUPO Proteomics Mass Spectrometry | Molecular Interactions | Protein Modificati | Pr Proteome
tandards fo
muatve  (Standards Initiative Infopuatics | Brateln s""‘"‘"‘ Organisation

Home » Workgroups

Molecular Interactions Workgroup

Submitted by orchard on Tue, 2007-05-01 14:01 General Information

Countdown 2 : :
The Molecular Interactions workgroup is concentrating on:
16 days until 2011 HUPO-PSI
spring workshop in Heidelberg, « improving the annotation and representation of molecular interaction data wherever it is published, be this in journal articles,
Germany. authors web-sites or public domain databases
m « improving the accessibility of molecular interaction data to the user community. By using a common standard data can be
o downloaded from multiple sources and easily combined using a single parser
« March 2011 »
Sun Mon Tue Wed Thu Fri Sat To this end we have developed :

1 2] 3 4me Minimum Requirements Standards
6| 7| 8| o 10{11] 12

13| 14| 15| 16| 17|18| 19

20| 21| 22| 23| 24128 26

27| 28| 20/ 30| 31 e MIAPAR - the Minimum Information about a Protein Affinity Reagent to assist the scientist in describing reagent, such as
antibodies used as protein identification tools (full text).

e MIABE- Minimum Information About a Bioactive Entity guidelines to assist the scientist in reporting and submitting drug-

l!mm target data

Username: * Data exchange formats and Controlled vocabularies

e MIMIx - the Minimum Information about a Molecular Interaction experiment guidelines to assist the scientist in reporting and
submitting interaction data and in manuscript preparation (Full text)

e PSI-MI XML v2.5 data interchange format (the deprecated version 1.0 is still available here, with some details on how to
Password: * convert files from 1.0 into 2.5 version)

« MITAB data interchange format, a common tab delimited format.
¢ PSI-PAR Representation of Protein Affinity Reagents (PARs) in the PSI-MI XML format
@ e PSI-MI CV the controlled vocabularies for annotating the data in combination with the PSI-MI XML format
3 Pt e PAR CV the controlled vocabularies for annotating the data in combination with the PSI-PAR XML format
. Request new password Tools
m e A PSI-MI validator stand alone tool, checking that files compile using the XML format and the CVs are compliant to the
MIMIx guidelines
o create content e PSIQUIC a web service to access the interaction data
» Meeting minutes
o General information
o PSI Mailing Lists
© groups
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Protein-Protein Interactions (PPIs)
International consortiums

There are several
primary PPls
databases,

but at present
there is small
integration.

PPls
proteins

&

Mis
biomolecules

EU project
PSIMEx
FP7-HEALTH-2007-223411

Curation Rules Submit Your Data Training

Search the IMEx data resource
Search )
Use as input:

« Uniprot KB Accs
* Gene names
¢ Publication Ids

IMEx data
* A non-redundant set of protein-protein interaction data from a broad taxonomic range of
organisms
* Expertly curated from direct submissions or peer-reviewed journals to a consistent high
standard.
¢ Available in standard formats MITAB or PSI-MI XML 2.5
* Provided by a network of participating major public domain databases.

Funding

IMEXx is funded by the European Commission under PSIMEX, contract number FP7-HEALTH-2007-
223411

News
HUPO-PSI Spring Meeting

Heidelberg, Germany.

April 11-13th, 2011.

The MI track will focus on PSICQUIC, gold standard protein interaction sets and new interaction
types.

More information & registration.

= Top

IMEX

SR

A\ R o g \
~IMEX The International Molecular Exchange Consortium

Disclaimer Contact us

IMEx Partners
qh nt/ict
7DIP IntAct

#£ MINT

aM

cMPact
Proteinlinteraction!

E 2ICOompIEx]DE]

MINT MPact
5 J. Craig Venter”
MatrixDB NS T TUTE
MatrixDB MPIDB
°
: nnate
BioGRID [{l»):
BioGRID InnateDB

CONNECTIONS

Molecular
Connections

Funding

IMEX is funded by the European
Commission under PSIMEX, contract
number FP7-HEALTH-2007-223411

SEVENTH FRAMEWORK
PROGRAMME




Protein-Protein Interactions (PPIs) %

review some essential concepts on PPls

OPEN 8 ACCESS Freely available online PLOS COMPUTATIONAL BIOLOGY

Protein-Protein Interactions Essentials: Key Concepts to
Building and Analyzing Interactome Networks
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Protein-Protein Interactions (PPIs) %

definition

The advancement of genome and proteome-wide experimental technologies have
introduced modern biology in the high complexity of living cells, where thousands
of biomolecules work together with many cross-talks and cross-regulations.

To achieve a first level of understanding of such cellular complexity we need to
unravel the interactions that occur between all the proteins that integrate a living
cell.

What do we mean by protein
BUT, what do we mean by interaction?

protein-protein interaction ?
Intuitively, the definition of protein interaction in

just its more restrictive meaning would only involve the
physical contact interaction produced by physical contact between

the surfaces of two proteins. But most of the meth-
or ods currently used have a bias towards the detection

of higher levels of relation or association between
other level of biomolecular proteins. Such protein relations can be very differ-
relation / association ent: inclusion in multiprotein complexes, common

cellular compartments, same signalling pathway,
same metabolic pathway, co-expression, genetic co-
regulation, or even molecular co-evolution.

From De Las Rivas et al. (2004) Comp. Funct. Genomics Javier De Las Rivas - GiC (USAL/CSIC) - 2015 94



Protein-Protein Interactions (PPIs) if(w
definition
The advancement of genome and proteome-wide experimental technologies have

introduced modern biology in the high complexity of living cells, where thousands
of biomolecules work together with many cross-talks and cross-regulations.

To achieve a first level of understanding of such cellular complexity we need to
unravel the interactions that occur between all the proteins that integrate a living

cell.

Corplex I Corplex II Coraplex III Corplex IV Corplex ¥V

Proton | &TP synthase
N&DH dehyrogenase yntnase
(Thertrus fhaenphilus) channel | (Escherichia coli)

Founit

vvvvv

O O O
17202 2H+ H20

Cytochrome ¢ oxidase
{bovine)

F nit

Cytochrorae bel coraplex
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16993]1.699.5
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O%—{ 2741 -0 3611 |
PPPi PPi

NaD+O OH+
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Protein-Protein Interactions (PPIs) ﬁv

definition

It is important to define the different types of associations between proteins in
order to make clear what are PPI.

|.- The PPI are proper physical interactions (and these can be direct or indirect)

1. Co-interacting proteins, defined as physical PApBpCpD3pE is a complex
interaction: . . o DA oB _

(a) Permanent interaction: proteins forming a physical
stable protein complex that carries out a direct
blomolecula-r role. (structqral or tupctloflal). pAwith pB
These proteins are protein subunits of the C _
complex and they work together. Examples P pD with pE
include ATPase subunits, subunits of the or
nuclear pore, and ribosomal proteins within physical

; t7|:16 S _and L eleme_nts of the .ribos;l)me. indirect

(b) Transient mte.la_ctlon. plgtelns that come oD x 3 oA with pD
together in certain cellular states to under- ]
take a biomolecular function. Examples pB with pE
include the DNA replicative complex, and pE
most of the proteins involved in signal trans-
duction cascades. complex = stable molecular machine

From De Las Rivas et al. (2004) Comp. Funct. Genomics Javier De Las Rivas - GiC (USAL/CSIC) - 2015 96



Protein-Protein Interactions (PPls)

definition

It is important to define the different types of associations between proteins in
order to make clear what are PPI.

ll.- PPl can be stable (i.e. complexes) or transient (i.e. in signaling pathways)

1.

