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Curriculum Vitae

Speaker Name: Sangwoo Kim, Ph.D.

» Personal Info

Name Sangwoo Kim
Title Associate Professor
Affiliation Yonsei University College of Medicine

p Contact Information

Address 50 Yonsei-ro, Seodaemun-gu, Seoul 03722, Korea

Email swkim@yuhs.ac

Research Interest
Translational Genomics, Variant analysis, Cancer Genomics, Bioinformatics

Educational Experience

2002 B.S. in Computer Science, KAIST, Korea
2004 M.S. in Bioinformatics, KAIST, Korea
2010 Ph.D. in Bioinformatics, KAIST, Korea

Professional Experience

2010-2013 Post-doc Research Fellow, UC San Diego, USA
2014-2020 Assistant Professor, Yonsei University College of Medicine, Korea
2021-current Associate Professor, Yonsei University College of Medicine, Korea
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Introduction to Cancer Immune and
Immunotherapy

Cancer Immunotherapy-

Exploit to treat cancer
— Generate or augment an immune response against cancer
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Immune and cancer

« Immunosuppressed patients have a higher risk for cancer

« Spontaneous regression occurs one in every 60,000 to 100,000 ca
ncer cases

First visit 1 week later CD3+CD4+ T-cell No cancer

Chida et al, Surg Case Rep 2017
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Cancer Imnmunotherapy as a new hope

Surgery, chemotherapy, and radiation have been the backbone of cancer treatment for decades,
but recent advances are allowing doctors to further individualize their patients’ treatment with
precision medicine.”*

TRADITIONAL MEDICINE PRECISION MEDICINE

SURGERY

Physical removal of
the tumor from the
patient’s body*

TARGETED
THERAPY

Medical treatment
that targets cancer-
specific genetic
changes used to slow
tumor growth and/or
kill cancer cells’

CHEMOTHERAPY
Medical treatment
that attacks fast-
growing cells,
such as cancer®

IMMUNOTHERAPY
Medical treatment
that helps the
patient’s own immune
system to fight the
cancer**

RADIATION
High-energy rays are
particles that damage or
kill cancer cells®

Radiotherapy Targeted Therapy

Tyrosine Kinase Inhibitors
and Monoclonal Antibodies
directed to specific ti +
and molecular alteration

Marie and Pierre Curie
started to treat tumor

by using X-Rays 1940

3000 B.C. - 1890 2010

Surgical Treatments 1900

Surgical treatment  or
cauterization of tumors as
the only therapeutic option

Chemotherapy 1980
Development of antitumor

drugs for the treatment of

hematological and solid

tumors

Checkpoint Inhibitors
Use of Monoclonal
Antibodies  able  to
stimulate the immune
system against cancers

e GpjeRuny=y
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The history of immunotherapy

New York Times - July 29, 1908

ERYSIPELAS GERMS
- ASCURE FOR CANCER

Dr. Coley's Remedy of Mixed
Toxins Makes One Disease
Cast Out the Other.

MANY CASES CURED HERE

Physiclan Has Used the Cure for 15
Years and Treated 430 Cases—
Probably 150 Sure Cures.

Following news from St. Louv's that
two men have been cured of cancer in
the City Hospital there by the use of
@ fluid discovered by Dr. Willlam B.
Coley of New York. It came out yester-
day that nearly 100 cases of that sup-
posely ircurabdble disease have been cured
in this city during the last few years, all

through the use of the fluld discovered

by Dr. Caley.

ATy R
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William Bradley Coley

erysipelas

CONTRIBUTION TO THE KNOWLEDGE OF
SARCOMA.

By WILLIAM B. COLEY, M.D,,
OF NEW YORK.

I. A Case oF PeriosieaL RouND-CELLED SARCOMA OF THE
METACARPAL BONE; AMPUTATION OF THE FOREARM; GEN-
ERAL DissemiNaTION IN Four WEEKs; DEaTH Six WEEKS
LATER.

THE GENERAL COURSE AND PROGNOSIS OF SArRCOMA, BASED
UroN AN ANaLysis OF NINETY UNPuBLISHED CAsEs.

1L

III. THE TREATMENT OF SArRcoMA BY INocuraTioN WITH
ErvsipeLas, WitH A REPorT oF THREE RECENT (ORIGI-

NAL) CasEes.

THE patient a young lady, @t. 18, had been in perfect health

o from earliest childhood. The family lmtory was likewise good

with the ion of a remote tub and the fact that

an ancestor, three generations before, had died of “‘cancer” of the lip,
presumably epithelioma.

In the early part of July, 1890, she received a shght blow upon the
back of the right hand. The hand became a little swollen and some-
what painful the first night. The next few days the pain became a
trifle less and the swelling subsided, but did not entirely disappear.
About a week later the swelling again began to increase very slowly,
and the pain became more severe. She consulted a physician at the
time of the injury, but there being no evidence of anything more than
an ordinary bruise the usual local applications were applied.

August 12. The pain and swelling continuing, she again sought

1Read before the Surgical Section of the New York Academy of Medicine, April
27, 1891. (With a report of three cases treated since).

(199)

Coley, Annals of Surgery, 1981

Adaptive Immunity / T—-cell activation

engulfed by
¥
antigen-
presenting cell
B cell helper T cell
memory
L helper T cells
plasrna cells memory B cells
¥ secreted A,
N antibodies
>, 1

defend against extracellular pathogens by binding
to antigens, thereby neutralizing pathogens or
making them better targets for phagocytes and
complement proteins

ATy REE
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qtotoxic T cell

memory J

cytotoxnc 5 3 cells » CYtDtDXIC T cells

defend against intracellular pathogens
and cancer by binding to and initiating
apoptosis in infected cells or cancer cells

PROCESS: T-CELL ACTIVATION

1. T-cell receptor
binds to peptide

on MHC protein,
becomes activated.

" Dendritic
cell

MHC Class |

Cytotoxic
T cells

2. Activated T cells
multiply, differentiate,
and enter blood.

- Mo C.ytokines
Helper T cells 2 .




Tumor Antigens

a Antigens: high tumour specificity b Antigens: low tumour specificity

Mutation

Tumour-specific expression

Tissue-specific expression

Melanomas

Overexpression

Some tumours
D @ o) @

MHCﬁ F d
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Other |
normal cells | !

* Spermatocytes
* Spermatogonia
* Trophoblasts

TAA (Tumor Associated Antigen): presented in tumor cells + (some normal cells)
TSA (Tumor Specific Antigen): presented only in tumor cells

Nature Reviews | Cancer
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Immunoediting of cancer

“Danger”
Transformed  sindls  yymor  NKR
cells @ oo : antigens _ligands

.

Viral infections

Intrinsic tumor suppression
(senescence, repair,
and/or apoplosis)

> .

Normal
tissue

Chronic inflammation

Elimination (immunosurveillance):
* Initial damage (possible destructi
on) of tumor cells by innate imm

« Tumor antigen presentation and
attacked by CD4+, CD8+ T-cells

Inherited genetic mutations
une system
Elimination Equilibrium Escape _
e®ge@ 00 =
€04y o JFN-y 6, IL- )
i | @ . PD-L1 é’?"‘l’L"""‘)TT%Zn
CD4v

) Ankgon ogs + Equilibrium:
MHC loss .

< + Survived tumor cells do not progr

2 Tumor dormancy A
o and editing e ess and remain dormant

IFN-wB

Innate & IL-12 CTLA4 T CTLA-4

adaptive TNF 1

iy | ~eBe™ - Escape:

@ Nomaicon ol i + Cancer cells grow and metastasiz

o 0 ‘ 6 Highly immunogenic

\ o transformed cell

il . P:grlty immmogonswec

Extrinsic tumor :| and immunoevasive
suppression . transformed cells

Cancer Immunoediting
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e due to the loss of control by the
immune system




Immune evasion

( ) E_GFR ) Gyclin-qepquerD
inhibitors kinase inhibitors . Para Iyze CTLsan d NK ceIIs by s
\ v ecreting TGF-8 or immunosup
Aerobic glycolysis jgﬁ;:::;?\ﬁa Eg\:zgjtnhg Immune activating preSSive fa ctors
inhibitors signaling suppressors anti-CTLA4 mAb

Deregulating aving ™ * Recruitment of regulatory T-ce
energetics estruction Il (Tregs) and myeloid-derived

suppressor cells (MDSCs)
Proapoptotic g il Telomerase + Loss of MHC class | expresssion
BH3 mimetics dce" fopliaative Inhibitors
leath immortality

Genome Tumo_r-
instability & : promonqg
mutation inflammation
PARP Inducing Activating Selective anti-
inhibitors angiogenesis invasion & inflammatory drugs
metastasis

o A

Inhibitors of Inhibitors of
VEGF signaling HGF/c-Met

Hannahan and Weinberg,
Hallmarks of cancer: The Next
Generation, Cell 2011
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1. Adoptive Cell Transfer

CELLULAR ATTACK

Adoptive cell transfer (ACT) attacks cancer using either tumour-infiltrating lymphocytes (TILs) or genetically
engineered T cells. Engineered cells are given either a new T-cell receptor (TCR) or an antibody-like molecule called
a chimaeric antigen receptor (CAR); both activate the T cell when they encounter a particular cancer antigen,

\ @Genellcally

; ®0ngmeel cells.
or i CAR

Add a chimaeric antigen
receptor (CAR), which recognizes
a specific cancer antigen.

Harvest T cells from
biopsy or blood.

gt

Add T cell receptor
(TCR) for a cancer antigen.

Isolate and expand Tumour cell Tumour cell
tumour-infiltrating Tumour
lymphocytes (TILs). antigen
MHC
@ ;:‘\;'I‘&‘:" complex
presents
antigens .
Immune depletion Tecell to T cells
@ @ with chemotherapy receptor CAR
or radiation allows
@ introduced T cells
@ to take hold and Co-stimulatony
multiply. Tcell CD3 complex sends molecules boost
@ 1 activation signal Tcell the T cell response

A/

b
T-cell activation T-cell activation

Infuse cells back into patient,
where they attack the tumour.

Courtney Humpreies, Nature 504, S13-15, 2013

AN i ek
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TILs (tumor-infiltrating lymphocytes) - m

etastatic melanoma

- tissue surrounding tumor may contain i
mmune cells and antitumor activity

- culture TILs and re-infuse

- deplete endogenous immune cells

TCR (T-cell receptor)

- give cells new receptor

- viral vector in patient’s T-cell

- T-cell receptor must be genetically mat
ch to the patient’s immune type

CAR (chimeric antigen receptor)

- artificial, antibody-like protein

- antibody (binding to cancer antigen)
- cell activating receptor

- stimulatory molecule

Adverse effects and personalization

Table 1

Select examples of adverse events resulting from clinical application of immunotherapies targeting public antigens

Antigen Immunotherapy Adverse event

Cause Ref.

MART-1/MelanA TCR Fatal neural and cardiac toxicity

Uveitis, Hearing loss, Loss of pigmentation

TCR + DC vaccination Acute respiratory distress

NY-ESO-1 TCR (Affinity enhanced)  Skin rash with lymphocytosis, diarrheal
syndrome
MAGE-A3 TCR (Affinity enhanced)  Fatal cardiogenic shock

TCR (Affinity enhanced)  Mental status changes, comas,
necrotizing leukcencephalopathy with

extensive white matter defects

High levels of inflammatory cytokines [30]
alone or in combination with semi-acute

heart failure and epileptic seizure

On-target activity of TCR-engineered T [247
cells targeting normal cells expressing the
cognate epitope

High levels of inflammatory cytokines [31]
Autologous GVHD-like syndrome possibly [32]
due to loss of self-tolerance

Cross-reactivity with an unrelated epitope 28]
from the Titin protein presented on cardiac

tissue

Reactivity to similar MAGE-A12-derived [33]
epitope presented on neural cells

« Adverse effects in ACT
- cytokine storm

» Need to target “tumor-specific’ antigen
* Neoantigen?

