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Dynamic Modeling

STEP 0: Define the system
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The Gene.c Switch (Then)

Nature Reviews Genetics 4, 471-477 (June 2003) | doi:10.1038/nrg1089 

Eric       

©2003 by National Academy of Sciences 

Even Hand-­‐built Models
are GeIng Complex!
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Source: Snyder andGallagher 
FEBS Letters 2009; 583:3895-3899 (DOI:10.1016/j.febslet.2009.11.011 ) 

S. cerevisiae

C. elegans

Drosophila

Human

MouseGenomes
Sequenced
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Yikes!

Conditional MI 
network of miR 
modulators 
248,000 
interactions 
http //www.sciencedirect.com/
science/article/pii/
S0092867411011524 
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Appropriate	
  
for	
  Dynamic	
  
Modeling	
  

?	
  ChIP-­‐Seq,	
  Dnase-­‐Seq,	
  …	
  
Protein-­‐DNA	
  interac.ons	
  

Yeast	
  two-­‐hybrid	
  
Affinity	
  capture	
  mass-­‐spec	
  
Protein-­‐protein	
  interac.ons	
  

Mass	
  spectrometry	
  
Protein	
  Modifica.ons	
  

P	
   A	
  U	
  

Microarrays	
  
RNA-­‐Seq	
  
mRNA	
  

AAATAGCCATTATACGTA
CCTAATACTGAAGAGTCA
TTCCTAGTAAAGCATGCT
ACTTTTCAGTATATTCCA
TTATATTTTTAACTACAA
GCGGCGCAGAAACCAGAG 

Gene.c/Chemical	
  	
  
Screens	
  

Metabolomics	
  

Mul.-­‐omics	
  

Known  
Components 

Physical  
Relationships 

Statistical 
Relationships 

Differential 
equations 

Boolean logic, 
decision trees 

Bayesian 
networks 

mutual 
information 

regression, 
clustering 

Interactome 
Models 

Genome/ 
Proteome-wide 
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Known  
Components 

Physical  
Relationships 

Statistical 
Relationships 

Differential 
equations 

Boolean logic, 
decision trees 

Interactome 
Models 

AAATAGCCATTATACG
ACCTAATACTGAAGAG
CATTCCTAGTAAAGCA
GCTACTTTTCAGTATA
TCCATTATATTTTTAAC
TACAAGCGGCGCAGAAA
CCAGAGGATCAGCCACT
GCTAGCAGCATTTGCTG 

Genome/ 
Proteome-wide 

Outline

•  What molecules we can measure?
•  How do we know which interact?
•  How do we learn anything from these data?

– Standard Approaches
– Challenges
– Network Methods
– Toward Dynamic Models
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What’s inside a cell?

http://www newcriticals.com/_img/_article-uploads/macromoleculechart png 

Microarrays
RNA-­‐Seq
mRNA

P

P

P

U

U
A

A

Mass spectrometry
Proteins

Metabolites
Chemical Modifica.ons

PU A

ChIP-­‐Seq
Protein-­‐DNA interac.ons

Yeast two-­‐hybrid
Affinity capture mass-­‐spec
Protein-­‐protein interac.ons
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Source Snyder andGallagher
FEBS Le^ers 2009 583 3895-­‐3899 (DOI 10.1016/j.febslet.2009.11.011 )

S. cerevisiae

C. elegans

Drosophila

Human

Mouse
Genomes
Sequenced

Timeline of Omic Methods

13

mRNA levels
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What else can we measure?

15

  

Source: Snyder andGallagher 
FEBS Letters 2009; 583:3895-3899 (DOI:10.1016/j.febslet.2009.11.011 ) 

S cerevisiae

C
elegans

Drosophila

Human
Mouse

Genomes
Sequenced

16
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Homologous Recombina.on

Homologous  
recombination 

Deletion Library 

~80% of yeast deletions 
are viable 

under standard lab conditions 

Boone et al. (2007) Nature Reviews Genetics 17

New chromosome

Novel DNA
Chromosome

Cell 2014 157, 1262-1278DOI: (10.1016/j.cell.2014.05.010)  
Copyright © 2014 Elsevier Inc. Terms and Conditions 

Strategies for Genome Edi.ng
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CRISPR/Cas9 is an
RNA-­‐guided DNA nuclease

19

CRISPR-Cas systems for editing, regulating and targeting genomes 
Jeffry D Sander & J Keith Joung 
Nature Biotechnology 32, 347–355 (2014) doi:10.1038/nbt.2842 

  

Source: Snyder andGallagher 
FEBS Letters 2009; 583:3895-3899 (DOI:10.1016/j.febslet.2009.11.011 ) 

S cerevisiae

C
elegans

Drosophila

Human
Mouse

Genomes
Sequenced

20
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Proteomic Arrays

•  Can we extend the DNA array plaiorm for
proteomics?
– What would you put on the array?
– What would you use to probe the array?
– How would you detect it?
– What are the technical challenges?

