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Multi-omics driven systematic approaches to
understand cancer complexity
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Curriculum Vitae

Speaker Name: Kwoneel Kim, Ph.D.

» Personal Info

Name Kwoneel Kim
Title Assistant Professor
Affiliation Kyung Hee University

» Contact Information

Address 24, Kyungheedae-ro, Dongdaemun-gu, Seoul
§ ‘ Wil Email kwoneelkim@khu.ac.kr
Phone Number 02-961-9612

Research interest : Translational bioinformatics, Machine learning and computational genomics,

Cancer genomics

Educational Experience

2009 B.S. Dept. Applied Bioscience, Konkuk University, Korea
2011 M.S. Dept. Functional Genomics, UST, Korea
2015 Ph.D. Dept. Bio and Brain Engineering, KAIST, Korea

Professional Experience

2015-2017 Post-Doctoral Researcher, Dept. Bio and Brain Engineering, KAIST
2017-2018 Senior Research Scientist, Asan Institute for Life Sciences, Asan Medical Center
2018- Assistant Profeesor, Department of Biology, Kyung Hee University

Selected Publications (5 maximum)

1. Kim K, Kim HS, Jeong YK, Jung H, Sun J-M, Ahn JS, Ahn M-J, Park K, Lee S-H, Choi JK. Predicting
clinical benefit of immunotherapy by antigenic or functional mutations affecting tumour
immunogenicity. Nature Communications. 11. 951 (2020).

2. Jang K*, Kim K*, Cho A, Lee |, Choi JK. Network perturbation by recurrent regulatory variants in
cancer. PLoS Computional Biology. 13. €1005449 (2017). *Co-first

3. Kim K*, Jang K* Yang W*, Choi EY, Park SM, Bae M, Kim YJ, Choi JK. Chromatin structure-based
prediction of recurring noncoding mutations in cancer. Nature Genetics. 48.1321-1326 (2016).
*Co-first

4. Kim K, Yang W, Lee KS, Bang H, Jang K, Kim SC, Yang JO, Park S, Park K, Choi JK. Global
transcription network incorporating distal regulator binding reveals selective cooperation of
cancer drivers and risk genes. Nucleic Acids Research. 43, 5716-5729 (2015).
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(Next-generation sequencing, NGS)
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Conventional PCR
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in vivo cloning and Bmpllllcatlon

Cycle sequencing

F-... GACTAGATACGAGCGTGA. .-5' (lemplate)

§-.. GTGAT O [primen)
CTG.QTE:‘I Jal
CTGATCT
...CTGATCGTA
CTGATCTAT -’?.
.CTGATCTATG

...CTGATCTATGC ’D
Folymerase ...CTGATCTATGCT 2
dNTPs CTGATCTATGCTC ,
Labeled ddNTPs  ...CTGATCTATGCTCG

Electrophorsesis
(1 read/capillary)

—? — ﬂ

VS NGS ¥ >
NGS
b DNA fragmantation
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In vitro adaptor ligation
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Generation of polony array

Cyclic array sequencing
{310 reads/array)
Cycla 1 Cycla 2 Cycle 3

What is base 17 Whatis base 27 What is base 37

2008 Nature Biotechnology

NextSeq 550 Series ©

KEMICH 71 E 2 M- “parallel”

and “high throughput”
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3 Worldwide capacity exceeds 50 Pbp/year
« Approximately 500k — 1M human genomes sequenced
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Mass spectrometry (MS) for proteomics

#0] £2t0| 20| A Lot= /A, AL EE2 25 amino acid § H gt
Figure 1: Generic mass spectrometry (MS)-based proteomics experiment. |A BU-MS . B TD-MS
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Large-scale research efforts for omics study

Table 1| Data types for integrative omics

Data type

Genetic variation
Epigenetics

Gene expression
Proteomics and metabolom

Microbiome

Large-scale research efforts

Many GWAS consortia, 1000
Genomes, gnomAD and UK
Biobank

ENCODE and Roadmap
Epigenomics Project

GTEx and GEUVADIS

CPTAC, EDRN and Common
Fund

Human Microbiome Project

ics

Utility and advantages

Unbiased source of genetic basis
of disease and direct inference of
causality

Functionalimpact and typically easy
to infer causality

Inexpensive assay for an intermediate
step towards the phenotype

Likely to be very close to the
phenotype

Likely to be very close to the
phenotype and measures a
combination of genetic and
environmental influences

Major caveats

At least one step removed from the
phenotype

Not applicable for all phenotypes
Not applicable for all phenotypes

Expensive and difficult to scale
(proteomics)

Combination of genetic and
environmental influences makes
it difficult to infer the direction of
causality

In this table, ‘phenotype’ refers to an organismal phenotype. CPTAC, Clinical Proteomic Tumour Analysis Consortium; EDRN, Early Detection Research Network;
ENCODE, Encyclopedia of DNA Elements; GEUVADIS, Genetic European Variation in Health and Disease; gnomAD, Genome Aggregation Database; GTEX,
Genotype-Tissue Expression; GWAS, genome-wide association study.

