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Data integration using
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Figure 6 A: The Cyclin - E2F cell cycle control system (version 3a - June 8, 199http



Endomesoderm Specification to 30 Hours
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Ho et al. Nature

415(6868) 2002

Systematic identification of protein complexes in
Saccharomyces cerevisiae by mass spectrometry

@ cell growth and/or maintenance
@ cell organization and biogenesis.
@ cell shape and cell size control
” ~ @ DNA damage response and repair
4" © DNAmetabolism
7 % ™ @ DNArecombination
{, 1 o ® DNA replication
. ® general metabolism
et © mating
e # nucleolar and ribosome blogenesis
Pz © protein amino acid phosphorytation/desphosphoryiation
@ protein biosynthesis

® protein degradation
@ protein metabolism and modification

Thick blue lines represent previcusly known interactions.
“Thin orange knes represent new Interactions.

Arrows point from bait to hit.

Functonal annotation derived from GO.
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Cellular Context

A Cell Location
i (signal peptides)

competition
(cell types)

Partner context, .‘

Temporal expression
(TFs, miRNA)

. Concentration

‘ (production,

degradation
rates)

Cooperativity

Allostery @7p]
(Hg2+) Alternative splicing
s (splicing factors)
Inhibition

Post-translational modification (enzymes)




Integration in a
network context




Integration in a

network context
@

Expression data mapped

to node colours Examples?

Pros and cons?



Integration in a

network context
@

Advantages:
-Interpretable

-Broader coverage
-Error reduction
Challenges:

-Must carefully match
data sets to avoid errors
e.g. different interaction
experiments

-Consider data set bias
-Consider binary vs.
discrete vs. continuous

Hwang D et al. A data integration
methodology for systems biology
Proc Natl Acad Sci U S A. 2005 Nov
29;102(48):17296-301

Examples?
Pros and cons?



Yeast PPl data integration
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Data Integration




Network Visualization and
Analysis



Why Network Analysis?

Intuitive to Biologists
* Provide a biological context for results
e More efficient than searching databases gene-by-gene
e [ntuitive display for sharing data
Computationally Query to Answer Specific Questions
e Visualize multiple data types on a network

e (luster, Find active pathways, Compare, Search Eureka! New
pathway
gene!




Graph Theory

&— «_Vertex (node)
Cycle
_’. ° - Edge
-5
@— —
Directed /
Edge (Arc) ———,

«—— Weighted
Edge

We map molecular interaction networks to graphs



Mapping Biology to a Network
A simple mapping

— one compound/node, one interaction/edge
A more realistic mapping
— Cell localization, cell cycle, cell type, taxonomy

— Only represent physiologically relevant interaction
networks

Edges can represent other relationships

Critical: understand the mapping for network
analysis



Protein Sequence Similarity Network
http://apropos.icmb.utexas.edu/lgl/




Six Degrees of Separation

Everyone in the world is connecte
by at most six links

Which path should we take?

Shortest path by breadth first search

— If two nodes are connected, will find the
shortest path between them

Are two proteins connected? If so, how?
Biologically relevant?

http://www.time.com/time/techtime/200406/community.html



Visualize multiple data ¢ 7
types on a network St

Kinetochore
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Visualizing Time Course Data on
Pathways: Single Comparison View

!_‘: Mm_Smooth_muscle_contraction_example - GenMAPP 2.1 } ;Iglﬁl

File Tools Format View Data Help

fd ot T - | 1| <[ < | @ -| { || ) [rorel[i5 ey vs. Vigin < [T00% ]

Myometrial Relaxation and Contraction Pathways

44@94 Calca |+s%s2Crh_| 1_0033'7‘4'2:’; [oxt_]-100 Expression Dataset _

\ ‘ Ca 2+ Ca 2+ Color Set: 14 days vs. Virgin
X =53
- 2 fold Up - 14.5 days vs Virgin
Ramp1 2.24W / -’ e e P = s T R / &2 fold Down - 14.5 days vs Virgin
: — Y Dl-lo criteria met
1 Z ok

P i Legend: 14 days vs. Virgin
-1.pas "
Lg:s il = Crep [1.017Zrhr1 |:-1404 1.027 !
I v / [C]1.5 fold Up - 14.5 days vs Virgin
/ Y
Ramp2 l 2 i Gnai2 1"?3’_ Gnaq |1.0263 |—: Rgs2 i'1-'5:1 "’ []1.5 fold Down - 14.5 days vs Virgin
Adenylyl Cyclases A /,A::tivation Via CRH and cAMP

RSP ) S,

beta Arrestin

5 g8 fold Up - 14.5 days vs Virgin
/
/ Na™  [ls fold Down - 14.5 days vs Virgin
h . Calcium Infl
; alcium Influx [ ot found
tommmcomean f‘B.{ v /

Phospholipase-C
I

Pip2 g 2021 /

N \{ /‘;

Adcy6 -1-722’/’ _.# |Gucyla3| ——— = cGMP ¥ IP3  DAG ,*"f
Adey7 |24823 .- i IP3 Receptor - f"
| B ) 2.422. /
Pdedb s . i /
Pdedd [, : SR 2 Ay g
e ‘ ‘«" i Calcium Mobilization ——— = PKC -w—— |
i . i : : P N .
| l Myometrial Relaxation : 2183
H i : -2.062 i
Pge2 PKA — ; N 1067 Cj;+lCaImoduI|n
LN -0vc4 NO Nos3 |-1.106 22169
B 1505 o306 | 159 [Camkag] 255
| Prkee |1552 { Mylk2
; ®-Mick 7ATP Mg 2*
: -Mic L
Transcriptional Regulators Y‘ ADP Cald1
At |-1.27d CREBAN -2.092 TR = Transcriptional Regulation Myosin L?ght e
Atf2  |-1.559 Creb3 |2.3822 ———= Pathways of Myometrial Relaxation ¢
Atf5 |2.096{ Crem |[-1.591 ————= Pathways of Myometrial Contraction

note: see gene backpages for references
Pi+ADP =

Myometrial Contraction

-

<

| [Mm-Std_20060628.gdb

i GenMAPP.0

rgl




Visualizing Time Course Data on
Pathways: Multiple Comparison View
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Predicting arp§
: arp
Gene Function | . .,