Co-interacting proteins, defined as physical

interaction:

(a) Permanent interaction: proteins forming a
stable protein complex that carries out a
biomolecular role (structural or functional).
These proteins are protein subunits of the
complex and they work together. Examples
include ATPase subunits, subunits of the
nuclear pore, and ribosomal proteins within
the S and L elements of the ribosome.

(b) Transient interaction: proteins that come
together in certain cellular states to under-
take a biomolecular function. Examples
include the DNA replicative complex, and
most of the proteins involved in signal trans-
duction cascades.

From De Las Rivas et al. (2004) Comp. Funct. Genomics

pPApBpCpD3pE is a complex
interacts with other proteins pF

4 -
pF interacts with

the complex
in transient mode

PA

pC

physical
direct
pF with pApB
or
physical
indirect
PE oF with pE
complex = stable molecular machine
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Protein-Protein Interactions (PPIs) if(w

definition

It is important to define the different types of associations between proteins in

order to make clear what are PPI.

lll.- Just associations but not PPI (because there are not physical interactions)

2. Correlated proteins, defined as proteins that are
involved in the same biomolecular activity but
that do not interact physically:

(a) Metabolic correlation: proteins involved in
the same metabolic pathway. These pro-
teins are mostly enzymes. Examples include
Krebs cycle enzymes, and prostaglandin
synthesis enzymes.

(b) Genetic correlation: proteins that are
encoded by co-expressed or co-regulated
genes. These could be called operon-
type proteins. Examples include enzymes
that regulate the glycolytic pathway, and
proteins that regulate a phase of the
cell cycle.

From De Las Rivas et al. (2004) Comp. Funct. Genomics

pA

L

pDx2

genetic
gAand gX
are corregulated

pX
metabolic
pD and pY
are involved in
the same
pathway oY

no physical interaction
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Protein-Protein Interactions (PPIs) ﬁv

definition

What do we mean by protein-protein interaction ?

Protein-to-Protein interactions (PPls) are specific physical
contacts between protein pairs that occur by selective
molecular docking in a particular biological context.

Forward-looking two main challenges remain in the field:
(i)a better filtering of false positives in the PPI collections

(ilan adequate distinction of the biological context that
specifies and determines the existence or not of a given PPI at
a given biological situation.

From De Las Rivas & Fontanillo (2010) Javier De Las Rivas - CiC (USAL/CSIC) - 2015 99



Protein-Protein Interactions (PPIs) &

review some essential concepts on PPls
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Experimental interactions (PPIs)

obtained from binary or co-complex methods

True interactions (PPIs)
physical topology in vivo

Binary methods

measure physical direct PPls

e.g. P1-P2 P2-P3 —
Y2H _P1-P3 P4-P5  direct
P1-P4 P4-P6 assignment

Two different PPl networks derived from

two types of experiental data
(the X below indicate interactions that do not occur,

P5 P1=P2.P3.P4 i.e. they will be false positives)
B P2=P1 :P3:P4 assignment
m P3=P1,P2,P4 with @ P5
e.g. \pa=p1,p2p3,ps5,pe SPOKe \
model

P6 TAP-MSP5=P4p6 2T, @ @ X
2 sets of proteins Colp Fo=F4FS ” :
A&B ‘
Co-complex methods @ P6

measure physical PPIs (direct & indirect)
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Protein-Protein Interactions (PPIs) %

types of experimental methods

Within the last years a large amount of data on protein-protein interactions in
cellular systems has been obtained both by the high-throughput and small
scale technologies. Alist of most relevant methods to is presented:

Complex oriented methods (find multimeric PPIs)

- Co-Immunoprecipitation (Co-IP)

- Pull-Down Assays

- Tandem Affinity Purification + Mass Spectrometry (TAP-MS)

Binary oriented methods (find dimeric PPIs)
- Two Hybrid systems (Y2H)
- Protein Arrays / Protein Chips

3D-structure based methods (find specific PPl interfaces)
- X-ray Crystallography (X-ray)

- Electro Microscopy (EM)

- Nuclear Magnetic Resonance (NMR)

Javier De Las Rivas - CiC (USAL/CSIC) - 2015 101



Protein-Protein Interactions (PPls)

types of experimental methods
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Protein-Protein Interactions (PPlIs) ﬁv

major high-throughput experimental methods

In recent years two main high-throughput proteomic techniques have been
applied to determine PPIs:

— Tandem-Affinity Purification and Mass Spectrometry
(TAP-MS) provides multimer interactions (complexes)

B

TSSSSSSSSSSSSSSSSS 7.

A -
":"‘. MS analysis | Balt| prey 0.90
A7 Pammndl
& bait

— High-throughput Two-Hybrid systems
(Y2H) provides binary interactions
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pBD Growth >
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Reporter genes -~ B-Galactosidase
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assay his calculation
MATo.
®) |
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~{Ren|] X } Renilla
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pBXFLAG-y | ePression Renilla purification eﬁ assay .A P
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The Human Interactome ﬁv
Two major large-scale data types: TAP-MS and Y2H

In recent years two main high-throughput proteomic techniques have been
applied to determine PPIs:

— Tandem-Affinity Purification and Mass Spectrometry
(TAP-MS) provides multimer interactions (complexes)

— High-throughput Two-Hybrid systems
(Y2H) provides binary interactions

Javier De Las Rivas - CiC (USAL/CSIC) - 2015104
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Protein-Protein Interactions (PPIs)
major high-throughput experimental methods

From Rolland et al. (2014) Cell
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Binary Human Interactome

7K 13K

HI-11-2014

Dataset Name Release Date|| N proteins N interactions |Search Space
HI-I-2005 2005 1,545 2,750 Space |
HI-2011 2005, 2008, 2011 2,191 3,881 -
HI-1-2014 2014 4,303 13,944 Space Il
CCSB-HI-all 2015 (total union)| 4,745 16,503 || Space | &Il
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Literature Human Interactome

Literature Curated
Reference Sets Lit-BM
Lit-RS

Validated PRS/RRS

Random Reference Set
RRS
(1000 ppi, 699 heterodimers)
random selected & validated

Positive Reference Set
PRS (LCI-RS)
(1000 ppi, 699 heterodimers)
random selected & validated

Lit-BM binary multiple

7

Binary Multiple
7,475
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Comparison of 4 Human Interactomes

Binary HI
HI-11-2014

Cocomplex HI
Havugimana et al 2012

Literature HI
Lit-BM-2012

6,491 interactions

13,358 interactions 13,731 interactions *
4,100 proteins 2,804 proteins 3,409 proteins

Network N proteins in avg degree  avg degree avg avg avg cluster
main comp (total) (neighbors) betweenness closeness coefficient

Binary HI 4,100 6.516 58.238 6280.4 0.0075 0.086

Cocomplex HI 2,804 9.794 21.606 49218 0.0055 0.210

Literature HI 3,409 3.808 12.800 81885 0.0019 0.204

Predicted HI 3,280 11.316 12.953 74448 0.0000002 0.483

CCSB

CENTER FOR CAMCER SYSTEMS HOLG)|

Predicted HI
Zhang et al 2012

\
W

18,558 interactions
3,280 proteins

Topological characteristics of the
PPI networks (main component,
only heterodimers considered)
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Comparison of Human Interactomes