Nature Reviews Genetics. 19, 299-310 (2018)
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ENCyclopedia Of DNA Elements (ENCODE) project

CH,
o RNA polymerase
E 0 = =
(] Do
\ o, mn P ks
5C DNase-seq | [ChIP-seq | [WGBS Computational [|RNA-seq | [CLIP-seq el Mo cut EET T
ChIA-PET | |FAIRE-seq RRBS predictions RIP-seq e i
Hi-C ATAC-seq methyl array| yware O
m \ FIT £
Genes
; —* \— —
Long-range regulatory PN\
(enhancers, repressors/silencers, insulators) Transcripts
#Experiments to analyze the function of DNA elements; coupled
with NGS
nanre g

#0| = 278 2E consortium 2| HIO|E{ 7}

THs

o

MS technology 2| 27 0]

~ 9,000 experiments

URA7| W=

~ 1,000 Consortium publications

~3,500 community publicatio

ns using ENCODE data

0 24~ 917}
%9 big data 2 40| 55} € 0=

NGs <k #Epigenome map

fNCvc(.m-EmA O DA Er

T
LEMENTS

12




1000 genome project

‘Gene: BRCAZ

v
IGSR and the 1000 Genomes Project Gene: BRCA2 ENSGO0000139618
- \ Desciption breastcancer 2 early onset [Sourcs HGNC SymbolAcc 11012]
| s Gone Synonyms BRCC2, BROVCAZ, FACD, FAD, FAD, FANCE, FANCD, FANCDT, GLIM3, PNCA2
| ot et Location Chromosome 13- 32 889 611:32 973 805 forward strand.
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Genotype-tissue expression (GTEX) project
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Clinical Proteomic Technology Assessment for Cancer (CPTAC)

CPTAC
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The cancer genome atlas (TCGA)
International cancer genome consortium (ICGC)
Pan-cancer analysis of whole genomes (PCWAG)

PAN-CANCER ANALYSIS OF
WHOLE GENOMES PUBLISHED!

nature
CANCER
CATALDG

Read about the ICGC/TCGA analysis of >2,600
whole cancer genomes across 38 tumour types
in 23 papers published in Nature and other
Nature journals. Photo credit: Nik Spencer/Nature.
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#Sequencing 7| = 2| &7 0] omics
AT E 7HSSHA & -> multiomics

#Global science network Of| Al multiomics
big data 7} S A 7St HE = 40 S
MSEDJAZ

17/52

A case study of integration between epigenomics and genomics

H#FTO: Fat mass and obesity-associated protein
#IRX3: Iroquois homeobox protein 3

b
80~ rs9930506 11.04 rs9930506
943 7.9+ T s 10.91
94.9) - L o 1081
& 9 774 : B Swr{ _ _ _
7841 2 106]
LoD Teans
g 7.5 : g 105 T =
3 - S
g 744 | ; D 1044 , -
X 734 = O 103 ®
S . |
7.24 10.2
7.1 10.11
704 —— 10.0-

T
o 1 2 D ¥ 2
No. of risk alleles No. of risk alleles
P=0.016 P=0.70

x3
93.9 ? | Association interval 23 35 ‘055
Lung v Beain (-log(P)
b N o i
; ' &
Nature. 507, 371-375 (2014) 18




Unravel a hidden regulator

“IRX3 encodes a transcription factor — a type of protein involved in regulating the expression
of other genes — and is highly expressed in the brain, consistent with a role in regulating
energy metabolism and eating behaviour.”

. h 18 weeks, ND, GTT
FTO: Fat mass and obesity-associated protein ND: normal diet 8 0. G

IRX3: Iroquois homeobox protein 3 GTT: glucose tolerance tests

e Ctr
i X3 KO

,- _mvz\ww/\yce 08 RIS

g 10
i~ 500 kb =
3 8
‘\ 6
4 IRX3 gene ("5 4
ﬂt 2
0
0 30 60 90 120
Time (min)
b
80+ rs9930506 1.0, rs9930506
7.94 i 10.9
c 78 - N o 1081
.(% 774 |} B 1o R
764 2 1064~
(iR (=N
grsqCd L) gosy T
:; 744 1 1} 8 1044 , -
X 734 = 10.34 *
o °
= 724 t 10.24
7.14 10.14
70° p—— 1007 ———
0o 1 2 0 1 2

No. of risk alleles No. of risk alleles
P=0.016 P=0.70

19

“Systems” biology in transcriptional regulation

~ Compilation of all
regulatory elements’
connections to their
target genes builds a
network of regulatory

. interactions that is
94,01 N 3 s ; unique for each
= tissue.