+ STRING >

— http://string.embl.de/

* bioPIXIE
— http://pixie.princeton.edu/
pixie/
 GeneMania
— http://www.genemania.org

Fraser AG, Marcotte EM - A probabilistic view of
gene function - Nat Genet. 2004 Jun;36(6):559-64
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http://www.genemania.org
EQ/JE“NEMA‘NIA Find genes in | H. sapiens (human) (v) relatedto CD4; IL2; CCRS; BCL2 (Go)
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 Guilt-by-association principle Gene Function Prediction

* Biological networks are combined _ _
intelligently to optimize prediction accuracy Quaid Morris (CCBR)

e Al ithm | fast d te th it Rashad Badrawi, Ovi Comes, Sylva Donaldson,
gorithm Is more fast and accurate than Its Christian Lopes, Farzana Kazi, Jason Montojo,

peers Harold Rodriguez, Khalid Zuberi




Graph Clustering - MCODE Plugin

» Clusters in a protein-protein interaction
network have been shown to represent
protein complexes and parts of pathways

» Clusters in a protein similarity network
represent protein families

* Network clustering is available through the
MCODE Cytoscape plugin
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MCODE Results Summary

Rank Score
1 7.25
2 6.387
3 5417
3 5

5 5

Size

16,116

31,198

12,65

15,75

12,60

.| Create a new child network. ( Save ) ( Done )

Names

YGR232W, YDLOO7W, YKL145W,
YFRO52W, YFRO04W, YLR421C,
YOR261C, YDL147W, YDR427W,
YHR200W, YERO21W, YOR117W,
YDLO97C, YOR259C, YPR108W,
YDR394W

YPLO93W, YBLOO4W, YOR272W,
YNL110C, YKLOOSW, YFLO02C,
YOLO77C, YPL126W, YILO35C,
YLR409C, YLR129W, YORO61W,
YKRO60W, YCRO57C, YDR449C,
YORO39W, YJL109C, YPLO12W,
YGR103W, YLR449W, YOR206W,
YKLO14C, YLLOO8W, YKL172W,
YNLOO2C, YLRO02C, YGL111W,
YOLO041C, YGLO19W, YOR145C,
YPRO16C

YGLO11C, YOLO38W, YPR103W,
YMR314W, YBLO41W, YOR362C,
YERO12W, YJLOO1W, YML0O92C,
YCR253C, YER094C, YGR135W

YPLO43W, YMR290C, YEROOGW,
YKRO81C, YDR496C, YDLO31W,
YNLOG61W, YNL132W, YLR222C,
YLR197W, YMR049C, YHRO52W,
YJLO69C, YKLO99C, YDLO14W
YPR187W, YPRO10C, YPR110C,
YNL248C, YOR341W, YNROO3C,
YKL144C, YOR207C, YPR190C,
YNL113W, YOR116C, YBR154C

Complex

</ »(

/4

Bader & Hogue, BMC Bioinformatics 2003 4(1):
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MCODE Results Summary

Rank Score

1 7.25
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Ribosome
2 6.387

Proteasome 20S
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Bader & Hogue, BMC Bioinformatics 2003 4(1):




Network Data



Cell map exploration and analysis

Can we accurately predict
protein interactions? / Databases
2RE
i . therature

Expert knowledge
Pathway (\
Pathway Information . 'V‘A\‘ :
Analysis “‘

(Pathway
(Cytoscape) Commons)

Experimental Data

Chris Sander




PO T h g U Id €  the pathway resource list

( >300 Pathway

//[pathguide.org

Protein-Protein
Interactions

Metabolic Pathways
Signaling Pathways
Pathway Diagrams

Transcription Factors /
Gene Regulatory
Networks

Protein-Compound
Interactions

Genetic Interaction
Networks

Protein Sequence
Focused

Complete Listing of All Pathguide Resources

Pathguide contains information about 222 biological pathway resources.
Click on a link to go to the resource home page or 'Details’ for a description
page. Databases that are free and those supporting BioPAX, CellML, PSI-N..
or SBML standards are respectively indicated.

If you know of a pathway resource that is not listed here, or have other
questions or comments, please send us an e-malil.

Database

Get the Stats

Detailed Pathguide resource

statistics now available

Pathguide Published
Plpase cite the Pathouide

sl
U

Protein-Protein Interactions

Database Name (Order: alphabetically | by web popularity &) Full Record Availabilty Standards
Other
3DID - 3D interacting domains Details
_——gr':n "lls'ms ABCdb - Archaea and Bacteria ABC transporter database Details
. Al j AfCS - Alliance for Cellular Signaling Molecule Pages Database Detalls
Q AllFuse - Functional Associations of Proteins in Complete Genomes Details
fd r:l':lab"“y 7] ASEdb - Alanine Scanning Energetics Database Detalls
A ASPD - Artificial Selected Proteins/Peptides Database Details
s Standards BID - Binding Interface Database Details
I All ll BIND - Biomolecular Interaction Network Database Details
Reset | Search | BindingDB - The Binding Database Details
Statistics BioGRID - General Repository for Interaction Datasets Details ALl
A BRITE - Biomolecular Relations in Information Transmission and Expression Details
nalyze Pathguide .
CA1Neuron - Pathways of the hippocampal CA1 neuron Details
Cancer Cell Map - The Cancer Cell Map Details
Comments, Questions, - - -
Suggestions are CSP - Cytokine Signaling Pathway Database Details
Always Welcomel CTDB - Calmodulin Target Database Details
DDIB - Database of Domain Interactions and Bindings Details
DIP - Database of Interacting Proteins Details )

Vuk Pavlovic

Doodle - Database of oligomeri:
DopaNet - DopaNet
DRC - Database of Ribosomal (

FIMM - Functional Molecular Imi

FusinnDR - Prakarvate Gene Fu combine and use

-Variéd 'fdi'mats, replzééentation, coverage
osu-oynamicsignaing veps Pathway data extremely difficult to



