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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

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
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Best practice for cancer immunity analysis.

UHUEHHE LuT dYuYdtes #Hol o et KR e rjYds HuUYes ¢sE
AlZ| 9E|GH Z|E Ree OEIR e B E At SYv F0E 2oZls ¥ oo w
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SiAE Y EHO MTHE HO| OlsiE LI Qick 7|E A4 & MITEel REE oA
FHE WF0] AW ook, FZols & A a1 FTHO| G uats o oMyl 7ls
I eEo)] FHS F QA7 e A D ook S8, A0 MO SEP AEEES o
sl 22 2 PO (cancer immunity) OlefidlE O Ma=o|m, On e HOUME 274~
(single cell omics)@t H7F 201 A (spatial omics) 41 7[=0] WEH WD AUCk.

= ZOIOIAE B T HOROIIAl AT HAME THo| ATEIS 4T I G4 AlElls
=0 Hob 0] SHEE F0| AR BOE ZO|E Y MT HALO| M0l LaEg
%, 3¢ HE PUMZES sS4, dell UMESIS] HEFEn OE ¢ 8D ZEEL
Sl 91052 exome-seq ¥ RNA-seq & ? ZT I bulk sequencing data®llM*El scRNA-seq
52 BOME 2™ 2 ingle cell omics) HIOIEIRL spatial transeriptomics 521 @71 2% 2 (spatial
omics) HIOEIE ZEH2R R0 glch 2FH22: o ZHOM Uetl: cellular ecosystem
2 EFYA, 0| Y AV X2H @2 £ = 24 /82 HS%le A2 SHE et

2oz rrgel W8S THEEch.

® Cancer immunity T8 24 2 7|H.

® Exome-seq U0[HE &% HLA typingdl HLA-peptide binding predictiong ¢
e os.
RNA-seq CIO|HE 7[8t28 § digital cytometry TES S¢ BOUMEH 24
Single cell ¥ spatial omics CIOIHE 2|92 ¢F M AEf = (cell status trajectory
dynamics) ¥ ME 7t &&= E(cell-cell interaction) E4E E¢ MIE HMel | (cellular
ecosystem) 4.
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Cancer immunity T2 24 X 2|H: cancer-Immunity Cycle
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Cancer immunity 82 24 % 72|N.
Neoantigen and immune checkpoint inhibitor (ICl) therapy

; L o HI2 S xEsI &
Immune checkpolnt (IGJJEe vl 1S 2= SRE reiler Blocking PD-L1 or PD-1 allows .
HA oA K| z2o|FQ 5 T cell killing of tumor cell

- CTLA-4 (Cytotoxic T-lymphocyte-associated protein 4): T cell
23tE ARsteic

- PD-1 (Programmed cell death protein 1): T cell 2| 2 1}
7ls€ dMst=1c

- PD-L1 (Programmed death-ligand 1): PD-10 Z%5}0f T
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Cancer immunity T2 84 U 2|3: TME and ICl therapy

b #Ilmmune contexture = cellular ecosystem(niche)
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Local
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T cell exclusion Dysfunctional T cells

Chronic
viral
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Q Cytotoxic T cells Regulatory T cells @ Cancer cells
@ Activated T cells Q Dysfunctional T cells Immune state
of the host




Cancer immunity T2 24 X 72| A1 & 218 &4 pipelines
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Fig. 2| Overview of technologies and analyses for interrogating cancer immunity.
Technologies for bulk sequencing allow the prediction of candidate neoantigens
and deconvolution of cell fractions or computation of abundance scores using
marker-gene-based approaches. Technologies for single-cell profiling allow the
characterization of cell types and states from mass cytometry by time of flight (CyTOF)
or single-cell RNA sequencing (scRNA-seq) data, but also the reconstruction of B cell
receptors (BCRs) and T cell receptors (TCRs) of the same cells. Recent multiplexed
imaging technigues can interrogate several cellular markers, enabling the phenotyping
of distinct cell types and the reconstruction of the spatial architecture of the tumour
microenvironment. CyclF, cyclic immunofluorescence; IF, immunofluorescence; IMC,
imaging mass cytometry; MIBI, multiplexed ion beam imaging; RNA-seq, RNA
sequencing; WES, whole-exome sequencing; WGS, whole-genome sequencing.