‘Dark side of the genome”
Nature. 538, 275-277 (2016)

Wl M M
I3
! Association interval 2-3 3-10 10-35

9397

20

-10-




#Genomics Th= 2 2 S| A5t X| Xot= d =t
U AS epigenomics 212 B8O 2 S| M Tts
Mo 5

#Epigenomics ZE = J
=T o5l 7t EHe

L7t 0% =0t system

The Chaotic Complexity of Cancer

October 28, 2014
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Proteogenomic Characterization Reveals Therapeutic
Vulnerabilities in Lung Adenocarcinoma
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Proteogenomics of Non-smoking Lung Cancer
in East Asia Delineates Molecular Signatures
of Pathogenesis and Progression
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Proteogenomics

Cell

Proteogenomic Characterization Reveals

Therapeutic Vulnerabilities in Lung Adenocarcinoma
Graphical Abstract Authors

Michael A. Gillette, Shankha Satpathy,
Song Cao, ..., D.R. Mani, Steven A. Carr,
Clinical Proteomic Tumor Analysis
Consortium

Proteogenomic Analysis of Lung Adenocarcinoma

Oncogenic

Correspondence
Mechanisms

gillette@broadinstitute.org (M.A.G.),
shankha@broadinstitue.org (S.S.),
scarr@broad.mit.edu (S.A.C.)

In Brief
Comprehensive proteogenomic
characterization of lung
adenocarcinomas and paired normal
adjacent tissues from patients of diverse
smoking status and country of origin
yields insights into cancer taxonomy,
and immune
offers novel candidate biomarkers and
therapeutic targets; and provides a
community resource for further
discovery.

”
Novel

Therapeutic -
Candidates

Biological
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Proteogenomics of Non-smoking Lung Cancer in
East Asia Delineates Molecular Signatures of
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In Brief

Deep proteogenomic landscape of early
stage lung adenocarcinoma in a cohort of
mostly non-smokers reveals unique
drivers and biomarkers, as well as
gender-associated mutagenesis.
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Multi-omics clustering
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Non-negative matrix factorization (NMF)-based unsupervised “multi-omics clustering”: samples of the
clusters were significantly associated with distinctive clinical and molecular features
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Alignment of the proteomic subtypes with clinical features revealed a strong
separation by tumor staging, as well as by driver mutations
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Connecting driver mutations to proteome, phosphoproteome, and pathways
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Direct and indirect consequences of genomic aberrations at the transcriptome

and proteome levels
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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

phosphorylation of 1064 and Y1197, reflecting the activation of mutated

EGFR in the patients. “

Cell. 182, 226-244 (2020)
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|dentification of therapeutic strategies from proteogenomics analyses
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Gene-wise CNA-mRNA-protein correlations displayed striking differences

#Significant positive and negative correlations are
indicated in red and green, respectively.
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“CNA correlations were broadly comparable but considerably dampened at

=1 05 O s the levels of proteins and PTMs”

“Although sample-wise mRNA-protein correlations were fairly consistent

between tumors and NATs, gene-wise correlations displayed striking
differences”

Cell. 182, 200-225 (2020) 30
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Gene-wise mRNA-protein correlations displayed striking differences
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"Pseudo-ERBB2+" status in resistance for anti-ERBB2 antibody therapy
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been effective because of lack of drug target expression, proteogenomics approaches were used to
assess ERBB2 driver status in the current dataset and our earlier cohort.
“..amplication and overexpression of TOP2A, suggesting an alternative chromosome 17 amplicon
driver in some cases (Harris et al., 2009).”
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Changes of a layer of one omics do not always transfer into other layer

Epigenome
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Genome Biology. 18, 83 (2017) 33
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Complexity of controlling quantity in central dogma

CENTRAL DOGMA : DNA TO RNA TO PROTEIN ZUMANR
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Trends in Biotechnology. 34, 276-290 (2016)
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Gene regulatory network
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“..the potential regulations inferred based on the
transcription factor binding sites (TFBSs).”
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Download

TRRUST (version 2) is

a manually curated database of human and mouse transcriptional regulatory
networks.