Solution: Standard Exchange
Formats

Softwarg

S

Database
User
>100 DBs and tools With Data
Tower of Babel Exchange Format

Reduces work, promotes collaboration, increases accessibility



Interaction and Pathway Data
Exchange Formats

PSI-MI http://psidev.sourceforge.net
— Molecular interactions - protein-protein interaction focus
— Peer reviewed, HUPO community standard

BioPAX http://www.biopax.org
— Biological pathways
— Community ontology in OWL, Protégé

SBML http://www.sbml.org

— Widely adopted for representing mathematical models of
biological processes e.g. biochemical reaction networks

CellML http://www.cellml.org
— Math models of biological processes



BioPAX Pathway Language

* Represent:
— Metabolic pathways
— Signaling pathways
— Protein-protein, molecular interactions
— Gene reqgulatory pathways
— Genetic interactions

« Community effort: pathway databases
distribute pathway information in standard
format

— Over 100 people, database groups, standard
efforts



Aim: Convenient Access to Pathway Information

http://www.pathwaycommons.org O 1+
community pathway databases C O m m O n S

g9 =

h 3
KEGG MINT lQ‘

= oK e | ovoseape | query %
RN R
n& HPRD AN BN open access CellDesigner —
J .l‘ ) é o '\"‘
- \ :.‘,

\ , GenMAPP analyze
Virtual Cell

add links

-
QT 0 %
X \’.i’n
- ' o molecular profiles
Reactome ¢ common language

e
m I w - genomes
PUMA2 l l # Ensembi

literature context

BioCyc

Facilitate creation and communication of pathway data
Aggregate pathway data in the public domain
Provide easy access for pathway analysis

Long term: Converge
to integrated cell map




//[pathwaycommons.org

http

Pathway

Commons

Pathway Commons is a convenient point of access to biological
pathway information collected from public pathway databases,
which you can browse or search. Pathways include biochemical
reactions, complex assembly, transport and catalysis events, and
physical interactions involving proteins, DNA, RNA, small

molecules and complexes. more...

Search Pathway Commons:

To get started, enter a gene name, gene identifier or
pathway name in the text box above. For example: p53,
P38398 or mTOR.

To restrict your search to specific data sources or specific

organisms, update your global filter settings.

Pathway Commons currently contains the following data sources:

1
R

a,

Cancer Cell Map, Release: 1.0 [19-May-06]
Browse

Ed
¥
¥
3
3

“ »
2 "
LTS

A
Yn o

HumanCyc, Release: 10.5 [18-Sep-06]
Browse

e g NCI / Nature Pathway Interaction Database
ANCER
[NITIIES [01-Jan-07]

IS Browse

Reactome, Release: 19 [16-Nov-06]

Browse

Pathway Commons Is hosted by the Computational Biology Center at Memorial Sloan-Kettering Cancer Center and the University of Toronto.

Pathway Commons Quick Stats:
Number of Pathways: 921
Number of Interactions: 9,924
Number of Physical Entities: 15,515

Number of Organisms: 10

Biologists: Browse and search pathways
across multiple valuable public pathway
databases.

Computational biologists: Download an
integrated set of pathways in BioPAX format
for global analysis.

Software developers: Build software on
top of Pathway Commons using our
soon-to-be released web service API.
Download and install the cPath software to
create a local mirror.




Towards an Integrated Cell Map

« Semantic pathway integration is difficult

Ras family

N-Ras /< c-K-ras?2

Protein family

Protein

Relationships

Protein in state “j \ A A

active inactive
(GTP) (GDP)

‘ Semantic conflict
S|m|la\r - ~ " .-
S~/ \ -
I |
! g
\\ ‘ —
\\ -
=

Physical entities

Semantic conflict

Determining equivalent entities is critical




Network Visualization and
Analysis using Cytoscape



Using Pathway Information

Accurate Pathway Model
For Simulation / Databases
%ﬁ\é&&
i . therature

Expert knowledge
Pathway \
Network \ tormation % A
Analysis ,‘\,

Experimental Data
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http://cytoscape.org
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File Edit View Select Layout Plugins Help

Cytoscape Desktop (New Session)

sEQaua@

CytoPanel 1
f T2 Network | Editor |

Network Nodes

Network
visualization
and analysis

Pathway comparison
Literature mining

Gene Ontology analysis
Active modules
Complex detection
Network motif search

UCSD, ISB, Agilent, ;{
MSKCC, Pasteur, UCSF, i e 4
Unilever, UToronto, U
Michigan

Welcome to Cytoscape 2.4.0-b1l
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CytoPanel 2

Node Attribute Browser ( galFiltered.sif )
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gallRGexp gallRGsig gal4RCexp gal4RGsig gal80Rexp
YGLOO8C -0.352 1.0007E-5 -0.282 7.1366E-4 -0.573
YCLO67C 0.169 0.0012873 -0.085 0.11481 0.301
YNL145W -0.764 3.148E-11 -0.098 0.05338 -1.237
VFMD_niIQEAI_ _-0183 _____NNN3837) ____0NASA A DSIAE.A N AS7

[ Node Attribute Browser = Edge Attribute Browser  Network Attribute Browser |

Right-click + drag to ZOOM

Middle-click + drag to PAN

gal80l
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0.0027!
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4 »




Network Analysis using Cytoscape

Find biological processes

underlying a phenotype Databases
<,
. therature
Netwo rk Network Expert knowledge
Analysis Information

Experimental Data



Manipulate Networks

e o6 Cytoscape Desktop (Session: galFiltered.cys)
File Edit View Select Layout Plugins Help

EEQAAQQ @@

‘BE

CytoPanel 1 o eee oalFiltered_sif
(%2 Network |_Editor 806 galFiltered.sif-~child
Network Nodes Edges
galFiltered.sif 331(7) 362(20)
[ 70) 70) YCLO7C D
YDR461W
CytoPanel 5 ) 5
Rotate  Scale  Align and Distribute } YNL145W
Align
T i
Distribute
W EE=E=

CytoPanel 2

EE oem

(Node Attribute Browser | Edge Attribute Browser | | » |

Welcome to Cytoscape 2.4.1 Right-click + drag to ZOOM

Middle-click + drag to PAN

utomlc Layout

Filter/Query

Control Panel

- %2 Network  VizMapper™

Filters ‘

Editor

Current Filter

session: MyFilter

Filter Definition

Attribute/Filter node.Degree

Advanced
Degree | Not >

Interaction Database Search

Network (multiple file types)... w1 ]
Export » Network from Table (Text/MS Excel)...
Prins 5 Network from web services...

jpEQana@ER
806

DNA_Repalr_(Reactome) Resuts arel =3
@

Visual Legend ile Edass

Edge Type Color

Welcome t@ Cytoscape 2.6.0 Tight-click + drag to ZOOM Widdie-click + drag o PAN

[XeX:) Import Network from Database

Data Source | Pathway Commons Web Service Client %) | About

{ Search | Options

Step 1: Search

BRCAL Human 5] (search

Examples: TPS3, BRCAL or SRY.