21

Add lysate, serum, etc 

Zhu, et al. Annual Review of Biochemistry 
Vol. 72: 783-812 (Volume publication date July 2003)  

Detect bound proteins using: 
• Fluorescently labeled proteins 
• Radioactive proteins 
• Antibody 

22
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What else can we measure?

23

Post-­‐transla.onal modifica.ons
 Acetylation 
ADP-ribosylation 
Allysine 
Amidation 
S-archaeol 
Beta-methylthiolation 
Biotin 
Bromination 
N6-1-carboxyethyl lysine 
Cholesterol 
Cis-14-hydroxy-10,13-dioxo-7-
heptadecenoic 
acid aspartate ester 
Citrullination 
C-Mannosylation 
Cysteine sulfenic acid (-SOH) 
Cysteine sulfinic acid (-SO2H) 
Cysteine persulfide 
Deamidation 
Deamidation followed by a methylation 
n-Decanoate 
2,3-didehydroalanine (Ser) 
2,3-didehydrobutyrine 
(Z)-2,3-didehydrotyrosine 
S-diacylglycerol cysteine 
Dihydroxylation 
Dimethylation 
Dimethylation of proline 

Diphthamide 
FAD 
S-farnesyl cysteine 
S-12-hydroxyfarnesyl cysteine 
3-phenyllactic acid 
FMN conjugation (Cys) 
FMN conjugation (Ser/Thr) 
FMN conjugation (His) 
Formylation 
Geranyl-geranylation 
Gamma-carboxyglutamic acid 
O-GlcNAc 
Glucosylation (Glycation) 
Glutathionylation 
Hydroxylation 
Hypusine 
Lipoyl 
Methylation 
Methionine sulfone 
Myristoylation 
S-Nitrosylation 
n-Octanoate 
Omega-hydroxyceramide glutamate 
ester 
3-oxoalanine (Cys) 
3-oxoalanine (Ser) 
2-oxobutanoic acid 
Palmitoylation 

S-palmitoleyl cysteine 
Phosphatidylethanolamine amidated 
glycine 
Phosphorylation 
Pyridoxal phosphate 
N6-poly(methylaminopropyl)lysine 
Phosphopantetheine 
Pyrrolidone carboxylic acid (Glu) 
Pyrrolysine 
Pyrrolidone carboxylic acid 
Pyruvic acid (Cys) 
Pyruvic acid (Ser) 
Sulfation 
1-thioglycine 
Thyroxine 
2',4',5'-topaquinone 
Triiodothyronine 
Trimethylation 
N6,N6,N6-trimethyl-5-hydroxylysine 
 
 
http://ca.expasy org/tools/findmod/
findmod_masses.html 

24
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Mass Spectrometry

•  Can iden.fy proteins and other molecules by
extremely accurate measurement of mass

Force on a charge
in a magne.c field
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MS separates by m/q

http://en.wikipedia.org/wiki/Mass_spectrometry 

MS cannot analyze very complex
samples

28
http://upload.wikimedia org/wikipedia/commons/1/1f/Mass_spectrometry_protocol png 
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TandemMass Spec
Increases Accuracy

http://en.wikipedia.org/wiki/Tandem_mass_spectrometry 

Pep.de MS/MS

Zhu, et al. Annual Review of Biochemistry 
Vol. 72: 783-812 (Volume publication date July 2003)  

30
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Zhao & Jensen. Proteomics Vol.9, 20 Pages: 4632-­‐4641
31

Zhao & Jensen. Proteomics Vol.9, 20 Pages: 4632-­‐4641

glycosylphospha.dylinositol
-­‐anchored proteins

phospha.dylinositol-­‐specific
phospholipase C

32
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Pep.de MS/MS

•  Analyzing pep.de MS/
MS is a discrete
matching problem

•  Which pep.de encoded
in the genome is the
most likely match?