Current version of TRRUST contains 8,444 and 6,552 TF-target regulatory
relationships of 800 human TFs and 828 mouse TFs, respectively. They have been
derived from 11,237 pubmed articles, which describe small-scale experimental
studies of transcriptional regulations. To efficiently search for regulatory
relationships from over 20 million pubmed articles, we used sentence-based text
mining approach.

TRRUST database also provides information of mode of regulation (activation or
repression). Currently 8,972 (59.8%) regulatory relationships are known for mode
of regulation.

Tables for human genes and mouse genes included in TRRUST.

TRRUST network edge information is freely available for non-commercial research

at Download page
37

* TRRUST version 1 website can be found HERE.
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Signaling network
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Network-based integration of multi-omics data for prioritizing cancer genes

Inter tumor heterogeneity
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#Directed functional
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Bioinformatics. 34, 2441-2448 (2018)

Global gene
ranking list

—
Robust aggregation of
per sample ranked gene

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

E=En"Ep. (7)

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

A large entry in E,, at position i means that gene i
is proximal to many upstream-located aberrant
genes or miRNA, and a large entry in E, at
position i means that gene i is proximal to many
downstream-located differentially expressed
genes.”
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Prediction of known cancer genes
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Simultaneous integration of multi-omics data improves the identification of
cancer driver modules

Graphical Abstract
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Cell Systems. 8, 456-466 (2019)
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“Given a set G={G1,.,Gn} of genes and a collection M={M1,.Mm} of models for different data types, we are
interested in computing S;, reflecting how likely are the genes in G to be functionally connected.
Sg is the genes in G are, under different models: computed as the mean of m probabilistic scores P(G|M,).
Each of these m scores represents how strongly functionally connected the genes in G are, under different
models.”
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The driver module inferred by ModulOmics are enriched with cancer driver genes:
no single omics data type dominated the ModulOmics score
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The driver modules inferred by ModulOmics are enriched with cancer driver pathways
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Natural killer cell mediated cytotoxicity ﬁ_

Neuroactive ligand receplor interaction 1

Neurotrophin signaling pathway
Non small pell lung cancer
Pancreatic cancor

Pathways in cancer |

1l

GBM Ovarian
Modu  MEM Modul  MEM
Omics ~ Cover HotNet2 TiMEx Omics Cover HotNetz TIMEx
Acute myeloid leukemia | | Acute myeloid leukemia
Apoptosis
Arginine and proline Bladder cancer
B cell receptor signaling pathway Cell cycle
Bladder cancer —

Cedl cycle

Chronic myeloid leukemia

Colorectal cancer

Cytokine cytokine receplor interaction
Endometrial cancer

ErbB signaling pathway

Fc epsilon Rl signaling pathway

Chronic myelaid leukemia
Coloractal cancer

Endometrial cancer

E108 signaiing pathway

Fe epsilon RI signaling pathway

Fc gamma R mediated pk

Focal adhesion
Glioma

Inositol phosph

Fe gamma R medialed phagocylosis

Focal adhesicn

Jak STAT signaling pathway
Leukocyte fransendothedal migration
Melanoma
Non small cell lung cancer

Pancreatic cancer

Pathways in cancer

Glioma
Melanoma

Non smal cell lung cancer

Pancreatic cancer

ST SySTeT T

TG SySe

; mediated oocyte maturation

Prostate cancer

Prostate cancer

Progesterone mediated cocyte maturation

Regulation of actin
Renal cell carcinoma

Smal cell lung cancer
T cell recepior signaling pathway

g f actin cy

Pathways in cancer

12

l 10
L}

=

©ocyle maturation

Renal cell carcinoma
Small cell lung cancer

Prostate cancer
Small cell lung cancer

T coll recoplor signaling pathway
Taste

unction Toll like receptor signaling path Thyroid cancer
Tight junction — sign. pathway
Ubiquitin mediated proteclysis Type Il diabetes melitus Tight junction
VEGF signaling pathway # VEGF signaling pathway VEGF signaling pathway
Wint signaling pathway MTOR signaling pathway -
P53 SGNaIng DavTHaY T T 1 [ 53 sanaing palway 1 | ©53 signaling pathway A

#key cancer-related pathways

-In(p-value)
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Driver modules in breast cancer subtypes recapitulate known mechanisms