Step 2: Select Step 3: Select Network(s)

Pathways | Interaction Networks

BRCAL
Breast and ovarian cancer s...

AT Pathway Data Source
DNA Repalr Reactome
RADS1
NeLFe i Double-Strand Br... Reactome
e v Homologous Reco... Reactome
Details
BRCA1 m Recruitment of re... Reactome

Aurora A signaling  NCI / Nature Path...
BARD1 signaling e... NCI / Nature Path...
Signaling by Auror... NCI / Nature Path...
Links: AndrogenReceptor Cancer Cell Map

Homo sapiens

I TO—— + > Double~click pathway to retrieve.



Overview

Systematic identification of protein complexes in
Saccharomyces cerevisiae by mass spectrometry
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Visualize multiple data ¢ 7
types on a network St

Kinetochore
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Active Community
http://www. Cytoscape.ord

* Help

— 8 tutorials, >10 case studies Cline MS et al. Integration of
biological networks and gene

— Mailing lists for discussion  expression data using

Cytoscape Nat Protoc. 2007;2
(10):2366-82

e 10,000s users, 2500 downloads/month
e >40 Plugins Extend Functionality

— Build your own, requires programming
e e.g. Retina Workbench

— Documentation, data sets



Prediction of
TF Binding Sites

Teaching a computer
to find TFBS...

TFBS section from Wyeth Wasserman — full set of slides from:
http://bioinformatics.ca/workshops/2011/course-content



Representing Binding Sites for a TF

AAGTTAATGA
CAGTTAATAA
) ) GAGTTAAACA
e A Slng|e Site CAGTTAATTA
GAGTTAATAA
* AAGTTAATGA CAGTTATTCA

GAGTTAATAA

e A set of sites represented as a consensus CAGTTARTCA

AGATTAAAGA
e VDRTWRWWSHD (IUPAC degenerate DNA) AAGTTAACGA
AGGTTAACGA

1 1A H ATGTTGATGA
* A matrix describing a set of sites: ACTTANTCE
AAGTTAACGA
AAATTAATGA
GAGTTAATGA
AAGTTAATCA
AAGTTGATGA
AAATTAATGA
ATGTTAATGA

mm“ Lodo — A graphical AAGTAAATGA
g grap AAGTTAATGA

representation of frequency AAGTTAATGA

matrix. Y-axis is information
1 | content , which reflects the AAATTAATGA
| T ’ AAGTTAATGA
3 4 ¢

A 14 1e 4 O
C 3 0 0 O
G 4 317 O

0 2 0 21

R o oo
SR W W
< o o
oUW W
-
SN W

O O o
O N O W0
o O o
= O J D
w W~
N DN

2

strength of the pattern in each
A A~ column of the matrix AAGTTAATGA
2 . AAGTTAATGA

-

1 2 7 B 910 11012013 14 15

AAGTTAATGA
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Conversion of PFMs to Position Specific
Scoring Matrices (PSSM)

Add the following features to the matrix profile:
1. Correct for nucleotide frequencies in genome
2. Weight for the confidence (depth) in the pattern
3. Convert to log-scale probability for easy arithmetic

pfm pSsm
50100 Log(ﬂb’l)+5(n) JA 1.6 -1.7 -0.2 -1.7 -17
02240 p(b) Ct.7 05 0.5 1.3 -1.7
0310 4 G [1.7 1.0 -0.2 -1.7 1.3
00111 T t1.7 -1.7 -0.2 -0.2 -0.2

TGCTG =0.9
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ic hits)

Detecting binding sites in a single sequence

Raw Scores
Spl —

ACCCTCCCCAGGGGUGGGGGGCGGTGGCCAGGACGGTAGCTCC

A [-0.2284 0.4368 =1.95 =1/5 -1.5 ~0.4368 =10 -1.5 -0.2284 0.4368 ]

T C [-0.2284 -0.2284 =175 =¥.5 1.\5128 -1.5 =0.2284 =1 .5~<=08~2284 -1.5 ]

C G [ 1.2348 1.2348 2.1222 2.1222 0.4368 1.2348 1.5128 1.7457 1.7457 -1.5 ]
XL LT= T [ 0.4368 -0.2284 =1.95 -1.5 -0.2284 0.4368 0.4368 0.4368 -1.5 '1.7457 ]

H QP

H QP

i 2 3 4 5 & 7 8 9 10

Abs_score = 13.4 (sum of column scores)

Relative Scores Empirical p-value Scores
[-0.2284 0.4368 -1.5 -1.5 -1.5 0.4368 -1.5 -1.5 -0.2284 0.4368 ]
[-0.2284 -0.2284 =il.5 =i1.,5 1. 5ilzp -1.5 -0.2284 -1.5 -0.2284 =l.5 ]
[ 1.2348 1.2348 2.1222 2.1222 0.4368 1.2348 1.5128 1.7457 1.7457 -1.5 ] 03
[ 0.4368 -0.2284 -1.5 -1.5 -0.2284 0.4368 0.4368 0.4368 -1.5 1.7457 ] .
Max_score = 15.2 (sum of highest column scores) Area to right of value
> Area under entire curve
[-0.2284 0.4368 -1.5 -1.5 -1.5 0.4368 =155 -1.5 -0.2284 0.4368 ] o 02
[-0.2284 -0.2284 =il.5 -1.5 1.5128 -1.5 -0.2284 -1.5 -0.2284 =l.5 ] :
[ 1.2348 1.2348 2.1222 2.1222 0.4368 1.2348 1.5128 1.7457 1.7457 -1.5 ] m
[ 0.436-8 -0.2284 =1.5 -1.5 -0.2284 0.4368 0.4368 0.4368 -1.5 1.7457 ] :
Min_score = -10.3 (sum of lowest column scores) 8'0_1
| .
Abs_score - Min_score L
Rel_score = = B -100 %
Max_score - Min_score 0.0
13.4-(-10.3
_ (-103) 100% - 93% 00 02 04 06 08 1.0
15.2-(-10.3) Relative Score
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JA§PAR

AN OPEN-ACCESS DATABASE -

- OF TF BINDING PROFILES '

( jaspar.genereg.net )
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The Good...

