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Proteogenomic analysis of human cancer
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Curriculum Vitae

Speaker Name: Jinhyuk Bhin, Ph.D.

» Personal Info

Name Jinhyuk Bhin
Title Assistant Professor
Affiliation Yonsei University College of Medicine

» Contact Information
Address 20, Eonju-ro 63-gil, Gangnam-gu, Seoul, Republic of Korea

Email jbhin@yuhs.ac
Phone Number  02-2019-5470

Research Interest

Oncogenomics, Proteogenomics, single cell and spatial transcriptomics
Educational Experience
2010 B.S. in Chemical Engineering, Sungkyunkwan University, Korea

2016 Ph.D. in Bioinformatics & Systems Biology, POSTECH, Korea

Professional Experience

2016-2016 Postdoc, Institute for Basic Science, DGIST, Korea
2017-2022 Postdoc, Netherlands Cancer Institute, The Netherlands
2023- Assistant Professor, Yonsei University College of Medicine

Selected Publications (5 maximum)

1. Bhin J* Yemelyanenko J* et al, MYC is a clinically significant driver of mTOR inhibitor
resistance in breast cancer, Journal of Experimental Medicine. 2023 Nov;220(1):e20211743

2. Bhin J* Dias.M* et al, Multi-omics analysis reveals distinct non-reversion mechanisms of
PARPi resistance in BRCA1- versus BRCA2-deficient mammary tumors, Cell Reports. 2023 May;
42(5):112538.

3. Zingg D* Bhin J* et al, Truncated FGFR2 is a clinically actionable oncogene in multiple
cancers, Nature. 2022 Aug;608(7923):609-617.

4. Moon D* Bhin J* et al, Proteogenomic characterization of human early-onset gastric cancer,
Cancer Cell. 2019 Jan 14;35(1):111-124.e10.

5. Bin B* Bhin J* et al, Requirement of zinc transporter ZIP10 for epidermal development:
Implication of the ZIP10-p63 axis in epithelial homeostasis, Proc Natl Acad Sci U S A. 2017
Nov 14;114(46):12243-12248.
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Genome Transcriptome Proteome

~20-25,000 genes - - - ——-—-———_ »  ~100,000 transcripts s === ——————3 >1,000,000 proteins
Alternative promoters Post-translational

Alternative splicing modifications
mRNA editing

Protein

Beplication

1

KMICHE 7| MEE A
Next generation sequencing

X|aEE M 7|

O = 1

Mass-spectrometry

Genomics Proteomics
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F (Proteogenomics)

»Replicay
KMICHE 7| MEEA HEYEMT|
Next generation sequencing Mass-spectrometry

Fina Genomics Proteomics
(XA (SHE A S

Genomics Transcriptomics Metabolomics
Epigenetics Proteomics Phenomics

A multi-omics approach is needed to understand
complex biological systems

https://arimagenomics.com




Genome remains the same but proteome changes

DNA - tells what possibly
RNA — tells what probably

Proteins — tells what actually happens

|oli ol OF o}=7}2

Cell Factory

‘ To be functional in a cell
/ - Folding

- Post-translational modification

- Transport

- Assembly into complexes

- Quality control

Proteins are the workers inside your cells

ids.frontiersin.org
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Post-translational modification (PTM)
: chemical modification of a protein after translation is complete, essential for
its functionality

DNA

Transcription

Structure funetion Activity

m Location Interactions
mRNA \ /
T S R

Translation

Post-translational
modifications
[—

mRNA

o ’d' Hydroxylation Ribosome Phosphorylation Q
Attaches a hydrox| group Adds a phosphate to
(-OH) to a side chain serine, threoonine, "

of a protein or tyrosine

A Methylation Glycosylation —@

Adds a methyl group, Attaches a .SU?OI',“ 3
usually at lysine or usually an “N” or “O

arginine residues "'-\ an Oﬂ"ﬂno acid
side chain

Protein
Ubiquitination
Adds ubiquitin to lysine
residue of a target protein

e Gl i Lipidation
Attaches a lipid, such
as a fatty acid, to a

protein chain for degradation
@ Acetylation SUMOylation @
Adds an acetyl group to = Adds a small protein,
an N-terminus of a protein A SUMO (small ubiquitin-like
or at lysine residues Disulfide Bond modifier), to a target protein
Covalently links the “S”
atoms of two different Measured by mass
cysteine residues spectrometry for
https://www.genengnews.com/ proteogenomic research




s vy s =

* Phosphorylation

- addition of a phosphate group to an amino acid, commonly serine (86.4%), i

threonine (11.8%), or tyrosin (1.8%)

- key regulatory mechanism in
many cellular processes, including

cell cycle, signal transduction

pathway, and metabolic

regulation

~_—— Transcription Factors

e —
= -MYC, SREBP, HIF-1a | c-MYe, ELK1, NFKB, Cyclin D s |
vy, PP T - “E i DT . T

AT

T T D T AT T AT T,
o # | 18 ! 14
! | I

* Glycosylation

- attachment of sugar moieties to proteins, typically at asparagine (N-linked) or i
serine/threonine (O-linked) residue
- cell-cell recognition, immune response, signaling pathway

* Acetylation

- addition of an acetyl group to the lysine residue of proteins

- gene expression regulation by modifying histone, chromatin structure
* Ubiquitination
- attachment of ubiquitin (a small regulatory protein) to lysine residue