A MRNA-based classification #Explanation for tumor aggressiveness of Her2 and basal
Occurrence frequency X > )
in top 20 modules SNV frequency CNA frequency tumors by enriched in tumor progression pathways
#BRCA1, 2: basal-specific
apaptosis 17.7
#CDH1: luminal A and B- cell cycle
specific cell proliferation
oRaar cellular response to stress
#EGFR: herZ—specific ﬁ induction of programmed cell death -
i positive regulation of apoptotic process | |

positive regulation of gene expression
positive regulation of metabolic process
requlation of cell eycle process

regulation of cell proliferation 9.5
-In(p-value)
7
e — —
el e
Zats —— %
Frequency

Driver modules in breast cancer subtypes suggest unexplored functionalities

ME PPl co-exprossion  co-regulation ME PPl co-gxprassion  co-regulation

1 054 0.19 0.67 063 0.94 015 0ET

s [TP53, CDH1] module separation
o0 (o) s T
o (o) .
05

“The canonical module PTEN, AKT1, PIK3R1 £ z;
recapitulates the known mutual exclusivity a I
pattern of mutations within the PI3K pathway.” a1
[ai]

“ ) 4 30 2 A [{] 1 2 3 4
In contrast, the module suggesting the Proteomic abundance

noncanonical role (PTEN, CDH1, TP53) supports
the hypothesis that PTEN regulates cell
proliferation by increasing the binding of CDH1 to
APC\C, a complex known for its tumor-
suppressive function, and by increasing TP53
acetylation following DNA damage.”

48

-24-




#Multiomics O LH XH
7|gkol Mo = 0]

# L OtA| 0 ot=l M=
G| O] E{ O] O{%H networ

49

#Sequencing 7| & 2| Z 70| omics AT& 7S5t 2 -> multiomics

#Global science network Ol A multiomics big data 7 8i{ 44 7t ¢t
E 2 A HSE D AS

#0mics THE 2 2 6| M5 X| 25t M S L4 multiomics 2
#Multiomics 2 ZE2 0|2 ST =7} 01 =11, Zf omics 0| A 2]
#H2t7t A 2 MEE[= A0| OtL| B2 system +=F2| 0|87} ER

#Y28tH system O = C
multiomics 8} A3 0f| 01 & A

[

# O A D QHEl M EEHA
network 7|H+2| ff A4
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Thank you

2 & NMF clustering of multiomics data and
network analysis

Department of Biology, Kyung Hee University
Kwoneel Kim, PhD

Kwoneelkim@gmail.com
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NMF clustering of LUAD multi-omics data
and network analysis

Kyung Hee University

Jiyeon Kim XS -
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* Multi-omics data& NMF methodE O|&35} 9 clustering

+ Analysis of network-based mechanism

Cell

Proteogenomic Characterization Reveals
Therapeutic Vulnerabilities in Lung Adenocarcinoma

Graphical Abstract

P g ic Analysis of Lung Ad

: bnoogenic
“Mechanisms

”

g
Novel

Candidates

Therapeutic *

Biological
Insights

Authors

Michael A. Gillette, Shankha Satpathy,
Song Cao, ..., D.R. Mani, Steven A. Carr,
Clinical Proteomic Tumor Analysis
Consortium

Correspondence

gillette@broadinstitute.org (M.A.G.),
shankha@broadinstitue.org (S.S.),
scarr@broad.mit.edu (S.A.C.)

In Brief

Comprehensive proteogenomic
characterization of lung
adenocarcinomas and paired normal
adjacent tissues from patients of diverse
smoking status and country of origin
yields insights into cancer taxonomy,
oncogenesis, and immune response;
offers novel candidate biomarkers and
therapeutic targets; and provides a
community resource for further
discovery.

Data preparing

Data DOWh|Oad #Data= == 0| M K| SSH= supplementary data AFHE

#X| 3=l multiomics G| O| E{ & A2 8}0] NMF clustering 5=&

* RNA expression
* Protein expression

+ Copy number variation

Data pre-processing

- MH MEO| 30% 0|4 NAZLZ 7HEl feature X7
+ Feature name filtering
+ Sample filtering

« Feature & std < 0.59! feature A

RNA 9259
Protein 1107
CNV 19
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Al 742 grEsLCto) A

co € Colaboratory0il 22! EgL|Ctel A2 Bxz a3z @ e
oY $3 27 4Y H8Y =7 =8% 20198 N 5 0iXYo= $HY

= a4 X  rES rHes o% - | peEE A

Google Colaboratory

veR/sH W

Colaboratory 274
JRE CO Colaboratory0f 24l Z4 & gtFBHL|CH

LS (PSS

Colaboratory= HA|7} 22 glo0 #TS| S22 =0M HEElE P& Jupyter =& #F YL

04124 O F: Seedbank
S Colaboratory® AH3HH 212 K18 S6) SE2 RS T4 I UUSD, £AB AT L BRH0, F BAEY 2lasS 018 + Y
ot

LEN

Colaboratory 27|

382 20/9 SPY2 Sl Colaboratory2| F2 7|52 24T LotEA e,

Intro to
Google Colab
=

> Coding TensorFlow |

#Colab 7| 2 ME &1 Xt&

https://drive.google.com/drive/folders/1jxOCihLdevxyBiLt9IKidrb_x74PWSyl?usp=sharing