•  Leverage knowledge of
pep.de cuIng
preferences, possible
modifica.ons.

33
Zhu, et al. Annual Review of Biochemistry 
Vol. 72: 783-812 (Volume publication date July 2003)  

No Map of the Metabolome

RT 

R
el

at
iv

e 
in

te
ns

ity
 

m/z 

LC/MS 

Metabolite Peak 

Protein:   
cleavage products are almost 
always peptides 
easy to compare mass to all 
possible peptides encoded by 
the genome 

Metabolites: not directly 
encoded in the genome. 
May be > 40,000 different 
species. 
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Outline

•  What molecules we can measure
•  How do we know which interact?
•  How do we learn anything from these data?

Proteomics: Protein complexes take the bait
Anuj Kumar and Michael Snyder
Nature 415, 123-­‐124(10 January 2002)
doi:10.1038/415123a

Gavin, A.-C. et al. Nature 
415, 141-147 (2002). 
 
Ho, Y. et al. Nature 415, 
180-183 (2002). 

Detec.ng protein-­‐protein
interac.ons

36

What are the
likely false
posi.ves?

What are the
likely false
nega.ves?
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Mass-­‐spec for protein-­‐protein
interac.ons

•  Extremely efficient method for detec.ng
interac.ons

•  Proteins are in their correct subcellular
loca.on.

Limita.ons?
•  overexpression/tagging can influence results
•  only long-­‐lived complexes will be detected

37

Biotechniques. 2008 Apr;44(5):655-­‐62.
Resolving the network of cell signaling
pathways using the evolving yeast two-­‐hybrid
system.
Ratushny V, Golemis E.

How does this compare to  
mass-spec based 
approaches 

38
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Biotechniques. 2008 Apr;44(5):655-­‐62.
Resolving the network of cell signaling
pathways using the evolving yeast two-­‐hybrid
system.
Ratushny V, Golemis E.

• Does not require purification – will 
pick up more transient interactions. 

• Biased against proteins that do not 
express well, or are incompatible with 
the nucleus 39

  

Source: Snyder andGallagher 
FEBS Letters 2009; 583:3895-3899 (DOI:10.1016/j.febslet.2009.11.011 ) 

S cerevisiae

C
elegans

Drosophila

Human
Mouse

Genomes
Sequenced

40
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P

P

P

P

U

U
A

A

41

The interface of
proteomics and
expression

Genome-wide Chromatin Immunoprecipitation

Differentially 
label the two 

pools of 
DNA

Hybridize to 
microarray
ChIP-chip

Crosslink 
protein to 
binding 
sites in 
living 
cells

Harvest 
cells and 
fragment 

DNA

Enrich for 
protein-
bound 
DNA 

fragments 
with 

antibodies

Chromosomal Position 

Sequence
ChIP-Seq

42
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Use	
  mo.f	
  discovery	
  	
  
to	
  iden.fy	
  proteins	
  

Identify sites of 
regulation 

DNase-Seq 
 

43	
  

Outline	
  

•  What	
  molecules	
  we	
  can	
  measure?	
  
•  How	
  do	
  we	
  know	
  which	
  interact?	
  
•  How	
  do	
  we	
  learn	
  anything	
  from	
  these	
  data?	
  

– Standard	
  Approaches	
  
– Challenges	
  
– Network	
  Methods	
  
– Toward	
  Dynamic	
  Models	
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ComputaTonal	
  
Models	
  

ChIP-­‐Seq,	
  Dnase-­‐Seq,	
  …	
  
Protein-­‐DNA	
  interac.ons	
  

Yeast	
  two-­‐hybrid	
  
Affinity	
  capture	
  mass-­‐spec	
  
Protein-­‐protein	
  interac.ons	
  

Mass	
  spectrometry	
  
Protein	
  Modifica.ons	
  

P	
   A	
  U	
  

Microarrays	
  
RNA-­‐Seq	
  
mRNA	
  

AAATAGCCATTATACGTA
CCTAATACTGAAGAGTCA
TTCCTAGTAAAGCATGCT
ACTTTTCAGTATATTCCA
TTATATTTTTAACTACAA
GCGGCGCAGAAACCAGAG 

Gene.c/Chemical	
  	
  
Screens	
  

Metabolomics	
  

•  Basic biology 
–  transcription 
–  signaling  
–  microbiome 
... 