Courtney Humpreies, Nature 504, S13-15, 2013
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2. Checkpoint inhibitors

‘b

LeGpjeauzaess
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Immunomodulatory mABs to overcome
immunosuppression
:d
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Immunomodulatory mABs to overcome
immunosuppression
d

: Cell surface
ac E antigen PD-L1 PD-L2
e ¢
Peptide '

Fm

L
| Nivolumab (Opdivo)

| Pembrolizumab (Keytruda)

£2SBi

4-1BBL GITRL OX40L CD40 CD86
® CDso

CD80 cp112 PSer
CD113 CEACAM-1
DC/APC y

v
CD86 cpyss P02 Po'ucucm-s

ATy R
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The benefits from cancer immunotherapy

©
> A
>
L.
=
(]
4
c
()
o
£
8_’ A
Ipilimumab in melanoma (1861 patients)
22%: > 3 years
17%: > 7 years
Y Y | Average survival (6-9 month to >1 yrs)
Time
Il Chemotherapy I Combination with genomically
B Genomically targeted therapy targeted agent and immune
B Immune checkpoint therapy checkpoint therapy

#25Bi
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3. Cancer Vaccine

Naive T cell
a Tumour \
\ \ De novo tumour-
N A — specific T cell
response
Tumour cell

Tumour antigens

b Pre-existing
tumour-specific
Tcell

response

Amplification of
existing tumour-
specific T cell

Cancer vaccines:

- Injection of tumor antigens

- generate new antigen-specific
T-cell response

- amplification of existing T-cell
response

- increase breadth and diversity
of T-cell response

Increased breadth
and diversity of
tumour-specific

T cell response

Hu et al, Nat. Rev. Immunol 2018

LeGpjeauzaess
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How cancer vaccine works

/;jectlon site\ /I?ymph node

Tumaour MHC class
CD80 or CDB

Tumour
antigen

Maive or memory
CD8* T cell

MNaive or memory
CD4* T cell

h 4

Activated \\ / Tumour site ‘\
CD8* T cell

Tumour
cell lysis

Released

Activated *. ,. <9 @ tumour

CD4* T cell @ P antigens

)\ [ srsiiva] )

Antigen injection (or DC vaccine):

Hu et al, Nat. Rev. Inmunol 2018

Migration of APC to present antigens to T-cells (signal 1)

Co-stimulatory signals (signal 2)
Migration of T-cells to tumor site
Kill tumor cells (cytotoxicity, IFNr, TNF..)

e GpjeRuny=y
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Neoantigen prediction is a key challenge

Tumor Neoantigen Selection Alliance

EDITORIAL
nature e

biotechnology r

®

®lenn

The problem with neoantigen prediction

Personalized immunotherapy is all the rage, but neoantigen discovery and validation remains a daunting problem.

@ Stanford

tools for predicting MHC

Editorial, Nat. Biotech. 2017 35(2)

Tumor Neoantigen

Selection Alliance
(TESLA

* Neoantigen prediction for markers of checkpoint inhibitor
» Neoantigen prediction for finding tumor-specific (non-self) antigens for ACT

§aSBizgzEEns

ean Socety for Bicinformal ticy

TUMOR MUTATION BURDEN
(TMB)
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Who can benefit from ch

The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Genetic Basis for Clinical Response
to CTLA-4 Blockade in Melanoma

Alexandra Snyder, M.D., Vladimir Makarov, M.D., Taha Merghoub, Ph.D.,
Jianda Yuan, M.D., Ph.D., Jesse M. Zaretsky, B.S., Alexis Desrichard, Ph.D.,
Logan A. Walsh, Ph.D., Michael A. Postow, M.D., Phillip Wong, Ph.D.,
Teresa S. Ho, B.S., Travis J. Hollmann, M.D., Ph.D., Cameron Bruggeman, M.A.,
Kasthuri Kannan, Ph.D., Yanyun Li, M.D., Ph.D., Ceyhan Elipenahli, B.S.,
Cailian Liu, M.D., Christopher T. Harbison, Ph.D., Lisu Wang, M.D.,
Antoni Ribas, M.D., Ph.D., Jedd D. Wolchok, M.D., Ph.D.,
and Timothy A. Chan, M.D., Ph.D.

eckpoint inhibitor?

A Mutational Load

P=0.009 by
Mann-Whitney test
» 1750 17504
£ 1500] P-001 by 15004
g Mann-Whitney test
E 1250 (T 1250
£ 1000 1000
3
F 750
H .
& 5004 - 77 [,
3 = . -
§ 07 : 250 .
;
e [ S
Longterm  Minimal or Longterm  Minimal o
beneft no benefit benefit no benefit
Discovery Set Validation Set
B Survival in Discovery Set
1007

>100 mutations (N=17)

64 melanoma patients (25 discovery set, 39 Tl b
validation set) treated with Ipilimumab. g
2
Patients with high mutation burden: good survival, E o ” - sl
long-term benefit = T R e 43
o 20 40 o 60 %0 100
§a5Bi g ey
Tumor mutation burden
% %, “%
09—,,(,\ 4w B %, < 4 % ¢ Zo ¢
9%// <, %, O %, 7% @, % %, %, ‘4
% Y, 6”%4 5 Y, %, %, :"‘»:%0%, % ;? "«:’ %, q%%"’% o%"»o%"of%, %o%'o:%ﬁé,,
ooo%" 1(( %o?"( % %"d O<( % %o Qq(w%"\“f %% K2 %o %’e % l//":)— % 6@ %.9 s oo‘# o”"+%}”'> ‘70,,& /%@-%e % %e
3 4 | W
H - i)
HE AR A
gg 1.0 ; } g I i J /_[_L7L7Lﬂlvz?L?Z?LjL?L7LjLzL= ! ; 7_‘ {
B AT E W W NN B I B
gg Q'f: fofoin . .8 5 .
“8| | i
= |oor}+f
0.001 L=
. #total somatic mutation
* Tumor Mutation Burden (TMB) =

SR P Y R

Keraan Society for Bioinformatics
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total targeted _genome_size(Mb)
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Inconsistence of somatic mutation calls

Strelka

* The number of somatic mutations
are largely dependent on the

i variant caller used
X 3 A ]
Varscan || ., ° Py g : Varscan e s
n _ﬁ . [ i, s " . 2 # s
: Sommtichuiper L SomaicSaper % [i
- (3 v 3
w8 !
0.81 o Strelka | | “ts 0.89 Strelka || "
o 5 L !
8 H
: 0.64 0.63 0.88 || MuTec2 : 0.87 - 0.99 || MuTec2
'
Low depth (~50x) Targeted, High depth (~370x)
Cai et al, Sci Rep. 2016
. 1 HE
§aSBigRYEE=s

Tumor read depth

Tumor read depth

Tumor mutation burden

« The number of somatic mut
ations are largely dependent

| on the read depth
3 VI - And the read depth is simply
not uniform

Variant allele fraction

Cai et al, Sci Rep. 2016

§aSBig3asy=Ae
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Alignment
1o the NCBI build 37 {hg19) using BWA v0.5.9 - v0.7.10

BAM file gencration
using SAMiools

Duplication mark
using Pleard v1.46 - v1.119

Mutation detection and annotation

SNV detection Somatic indels

Fixing pipeline

mut/MB
(SNV)
5533993
5:178398
3.056166
1.459616
1471475

1.453428
1.706356

TCGA
Flow chart

Non-silent SNVs
Somatic mutations from the MAF file were filered 1o remove
(1) sites in dbSNP build 132
(2} mutations in nonceding RNA genes.
3 —racansdant-mations in double-normat sanples
& <= covered reads in the tumor sample and 6 <= covered
reads in the normal sample with 20 <= mapping quality

|

using VarScan 2 and
S using VarScan 2 and
GATK

20

I_l_l

Annotation
wsingg Condel
{the transcript with the greatest effect was used)

Remove sequencing and alignment artifacts and
manually review in IGV

LeGpjeauzaess
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High probability of being deleterfous
of missense nmutations.

by Condel

Lim SM et al, Communications Biology, in press

mut/MB
2991871

2402
1.641857
1.27743

-1820113
1108711

-1oes7miz

In-house
Al t
to the UCSC build 31%::';)“““ BWAvO.7.10 Flow Chal‘t
using SAMtools
using Picard v1.119 e

Realignment and Fived
using GATK and Picasd v1.119

SNV detection
using Mutect2

CNV detection
using Excavator

filter out allele count < 5

filter out allele frequency < 0.1
filter owt non-coding region variants
Filter out Mapping quality < 30

Potential pitfalls (use with care)

Tumor Mutation Burden—From Hopes to Doubts
Alfredo Addeo Over the past few years, th immune  team® ly
mw:;m checkpoint inhibtors has altered the treatment para- o CheckM;
digm i il cell lung cancer (NSCLC). Enrich- 026 study,® a randomized phase 3 trial comparing m = sorew T
(el e ment strategles have identified death. vith platinum doublet . [Figure. Pitfalls of Tumor Mutation Burden (TMB) for Clinical Application
ligand 1(PD-L i . first-line treatment in treatment-naive patients with |-
Giuseppe L Banna, NSCLC with PD-L1 expression greater than 5%. Pa- in Non-Small Cell I.l.ll"lg Cancer
[ refractory NSCLC. In particular, Keynote-024' metitspri-  tients with a high TMB (defined as having =243 mis-
sense had a profonged PFS (median PFS of
w((z‘.;m R 2 i 9.7vs5.8 months. " 062;95%C1,038. i e oy
or greater for 1.00) and higher objective response rate (46.8% vs 4 -
Gleniwelssmp,  based wvalidating PO-L1 i 28.3%) but a nonsignificant OS difference with __./ Cutoff and "
mBA chemistry as a biomarker for 0S. Tumor by f
den(TMB): The from the European Sockty for Medical (i reproduchitity=S)
fiachs bemmon i i Oncology (ESMO) and ESMO Asia have already incor- | (not yet |
Canter, Marvard from 0.01 mutations/megabase (Mb) to more than  porated TMB as a possible biomarker in advanced o \ prospectively s ey
400 i Some of these mutations lead to  NSCLC, ination of ipil . validated! J/ o5 ™
Boston, Massachusets.  yha transtation of novel peptide epitopes or necanti-  pl first. /" Differences \\\ b ) ;/ \
gens that should enhance the immunogenicity of the  high TMB (>10 mutations/MDb). Supporting evidence / in gene b \_q____ ____,.o' P i
tumor by eiciting T cellrepertoires. Initalstudiesof TMB  stems from the CheckMate-227 trial, which reported [ panelplatform | — rognosticor |
? i results for first-line nivolumab plus ipilimumab vs p(ie St t predictive value
tumor DNA and ched b 2 \ " | (not yet proven)
In one study of advanced-stage NSCLC,? whole-  improved PFSin PD-LI-positive (HR, 0.62: 95%C1-0.27- \ mutation types / PR
exome was in2 0.85) and -negative (HR, 0.48; 95% C1: 0.44-0.88) pa- _ considered) & y - ‘ b v
cohorts of patients with NSCLC (16 patients inone and  tients. At the time. 0sd - & f e
18 in she ather) traated with i and i . e —
T™B |
\ / —
e y i oy

