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METABOLIC PATHWAYS
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Signaling Pathway
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Gene Regulatory Pathway

Endomesoderm Specification to 30 Hours

May 21, 2004
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Biological

/ Systems \

Predictions Experiments

\ v

. Dynamic Simulation
Com DUtatlonaI Probabilty Networks
M 0 d e I S Propagation of Perturbation

Multiscale Coupling

. Analysis
Information Visualization
Searches
SySte m Information Classes
Data Storage

_

Molecular Interaction Surveys
Pathway & ProceSS Molecular & Genetic Profiles
Detailed Subystem Measurements
Data

Biological Knowledge

—




Pathway Information

Databases

— Fully electronic

— Easily computer readable
Literature

— Increasingly electronic

— Human readable
Biologist’s brains

— Richest data source

— Limited bandwidth access
Experiments

— Basis for models




Pathway Databases

220 Pathway [
Databases!

« Varied formats, representation, coverage
« Pathway data extremely difficult to combine and use
Pathguide Pathway Resource List (http://www.pathguide.org)



Biological Pathway Exchange
(BioPAX)

Database
User
Before BioPAX After BioPAX
>100 DBs and tools Unifying language

Tower of Babel
Reduces work, promotes collaboration, increases accessibility



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



Using Pathway Information

Accurate Pathway Model

For Simulation Databases
);(}%&ﬁ /

therature

Pathway 33
Information Expert knowledge
(BioPAX) A/

Experimental Data




The Cancer Cell Map

EGF, TGFR, AR, Delta-notch, A6B4 Integrin, Id, Kit,
TNF-alpha, Wnt, Hedgehog (10 pathways)

http://cancer.cellmap.org

Details on interaction, reactions, post-translational
modifications from membrane to nucleus

Derived from original articles

Reviewed by MSKCC experts in Massague, Benezra,
Besmer, Gerald, Giancotti labs



EGF PATHWAY
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EGF PATHWAY
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Ethan Cerami

The Cancer Cell Map Ben Gross

Memorial Sloan-Kettering Cancer Center

Searlll cxampies

EGFR1 (Pathway) from Homo sapiens

Data

Source:
Availability:

Comment:

The Cancer Cell Map at Memorial Sloan-Kettering Cancer Center (http://cancer.cellmap.org)

Freely available from The Cancer Cell Map (created by Memorial Sloan-Kettering Cancer Center and the Institute of Bioinformatics) under the Creative
Commons license (http://creativecommons.org/licenses/by/2.5/)

The Epidermal growth factor (EGF) signals through the epidermal growth factor (EGF) receptor (EGFR) family composed of four receptor tyrosine
kinases (RTKs) designated EGFR, ErbB2 (also known as HER2 or neu), ErbB3 (HER3), and ErbB4 (HER4).In EGFR1 pathway, it includes interactions of
EGF-EGFR only.Binding of EGF to the extracellular domain of these RTKs leads to receptor dimerization, activation of the intrinsic protein tyrosine
kinase (PTK) activity, tyrosine autophosphorylation, and recruitment of various signaling proteins to the receptor. .Tyrosine phosphorylation of the
EGFR leads to the recruitment of various signaling proteins, including the adaptor proteins Grb2 , Nck, phospholipase C gamma , Shc and other
molecules. .The EGF receptor activates RAS and the MAP kinase pathways, ultimately causing phosphorylation of transcription factors such as c-Fos,
c-Jun, ELK-1 . The STAT transcription factors are also activated by JAK kinases in response to EGF. .This pathway is involved in the regulation of a
wide spectrum of biological processes including cell proliferation, apoptosis, cell cycle etc.

View Expression Data on this Pathway

Contains the Following Molecules (Showing 1 - 20 of 177) [display all]

AKT1 AP2A1 APPL APPL2 ARAF1 ARF4 ATF1 BCAR1 CAMK2A CASP9 CAV1 CAV2 CBL CBLB

CBL3 CDC42 CEACAM1 CEBPA CEBPB CREB

Contains the Following Interactions / Pathways (Showing 1 - 20 of 475) [display all]

Biochemical Reaction(s)

View Details EGFR — EGFR (Phosphorylated)
View Details ELK4 — ELK4 (Phosphorylated)
View Details GAP — GAP (Phosphorylated)
View Details ERKS (Phosphorylated) —» ERKS
View Details MEKK3 — MEKK3 (Phosphorylated)
View Details EPS15 —» EPS15 (Phosphorylated)
View Details JUN -~ JUN (Phosphorylated)
Vipow Deotailc N AND » \VIAN/D (Dhnenhnrviated)

cancer.cellmap.org

VIEW

Detais

COrRK 7 EGrR (uDIiquitinatea)