CCSB

CENTER FOR CAMCER SYSTEMS HOLG)|

1425 _ v v v

1069
Interactions for

binned proteins

712

356

0

NOTE:
excluding
I homodimers

, , i
min to max density min to max density

Pairwise PPlIs matrix comparing Hls (in Space lll): ordered by date of 1st publication (PubMed) .,



Comparison of Human Interactomes

HI-11-2014 : a broader human interactome

A Number of publications

Number of interactions
0 10 =100

| HI-II-14
Lit-BM-13

B

2
.% 20,000 7 g Binary literature maps
o B Systematic binary maps
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o e n l l l
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Pairwise PPls matrix comparing Hls (in Space Ill): ordered by number of publication (PubMed)
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Comparison of Human Interactomes
HI-1I-2014 : a broader human interactome

A Number of publications B
B Binary literature maps
B Systematic binary maps
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Comparison of 4 Human Interactomes

CCSB

CENTER FOR CAMCER SYSTEMS HOLG)|

Binary HI Cocomplex HI Literature HI Predicted HI
HI-11-2014

Havugimana et al 2012 Lit-BM-2012 Zhang et al 2012

\
W

13,358 interactions 13,731 interactions * 6,491 interactions 18,558 interactions
4,100 proteins 2,804 proteins 3,409 proteins 3,280 proteins
Network N proteins in avg degree  avg degree avg avg avg cluster
main comp (total) (neighbors) betweenness closeness coefficient T P ot e Sh fth
Binary HI 4,100 6.516 58.238 6280.4 0.0075 0.086 opological ¢ ara(_’te”sucs of the
Cocomplex Hl 2,804 9.794 21.606 49218 0.0055 0.210 PPI networks (main component,
Literature HI 3,409 3.808 12.800 8188.5 0.0019 0.204 only heterodimers considered)
Predicted HI 3,280 11.316 12.953 74448 0.0000002 0.483
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Comparison of 4 Human Interactomes

Number of Interactions
0 10:<100 0 10 100
3H1 ll--14 ----:::::::J co- ) )
It-BM-13 ::::::::::. PrePPI-HC Fraction of Fraction of
mRNA sequence sequence
Number of abundance in Pfam in transmembrane
publlcatlons in HEKcells domains
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Co-Frac

PrePPI-HC
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Comparison of 4 Human Interactomes
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Alteration of the interactome in diseases

RADS51D protein
lost interactions in disease
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Finding new disease genes in the interactome

Number of publications

Genes associated
with the same
disease are
believed to be
preferentially
interconnected in
interactome
networks:

e.g. cancer genes
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The Human Interactome ﬁv
Two major large-scale data types: TAP-MS and Y2H

In recent years two main high-throughput proteomic techniques have been
applied to determine PPIs:

— Tandem-Affinity Purification and Mass Spectrometry
(TAP-MS) provides multimer interactions (complexes)

— High-throughput Two-Hybrid systems
(Y2H) provides binary interactions
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Protein-Protein Interactions (PPlIs) ﬁv

major high-throughput experimental methods

In recent years two main high-throughput proteomic techniques have been
applied to determine PPIs:

— Tandem-Affinity Purification and Mass Spectrometry
(TAP-MS) provides multimer interactions (complexes)
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The BioPlex Network: Cell
A Systematic Exploration of the Human Interactome Volume 162, July 2015
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http://dx.doi.org/10.1016/j.cell.2015.06.043 The network: a Systematic map of

=~ 23,744 interactions between = 7,668 human proteins
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Protein Interactions PPls Processed  (5)
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Cell

Volume 159, November 2014
A Proteome-Scale Map of the Human Interactome Network
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Protein Interactions PPIs &

Y2H High-throughput Two-Hybrid systems
provide binary interactions

(a) Y2H (yeast two hybrid) system, in yeast cells

(b) LUMIER system (luciferase), in mammalian cells
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Protein Interactions PPls iv

Y2H High-throughput Two-Hybrid systems
provide binary interactions

Y2H classical system: Coding sequences for a protein X and a protein Y are fused to a DNA
binding domain (DBD, i.e. bait plasmid) and a transcription activation domain (AD, i.e. prey
plasmid). Upon interaction of protein X and protein Y, transcriptional activity of the DBD and
AD domains is reconstituted leading to reporter gene activation.

LUMIER system: Coding sequences for a protein X and a protein Y are fused to a 6xFLAG
tag sequence and to renilla luciferase and cotransfected in mammalian cells. Upon interaction

of protein X and protein Y, the luciferase fusion protein remains bound during the procedure
and is detected via light emission.
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Protein Interactions PPls %w

Y2H High-throughput Two-Hybrid systems
provide binary interactions
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Interactomes (global approaches) ﬁv

In recent years two main high-throughput proteomic techniques have been
applied to determine PPIs:

— Tandem-Affinity Purification and Mass Spectrometry
(TAP-MS) provides multimer interactions (complexes)

— High-throughput Two-Hybrid systems
(Y2H) provides binary interactions

Javier De Las Rivas - CiC (USAL/CSIC) - 2015130



Protein-Protein Interactions (PPls)
review some essential concepts on PPls

True interactions (PPIs)

physical topology in vivo

Binary methods

measure physical direct PPIs
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Protein-Protein Interactions (PPIs) ﬁv

experimental methods

Within the last years a large amount of data on protein-protein interactions in
cellular systems has been obtained both by the high-throughput and small
scale technologies. Alist of most relevant methods to is presented:

Complex oriented methods (find multimeric PPIs)

- Co-Immunoprecipitation (Co-IP)

- Pull-Down Assays

- Tandem Affinity Purification + Mass Spectrometry (TAP-MS)

Binary oriented methods (find dimeric PPIs)
- Two Hybrid systems (Y2H)
- Protein Arrays / Protein Chips

3D-structure based methods (find specific PPl interfaces)
- X-ray Crystallography (X-ray)

- Electro Microscopy (EM)

- Nuclear Magnetic Resonance (NMR)

Javier De Las Rivas - CiC (USAL/CSIC) - 2015132



Protein Interactions (Pls)
protein arrays/chips: multiple technologies to find protein mteractlons
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Protein Interactions (Pls) &

protein arrays/chips: multiple technologies to find protein interactions
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Protein Arrays,

Protein Arrays, Biochips,

_B:oéprs,' , and Proteomics

and Proteomnics The Next Phase of Genomic Discovery  ¢lick to LOOK || 2004

METHODS IN MOLECULAR BIOLOCGY
edited by
Joanna S. Albala

Lawrence Livermore National Laboratory
Livermore, California, U.S.A.

m:a S. Albala lan Humphery-Smith PrOteln P rOte I n

fart H(aYT.‘[JhEP/’S’TU.fh University of Utrecht

Utrecht, The Netherlands A rra ys A r I‘ays

Methods and Protocols

Volerme 264

Edited by Methods and Protocols

Eric T. Fung, mp, pho

Edited by
Eric T. Fung, MD, PhD

Ciphergen Biosystems Inc., Fremont, CA

B HumasA Priss

Javier De Las Rivas - CiC (USAL/CSIC) - 2015134



Protein Interactions (Pls)

2007

"

protein arrays/chips: multiple technologies to find protein interactions
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protein arrays = protein chips
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Protein Interactions (Pls)
protein arrays: 1st data analysis step is the signal quantification

Antibody Signal quantification is a
arrays technical problem that has to be
resolved by each platform with
maximum

precission and accuracy

Proteome

Reverse arrays

arrays

Peptide
arrays
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Protein-Protein Interactions (PPIs) %

proteins arrays to detect protein-protein interations

Within the last years a large amount of data on protein-protein interactions in
cellular systems has been obtained both by the high-throughput and small
scale technologies. Alist of most relevant methods to is presented:

Complex oriented methods (find multimeric PPIs)

- Co-Immunoprecipitation (Co-IP)

- Pull-Down Assays

- Tandem Affinity Purification + Mass Spectrometry (TAP-MS)

Binary oriented methods (find dimeric PPIs)
- Two Hybrid systems (Y2H)
- Protein Arrays / Protein Chips

3D-structure based methods (find specific PPl interfaces)
- X-ray Crystallography (X-ray)

- Electro Microscopy (EM)

- Nuclear Magnetic Resonance (NMR)
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Protein-Protein Interactions (PPls)
data sources: databases

OPEN @ ACCESS Freely available online PLOS computationaL BlOLOGY

R PLoS Comp. Bio. (2010)

Protein—Protein Interactions Essentials: Key Concepts to
Building and Analyzing Interactome Networks

Javier De Las Rivas*, Celia Fontanillo

Bioinformatics & Functional Genomics Research Group, Cancer Research Center (CiC-IBMCC, CSIC/USAL), Salamanca, Spain

Name DB full name and type PPIs sources Type of MI species

n prot. n interact.

Primary Databases: PPI experimental data (curated from specific SSc & LSc published studies)

(Dec.2009) (Dec.2009)

BIND Biomolecular Interaction Network Database Ssc & Lsc published studies (literature-curated) PPIs & others all [31972] [58266]
BioGRID General Repository for Interaction Datasets Ssc & Lsc published studies (literature-curated) PPIs & others all [28717] [108691]
DIP Database of Interacting Proteins Ssc & Lsc published studies (literature-curated) only PPIs all 20728 57683
HPRD Human Protein Reference Database Ssc & Lsc published studies (literature-curated) only PPIs human 27081 38806
IntAct Database of protein InterAction data Ssc & Lsc published studies (literature-curated) PPIs & others all [60504] [202826]
MINT Molecular INTeractions database Ssc & Lsc published studies (literature-curated) only PPIs all 30089 83744
MIPS-MPact MIPS protein interaction resource on yeast derived from CYGD only PPIs yeast 1500 4300
MIPS-MPPI MIPS mammalian protein-protein interaction db Ssc published studies (literature-curated) only PPIs mammalia 982 937
Meta Databases: PPI experimental data (integrated and unified from different public repositories)

APID Agile Protein Interaction DataAnalyzer BIND, BioGRID, DIP, HPRD, IntAct, MINT only PPIs all 56460 322579
MPIDB The microbial protein interaction database BIND, DIP, IntAct, MINT, other sets (exp & litcur) only PPIs microbial 7810 24295
PINA Protein Interaction Network Analysis platform BioGRID, DIP, HPRD, IntAct, MINT, MPact only PPIs all [?] 188823

Prediction Databases: PPI experimental & predicted data ("functional interactions", i.e. interactions lato sensu derived from different types of data)

MiMI Michigan Molecular Interactions BIND, BioGRID, DIP, HPRD, IntAct & nonPPI dt PPIs & others all
PIPs Human protein-protein interactions prediction db BIND, DIP, HPRD, OPHID & nonPPI dt PPIs & others human
OPHID Online Predicted Human Interaction Database BIND, BioGRID, HPRD, IntAct, MINT, MPact & nonPPI dt PPIs & others human
STRING Known and Predicted Protein-Protein Interactions BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others all
UniHI Unified Human Interactome BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others human

[45452] [391386]

[?] [37606]

[?] [424066]
[2590259] [88633860]

[22307] [200473]

From De Las Rivas & Fontanillo (2010) Javier De Las Rivas - CiC (USAL/CSIC) - 2015139



Protein-Protein Interactions (PPIs) ﬁv

experimental vs computational

For a proper study of protein-protein interactions it is very important to distinguish and
separate the data that come from experimental methods (provided PPls validated in the
lab by some technique) & the data coming from computational methods (that provided
PPIs infered but not really proved).

Experimental methods
” oD DR |
E
P— e 3 Many platgbases and
JED — @ >— 2 repositories of PPls
DBL ; e .
Reporter gene = m EE( include both
Yeast two-hybrid Affinity purifications expe”mepta"y and
computationally
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e e expectations in the
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Protein-Protein Interactions (PPls)
types of databases

There are several types of PPls databases:

- primary-db
- meta-db
- prediction-db

Name DB full name and type PPIs sources Type of MI species n prot. n interact.
Primary Databases: PPI experimental data (curated from specific SSc & LSc published studies) (Dec.2009) (Dec.2009)
BIND Biomolecular Interaction Network Database Ssc & Lsc published studies (literature-curated) PPIs & others all [31972] [58266]
BioGRID General Repository for Interaction Datasets Ssc & Lsc published studies (literature-curated) PPIs & others all [28717] [108691]
DIP Database of Interacting Proteins Ssc & Lsc published studies (literature-curated) only PPIs all 20728 57683
HPRD Human Protein Reference Database Ssc & Lsc published studies (literature-curated) only PPIs human 27081 38806
IntAct Database of protein InterAction data Ssc & Lsc published studies (literature-curated) PPIs & others all [60504] [202826]
MINT Molecular INTeractions database Ssc & Lsc published studies (literature-curated) only PPIs all 30089 83744
MIPS-MPact MIPS protein interaction resource on yeast derived from CYGD only PPIs yeast 1500 4300
MIPS-MPPI MIPS mammalian protein-protein interaction db Ssc published studies (literature-curated) only PPIs mammalia 982 937

Meta Databases: PPI experimental data (integrated and unified from different public repositories)

APID Agile Protein Interaction DataAnalyzer BIND, BioGRID, DIP, HPRD, IntAct, MINT only PPIs all 56460 322579
MPIDB The microbial protein interaction database BIND, DIP, IntAct, MINT, other sets (exp & litcur) only PPIs microbial 7810 24295
PINA Protein Interaction Network Analysis platform BioGRID, DIP, HPRD, IntAct, MINT, MPact only PPIs all [?] 188823

Prediction Databases: PPI experimental & predicted data ("functional interactions", i.e. interactions lato sensu derived from different types of data)

MiMI Michigan Molecular Interactions BIND, BioGRID, DIP, HPRD, IntAct & nonPPI dt PPIs & others all [45452] [391386]
PIPs Human protein-protein interactions prediction db BIND, DIP, HPRD, OPHID & nonPPI dt PPIs & others human [?] [37606]
OPHID Online Predicted Human Interaction Database BIND, BioGRID, HPRD, IntAct, MINT, MPact & nonPPI dt PPIs & others human [?] [424066]
STRING Known and Predicted Protein-Protein Interactions BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others all [2590259] [88633860]
UniHI Unified Human Interactome BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others human [22307] [200473]

From De Las Rivas & Fontanillo (2010) Javier De Las Rivas - CiC (USAL/CSIC) - 2015141




Protein-Protein Interactions (PPls)

types of databases

There are several types of PPls databases:

- primary-db
- meta-db
- prediction-db

Name DB full name and type

PPIs sources

Type of MI species n prot. n interact.