. Normal Tumour Tumour
WES/WGS WES/WGS RNA-seq

Cellular composition Single-cell phenotypes Cells in spatial context

+ ] +

[ Tumour immune contexture ]

Data types and computational analyses
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Cancer immunity T2 24 U 2| A3 & 2|8t data
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OptiType Procedure:

HLA typing2} HLA-peptide binding predictionS & 8t &l T 0 F: HLA

1. Input: FASTQ raw data (single-end, paired-end both available)
2. Output: 4-digit HLA genotype for input sample + confidence score

Usage

Optional step zera; you might want to filter your sequencing data for HLA reads. Should you have te re-run OptiType
multiple times on the same cample (different cettings, ate] it could cave pou time if inctead of giing OptiType the
full, multi-gigabyte sequencing data multiphe times, you would rather give it the relevant reads only, on the order of
megabytes.

o can use ary read mapper to do this step, although we sugoest you use RazerS3. s anly drawback i that due 1o
way Razer53 was designed, it loads all reads inte memery, which could be a prablem en alder, law-memary
computing nodes.

Make sure to filter your files correctly depending on whether you have DNA (exome, WGS) or RNA-Seq data, The
rofaronce fasth ilos are. deta/hle_refarance_dna.fasts and deta/hle_refarance_rns.fasts raspactivaly. Balow is an
exampie for DNA sequencing data:

sraters3 -1 95 <= 1 dr @ -0 fished_1.bam /path/To/DptiType/deta/hle_raference_dna faste semple 1 fastq (2

saamtools basdfq fished_1.bam » sample_1_fished.fastq

rm fished_1.bem

' 3

If you have paired-end data, repeat this with the second ends' fastq file as well. Note: it's important that you filter the
twa ends individually. Don't use the read mapper’s paired-end capabilities.

Aftor the optianal fitering, OptiType can be called as follows:

3pythan [path/to/OptiTycePipeline.py -1 sample_fished_1.fastq [samole_fished_2.fasta] @
(=-rma | cedna) [--Bata BETA] [--snumsrats N}
[-¢ CONFIE] [--werbose] --outdie fpath/telsut_dir/

This will preduce @ time-stemped directeny inside the specified output directery centaining a €SV file with the
pradicted optimal (and if enumerated, sub-optimal) HLA genatype, and a pdf file containing a coverage plot of the
predicted alleles for diagnostic purposes.,
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HLA typing2} HLA-peptide binding prediction® & 8 {4 & 0| F: HLA

1 1 1 L L L
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HLA typing2} HLA-peptide binding prediction® & 8t {1 4T 0| F:
mutation calling

= 10| T % (Mutation Calling)Mutect2 2: GATKS| Mutect2 =& AHSSH0] S HAh ME 70| MM I
mutation)E A &2t L|Ct.

2= M (annotation): = E{ 2 €l VCF T}Y S Ensembl VEP EE= ANNOVARS} 22 E1E A28 T
A L]

Offf Yef2 DIX|=A| =olgt

CHHE A 0% 0|2 QI8 A AT 10| ETIo| Ofn|im Al MBS G ZEHL|Ch Current prediction of MHC class |
binding necantigens (NetMHC)

[ore & 2= %y
A: :.:':1:::-:. ) 38, DESL62 {2010y
!n::::lw]: mormal_sample_nane MHC sequence (34 polymonphic residues) Peptide sequence (% mers)

g et g W ~ ACAMYRNNM.. AEMKTDAA
aimalatall ololoe VYLD .
l )

- & 25w

Output = 29766.651059
transvar ganno --vcf lmput.vef --refueg --fasts reference.fa --cut cutput . faita on binding
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HLA typing2} HLA-peptide binding predictionS & ¢ & 4 EJ 0| 5.
Neoantigen load and immunotherapy response

804
P 0,001
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Cohort name  Tumer Cohort size
tpe checkpoint : & &
SMC Lung cancer 122 PD-1/PD-L1 This work

Hellmann _Lung cancer 5 PD-1 & CTLA-4 Ref 25

Rizvi Lung cancer 34 PO-1 Ref24
Vanallen  Melanoma 10 CTLA-4 Ref 21
Snyder Melanoma 64 CTLA-4 Ref 22
Roh Ml 58 PO-1 & CTLA-4 Ref 10
Riaz Melanoma 68 POL1 Ref 12