•  Tumor 
classification 

Genomic	
  Sequencing	
  
DNA	
  

AAATAGCCATTATACGTACCTAATACTGAA
GAGTCATTCCTAGTAAAGCATGCTACTTTT
CAGTATATTCCATTATATTTTTAACTACAA 

The	
  most	
  common	
  pediatric	
  malignant	
  brain	
  tumor	
  

Polkinghorn and Tarbell. Medulloblastoma: 
tumorigenesis, current clinical paradigm, and 
efforts to improve risk stratification. Nat Clin 
Pract Oncol (2007) vol. 4 (5) pp. 295-304 

•  70% survive but 
only 10% live 
independently as 
adults due to 
neurologic 
disability from the 
tumor and 
treatment 
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Mutations identified in 
genomics era of 
Medulloblastoma 

Genomic Data Iden.fies Subtypes
Identifier (MD-) 29
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Subtype-specific
copy number
alterations
(Cho et al.)

6–
GLI2amp

9q–
3q+

20p–
2+

cMYCamp
1q+

8+
14+
10–
16–
11–
13–
17+

8–
12q+

MYCNamp
i17q

4+

Subtypes Consensus (Taylor et al.) WNT SHH Group 3 Group 4
Published (Cho et al.) c6 c3 c1 c5 c4 c2

RNA helicase DDX3X
Wnt pathway CTNNB1

CSNK2B
SHH pathway PTCH1

SUFU

SMO

GLI2

Histone
methyltransferases

MLL2
MLL3 i

M

 KDM6A
Chromatin
remodeling
complexes

BCOR
GPS2
LDB1

NCOR2

SMARCA4
Other CTDNEP1

TP53

Gains
Losses

Missense
Nonsense/splice site/indel

Germline
Silent

Copy number
alterations:

Somatic
mutations:

Pugh, T, Weeraratne, SD, Archer T, et al. Medulloblastoma exome sequencing uncovers subtype-specific somatic 
mutations. Nature 488, 106–110 (2012). 
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Four	
  Types	
  of	
  Medulloblastoma	
  

Northcott  et al. Nat Rev Cancer. 2012 
Dec;12(12):818-34. doi: 10.1038/nrc3410.  

Points	
  of	
  	
  
IntervenTon	
  

ComputaTonal	
  
Models	
  

ChIP-­‐Seq,	
  Dnase-­‐Seq,	
  …	
  
Protein-­‐DNA	
  interac.ons	
  

Yeast	
  two-­‐hybrid	
  
Affinity	
  capture	
  mass-­‐spec	
  
Protein-­‐protein	
  interac.ons	
  

Mass	
  spectrometry	
  
Protein	
  Modifica.ons	
  

P	
   A	
  U	
  

Microarrays	
  
RNA-­‐Seq	
  
mRNA	
  

AAATAGCCATTATACGTA
CCTAATACTGAAGAGTCA
TTCCTAGTAAAGCATGCT
ACTTTTCAGTATATTCCA
TTATATTTTTAACTACAA
GCGGCGCAGAAACCAGAG 

Gene.c/Chemical	
  	
  
Screens	
  

Metabolomics	
  

Genomic	
  Sequencing	
  
DNA	
  

AAATAGCCATTATACGTACCTAATACTGAA
GAGTCATTCCTAGTAAAGCATGCTACTTTT
CAGTATATTCCATTATATTTTTAACTACAA 
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Outline

•  What molecules we can measure?
•  How do we know which interact?
•  How do we learn anything from these data?

– Standard Approaches
– Challenges
– Network Methods
– Toward Dynamic Models

Map to Known Pathways 
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Khatri P, Sirota M, Butte AJ (2012) Ten Years of Pathway Analysis: Current Approaches and Outstanding Challenges. PLoS Comput 
Biol 8(2): e1002375. doi:10.1371/journal.pcbi.1002375 
http //127 0.0.1:8081/ploscompbiol/article?id=info:doi/10.1371/journal pcbi.1002375 

Known Pathways

 

Controlled vocabulary to describe genes:
– Biological process
– Cellular component
– Molecular func.on

h^p://www.geneontology.org
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Genome 

Sta.s.cal Significance

kinase 

differentially 
expressed 

Compute significance of 
overlap using the 
hypergeometric distribution. 