Primary Databases: PPI experimental data (curated from specific SSc & LSc published studies)

(Dec.2009) (Dec.2009)

BIND Biomolecular Interaction Network Database Ssc & Lsc published studies (literature-curated) PPIs & others all [31972] [58266]
BioGRID General Repository for Interaction Datasets Ssc & Lsc published studies (literature-curated) PPIs & others all [28717] [108691]
DIP Database of Interacting Proteins Ssc & Lsc published studies (literature-curated) only PPIs all 20728 57683
HPRD Human Protein Reference Database Ssc & Lsc published studies (literature-curated) only PPIs human 27081 38806
IntAct Database of protein InterAction data Ssc & Lsc published studies (literature-curated) PPIs & others all [60504] [202826]
MINT Molecular INTeractions database Ssc & Lsc published studies (literature-curated) only PPIs all 30089 83744
MIPS-MPact MIPS protein interaction resource on yeast derived from CYGD only PPIs yeast 1500 4300
MIPS-MPPI MIPS mammalian protein-protein interaction db Ssc published studies (literature-curated) only PPIs mammalia 982 937
Meta Databases: PPI experimental data (integrated and unified from different public repositories)

APID Agile Protein Interaction DataAnalyzer BIND, BioGRID, DIP, HPRD, IntAct, MINT only PPIs all 56460 322579
MPIDB The microbial protein interaction database BIND, DIP, IntAct, MINT, other sets (exp & litcur) only PPIs microbial 7810 24295
PINA Protein Interaction Network Analysis platform BioGRID, DIP, HPRD, IntAct, MINT, MPact only PPIs all [?] 188823

Prediction Databases: PPI experimental & predicted data ("functional interactions", i.e. interactions lato sensu derived from different types of data)

MiMI Michigan Molecular Interactions

PIPs Human protein-protein interactions prediction db
OPHID Online Predicted Human Interaction Database
STRING Known and Predicted Protein-Protein Interactions
UniHI Unified Human Interactome

BIND, BioGRID, DIP, HPRD, IntAct & nonPPI dt PPIs & others all [45452] [391386]
BIND, DIP, HPRD, OPHID & nonPPI dt PPIs & others human [?] [37606]
BIND, BioGRID, HPRD, IntAct, MINT, MPact & nonPPI dt PPIs & others human [?] [424066]
BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others all [2590259] [88633860]
BIND, BioGRID, DIP, HPRD, IntAct, MINT & nonPPI dt PPIs & others human [22307] [200473]

From De Las Rivas & Fontanillo (2010)
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From protein interactions to protein networks
integration & unification of protein interaction data

We have developed a database that integrates and unifies PPls: APID & APID2NET

( Search ) Bicinformatics and
— Functional Genomics
Research Group
M
Home . - . -
APID: Agile Protein Interaction DataAnalyzer
Search
Hel B
P Description

Statistics . . - P ; A . - - \ ;

APID (Agile Protein Interaction DataAnalyzer) is an interactive bioinformatic web-tool that has been developed to allow exploration and analysis of main currently
Data known information about protein-protein interactions integrated and unified in a common and comparative platform. The analytical and integrative effort done in APID
News provides an open access frame where all known experimentally validated protein-protein interactions (BIND, BioGRID, DIP, HPRD, IntAct and MINT) are unified in
Links a unigue web application that allows an agile exploration of the interactome network and includes certain calculated parameters that weight the reliability of a given
About Us interaction (i.e. the "edges" of the interactome network) between two proteins, and also qualify the functional environment around any given protein (i.e. the

"nodes" of the interactome network) . Such parameters are:
APID2NET . about the proteins:
Tutorials * Connectivity: a graph parameter that indicates the number of proteins that directly interact with a query protein.

Al
5:;:%3 s Cluster Coefficient: a graph parameter that indicates the degree of inter-connection of the group of proteins that directly interact to a query protein.
e GO Environment: a tool that identifies and lists all the Gene Ontology (GO) terms that are assigned to the proteins directly interacting with a query protein.

e GO Environment Enrichment: a tool that for each protein selects the most-represented and non-self GO terms assigned to the proteins interacting with such
protein.

. about the interactions:

e Number of methods: number of experimentally validated methods that prove a protein-protein interaction, given the PubMed reference and link.
e GO overlapping: a tool that shows the GO terms assigned to each protein-pair and marks the ones that are common to both.
e iPfam domain-domain interaction: a tool that identifies the Pfam domains of each protein-pair and marks the ones that interact according to iPfam database. &

APID Statistics
N Experimental data unified in APID
o Number of Interactions
o Proteins per Organism Number of Proteins in APID: 56460
o Interactions per Organism
o Interactions :er Dazabase (BIND, BioGRID, DIP, HPRD, IntAct, MINT)
o Number of experiments that validate each Interaction

Number of Interactions in APID: 322579

Number of Proteins in APID: 56460

Number of Interactions in APID: 322579
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Protein-Protein Interactions (PPIs) &

integration & unification of PPl data
APID (Agile Protein Interaction DataAnalizer) http://bioinfow.dep.usal.es/apid

DIP HPRD

ppene

MINT

- Unify proteins with UniProt ID
- Unify interactions by protein pairs

- Unify PSI-MI codes from sowce
databases corr ecting inconsi istencies
- Unify publication references.

- Publication data update by PubMed
1D in NCBI

- Integration of meta-data

- Calculate network coefficients

- Calculste assessment parameters
for proteins and interactions

BIND

At present 6 source PPI DBs were unified:

* BIND (Biomolecular Interaction Network DB) Data integration
* BioGRID (Biological Gral. Repository for Interaction Datasets) & unification
* DIP (Database of Interacting Proteins) by
 HPRD (Human Protein Reference Database) Sequence
- IntAct (Database system & analysis tools for Pl data) UniProt_ID

* MINT (Molecular Interactions Database) PubMed_ID



Protein-Protein Interactions (PPIs) &«

integration & unification of PPl data
APID (Agile Protein Interaction DataAnalizer) http://bioinfow.dep.usal.es/apid

We are developing a new APID database that will integrate PDB and sDDI (3D) data

Number of PROTEINS (total): 63934
Number of INTERACTIONS (total): 333436

Number of Proteins in 3D interactions: 12784
Number of 3D Interactions: 15130

Number of PROTEINS in PPI sources: 56460
Number of INTERACTIONS in PPI sources: 322579

o Proteins per Organism in PPI sources

o

Interactions per Organism in PPI sources
Interactions per Database (BIND, BioGRID, DIP, HPRD, IntAct, MINT)
Number of experiments that validate each Interaction

o]

o
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Protein-Protein Interactions (PPls)
integration & unification of PPI data: hsPPls in APID

There are several primary PPls databases, but at present there is small integration:

Human Interactome

Coverage of human PPls on major public repositories

in 2007
human interactions
38832 interactions

y
in 2010

human interactions
80032 interactions

in 2010
human proteins
11998 proteins

&

IntAct . .
24836 ppi human interactions
B DIP 31.0 % 80032 interactions
1489 ppl 13489 ppi
1.86 % HPRD
40551 ppi

50.7 %

27297 ppi
341 %
19659 ppi
19088 ppi
BIND \ 2402 ppi
5626 ppi 7787 ppi 24668 ppi
7.03 % 308 %
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® I e
‘ BO *5 UNIVERSITY OF CAPE TOWN

Computational Biology @ UCT

Hands-on: Practical Examples

Build ppi networks in Cytoscape
(plugins APID2NET and PSICQUIC)

Protein. SETs_ 2015.xls
(PreRIBOSOME, Proteasome, NOTCH)
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From protein interactions to protein networks &w
build reliable networks with biological meaning: examples

Challenge: obtain and integrate omic data to build biological networks
and solve biological questions.

Three examples based in PPI| data:

1.— Use of PPI data to build protein networks and find different sub-
complexes and assembly steps: the PRE-RIBOSOME example.

2.— Use of PPI data to build the protein network corresponding to a
molecular machine: the PROTEASOME example.

