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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

Phone Number  010-3407-9861

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

Selected Publications (5 maximum)
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Comprehensive benchmarking and guidelines of mosaic variant calling strategies, Nature
Methods 2023
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Ahn, Yun-Gyoo Lee, Keon-Uk Park, Tak Yun, Keun-Wook Lee, Sung-Bae Kim, Sang-Cheol Lee,
Min Kyung Kim, Sang Hee Cho, So Yeon Oh, Sang-Gon Park, Shinwon Hwang, Byung-Ho
Nam, Sangwoo Kim* Hye Ryun Kim* Hwan-Jung Yun*, Journal of Clinical Oncology 2023

. Tae-Min Kim, In Seok Yang, Byung-Joon Seung, Sejoon Lee, Dohyun Kim, Yoo-Jin Ha, Mi-kyoung

Seo, Ka-Kyung Kim, Hyun Seok Kim, Jae-Ho Cheong, Jung-Hyang Sur, Hojung Nam, and
Sangwoo Kim* Cross-species Oncogenic Signatures of Breast Cancer in Canine Mammary
Tumors, Nature Communications 2020

. Se-Young Jot, Eunyoung Kimt, and Sangwoo Kim* Impact of mouse contamination in genomic

profiling of patient-derived models and best practice for robust analysis, Genome Biology 2019

. Sora Kimt, Han Sang Kimt, Eunyoung Kim, Min Goo Lee, Eui-Cheol Shin, Soonmyung Paik, and

Sangwoo Kim* Neopepsee: accurate genome-level prediction of neoantigens by harnessing
sequence and amino acid immunogenicity information, Annals of Oncology 2018
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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 Immunotherapy 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 MEI INE 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®

=t

Radiotherapy

Targeted Therapy
Tyrosine Kinase Inhibitors
and Monoclonal Antibodies
directed to specific t -
and molecular alteration

Marie and Pierre Curie
started to treat tumor

3000 B.C. - 1890 bylusing X:Rays 1940

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

L Cpj e uTnEs)
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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 Qut the Other.

William Bradley Coley
v ]

MANY CASES CURED HERE

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

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

erysipelas
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CONTRIBUTION TO THE KNOWLEDGE OF
SARCOMA.

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

I. A Case oF Perios1EAL RouND-CELLED SARCOMA OF THE
METACARPAL BONE; AMPUTATION OF THE FOREARM; GEN-
ERAL DissemiNaTION IN Four WEEKs; DeEaTH Six WEEKS
LATER.

II. Tue GENerAL COURSE AND PROGNOSIS OF SARCOMA, BASED
UroN AN ANaLysIS OF NINETY UNPUBLISHED CAsEs.

III. THE TREATMENT OF SarcoMa BY INocuraTion WiThH
ErvsipeLas, WiTH A REPORT OF THREE RECENT (ORIGI-
NAL) CasEs.

THE patient a young lady, @t. 18, had been in perfect health
I o from earliest childhood. The family history was likewise good
with the of a remote tubercul dency, 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

'Read 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
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engulfed by g 2
v ﬂ gives rise to
antigen-

presentmg cell

B cell o helper T cell o cytotoxic T cell
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memory
helper T cells

A i B call memory active
plasma cells memo; cells *
h fY otoxlc T cells * cytotoxic T cells
* secreted 5,
N antibodies
T~ L

defend against intracellular pathogens

defend against extracellular pathogens by binding
pathogens or and cancer by binding to and initiating

to antigens, thereby neutralizing
making them better targets for phagocytes and
complement proteins
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apoptosis in infected cells or cancer cells

cell activation

‘- p— » - 1. T-cell receptor
- Del'l"d"t'c binds to peptide
el CO! on MHC protein,
becomes activated.

‘ MHC Class |

Cytotoxic
T cells

L3 2. Activated T cells
. . Cytokines  multiply, differentiate,
Helper T cells . and enter blood.




