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Multi-omics driven systematic approaches to

understand cancer complexity.
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-omics: -ome & EHol= SHE

"The suffix -ome as used in molecular biology refers to a totality of some sort”
"EXHEZ S0 M FO|AF —ome 2 O{H BF 2| XA E olO|etCt

Genomics

...........

5

&

¥

R

Nature Reviews | Genetics

DONOR 1
R a a

EBulk tissue gene expression for TPS3 (ENSGO0000141510.16)
Dista Source: GTEx Analysia Relaasa V8 (db0aP Accassion ph0024 v )
Diata processing and nomakzation

Ay susser e | Ser scue Lo [0

K

WA I I A St e o R N S S S A M AR S S SN SN
o R A S R A A A R A AR S eS| SaN . ~
Y TRITINSNRTS W =™

[BEEROAD o621 tront matnsn of T s it




Clinical Proteomic Technology Assessment for Cancer (CPTAC)

CPTAC
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The cancer genome atlas (TCGA)
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Supervised Learning
(Classification Algorithm)
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Transcriptomic data
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Multi-omics datasets
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Non-Negative Matrix Factorization (NMF) clustering
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Milestone papers of multiomics study in lung cancer (2020): proteogenomics
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NMF-based unsupervised “multiomics clustering”:
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#Scatterplots of cophosphorylatien™
#EGFR activating mutations  within the EGFR-MEK-ERK-akis
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KRAS: mi Foao. = . = 46-05 00 0510 15
; missense Del19 LB58R WT EGFR_pY1197
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p=0.000s [N 1 LAMBA protein 05 £
1.0 - -
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#Possibly through increased stability

“Although the impact of mutations in EGFR protein abundance was not
conclusive, EGFR activating mutations correlated with increased phosphoulatlon
of $1064 and Y1197, reflecting the activation of mutated EGFR in the patients. *

Cell. 182, 226-244 (2020)
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FUX S22 & U, CNA-mRNA-protein TF & 2HEHA| 7} & 9| I:I-_?_l:

#Significant positive and negative correlations
indicated in red and green, respectively.

CNA-RNA CNA-Proteome
# Gene A ---proteome--- Mean=0.18  Mean = 0.49 > i M X] -
Gene A ---transcriptome---- Median =0.15 Median = 0.53 g 2
e e
20 11, g H
.2  NAT Tumor - : -z
5% ; 8% z =
15|52 ® § 2 e
D = © £
z |g8 E 8 54 s
.ol oF g 3 3
g0 23 28 « .
o BE BE
[ = - -
a2 8.2 '
05| 32 E 2
rE 8% g
o™ @ '
0.0 g
0.
-0.5 0.0 0.5 1.0
Spearman’s Correlation
1 2 3 45678 91011121314 161820 XY 1 2 3 45 67 8910112131415 171921 XY
Chromosome position Chromosome position

"CNA correlations were broadly comparable but considerably
dampened at the levels of proteins and PTMs"
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Changes of a layer of one omics do not always transfer into other Iayer:." 3
Complexity in regulating expression of RNA and protein

7

Trans-omics

~
Genome

QO

Transcriptome

Proteome

Metabolome

»Wm.

Genome Biology. 18, 83 (2017)
Trend's in Biotechnology. 34, 276-290 (2016)
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Summary
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Multi-omics data for systems biology in cell systems

b o DA st

—— Protein Interactome network
s MRNA Synthesis

55 Transcriptional regulatory network

% External mature mRNA not included
in co-expression network

Anim Cells Syst. 30, 1-7 (2020)
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Interactome network

Literature Systematic
small-scale proteome-scale
7 databases Y2H screen
sssssss MO N cenes
v v
Recuration and Orthogonal
benchmarking “” “> validation
v 3 binary v
~11,000 assays ~14,000
high-quality high-quality

interactions

interactions

Expanding the
cancer landscape

Interactome
space ordered
by number of
publications

Mission

At the Center for Cancer Systems Biology at Dana-farber
Cancer Institute ol porwise combimations of humen

%A map has been generated. The entirety of o
interaction identified in syviemetic screens a1 CCSB forms

M-uron

Qe

The Human Reference Interactome

Literature Benchmark

PROTEINS INTERACTIONS

11600 76563

Q
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Signaling network
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Inter tumor heterogeneity

Sample 2

@  Differentially expressed miRNA
@ oifterentially methylated gene Global gene
ranking list
. Genetically aberrant genes
——

. Mediator genes Robust aggregation of

per sample ranked gene
@ oifferentially expressed genes lists

AAAAAAAA >

Network interactions not used
by diffusion
« = =3 Directionality of network diffusion

——  Network interactions used by
d

Network-based Integration of Multi-omics Data (NetlCS) for prioritizing cancer

The final scores for all genes are computed as the Hadamard
product

E=Ey°Ep. (7

“The vector E determines the mediator effect for each gene.