,/ .___\\ (

N L

: S5
High scoring

r N — Y.
/' Turnaround time | 1 [} failure rate
| (onaverage, | (owing to quantity |
2-3wk) = . . and quality of
N /L »,\ tumortissue)
\\H__ "/ samplestorage \
o | time (may affect |
| mean mutation
' number found)
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HLA TYPING IN THE ANTIGEN

PROCESSING

e OB EEeEREAs
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Neoantigen processing
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P Proteasome
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MHC

Golgi =
pMHCI
3 TCRr P
T-cell activation £
/Tcell

@ Tumor specific antigen R Major histocompatibility complex | (MHC)

S o
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somatic (passenger) mutations

!

amino acid alternation

}

protein degradation

}

neopeptides

l

binding to MHC molecule

}

peptide-MHC presentation

!

recognition by T-cell

!

immune response
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Neoantigen processing

somatic (passenger) mutations

!

amino acid alternation

}

protein degradation

!

neopeptides

l

binding to MHC molecule

Tumorcell =

peptide-MHC presentation

}

recognition by T-cell

!

immune response

@ Tumor specific antigen 1{ Major histocompatibility complex | (MHC)

Q B-m
% pMHCI

¥ GpjtRanysss
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MHC (Major Histocompatibility Complex)
MHCI MHCII

Cytotoxic T cell Helper T cell
—l L] I, R RN —
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HLA (Human Leukocyte Antigen)

Chromosome 6

-7 ep2131 T e
<] w [<=2 gup 222 sugo TEddnzao 3223 zo@
5 I 9oOFgX e 0=2= ooao
333| 3 (33 °S gEg U°0°  GEEERR Sa38 8%
T
Class | Class lll Class Il

5
GC TCC CAC 7CC ATG AG TOC ACA

Codon
*01:01:01
+03:40

*03:49

*03:01:01401

*04:01:01

TTC ATC GCC GTG GGC TAC
e s== === === ss= =l sa= ==a === S

50
GG GOG TG ACG GAG

>
S
0
s
s
Q
]
4

AGC CAG MGG ATG GAG CCG CGG ©CG

65

GAG ACA GGG AMA

01:01 GAC GAG

85 9
01:01 GCG CTC CGC TAC TAC AAC CAG AGC GAG GCC G

N S Ak b
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HLA alleles are ethnic specific

A*0201 A*2402

0.5454500
02701730
02327650
- 0.2057920
0.1827440
0.1612010

Image from Solbeng of al. (2006) - ses waww_pypop cmipopdata for mone info. Image from Soibeng of al. (2006) - ses www_Dypop oipopdata for mone info.

‘Separator Field Separ:mrsT
H LA-A*OZ 101:01:02N
@@TT B ‘Eﬁow
E 1 allele group ing region
Eﬂu protein \

3; used to shorw a synonymous DNA
‘within the coding region
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e GpjeRuny=y

Keraan Society for Bioinformatics

-17 -



MHC-peptide binding

B
Binding Peptide Binding Peptide

MHC-1 Molecule MHC-1I Molecule

MLLSVPLLLG EECDSELEIKRY

Fig. 5. 3D structures for two MHC class | molecules with bound peptides lon-
ger than 9 amino acids (PDB references 2CLR and 4JQX). (a) The 10mer pep-
tide MLLSVPLLLG bound to HLA-A*02:01 extends at the C terminus with a
glycine (G) amino acid. The residues at the anchor positions P2 (L) and P9 (L)
are highlighted. (b) The 12mer EECDSELEIKRY bound to HLA-B*44:03 has an-
chors at its second (E) and last (Y) positions and bulges out from the middle
of the MHC hindina araave

But it is highly dependent on the HLA alleles
- That’s why we need to know HLA allele (of the patient)

N S Ak b

Korean Sacety for Bicinformatics

HLA typing methods

1. Serology-based typing 2. Sanger sequencing
N . Class | HLA locus
3 + Use of microcytotoxicity s i —
e - complement mediated -
' lysis r s~y Erond ——s=
Anti-HLA 827 Lysis * Simple and low-cost =
3 * Mostly used in HLA-A and \ m:, I
- HLA-B
+ Cantype allele groups an
+ complement d alleles onl —_—
< b{-c W Y 3
< = anct-HA B4 No lysis [ Alignment, HLA typing |
antibodies

Laboting TN o ver
..“" ;0.““ .. « Ampli d regions with biotin-labeled pri
: \ mp_lfytargete reglonswlt iotin—-labeled primers
- > >N | Y + Hybridized sequences emit fluorescence
o o— o o
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NGS-based HLA typing

PROS

Use of (already) produced NGS-data
No extra-cost

* Fast

Threat
Short-read
* HLA genes are GC-rich: lower-sequencing coverage

FSBiERgTYEny

uuuuu Sedety for Bicinformatics

NGS-based HLA typing

C Tool categories

k-mer seeding ATHLATES

HLAminer
assembly [

knownHLAreads [ HiAreporter

[ Erlichetal
Omixon

[ coverage '
HLAssign

Bayesian Polysolver
alignment PHL AT
| HLA-VBSeq

seq2HLA
HLAforest

HLA alleles [
L iterative

bespoke reference [ OptiType

(e ntronic seq )

Bauer et al, Briefings in Bioinformatics. 2018
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Assembly-based HLA typing

oot el bl 8 Genome Medicine
METHOD Open Access

. . HLA reference sequences Human shotgun uence datasets
Derivation of HLA types from shotgun sequence SOROTIo OF GO0 SRS Exon capture, WG of RNASey
datasets , L 5
René | Waren' .(|ru Choe', Douglas ) Freeman', Mauro Castellarin', Sarah Muneo”, Richard Moore' and

Robert A Hok

Alleles
—

Targets \ f Sequence reads
— Short Read Aligners

Targeted, de novo
assembly of HLA

HAspecific data 3
L

Reads are used to
seed contig

HLAminer

HLA =
reference —
HLA sequences

HLA
reference

| HLAminer
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Alignment-based HLA typing

aQ Polysolver
[Asignment ]
computationa
ANALYSIS ST
m]’ } 1 WEA mads  Extraction MUA reads
““""9"::"‘ 2nd stop scores
. . . . (6,597 alisies) based e
Comprehensive analysis of cancer-associated somatic on G pop
mutations in class | HLA genes Fres
Sachet A Shukla' "%, Michael § Rooney™!, Mohini Rajasagi'*, Grace Tiao?, Philip M Dixon’, Michael § Lawrence?, m" A
Jonathan Stevens®, William ) Lane®”, Jamie L Dellagatta®, Scott Steelman’, \oup-u’ Kristian Cibulskis®,
Adam Kiezun?, Hacohen®**, Viadimir Brusic'*, Catherine | Wu 125801 & Gad Getz:10:11
b gee
Detection of somatic mutations in human leukocyte adenocarcinoma and diffuse large B-cell lymphoma' . The HLA g;g‘-nm
anbinan (Ul AL sanae isine whala avama saniansing ocwme located an chramacae & ic amone the macd noalvmernbi: LA
Py Success rlh
Polysolver "l B
y .
i
b |
20
630 30-60 €0-100 100-170 £30 30-80 60-100 100-170 630 3080 60-100 100-170 30-80 60-1
Number of reads (millions)
a Datection algorthm (a.9., MuTect)
Germiine reads £
Ay g
= — Polysolver By By
-, |52
—— HLA type
Tumorreags  EXUCHn |

reads M= ol
%_.?_ Hovoalgn, e sivies
——
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MHC BINDING PREDICTION

Lo OpjeRynnys 4

Kerear Sotiety for Biemfornatics

MHC-peptide binding

B
Binding Peptide Binding Peptide

MHC-1 Molecule MHC-1I Molecule

MLLSVPLLLG EECDSELEIKRY

Fig. 5. 3D structures for two MHC class | molecules with bound peptides lon-
ger than 9 amino acids (PDB references 2CLR and 4JQX). (a) The 10mer pep-
tide MLLSVPLLLG bound to HLA-A*02:01 extends at the C terminus with a
glycine (G) amino acid. The residues at the anchor positions P2 (L) and P9 (L)
are highlighted. (b) The 12mer EECDSELEIKRY bound to HLA-B*44:03 has an-
chors at its second (E) and last (Y) positions and bulges out from the middle
of the MHC hindina araave

Can we predict if a given peptide will bind to MHC?

e GpjeRuny=y
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Prediction algorithms

*  SYFPEITHI: using PSSM

::I Monl pattern for e perdiction of HLA-B*150 & 12 34 56 Posnbn: 1V 2' 3. 4 5. 6
M T T T T T T v | ATPKAR
'.,::::’:::::m A 0625 0 0 18 68 38
F o 2 s o 0 8 s 2 & D O 0 0 0 0 18
Pliiiiiii | e E0 0o o0 o 0 1
ki f R4 & pade s | ARRRES K 025 68 0 78 0 2/8
P iiiiiidqy|Meax Lo 1w o 0 0 0
By siiybag ¢ |EKLRAD P O 0 1 0 78 0
£ iy o |AXPRAA T 118 18 0 0 7w 0
Eiiiiiiiil | acea -0 0o 0 0o o
¥ 1 s 883030 2 Sum 1 1 1 1 1 1
«  SVMHC: using Support Vector Machine
O
BC Slelnformatics ey Input space Feature space
m'aumaunmwmm
Pione Dt and Arme tobuat?
* S-HMM: using Hidden Markov Model
EmmaT P s
B
Hidden Markav Model-Based Predictice of Antigeos Peptides | ACRKR
That Interact with MHC Class Il Molecules i
e i et e e e Bt e
e e e e
B e ey e
PR
b T L e e
RN b Kok
a2 Kerean Socety for Bioinformatics
ANN based al ith
NetMHC: Classification of MHC-I1 binding peptides using ANN
Reliable prediction of T-cell epitopes using neural
networks with novel sequence representations
MORTEN NIELSEN,' CLALS LUNDEGAARD, PUDER WORNING.!
K LAMBERTH,” SOREN BUUS,”
In shis puper we descrve w imgroved nowrsl eneork mrtod 0 et Tl s | epiopes. A sorel
nd ape o e i Rl sl O sttt e combms of averel vl Input layer
nctmurhs derireod wning dfforom s cecmodieg = lees b o prefumane sepoio b ocsel ook
Aderived wsing a singhe soquence-enooding scoheme. The bew method s $30wn 10 have & perfommance thas is
sabstantially higher than thit of ether methods. By use of moteal infomation caloulatom. we dhow X : y : 7 ‘ ok
NetMHC-3.0 NetMHC-4.0
APPLICATIONS NOTE ™ 5 iz | ™0 P s .
Secuence analysis ona s :::r-“:z borene
PP ion method for of class | MHC == I PO——
affinities for peptides of length 8, 10 and 11 using prediction ™
Gopped sin,
tools trained on Smers " ":u,‘nmm:.”|m°n:°u:- @ AILDFTHL ® FYGERPLTRY
e MHC class | system
" | (s S 000000000 000000000
RS ey TNELYENS. aed .
TENELEENS. e ntnmmte] XKAILDFTHL 0.043 FYGERPLTRY 0.103
::::V(“; o b Begen Sopeenes Ao, Tubibmeny Wbt i A X T LD F T H L 0.013 FGERPLTRY 0.012
:""‘"“""‘" AIXLDFTHL 0.562 FYERPLTRY 0.378
B ot e 8 % e 0 AILXDFTHL 0.743 FYGRPLTRY  0.466
Approximation of 8, 10, 11 from 9 mer model e . AT INE BXR N, 8524 IISRELTRY (8.7
Tt - Gapped allgnment to ANN| » * FTXHL 0.505 FYGERPTRY 0.609
Mo d »n . Al FTHXL 0.366 FYGERPLRY 0.59%98
Towttes b4 1910 8~11 mer AILDFTHLX 0.013 FYGERPLTY  0.309
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Regarding all HLA-types at once