- cell cycle control, DNA repair, immune response

L 1im




Cancer is a genetic disease, caused by changes in genes

The Cancer Genome Atlas (TCGA)
- started in 2006 and ended in 2013, by NCI

- to identify unique and reproducible genomic
differences that exist among patients and determine
whether these differences could lead to the

development of individual treatment

Fo| ey U AT

Heredity

O

that control the way cells grow and multiply Wi

- to catalog genetic mutations responsible for cancer

.20
-0

79
NATIONAL CANCER INSTITUTE
THE CANCER GENOME ATLAS

TCGA BY THE NUMBERS

TCGA produced over

2.5

PETABYTES

of data

To put this into perspective, 1 petabyte of data
1s equal to

212, oo

DVDs

Eey.oay

TCGA data describes .including

$A33 10

DIFFERENT RARE
TUMORTYPES  CANCERS

..based on paired tumor and normal tissue sets
collected from

m 11,000

PATIENTS

..using

DIFFERENT
DATATYPES




CIN
= Intestinal histology
* TP53 mutation
* RTK-RAS activation

EBV
*PIK3CA mutation
* PD-L1/2 overexpression
* EBV-CIMP
* CDKNZ2A silencing
* Immune cell signalling

MSI
* Hypermutation
* Gastric-CIMP
* MLH1 silencing
= Mitotic pathways

GS
« Diffuse histology
*CDH1, RHOA mutations
* CLDN18-ARHGAP fusion
* Cell adhesion

TCGA, 2014, Nature (Gastric cancer)

www.cancer.gov

FolEgay gAT

TRADITIONAL MEDICINE: SAME TREATMENT FOR ALL
Cancer patients with e.g. colon cancer receive the same therapy even though they have

different biomarkers
II ’—-_',J Effect

L4 (_?? =  —— nNoaffect
INNOVATIVE MEDICINE: PERSONALISED MEDICINE

‘—\—'\\ Adverse effects
Cancer patients with e.g. colon cancer receive a personalised therapy based on their biomarkers

The results will
The patients determine the best
are Bi k for each
and analysed  disgnostics  patient
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However, mutational profiling alone cannot guarantee accurate predictions
about the quantity or activity of the proteins affected by driver mutations

Different responses to BRAF inhibitor Vemurafenib |
among patients with BRAF V600 mutations 3

A NSCLC Cohort
1004
80
601
40
20+
0
-204
-40-
-60]
-80]
-100-

Target Tumor Diameter Sum
(percent change from baseline)

B Colorectal Cancer Cohort
1004
80
60
40-
204
04
~204
~40-
-60-

Target Tumor Diameter Sum
(percent change from baseline)

Aol EeY -y

Need to meaningfully interpret the contribution of genomic features to a
specific patient’s tumor biology

Need to have a more complete and precise picture of molecular pathology
RNA expression levels are often poor predictors of actual protein levels

Oncogenic/cancer-driving signalings are usually mediated by PTM

o 4 o

] Protein"]«:;~
Need to incorporate Trm
proteomic information

- 10 -
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ANALYSIS CONSORTIUM
From 2011, by NCI

nature

- K - v  Subscrine

| 22412

CPTAC

CLINICAL PROTEOMIC TUMOR

Flagship papers from CPTAC

nature

Explore content ~  About the journal v Publish withus v Subseribe

matue » arlicles » article

articts | Bublshad: 20 Juty 2014
Proteogenomic characterization of human colon and
rectal cancer

Bing Zhara. Ano Wang. Xaciing Wang. Jing Zhu, O Liu, Zhiao Shi. Matthew C. Chambers, Lisa .
Zimmerman, Kent F. Shacdas, Sangiae Kim, Sherri &, Davies, Sean Wang. Pei Wang, Chisiconer B,
Kinginger, Rober! C. Rivers, Henry Rodriguel, R Reid Townsend, Matihes .. C. Ellis, Steven A Carr.
Dawvid L. Tabi, Hobert J. Coffey, Robbert J. €. Siebos, Daniel . Lisbier & & the NCI CPTAC

Colorectal cancer
(Nature, 2014)

ratune > aticies > sl

Artich | Published: 25 May 2016

Proteogenomics connects somatic mutations to
signalling in breast cancer

Philge Mecing =, 0.8, Mani, Kally V. Busgbes, Michasl A, Gllute, Karl B, Clauses, Pai Wans, Xiaolong
Wang, Jana W, Giag, Song Cao, Francesca Petraka, Emily Kawaler, Filp Mundt, Karsten Krug, Zhidong
T, Jorathan T, Les, Michael L Gatza, Magihenw Wikerson, Chacles M, Paroy, Yenkats Yelapantuls,
Kuan=lin Huang, Chanvel Lin, Michae! D. McLellan, Fing Yan, Sherr R. Divies, NCI CPTAC

Breast cancer
(Nature, 2016)

Tha sl Joumals  Pubih  NewsBeverts  Aboud

&, Dowrlond Fil e

Integrated Proteogenomic Characterization of Human
High-Grade Serous Ovarian Cancer

Ovarian cancer
(Cell, 2016)

ANALYSIS CONSORTIUM
From 2011, by NCI

CPTAC

CLINICAL PROTEOMIC TUMOR

WXS
WGS
Methylation

NN RNAseq
Proteome
Phosphoproteome

-11 -




Thajumsl  Jouma  Piah  News & ot Abot

----- :

Proteogenomic Characterization of Human Early-Onset
Gastric Cancer

Gastric cancer, 2019

Cancer [ z

e

Explore content ~  About the journal ~  Publish with us ~ Subucribe
- THume  doumss  Pbish  NewsBewnts  About

fsture * naturs cancer ¥ resources ¥ article

fAespurce | Pubkshed. 22 December 2022 il
Integrated proteogenomic characterization of

Proteogenomic landscape of human pancreatic ductal glioblastoma evolu

d arcinoma in an Asian populationreveals tumor
cell-enriched and immune-rich subtypes
Da.Young Hrecn, Donoen Ham, Yowungmin Han, Quk Kl Kim, Gibeem Kim, Daeun Kim, Jog S,
Seunghoan Back, Dong-Gi Mun, inamid Hasan Madar, Mangvects Lee. Si-Jin Kim, Hokeun Kim.
Sanuyeon Hun, Chang Aok Kim, Soon Ah Chol, Yooy fyoul Km, Jubes Joong, Susun Jeon, Yeon
Wige Chag, Kyung Sun Lee. Wiell Koo, Stunahsuk Chi, Taswan Goo, — Sioa-Honkes =

Pancreatic cancer, 2022 Glioblastoma, 2024

-12 -
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‘——‘ AnaIYSiS &

Mass Spectrometry Visualization
|' ] | FDR Estimation

NextGen Sequencing MS/MS Data

‘ =
6 frame
translation
Genoime — U.