A large entry in Ey, at position i means that gene i is proximal
to many upstream-located aberrant genes or miRNA, and a
large entry in Ej at position i means that gene i is proximal
to many downstream-located differentially expressed genes.”

Bioinformatics. 34, 2447-2448 (2018)

21

Prediction of known cancer genes

Uterine Corpus Endometrial Carcinoma

#Pool 1dir, 2dir: small directionality effect, no mediator effec
#Aberr Fr.: ranking by frequency of aberrant genes across all sam

#RNA DE Fr.: ranking by frequency of differentially expressed genes a

n=50 n=100
W = Missanse mutation
* A = Trunceling mutasion
0.15
—
g 0.10 1
:
0.05 —— —_—
R V—
- e e AT gt e g o, L s
{‘9 \&1. “‘»j. « & \5‘9 \33. ‘L&‘ & AB1 i
& & & & &
Liver Hepatocellular Carcinoma

22
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VIPER: virtual inference of protein activity by enriched regulon analys

Protein activity 582 AgH o 2L HESX O 2LF ZHSt7| 0 ofHLL

c

a b Conditions Interaction

ﬁ

Tramcﬂptbnl J
‘ RNA
Translationl Protein

degradation
Inactive. —

protein
Proteomics Post-translational
modification

RNA decay
[——1

Trar

Subcellular
localization

Cofactor
VIPER

Active protein

\ ¥\
Protein's /™. ¥/ N/ T /NS
" reguon AN\ NS

3 Downstream direct or indirect

- trancriptional w//

VIPER inferred loss of protein activity following RNA interference (RNAi)-mediated s

RNAi dataE test dataZ 50§ VIPERS| protein activity inference 85 A& =&

BIOLOGICAL STATE REFERENCE DATABASE CONNECTIONS e
gémﬁg (PROFILES) 100 -
(o3 ~ oo} =
- g
o
l - up v ER-T
eI i 2
ST e >’ s> ‘= 94
E . Query  —
- : 100 -
down = =
(_~ = = 90
= = k=]
e v =
strong null (%' 80 -
positi
70 A
Table 2 Benchmark experiments
Cell line Knockdown gene Technology Replicates  Profile platform DEG® at P< 0.01
P3HR1 (lymphoma) MEFZEB shRMAP 5 HG-U95Av2 960
ST486 (lymphoma) FOxXM1 shRNAD 3 HG-U95Av2 276
MYE shRNAD 3 HG-U95Av2 469
OCI-Ly7 (lymphoma) BCLG siRNA® 3 HG-U133p2 646
Pfeiffer (lymphoma) BCLG siRNA® 3 HG-U133p2 1,311
SNB19 (glioma) STAT3 siRNA® & Illumina HT12v3 501
*Differentially expressed genes. ®Shart hairpin RNA. <Small interfering RNA.
I =0, .
S e 7 24
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Context-specific network AH& 0| protein activity inference0fl 58

b

Interaction

TF: MEF28 FOXM1 MYB BCL6 BCL6 STAT3
a Cellline: P3HR1 ST486 ST486 Ly7 Pleiffler SNB19

B cell GBM

" HChEA

W ARACNe
msVIPER

~ ENCODE
& Ingenuity-overlap
W Ingenuity-activation

25

Summary

#Multiomics system 0| = CtFot £2| 8l network 7t = XY

#0| 4 S multiomics A 0f| {EH X-&SHX| = case-dependent

#Multiomics Off LAY = A =5t £ M S system 7|BtO| MO 2 O|sfist = /U S

#2847 DOl S BHE F440] F9 (O omics B0|E{0] OfH network 7|HH0| 8142 BX| 5)