NMF clustering

. . #Clustering score Of| 7|#t5H0f %| X 9
 Nimfa Ilbrary Al’% cluster number & & 2.2{ S}=0|, score
to

=
7t scale O| &S| XtO[7} Lt7| IfZ0f
CtFSt scoring 7| EH= Al =t

Nimfa Welcome to Nimfa

C)star | 437 Nimfa is a Python library for nonnegative matrix factorization. It includes implementations of
. . several factorization methods, initialization approaches, and quality scoring. Both dense and
Nﬁ\“lgﬂthH sparse matrix representation are supported.
Models (models) Nimfa is distributed under the BSD license.
Methods (methods)
Utils (utils) range (2, 30, 5)

The sample script using Nimfa on medulloblastoma gene expression data is given below. It
Examples (examples) K . ) . K A .
uses alternating least squares nonnegative matrix factorization with projected gradient method

Datasets (datasets) for subproblems [Lin2007] and Random Vol [Albright2006] initialization algorithm. The o
: returned object is fitted factorization model through which user can access matrix factors and
Quick search ' e < *
estimate quality measures. )
#Rank = sample cluster
Go import nimfa 2
V = nimfa.examples.medulloblastoma.read(normalize=True) 2
1snmf = nimfa.lLsnmf(V, seed='random_vcol’, rank=5@, max_iter=18@)
lsnmf_fit = lsnmf() 0
5 10 15 20 r-
s . wc Af 5 . —— RSS —e— Dispersion —e— Sparsity (Mixture)
print('Rss: %5.4f"' % lsnmf_fit.fit.rss()) ~e— Cophenetic correlation =@~ Sparsity (Basis) =~ Explained variance

print( Evar: %5.4f" % lsnmf_fit.fit.evar())
print(K-L divergence: %5.4F % lsnmf fit.distance(metric="Kk1"})
print( ' Sparseness, W: %5.4f, H: %5.4fF" % lsnmf_fit.fit.sparseness())

‘ 3

Running this script produces the following output, where slight differences in reported scores

across different runs can be attributed to randomness of the Random Veol initialization

method:
Rss: 8.2668
Evar: ©.9997

K-L divergence: 38.8744
Sparseness, W: ©.7297, H: 0.8796
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NMF clustering

#k = the number of sample clusters

le-6+9.947e-1 evar
:: #Evaluated variance(evar) 7t 3715} residual sum of square59|' euclidean distance 7t
o Ao =E clustering O] & Z|QUACHD THEH 4= UAZ
s #K 227|242 2780 [2f scoringO| HetE 5= UAS

explained variance

2 3 4 5 6 7 8 9 10
k

Determined k : 4
Residual sum of squares

86.76
86.75
86.74
, 873

@
86.72

#Samples
Distance

86.71

86.70

2 3 4 5 3 7 8 9 1
k

Determined k : 4

Euclidean distance

86.76

2 3 4 5 3 7 8 9 1

Determined k : 4

Protein - protein interaction https://string-db.org/cgi/download?sessionld=bnEQRR5VwWVKB

#2 ME0ME 7HE 2 0 T38| 51 protein interactome ZH2 AFESHO clustering 2 0H0]| CHRF system =F2| B 22 Al=
Features = [features_0. features_1, features 2. features_3]
def change ID(features): #feature = gene
"""change proteinlD to geneSymbol"""
result_name = []
for name in features:
nodel node? combined_score if (name.split('_")[-1] == 'BNA') or (name.split(' _")[-1] == 'CNV'):
result_name.append(name.split('_')[0])
< S SN S0 elif name.split(' _")[-1] == 'Protein':
1 ARF5 KIF13B 910 result_name.append(proid2gene[name[:-8]])
return result_name
2 ARF5 KIF21A 910
3 ARF5  TMED7 906 def get ppis(features, ppis):
a e — - feature_rst = change_|D(features)
feature_rst = list(set(feature_rst))
print(len(features), ->',len(feature_rst))
CRPED el RE77T 2 ppi_tmp = ppis[(ppis[ nodel'].isin(feature_rst)) & (ppis['node2'].isin(feature_rst))]
648300 OR6Q1 REEP4 900 ppi_list = list(set(ppi_tmp[ nodel"]))
648301 OR6Q1 GNB1 900 D”nt(len.(pD!JISt))
return ppi_list
648302 OR6Q1 RTP3 900
for c.features in enumerate(Features):
648303 OR6Q1 REEP2 900