Genome 

Aggregate score sta.s.cs

kinase 

differentially 
expressed 

My results depend on 
how I defined 
“differentially expressed” 

Mootha et al. (2003). Nature Gene:cs 34, 267 – 273. doi:10.1038/ng1180
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Aggregate score sta.s.cs

h^p://www.broadins.tute.org/gsea/

Genome 

Aggregate score sta.s.cs

•  For each list of genes in
a database (such as GO)
–  compute distribu.on of
t-­‐sta.s.cs

–  compare this
distribu.on to the
overall distribu.on

kinase 
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Genome 

Aggregate score sta.s.cs

kinase 

GSEA uses a Kolmogorov-­‐Smirnov sta.s.c to
compare the distribu.ons of t-­‐sta.s.cs

Genome 

Aggregate score sta.s.cs

kinase 

Irizarry, et al. argue for X2 and z-­‐test
Gene set enrichment analysis made simple. (2009) Stat Methods Med Res
h^p://www.bepress.com/jhubiostat/paper185/
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Outline

•  What molecules we can measure?
•  How do we know which interact?
•  How do we learn anything from these data?

– Standard Approaches
– Challenges
– Network Methods
– Toward Dynamic Models

End of Omics Review

“Getting an Education from MIT is like taking a drink from a Fire Hose.” 
Former MIT President Jerome Weisner 
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Most ‘Omic Hits Don’t Lie in 
Known Pathways 

Biocarta EGF 
signaling 
pathway 

What % of 
expected 
pathway is 
activated? 

What % of 
activated 
proteins are 
off the 
pathway? 

Ali Sinan Köksal, Tony Gitter, Alejandro Wolf-Yadlin, et al. in preparation.  

0.00% 

10.00% 

20.00% 

30.00% 

40.00% 

    
 

Percentage of pathway 
phosphorylated 

Layek et al KEGG MAPK signaling pathway 
biocarta-egfr KEGG ErbB signaling pathway 
science-signaling-egfr nci-nature-egfr 
reactome-reactome-egfr cellmap-commons-egfr 

Ali Sinan Köksal, Tony Gitter, Alejandro Wolf-Yadlin, et al. in preparation.  



8/12/15 

33 

0.00% 

10.00% 

20.00% 

30.00% 

40.00% 

Percentage of phosphorylation on 
pathway 

Percentage of pathway 
phosphorylated 

Layek et al KEGG MAPK signaling pathway 
biocarta-egfr KEGG ErbB signaling pathway 
science-signaling-egfr nci-nature-egfr 
reactome-reactome-egfr cellmap-commons-egfr 

Ali Sinan Köksal, Tony Gitter, Alejandro Wolf-Yadlin, et al. in preparation.  

‘Omic data don’t agree 

Toxic  
Compound,  
Mutation,  
Environmental  
Change 
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Esti  
Yeger-Lotem 

Laura  
Riva 

Senior Lecturer 
Ben-Gurion 
University 

National Institute for 
Biotechnology in the 

Negev 
Israel 

Team Leader 
Center for Genomic 

Science 
Istituto Italiano di 

Tecnologia 
Italy 

 
Genetic Data Enriched for: 

• Transcriptional regulation  
• Signal transduction 
 
 
 

Expression Data Enriched for:  
Metabolic Processes 
e.g., organic acid  
metabolic process,  
oxidoreductase activities  

For 156 perturbations: 
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DNA Damage 

DNA repair Cell cycle  
arrest 

Sliding clamp checkpoint 
DNA Damage 

Genetic Data 

Expression Data 

DNA Damage 

DNA repair Cell cycle  
arrest 

DNA Damage 

RAD53 = CHK2 

MEC1 = ATM 

Genetic Data 

Expression Data 
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Mass spectrometry 

Goals: 
1.  Find 

unrecognized 
pathways 

Mass spectrometry 

Goals: 
1.  Find 

unrecognized 
pathways 

2.  Find “hidden” 
proteins 
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Changing how we think about 
“omic” data 

Other 
KEGG 

pathways 

Unknown 

Expected  
Pathway Interactome 

Outline 

•  Network Modeling 
– Approach 

– Predicting in vitro targets using 
RNA-Seq, DNase-Seq, and 
phospho-proteomics 
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Approach 

Map data onto a network 
of known interactions. 

