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Standard ways to

make sense of “omic” data

e Look for correlations

Cannot distinguish direct
from indirect effects
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Standard ways to

make sense of “omic” data

* Look for correlations

e Compare to known pathways

INGENUITY
PATHWAY ANALYSI

the Gene Ontology

8 % Neurona | System
=%, Transmission across Electrical Synapses
© % Transmission across Chemical Synapses

= Depolarization of the Presynaptic Terminal Triggers the Opening of Calcium Channels

“%. Neurotransmitter Release Cycle
% Neurotransmitter Clearance In The Synaptic Cleft
% Neurotransmitter uptake and Metabolism In Glial Cells

%2 Neurotransmitter Receptor Binding And Downstream Transi

=% Potassium Channels
= Organelle biogenesis and maintenance
% Programmed Cell Death

MSigDB

Molecular Signatures
Database

mission In The Postsynaptic C



Standard ways to
make sense of “omic” data

* Look for correlations

Cannot distinguish direct from indirect effects
e Compare to known pathways

Even best-studied ones are mostly unannotated



Most ‘Omic Hits Don’t Lie in
Known Pathways
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Most responding proteins
are not on known pathways

Layek et al.
Percent of HEGG MAPK Percent of A EGER
phosphorylated BioCarta EGF phosphorylated
. . All BioCart
proteins on proteins on o
KEGG ErbB
pathway pathway ‘ All Reactome
Science Signaling EGFR ‘ All PID
- PID ErbB1 All pathways
‘ Reactome EGFR 40% 35% 30% 25% 20% 15% 10% 5% 0%
‘ Cancer Cell Map EGFRH
12%  10% 8% 6% 4% 2% 0%

Ali Sinan Koksal Tony Gitter, Alejandro Wolf-Yadlin, et al. 2018



Challenge 1:
Most ‘Omic Hits Don’t Lie in
Known Pathways
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Ali Sinan Koksal Tony Gitter, Alejandro Wolf-Yadlin, et al. in preparation.



Standard ways to
make sense of “omic” data

* Look for correlations

Cannot distinguish direct from indirect effects
e Compare to known pathways

Even best-studied ones are mostly unannotated
* Find overlap among different data types

Overlap Is often less than
expected at random
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For 156 perturbations:

Genetic Data Enriched for:

eTranscriptional regulation
<> eSignal transduction
Expression Data Enriched for:
Metabolic Processes
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Genetic Data
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Approach

Interactome

Map data onto a network
of known interactions.
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Step 1
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Interactome

Experimental hits

PN ENO1 FRK INSR  CTTH  MAPKIMAPKIEFNB1

RBCK1 GIT1 BCAR1 ACP1 CCDCSH50 TNS3 PIKIR1STAMZ

Naive methods

STAM PTPRA PTHK2 CBL EGFR EP;H EFEB'I ng
PLEKHAS PTPN11 ANXA2 PTPM18 SKT  GSKIBINPPL1 SHC1

S5TAT3 ERBBZ CTNND1 PLCG1ARHGEFS AHCYL1 CAV1 PHP3

PRPF4B  RIN1

* Not all hits are real
* Not all edges are real
* Not all edges are known
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Approach
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Lesson 1: F=leim

Network models make
sense of diverse data.

Lesson 2:
Hairballs do not!

Advanced network
algorithms needed.
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(O terminals

@ no data

Avoiding False Positives

Trying to
connect all
the datais
not
necessarily
the right
approach
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Prize-collecting Steiner Tree

Method accounts for variable reliablility of interactions and omic data

@ Does the
@ node penalty
" justify the

O . ’ edge costs?
0:0

(O phosphoprotein A\ T M target gene @ no data

> ppenalty(v)H > cost(e)
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Nalve Methods

« >2,500 nearest neighbors of
phosphoproteins

=- + >4,500 nearest neighbors of
phosphoproteins
+transcription factors
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Linking Proteomic and Transcriptional Data through the Interactome and Epigenome Reveals a Map of Oncogene-induced Signaling
PLoS Comput Biol 9(2): €1002887. doi:10.1371/journal.pchi.1002887
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Revealing disease-associated pathways by network
integration of untargeted metabolomics
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Metabolomics
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Robustness
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Huntington’s Disease

polyQ tr\ack HTT
Expanded CAG repeat Mc protein
|

in gene for Huntingtin

translation
5'- CAGCAGCAGCAG -3’ Healthy Htt gene
(10-26 repeats)
Exon |
5'- CAGCAGCAG ... CAGCAGCAGCAGCAG -3’
. Exon | HD gene
Neurodegeneration (37-80 repeats)