3 frame ~Q A
Transcriptome % ‘ Proteogenomic

Search Database Search

Raj et al., 2023, J.Proteins and Proteomics

7| o |:| |_?' workflow
ic and transcriptomic analyses

STEP ); STEP 2:
Extraction Library egmentaton
Prep

A -, >oX
=== ™

STEP 3: STEP 4:
Sequencing Analysis

- - [ -
s _=_

NextGen Sequencing

¥

Genome ‘ Somatic mutations (SNVs, INDEL — vcf/maf format)
- Gene expression (read count matrix
Transcriptome ‘ Gene fu .fi on ( )

- 13 -



HF oF A1 workflow
try for proteomic analyses

Biological Samples 5
Mass Spectrometry

Proteins Peptides

@ Extraction Digestion - Separation

(usually usmg .
trypsin)

—

NWCHSHTI?CE SAWQ‘]}?C HSHTWGHSHTWPPFW

ltrypsin digest

N PCHSHTK N X ¥ ¥  IPPFFW

B ECESAWK PCHSHTK PCHSHTE Nf VWK

HE OF & o1 \yorkflow
try for proteomic analyses

S isolation;
protease % ol fragmentatlon
<\
(sample (ms:de mass

A\ preparation) Y, spectrometer) % "

TSRO RR peptides fragment ions
ST
@ liquid | mass mass
proteome chromatography; | spectrometry spectrometry
MS IVIS/ MS
“y \ %
IR 4] ||
proteinrelative | peptide intensities fragmentm/zvalues

abundances |

protein identities | «———— peptide sequences <

Shuken, 2023, J.Proteome Res

-14 -



HF oF A1 workflow
ry for proteomic analyses

L“% isolation; g
protease 1A fragmentation |& X "
(sample (inside mass
preparation) ey, spectrometer) % "
@ .'~ G} peptides fragmentions
liquid | mass mass
proteome chromatography; | spectrometry spectrometry
1
MS MS/MS
C((% "
‘ \ ¥ ‘» X
m/z
i r:;:l:;:'l:l::e <«—— peptide intensities fragment m/z values
|
protein identities | «————— peptide sequences < |
Shuken, 2023, J.Proteome Res

HE OF & o1 \yorkflow
ry for proteomic analyses

Peptide sequence identification

Reference protein

sequence database peptide seq. theoretical spectra peptide scores
g e YSVATAER "| Wil 1) YSFVATAER 34 —
HETSINGK in silico [_‘_J_l______._._ scoring . 2) YSFVSAIR 12

" MILQEESTVYYR MS/MS -| \ . function 3) FFLIGGGGK 12
SEFASTPINK “] |l

protein inference .

MS/MS

1 1 .._.L..I__...:_L_iL-l:‘J_: bl

experimental spectra

- 15 -



HE OF A1 workflow

try for proteomic analyses

* Peptide identification in tumor samples is incomplete!

1

- A typical method to identify peptide sequences from MS/MS scans relies on
known protein sequences (wild-type) in reference proteome database {"u

- tumor samples contain many mutations, novel splice junctions, and novel

protein-coding regions, resulting in novel peptide sequences

- experimental MS/MS scans cannot match theoretical spectra due to shifts in

SCan pea ks Reference;;:tsir;e peptide seq. theoretical spectra peptide scores
. : uTIRE ® 1) YSFVATAER 34 —

YSVATAER

1 silico  WETSINGK in silico scaring 2) YSFVSA|R 12
figest MUEBEVYR pMicnvis function 3) FFLIGGGGK 12
SEFASTPINK

_ %

protein inference

8t OF A 1 workflow
try for proteomic analyses

Peptide sequence identification

Shifted MS/MS

TRUN D) 3 R,

experimental spectra

N

Customized (sample-
specific) protein
sequence databas peptide seq. theoretical spectra peptide scores
ot oo i YSVATAER 1
” LI 1) YSFVATAER 34 —
e insilico HETSINGK in silico L ) scoring 2) YSFVSAIR 12
B v digest e Al MS/MS ' -I___J_L__, function 3) FFLIGGGGK 12
et SEFASTPINK UL
protein inference
Reference gene/genome .
== EEa= == MS/MS
| ’: [ = ] -"--_ . L_ L ‘__*-l:‘J--r I
Original Protein *Tﬂlﬂﬂlﬂtﬂ : Varlant Protein ‘Translsln T
e ——= -
FASTA Sequence E Varlant FASTA Sequence experime ntal spe ctra

- 16 -



5 QF A1 workflow
try for proteomic analyses

Building customized protein sequence database
[i Aligned by TopHat (" Emsembi7 ) Aligned by Bowtie2 (j Em;
RNA-seq Le iptome | (2013 May)

= SNV calls (GATK, Mutect, & Strelka)
- Inde] calls (GATK & Dindel)
Unified DB

Customized Sequence Database

Park et al., Proteomics, 2014

Ht OF A1 workflow
try for proteomic analyses

VSTPNVSWWDLTCR
VVEELCTPEGK
ROFITH DLLLQWCWENGK
MS/MS spectra ECDVVSNTIIAEK
i
Map peptides to the genome -
e -I-—
Intergenic IncRNA Pseudogene
region gene Prote;r;:;dmg Y
Novel protein-coding \.\
locus 2
i ‘V 15 TR
Translation . Translati
Bl Alt splicing sft:;)'on
Exon 1 Exon 2 Exon 3
g Exon - I I P -
E Junction J L
[ 5 UTR|
3'UTR k=X
Alt junction
@ Exon boundary
3-
z Intron
Alt frame
. S= 1 51
L Nesvizhskii, Nature Methods, 2014