 
 

Interactome 

Approach 

Lesson 1: 
Network models make 

sense of diverse data. 
Lesson 2: 

Hairballs do not! 
 Advanced network 
algorithms needed. 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1,000 fold range 
of protein 
concentrations 

 
Raquel de Sousa Abreu, Luiz Penalva, Edward Marcotte and Christine Vogel,  Mol. BioSyst., 2009  DOI: 10.1039/b908315d 

Approach 
Hard to predict protein levels from mRNA 

mRNA expression levels  
(arbitrary units, log-scale base 10) 

P
ro

te
in

 e
xp

re
ss

io
n 

le
ve

ls
  

(m
ol

ec
ul

es
/c

el
l, 

lo
g-

sc
al

e 
ba

se
 1

0)
 

Kang Ning, Damian Fermin, and Alexey I. Nesvizhskii J Proteome Res. 2012 April 6; 11(4): 2261–2271. 

Nature. 2011 May 19;473(7347):337-42. doi: 10.1038/nature10098. 
Global quantification of mammalian gene expression control. 
Schwanhäusser B1, Busse D, Li N, Dittmar G, Schuchhardt J, Wolf J, Chen W, Selbach M. 

Hard to predict protein levels from mRNA 
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Molecular Cell Biology. 4th edi.on.
Lodish H, Berk A, Zipursky SL, et al.
New York: W. H. Freeman; 2000.
Copyright © 2000, W. H. Freeman and Company.

Enzymes
Microtubules
Histones
Transcrip.on factors

.. and mRNA levels do not reveal 
signaling 

Phosphorylation 
•  kinase 
•  phosphatase 

Protein-protein 
interactions 

Mass spectrometry 

Don’t map 
transcriptional 
changes onto the 
protein-protein 
interaction network 
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Step 1 

Use 
expression 
data to find 
upstream 
signaling 
changes 

mRNA 

DNA- 
binding 
proteins 

Epigenomic Data 
& Sequence 

Analysis 

Epigenomic Data  
& Sequence 

Analysis 

Step 2 

Identify 
phosphorylation, 
metabolites, etc. 
relevant to 
disease process 

mRNA 

DNA- 
binding 
proteins 
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Epigenomic Data  
& Sequence 

Analysis 

Step 3 

Network 
integration 

mRNA 

DNA- 
binding 
proteins 

Interactome 

Binding Data 
& Sequence 

Analysis 

Interactome 

Overall Approach 

Map 
Transcriptional 
Regulation 

Model Networks 
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Outline

•  Network Modeling

– Approach

– Predic.ng in vitro targets using
RNA-­‐Seq, DNase-­‐Seq, and phospho-­‐

proteomics

Pope W B et al. Radiology 2008;249:268-277 Weil RJ (2006) PLoS Med 3(1): e31.  

Presentation Post-op Recurrence 

Linking Proteomic and Transcriptional 
Data through the Interactome and 
Epigenome Reveals a Map of Oncogene-
induced Signaling  
PLOS Computational Biology, 2013 
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EGFR variant III mutation 
•  Most common 

EGFR mutation in 
human cancer 

•  60% of GBMs and 
20% of anaplastic 
astrocytomas, also 
in lung, breast and 
prostate tumors 

•  EGFRvIII expression 
correlates with 
shorter life 
expectancies Pedersen et al., Ann Oncol., 2001 

Lyse, 
denature

digest 

pS 

pS 
p  pS 

pY pY 

pS Anti- 
Phosphotyrosine  

peptide IP pY pY 

114 115 116 117 

Mix 

U87 
Kinase 
Dead 

iTRAQ 
Label 

IMAC 

Desalt, 
aliquot 

(10 frac.) 

U87 
Medium 

U87 
High 

U87 
Super 
High 

High 

Medium 
Kinase 
Dead 

114 115 116 117 
m/z 

Super 
High 

Compare Tyrosine Phosphorylation  
by Mass Spec 
White Lab, MIT 

Huang et al., PNAS 2007 
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Use motif discovery  
to identify proteins 

Identify sites of 
regulation 

DNase-Seq 
 

EGFvIII cells 

Control cells 
(inactive  
kinase) 

Motifs associated 
with changes in 
hypersensitivity 

TF affinity score 
Foat, et al. Bioinformatics (2006)  

E
xp

re
ss

io
n 

C
ha

ng
e 

Motifs associated 
with changes in 
hypersensitivity 
and expression 

Univariate 
linear  

regression 

similar to Lee and Bussemaker. 
Mol Syst Biol. 2010. 
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Assembling a EGFR vIII 
signaling network 