26
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Predicting drug response
[
’ frontiers

in Bioinformatics | Network Bioinformatics

ARTICLES

< Articles

ORIGINAL RESEARCH article m
Front. Bioinform., 29 April 2021 | https://doi.org/10.3389/fbinf. 2021639349 u:.&m’

Predicting Anticancer Drug Response With
Deep Learning Constrained by Signaling
Pathways

Yixin Chen* and F

ai Li2s*

!Department of Computer Science, Washington University in St. Louis. St. Louis, MO, United States

2|nstitute for Informatics. Washington University School of Medicine. St. Louis, MO, United States

3Department of Pediatrics, Washington University School of Medicine, Washington University in St. Louis. St. Louis, MO,
United States

27

Model for mechanism of response (MoR) of cancer drugs

#9F= O] B2 1} multiomics feature 7+ =X SH= the mechanism of response; MoR = O 2 S &st0] O[slist7| O 22

#0| A7 0JA = omics feature 2| =5 Z0|HA model & siA5H7| 7| BHS7] RABH 46 O{7HX| 2] LM U=
biologica way S AFE310] anti cancer-drug response £ 0|5 5H= deep learning model & 7152

#0| model Ol M= individual gene 2| multiomics data (gene expression, copy number variation, etc..) 7} 5tLt2|
feature 2 St

#1,000 1712 cancer cell line Off CHSt multiomics data 7t 4= Broad Institute cancer cell line encyclopedia
database 2 5 St cancer cell line O CH® drug respo 2t = enomics of drug sensitivity in cancer

t@ih_ database £ AFE
5}0] feature integration 2 4=3ist 2 20| m‘etwork mode
)

#Biological pathway S At
gene feature £ 2t2f AF80h ECf L2 452 EY

#EESH model S SiA15t0f anticancer drug response O &

-14 -



Cancer Cell Line Encyclopedia (CCLE)
#Cancer cell line 2 21t QI &FE &S Y=ot O A = biomarker & B7t5t= O 52

#CCLE database: 1,000 0471 2| cancer cell line Of CH$F multiomics data 24t 81 &

Mutations Copy DNA mANA Alternative Chromatin  Protein 2

Cancer type Fusions number methylation expression ¥ splicing miRNA  profiling (RP?:A) %35
= L i [ PR G

(il

!
;

Bl ls=E

enrchment of cancer colls
5 5 d———m Sty

29

The Genomics of Drug Sensitivity in Cancer (GDSC)
#GDSC database: CCLE 2] 1,000 O{7H cancer cell lines Ofl CH5F0] 100 Of7 2F= 5! otelE A 2|0f CHet Bh& ClOfH A4k St
#0|= 2f = US4 1t genetic biomarker AFO[2] SIS X|X| 42 ARt S AT5H7| fldh &=

#NCI-ALMANAC drug combination database: 100 0171 2| 2f22| 5,000 H7§2| &S 60 A7H2| cancer cell line 0| X 2|3t Bt
Al

OOl Ef 4 8l 37
y High-throughput drug sensitivity profiling N
u::u“ ;m. 2 ‘ “"’“"’ """"Y -
A imwl -
GDSC 1000 cell line collection l § = |
oo l

Drug J 4
-

Therapeutic biomarker discovery ]

* Patient biopsies P "

. P ive g ic characterization
* Pre-Rx and post-resistance l ——

Exome sequencing

SNP6.0 copy number

Baseline gene expression
Genome wide DNA methylation

Curent Opinion in Genetics & Development

30
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consDeepSignaling

#E5F model O] O£ =0 7|5t £+ 2 signaling pathway =F 2 2 &fj 4|

N
02
o

VCAM-1

HGF  SPARC
upn @ @

Cancer cell

NRATAN

nl
18]

TR
ITRTETaTATATATATATI

= Y22| gene/protein AHO]2] signaling cascade =& 2| O|SHE
]

31

ConsDeepSignaling deep learning architecture

Identify features of  Incorporating gene-
each gene by mask  pathway interaction
matrix Cyg mask matrix Cgp

‘ #929 genes ‘

#46 pathways

Gene Expression on Cp
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Model evaluation
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Machine learning of multiomics data
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Multi-platform profiling of tumor biopsies
Clinical work flow and data acquisition Prediction of response to neoadjuvant therapies
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Feature selection based on the association with clinical phenotypes
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Summary
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