* Tronche (1997) tested 50 predicted HNF1
TFBS using an in vitro binding test and

found that 96% of the predicted sites were
bound!

e Stormo and Fields (1998) found in detailed
biochemical studies that the best weight

matrices produce scores hj% To
with in vitro binding energg /

PSSM SCORE




...the Bad...

* Fickett (1995) found that a profile for the
myoD TF made predictions at a rate of 1
per ~500bp of human DNA sequence

— This corresponds to an average of 20 sites /
gene (assuming 10,000 bp as average gene
size)



...and the Ugly!

Human Cardiac a-Actin gene analyzed

with a set of profiles
(each line represents a TFBS prediction)

Futility Conjuncture:
TFBS predictions are
almost always wrong

Red boxes are protein coding exons -
TFBS predictions excluded in this analysis
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A Conundrum...

THRESHOLD

 Counter to intuition, the ratio of true
positives to predictions fails to improve for
“stringent” thresholds

* For most predictive models this ratio would
Increase

e Why?
* True binding sites are defined by properties not

incorporated into the profile scores - above some
threshold all sites could be bound if present in the



Using Phylogenetic Footprinting
to Improve TFBS Discrimination

70,000,000 years of evolution
can reveal regulatory regions



Phylogenetic Footprinting Dramatically Reduces

Spurious Hits

|
Actin, alpha cardiac
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TFBS Discrimination Tools

Phylogenetic Footprinting Servers
i FOOTER http://biodev.hgen.pitt.edu/footer_php/Footerv2_0.php
* CONSITE http://asp.ii.uib.no:8090/cgi-bin/CONSITE/consite/

* rVISTA http://rvista.dcode.org/

SNPs in TFBS Analysis

i RAVE N http://burgundy.cmmt.ubc.ca/cgi-bin/RAVEN/a?rm=home

* is-rSNP http://www.genomics.csse.unimelb.edu.au/is-rSNP/

Prokaryotes
* PRODORIC http://prodoric.tu-bs.de/

Software Packages

 TOUCAN http://homes.esat.kuleuven.be/~saerts/software/toucan.php

* RSA Tools http://rsat.ulb.ac.be/

Programming Tools
* TFBS nitp://tfos.genereg.net/

i ORCAtk http://burgundy.cmmt.ubc.ca/cgi-bin/OrcaTK/orcatk



Inferring Regulating TFs for
Sets of Co-Expressed Genes



Deciphering Regulation of Co-
Expressed Genes

Co-Expressed

lllll

Negative Controls




TFBS Over-representation

e Akin to methods for GO term over-
representation analysis, we seek to determine
if a set of co-expressed genes contains an
over-abundance of predicted binding sites for
a known TF

* Phylogenetic footprinting to reduce false prediction
rate for metazoan genomes



Two Examples of
TFBS Over-Representation

Foreground Foreground

HI—
More Genes with TFBS More Total TFBS

Background Background




Statistical Methods for Identifying Over-
represented TFBS

e Binomial test (Z scores)
— Based on the number of occurrences of the TFBS relative to
background

— Normalized for sequence length
— Simple binomial distribution model

* Fisher exact probability scores
— Based on the number of genes containing the TFBS relative to
background

— Hypergeometric probability distribution



|OPOSS l I I \/I Version 3.0 About | Help | FAQ | Download | Contact

Welcome to oPOSSUM

oPOSSUM is a web-based system for the detection of over-represented conserved transcription factor binding sites and binding site
combinations in sets of genes or sequences.

: | 'l!"' |
qi : \“, i “IUV:'

Yeast Sequence-based

b
“‘. i “|l|_‘_v|'

Yeast Sequence-based

Sequence-based

Sequence-based

67



Bonus Slides



Gene and Protein Identifiers

* |dentifiers (IDs) are names or numbers that help

track database records
— E.g. Social Insurance Number, Entrez Gene ID 41232

* Gene and protein information stored in many databases
— -> Genes have many IDs

 Records for: Gene, DNA, RNA, Protein

— Important to use the correct record type

— E.g. Entrez Gene records don’ t store sequence.
They link to DNA regions, RNA transcripts and
proteins.



Common ldentifiers

Gene

Ensembl ENSG00000139618
Entrez Gene 675

Unigene Hs.34012

RNA transcript

GenBank BC026160.1
RefSeq NM_000059
Ensembl ENSTO0000380152

Protein

Ensembl ENSPO0000369497
RefSeq NP_000050.2
UniProt BRCA2_HUMAN or
A1YBP1 HUMAN
IP11P100412408.1

EMBL AF309413

PDB 1MIU

Species-specific

HUGO HGNC BRCA2

MGI MGI:109337

RGD 2219

ZFIN ZDB-GENE-060510-3
FlyBase CG9097

WormBase WBGene00002299 or ZK1067.1
SGD S000002187 or YDLO29W
Annotations

InterPro IPR015252

OMIM 600185

Pfam PF09104

Gene Ontology GO:0000724
SNPs rs28897757
Experimental Platform
Affymetrix 208368 3p s at
Agilent A_23 P99452
Codelink GE60169

lllumina GI_4502450-S

Red = Recommended



ID Mapping Services

YILO62C | 854748

The Synergizer database is a growing repository of gene and protein identifier YLR370C | 851085
synonym relationships. This tool facilitates the conversion of identifiers from one YKLO13C | 853856
naming scheme (a.k.a "namespace") to another. YNRO35C | 855771