Nature Comm. 11, 957 (2020)
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HLA typing2} HLA-peptide binding prediction® & Bt ¢l 4 Ol 5

Therapeutic potential of neoantigen
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Digital cytometry T2 ¢

Cibersortx pipeline

Step 1 Signature matrix

IF gach column of ‘single cell reference matrix is a phenotype label, proceed to step 2

<From CIBerLOATY WebSItEs
The reference sasple file Is an input file required for custom signature genes file generation by CIRER

« E— J
ELSE take the following two files and convert them using ‘convert_reference_file.py” single cell reference matrix class
matrix

Frthon comnrt_refecence_file.py MCA_Liver cell sxpression. tov WCA_Liver_cell elass.tiv =]

Step 2 Run Cibersortx to create signature matrix
T parameters (pro tem)

Single cell input options:

Min. Expression 0.5

1 Download output signature matrix

Step 3 Filter Mixure Matrix

Filter out columns with no expressions. using the signature matrix from step 2
python filter_by_signature_genes.py signature_gene_file.txt sisture_file.tsv &

This creates & new mixture file named (mixture_file]_fileredisy
Step 4 Run Cibersortx to impute cell fractions
Upload the Mixture matrix from step 3 10 the Cibersortx website, then run fraction imputation

A parameners
default

& Mema
For thee mouse liver data set. 19133+ samples exceeded the ‘Allowed memory size of 536870912 bytes’
Use something like the following command 1o divide data set

¥ first 19609 samples [
cat mixture_file_filtered.tsy | cut -f 1-10081 > mixture_file_filtered_1.tsv

# the rest of the samples (if <10000); first colusn == gene nases (index)

cat miture_file filtered.tsv | cut -f 1,16802. > mixture_file_filtered 3.tsv

And 16 check the number of colurmne per file

cat file.tsv | ak “{print NF}°| sort -nu | tail -n 1

HHO| NS 24: CybersortX

GeneSymbol |M1 |Malignant |Oligodendrocyte
A1BG 0 0 0
ATBG-AST 0 0.24001 0
A1CF 0 0 0
|cene  ITCGA 020047 014  TCGA 02 0055 01A  TCGA 02.2483 D1A
A1BG 125.0069 391.8038 2718522
|A1BG-AST 1053013 1621976 109.7288
|a1cr 0 0 0
' | | 1 |
Mixture _|M1 Malignant  Oligodendrocyte
|TCGA_02_0047_01A 0101649077 0.353447998 0.072751936
|TCGA_02_0055_01A 017932788 0.261214401 0.026945961
|TCGA_02_2483_01A 0.094886977 0.600738156 0.016771461
21

Digital cytometry T2 ST HHO| N BE &4.

Immune landscape associated with the load of neoantigens

Blocking PD-L1 or PD-1 allows
T cell killing of tumor cell

Tumor cell
death

TCR diversity
&
Immune score
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Digital cytometry T2 F S8 HHO| N BE 4.
hot tumor enriched (HTE) and cold tumor enriched (CTE)

Multiomics profiling results from
~200 NSCLC patients at ASAN Medical Center ° DEGre

[T

Inference of cell-
type enrichment
from tissue
transcriptome

Bt o
UMAP1 UMAP1

1HIIT JERT - scRNA-seq public data from ~300 lung cancer patients

R i g B e g o s e S 0.
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e
Better survival for HTE status or
high enrichmant of calls
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Digital cytometry T & S HHO| N8 E 4.
Patient prognosis was stratified by incorporating TME
criteria into neoantigen
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ature Comm. 15, 10164 (2024)
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From the limitations of bulk RNA-seq

> We can only estimate the average expression level for each gene across a population of cells, wit
regard for the heterogeneity in gene expression across individual cells of that sample.

> Therefore, it is insufficient for studying heterogeneous systems, e.g. early development studies or
complex tissues such as the brain.