Tumor Antigens

a Antigens: high tumour specificity

Mutation

Tumour-specific expression

Tumour cell
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b Antigens: low tumour specificity

Tissue-specific expression

Melanomas
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Some tumours
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* Spermatocytes
* Spermatogonia
¢ Trophoblasts

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

TSA (Tumor Specific Antigen): presented only in tumor cells
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Other '
normal cells | !

i
normal cells

Nature Reviews | Cancer

Immunoediting of cancer

‘angef‘ Intrinsic tumor suppression
Transformed  s003s  Tumor  NKkR (senescence, repair, Normal
cells and/or apoplosis) tissue

Cise ar:hgens ligands
« ¥

-— ,(\ S f
Carcinogens Q) QL)
Radiation et
Viral infections o -
Chronic inflammation 3
Inherited genetic mutations

Elimination Equilibrium

o oll-12
Ui »
@ £ody o IFN-y
2 Teoll *

5

IL-6, IL-10 T~ TGF-§i
Galoctin1 T 100

PD-L1

O\ Antigen loss
O—

» MHC loss

Tumor dormancy

- and editing (- ]
IFN-c/p
Innate & I-12 CTLA-4 T ot
adaptive TNF PO CTLA,
immunity | NKG2D 2 PD-1
TRAIL
Perforin
Q Noraal cait Tumor growth
/ s promotion
@, Highly immunogenic

.ﬁt 2
QOO/ ‘°\_) transformed cell
& " 4

Extrinsic tumor
suppression

and immunoevasive
transformed cells

.] Poorly immunogenic
®

Cancer Immunoediting
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Elimination (immunosurveillance):

« Initial damage (possible destructi
on) of tumor cells by innate imm
une system

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

Equilibrium:
* Survived tumor cells do not progr
ess and remain dormant

* Escape:

* Cancer cells grow and metastasiz
e due to the loss of control by the
immune system




Immu

ne evasion

C

EGFR
inhibitors

)

Cyclin-dependent
kinase inhibitors

Proapoptotic
BH3 mimetics

Resisting
cell
death

instability &
mutation

PARP
inhibitors

]

Sustaining
Aerobic glycolysis proliferative
inhibitors signaling
Deregulating
cellular
energetics

Inducing
angiogenesis

v

Evading
growth
Suppressors

Avoi

Immune activating
anti-CTLA4 mAb

ding

Enlablltr)g Telomerase ®
replicative ibi
Frenortalty Inhibitors
Tumor:
promoting
inflammation

Activating
invasion &
metastasis

Selective anti-
inflammatory drugs

G

Inhibitors of
EGF signaling

Inhibitors of
HGF/c-Met

A
C

)
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Hannahan and Weinberg,
Hallmarks of cancer: The Next
Generation, Cell 2011

Paralyze CTLs and NK cells by s
ecreting TGF-8 or immunosup
pressive factors

Recruitment of regulatory T-ce
Il (Tregs) and myeloid-derived
suppressor cells (MDSCs)

Loss of MHC class | expresssion

CURRENT APPROACHES

o hd * 3 AHCH 74 H §F
saSBi ERaRERes




1. Adoptive Cell Transfer

CELLULAR ATTACK . g .
Adoptive cofl tanster (ACT)stacks cancer wsiog oter umauritrating lymphocytes (TLs) o gneticaly * TILs (tumor-infiltrating lymphocytes) - m
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. etastatic melanoma
Harvest T cols from - tissue surrounding tumor may contain i
biopsy or blood.

mmune cells and antitumor activity

- culture TILs and re-infuse
ﬁ % @(‘w\ehca\ly o

@@g - deplete endogenous immune cells
or CAR
* TCR (T-cell receptor)
~ ey e G e~ give cells new receptor
ik Tumour o Tumourcol - viral vector in patient’s T-cell
i N g - T-cell receptor must be genetically mat
© L = ch to the patient’s immune type

@ Immune depletion T-cell ?é"f’fé?i
; with chemotherapy L AR

or radiation allows

@@ itroduced T cel | o * CAR (chimeric antigen receptor)
@ o Ten Cenoeee ||, Uptvanze - artificial, antibody-like protein
3 - antibody (binding to cancer antigen)
- cell activating receptor

- stimulatory molecule

T-cell activation T-cell activation

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

Courtney Humpreies, Nature 504, S13-15, 2013

2 Opj suTELs
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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 High levels of inflammatory cytokines [30]
alone or in combination with semi-acute
heart failure and epileptic seizure
Uveitis, Hearing loss, Loss of pigmentation ~ On-target activity of TCR-engineered T [247]
cells targeting normal cells expressing the
cognate epitope

TCR + DC vaccination Acute respiratory distress High levels of inflammatory cytokines [31]
NY-ESO-1 TCR (Affinity enhanced)  Skin rash with lymphocytosis, diarrheal Autologous GVHD-like syndrome possibly  [32]
syndrome due to loss of self-tolerance
MAGE-A3 TCR (Affinity enhanced)  Fatal cardiogenic shock Cross-reactivity with an unrelated epitope [28]
from the Titin protein presented on cardiac
tissue
TCR (Affinity enhanced)  Mental status changes, comas, Reactivity to similar MAGE-A12-derived [33]
necrotizing leukoencephalopathy with epitope presented on neural cells

extensive white matter defects

 Adverse effects in ACT
- cytokine storm

* Need to target “tumor-specific” antigen
* Neoantigen?