NetMHCpan: Prediction on all HLA-A/B alleles, simultaneously

Experimental data are biased to major HLA alleles
» lack of training data in rare alleles
P lack of accuracy

OPEN () ACCESS Frealy available anling * PLOS one

NetMHCpan, a Method for Quantitative Predictions of
Peptide Binding to Any HLA-A and -B Locus Protein of

Known Sequence . . . .
Morten Nielsen ', unnl.mgua mmmmm Wasper Lamberth’, Mikkel Harndahl’, Sume Justesen’, Gustav Roder”, Bjoern Peters’, BUI|d a ClaSSIerr that WOI"k On HLA_pept|de palr

Messandro Sette”, Obe Lund”, Soren Buus®

1 Cerner for Bological Sequence Anshysii, BioCentrurm DTV, Technical University of Denmark, Lyngby, Denmark, 2Department of Experimental
hmu\olngy Institute of Medical M(m and immunalogy. Univerty of Copennagen, Coperhagen, Denmark, 3La Jolla Insstute for Allergy

= o | NetMHCpan-4.0: Improved Peptide-MHC Class I Interaction Peptide + MHC sequence
wcosr| Predictions Integrating Eluted Ligand and Peptide Binding

rumber
o mejor| Affimity D:
dvelop ty Data Input layer
quantits
,r:,':,:‘ Vanessa Jurtz,* Sinu Paul,” Massimo Andreatta,” Paolo Marcatili,* Bjoern Peters,” and
ean be { Morten Nielsen®!

informa:
molecul Cytatoxic T cells are of central impertance in the inmume system’s respanse to disease. They recognize defective cells by binding Hidden layer
pathoge] to peptides presented on the cell surface by MILC chass | mobecules. Peptide binding to MHC mobecules is the single most selective

devalop! sep in the Ag-presentation pathway. Therefore, in the quest for T cell epitopes. the prediction of peptide binding 1 MHC
relationy madecules hos attracted widespresd sttention. In the past, predictors of peplide-MHC interactions have primarily been trained
Craticn | on binding affinity data. Recently, an increasing namber of MIHC-presented pepfides identified by mass spectrometry have been
Bt

o reported ion about peptide-processing steps in the pathway and the length distribution of
maturally presented peptides. In this articke, we present NetMHCpan-4.0, a method trained on binding affinity and eluted ligand outpu' Iayer
data leveraging the information from both dats types. Large-scale benchmarking of the method demonstrates an increase in
predictive performance comparcd with state-of-the-art methods when It comes 1o identification of naturally processed ligands, m Eluted
cancer nenantigens, wnd T cell epitopes.  The Jornal of Inamunolegy, 2007, 199; 3360168,

wlation ll'pnllmgru sis amd malignascy. They performitbe  experimental binding datn in o more effective manser. One such
fare of collc for the nencelt  nowel mesbeyt ic NNAen Y ) il she isnsersgion of rerside

C yotonic T cells play a central role in the immune reg- leaming algorithms capable of capturing the information in the
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Too many methods. Need a consensus

NetMHCcons: Prediction on all HLA-A/B alleles, simultaneously

Imenunogenetics (2012) 64:177-186
DOL 10.1007/500251-011-0579-8

ORIGINAL PAPER

NetMHCcons: a consensus method for the major
histocompatibility complex class I predictions

Edita Karosiene - Claus Lundegaard - Ole Lund -
Morten Nielsen

NetMHCpan for N, < 50 and Ny < 10

NetMHCcons = i
NetMHC + NetMHCpan otherwise

Received: 2 July 2011/ Accepted: 28 Scptember 2011 / Published oaline: 20 October 2011
© Springer-Verlag 2011

Abstract A key role in cell-mediated immunity is dedicated  methods for alleles with more remote neighbours. The final
1o the major histocompatibility complex (MHC) molecules  method, NetMHCcons, is publicly available at www.chs diu
that bind peptides for presentation on the cell surface. Several di/services/ NetMHCcons, and allows the user in an auto-
in silico methods capable of predicting peptide binding %o matic manner to obtain the most accurate predictions for any
MHC chss | have been developed. The accuracy of these  given MHC molecule.

methods d-—pauk on the data available charcterizing the

We demonstrate that a simple combination of NetMHC and NetMHCpan gives the highest performance
when the allele in question is included in the training and is characterized by at least 50 data points with
at least ten binders. Otherwise, NetMHCpan is the best predictor.

T ik o Bl
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Benchmarks and competitions

e of gl Mcheds 394 (B011) 2-34 2nd Machine Learning Competition in Immunoclogy 2012

Contents ksts available #t ScenceDwect
Sponsors: InCoB 2012 and ICIW 2012
Journal of Immunological Methods

Prediction task:
Predict peptides naturally processed by MHG Class | pathway ("eluted peptides”) for each target MHC molecule. For &

SEVIER inanns SR targed molecule, the competlors are asked 1o submil a set of predicted eluted peptdes fram the test set
Research paper
Heel i i Amwfnwnmonswemwmlor* Of these, 24
Prediction of epitopes using neural network based methods © X st st P et ’h' 2ath papiide and
Claus Lundegaard *, Ole Lund, Morten Niel Winners «:hw ma«une subrmissians (Group 2) provded ksts of peptides that were
R » e M predicted as eluted from specific MHC molecules (eluted peplide kst based prodictors) for
Conts for Wlegt Soueree Ay, T Syrmems Bodeg, Bdin 08, Tkl Unversty of ek, DY 2400 yvghy, vk 5

g:: ol B ﬂud'ed MHC alleles, The NetMHC 3 2 server (10-BENCH) results were used as a

ARTICLE INFO AssTRACT
yrmrre— in e it e rscribe e g behind hre et wpects o the Rk Winning Team Predictor o o diction Mathed (Winning
-«M-m»tm"m“ma tamiy oM We have updated the prodiction Mo, Category
Recetved in revised servers, NEAC-12, muo—-u and & iew consenyus method, Neth@iCcons, which, in
Acceyeed 27 Ocriber 210 heie previous versions, have been evalused 10 be e very best [ Lundegaard C, Lamberth K, Hamdahl M, Buus 5, Lund  [1D- Group 1
e 3 Grbes 2078 T e e . Niclsen M, Technical University of Denmark pENCH |NEMHC 3.2 (Reference) | funon,
Giroup 1

A Bayesian model averaging 870702,

s Giguere S, Drouin A, Lacoste A, Laval University, oF method gver severa) Svnts® |H:20P.
tphere Canada using the GS kemel. and H-
oo o
Tet
UA comibanation of NetMHC, BrI501
Miglsen M, et al | Technical University of Denmark 90 NetMHCpan and MHCkemel land
g predictions. ,
] _3 4403
@ Giguere 5, Drouin A, Lacoste A Laval University, 20 classsfier and a novel |Group 1:
g Canada string kernd (55 kernel) B*5301
-
5 o hersity of Michigan Medieal Schodl, - igon, b (b i < :a“m?.cal & B
P-value as the cutoff.
ConsMHC: a consensus.
Yu Tang We, Depantment of Probatabty and Sianshcs. h -
School of Mathematical Sciences, Poking University: (|40 oo e eronz
Wen Jun Shen and Hau-San Wong, Department of NMHE:, NetMHCpan and
Computer Science, City University of Hong Kong FickPocket by SV'Mm

° Overall SRCC
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ANTIGEN PROCESSING STEPS
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Neoantigen processing revisited
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R Major histocompatibility complex | (MHC)

immune response

Antigen Processing Pathways for MHC class I/l

Proteasomal TAP HLA T-cell
cleavage transport binding recognition
k_\r_j
Intracellular
antigers Peptid TAP
eptides TCR
HLA class | § — ?4‘* — 555 —» — — . 53 cDB Tcell
S (5 S | =
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ER HLA
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HLA class Il v —_— — CD4 T-cell
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Exogenous — —
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HLA T-cell
binding recognition
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Backert and Kohlbacher, Genome Medicine, 2015
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Proteasomal cleavage

Protein

“ In vitro data created with purified proteasomes in the laboratory

(in vivo data are harder to collect)
Proteasome . S8
- - .-

Cleavage

C-terminus: commonly determined by proteasomal cleavage
N-terminus: can undergo further trimming by proteases locate

N--@S Pl NN L B>
s ! ) 7o) .

f,,'f"""?:‘r oC d in the cytosol or ER

Fragment

None of the predictors achieved an MCC above 0.3

: the in vitro data do not capture the full complexity of proteasomal
processing in vivo. The value of predictions of proteasomal cleavag
e is thus rather limited

OBtz gz

Kerean Society for Bio

TAP transport prediction

Cytosol

° .. °
Protein < sAmino acids
?)—) -7 P/t"d
~_Peptides
Proteasome

ATP ok
ADP + PO s

RER lumen Peptide ready to be
loaded onto class | MHC
molecule

 Primarily owing to the scarcity of data, there are few published methods o
n TAP transport prediction.

* No unbiased blind benchmarks for TAP transport methods have been publi
shed so far, and a comparative assessment of the various methods is thus
currently difficult

aSBiEEEEEE
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Considering MHC-binding stability, not affinity

Peptide-MHC class I stability is a better predictor than

peptide affinity of CTL immunogenicity

Mikkel Harndahl'!, Michael Rasmussen’, Gustav Roder’, Ida Dalgaard
Pedersen’, Mikael Serensen®, Morten Nielsen” and Seren Buus’

! Laboratory of Experimental Immunology, Faculty of Health Sciences, University of
Copenhagen, Denmark

 Center for Biological Sequence Analysis, Department of Systems Biology, Technical
University of Denmark, Denmark

Efficient presentation of peptide-MHC class I (pMHC-I) complexes to immune T cells
should benefit from a stable peptide-MHC-I interaction. However, it has been difficult
to distinguish stability from other requirements for MHC-I binding, for example, affin-
ity. We have recently established a high-throughput assay for pMHC-I stability. Here,
we have generated a large database containing stability measurements of pMHC-I com-
plexes, and re-examined a previously reported unbiased analysis of the relative contri-
butions of antigen p and p tion in defining cytotoxic T lymphocyte (CTL)
immu etal, J. 1. 2007. 178: 7890-7901]. Using an affinity-
balanced approach, we demonstrated that immunogenic peptides tend to be more stably
bound to MHC-I molecules compared with nonimmunogenic peptides. We also devel-
oped a biocinformatics method to predict pMHC-I stability, which suggested that 30% of
the nonimmunogenic binders hitherto classified as “holes in the T-cell repertoire” can be
explained as being unstably bound to MHGC-I. Finally, we suggest that nonoptimal anchor

ity [A

AN i ek
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Binding (kinetic) stability

We also developed a bioinformatics method to predict pMHC-I stab
ility, which suggested that 30% of the nonimmunogenic binders hith
erto classified as “holes in the T-cell repertoire” can be explained as

being unstably bound to MHC-I.