-17 -



HF oF A1 workflow
ry for proteomic analyses

A

Customized protein sequence database building

J | Proteomics
Ribosome profiling .LC'MS/ MS

Genomics
DNA sequencing

ESTs

A ||

Protein-level validation, gene model refinement

Nesvizhskii, Nature Methods, 2014

3k 2F 1 workflow
es of genomic and proteomic data

[ ® ® © O ® 0 0 ® 0 ® ® 00 6 0
N N N N N N N N N N N N NTNTNTNTNTN @ Tumor tissue
N Adjacent normal tissue
v v
Exome-seq RNA-soq M: based
DNA RNA Protein abundance PSP don &
Mutation-phosphorylation or mRNA-protein i ificati
glycosy! aﬂor? cowclatlon l1’:o|'rolatkm patient Integrated networks

mMRNA-survival
correlation

@ RNA
signatures
N —>
RNA1 RNA2
(Sub3-4) (Sub1-2)
e
\ rotein

H 3
: O AT W s SR e 8
s 8&:“
Enrichment analysis of singaling pathways v Pa\;t'eam
Proteins [+

b3  Sub4  Subl Sub2

signatures
Oncogene Tumor
suppressor
—
] Enrichment analysis of cellular pathways
]
i
Sul bl Sub2 Sut ub4
= I Pra olﬂemhve Iy y [ ¥
— High mRNA ex; AIogenE MEaeke vasve
'L -® &"Rmm Lo
Potential links between Ptmntlal om: enn and I;(‘y Network models for sul &n of
mutations and signaling pathways upp! nrty-onnt d iffu R,'S. GCs early-onset diffuse-ty|

Bhin and Mun et al., Cancer Cell, 2019

-18 -



Differential makers and enriched Gene—protein correlation

pathways for = cis correlations = Cancer-related proteins

¢ Clinical phenotypes = trans correlations = CT antigens

= SMG mutated samples ) = Specific to common driver
» Tumour subtypes Sample-level correlation gene mutations

Differential markers across multiple -omes

Novel molecular subtypes Immune landscape PTM effects of gene aberrations Proteogenomic effect of CNA
T — I I — Y — and DNA methylation
Multi-omic clustering to Use immune and/or stromal Impact of gene mutations, fusions T —
identify novel subtypes signatures to classify immune and alternative splicing on: Identify CNA and/or DNA
* Multi-omic markers hot, warm and/or cold tumours * Phosphoproteome methylation associated with
driving subtypes * Characterize immune groups * Acetylome coordinated cis regulation in
* Characterize subtypes using enriched pathways and * Ubiquitylome RNA, protein and PTM
| differential multi-omic features * Glycoproteome
| |
Association and enrichment analysis  CNA and RNA—plntein correlation Tumour vs NAT analysis Outlier analysis
. U E— N — e o B

Tumour vs NAT biomarkers

Identify outlier kinases
and phosphotases

= Across multiple -omes
* Associate with SMGs

= Determine druggability

Typical data used in analysis:

Phenotype = DNA B Methylation #5% RNA Bl miRNA S Proteome

Carr, Nature Review Cancer, 2022

1. Deciphering proteomic effects of genomic alterations
- measuring the correlation between different entities

a CNA-mRNA correlation b CNA-protein correlation

% 3
x -
o .
S k4 -
E= < - ] .
© H =
% :
B3 = ]
k4 H =
g o -3 £ —
g2 o RS : - &
o @ SR £ £ Ll
i " a =
; - i e -
s P ; ‘
- s 3
- e
~ I? = e
- = 5 =
F c» 4
480
€
§ 360
% 2 240, Specific < <
o8 <
s é 120 I
28 o Wk il ..‘ li ] } % K “‘k"_
2 Common
120

1 2 3 4 56 78910 1214161822? 1 2 3 4 5 6 7 8910 12 14 16182022 Y
113 15 171921 X 1113 15 171921 X

CNA location CNA location

Proteogenomic effect of CNA
and DNA methylation
|
Identify CNA and/or DNA
methylation associated with
coordinated cis regulation in
RNA, protein and PTM

Impact of chr20q amplification on
mMRNA and protein (trans-acting
CNN hotspot)

- potential cancer driver

Zhang, Nature, 2014 (Colorectal cancer)

- 19 -
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1. Deciphering proteomic effects of genomic alterations
- measuring the correlation between different entities

c Mutation-phosphorylation correlation D

CDH1 ARID1A RHOA & \Q'\v‘o\" Hog,.(p value)
(98 peps/87 genes) (284 peps/246 genes) (98 peps/86 genes) 00 v?‘ Q.‘(\

PTM effects of gene aberrations
ey TT TIT ] [ I} T T s = -

Msi__ 1T | [ i .
Gender [IE TN [T 10 AN Aclin cytoskeleton organization
|

Impact of gene mutations, fusions

Histology || 1 T 1 EGF-EGFR signaling pathway frll;li-' altel:natlv;e splicing on:
Mutaition Establishment of cell polarity . Ac::ﬁo?ﬁ;o Sl

Cell adhesion A Ubiquitylome
Regulation of CDC42 activity « Glycoproteome
RAS protein signal transduction

Regulation of autophagy

mTOR signaling pathway

ERBB signaling pathway

HIF1 signaling pathway

FOXO signaling pathway

Class | PI3K signaling mediated by AKT

WNT signaling p y

Hippo si

Mutation Histology =~ Gender MsI EBV MARi skineltig patioy

= Mut © Diffuse © Male = MSI-H = EBV+ of cell or p

WT = Intestinal = Female © MSS/MSI-L © EBV=- Cell motility
= Mixed Reaulati

o

log -fold-changes
)