Harvard Brain Tissue
Resource Center

cognitive decline, psychiatric disturbance, chorea,
dystonia
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Lipidomics and

Phosphoproteomics

Wild type: 7 repeats of (CAG)
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Value of multi-omics

Lipidomics Proteomics

number of hidden nodes
found
using indicated data




PIUMet identifies changes in sphingolipid metabolism

D Significantly up-regulated in diseased cells | | I Edge score A Metabolite peak (disease feature)
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Sphingolipid changes experimentally verified

Normalized quantity
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PIUMet identifies a potential therapeutic strategy

} GILENYA
(fingolimod)
capsules

r 085 mg

Sphingosine-1-phosphate

— 4
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Inhibiting SPL enzyme protects neurons

in rat brain slice culture
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N
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Novel Pathways

Fatty Acids

istancyl

m/ 24 m/ 36/ 34

1
u Significantly up-regulated in diseased cells | | | Edge score A Metabolite peak (disease feature)
D Significantly down-regulated in diseased ceIIsOOO Node score - Hidden metabolite O Hidden protein




Steroids

& Y
HMG CoA

_ / scpz ;

HMGCSZ\ /
?~Dehydrocholesterol /

R ofeRe

Novel Pathways

e DHCR7 encodes an
enzyme that catalyzes the
last step of cholesterol
biosynthesis.

A mutation in this gene
caused Smith-Lemli-Opitz
syndrome, leading to

, mental retardation.
TR e e Cholesterol biosynthesis is

> £ dysregulated in HD.

U Significantly up-regulated in diseased cells | | | Edge score A Metabolite peak (disease feature)

D Significantly down-regulated in diseased ceIIsOOO Node score |8 Hidden metabolite O Hidden protein



Novel Pathways

Steroids
STHdh Q7 STHdh Q111
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==
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0.9

-lrién-3beta-ol

0.6

Relative quantity to Actin

n Significantly up-regulated in diseased cells | | | Edge score A Metabolite peak (disease feature)
D Significantly down-regulated in diseased ceIIsOOO Node score - Hidden metabolite O Hidden protein



Novel Pathways

EPA and DHGLA
are essential fatty
acids

EPA tends to be
neuroprotective
in other systems
and is in clinical
trials for HD.

dihomao-gamma-linolenic
(n-6)

Fatty Acids

trans-Dodec-2-enoic
acid

(R}-SJH?W” xyoctanoic

acidJ
m/ 8%.15

D Significantly up-regulated in diseased cells | | I
D Significantly down-regulated in diseased ceIIsOOO Node score - Hidden metabolite O Hidden protein

Edge score A Metabolite peak (disease feature)




Novel Pathways
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ALS: Fatal and poorly understood

e Progressive

— Normally begins with mild symptoms
and gradually affects most skeletal
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— Patients lose the ability to perform
vital functions, such as eating and

breathing, resulting in death
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Induced pluripotent stem cells
provide personal models of disease
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Mult-omic differences between
c90RF72 ALS and Control iMNs
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Low Overlap in Our Data, as Expected

RNA-seq Proteomics )
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Low Overlap, but Common Pathways

RNA-seq Proteomics
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Network Integration
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Causes for 85% of ALS
still not known

95% of Patients:

Familial ALS Sporadic ALS
FUS TARDBP FUS TARDBP
L / on ’ P s0p"
OPTN, VCP,
/ SQSTM1, PFNT,
( UBQLN2

OPTN, VCP,
SQSTM1, PFN1,
UBQLNZ

32% 89%
Unknown Unknown

State of play in amyotrophic lateral sclerosis genetics
Nature Neuroscience 17,17-23 (2014)
doi:10.1038/nn.3584




How many types of ALS are there?
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The engineering design cycle could
discover cures for ALS
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The future

Rapid discovery of therapeutics
through closed-loop design

Integration of
clinical research, biological engineering
and Al
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