Prediction on the stability

NetMHCstab: predicting stability of pMHC-I complexes

Immunology iﬁ"r‘ﬁ'ﬁ'ﬁologﬂ|

IMMUNOLOGY

ORIGINAL ARTICLE

NerMHCsrae - predicting stability of peptide-MHC-1 complexes;
impacts for cytotoxic T lymphocyte epitope discovery

Kasper W. Jorgensen,'* Michael Summary

et ey dnd Major histocompatibility couples das 1 (MHCT) msolecales play an

cssential role in the cellular immune response, presenting peptides 1o
cytotoxie T lymphocytes (CTLs) allowing the immune system to scrutinize
ongoing intracellular production of proteins. In the carly 199k, immuno-
genicity and stability of the peptide-MHC-1 (pMHC-I) complex were
shown to be correlated. At that time, i li

and time consuming and only small data sets were analysed. Here, we
investigate this fairly unexplored area on a large scale compared with ear-
lier studies. A recent small-scale study demonstrated that pMHC-1 com-
ity was a better correlate of CTL immunogenicity than peptide—
ty. We here extended this study and analysed a total of 5509 20
tide stability measurements covering 10 different HLA class |
malecules, Artificial neural networks were used to construct stability pre-
dictors capable of predicting the half-life of the pMHC-I complex. These 10

30
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Prediction on pMHC-TCR binding

MHC

TCR

T-cell contact
residues of peptide

Fritsch et al, Cancer Immunology Research. 2014

LeGpjeauzaess
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TCR immunogenicity prediction

Vi, 23 no. 8 2007, pages 47349
ok 10. 10R3 hégénformanice/bemOs T

ORIGINAL PAPER

Sequence analysis

POPI: predicting immunogenicity of MHC class | binding peptides
by mining informative physicochemical properties

Chun-Wei Tung' and Shinn-Ying Ho'**

Institute of Bicinformatics and “Department of Biological Science and Technology, National Chiao Tung University,
Heinchu 300, Tawan

Raceied on Ociober 38, F006; revised and Accepted on Febnuary 14, 007

Achvance Actess publication March 24, 2007
Asseciate Edeor:. Limsson Worg

1 INTRODUGTION

i pathvry inchading  Developing a computer-aided system 1o design peptide vaccines
magor histocompatibilty complex (MHC) binding and immunogen- is one goal of immunoinformatics. The major work of previous
city peadiction of those peptices e sssential 10 snadies for peptide vaccine designs is 1o identify cytotoxic
develop a compuler-aided system of peptide-based vacoine design T lymphocyle (CTL) epitopes and investigate their correspond-
that s one goal of o L uches have dealt img ity. The CTL cells play a critical role in
with modelng the gty but ot the intractable  nrolective immumity by jrine and climi Af=alicregd

ABSTRACT

531 propertes. Parametors of SVM

ofofofafofafofofoolooloTalo] - - - [o]o]C]>
GiA-chromosoms — A e Alsnine | Lencine
(A L)
v v + - i
Index vectors w0 | sie 1020 BLIT | #8909 [ 13117 Rusidua | 0 | ozo
volume
Residue volume Molecular weight I 1 i |
. h"“""‘l:_" 8909 | 13117
v Avenging o weig
Feature vestor 8553 | 74 > SVM «
v
— Immunogesicity | Wigh | Modorste | Litle | None | Lfal1
Accarncy 0% 4% 60 50
= | 1 1 Peplide soquance
Averagin
gy |
Fitmess. 3%

Tung ef ol BWC Beetoemotes 2011, 12446

Wt/ v biomedcental com/1471-2105/12/446.
BMC

Bioinformatic{

RESEARCH ARTICLE Open Access.

POPISK: T-cell reactivity prediction using support
vector machines and string kernels

Chun-Wei Tung'?, Matthias Ziehm®, Andreas Kimper®, Oliver Kohlbacher™ and Shinr-Ying Ho™

Background: Accurate prediction of peptide immunogenicity and characierization of refation
sequences e immmun:

he web server of POPISK &

useful for peedicting ity changes
freely avalable at http//ickbMe.nciu.ecutw/PORISK

ade by single-residue modH

LY

L G V. T
T

(e

The current performance of immunogenicity predictors is certainly not satisfying.

The amount and reliability of experimental data on T-cell reactivity is certainly one reason for this. But clearly our lack of underst
anding of the details of the processes leading to central and peripheral tolerance hamper the development of more predictive met

hods too (Toussant et a/, BCB11, 2011)
g;SBii'i"é%%Eﬂ!I
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NEOANTIGEN ANALYSIS
& INTEGRATED PIPELINES
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Somatic mutation derived neopeptide
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Predicied Affnity: 15.8

Wildtype Peptides

Predicied Affinity: 16762 nM

Non-Synonymous
Mutation

And Neoantigens

Predicied Affinity: 6.8 nM

Neoantigens

Predicied Afinity: 126 1M

Oiseth et al, /] Cancer Metastasis and Treatment, 2017

Overall Pipeline

Mol e o
008 101 186413073016-0064.5

Genome Medcine G016 &1

Genome Medil

pVAC-Seq: A genome-guided in silico ®
approach to identifying tumor neoantigens

§2SBi

SR P Y R
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Whole Genome Sequencing
Exome Sequencing
Custom Capture

BWA vorsion 05011 78 VI
SAMtoals version 0.1, 15 (params: -A -8) fitered by sng-
e v and further intersected with Somatic Sniper

versian 1.0.2 (garams: —Fvef 1 -Q 15) and processed

versian 0.4 —bamresgcount- min-base-qually 15 —min-
ity 40 —min-somaiic-scere 40)
VarScan Somatic: varsion 2.2 6 fitarad by varscan-high-

v
|oasitive iter v1 (params: b
- bamreaccountmin-base-qualiy 151
Streiia version 1.0.10 (params: ISSKpDSpINFNrs = 1)

[Variant Effect Predictor (VEF)
Amina Acid Ghange
[Transcript Narme

TUMOR

|Tophat v2.0.8
Ovation —bowtie-version=21.0

T2 Tmer “OTE-T0 AR Nanfking o 6ach
sico

Format

[> Type.Gene.AAchange

NoiMHC va.4
Additional Inputs

[Pesiide Length
IHLA Allele

Generate FASTA file of
peptide sequences

PERFORM

Filter 1 recommendation:
) MT binging scors is < S00MM in

i) Localized peplides anly
i) Screen across multple paptida
lengths and alisles

i) Top scoring candidate per mutation

Parse results based on
WT and MT

EPITOPE

PREDICTION

Variant requency]
(vAF)

Tumor (ONA and AINA) and
[Normal (DNA)
| Software : bam-readcount

(Gene Expression (FPYW)

Filter 2
)
Normal Coverage >=5x (upia 20x)

Normal VAF <=27%.
Tumar Coverage (DMA and RNA)

i
Tumar VAF (DNA and ANA) >=40%
b) Gene Expression
FPich = 1

INTEGRATE

SEQUENCE
INFO

FILTER
CANDIDATES

Filter 2 : Sequencing-
based

Prioritized list of
neoantigen vaccine
candidates

Wanual
inspection of
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Things need to be resolved for practical application

Genome-level
application

Use of more
information

Discovery of
new features

LeGpjeauzaess

Korean Sacety for Bicinformatics

® Bulk/batched prediction of genome-level antigens
® Should be able to process all steps from NGS sequencing to final call

®  Automated report with rich annotation and candidate suggestion

® Can we find a new feature for immunogenicity prediction?

IDENTIFYING TUMOR IMMUNE
MICROENVIRONMENT

$aSBi gz EEne

62

-31-




Tumor Immune Microenvironment

a Tumor Immune Microenvironment b Anti-tumor immunity of T cells

Germinal centre

CD80/86 CD28

Dendritic cell Naive T cell

Tumor site
PFN
GzmB
e ey e
o o,
S A
3 .-/‘.—\.‘

TCR MHCI

. .
e
1PN
TNFG Tumor cell

Effector T cell

2 Macroph T .
@ ow @ @ @ ceon @ e
Cancer-
Dendritic cell & Fibroblast *“m,m, @~ Epithelial cell
)‘ cDC / pDC fibroblast T

* A complex, organ-like structure (tumor cells, immune cells, fibroblasts, va
scular endothelial cells, and other stromal cells)

« Immune cells + secreted factors (cytokines, chemokines, growth factors)

N S Ak b

Korean Sacety for Bicinformatics

Tumor Immune Microenvironment

T lvmphocytes Tumor associated
Cancer cells Pt macrophages (TAMs)
TAMs ECM / \ ey M“ :t':a
e CSCs P / £
CD4+ CDg+ 0
\ /wmunov) M1 o tMZ
——— ro-tumor)
T lymphocytes ANt-RIMog Express:
NK cells lymphocyt T hgperm Express: |L~§
T regulato IL-12 IL-6
Immunosutfpressive MHCII IL-10
(block CDE+) TNF-ot IL-13
TANs Promote tumor cell proliferation EGF
by expressing TGF-p and IL-10.| VEGF
CAFs Myeloid-drived suppressor cells
MDSCs)
xpress TGF[} & IL-10 promoting angiogenesis,
Thelperand Tr latory lymphocy ivation.
lemphocéte inhibition:
gsc:i?\l: z?ndzaarl g‘lg\se'depnvation
Express PD-L1g. >
. Natural killer (NK) cells
Express IFN-y: Promote T helper 1 lymphocyte &
> MDSCs.
Vasculature 2 P
— Tumor associated neutrophils (TANs)
Cancer cells Cancer stem cells (CSCs) N Ay OBl Baraton.
P | @ N
Differentiation: NOTCH ' metastass. ____ Cancer associated fibroblasts (CAFs)
Adhesion and invasion: FAT1 Resistant to chemo and radiotherapy. ~, Express IL-6, TGFB, TNF, VEGF & CXCL-8
Express: TGFB1, IL-6, IL-8, IL-10 & VEGF. Express PD-L1. p ing an i ppressive TME.