3.— Use of PPI data and pathways to build integrated protein networks
and find specific connectors and hubs: the NOTCH example.
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From protein interactions to protein networks d&w
build reliable networks with biological meaning: example 1

Building a molecular machine: Pre-RIBOSOME (90S)
steps for the biogenesis and assemble of the ribosome

nucleolus \ hucleus cytoplasm

dimethylation
9 | cleavage
Qa : > @ e
‘% o pre-40S / }0 208 Y (-
ca %7 / rRNA ‘Q rRNA
/
early intermediate late mature

From Schéfer et al. (2003) EMBO Journal Javier De Las Rivas - CiC (USAL/CSIC) - 2015 150



Model of the pathway of 60S pre-ribosome maturation and export

60S pre-ribosomes

early ‘ intermediate late mature

non-ribosomal proteins

@ * @@ «s

2 9° /
229
S /
r-proteins /
P Nucleolus , Nucleus Cytoplasm
@ Helicases > GTPases

O Intranuclear transport (Noc proteins) v Real (AAA-type ATPase)
© rRNA processing and modification factors Q@ Export factors (Nmd3, Xpol, RanGTP, Mtr2)|

From Nissan et al. (2002) EMBO Journal Javier De Las Rivas - CiC (USAL/CSIC) - 2015 151



From protein interactions to protein networks %
build reliable networks with biological meaning: example 1

Many proteins have been involved in the assemble of Pre-RIBOSOME (90S)

NameSystematic
YJL109¢c
YPL126w
YDR324c
YGR128c¢
YDR398w
YHR196w
YMRO093w
YLR129w
YLR409c
YCRO057¢c
YLR222¢c
YJL069c
YDR449c
YGRO090w
YILO35¢c
YORO061W
YCLO031c
YGLO19W
YORO39W
YJRO02w
YNLO75w
YHR148w
YPL217c
YGR145w
YMR290c
YNL132w
YCLO059¢c
YPR144c
YDLO014w
YDL148c
YMR229c
YBL004w

Uniprot_ID NameGene

P42945
Q02931
Q06679
P53276
Q04177
P38882
Q04305
Q12220
Q06078
P25635
Q05946
P40362
Q02354
P53254
P15790
P19454
P25368
P43639
P38930
P47083
P53941
P32899
Q08965
P48234
Q03532
P53914
P25586
Q06512
P15646
Q99207
Q05022
P35194

Utp10
Nan1
Utp4
Utp8
Utp5
Utp9
Utp15

Imp4
Imp3
Bms1
Enp2
Has1
Kre33
Krr1
Noc4
Nop1
Nop14
Rrp5
Utp20

UniProt_Name
UTP10_YEAST
NAN1_YEAST
UTP4_YEAST
UTP8_YEAST
UTP5_YEAST
UTP9_YEAST
UTP15_YEAST

IMP4_YEAST
IMP3_YEAST
BMS1_YEAST
YG3J_YEAST
HAS1_YEAST
YNN2_YEAST
YCF9_YEAST
NOC4_YEAST
FBRL_YEAST
NOP14_YEAST
RRP5_YEAST
YBA4_YEAST

Synonyms
na

Utp17

na

na

na

na

na

na

na

na
na
na

na

na

na

na

na

na

na

na

na
Utp19
Lot3_FBRL
Utp2
na

na

MW(kDa) Study

200.08 1stStudy
101.24 1stStudy
87.8 1stStudy
80.19 1stStudy
72 1stStudy
65.27 1stStudy
57.69 1stStudy
106.34 1stStudy
104.79 1stStudy
103.98 1stStudy
91.03 1stStudy
66.42 1stStudy
52.42 1stStudy
140.48 1stStudy
44.67 1stStudy
39.4 1stStudy
34.47 1stStudy
32.26 1stStudy
29.84 1stStudy
66.95 1stStudy
33.48 1stStudy
21.89 1stStudy
135.57 1stStudy
81.75 1stStudy
56.72 1stStudy
119.35 1stStudy
37.16 1stStudy
63.64 1stStudy
34.47 1stStudy
94.3 1stStudy
193.13 1stStudy
287.56 1stStudy

SubComplex Description

UTP-A
UTP-A
UTP-A
UTP-A
UTP-A
UTP-A
UTP-A
UTP-B
UTP-B
UTP-B
UTP-B
UTP-B
UTP-B
UTP-C
UTP-C
UTP-C
UTP-C
UTP-C
UTP-C
MPP10-C
MPP10-C
MPP10-C
outSubC
outSubC
outSubC
outSubC
outSubC
outSubC
outSubC
outSubC
outSubC
outSubC

U3 small nucleolar RNA-associated protein 10U3 snoRNA-associate
Nucleolar protin NAN1U3 small nucleolar RNA-associated protein 17
U3 small nucleolar RNA-associated protein 4U3 snoRNA-associated
U3 small nucleolar RNA-associated protein 8U3 snoRNA-associated
U3 small nucleolar RNA-associated protein 5U3 snoRNA-associated
U3 small nucleolar RNA-associated protein 9U3 snoRNA-associated
U3 small nucleolar RNA-associated protein 15U3 snoRNA-associate
DOM34 interacting protein 2U3 small nucleolar RNA-associated prot
Hypothetical 104.8 kDa Trp-Asp repeats containing protein in RPL31
Periodic tryptophan protein 2U3 small nucleolar RNA-associated prot
U3 small nucleolar RNA-associated protein 13U3 snoRNA-associate
Hypothetical 66.4 kDa Trp-Asp repeats containing protein in SMC3-M
U3 small nucleolar RNA-associated protein 6U3 snoRNA-associated
Hypothetical 140.5 kDa protein in CTT1-PRP31 intergenic region
Casein kinase Il, alpha chainCK Il alpha subunit

Casein kinase Il, alpha' chain (CK II)

Ribosomal RNA processing protein 7

Casein kinase Il beta subunitCK Il beta

Casein kinase Il beta' subunitCK Il beta'

U3 small nucleolar ribonucleoprotein protein MPP10

U3 small nucleolar ribonucleoprotein protein IMP4

U3 small nucleolar ribonucleoprotein protein IMP3

Ribosome biogenesis protein BMS1

Hypothetical WD-repeat protein in MOL1-NAT2 intergenic region
Probable ATP-dependent RNA helicase HAS1

Hypothetical UPF0202 protein YNL132w

Hypothetical 37.2 kDa protein in CHA1-PRD1 intergenic region
Nucleolar complex protein 4U3 small nucleolar RNA-associated prote
FibrillarinNucleolar protein 1

Nucleolar complex protein 14U3 small nucleolar RNA-associated pro
rRNA biogenesis protein RRP5

Hypothetical 287.5 kDa protein in PDR3-HTA2 intergenic region

From Perez-Fernandez et al. (2007) Mol. Cell. Biol.
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The 90S Preribosome Is a Multimodular Structure That Is
Assembled through a Hierarchical Mechanism"

Jorge Pérez-Fernandez, Angel Roman, Javier De Las Rivas, Xosé R. Bustelo, and Mercedes Dosil*

Centro de Investigacion del Cdancer and Instituto de Biologia Molecular y Celular del Cancer, CSIC D ——— I —
Campus Unamuno, E-37007 Salamanca, Spain o
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Combination proteomic techniques, and bioinformatic ila | ;
analyses to shed light into the rules of assembly of the yeast 90S P S e ;f s
preribosome. The results indicate that several protein @

subcomplexes work as discrete assembly subunits binding in
defined steps.
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The 90S Preribosome Is a Multimodular Structure That Is