setattr(mod,f ppis_{c} .get_ppis(features, ppis))
648304 rows x 3 columns
) — ) ., 1000 -> 903 S Jto ) )
#combined_score: & F X7} interacting & 404 #Z+ omics data Zt2| gene symbol — gene id mapping
kg ZF 2Ex103 o= BhetE. 100 >89 Ol =0 AS +=UAS
537
1000 -> 873
456
1000 -> 894
265
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Pathway enrichment analysis

https://maavanlab.cloud/Enrichr/#stats

#NMF cluster 0| A protein interaction & St= 1&=0| O™

« Gseapy library At

< Enrichr

2R
UER| 2ol

biological pathway Ol enrichment &| 01

Login | Register

31,233,825 lists analyzed
339,127 terms

len(gp.get_library_name())

1

#2550 A= immune-related
pathway Of| enrichment &

HOI2EHM cluster Off &

Analyze  What's new? Gene search  Termsearch  About Help 171 libraries
Gene-set Library Terms Gene Genes per
Coverage Term
Genes_Associated_with_NIH_Grants 32876 15886 9 X
Cancer_Cell_Line_Encyclopedia 967 15797 176 X
Achilles_fitness_decrease 216 4271 128 X
Achilles_fitness_increase 216 4320 129 &
Aging_Perturbations_from_GEO_down 286 16129 202 X
Aging_Perturbations_from_GEO_up 286 15309 308 X
Allen_Brain_Atlas_10x_scRNA_2021 766 12361 124 X
Allen_Brain_Atlas_down 2192 13877 304 X
Allen_Brain_Atlas_up 2192 13121 305 X
ARCHS4_Cell-lines 125 23601 2395 X
ARCHS4_1DG_Coexp 352 20883 299 X
ARCHS4_Kinases_Coexp 498 19612 299 X
ARCHS4 _TFs_Coexp 1724 25983 299 X
ARCHS4 Tissues 108 21809 2316 X
| GO Biological Process 2018 5103 14433 |
GO_Biological_Process_2018_of 2 _cluster
cytokine-mediated signaling pathway (G0:0019221) {
cellular to interferon-g (GO:0071346)
cellular response to cytokine stimulus (GO:0071345)
inflammatory response (GO:0006954)
extracellular matrix organization (GO:0030198)
positive regulation of T cell activation (GO:0050870)
interferon-gamma-mediated signaling pathway (G0O:0060333)
regulation of immune response (GO:0050776)
positive regulation of T cell proliferation (G0:0042102)
antigen receptor-mediated signaling pathway (G0O:0050851)
0 8 16 24 32 40 48 56 64
-logio(Adjusted P-value) 9

#DEG(differentially expressed gene) correlation
S} 20| cluster 22/ protein interacting grou

(o) =

DEG correlation OF

interacting SHX|

All pair-wise of PPIs

Correlation of pair-wise ppis within Cluster 2, p<0.05

Included or Not
W Included (n=2169)
W Not included (n =60997)

02 04 08 10

rvalue

06

ranksums(list(pyr.values()),.list(pnr.values()))

RanksumsResult(statistic=24.842295742953336, pvalue=3.13237299847862¢-136)

Degree of PPIs

B2M 61
HLA-DRB1 60
HLA-DRA 60
LCK 56
PTAFR 95

CD226
AK4

CLECTA
HAVCR2
NRK 1

Name: nodel, Length: 456, dtype

gene =2 MZE ZF normal-tumor 2| #3t0] Qf

#feature =

T int64

=2

M2 £ normal-tumor AHO| O] 3T Xt 25
M AL 7 ABE 0| L= K| E protein
]

=
—a=

P LH(H| TT
| € Sl cluster 2 LI 2 2| protein interacting

o o o
Ol ATHS 21 USS UBY 2 5Y

= A3l

group 1t0| H| W & =%,

0
At
(<]

HLA-DRA HLA.DPA!
(D30.CD3G

COLSAL1-COLSA2
HLA-DQB1-HLA-DOB.
IF144L-RSAD.
FCERIG-CDS.
-CD4!