YBR234C | 852536

THE SYNERGIZER i * entrezgene

load sample inputs|

Select species: |Saccharomyces cerevisiae j
Select authority: | ensembl :| ° S "
Select "FROM" ANy = (NB: The strings in y n e rg Ize r
namespace: I—"' —— —l [brackets] are
representative IDs in the _ . H
Select "TO" ~siTs 5] comesponding http://llama.med.harvard.edu/cgi/
namespace: | ger : - namespaces.) Synergizer/translate

File containing IDs to
translate: I MI
and/or ° E n S e b I

YILO62C
YLR370C

YKLO13C .
IDs to translate: [YNRO35C
YBR234C|

— http://www.ensembl.org

Output as
spreadsheet: r

o - PIR

— http://pir.georgetown.edu/pirwww/
search/idmapping.shtml



ID Mapping Challenges

* Gene name ambiguity

— Not a good ID, but official gene symbol is
ok e.g. HGNC/HUGO gene symbol

» Excel error-introduction
— OCT4 is changed to October-4

* Problems reaching 100% coverage
— E.g. due to version issues
— Use multiple sources to increase coverage

Zeeberg BR et al. Mistaken identifiers: gene name
errors can be introduced inadvertently when
using Excel in bioinformatics BMC Bioinformatics.
2004 Jun 23;5:80



Additional Plugins

Bingo: over-representation analysis

ClusterMaker: clusters networks, includes
MCL

NetworkAnalyzer: calculates statistics
about a network

(You may have to use an earlier version of
Cytoscape to get some plugins to run)



The Gene Ontology (GO)

Gene_OntoIogy ‘

» Describes gene function
1. Agreed upon terms P
(controlled vocabulary)
— Biological process /N
— Cellular component o | E— e et
— Molecular function M ek
2. Genome annotation \/ \/
\ -~
\ -

www.geneontology.org




B - N G O Hypergeometric p-value
I Multiple testing correction

(Benjamini-Hochberg FDR)

~
Gene_(Ontology

biolc‘)g/ioél_{ocess
cellulaf pjocess

‘ physiolo ic% process
metabglism

1 .
cellular physiblogical proces&s

cell organizatigh and biogenesis primary\netabolism acromoledile metabolism

i cytoplasm organizétion and biggenesis >C :
organelle organizatign and bigtgepnesis J o ce%ﬁﬁar _eesis proteminetabolism

o

. armacromolecule metabolis .
and assembly  cellular .W protein complex assembly

ribosome biogene

ribosome gssembly macromolecile)biosynthesis cellular proigin)metabolism
ribosomal su@%nit assembly proteinbiosynthesis
ribosomal large subunit @sgembly and maintenance tranSlation
Caveats: Gene identifiers must match; Maere, S., Heymans, K. and Kuiper, M

low GO term coverage, GO bias Bioinformatics 21, 3448-3449, 2005



NetMatch

« Query a network for topological matches

* Input: query and target networks, optional
node/edge labels

« Qutput: Topological query matches as
subgraphs of target network

* Supports: subgraph matching, node/edge
labels, label wildcards, approximate paths

 http://alpha.dmi.unict.it/~ctnyu/netmatch.html

Ferro A, Giugno R, Pigola G, Pulvirenti A, Skripin D, Bader GD, Shasha D
Bioinformatics 2007 Feb 3

Extends state space representation based search from Cordella et al. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2004, 26, 10, 1367--1372



Find Feed-Forward Motifs

» Graph motifs over-represented in many
network types

X—-Y represents

transcription
network

& )

=/ >/

gene x geney

neuron synaptic ecological
connection network food web

C=C=| W B

_—

D
o L

/

SRR
DA >

X
V

Y
V

> 7

Feed-forward loop

Gene regulation

Neurons
Electronic circuits

Milo et al. Science 298, 2002



Find Feed-Forward Motifs

e o6 NetMatch Query Editor - new query* e o6 NetMatch V1.0.1
Query Edit File Query Wizard Help
Z = ~Graph Properties: ] Match Number Nodes Image
Z e ]
7 [ J \'\J @ mﬁ s 0 W Labeled 1 YMR309C,
7L — a . YOR361C, =
" Palette | Motifs ) 88 Directed | YPRO41W @ -
: ~Query Properties: |
0
\j/ Query: Draw a query... 2 YOR310C,
F— 2 )| YDLO14W,
= E] il - YLR197W . .
j)\ Query Node Attributes:
, QE-FFL - Nodes Attributes &+ |
<ll Feed Forward Loop | I 3 YORLOOW, o
T Query Edge Attributes: YGL161C, \
- — YOR036W
p : QE-FFL - Edges Attributes 5 | o
/\_l v L |
Network Properties: 4 YILO1SW
~Info: - Network: . YMRO43W, ®
1-galFiltered.sif 5 ] SELOBZC ‘7
Network Node Attributes: | Create a new child network. l Save l
annotation.GO BIOLOCGIC... T] 1 mhatches YBROZOW =
Network Edge Attributes: 2 matches YGLO35C
. = TR TR ER TR RERERR Match 21
_TextSourcelnfo %) 0 matches YPL248C
’ - ] 1 matchg
Options: 2 matche
Query C ramom ) RESUItS
» £ 0 matche|
( Go b 1 matchesS YORIU3W
Pass Query 2 matches YLR362W
to NetMatch o~ ~ b AR 2 b b b b bt b b bttt bt bttt

C Reset )

\Nodes: 6 Edges: 6 Paths: 0 Loops: 0




Find Signaling Pathways

» Potential signaling pathways from plasma

membrane to nucleus via cytoplasm
NetMatch Results

i n Iln hW xam I N M h ue Match Number Nodes Image
Signaling pathway example etMatch query i /g_
o
1 2 YMRO43W,
GFR EGF H3GFR EGF [43GFR YLR229C /.

i |

DI,

| T TI |h

IHN ba H% | HM /! g HEAUL L

! c
]
A 4 5 YJL157C,
YALO40C, o

q_— cytoplasm YLR229C
3 ¢ '% I ol
ADP" ‘ : 6 YLR310C, o
YER103W,
_ v YNLO98C
MAP Kinase Raf-J o) l |
YNLOSBC