@«

of vesicle di t

= Other

Bhin and Mun et al, Cancer Cell, 2019 (Gastric cancer)
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2. Redefining and characterizing cancer subtypes
- integrative clustering of transcriptomic and proteomic data

Total Mutation Count
77777 NMF subtype
ership score
:leesubtype membership Novel molecular subtypes
Smoking score (WES) | i
TSHatRunfy Multi-omic clustering to
Smoking score (WES) identify novel subtypes
g 05 = Multi-omic markers
P53 0 driving subtypes
i CIN «Ch i b
COKN2A aracterize subtypes
1 kMT20 10
ARIDIA
i ;
KEAPT 0 ' H
e Identification of novel subtype
! BRCA2 Gender
! suziz Female H H
(EMT-enriched) in lung
1 NOTCH1 B Male
i FGFR3 ACC3 fusion oo .
Sz ST Ethnicity squamous cell carcinoma
! SOX2_CNA M Asian
TP63_GISTIC . Black
L’;‘Zfi%'}‘;}m Ml Caucasian/White
NSD3_CNA Han
CDKN2A_CNA Slavic
NMF subtpe/ TCGA RNA cluster | Immune Cluster Gene Status NSD3/ . NA
INMF subtype core M Basal Hot tumor i P63/
(membership score > 0.5)| [ Classical B War; e = Wild-type  gox2 (:Jusnl:;-yaﬂa
Basal-inclusive Il Primitive M Cold tumor Mutant, _cha B Chi?\a
Classical I Secretory 4 H Oth
EMT-enriched I Unknown CNA  cimp i 2 ] polaer:d
Inflamed-Secretory Stager N -2 [l cIMP-high 0 Rideis
i Proliferative-Primitive ! Notavailable o cimMP-intermediate [ | > u Ukra'lne
Mi & i
ixed sublype W2 cmP-ow M UsA Satpathy et al, Cell, 2021
Not available M Vietnam (lung squamous cell carcinoma)
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2. Redefining and characterizing cancer subtypes
- integrative clustering of transcriptomic and proteomic data

RNA subtype: RNA1/2
Prot subtype: Prot1/2/3/4
Sub1 Sub2 Sub3 Sub4 Phos subtype: Phos1/2/3
clya Glyco subtype: Gly1/2/3

Sub1 and Sub2

Sub3 and Sub4

pStage | TEm Nl Sas el mai I8 1 &
C

Histology ~ MSI EBV  Gender pStage cc

[ Diffuse [CIMSS/MSI-L CONo [OMale [Stage!l mWCC1
Intestinal B MSI-H B Yes OFemale @Stage |l ECC2
W Mixed [ Stage Il @CC3
I Stage IV [OCC4

Novel molecular subtypes
N

Multi-omic clustering to

identify novel subtypes

* Multi-omic markers
driving subtypes

* Characterize subtypes

RNA subtypes can be further
divided based on proteomics data

Bhin and Mun et al, Cancer Cell, 2019 (Gastric cancer)

2. Redefining and characterizing cancer subtypes
- integrative clustering of transcriptomic and proteomic data

AR a2 o 2 dog fo value)

|
COMP.PKG sgnaiing pathway
G protein sgnaing patfresys
RAPY signaling patineey

g pahus 100
et Subtype 4:
okt Sttty Invasive/metastatic
- g
Call eyels &
s
T
I. b re .2
— 5
miRNA proce sy
oleoliiem ) Subtype 1: 7 -
Spliceosome - -
T e Proliferative 4
P=3.24x10%, HR=1.32
[Sub2 vs Subd: 1.34x10%, HR=161]
0% " . "
0 20 40 60
v Subtype 2: Time (months)
acaamioge e cO0 R | |[MMuUNogenic

Bhin and Mun et al, Cancer Cell, 2019 (Gastric cancer)
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3. Assessing tumor immunogenicity
- proteomic evidence for immune status and neoantigen prediction

Immune landscape
[ |
Use immune and/or stromal
DS Natwral Killr Gol signatures to classify immune
al ler s
Activated CDBA T Cells hot, warm apdf or cold tumours
Immature B Cells * Characterize immune groups
o prarton ® Cells using enriched pathways and
¥8 T Cells differential multi-omic features
® Activated CD4+ T Cells '
Effector Memory CD4+ T Cells
Neutrophils
@ Natural Killer T Cells
@ Central Memory CD8+ T Cells
Regulatory T Cells
MDSC

@ TMB-H/APM-H
TMB-H/APM-L

® o e e TMB-UAPM-H

e oosescsesTNOOROSS RS S TMB-LAPM-L
(X XX ]

Immune cells

Activated Dendritic Cells
@ Natural Killer Cells
® T Follicular Helper Cells
L] Effector Memory CD8+ T Cells
@ Type 1T Helper Cells
® Macrophages.
@ Central Memory CD4+ T Cells
@ Plasmacytoid Dendritic Cells
® IFNa
® IFNy
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"
§

A
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o
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~
I
=
&
I
=
=
o
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4 Immune subtypes in Endometrial carcinoma
ported by proteomics data

Dou et al, Cell, 2020 (Endometrial carcinoma)

Hf OF __I.I. = of
3. Assessing tumor immunogenicity
- proteomic evidence for immune status and neoantigen prediction

5
og, et por o) Illllmmmhlmmummu - o

P LE—

Immune landscape

I I ” T
Use immune and/or stromal
signatures to classify immune
hot, warm and/or cold tumours
* Characterize immune groups

using enriched pathways and
KIFgg I i 1 diﬂ'egrential mult‘.i’—omicfisatures
SPA17 | 1P 1 01 1 '
ATAD2 11 1 ]|
TSGA10 1rr 11 | 11l
POLE Subtype Histology Neoantigen Count
. Yes Endometrioid 0
Serous 1
MSI Status CT Antigen 2
[ MsI-H MPresent 3
MSS Not Present 24

