Cell signaling networks
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Computational
Cell Map

Read map to understand
* Cell processes

» Gene function

» Disease effects

« Map evolution

Map the cell :
« Predict map from genome § *
» Multiple perturbation
mapping

» Active cell map

« Map visualization and
analysis software

Cary MP et al. Pathway information... FEBS Lett. 2005
Bader GD et al. Functional genomics and proteomicsTrends Cell Biol. 2003







Predicting Protein Interaction

Networks From the Genome
 |deally: O

Accurately O

| Predict O
* Reality:

— Not currently possible

— Protein interaction prediction likely as hard as
protein folding, in general e.g. induced fit



Predicting Networks

* Map via orthology relationships o
Igher accuracy

— Metabolic pathways (more conserved)
« E.g. KEGG, BioCyc, metaSHARK

— Protein-protein interactions
* E.g. I2D(OPHID), HomoMINT

— Signaling pathways Lower accuracy
.gEg Rega(F;)tome y v (less conserved)

* Infer using functional associations
— Phylogenetic profile, Rosetta Stone
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Peptide Recognition Domains

Simple binding sites
Well studied
Numerous
Biologically important

— Eukaryotic signaling
systems often involve
modular protein-
protein interaction
domains
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Focus: PDZ, WW, SH3

PDZ WW SH3
Human: ~250 ~90 ~300



Protein Domain Interaction
Network Prediction

Genome

Gene and protein prediction _—  —
Domain prediction —

Specificity prediction |

Protein-protein interaction prediction . dﬁi °
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PDZ Domains

« 80-90 aa’s, 5-6 beta
strands, 2 alpha helices
* Recognize
hydrophobic C-termini
 Membrane localization of &
signhaling components

* Neuronal development,
cell polarity, ion channel
regulation

Dev Sidhu Par-6 PDZ Domain

Tonikian et al. PLoS Biology VKESLV-COOH
Sep.2008 (1RZX, Fly)



82 worm and human PDZ specificities mapped by phage display
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PDZ Specificity
Map

Domain Class
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TPR

PDZ-Peptide Interaction Prediction

SVM using binding site contact map feature encoding
Cross validation, independent comparison with known PPIs

ROC Precision Recall
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Proteome scanning to predict PDZ domain interactions using SVMs

Domain NN | Experiment | SVM Profile || Domain NN | Experiment | SVM Profile
Name Sim Predicted Sim Name Sim Predicted Sim
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Predicting PDZ-Peptide Affinity

82 Mouse PDZ 150 Mouse . .
( Domains J X [Peptide Ligands] Data: Stiffler, MacBeath (Science 2007)

( Protein Microarray & ) Y1 y=X
Fluorescence Polarization Qualitative data & /,¢'
l I 2o SemiSVR
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N~/ Xiaojian Shao, Chris Tan




Affinity Predicted from Sequence
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Incorporating Negative Data
Improves Quantitative Performance

Measure Feature encoding SemiSVR SVR
Spearman WS 118AAs 0.605 0.501
BS 16AAs 0.594 0.425

CoreBS 10AAs 0.594 0.487

Pearson WS 118AAs 0.653 0.574
BS 16AAs 0.636 0.556

CoreBS 10AAs 0.649 0.585

Average Performance Across all PDZ Domains

For WS_118AAs, BS_16AAs and CoreBS_10AAs feature encoding, polynomial kernel with p=2
was used for both PDZ domain and peptide sequence. The Pearson correlations were calculated

after taking log10 on the actual K.

Xiaojian Shao, Chris Tan




Comparison
with existing
methods

Chen et al. Nat Biotech

Method: BackFit

Features: 38 Pairs

SemiSVR does better in
many cases

SemiSVR SemiSVR SemiSVR ~ SemiSVR
PDZ domain 118AAs 38pairs BackFit 118AAs 38pairs

CHAPSYN-110 2/3
CHAPSYN-110 3/3

GM1582 2/3
HTRA3 1/1
LIN7C_1/1
MAGI-2_2/6
MAGI-2_6/6
MAGI-3_1/5
MALS2_1/1
OMP25_1/1
PDZK3 1/1
PDZ-RGS3_1/1
PSD95 2/3
PSD95 3/3
PTP-BL 2/5
SAP102_2/3
SAP97 1/3
SAP97 2/3
SCRBI 3/4
SHANKI1 1/1
SHANK3_1/1

G1-SYNTROPHIN 1/1

ZO-1 173

0.921 0.802 0.936

Xiaojian Shao, Chris Tan

Average Performance

BackFit

0.831 0.593 0.501

0.344 0.356 0.185

0.006 0.2 0.130

0.394 -0.37 -0.168

0.113 0.206

0.278 0.169

0.544 0.516

0.172 0.147

0.318 0.366

-0.224 0.018

-0.081 0.072

0.526 0.663

0.223 0.165

0.184 0.159

0.907 0.936

-0.164 0.563 0.138

0.766 0.927 0.852
0.479 0.515 0.625

- 0.942 0.968 0.956
0.358 0.517 0.639
0.172 0.268 0.247

- 0.186 0.217 0.164

0.605 0.496 0.359 0.653 0.556 0.388




Performance
Increases if

Similar Sequence

In Training Set

Identity between each tested PDZ to its
nearest neighbor is calculated to the
other 81 PDZ domains from the 118AAs

of the PDZ domain sequence.