U

Cascade Mek) |
. - Shortest path between woue / |
subgraph matches

Nucleus - Growth Control -
Mitogenesis /X



Find Expressed Motifs

Find specific
subgraphs where
certain nodes are
significantly
differentially
expressed

NetMatch query

&

@ ‘ Ypﬂlozc i‘ 'j -....:“---‘:; I/
il

@

Protein

YLRO75W
YGRO085C
YPR102C

YLROZSW |

NetMatch Results

YEROSGCA VBRO9
/S
/
YILOS2C  YOR39sw | YDLD7SW
~ ¥NLOBOC ,
veRo34C [

A
/\
L
ycrossc  /

ym2sc [/

-~

——2

Differential Expression Significance
1.7255E-4

2.639E-4

3.7183E-4
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Analyzing Molecular Profiles



Analyzing gene expression data in
a network context

* |Input
— Gene expression data
— Network data

e Output
— Visual diagram of expression data on network
— Active network regions

e Qutline

— Where to find network data?
* Interaction database (cPath)
 Literature associations via text mining

— Load expression data
— ldentify active pathways



Interaction Database Search
DLTEE Network (multiple file types)...

Export | 2

Print...

PEQAQAQARE B E B

[SXSXS)

%
’
%

DNA_Repair_(Reactome)

Repairedouble sPangee

s

incised 6NAT@ lesio..

31
~Por Delfa synthesized ol

Replacerfent syntndkized n A D
DNA St break gprtain.. A

Denxyméosvde trishosah.

i

Cytoscape Desktop (New Session)

XPC: mus%

Welcome to Cytoscape 2.6.0 Right-click + drag to ZOOM Middle-click + drag to PAN

Network from Table (Text/MS Excel)...

N Network from web services...

Results Panel

! Node Details

Visual Legend Eilter Edges
Edge Type Color

COMPONENT _IN_SAME

Edge is drawn if the first entity is a component of
the second entity, which is a complex. This
interaction is transient in the sense that A
COMPONENT_OF B and B COMPONENT_OF C
implies A COMPONENT_OF C. This interaction is
undirected.

COMPONENT_OF

Edge is drawn if two entities belong to at least
one molecular complex. This does not
necessarily mean they interact directly. In a
complex with n molecules, this rule will create a
clique composed of n(n-1)/2 interactions. This
interaction is directed.

CO_CONTROL_DEPENDENT_ANTI [ ]

Edge is drawn if the first and second entities
have control over the same process, their
control is dependent, i.e. one of them have effect
over control of the other one, and their effect is
in different directions (one of them activates, the
other inhibits. This interaction is undirected.”

CO_CONTROL_DEPENDENT_SIMILAR [ ]

Edge is drawn if the first and second entities
have control over the same process, their
control is dependent, i.e. one of them have effect
over control of the other one, and their effect is
in the same direction (both activates or both
inhibits). This interaction is undirected.

CO_CONTROL_INDEPENDENT _ANTI

Edge is drawn if the first and second entities
have control over the same process, their
control is independent, i.e. they act without
affecting each other's activity, and their effect is
in different directions (one of them activates the

View Details

GXels)

Import Network from Database

Import Network From Database -

Data Source

Pathway Commons Web Service Client e About

[ Search | Options

Step 1: Search

BRCA1 Human

ﬂ [ Search

Examples: TP53, BRCAL, or SRY.

Step 2: Select Step 3: Select Network(s)

BRCAL f Pathways | Interaction Networks
Breast and ovarian cancer s...
Pathway Data Source
ATM -
DNA Repair Reactome
RADS1
NELFB A Double-Strand Br... Reactome
i v Homologous Reco... Reactome
- Homologous reco... Reactome
Details ~ ATM mediated res... Reactome

ATM mediated ph... Reactome

BRCA1
Homo sapiens
Links:

- UniProt: P38398

Recruitment of re...
Aurora A signaling

BARD1 signaling e...
Signaling by Auror...

AndrogenReceptor

Reactome

NCI / Nature Path...
NCI / Nature Path...

NCI / Nature Path...
Cancer Cell Map

> Double-click pathway to retrieve.



e 06 Cytoscape Desktop (New Session)

%EE QQQ@Search:| |v‘

7 @l "\ A
'6 O 6 DNA_Repair_(Reactome) 1 Results Panel

LIG1

Protein

Repaire’g‘g i‘@ ate:nas...

Homo sapiens

Pathway Commons: 6311
Synonyms:

- LIG1

Links:

- UNIPROT: P18858
PoRromomer e G - %.— Wzs
- Search iHOP

DNA °° Ind 5. @
Rep|ace~ n... POLI:I. - APEL-bgend

i
DNA iR pntaini...
Deoxyn ' osph...
Heterod

Visual Legend




e 06 Cytoscape Desktop (New Session)

PEQRAQ A B B B s | ~ B

%
'6 O 6 DNA_Repair_(Reactome)

1 Results Panel

Repaire’g‘g i‘@ ate:nas...

DNACO |ndS'i...
% e e

DNA str

)

Heterod

http://reactome.org/cgi-tl)i-n/eventbrowser?DB=gk_current&|D=REACT_5537

Processive complex:Okazaki
fragment complex

Complex
Homo sapiens

Pathway Commons: 5256

Links:

- REACTOME: 68453
- REACTOME: REACT 5537

Visual Legend



Text Mining

Computationally extract gene relationships
from text, usually PubMed abstracts

Literature search tool, lots of network data
BUT not perfect

— Problems recognizing gene names
— Natural language processing not perfect

Agilent Literature Search Cytoscape plugin

Others: E.g. IHOP
— www.ihop-net.org/UniPub/iHOP/
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(CRKL) AND atherosclerosis

({csf2rb OR ilSrb OR cd131 OR cdw131 OR il3rb)) AND atherosclerosis

({edn1 OR et1)) AND atherosclerosis

({egfr OR mena OR erbb OR erbb1)) AND atherosclerosis

({Imna OR Imnc OR cmt2bl OR fpl OR Ifp OR hgps OR emd2 OR Idp1 OR Imn1 OR fpld)) AND atherosclerosis
(PDK2) AND atherosclerosis