~50% of samples have evidence for putative neoantigens
in endometrial carcinoma

Dou et al, Cell, 2020 (Endometrial carcinoma)
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4. mRNA-protein correlation
- identifying pathways showing high or low mRNA-protein correlation
- ; B
91.4% positive correlation
34.3% significant posmve correlation s 08
20r  mean=0.28 & CNA and RNA-protein correlation
> £g 04 - —
z» 1.5 o Gene—protein correlation
g %g 0.0 » cis correlations
210 E = trans correlations
= § -0.4 | i
s 8 ‘ Sample-level correlation
© 0.5 ‘ ”I IH” I I DNA replication
& l ’ I |, | [N | PPAR signaling
‘ Ml ‘ | f | | Arginine and proline metabolism
0.0 |||| | || I | fnan 1|1 Ubiquitin mediated proteolysis
i ol R ! |||"| '|I||T1 un u tllﬁfﬂllwhl L‘ | A s b

Spearman’s correlation coefficient

* In general, Pearson’s correlation coefficient between mRNA and protein
is 0.3-0.45 (~1/3 of genes show significant correlations)

* Genes in amino acid and fatty acid metabolism show good correlations
~ while genes in house keeping pathways show poor correlations

Bhin and Mun et al, Cancer Cell, 2019 (Gastric cancer)
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Identify outlier kinases
and phosphotases

= Across multiple -omes
* Associate with SMGs

5. Outlier anaIYSiS = Determine druggability
- identifying new potential therapeutic targets DNMT1: FDA-approved drug target
]

Genomic Subtype
Histologic Subtype
DDR Status

Phosphorylation levels of known DNA
damage response (DDR) markers
- DDR-low and DDR-high

IIII III 1 n 1l | 1

h
. 1ul L.II :l” [ IF ] |
TR

.I II III lI IIIIIII

’ . IR TR Ty e
. 2 - :II:III 1 l' ||.| |I|
e ! 1 owimy o i'-:

R W T
e o IlI",'J ”hl::'.:l

DDR group III II |III II IIJ Ill

| byt | lI NN
Bologic  BOR MAP2 IIII rl [ ] ]
hmw -ona-gn- ﬁgﬁu""wmm SMARCA4 1’1 1| |

H Spacific 1o Serous
B Common

Dou et al, Cell, 2020 (Endometrial carcinoma)

- 23 -



=

40
gal
rn
1E
=t
1o
Hi
1=
(113
IE
rhu
~
Mm
k>
=

1. Data access

2. Generation of customized protein sequence database
3. Multi-omics-based patient subtyping
4. Correlation analysis between different molecular entities

5. Neoantigen prediction
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1. Data access

Proteomics data from CPTAC and its partners: Proteomic Data Commons
https://proteomic.datacommons.cancer.gov/pdc/

= 124,827

ases by Major Primary site Cases by Disease Type
Acute Myelold Leukemia
Breast invasive Carcinoma
Bone Marrow | Cholangiocarcinoma

Brain Chromophobe Renal Cell Carcinoma

Breast Clear Cell Renal Cell Carcinoma

Colorectal

Colon Adenocarcinoma

Head and Neck Early Onset Gastric Cancer

L
o Glioblastoma
Head and Neck Squamous Cell Carcinoma
Hepatoceliular Carcinoma
Ovary

Lung Adenacarcinoma
Pancreas

Stomach [

Uterus Myelodysplastic Syndromes

Lung Squamous Cell Carcinoma

100 200 300 400 Noa-Clear Cell Renal Cell Carcinoma
Number of Cases
Oral Squamous Call Carcinoma
Other Loukamias

Ovarian Serous Cystadenocarcinoma

Pancreatic Ductal Adenocarcinoma
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1. Data access

Proteomics data from CPTAC and its partners: Proteomic Data Commons
https://proteomic.datacommons.cancer.gov/pdc/

AMNALYTICAL FRACTIONS DISEASE TYPES EXPERIMENT TYPES

Acetylome Label Free

T™MT10
Glycoproteome

TMTI1
srosproprrcone [ G

T™TE
el |
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Estly Daset Caitric Cances
Too

o
o
S
&
=3

60 80 L] 20 40 60 &0

Cases Casos

HAvallable files for data category

Disease Primary Analytical Experiment = | T T

Sty Project Program Cases# i
R Type Site Fraction Type R Processed M —, oM Protein Cuality
| Mass Spactra Agsembly Matrics

Broteogenom  Human Early-

icsof Gastric  Onset Gastric M: puiiooet Early Gnset
PDCOOD216  Concer- Cancer - Bk ! o | SSTIC Stomach T * jTRAQe 80 e 779 a 0 0 0
v Giycoeotea  Korea OB pncer
e 2 r & Comartium
Prateagenam  Human Early-
ez ol Gastric  Onsel Gastric :‘m"'ml Early Onset ot
Cancer - Cancer - o Gastric Stomach MRADA B0 780 780 4 1560 5 2
pore eConsortium T2
come University
Human Early-
Gy | i | L | Ot
Cancer - Gastric ‘Stomach Proteome TRAQH BO 1560 1560 4 3120 4 2
Cancer - Protecgenom .