Bulk RNA sequencing

X i i,
o =dc mEE |
He«et:ogenous Tbtatl,::l\/ Bulk expression data Il L

No change of expression of Gene X

Single-cell RNA sequencing
Clustering Gene X ne X Gene X

) 2

$ M“EJJ .:b - U ”

Celltype b Celltypec

Heterogenous Single-cell-barcoded .
tssue ¢DNA Single-cell expression data
Expression of Gene X is affected in cell type b only
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PRE-PROCESSING DOWNSTREAM ANALYSIS

scRNA-seq analysis pi

#MIE 7L X017 2 [ Gane
X (marker) &2
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Characterization of cell fate probabilities in single-cell data

> Expression similarity 7|19 2 M Z (node) ZF network 735

> Differentiation potential (DP): define a cell’s differentiation potential (DP) to be the entropy over the branch probabilitie
providing a quantitative metric for cell plasticity. O| I, start cell= prior-knowledge 7| #t 2 2 user 7t & (from cell

annotation)

> Spliced RNA transcripts@| H|2& &3l MZ 2| future gene expressions 0| 55t= RNA velocity S 22 0 2{7}X|
feature & 5%

and clustasing trajwetaries c d Stoady state
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Inferring cell-cell interactions
Fig.1: Overview of CellChat.
a b
Manual curation of CellChat database scRNA-seq data input and processing
foonsl. ., 9 - KEGG base R
% 'Antaganist P""arv literature Option 1 ! Option 2 |
. oo
SRR Comn e o [
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More localized: spatially contextualizing cells

> Cell location affects intercellular interactions and associated gene expression.

> Molecules mediating CCls form concentration gradients as they diffuse from their producing cells and trigger different
signalling programmes in receiver cells.

> It is important to account for the spatial context of cells to understand how tissues function.

Spatial constrain
reduces
false positive
interactions!

Ligand-receptor pairs

29

> After creating a representation of multicellular neighbourhoods, an important goal is to identify recurrent ¢
communities across spatial domains, samples, or individuals. We refer to recurrent multicellular neighbourhood
characterized by correlated cell states, as ‘spatial ecotypes’ (= “cellular niche”).

> The definitions of transcriptional ecotypes and spatial ecotypes also coincide with ‘multicellular programmes’, which
sets of transcriptional states across various cell types that are co-associated in multiple samples or spatial regions.

b cCellstatemap Spatialecotypemap € 1 2

Lacation Stroma Stroma

compesnon I N
e O@@ = @ ® =
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Nat Commun. 22, 2595 (2024)

Case study: Single cell deciphering of progression trajectories of the tumar
ecosystem in head and neck cancer
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Nat Commun. 22, 2595 (2024)

POSTN+ & R-OFMI 2, sPP1+ CH A M| 2 B! 948 NI ZQ| N = T 258

POSTH 1o SPP1+  SPP1+ o POSTNG . D.

] ] g = D.OOTS
HR=1 06 [11 - 2.9

|— = &

Estage  Astage

POSTN' 1 SPP1" area (%)
-2ssst

2
Overall surdival (%)
g8 d 8

™ NT 3
POSTH+ 1o FOLR2+( | SPP1+ 1o REPO1+ SPP1+ o Tumer * P K
L le la . i R
.
™ I POSTN EG Dapi Marge

i '
EE— e p————e *Low '] X
—— be _— . A [ -
Time (Months)

[CTLLT 00028 000E0 DTS ons  0dd

weight waight
G. T s on POSTN® fib H. _

oy R S L S T L T POSTN+ 4R OFM| &L 2} SPP1+

i 3 "ﬁ.‘."g"ﬁﬂ%%ﬁmgs“aaaeaug evacotutor s oryanzsten | CHAIMZ, POSTN+ M SO0LM| ZQt =
e § . — MIZZ, SPP1+ CHA M| 22t FOF M
10 - -

2| ¥ HZ0| SY T mat

n-.quumyrmw o =ILEHA
EREEER T

J.
Ousecniant aforert szon | N
Giucose | rm—
Evacehsar matix orgarizaton | SRR —
Got-subsirate achon cryena: B
Intirse spoptosec sgnaing pethary | IS :
P13K-Act signaing pathway | RSN 25
rocepior eracton | S 20
Focal adhesion (= &5
0 2 4 o
Count
Col-substrate acneson | IS
Oze a0t citerer 370 |
Cefl-submtrate jction sssently | SR ~log10(P.ad)
Bositive regaation of epithelat cell prolferaton | I
el tesponis o mecharical st | B B
PAIK-AM signalng patvaay | I 30
in cancor |
ECM-receptor recaction F
v 2 4 6 8

Count

33

Summary
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