« TME components often inhibit or promote anti-tumor immunity
« Buttheir roles are not definitive, and can be context-specific

RN b Kok T

Keraan Society for Bioinformatics

-32-




Tumor Immune Phenotype

8@~ 0 & i &K~ | v A
Tumor A Macrophage B cell f PDL1 PD-1 Anti-PD-1 Anti-PD-L1 CTLA-4 CDB0/86 Anti-CTLA-4
cell cell  Tcell Tcell antibody antibody antibody

Immune-desert Immune-excluded Immune-inflamed
(cold tumor) (hot tumor)

T cell activation by binding its ;‘: i
receptors PD-1/CTLA-4 to PD-L1 and receptors PD-1/CTLA-4 to
CD80/86 on tumor cells anti-PD-1/CTLA-4 antibodies

T cell inactivation by binding its

* Immune inflamed: immune cells infiltrated the tumor
* Immune excluded: immune cells are restricted to the stroma

e immunedesert: T cells are not recruited
e COpjtRuTaRs

Korean Sacety for Bicinformatics

Identifying TME by Cell-type decomposition

Bulk Sample 1

<

Bulk Sample 2

Deconvolution D) .’.
, oF e
(L11111] I— _

‘ g

Bulk Sample 3 00 0z 04 08 o8 10
Cell type proportions

¢ odwes

§aSBig3asy=Ae
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Identifying TME by Cell-type decomposition

k samples c cell types
§ § Basis x
g Bulk data = (7} (&gnatgre)
IS IS matrix
M H
Problem
Estimate cell type proportions from bulk profile and signature matrix
Generate signature matrix from bulk profile and known cell type
proportions
Estimate bulk profile from signature matrix and cell type proportions
on® H k-1
§aSBigRgzE=ns

Given

M,H

M,F

H,F

k samples
e]
=
= Sample
E proportions
L]
F
Estimate Requires
F n>c
H k=¢c
M none

CIBERSORT
o Bl

Purify profile Gene expression
signature matrix ~—
2 G = Transcriptome
= Z=Z< profile
> =R [ XORKC ) T
~
e t Permutation analysis
-> ===
~ ’
Significance
—_— CIBERSORT — P

V-SUPPOI VECIOr regression
(linear kemel)

CIBERSORT P value evaluation

3

b Validation of leukocyte subsets in LM22 c
(n = 22 studies, 208 arrays) (n = 3,081 diverse human arrays)

- 100
8
= B804
-
€ Sn Sp AUC
§ 601 «= Non-celllines 97% 99% 0.99
Z (n = 1,801)
]
S 40 — Celllines 94% 95% 0.98
3 (n = 1,260)
>
H
2
A

o

T T T T

20 40 60 80
100 - specificity (%)

CIBERSORT fraction
07 I ] 907

0 100
% correct

=

100

CIBERSORT fraction (%)

Relative fractions and
global P value estimate

o
(=
L

40 60 80
Coulter counter fraction (%)

* Given a validated leukocyte gene signature matrix (LM22), deconvolute a
n input bulk gene expression profile to generate cell-type fractions

Support vector regression

AN Kk Lt

Koraar Society for Biowfommatics
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MuSiC

/Multi-subject scRNA-seq \ ( Cell type-specific gene expression reference from scRNA-seq h Bulk tissue deconvolution
Stage 1 Healthy
5 q'_d A Chntedl§ P Cluster proportions
~.: :" E H ] /YS e
him 24 g—l Cell type proportions
w:, l
¥ — — e

IGI

ICI‘
-

- ———
- <>|=
© ﬁ e C ubj C bj ( Weigh —
\ . . . J \ ross-si ]ect mean ross-su ject vanance Blg t J

+ Utilize scRNA-seq from multiple subjects, identifying reference cell type-s
pecific gene expression

+ Extract genes that are informative (low cross-subject variance)

N S Ak b
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ImmuneDeconvR

Homs * Bicinkmaatics for Cancar knmnrsthersey » Protecst

Immunedeconv: An R Package for Unified Access to
Computational Methods for Estimating Immune Cell
Fractions from Bulk RNA-Sequencing Data

Sutton, G. J. et al, 2022

-
g
S

Nadel, B.B. et al,, 2021 -

Gregor Sturm, Francesca Fingtelio & Markus Liss =
ool | Fzst Qoline: 03 March 2020

Jin, H. et al,, 2021 5035 Accesses | 88 Citations | 1 Almetric

Cobos,s.etal, 2021 [

Part of the histhods in Molecular Binloay beok series (MIME veluma 2120)

Ol -

o
¥ §n ml

AN

(I e

Abstraet

wi
g
3

o
2
v
8
°

Since the of in silico app for esti i 1l fractions from bulk
RMNA-seq data can vary, it is often advisable to compare results of several methods. Given
numerous dependencies and differences in input and output format of the various

methods, analyses can b quite complex. This motivated us

O
§
%

[]

10 develop immunedecony, an R package providing uniform and user-friendly access 10 seven
he-art i methods for of cell-type fractions from bulk
RNA-seq data. Here, we show how immunedecony can be installed and applied to a typical
datazet. First, we give an example for obtaining cell-type fractions using quanTleq. Second,
we show how dimensionless scores produced by MCP-counter can be used for cross-sample

comparisons. For each of these examples, we provide R code ilustrating how immunedecany
results can be summarized graphically.

» Eachtool has its own pros and cons, and do not agree each other

* Immunedeconv provides a unified access to immune decomposition tools,
so users can see different results and finally find a consensus

e GpjeRuny=y
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Predicting of T-cell evasion mechanisms (TIDE)

TGFB is interacting with CTL infiltration because:
- Survival of High vs. Low CTL-infiltrated patients are discriminated
only when TGFB is highly expressed

i a o
70581 4 (a8 ) i ok
" Pacoote 24 : P *hx T
o o i T %
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o 1w e y :
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. o CO 3 '
Yoot dyshacion mess a : i g : s
Wazard e 4% CTL + B Vo 8 C . :
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a0 °
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A «Q QQ 00
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Predicting T-cell dysfunction model: high infiltration but dysfunctional T-cells

or excluded T-cells

Extract T-cell dysfunction genes from interaction test in treatment naive data

Calculate T-cell dysfunction score
Lo Qpjednnsy
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TCR repertoire

. Tissue-draining LN Non-lymphoid
J - tissues
. A
| TCR as a barcode to quantify =
Pre-immune <
repertoire clonal expansion and diversity

- @ Tcell 58 oz

=]

Teonv Ti
= o

/
. -~ TCRasasetof o "
CAWSIODOOJETQYF) Igalum that can T?n’}gbraat ion :'r::, sha'r‘gdo'
influence fate

lineage across tissues
Legend =8 Tcell =8 TCR % Dendritic cell
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+ T-cell diversity and clonality is the overall resultant response to the compl
ex T-cell immune environment

+ Diversity is inversely related to clonality
« High clonality is generally a marker for good response

e GpjeRuny=y
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TCR repertoire reconstruction

Candidate reads Contigs Annotations.
—t e o Com_1a T
> - > ==——————— — > (G Tew & eEs ]
— T T
[—————— [[urs TAcws coms  TRee  TRGE|
b Pairad-end < 5 d
== Parfect match
350 | um %m!smm:ne
== 2 mismatches
300 4 == 3 mismatches 150 bp 45 s A
= -; musmalcgah:
= 5+ mismal 5
£ 250 A . 40
£ =
o —
£ 200 g
@
3 100 bp :g B 16209V
5 150 2
E] 75 bp 30 .
100 - VH_CDigpos
50 50 bp lI 25 » TRUST4
I » MIXCR
o II=|:-‘!“r "‘I:""’_glz-‘w cr¢|:2“’-_ Zﬂo 2000 4000 6000 8000
2385 9xob 2388 2aub " o '
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Generally, TCR or BCR sequencing is employed for repertoire reconstruction
Conventional bulk RNA-seq can be also used using specialized tools, such as

TRUST

TRUST 1) extract TCR/BCR candidate reads, 2)assembles to form contigs, 3)
identify somatic hypermutations, 4) reconstruct repertoire

ATy R

Korean Sacety for Bicinformatics
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Use of single— and spatial transcriptomics

Reference
i Annotated

a Input:
L
scRNA-seq data J

of
L pure cell types. single cells

Step 1:
Identifying variable
genes among cell types
in the reference set

Step 2:
Correlating each
single-cell transcriptome
with each sample in the
reference set

Reference

Original identities

¥

Step3: lterative fine-tuning—reducing the
reference set to only top cell types

BMDCs
Fibroblasts

e

02

i

0.1

XTI
Q{i;& & ‘,o"‘@f *@i‘;ﬁ&
&

_____SingleR scores

Fibroblasts
Stromal cells
DC
Macrophages
Monocytes
Stem cells
Endothelial cells
Epithelial cells

HEw1

-5 0
-SNE 1

Single cells

Normalized scoros: I
0 02040608 1

he single cells are well clustered.

ATy REE
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#25Bi

SUOHEIOUUE PESE]-0UBIaoY

t-SNE 2

Seurat (10X)

0~
-25
T T v 1
-25 0 25 50
t-SNE 1
SingleR annotations
50 {#CD8" T cell
©CD8" Ty, coll *CD4* T cell
0C08+ Teucel | o=>a.  #CD4* Ty coll
25 |*NK ool 23K 3\ © CD4* Ty coll
~ 30T, cel
T N
A A . s
’ e g
"\ e Naive B cell
v i ® Memory B cell
/ ® CD16"Monocyte
.-’ ® CD16" Monocyte

25 50

sonc 4

In single cell sequencing, a complex decomposition is not necessary once t

Clusters should be annotated using reference gene expression
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Use of single- and spatial transcriptomics

[~ [pre—

Manual of CellChat datab b scRNA-seq data input and processing
| Agonist - KEGG base
« Primary literature

Option 1 Option 2
0] ‘Q - il feow : .'. o s ._1,-.
& CellChat 5' H H S )

Coll

; o oormted Signating Latent space Latert tajectory | o Overview of the inferred TGFP signaling pathway network
I3 ® Call-Cell Contact Signaling to fibroblasts Signaling to immune and endothelial colls
; ~—Signeing toSwoblests P
l Source Target Source Source Target Source
o I ek e dentification of over-exp d genes per cell group FIB-A MYLA  FIBA &c—
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l FIBC &, MYLE FIB-C & <
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b N N e :Sig. « Inf of statisti and biclogically signi FIB-H @ S FIB-H @
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Idensification of signaling robes for cels Discovery of domanant call Classification of signaling pathways  Identification of shared and context-spacific
- e =
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* Cell type-level gene expression with predefined ligand-receptor interactio
ns, cellular communications can be inferred, wherein which cell type influe
nced others through effector molecules

AN i ek
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Use of single— and spatial transcriptomics

- Tumor- H
. immune f‘PN b : CXCL12+ Jk 106
“barrier” acrophages ' fibroblast 9

+ Using spatial transcriptomic, we can profile gene expression at the selected regio
n of interest (ROI).

* Not only the abundance, but also the localization of immune cells direct the tumo
r immune microenvironment

« Similar bulk cell sequencing analysis techniques can be also applied to the spatia
| transcriptomics data

T ik o Bl

Keraan Society for Bioinformatics

- 38 -




Conclusion

« T}%3F cancer immunotherapy €] 7 0 & 2|4l o] TH S A]
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o O & a9} A2 F28-E 2ol gA}, EF 5ol A
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« HLA type, MHC binding, Antigen processing & U<t step
GAlE o5& 9 ) computational algorithm ©] <43

H, sk ar 9l
* Bulk, single, spatial transcriptomics & ©]-83}o], T T
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Linux

Linux
—

CLI (Command-Line Interface)
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1. DNA-seq= O| &l neoantigen prediction

2. Bulk RNA-seq= 0|2 ¢ tumor immune microenvironemnts & 43

3. Single cell RNA-seq= O|-& ¢t cell-to-cell interaction prediction

4. Spatial RNA-seq= O| 8%t TME &M
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DNA-seq= 0|8} neoantigen prediction

Prerequisites Processed data

Raw bam file (GRCh38) Processed fastq

«  ACC_T_01.recaled.bam * ACC_T_01.chr6_1.fastq

+  ACC_T_01.recaled.bai * ACC_T_01.chr6_2fastq

Processed vcf file — Mutect2 HLA typing (MHC class I) — OptiType
«  ACC_T_01.PASS.somatic.vcf + ACC_T_01.MHC.l.processed.tsv

+ ACC_T_01.MHC.Llist.txt

HLA typing (MHC class Il) — HLA-HD
+ ACC_T_01.MHC.ll.processed.tsv
*  ACC_T_01.MHC.ILlist.txt

pVACseq (NetMHCpan, NetMHClIpan)
+ ACC_T_01 filtered.tsv (MHC Class I)
+ ACC_T_01 filtered.tsv (MHC Class Il)

1I0|E1 /home/jyhong906/BIML_2024/Bulk_WES/Data
A ZE: /home/jyhong906/BIML_2024/Bulk_WES/Script