G.."’-’"""-"""’-"""-"




Using Pathway Information

Accurate Pathway Model

For Simulation / Databases

theratu re

-<~ %39

Expert knowledge
Pathway \

Pathwa.y Information \&“
Jnalysis e
(Cytoscape) (Cell Map) S

Experimental Data



Network visualization and
analysis tool: Cytoscape

* Network-based molecular profiling
analysis

— Transcriptionally active network
modules

* Network comparison
— PathBLAST e o

 PubMed search (literature mining) . dﬁi

O
O



Visual Style

Customized views of experimental data in
a network context

Network has node and edge attributes
« E.g. expression data, interaction type, GO function

Mapped to visual attributes
* E.9. node/edge size, shape, colour...

E.g. Visualize gene expression data as
node colour gradient on the network



Visual
Style




Visual
Style

-0.272

Load “Your Favorite Expression”
Dataset



Visual
Style

Map expression values
to node colours using a
continuous mapper

Set Visual Properties

Node Attributes Edge Attributes Global Defaults

" Node Color Node Border Color - p

Default
@ Change Default
Mapping
RedGreen =
New Duplicate Rename Delete
Map Attribute: ~gal1RGexp 2l

Del -1 Equal -

Del 0 Equal

Del 1.3 Equal

Apply to Graph Close




Visual
Style

Expression data mapped
to node colours
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The Cancer Cell Map

8ece

Cytoscape Desktop

File Edit Data Select Layout Visualization Plugins CytoPanels Help

E
T Yl b A LQ RN Procer B
Z
CytoPanel 1 @06 KitReceptor CytoPanel 2
Tg Network Q T { =o Expression Viewer Plugin ]
Network Nodes | Edges I ! (% pathway List ~ §: Expression Data } Lpl
_ [KiiREEEgeE  zo0300 2770 -
| Expression Data File
|
! ( Browse )
. | A Wbl
" |
| ) 4 I Expression / Pathway Stats
* p | Pathway: KitReceptor
\ | Expression Data File: sample.pvals
< T I Nodes in Pathway: 203
| - DNARNA/Protein Entities with Affymetrix IDs: 54 [27%)
nL DMNARMNA/Protein Entities with Expression Data: 16 [8%]
@* Rows of Expression Data: 119
- Rows of Expression Data in Pathway: 118 [100%)
"\
Lo, 4
' ! - = RIS
- = R
Nodes: 203 (0 selected) Edges: 277 (0 selected)
CytoPanel 3

Condition Selector

N I I I
1 2 3 4

Condition PL [1/4]| "

cancer.cellmap.org

Color Gradient No Data

Interaction Entities O

-4.76 7.98

Configure Color Themes

0 N W Advanced )

[ oo Experimental Conditions ]




@ Pathway
community_ pathway databases C O m m O n S

= = 3

GenMAPP analyze

add links
‘ molecular profiles

S NCBI R

e[Ensembl
L ]

—
Bl()CYgI

BioCyc

shared data “a
=)

Reactome common language

literature context




Practical uses of pathway
information

Use as a reference
— Summary of what is known about a cellular process or gene
— Visual communication

Analyze molecular profiles
— After ranking and clustering
— Summary of ranked data or clusters (1000 genes, now what?)

Visualize molecular profiles in pathway context

Find active pathways in sets of genes defined by ranking
or clustering

Find protein complexes in protein interaction networks
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Highly Connected 6-Core = Las17 Actin Assembly Complex?

Bbcl
glO060w
Ynl094w

\\ # \4 Ygr136w
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Rvs167
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Experimental Validation of
Las1/7 Complex

Experimental

Ypr154
ZZ
Ypri54 Myo3
Yscsa [BbeTN

Las17

Inferred

<t
0
<~
%
Q.
>

ELISA; Bbc1, Bzz1, Ygr136w, Ypr154w, Yfr024c, Ysc84 ColP; Colocalized



So...

« Based on observations, densely interconnected
regions of an interaction network may represent
molecular complexes

 Complexes can provide another level of
annotation above classic ‘quilt by association’

. Methods that find dense network regions can
help us understand biological systems (using
only qualitative connectivity information)



Nuclear Complexes
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Graph Theory

— <« Vertex (node)
Cycle .
Ed
p o <«—kdge
-5
O — Ot
Directed
Edge (Arc 10 4— Welghted
7 Edge

We map molecular interaction networks to graphs



Mapping Biology to a Graph

* 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

* Graph can be relaxed by representing similar
molecules as one node (COGs)



k-core

A part of a graph where every node is
connected to other nodes with at least k
edges (k=0,1,2,3...)