Xiaojian Shao, Chris Tan
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Protein Domain Interaction
Network Prediction

Genome

Gene and protein prediction _—  —
Domain prediction —

Specificity prediction |

Protein-protein interaction prediction . dﬁi °



In vivo Protein Interaction Prediction

In vitro Biologically Relevant
Peptides Genome (In vivo)
——

Protein
Xpressio

Evolutionary
Context
Phage

Display ~  mm—
I

3444

Protein

In silico

: | = & e
Predictions runction/ ( Protein I \3
Structure NG

\I/ .

Network —

Context Protein ! —

Location = —

DLGs NMDAR

Shobhit Jain




In vivo Interaction Regulation

Cell Location
i (signal peptides)

Partner context, .‘

competition

(cell types) Temporal expression

(TFs, miRNA)

. Concentration

‘ (production,

degradation
rates)

Cooperativity

Allostery @7p]

g2 Alternative splicing
. (splicing factors)
Inhibition

Post-translational modification (enzymes)



Conclusions — Part 1

Specificity and affinity predicted from sequence for
PDZ domains

— Also for WW, but likely not as easy for SH3 and SH2

"""" i PQ Eig

Which PDZ to study os) David Gfeller | | “‘;/uflPﬁLM_
next? (target selection) z | . ]S

] ] . 5 06 o : —
Negative binding = K < \
mformat:on |sf I 2 o . E | PR
extremely usefu = X § o] PR
Need more data across UL
species and from 0 o BRREERRZs ot 0 )
different experimental Binding site similarity (et
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Mapping SH3 Networks Across Species

* Yeast* * Worm
e« 27 SH3 domains cloned < 80/84 SH3 domains
— Phage — Phage, Y2H
— Peptide display Xiaofeng Xin |* (AD)-ORFeome and AD-
YoH Boone, Sidhu | cDNA Y2H prey libraries
B - 1889 PPIs, incl 13 hubs and
* High confidence binding 893 full length hits
site resolution interaction « High confidence binding
network site resolution interaction
— Bayesian (benchmark) network David Gfeller
Philip Kim — Phage & Y2H

* Raffi Tonikian, Xiaofeng Xin, Christopher P. Toret, David Gfeller, Christiane Landgraf, Simona
Panni, Serena Paoluzi, Luisa Castagnoli, Bridget Currell, Somasekar Seshagiri, Haiyuan Yu,
Barbara Winsor, Marc Vidal, Mark B. Gerstein, Gary D. Bader, Rudolf Volkmer, Gianni Cesareni,
David G. Drubin, Philip M. Kim, Sachdev Sidhu, Charles Boone — PLoS Biology, Oct.2009



SH3 Specificity Conserved from Yeast To Worm
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Yeast & Worm Networks Enriched in
Endocytosis

Development

Worm

Morphogenesis
& growth
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Network is Heavily Rewired

Homolog SH3 domains

Example
Case 1: Domain Changes
STAM-1 ACT-2

— SH3 > BS — :
> Worm: ‘EA& ALPHAILRLDLAGRD
* SH3::| 2 BS ‘ Yeast: ‘P| Pi SLPHAILRI DLAGRD
Hselp Act1p

Case 2: Binding Site Changes

SDPN-1 YMEL-1

—| SH3> BS —
Worm: Nl SRNGINRKPLDIEAT
Yeast: ‘ T’Ei SRNIPPPPPPPPPKP

® > @ -

Case 3: Both change

Bzz1p#1 Ytal2p

HUM-1 BUB-1

— SH3::| BS —

Ll X %= SDTKSASEKDVSDSD

. : QDLPSSQPPVVPKST
0@ b
Myo3p Bub1p

7 ortholog pairs, 5 with yeast & worm profiles
No conserved interactions!

STAM-1

Hselp

SDPN-1

involved in this case
HUM-1 HUM-1

PPk

P PokP.

Myo3p Myo5p

SDPN-1 KO8E3.4

KatPer  KaatberD Pl
KePPPPsP K.PPPpep PP kPl
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® Known endocytosis —— Phage display

® New predictions Y2H (count>1)
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Conclusions — Part 2

Endocytosis role of SH3 domains is conserved
functionally but not structurally

Low number of yeast/worm SH3 orthologs
— Higher between worm and human

Increased coverage may change this
conclusion

Interolog methods will fail in this case
Functional orthologs?

Need to experimentally map SH3 networks
In additional species



Cell map exploration and analysis

Can we accurately predict
protein interactions? / Databases
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Biological Pathway Exchange
(BioPAX)

Software
. o ’ d
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Uy

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
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Pathway Commons: A Public Library

http:pathwaycommons.org nghwgy

Commons

community pathway databases
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Cytoscape
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Network classification of disease

 Traditional: Gene association

* Limitations: Too many genes reduces
statistical power

 New: Active cell map based approaches
combining network and molecular profiles
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