HI) E|>

H
H

23 g+ 43

#!/usr/bin/env bash # shebang
#5-cwd # XY CIHER| LY A

#PATH#
HLA_PATH=/home/jyhong906/BIML_2024/Bulk_WES/Data # Input data, Zt MZE Cl™ER|
optitype_PATH=${HLA_PATH}/OptiType  # MHC class | 22 HLA typing 21} X% C|2H E2|
hlahd_PATH=${HLA_PATH}/HLA-HD # MHC class 1l 2t HLA typing Z 1} H & C|H £2]

# MAKE FOLDER #
Path_list=(${HLA_PATH} ${optitype_PATH} ${hlahd_PATH})
for path in ${path_list[@]}; do

mkdir -p ${path} # & CIHE| 2T MY

Done

#FILE#

Ref=/home/jyhong906/Project/Reference/Ref/hg38/genome.fa  # Reference genome
IEDB_MHCI=/opt/Yonsei/IEDB-MHC_I #AIE HX| EHe
IEDB_MHCII=/opt/Yonsei/IEDB-MHC_II #APE X 2

hlahd_freq=/opt/Yonsei/HLA-HD/hlahd.1.7.0/freq_data
hlahd_split=/opt/Yonsei/HLA-HD/hlahd.1.7.0/HLA_gene.split.3.50.0.txt
hlahd_dict=/opt/Yonsei/HLA-HD/hlahd.1.7.0/dictionary

#EXECUTE #

vep_run=/opt/Yonsei/ensembl-vep/104.3/vep
optitype_run=/opt/Yonsei/OptiType/1.3.4/OptiTypePipeline.py
hlahd_run=hlahd.sh
pvacseq_run=/opt/Yonsei/python/3.8.1/bin/pvacseq

# SAMPLE #
patient_id=ACC_T_01

# FORMAT #

bam_format=.recaled.bam

chré_bam_format=.sorted.chr6.bam

chré_fastql_format=.chré_1.fastq

chré_fastq2_format=.chr6_2.fastq

vcf_format=.PASS.somatic.vcf IEDB I, Il installation

ann_format=.vep.PASS.somatic.vcf https://pvactools.readthedocs.io/en/latest/install.html#iedb-install
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VEP (Variant Effect Predictor)

Ensembl Variant Effect Predictor (VEP)

Enaemtd Vanant Effect Predicior [VEF)

L} Ie’ﬂ

VEP determines the affect of your variants [5h

VEP interfaces
Web interface

3

® Point-and-chck intoriace
o Suiey el volumen of dats

& Documentation

. Ho|o| Z R0 2 HH(O|: missense, nonsense, frameshift )

B
« FTA OB M ZAE HOo|o| 7|5 &S 2451, O] &

=

+ VEPE 8%t 0| annotation 0|7} CHe Al of O|X|= Hek2 O|set 2 2 M, potent neoantigens Ol 5&

Command line tool RESTAPI

 Lanquage-independent AP
» Sampls URL-based quaries

re.&t & Documentation

* Mars options and fldbity
* For loige vokumses of dits

& Documsntation

I Clene from Gitkub
th Download (2ig)

I Pull Dockes image from DeckarHub &
& YEF RESTAPIS

Z35st 4 M3 annotation2 M SE.
E HECZ YWESH siMg JtsotA &
[ A Ol
T AT

VEP annotation

S{vep_run}\

-i S{HLA_PATH}/${patient_id}${vcf_format}\
-0 ${HLA_PATH}/${patient_id}${ann_format}\
--vef\

--symbol \

--terms SO \

—tsl\

--hgvs \

--fasta S{ref}\

--force_overwrite \

--assembly GRCh38 \

--plugin Wildtype \

--plugin Frameshift \

--offline \

--cache \

--dir_cache /data/public/VEP/104 \
--dir_plugins /data/public/VEP/104/Plugins \
--pick \

--transcript_version \

ACC_T_01.PASS.somatic.vcf

ACC_T_01.vep.PASS.somatic.vcf
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BAM to chr6 fastq

samtools view -h -b S{HLA_PATH}/S{patient_id}${bam_format} chr6 > S{HLA_PATH}/${patient_id}${chr6_bam_format}
samtools fastq -1 S{HLA_PATH}/S${patient_id}S{chr6_fastql_format} -2 S{HLA_PATH}/S${patient_id}${chr6_fastq2_format} -F 4 S{HLA_PATH}/${patient_id}${chr6_bam_format}

B e 8.1AH (4-digit)  8.1AH (8-digit)
A*01:01:01:01
C*07:01:01:01

MHC
region C*07:01:01:16
B*08:01:01:01
B*08:01
B*08:01:01:02
DRB1*03:01:01:01
DRB1*03:01 el DRB1*03:01:01:02
T~ DRB1*03:01:01:03
DQA1*05:01:01:01
DQA1*05:01 +=—
T DQA1*05:01:01:02
DQB1*02:01 DQB1*02:01:01
Systematic genetic analysis of the MHC region reveals istic innings of HLA type iations with disease.

HLA typing (MHC class |, Il)

# HLA typing - MHC class | (OptiType) #
python2 ${optitype_run}\

-i S{HLA_PATH}/${patient_id}${chr6_fastql_format} S{HLA_PATH}/${patient_id}${chr6_fastq2_format}\
-ed\

--dna \

v\

-c /opt/Yonsei/OptiType/1.3.4/config.ini \
-0 ${optitype_PATH}/S{patient_id} \ (

--prefix ${patient_id}

# convert format #
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id} xHLA

100, HLA-HD
# HLA typing - MHC class Il (HLA-HD) #
S{hlahd_run}\ HLA-VBSeq
-t10\
-m 50\ <
-f S{hlahd_freq} \ g HLA'LA

S{HLA_PATH}/S{patient_id}${chr6_fastql_format}\
S{HLA_PATH}/S{patient_id}${chr6_fastq2_format}\
${hlahd_split} \

HLAminer
${hlahd_dict} \ Mota
S{patient_id} \ % HLAminer
S{hlahd_PATH} Kourami HLAscan HLAscan
HLA=A HLA=B HLA=C HLA=DOA1 o HLA=DOB1 4 HLA=DRB1
# convert format # e(n--um’) o(n-wm 0(n-um)) @ (n=-68) @ (n = 1008) ® (n = 1000)
python3 source_make_MHC_list.py MHC_II ${hlahd_PATH} ${patient_id} \_ )

Benchmark of tools for in silico prediction of MHC class I and class Il genotypes from NGS data
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HLA typing (MHC class |, Il)

# HLA typing - MHC class | (OptiType) #

python2 ${optitype_run}\

-i S{HLA_PATH}/${patient_id}${chr6_fastql_format} S{HLA_PATH}/${patient_id}${chr6_fastq2_format}\
-e 4\

--dna \

v\

-c /opt/Yonsei/OptiType/1.3.4/config.ini \

-0 ${optitype_PATH}/${patient_id} \

--prefix S${patient_id}

# convert format #
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id}

HLA_PATH=/home/jyhong906/BIML_2024/Bulk_WES/Data

MHC class | —ACC_T_01_result.tsv MHC class | = ACC_T_01.MHC.l.list.txt

HLA typing (MHC class |, II)

# HLA typing - MHC class | (OptiType) #

python2 S${optitype_run}\

-i S{HLA_PATH}/${patient_id}${chr6_fastql_format} S{HLA_PATH}/${patient_id}${chr6_fastq2_format}\
-e 4\

--dna \

v\

-c /opt/Yonsei/OptiType/1.3.4/config.ini \

-0 ${optitype_PATH}/S{patient_id} \

--prefix ${patient_id}

# convert format #
python3 source_make_MHC_list.py MHC_I ${optitype_PATH} ${patient_id}
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HLA typing (MHC class |, 1)

# HLA typing - MHC class Il (HLA-HD) #
${hlahd_run}\

-t10\

-m 50\

-f S{hlahd_freq} \
S${HLA_PATH}/S${patient_id}${chr6_fastql_format}\
S{HLA_PATH}/S{patient_id}${chr6_fastq2_format}\
${hlahd_split} \

${hlahd_dict} \

${patient_id} \

${hlahd_PATH}

# convert format #
python3 source_make_MHC_list.py MHC_II ${hlahd_PATH} ${patient_id}

MHC class Il - ACC_T_01_final.result.txt

Differences between MHC Class | and MHC Class I

e D

i
1
}
N
N
~

# pVACseq - MHC class | (NetMHCpan) #

allele="cat ${optitype_PATH}/S${patient_id}.MHC.1.list.txt"
${pvacseq_run} run ${HLA_PATH}/${patient_id}${ann_format} \
${patient_id}\

${allele} \

NetMHCpan \

-e18,9,10,11\

--pass-only \

${HLA_PATH}/${patient_id}\

--iedb-install-directory S{IEDB_MHCI}

# pVACseq - MHC class Il (NetMHCllIpan) #

allele="cat S{hlahd_PATH}/S${patient_id}.MHC.II.list.txt"
${pvacseq_run} run ${HLA_PATH}/${patient_id}${ann_format} \
${patient_id}\

S{allele} \

NetMHCllpan \

-e212,13,14,15,16,17,18 \

--pass-only \

S{HLA_PATH}/S{patient_id}

--iedb-install-directory ${IEDB_MHCII}

MHC class | = ACC_T_01.filtered.tsv

MHC class Il - ACC_T_01.filtered.tsv

pVACseq (neoantigen prediction)
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Inflamed/Infiltrated

Response to ICI

1 Antigen presentation
T Tumor mutational
burden

T PD-L1 expression on

Tumor features

’t interferon response
T imm i

Immune fi
factors

Stromal features

tumor (or immune cells)

Tumor immune microenvironments (TIME)

. ® oS

-

Escape
¢ Antigen p on 4 Antigen p i
T Metabolism
T Neuroendocrin-like
T Wnt/B-catenin

intermediate interferon
response
TImmunosuppressive
factors

T TGFB response and
stromal activities
T Angiogenesis

l interferon response !
1 chemokine signaling

&8 Oo|E et

Prerequisites Processed data

Gene quantification file — HTseq &

~. htseq.count.txt . normalized_TPM.rds

Cell type decomposition

abis.rds

Raw fastq I+
+ ACC_T_01_1.fastq.gz
+ ACC_T_02_1.fastq.gz

cibersort_abs.rds
consensus_tme.rds
*  epic.rds
estimate.rds
mcp_counter.rds
quantiseq.rds
« timer.rds

xcell.rds

Immune cell repertoire
+  TRUST4_dat.rds

TIDE_dat.rds

Normalized expression matrix

Bulk RNA-seq= 0|8 St tumor immune microenvironemnts &4

m) Mational Library of Medicine

IFEEY

Tumor immune dysfunction and exclusion

B LA e TS50 1848 s, 440 D, 4 30 Ao

PRI
Sy = ¥ pot page v Sand Famars: Mo £ ey
Search results e v
i s (s T o,
e
. e
) s, ot s o Ak e
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TPM (Transcripts Per Million) normalization

S6C_path[idx],

header

col . names bol”, SGC_nam

}
tmp_df_list[[idx]] <- tmp_df

C_count_df

count_df), 1)

(GeoTcgaData

fBIML
C_dir

read.table(
SGC_path[idx],
header = F,
5@ NS
stringsAsFactors A
.names (“Symbol®™, SGC

b}
tmp_df_1ist[[idx]] <- tmp_df

zalata
countToTpm:

read.table("/data

2824/Bulk_RNA/Data/ImmuneDeconv™
.pattern o
C_files)

names [ idx])

/pr
A

TASIS"
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Immune cell deconvolution

tool df list <- c()
( seq(length(deconvolution_methods))){
tool deconvolution_methods[idx]

(tool %in¥% "cibersort_abs"™) {
set_cibersort_binary('/data/project/BIML_ 2024/Bulk RNA/Script/CIBERSORT.R"

set_cibersort_mat('/data/project/BIML_2024/Bulk_RNA/Script/LM22.txt")
print(tool)
assign(tool, as.data.frame(deconvolute(normalized TPM, tool)))
assign(pasteB®(tool, ' df"'), data.frame(get(tool),

row.names = get(tool)$cell type)[

xCell

»-11)
t(tool), file = paste®("/data/project/BIML_2024/Bulk_RN
/ImmuneDeconyv/™,tool, ™.