Highest k-core is a central most densely
connected region of a graph

Regions of dense connectivity may represent
molecular complexes

Therefore, high k-cores may be molecular
complexes



k-core

Batagelj,V., Mrvar, A.



A Better Complex Finder

K-core method Wi o
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2 Complexes

7/19 membrane ©
10/19 unknown e
1/19 cytoskeletal @

6/17 cell polarity e
3/17 unknown role ®

actin cytoskeleton rearrangement Signal transduction

QYm r253¢c

Ygl104c
\ pl246c 2

other o OBos1 YhI002w



Systematic identification of protein complexes in
Saccharomyces cerevisiae by mass spectrometry

@ cell growth and/or maintenance
@ ceit organization and biogenesis.
@ ceil shape and cell size control
@ DNA damage response and repair
4» “ & ONAmetabolism
W @ DNArecombination

Z ® DNA replication
7 ®a ® general metabolism
meht © mating
e @ nucleolar and ribosome biogene:
otz o pmeeln ‘amine acid nm-pmryimnunédespho»howm
- ) " @ protein bicsynthesis
“g ® protein degradation
¢ @ protein metabolism and modification
@ protein ransport
® RNAlecalization and processing

Ho et al. Nature sl e L UAAL A s i b st oy o s

“Thin orange knes represent new Interactions.

415(6868) 2002 S T et e

o1z




Molecular Complex Detection
MCODE

« MCODE finds densely connected regions of a
network

* Graph theoretic based clustering algorithm

— Three stages:
* Network Weighting
« Complex Detection
« Optional Post-processing



Input Network
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Yth

Find neighbors of Pti1

Tif11
Yor179c
Pta1
Pti1
Ref2
Pap1
4
Mpe1
cft2 Fip1
Cft1

Pfs2

Hca4



Find highest k-core (8-core)

Pta1

Pti1
Ref2

Pap1
L/

Mpe1

Yth Cft2 Fip1

Cft1
Pfs2



Find graph density

Pta1

Pti1
Ref2

Pap1
L/

Mpe1

11— AN
Yth Cft2 Fip1

Cft1
Pfs2

Density= Number edges =44/55=0.8
Number possible edges




Calculate score for Pti1

Pta1
Pti1 H |g h
Ref2
Pap1
L/

Score

Mpe1

Fip1

Yth Cft2

Low

Cft1
Pfs2

Score = highest k-core * density =8 *0.8 =6.4 =@



Repeat for entire network

Rgm1
Jfb1

Kin28 < Sik1
Ufd1 Nop12
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Find dense regions:
-Pick highest scoring vertex
-'Paint’ outwards until threshold score reached




Post-process (optional)
-Fluff the boundary by neighbor density
-Haircut — 2-core

\- Yor179c

NSt AN KN
Ssu72 !éﬁ‘\")‘v.‘%?,ﬁ:qw; ‘Rnatd
2 L ' .D.’, “ %
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Yth ]

Pcf11

Pfs2
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Yor179¢ Polyadenylation Factor | Complex

O RNA processing/modification Known :

@ Polll t ipti .

o Protein modifcation Cft1, Cft2, Fip1,

© Protein d dati

o Unknown | Pap1, Pfs2, Pta1,

78sui2 - Ysh1, Yth1 and
YKI059¢

Unknown:
Yor179c and Pti1

Uba2

O
Pcf11



 Yeast

* Requires a list of known complexes for comparison:
Gavin et al. (221), MIPS (208)

Evaluation

Data Set | Number | Number| Number of| MCODE Matched Complex Best
of of Predicted | Complexes |Benchmark|Benchmark| MCODE

Proteins|Interact-| Complexes| Predicted [Complexes Parameters

ions Above

w=0.2
Gavin 1363 3225 77 63 88|Gavin hFfT\0.05\0.

