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Curriculum Vitae

Speaker Name: Kwoneel Kim, Ph.D.

» Personal Info

Name Kwoneel Kim

Title Assistant Professor

Affiliation Kyung Hee University

P Contact Information

Address 24, Kyungheedae-ro, Dongdaemun-gu, Seoul
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 Professor, Department of Biology, Kyung Hee University

Selected Publications (5 maximum)

1.

Bang, H., Park, J. S, Kim, J. Y, Sung, C, An, J, Cho, D. Y, .. & Kim, K Gene essentiality for tumour
growth influences neoantigen-directed immunoediting. Clinical and Translational Medicine,
12(1). (2022)

. Kim J-H* Kim K* Yeom J* Lee E, Kang M-J, Lee S-H, Kim K, Lee S-Y, Hong S-B, Oh DK, Lee

K, Choi, S-J, Yang M-J, Kim J, Hong S-J. Integrative multi-omics approach for mechanism of
humidifier disinfectant-associated lung injury. Clinical and Translational Medicine, 11, €562
(2021) *Co-first

3. 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).

. Jang K* Kim K* Cho A, Lee I, Choi JK. Network perturbation by recurrent regulatory variants

in cancer. PLoS Computional Biology, 13. €1005449 (2017). *Co-first

5. 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. MNature Genetics,
48.1321-1326 (2016). *Co-first
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Multi-omics driven systematic approaches
to understand cancer complexity

Department of Biology, Kyung Hee University

Kwoneel Kim, PhD

Ozelfz.

Multi-omics driven systematic approaches to

understand cancer complexity.
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-omics: -ome & H5l= &2

“The suffix -ome as used in molecular biology refers to a totality of some sort”
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Transcription Expression Translation Function

Nature Reviews | Genetics.

re'Reviews Genetics. 16, 85-97 (2015)

Genotype-tissue expression (GTEX) project
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Clinical Proteomic Technology Assessment for Cancer (CPTAC)

CPTAC

NATIONAL CANCER INSTITUTE
Proteomic Data Commons

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

PAN-CANCER ANALYSIS OF & 1C6C Data Portal OOGOGO®
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Supervised Loarning
(Classification Algorithm)

Unsupervised Learning
(Clustering Algorithm)
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Multi-omics datasets

Other screening data

FACS/CyTOF

Radiomics

Phenotypic data
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Clinical data

Molecular data
Genomics

Epigenomics

Transcriptomics

Proteomics
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4 G-x /

’
Metabolomics ¢

e

Multi-omics Data

Gene Expression

DNA Methylation

v
Patients

'

Patients

i

miRNA Expression

Multi-omics Datasets for
same set of patients

. miRNA Expression
{1 g s

Ada-GTO initialized matrices

!

Sparse-jNMF for subtype assignment

Consensus Matrix for stable clustering




Non-Negative Matrix Factorization (NMF) clustering
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Milestone papers of multiomics study in lung cancer (2020): proteogenomics

Cell

Graphical Abstract

Proteogenomic Characterization Reveals
Therapeutic Vulnerabilities in Lung Adenccarcinoma

Authors
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Cell. 182, 200-225 (2020)
s Cell. 182, 226-244 (2020)
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NMF-based unsupervised “multiomics clustering”:
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#EGFR activating mutations  within the EGFR-MEK-ERK-aiXis

A Muafon  Gentered log; TN B eerrpviter [ C
Wy | ] _ - e s 3 ?
| 20 00 20 ,._; 10 g,
RBM10; truncating I DI 2 os. g
183605 i | RBM10 protein ~ § 00. g,
Pp=7.07E-06 | | RBM10 RNA 8 05 % 2-
510. 10 osooosmus
KRAS; missense *
d . Del19 LB&&R WT EGFR_pY1197
p=0.0029 - - KRAS protein
EGFR pS1064 g
PIK3CA; missense = 15 -
z g BD05 5
p=0.000a [ 7 PIK3CA protein F e g
05 - -
£ =
LAMB1; missense E 00 - :]
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p=0.0002 [T 0l CHAT RNA ato Loser W MAP2K2_pTag4

#Possibly through increased stability

E—

"Although the impact of mutations in EGFR protein abundance was not .,
conclusive, EGFR activating mutations correlated with increased QhOSQhO[y|atIO
of $1064 and Y1197, reflecting the activation of mutated EGFR in the patients. * -

., [

transcrlpuon

cytoplasm

nuc\eus

Cell. 182, 226-244 (2020)
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#Significant positive and negative correlations
indicated in red and green, respectively.