}

=
&
=
E
H
&

(tool %in% c("timer”, "consensus_tme™)) {
print(tool)
assign(tool, deconvolute(normalized TPM, tool,
indications=c(rep("hnsc", ncol(normalized_TPM

MCP_coun

*_df"), data.frame(get(tool),
row_names = get(tool)$cell type)[

assign(pasted(tool,

t(tool), file = paste®("/data/projec
/ImmuneDecony/™,tool, ™.

}

(1tool %in% c("cibersort™)) {
print(tool)
assign(tool, as.data.frame(deconvolute(normalized TPM, tool)))
assign(paste@(tool, °_df'), data.frame(get(tool),
row.names = get(tool)$cell type)[

CONSENSUS_TME CIBERSORT Epic

--11)
t(tool), file = paste®("/data/projec
/ImmuneDecony/™,tool,
1
L

ABIS

tool_df_list <- append(tool_df_list, paste@(tool, *_df"))

1
I
# read_rds("/data/project/BIML_2024/Bulk_ RNA/Data/ImmuneDeconv/normalized TPM.rds

ESTIMATE

(tool_df_idx setdiff(tool df list, “cibersort df")) {
’4 tmp_tool _df <- get(tool df idx)
tmp_tool_df <- tmp_tool_df[which(rowSums(is._na(tmp_tool _df)) != ncol(tmp_tool_df)),]
tmp_tool_df <- tmp_tool_df[which(rowSums (tmp_tool_ df ) < (ncol(tmp_tool_df) *
051
assign(tool_df idx, tmp_tool df)

T cell MAIT

B call

Mast cell activated
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T cell gamma delta non-VD2
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Mast cell
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testdp. valy
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TRUST4

nature methods
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TRUST4:immune re;;ertoire reconstruction from bulk

and single-cell RNA-seq data

Li Song, David Cohen, 2F Juyang, Yang Casd, Xihao Hu & X Shirey Liy©

Natwe Methods 18, 627-630 (2021) | Cite this artiche

# TRUST4 — TCR/BCR CDR3 #
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run-trust4 -1 ${FASTQ_PATH}/S{patient_id}"_1.fastq.gz" -2 S{FASTQ_PATH}/${patient_id}"_2.fastq.gz" \

-t10\

-f ${TRUST4_PATH}/hg38_bcrtcr.fa \

-0 ${TCR_PATH}/S{patient_id} \

--ref S{TRUST4_PATH}/human_IMGT+C.fa

# custom processing #
python Running_process.py

m
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Signatures of T cell dysfunction and exclusion predict
cancerimmunotherapy response

TIDE (Tumor immune dysfunction and exclusion)
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TME and cell to cell interaction

Cell-cell communication within the tumor microenvironment

L Immune System
S
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Conti |, Varano G, Simioni C, Laface |, Milani D, Rimondi E, Neri LM. miRNAs as Influencers of Cell-Cell Communication in Tumor
Microenvironment. Cells. 2020 Jan 15:9(1):220. doi: 10.3390/cells9010220. PMID: 31952362; PMCID: PMC7016744.
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TME and cell to cell interaction

Cell type annotation Cell to cell interaction

Single R CellChat
computational method for unbiased cell type *+ Infer cell-cell communication networks
recognition of scRNA-seq +  easy-to-use tool for extracting and visualizing

SingleR’s annotations combined with Seurat, a

p ing and analysis k designed for
scRNA-seq
g ot custens
o
> ¢
h WNT signaling
DC1e
ooz ="
pre-DC
°
DC2
Placode

mT. FulIy—autorﬁafed and ultra—fast cell-type identification using specific marker combinations from single—cell transcriptomic data. Nat

Commun 13, 1246 (2022).

& & 0| Ly

Single cell RNA-seq= O| & St cell to cell interaction prediction

Prerequisites Processed data
Raw single cell data Seurat object
Barcodes.tsv + CRC_obj.rda
Features.tsv + CRC_countrda
matrix.mtx

Human single cell reference
monaco.ref.rda
hpca.ref.rda

dice.ref.rda
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Cell type annotation

library('dplyr')
library('Seurat’)
library('SingleR’)
library('CellChat')
library('ADImpute')

# Cell type/state annotation #

load("/data/project/BIML_2024/scRNA/ref/monaco.ref.rda") # Reference single cell data. celldex::MonacolmmuneData() 2 CH2 7ts

load('/data/project/BIML_2024/scRNA/CRC_obj.rda’) #Seurat object
load('/data/project/BIML_2024/scRNA/CRC_count.rda’) # Single cell expression count file

monaco.main <- SingleR(method="single',sc_data=CRC_count, ref_data=monaco.ref data@listDataS: Ints,

onaco.ref$label.main)

CRC_obj@meta.dataSmonaco.main <- monaco.main$labels1
CRC_obj_monaco.main <- Setldent(CRC_obj, value = "monaco.main")
DimPlot(CRC_obj_monaco.main, reduction = "tsne", label = TRUE, repel = TRUE, group.by = 'monaco.main’)

* Beels
® Basophils
® CD4+ Tcells
® CDB+ Teells
® Dendritic cells
® Monocytes
® Neuirophils
® NKcells
® Progenitors
® Tcels
CellChat

# CellChat object #

CellChatDB <- CellChatDB.human

cellchat <- createCellChat(object = CRC_obj_monaco.main, group.by = "monaco.main", assay = "RNA")

cellchat@DB <- CellChatDB

cellchat <- subsetData(cellchat)

cellchat <- identifyOverExpressedGenes(cellchat)

cellchat <- identifyOverExpressedInteractions(cellchat)

cellchat <- computeCommunProb(cellchat)

cellchat <- filterCommunication(cellchat, min.cells = 10)

cellchat <- computeCommunProbPathway(cellchat)

cellchat <- aggregateNet(cellchat)

cellchat <- netAnalysis_computeCentrality(cellchat, slot.name = "netP")

Visualization
netVisual_circle(cellchat@net$weight, weight.scale =T, label.edge= F, title.name = "Interaction weights/strength”) #HN MZE 42
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Visualization

mat <- cellchat@netSweight

par(mfrow = c(3,4))

for (i in 1:nrow(mat)) {
mat2 <- matrix(0, nrow = nrow(mat), ncol = ncol(mat), dimnames = dimnames(mat))
mat2[i, ] <- mat[i, ]
netVisual_circle(mat2, weight.scale = T, title.name = rownames(mat)[i])

}

dev.off()
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Visualization

pathways.show <- c("MHC-I")
netVisual_aggregate(cellchat, signaling = pathways.show, layout = "circle")
netVisual_heatmap(cellchat, signaling = pathways.show, color.heatmap = "Reds")
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Visualization

ht1 <- netAnalysis_signalingRole_heatmap(cellchat, pattern = "outgoing", width = 20, height = 20, font.size = 13, font.size.title = 20) ; ht1
ht2 <- netAnalysis_signalingRole_heatmap(cellchat, pattern = "incoming", width = 20, height = 20, font.size = 13, font.size.title = 20) ; ht2

htl + ht2
netVisual_bubble(cellchat, signaling=pathways.show, remove.isolate = FALSE) #0utgoing/Incoming signaling
Oulgoing signaling pattems Incoming signaling patterns
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What is spatial transcriptomics?

organ

Bulk RNA-seq

Image credit: §@axial
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S S8 G0l E Ly
spatial RNA-seq= O| & ¢t DEG, GSEA =

Prerequisites

Processed GoeMX data

+ countrds

« anno.rds

* genemeta.txt

+  msigdb_hs.RData

H|O| E{: /home/jyhong906/BIML_2024/GeoMX/Data
A E: /home/jyhong906/BIML_2024/GeoMX/Script

o> o
|>

https://cumulus.readthedocs.io/en/stable/geomxngs/index.html#convert-
fastqg-files-into-dcc-files-by-the-nanostring-geomx-digital-spatial-ngs-pipeline

Preparation

ct/BTML_2824 eoMX_function.R"™)
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addPerROIQC(spe, rm_genes = TR

plotGeneQC(spe, ordannots = "regions™, col = regions, point size = 2)

# ROI 1 #

plotROIQC(spe, x threshold = , color = SlideName)

gc <- colData(spe)$A0INucleiCount > ; spe <- spe[, qcl

# PCA #

spe <- scater::runPCA(spe)

pca_results <- reducedDim(spe, "PCA™)

plotPairPCA(spe, col SlideName, precomputed = pca_results, n_dimension

Frequency

Frequancy

]
Libray size

0,000

0,803 0609
Porcentage of lowly-expressed genes in sach sample (%)

ADNucleiCournt

Frequoncy

b .

Parcontage of lowly-sxpressod gonos in aach samph

Frequency

SkdeName
Side_A

Normalization

TMM, RPKM, TPM, CPM

spe_tmm <- geomxNorm(spe, method = "TMM™)
plotRLExpr(spe_tmm, assay = 2, color = SlideName) + ggtitle("TMM"™)

TMM: Zf ¥Z 2| Library sizeE 0| 8510] 2t 2ol +X| & 27d5t= LY

Batch correction

atch tion #
SHEHEHEHHEHHHHEHHERH
spe <- findNCGs(spe, batch_name =

# for(i in

' TEEEEEE

O3 B3]
'
P4 4 1

P (T P (7408 Lt

O3 18.39%)

PE 3 e 3y

PEI 3
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ign); tabl

e_results
mutat

RColorBrews
DEG_tabl

Show | w0~ eniries Search:
Recur ve. no_reucr (limma-voom)
logFC & AveExpr PValue adj.PVal
e sLczaa12 -3.508 6.705 360%-15 5.207e-11
& ERV3.1 -3.304 6,563 8.3630-12 679169
] DE =
3 SR sYT8 2747 6196 3.078e-11 1.916e-8
® = BOKRBA -2656 6.160 352108 0.000004009
PIGT 2626 5,263 1.7260-11 2.5060-3
]
VPS50 -2.552 B.01 1.732e-9 3.T62e-T
CD200R1 -2 501 6.246 1774012 2 54089
PRR13 -2.480 6,074 1.950e-T
Caamz "
Shewing 1 to 10 of 500 enlries Previous 1 2 3 ) 5 50 Mext
wasion

A

GSEA (GeneSet Enrichment Analysis)

e-GSEA

msigdb_hs <- appendKEGG(msigdh_hs

listSubCollections(msigdbh_h

» egrepl(™” »5c)])
, sel[prepl , 3

Gene! [) a

fry_indices id: J { s PC ), remove.empty
names (fry_indices )

Esc_catepor v ) c tionTyp
gsc_category L. 1 } » 5]

psc_subcate v
psc_subcategory

g
dewn GSEA
split(fry_indices, gsc
ry_res_out <- lapply(fry_indices_c
limma: : fry(v, index ntr.matrix[,1], robus

[ ——
i
¥
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