((traf1 OR mgc:10353 OR ebi6)) AND atherosclerosis

({wbscr14 OR ws-bhlh OR chrebp OR mondob OR mio)) AND atherosclerosis
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Results

1. Association between the eNOS {Glu2984sp) and the RAS genes polymorphisms and premature

coronary artery disease in a Turkish population (hy Berdeli A, Selcuri C Sivvi Carn F, Eveam E Sagean

A, Tengiz I Esey E Akin M),
BACKGROUND: The renin-angiotensin systera (RAS) and endothelial nitric oxide (NO) affect the pathogen...
Source:

[PubMed] http:ffanzrw nebinlm nih govientreziquery fegi?crd=Retrieve&db=pubred&dopt=Abstract&list_uids=155638
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Cytoscape Network produced by Literature Search.
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Abstract from the scientific literature

Sentences for an edge

ucose mh1b1ts apoptosis in human COoto an smooth muscle cells by increasing bel- xL and bfl-1/41.

hysiol. 2002 Aug,283(2):C422-8. Related Aticles, Links

thibits apoptesis in human coronary artery smooth muscle cells by increasing
/AL,

moto M, Okumura M, Kejima T, Maruyama T, Yasuda K.

f Internal Medicine, Gifs University School of Medicine, Gifu 500-8705, JTapan.

Nodes: 46 (0 selected) Edges: 77 {0 selected)

A ATOVASCUlAr Alsease is a serious complication in diabetic patients. To elucidate the precise mechanisms of atherosclerosis
in diabetic patients, the effects of high glucose concentration (25 mM) on apoptosis regulation and bel-2 family protein
expression in human coronary artery smooth muscle cells (CASMC) were examined. Treatment with a high level of glucose
(25 mM) caused a significant decrease in apoptosis in CASMC compared with the same cells treated with a physiologically
normal glucose concentration (5.5 mM) (23.9 +/- 2.4% vs. 16.5 +/- 1.8%; P < 0.01). With respect to apoptosis
regulation, treatment of CASMC with high glucose concentration markedly increased mRINA expressions of bel-xL and
bfl-1/41 compared with cells treated with normal glucose. High glucose induced phosphorylation of phosphatidylinositol
3-kinase (PI 3-K) and extracellular signal-regulated kinase (ERK)1/2 along with bel-2L and bl-1/41 upregulation. These
results suggest that high glucose suppresses apoptosis via upregulation of bel-xL and bfl-1/41 levels through PI 3-K and
ERK 1/2 pathways in CASMC. High glucose-induced increase in the expression of antiapoptotic proteins may be important
in the development of atherosclerosis in diabetic patients.

PMID: 12107051 [PubMed - indexed for MEDLINE]
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Gene Expression/Network
Integration

* |dentifier (ID) mapping
— Translation from network IDs to gene expression
IDs e.g. Affymetrix probe IDs

— Also: Unification, link out, query

— Entrez gene IDs (genes), UniProt (proteins)
* Synergizer

— llama.med.harvard.edu/cgi/synergizer/translate
* More ID mapping services available

— http://baderlab.org/ldentifierMapping



Gene Expression/Network

Integration
THE SYNERGIZER

The Synergizer database is a growing repository of gene and protein identifier
synonym relationships. This tool facilitates the conversion of identifiers from one
naming scheme (a.k.a "namespace") to another.

load sample inputs|

Select species: | Saccharomyces cerevisiae R * entrezgene
YILO62C | 854748
Select authority: |ensemb| :] YLR370C | 851085
Select "FROM" [ anv = (NB: The strings in YKLO13C | 853856
namespace: | — =~ — [brackets] are YNRO35C | 855771
representative IDs in the YBR234C | 852536
Select "TO'.' |en::ezgene [ 854192]j corresponding
namespace: namespaces.)
File containing IDs to
translate: | M
and/or
YILO62C
YLR370C . .
YKL013C 1. Load as attributes in
IDs to translate: |[YNR035C
YBR234C| Cytoscape

Output as 2. Assign expression values

spreadsheet: r

Submit | to nodes using this attribute set



Visualize -
Gene Expression




Find Active Subnetworks

 Active modules

— Input: network + p-values for gene expression
values e.g. from GCRMA

— Output: significantly differentially expressed
subgraphs

« Method

— Calculate z-score/node, Z, score/subgraph, correct
vS. random expression data sampling

— Score over multiple experimental conditions

— Simulated annealing used to find high scoring
networks

|ldeker T, Ozier O, Schwikowski B, Siegel AF Bioinformatics. 2002;18 Suppl 1:5233-40



Active Module Results

Network: yeast protein-protein and
protein-dna network

Expression data: 3 gene knock out
conditions (enzyme, TF activator, TF

repressor) L ——— o
e 06 Conditions vs. Pathways
Network Size Score gallRGsig gal4RGsig gal80Rsig

14 3.7
26 3.58« I D
10 2.99« N D

7 2.934

L 1
4 2.636 NN N

[ B S VN B N

( Save ) ( Dismiss )

Note: non-deterministic, multiple runs I W
required for confidence of result robustness

|ldeker T et al. Science. 2001 May 4;292(5518):929-34.



de novo Discovery
of TF Binding Sites



de novo Pattern Discovery




de novo Pattern Discovery

* C(Classic methods used string counting

— String-based method has found renewed utility in
the analysis of 3’"UTRs for the presence of
microRNA target sequences

 Most TF pattern studies now focusing on Profile-based
Methods

— e.g. MEME (Bailey & Elkin) or MEME-ChIP

— Generalization: Identify strong patterns in “+” promoter collection vs.
background model of expected sequence characteristics



Comments about String-based Methods

* While degeneracy codes can be used, TFBS are not words
— we lose quantitation for variable positions with
consensus sequences

* Imagine a column within a PFM with 7 A’s and 1 T --- in a consensus
sequence we represent it as W or ignore therare T

* In a benchmarking study of pattern discovery

methods, some of the best performers were string-
based

* A high-quality string-based method is Weeder

e http://159.149.109.9:8080/weederweb2006/input.faces;jsessionid=10AD062F5E94860FA320631B56EBB672