Proteome FEEEY v Consortivm
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Reporter ion intensity - Log2Ratio - Unshared Peptides only

TR _log?_rati

1. Data access

= S5t

Genomics data from CPTAC: Genomic data commons
https://portal.gdc.cancer.gov/

NIH NATIONAL CANCER INSTITUTE
GDC Data Portal
Harmonized Cancer Datasets

Get Started! by Exploving:

0 Projects 28 Exploration

PROJECTS
79
FILES

[Yo86,114

& Analysis

LIUCLEN © Projects 44 Exploration 4+ Analysis & Rapoasitory

Genomic Data Commons Data Portal

B Repository

Q e.g. BRAF, Breast, TCGA-BLCA, TCGA-A5-A0G2

Data Portal Summary o fisiesse 39.0 - December 04, 2023

PRIMARY SITES CASES

& 69 & 44,451

GENES MUTATIONS

22,534 & 2,930,136

Q Quick Sesrch  Manage Sets ) Logl

Cases by Major Primary Site
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8 Summary ASES @
342 =]
The project has controlled access data which requires dbGaP Access. See instructions for Obtaining Access to Controlied Data.
Project ID CPTAC-2 FILES Y
dbGaP Study Accession phs000892 9,244
Project Name CPTAC-Breast, Colon, Ovary
Program CPTAC ANNOTATIONS 5
340 (&
Cases and File Counts by Data Category Cases and File Counts by Experimental Strategy
Data Category Cases (n=342) Files (n=8244)  Experimental Strategy Cases (n=342) Files (n=0244)
W Sequencing Reads 341 wmm 1898 ® B WXS 340 mmm 5254 =mm
Transcriptome Profiling 340 wmm 1,300 ¥ RNA-Seq 340 mmm 3,060 m
M Simple Nucleotide Variation = 4,586 == B miRNA-Seq 310 ==m 830 1«
Copy Number Variation 0= 0 -
W DNA Methylation 0 - 0 -
¥ Clinical Q- 0-
M Biospecimen 0 - 0 -
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1. Data access

Standardized multi-omic data matrices (TCGA, CPTAC)
https://www.linkedomics.org/

ABOUT
& About
@ Legin LinkedOmics is publicly available portal that includes multi-omics data from all 32 TCGA Cancer types and 10 Clinical Proteomics
Tumor Analysis Consortium (CPTAC) cancer cohorts.
& Citation
The web application has three analytical modules: LinkFinder, Linkinterpreter and LinkCompare. LinkFinder allows users to search
@& OMICS Datatype for attributes that are associated with a query attribute, such as mRNA or protein expression signatures of genomic alterations,
candidate biomarkers of clinical attributes, and candidate target genes of transcriptional factors, microRNAs, or protein kinases.
@& Data Source Analysis results can be visualized by scatter plots, box plots, or Kaplan-Meier plots. To derive biological insights from the association
results, the Linkinterpreter module performs enrichment analysis based on Gene Ontology, biolegical pathways, network modules,
@ Manual and tutorial among other functional categories. The LinkCompare module uses visualization functions (interactive venn diagram, scatter plot,
and sortable heat map) and meta-analysis to compare and integrate association results generated by the LinkFinder module, which
@ News/Update supports multi-omics analysis in a cancer type or pan-cancer analysis.

@ Share Your Data
LinkedOmics provides a unique platform for biologists and clinicians to access, analyze and compare cancer multi-omics
@& Browser Compatibility data within and across tumor types.
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1. Data access

Standardized multi-omic data matrices (TCGA, CPTAC)
https://www.linkedomics.org/

32 cancer types & 11,158 patients ~100,000 molecular attributes.
A 000 140000

TCGA Data CPTAC Data i.m Z:m

ACC BLCA BRCA CESC CHOL COADREAD BRCA COADREAD OV gl | 3 00

DLBC ESCA GBM GBMLGG HNSC KICH KIPAN w0 S b

KIRC KIRP LAML LGG LIHC LUAD LUSC MESO 200 - 0606

OV PAAD PCPG PRAD SARC SKCM STAD STES

TGCT THCA THYM UCEC UCS UVM Ly ¢ :

iﬁiﬁﬁiitiiﬂ(’.‘ﬁfi’im}é?mﬁ? 5‘2&’-,1;!3‘:{3Qiﬂi"ﬂf';ﬁim}ﬁ?;iii5
§ ¥ Concercoren 8
Volcano Plot

B LinkFinder

Within- and cross-omics associations 71

Linkinterpreter | o
.-
Pathway and network analysis
B

t Scatter Plot - >
| o o= EN
P e i 4Bl
Multi-omics and pan-cancer analysis 8 . =3 lg 3
10-2-Sgnal Swength : = o v

2. Customized protein sequence database

JOURNAL ARTICLE

Q Input Prepare annotations
customProDB: an R package to generate customized = o function [ ) [ 9
protein databases from RNA-Seq data for © output
proteomics search @ ‘
Xiaojing Wang, Bing Zhang ™  Author Notes Expression filter
Bioinformatics, Volume 29, Issue 24, December 2013, Pages 3235-3237,
https://doi.org/10.1093/bicinformatics/btt543 ,560‘
Published: 20 September2013  Article history v ?\$P‘
Variation annotation
o e fle Inputvet [ variocation |
©
& ) e ==

Integrated functions

| == T

easyrun_mul
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3. Multi-omics-based patient subtyping

- Non-negative matrix factorization (NMF) : for single omics data

A (rank M) =7 W H (rank k=2)

M observables
(samples) K metagenes M samples )
; ii 1) K A: non-negative values
i m“ ! metagenes
e l- A=WxH
- ‘

k \ ks Objective function:
1

f‘\ﬂ | S (A - WH)?:

N features (genes)

V Assign each sample m to class k that has
the highest score

metagene expression profile

/\_AAVJ\A’V\W/\[“

l. samples
. S5 H_/

Class 1 Class 2

3. Multi-omics-based patient subtyping

- Non-negative matrix factorization (NMF) : for single omics data

* Consensus clustering - multiple iterations of the chosen clustering
method on subsamples of the dataset
* By introducing sampling variability with sub-sampling, this provides

metrics to assess the stability of the clusters

K =2 (0: not sampled)

iterl iter2 iter3 iter4 Alice Brian Sally James
Alice 2 0 2 1 Alice 1 0.00  0.00 0.0
Brian 1 1 1 2 Brian 0 1.00 0.67 0.5
Sally 1 ¢ 0 2 Sally 0 0.67 1.00 1.0
Jhmes . 2 . 9 James 0 050  1.00 1.0
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3. Multi-omics-based patient subtyping