Points	
  of	
  	
  
IntervenTon	
  

ComputaTonal	
  
Models	
  

Dnase-­‐Seq	
  
Protein-­‐DNA	
  interac.ons	
  

Interactome	
  
Yeast	
  two-­‐hybrid	
  

Affinity	
  capture	
  mass-­‐spec	
  
Protein-­‐protein	
  interac.ons	
  

Mass	
  spectrometry	
  
Phosphotryosine	
  

P	
   P	
  P	
  

Microarrays	
  

24,039 nodes  
234,455 edges  

 

Interactome: 
Known physical  

protein-protein interactions 
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Interactome

Experimental hits

+ 
Naïve methods 

•  Not all hits are real 
•  Not all edges are real 
•  Not all edges are known 

 Find most probable connections. 
 Only connect some of the data to 

each other: 
 False positives in data 
 Missing interactions in interactome 

 
 
 

A Better Approach 
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Probabilities Reflect 
Underlying Data 

•  Naïve Bayes approach integrates multiple types of 
evidence  
(Jansen et al. Science 2003; Myers et al. Genome Biology 2005.) 

•  Reliability determined by: 
–  higher confidence experimental techniques 
–  multiple experimental techniques 

Interaction 

Evidence1 
Co-IP 

 

Evidence2 
Affinity capture 

MS 

Evidencen 
  
 

Evidence3 
Yeast two-hybrid 

 

p(e) 

… 

   phosphoprotein    TF    no data    target gene 

Prize-collecting Steiner Tree 
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   phosphoprotein    TF    no data    target gene 

Prize-collecting Steiner Tree 

1.  Don’t Include All Data 
2.  Avoid Unlikely Interactions 

Is this 
observation 
consistent 
with the 
others? 

Prize-collecting Steiner Tree 

1.  Don’t Include All Data 
2.  Avoid Unlikely Interactions 
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Prize-collecting Steiner Tree 

Does the  
node prize 
justify the  
edge costs? 

prize( cost( )
 not in  in 

v) e
v T e T

β +∑ ∑

Naïve Methods 
•  >2,500 nearest 

neighbors of 
phosphoproteins 

•  >4,500 nearest 
neighbors of 
phosphoproteins 
+transcription 
factors 
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Can we find drug targets? 
Rank every node by 
weighted distance to all 
prize-collecting Steiner tree 
nodes 

High rank targets 

Control targets 

St
ei

ne
r T

re
e 
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Highest 
Rank 

Targets 
<27  

out of 
11,637 

Lower 
Rank 

Targets 
193 to 
3,582 
out of 

11,637  

Control 
vIII 

Cell Type 

Control 
vIII 

Cell Type 

Epigenomics 

Integration through 
Physical Interactions 

Transcriptomics 

Interactome Metabolomics 
Proteomics 
Genomics 
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Known  
Components 

Physical  
Relationships 

Statistical 
Relationships 

Differential 
equations 

Boolean logic, 
decision trees 

Bayesian 
networks 

mutual 
information 

regression, 
clustering 

Interactome 
Models 

Genome/ 
Proteome-wide 

Known  
Components 

Physical  
Relationships 

Statistical 
Relationships 

Differential 
equations 

Boolean logic, 
decision trees 

Interactome 
Models 

AAATAGCCATTATACG
ACCTAATACTGAAGAG
CATTCCTAGTAAAGCA
GCTACTTTTCAGTATA
TCCATTATATTTTTAAC
TACAAGCGGCGCAGAAA
CCAGAGGATCAGCCACT
GCTAGCAGCATTTGCTG 

Genome/ 
Proteome-wide 



8/12/15 

54 

Known  
Components 

Physical  
Relationships 

Statistical 
Relationships 

Differential 
equations 

Boolean logic, 
decision trees 

Interactome 
Models 

AAATAGCCATTATACG
ACCTAATACTGAAGAG
CATTCCTAGTAAAGCA
GCTACTTTTCAGTATA
TCCATTATATTTTTAAC
TACAAGCGGCGCAGAAA
CCAGAGGATCAGCCACT
GCTAGCAGCATTTGCTG 

Genome/ 
Proteome-wide 

symbolic  
reasoning  

Embracing the change

108 
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