Assembled through a Hierarchical Mechanism"

Jorge Pérez-Fernandez, Angel Roman, Javier De Las Rivas, Xosé R. Bustelo, and Mercedes Dosil*
Centro de Investigacion del Cancer and Instituto de Biologia Molecular y Celular del Céincer, CSIC '

T
witdtype o |

Campus Unamuno, E-37007 Salamanca, Spain

A bioinformatic approach that provides a model for the
topological arrangement of protein components within the fully

assembled particle.
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The 90S Preribosome Is a Multimodular Structure That Is
Assembled through a Hierarchical Mechanismvt

Jorge Perez-Fernandez, Angel Roman, Javier De Las Rivas, Xose R. Bustelo, and Mercedes Dosil*

Centro de InvestigaciOn del Cancer and Instituto de Biologfa Molecular y Celular del Cancer, CSI C-University of Salamanca,
Campus Unamuno, E-37007 Salamanca, Spain

Pwp2p-MYC Rrp7p-MYC Nan1p-MYC Utp4p-MYC
Nanf1p Rrp7p Rrp5p Nan1p Pwp2p RrpSp Pwp2p Rrp7p Rrp5p Pwp2p
depletion depletion depletion depletion depletion | depletion depletion depletion depletion depletion
UTP-AI Utp10p YJL109¢
t-UTP Nan1p YPL 126w
Utp4p YDR324c
Utp8p YGR128c
Utp5p YDR398w
Utp9p YHR196w
Utp15p YMRO093w
Pwp2p/ Pwp2p YCRO057¢
UTP-B Dlp2p YLR129w
Utp21p YLR409c
Utp13p YLR222c
Utp18p YJL069¢c
Utp6p YDR449¢
UTP-C Utp22p YGR090w
Rrp7p YCL031c
Ckalp YILO35¢
Mpp10 Mpp10p YJRO02w
Imp4p YNLO75w
OTHER 90S|J Utp20p YBLO04w
PROTEINS | Rrp5p YMR229c
Bms1p YPL217c
Kre33p YNL132w
Noo140 YDL148c
Enp2p YGR145w
Noc4p YPR144c
Has1p YMR290c
Krrip YCLO059¢
Nop1p YDLO 14w
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From protein interactions to protein networks &w
build reliable networks with biological meaning: example 1

Proteomics finds 32 proteins involved in the assemble of Pre-RIBOSOME (90S)

CSK2

CSK21

HAS1

CSK2B

CSK22

RRP5

DIP2

\L409 UTP13

UTP18

uTP6 B UTP4
BMS1

UTP22

YNN2

FBRL

IMP4
YG3) UTP15,

YCF9 PWP2

NOC4

OP1

IMP3

NAN1 uTPg
RRP7

MPP 10

UTP10,

UTP9

YBA4

UTPS

interactions validated by
= 1 experimental method

From Perez-Fernandez et al. (2007) Mol. Cell. Biol.

interactions validated by
= 2 experimental methods
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From protein interactions to protein networks %
build reliable networks with biological meaning: example 1

Proteomics finds 32 proteins involved in the assemble of Pre-RIBOSOME (90S)

Utp1 Nan1 Utp4 Utp8 Utp5 Utpd Utp15 [PWB2IDip2 Utp21 Utp13 Utp18 Utp6 Utp22 Rrp? Csk21 Csk22 Csk2b Csk2e Mpp10 Imp4 Imp3 Utpz0 RipS Bms1 Kre3d Nopt4 Enpz Nocd Hast Krri Nopt
3 3 2 4 5
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Co0oo0co0ONOOCOQOUOOOOO AN
OO o000 O0O0O0 0O NOS0OONOo

B WO OOOOA 2000 aANO-2ONOO
©C OO0 OO0 OONNW-SNSDSOWOOOONWN
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Rrp5
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Kre33
Nop14
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A2 02 N 00000000 20O0NWOOOOOWOo
©COO A NN-2O0O02O0NO-_2x20hRhOOO204hoO

©CO0OO0OO0O OO0 200000000000 WwWOOoOOoooa.hn
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symmetric matrix of binary protein-protein interactions,
weighted by the number of experimental methods
that validate each interaction

From Perez-Fernandez et al. (2007) Mol. Cell. Biol. Javier De Las Rivas - CiC (USAL/CSIC) - 2015157



From protein interactions to protein networks %
build reliable networks with biological meaning: example 1

Pre-RIBOSOME
from

32 proteins

to

4 groups

From Perez-Fernandez et al. (2007) Mol. Cell. Biol. Javier De Las Rivas - CiC (USAL/CSIC) - 2015158



From protein interactions to protein networks ﬁv
build reliable networks with biological meaning: example 1

Proteomics finds 32 proteins involved in the assemble of Pre-RIBOSOME (90S)

Enp2
Imp3 Kre33
Mpp10
Bms1

Imp4

Utp20

8(903)
7(972)

5 ’,5";\}/’ ’\‘(f_\s l \__/
SIS A\l

DA VAN -
\“ {
A\} A

5% T

3(932) 2(740) 1(938)

2N
Y. v

4 (745)

4

W
X

=

5(1000)

7/aIN

J
%

UtpS Rrp5

@5

Nan1
6(995) o

Csk2c
Utp9
Utp10 Utp1s csuszkZ‘l

Rrp7 Utp22

using former matrix we calculate the binary
distances and we generate a tree

From Perez-Fernandez et al. (2007) Mol. Cell. Biol. Javier De Las Rivas - CiC (USAL/CSIC) - 2015159



From protein interactions to protein networks &w
build reliable networks with biological meaning: example 1

Imp3 Enp2
Mpp10
Imp4
Utp20
UTP-B e
Lt 7(972)

Pwp2

Utp18
Utp21
3(932) 2(740) 1(938)

Utp13

P2 4 (745)

Utp5
Utp4
Nan1
Utp8
Utp9
UTP-A
Rrp7

From Perez-Fernandez et al. (2007) Mol. Cell. Biol.

Kre33
Bms1
Noc4 Pre'RIBOSOME
from
Jopy 32 proteins
Nop14 to
p 4 sub-complexes
Krr1
Has1 .
We discover
e protein groups that
e correspond to
subcomplexes
6(995) Csk22 expe”menta”y
found
Csk2c
Csk21
Csk2b
Utp22 UTP'C
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From protein interactions to protein networks %
build reliable networks with biological meaning: example 1

Building a molecular machine: Pre-RIBOSOME (90S),
steps for the biogenesis and assemble of the ribosome

The 90S pre-ribosomal assembly particle includes several subunits
UTP-A, UTP-B, UTP-C, etc.

VMpp10p

Bms1p ®) complex
Kre33p O ©
Nop14p U3 snoRNP

UTP-A r PO

t-UTP oo & & S\B
@ Krrip @~ Utp20p UTP-B
Pwp2p/UTP-B
RNA pol |
*. e

o . “2nd assembly
UTP-C % Rrp5p oSy

UTP-C

1st assembly ,

branch P
Z

From Perez-Fernandez et al. (2007) Mol. Cell. Biol. Javier De Las Rivas - GiC (USAL/CSIC) - 2015 162



From protein interactions to protein networks &w
build reliable networks with biological meaning: examples

Challenge: obtain and integrate omic data to build biological networks
and solve biological questions.

Three examples based in PPI| data:

1.— Use of PPI data to build protein networks and find different sub-
complexes and assembly steps: the PRE-RIBOSOME example.

2.— Use of PPI data to build the protein network corresponding to a
molecular machine: the PROTEASOME example.