Spoke 05

Pre HTMS 4379 9088 166 52 64(MIPS hTfN\0.1\0.2

* Not perfect, but neither is the data




Application to Yeast Network

* From a list of 15,143 known yeast intx among
4,825 proteins 209 complexes predicted

* 100 random network permutations:
« Average of 27.4 complexes (SD=4.4)
« Random complexes ~5x larger

 Did not match any known complexes
« Large annotation spread

* Thus, number, size, functional composition
unlikely to occur by chance

* Not affected by high number of false positives
in high-throughput data sets



The Yeast 26S Proteasome
RpN7 16/21 19S regulatory
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Basic structure is evident



Directed Mode

O Chromatin/chromosome structure

@ Protein degradation

@ Cell cycle control Dop1
® RNA processing/modification,RNA splicing
® Unknown
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Directed Mode - Split

26S proteasome Lsm mRNA Splicing

Rpn9

Shared Subunits



Yth1

. . Ykl059c
Functional Connections mRrNA
Glc7
Between Complexes  Cleavage/
Polyadenylation
C Cft1
Pta1
Lsm Complex natd  yens
Lsm7 -SM6 Spt7 i
Lem3 - Spt20 a0 SAGA
1
. - Pat1 Taf61 GCEZO m p I eX
Lsm4 Lsm8 Spt15 991 Taf17
Lsm2 Ada2
Rpn6 N Cdc23
Apc2
Rpn10 Rpt1 >
1 Cdc26
Rpns edets acs ANaphase
Rpte  Rpn3 W apes cacr Promoting

19S Proteasome Complex
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MCODE Results Summary

Rank Score

1 7.25
Proteasome 26S

Ribosome

2 6.387

Proteasome 20S

3 5.417
RNA Splicing

4 5
RNA Pol core

5 5

Size

16,116

31,198

12,65

15,75

12,60

Names

YGR232W, YDLOO7W, YKL145W,
YFRO52W, YFRO04W, YLR421C,
YOR261C, YDL147W, YDR427W,
YHR200W, YERO21W, YOR117W,
YDL097C, YOR259C, YPR108W,
YDR394W

YPLO93W, YBLOO4W, YOR272W,
YNL110C, YKLOO9W, YFL002C,
YOLO77C, YPL126W, YILO35C,
YLR409C, YLR129W, YORO61W,
YKRO60W, YCRO57C, YDR449C,
YORO39W, YJL109C, YPLO12W,
YGR103W, YLR449W, YOR206W,
YKLO14C, YLLOO8W, YKL172W,
YNLOO2C, YLROO2C, YGL111W,
YOL041C, YGLO19W, YOR145C,
YPRO16C

YGLO11C, YOLO38W, YPR103W,
YMR314W, YBLO41W, YOR362C,
YERO12W, YJLOO1W, YMLO92C,
YCR253C, YER094C, YGR135W

YPLO43W, YMR290C, YEROOBW,
YKRO81C, YDR496C, YDLO31W,
YNLO61IW, YNL132W, YLR222C,
YLR197W, YMR0O49C, YHRO52W,
YJLO69C, YKLO99C, YDLO14W
YPR187W, YPRO10C, YPR110C,
YNL248C, YOR341W, YNROO3C,
YKL144C, YOR207C, YPR190C,
YNL113W, YOR116C, YBR154C

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

Bader & Hogue, BMC Bioinformatics 2003 4(1):2

Complex




Advantages

Compared to other clustering algorithms
Directed mode

Complex connectivity mode

Does not force all data points into clusters

Fast: ~ a few seconds for 15,000 protein
network on laptop

Makes visualization of large networks
more manageable



Conclusions

* Initial step in taking advantage of current purely
qualitative connectivity information

* Future networks need to have more information
about time, space and quality (from e.q.
interaction databases) - p-value weights on
edges

* http://cbio.mskcc.org/~bader/software/mcode/



How do cellular biological systems
composed of interacting parts work?
Can we accurately predict biologically relevant

interactions?

How do genome sequence changes underlying disease
or through evolution affect the molecular network in

the cell?

What biological processes are active in
different cell types and stages?

Cary, Bader, Sander, FEBS
Letters 579 (2005) 1815-20

Biological
/ Systems \

Predictions Experiments
: Dynamic Simulation
ComPUtatlona| Probabilty Networks
Propagation of Perturbation
MOdelS Mul?isgale Coupling
. Analysis
Information Visualization
Searches
Syste m Information Classes
Data Storage

Pathway & Process
Data

Molecular Interaction Surveys
Molecular & Genetic Profiles
Detailed Subystem Measurements
Biological Knowledge




CyclinA-Cdk2
complex

1FIN



) Cell Location
\ (signal peptides)

‘ Temporal expression
(TFs, miRNA)

. Concentration

(production,
‘ degradation
Cooperativity rates)

Allostery ATP) Q‘
Alternative splicing
Inhibition

(splicing factors)
Post-translational modification (enzymes)

Partner context
(cell types)
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