- Non-negative matrix factorization (NMF) : for single omics data

Consensus NMF clustering
k=2 k=3

1
'05

3. Multi-omics-based patient subtyping

- Integrative Non-negative matrix factorization (NMF)

Original Matrix Feature Matrix Coefficient
B W) Matrix
Anxm = ankaxp H)

n A RnplWw|l tk H

m

m k

Modification for
integrative clustering

AL =W'  xH,. i:datatype(i=1,2,..p)
_ . p : . .
Q=min ., >._, 0||Xi —WiH||,

Chalise et al., PLOS ONE (2017)
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3. Multi-omics-based patient subtyping

- iCluster = iClusterPlus = iClusterBayes

A Samples (n)
ELL LA LI T
gt
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e
L
£
(=]
c
o P
0 DNA copy number
3
c
U
[C)
p

Gene expression

Bayesian
Integrative

[y

Genomic loci

el

Clustering

-

Genes

DNA methylation

o

B
~
o8
b & 0
3 s 4 . . .
H R low dimensional subspace that will
“20-15-10-0500 05 10 15 20
c

Informative genomic features
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8
£
2
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iClusterPlus: integrative clustering of multiple

genomic data sets

Qianxing Mo! and Ronglai Shen?
October 24, 2023

1Department of Biostatistics & Bioinformatics
H. Lee Moffitt Cancer Center & Research Institute
glanzing .mo@moffitt. org

Deparment of Epidemiology and Biostatistics

Memaorial Sloan-Kettering Cancer Center
shenr@mskcc. org

R package for iClusterPlus and iClusterBayes
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* Joint integrative clustering to model
continuous and discrete omics data

> * Reduce multi-high dimensional space to a

collectively capture the major variations
of the multiple datasets

- low dimensional subspace can be used
to cluster the samples

Simultaneous identification of features
that contribute to sample clustering

Mo et al, Biostatistics, 2018
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4. Correlation analysis between different molecular entities

- Use Pearson (linear relationship) or Spearman (monotonic relationship)

linear monotoni
TG
£ G c L
S . :-'. g o .
o o
o se® ", o
o . . [a .°
Bt =N -

MmRNA MmRNA

- t-test (parametric) or Mann-Whitney U test (Non-parametric)

mm Wild Type mmm TP53 Other Missense
mm TP53 Hotspot Missense e TP53 Truncation
4 g 5| ==
5 4
gs 2,
5 3 -
€ i 2
F £ |- I
D1 T 1
< B
5, H ’ﬁ. g, i -
b {5
-1
[ -3
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TP53 AURKA CDK1 XPO1 STK11

%,

%"Cz
%,
%‘%

Dou et al, Cell, 2020 (Endometrial carcinoma)
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5. Neoantigen prediction ARTICLE

iy 10 B3/ LATALY G20 A

OPEN

Cancer neoantigen prioritization through sensitive
and reliable proteogenomics analysis

N eo F I ow Bo Wena 2, Kai Lig "2, Yun Zhang® '? & Bing Zhanga 2%
Nonsynonymous
Genomics H
' i
o Variants 1 i
o (VCF) Variant annotation Cuslomlxed proteln ]
el 1 i
L ey ’ 1
Vanan( protein 1
Module 1: Variant ion and database (FASTA) 1)
____________________________________________________________________________________________________ — [ B
1
PRIV SEETRRSIRE EECOTe IR nEr e PR e O L S 5 -
H 3y epQuery : i ‘ TS e 1)
i __ _Proeomics [ MHC peptide + MHC binding affinity 1
i ' i 0| prediction ! i
‘ MS/MS 1 Variant peptides : i [E HLA type 1)
‘ (MGF) MS/MS searching FDR estimation P (TXT) {1
' validation ? 1 ) . . 1
i : 1 ) ) |+ Variant evidence at protein level : i
e e e e m=- ’ ] H
: : 1

] e 7 1
Module 2: Variant peptide identification I‘ + Variant information 1

: WESWGS ; — g :
0 (FASTQ) Read alignment HLA typing
‘o _ :

)

HLA type fist (TXT)

‘. Modula 4: Neoantigen priorityzation
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Data analysis — association discovery and visualization Data analysis — PTM and pathway analysis

» LinkedOmics: Interactive visualization and analysis of multi-omics data  ® PTMsigDB: Collection of PTM site-specific signatures'®
from TCGA and CPTAC within and across cancer types*** * PTM-SEA: Modified version of ssGSEA for PTMsigDB**

¢ multiOmicsViz: Visualizing the effect of one omics data type on other  « WebGestalt: GSEA toolkit with support for phosphosite enrichment
omics data along the chromosome*’ analysis'’

* iProFun: Characterization of functional consequences of copy number e PTMcosmos: Database of PTMs and cancer mutations in humans
alterations (CNAs) and methylation alterations in tumours® « PHOTON: Delineating signalling pathways from large-scale

* ProNetView: Network visualization inferred from proteogenomic data phosphoproteomic data'’!
of the CPTAC-CCRCC project * HotPho: Identification of spatially interacting phosphosites and

* NetSAM: Network seriation and modularization'** iationss

* NetGestalt: Visualization and analysis of biological networks from » Black Sheep: Identification of samples with aberrant gene, protein or
multi-omics data'®* PTM site abundances'”

* Panoptes (1), Panoptes (2): Analysing pathological images usingdeep o \yikiPathways: Database of molecular pathway diagrams contributed
learning and refined by the research community'”

* TSNet: A statistical model for cell type-specific inference based on bulk
tumour profiling data'®*

* Perseus: Bioinformatics platform for integrative analysis of proteomic
datam&‘lﬁ?

Mani et al, Nat Rev Cancer, 2022
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E-mail: jbhin@yuhs.ac
Lab homepage: https://sites.google.com/view/cpm-yucm/
Office: M| TS Wl ZH M E A Dj2fjo|st AL ME] 1072

Tel: 02-2019-5470
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