3.— Use of PPI data and pathways to build integrated protein networks
and find specific connectors and hubs: the NOTCH example.
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From protein interactions to protein networks ﬁv

analyse interaction networks to discover biology: example 2
A molecular machine within the PPI network: the PROTEASOME

°
oo G-
=

%o

complex
Have all the
subunits the
same biological
role?

PROTEASOME

268 Proteasome (Saccharomyces cerevisiag)

Rpnl | Rpn2 | Rpn3 | Rpnd | RpnS | Rpnb
Rpn? | Rpnd | Rpn® | Rpnl0 | Rpnll | Rpnl2
Rptl Rpt2 Rpt3 Rpt4 RptS Rpt6
ol o2 o3 ol o5 o6 o7
i1 [e (s P4 = [e [
03050 &/3/00
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From protein interactions to protein networks d&w
analyse interaction networks to discover biology: example 2

A molecular machine within the PPI network: the PROTEASOME
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Intramodular hubs vs Intermodular hubs
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From protein interactions to protein networks ﬁv
analyse interaction networks to discover biology: example 2

A molecular machine within the PPl network: the PROTEASOME

complex
Have all the
subunits the
same biological
role?

PROTEASOME

268 Proteasome (Saccharomyces cerevisiag)

Party hubs vs Date hubs

Party hub;
same time

Date hub;
and space

different time
and/or space

Rpnl | Rpn2 | Rpn3 | Rpnd | RpnS | Rpnb

Rpn? | Rpnd | Rpn® | Rpnl0 | Rpnll | Rpnl2

Rptl Rpt2 Rpt3 Rpt4 RptS Rpt6
ol o2 o3 ol o5 o6 o7
i1 [e (s P4 = [e [

03050 83100

Han et al. (2004) Nature

Intramodular hubs vs
Intermodular hubs

Intermodular Intramodular

. hubs *—— /" hubs
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o
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Taylor et al. (2009) Nat. Biotech.



From protein interactions to protein networks d&w
analyse interaction networks to discover biology: example 2

A molecular machine within the PPI network: the PROTEASOME
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From protein interactions to protein networks &w
build reliable networks with biological meaning: examples

Challenge: obtain and integrate omic data to build biological networks
and solve biological questions.

Three examples based in PPI| data:

1.— Use of PPI data to build protein networks and find different sub-
complexes and assembly steps: the PRE-RIBOSOME example.

2.— Use of PPI data to build the protein network corresponding to a
molecular machine: the PROTEASOME example.

3.— Use of PPI data and pathways to build integrated protein networks
and find specific connectors and hubs: the NOTCH example.
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Pathways *rw
KEGG: NOTCH signaling

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database)
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T

HATs
Hesl/5
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|
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Co-repressor
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Pathways

NOTCH signaling pathway

Nicastrin
Presenilin
PEN-2
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%
Notch Target Genes
HES Family
Myc
p21
CyclinD3

The notch signaling
pathway is important
for cell-cell
communication,
which involves gene
regulation mechanisms
that control multiple
cell differentiation
processes during
embryonic and adult
life.

The notch cascade
consists of notch and
notch ligands, as well
as intracellular proteins
transmitting the notch
signal to the cell's
nucleus.

Notch signaling is
dysregulated in many
cancers.
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Pathways NOTCH signaling pathway ‘-v-.
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From PPI & pathways to protein networks &

build reliable networks with biological meaning: example 3

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database)

PSE2 | PSEN
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y-Secretase cormplex
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Co-repressor
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From PPI & pathways to protein networks &

build reliable networks with biological meaning: example 3

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database)
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From PPI & pathways to protein networks &

build reliable networks with biological meaning: example 3

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database)
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From PPl & pathways to protein networks |
build reliable networks with biological meaning: example 3

NOTCH PROTEIN INTERACTION NETWORK: NOTCH1, 2, 3, 4 (APID database)

s
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SMAD3  (TGF-beta
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Networks & Pathways ,
Comparison and combination of these type of complex data

[ NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database) |
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From PPI & pathways to protein networks -

build reliable networks with biological meaning: example 3

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database)
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From PPI & pathways to protein networks
build reliable networks with biological meaning: example 3

| NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database) |
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From PPI & pathways to protein networks &«

build reliable networks with biological meaning: example 3

NOTCH SIGNALING PATHWAY: hsa04330 (KEGG database) transformed in a NETWORK

types of relation
— activation

— inhibition

— expression

\:\;,
SN

) e —

2 "é' O
§§§§§@§E§§§s

mg S\ -
PN NS

NOTCH

pathway-network

tissue-specificity:
the nodes in yellow correspond to proteins expressed in liver
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Tissue-specificity: nodes in yellow correspond to proteins expressed in liver t*_w‘
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Tissue-specificity: nodes in yellow correspond to proteins expressed in ... -: |k ?
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From PPI & pathways to protein networks
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From PPI & pathways to protein networks ﬁv

build reliable networks with biological meaning: example 3

NOTCH
pathway-network

includes relations from all signaling pathways Javier De Las Rivas - GIC (USAL/CSIC) - 2015 185
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From PPl & pathways to protein networks
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From PPl & pathways to protein networks &

MAPK
pathway-network
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From PPI & pathways to protein networks

MAPK
pathway-network
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From PPI & pathways to protein networks
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From PPl & pathways to protein networks

NOTCH
pathway-network ‘1~

"

The network analysis confirms
the central nodes of the pathway

Protein_ID Degree Betweenness Eigenvector
[1,] RBPJL_HUMAN 13 187.97 0.529
[3,] NOTC1_HUMAN 22 122.57 1.0
[6.] NOTC4:HUMAN 22 122.57 1.0
[7,] HDAC1_HUMAN 5 68.57 0.119
[8,] HDAC2_HUMAN 5 68.57 0.119
[9,] NCOR2_HUMAN 3 37.20 0.025
[10,] NICA_HUMAN 4 6.00 0.000

NOTCH

global

pathway-network @ ¢

OUH & NOI1CHZ central nodes ot the network

Protein_ID Degree Betweenness Eigenvector
[1,] RBPJL_HUMAN 13 1372.43 0.193
[5,] CTBP1_HUMAN 6 1023.66 0.005
[6,] CTBP2_HUMAN 6 1023.66 0.005
[7,] CBP_HUMAN 24 981.75 0.001
[8,] EP300_HUMAN 24 981.75 0.001
[9,] DVL1_HUMAN 41 956.94 1.0
[10,] DVL2_HUMAN 41 956.94 1.0

HDAC1/2 is enhanced in the global view
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From protein interactions to protein networks ﬁv
build reliable networks with biological meaning: examples

Challenge: obtain and integrate omic data to build biological networks
and solve biological questions.

Three examples based in PPI| data:

1.— Use of PPI data to build protein networks and find different sub-
complexes and assembly steps: the PRE-RIBOSOME example.

2.— Use of PPI data to build the protein network corresponding to a
molecular machine: the PROTEASOME example.

3.— Use of PPI data and pathways to build integrated protein networks
and find specific connectors and hubs: the NOTCH example.
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Networks & Pathways | i!rw
Comparison and combination of these type of complex data

genes/proteins in networks and in pathways

Conclusions

—There are clear links between the proteins working in a
pathway and the interaction network corresponding to such

proteins.

—There are useful databases and tools to explore pathways
and networks using query sets: Reactome, KEGG,
GeneMANIA, STRING.

—The integration and functional analysis of pathways and

networks can help to find key genes/proteins involved in a
studied biological state.
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