LCK POCD!
PTPN22.CO3D
FCGRIAMRCL

LPARS.C3ARL
B2M.CD28
HLA-DRA PTPRC
6A2.COLLIAL

MMP7.CTSI
IRF1.GBP!
FCGR18B.GBP,
BIRC3-CDA0LS
NLRP3.MLKL
OXCLI.CCLY
HLA B-GBP
HLA-F-LILRB4
MT2A. FCGgl

-1.00

L

gene

HLLDRB)-PDCI&ILGZ
RAS. RAB278B
ITGAV

ZAPT!
P2RY13-CX3CLL -
POU2F2-NABPL -

P2RY6-LPARG -
TNFRSF13C-BIRC3 -

10

rvalue

-31-




#cBioportal = cBioPortal2 CHYSH E52|0| f ST H|O|H E EfMst 0 2MStH, O AntE
. LA © 2 BHOI3t % Ol CHEX Ol 220l T AFO|E Y
cBioPortal e cio)x 505 oieie 512 QAR TS 2 9 TS B2 & S (0] ABOA X
JHX| CHEE Q1 O A| CFE o )

https://www.cbioportal.org/

® cBioPortal

CANCER GENOMICS

Data Sets WebAFl R/MATLAB Tutorials/Webinars FAQ News Visualize Your Data About cBioPortal Installations

Query

Select Studies for Visualization & Analysis:

PanCancer Studies

Pediatric Cancer Studies

Immunogenomic Studies

Cell lines

Adrenal Gland

Ampulla of Vater

Biliary Tract

Bladder/Urinary Tract

Bone

Bowel

Breast

CNS/Brain

Cervix

Eszophagus/Stomach

Eye

Quick Search Beta!

Download

Quick select: | TCGA PanCancer Atlas Studies

PanCancer Studies

[ MSKIMPACT Clinical Sequencing Cohort (MSKCC, Nat Med 2017)

O] Metastatic Solid Cancers (UMich, Nature 2017)

[CJ] MSS Mixed Solid Tumors (Broad/Dana-Farber, Nat Genet 2018)
[CJ SUMMIT - Neratinib Basket Study (Multi-Institute, Nature 2018)

[C] TME and Immunotherapy (MSKCC, Nat Genst 201%)

[C] Tumors with TRK fusions (MSK, Clin Cancer Res 2020)

[] Cancer Therapy and Clonal Hematopoiesis (MSK, Nat Genet 2020)

Pediatric Cancer Studies

[[] Pediatric Preclinical Testing Consortium (CHOF, Cell Rep 2019)
[[] Pediatric Acute Lymphoid Leukemia - Phase Il (TARGET, 2018}

[[] Pediatric Rhabdoid Tumor (TARGET, 2018)
[ Pediatric Wilms' Tumor (TARGET, 2018)

[ Pediatric Acute Myeloid Leukemia (TARGET, 2018)

[C] Pediatric Neuroblastoma (TARGET, 2018)
[ Pediatric Pan-Cancer (DKFZ, Nature 2017)

[[] Pediatric Pan-cancer (Columbia U, Genome Med 2016)
[ Acute Lymphoblastic Leukemia (St Jude, Nat Genet 2016)
[] Acute Lymphoblastic Leukemia (St Jude, Nat Genet 2015)
[[] Pediatric Ewing Sarcoma (DFCI, Cancer Discov 2014)

[[] Ewing Sarcoma (Institut Curie, Cancer Discov 2014)

] Medulloblastoma (PCGP, Nature 2012)

0 studies selected (0 samples)

Please cite: Cerami et al., 2012 & Gao et al,, 2013

Search, -

Curated set of non-redundant studies

10945 samples @ & &
500 samples @ & &
249 samples @ &8 &
141 samples @ &8 &

1661 samples @ & ¢
106 samples @ & &
24146 samples O & &

261 samples @ & &
1978 samples @ 8 &
72samples 9 2 €
657 samples @ & &
1025 samples @ & &
1089 samples @ &8 &
961 samples @ & &
103 samples @ & &
73 samples O & &
93 samples @ & &
107 samples @ 8 &
112 samples @ 8 &
37 samples @ @ &

What's New

&

New year, new cBioPortal fea
custom data in the study and
Explore altered pathways in ir
PathwayMapper. 3) Support fi
data, e.g. microbiome. 4) Driv
in the Plots tab. chioportal.org

cBioPortal
@cbioportal

Sign up for low-volume

Subscrit

Example Queries

Primary vs. metastatic prosta
RAS/RAF alterations in color
BRCA1 and BRCA2 mutation
POLE hotspot mutations in e
TP53 and MDM2/4 alteration:
PTEN mutations in GBM in te
Patient view of an endometric
All TCGA Pan-Cancer

MSK-IMPACT clinical cohort,
Histone mutations across car

Local Installations

9
Lo "

11
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