CNA-Proteome

# Gene A ---proteome--- Mean=0.18  Mean = 0.49 < iR :
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e R ©
20 . E - 2]
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0.0 ';!’, L' l‘ '
-0.5 0.0 0.5 10 I
Spearman’s Correlation
1 2345678910120 161820 XY 123 45 67 8910112130415 171921 XY
Chromosome position Chromosome position

dampened at the levels of proteins and PTMs”

"CNA correlations were broadly comparable but considerably
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Changes of a layer of one omics do not always transfer into other layer:
Complexity in regulating expression of RNA and protein

Trans-omics Genome

OP

Transcriptome

p]w;l‘fﬁ:

Progeome
>

Metabolome

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

—— Protein interactome network

ks MRNA Synthesis

5 Transcriptional regulatory notwork
Co-expression network

“7= External mature mRNA not included
in co-expression network

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

Literature Systematic ST
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\ % Loty A

Expanding the Mo
cancer landscape

o
Interactome
space ordered
by number of
publications
19

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

Inter tumor heterogeneity

| | The final scores for all genes are computed as the Hadamard
Sample 1 Sample 2 Sample N product

E=Eyn®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.”

Bioinformatics. 34, 2447-2448 (2018)

. Differentially expressed miRNA
‘ Differentially methylated gene Global gene
ranking list
O Genetically aberrant genes
—_—

@ wediator genes Robust aggregation of

per sample ranked gene
. Differentially expressed genes lists

»  Network interactions not used
by diffusion
- —=> Di of network diffusi

3 Network interactions used by
. diffusion

21

#Pool 1dir, 2dir: small directionality effect, no mediator. effec

Pl‘ediction of kl’lOWI'\ cancer genes #Aberr Fr. ranking by frequency of aberrant genes across all sam

#RNA DE Fr.: ranking by frequency of differentially expressed genes a
Uterine Corpus Endometrial Carcinoma

m n-‘w ¥« Masense musasion
—.h A& « Trncasng mutaton ’
0.15
= —_—
So0.10 2
g = = J
0.05 —— —— Pl B 2
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0.00 —] B SO L ma
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Liver Hepatocellular Carcinoma
n=50 n=100
0.20 —_—
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VIPER: virtual inference of protein activity by enriched regulon analys

Protein activity 582 HdeH 2Lt 4FSIX O 2L ZE5H7| O O{HLL.

i

a b Conditions
DNA
Tmnsclipuonl RNA decay g
Transcriptomics
‘ RNA tranation
Translalionl Protein Conditions
degradation
lnaclive‘ —
protein
Proteomics Post-translational
modification
Subcellular
localization
2
VIPER Cofactor
€ interaction
Active protein

\ e\
Protein's /™ ¥/ N/ Y N/
requon /N NS
\ Downstream direct or indirect
- trancriptional targets -

Nature Genetics 48, 838-847 (2016)

Interaction
., confidence

Regulatory model
Interaction
confidence

23

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

BIOLOGICAL STATE REFERENCE DATABASE CONNECTIONS
OF INTEREST (PROFILES)
(SIGNATURE)

c

1=,

12’

Table 2 Benchmark experiments

o

a
o

strong
positive

1"

Accuracy (%)

Specificity (%)

Cell line Knockdown gene Technology Replicates Profile platform  DEG? at P< 0.01
P3HR1 (lymphoma) MEF28B shRNAP 5 HG-U95Av2 960
ST486 (lymphoma) FOXM1 shRNAP 3 HG-U95Av2 276

MYB shRNAD 3 HG-U95Av2 469
OCI-Ly7 (lymphoma) BCLé siRNA® 3 HG-U133p2 646
Pfeiffer (lymphoma) BCL6 SiRNA® 3 HG-U133p2 1,311
SNB19 (glioma) STAT3 SIRNAC 6 Illumina HT12v3 501

Differentially expressed genes. *Short hairpin RNA. ¢Small interfering RNA.

msVIPER
100 + =l
opET==
9]
96 -
94_ L L
100 T -
E8alg
90 - -!‘T
30- H
?0- L L L ‘:’l L
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Context-specific network AH& 0] protein activity inference0ll 32
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Predicting drug response
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Model for mechanism of response (MoR) of cancer drugs
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Cancer Cell Line Encyclopedia (CCLE)

#Cancer cell line 2 20l =22 22ty 19 A El biomarker £ H

#CCLE database: 1,000 0 7H2| cancer cell line O C$F multiomics data 444t

=
Mutations Copy DNA mANA  Altemative Chromatin  Protein agﬁ

Cancer type Fusions number methylation expression licing mANA profiing  (RPPA) S
U RN 1 % AT L -

Other B-<sll ymphamas .
Lung small cail »/
Prostate
Ewing's stcoma &
Neurol .
Medulloblastoma »
Chondrosarcoma @
Unpor-sorodigestve wast 8/}
i H

LT

v
y

3
o
<
-
o
~

TP53,
CDKNZA
-ABLT

KRAS
EWSR1-FLIT
KMTZA-MLLTS

® Asian ancestry
® European ancestry

29

The Genomics of Drug Sensitivity in Cancer (GDSC)
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consDeepSignaling
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ConsDeepSignaling deep learning architecture
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Model evaluation
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Machine learning of multiomics data
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Multi-omic machine learning predictor of breast

cancer therapy response
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Multi-platform profiling of tumor biopsies

Clinical work flow and data acquisition

Prediction of response to neoadjuvant therapies

Step 1: identification of individual

Step 2: data integration of features identified in step 1
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Feature selection based on the association with clinical phenotypes
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