Courtney Humpreies, Nature 504, S13-15, 2013

2 SB | & 3}-3@ lg 2 g_q.ﬂ
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2. Checkpoint inhibitors

PD-1 PD-1

cer cell
PD-L1 PD-L2
TIL

MHC |
Cellsurface PD-L1 PD-L2

— : antigen
% Peptide i o
TCR X3 R )

v UL,
4-1BBL GITRL OX40L CD40 CD86 MHCII CD86 CD155
CDs8o CD80 CD112
CD113 CEACAM-1

ocinre I

2 Opj suTELs
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Immunomodulatory mABs to overcome
immunosuppression
d

: Cell surface

a2 ' o antigen PD-L1 PD-12

e | \
Peptide ’

4-1BBL GITRL OX40L CD40 CD86 |[MHCl}  CD86 cpiss FERES PD'“c. lectin-9
® CD CD80 Cpi12 PSer
CD113 CEACAM-1

DC/APC

QB ARy
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Immunomodulatory mABs to overcome
immunosuppression
d

MH : < ’ Cell surface
= : antigen PD-L1 PD-12
e N \
Peptide d

TCR

TIL
| Nivolumab (Opdivo)

| Pembrolizumab (Keytruda)

Ipilimumab (Yervoy)
@,

[ |

L)
I CD86 cpyss P2 PO-LI

CD80 cp112 PSer
CD113 CEACAM-1

4-1BBL GITRL OX40L CD40 CD86
® CD8o

DC/APC

OB Ry
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The benefits from cancer immunotherapy

©

> A

>
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et
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Q

b

n‘_’ A
Ipilimumab in melanoma (1861 patients)
22%: > 3 years
17%: > 7 years

Y Y | Average survival (6-9 month to >1 yrs)
Time

Bl Chemotherapy B Combination with genomically

I Genomically targeted therapy targeted agent and immune

B Immune checkpoint therapy checkpoint therapy
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3. Cancer Vaccine

Naive T cell

Vaccination

a  Tumour Cancer vaccines:
d"g 9\ - Injection of tumor antigens
) - ) i) il - generate new antigen-specific
— fesponse T-cell response
o - amplification of existing T-cell
response
b s - increase breadth and diversity
@' of T-cell response

Amplification of
existing tumour-
specific T cell
response

Increased breadth
and diversity of
tumour-specific

I cell response

Hu et al, Nat. Rev. Immunol 2018

OB Ry
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How cancer vaccine works

/]njectlonsll;\ ./Lymphnode Tumour Activated \ //Tumourslte \\
CD&* T cell

antigen

Tumour MHC classf _
o CDB0 or CDB6
0.0: Dé
= CD70
I - :
5] Naive or memory |
CD&* Tcell
e ©
ﬁ}ﬁ ---------------------
AFPC
Tumour
cell lysis
I
< Released
Activated
Maive or memory ST oV < @ tumour

CD4* T cell CD4* T cell @ F antigens

__ J\ \_ [Eicpesreodng]

Hu et al, Nat. Rev. Inmunol 2018

« Antigen injection (or DC vaccine):

* 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..)

QB ARy
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Neoantigen prediction is a key challenge

Tumor Neoantigen Selection Alliance

EDITORIAL § —

OVERVIEW

nature
biotechnology [

The problem with neoantigen prediction

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

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

¥aSBi 3 snasan

TUMOR MUTATION BURDEN
(TMB)

ANk o
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Who can benefit from checkpoint inhibitor?

A Mutational Load

$=0.009 by
The NEW ENGLAND JOURNAL of MEDICINE MFL”("“T‘
- 17504 17504 !
g 1500 =001 by 1500-
| ORIGINAL ARTICLE | ; Mann-Whitney test
2 1250 12504
A§ 10004 10004
Genetic Basis for Clinical Response 3l - o
. E .
to CTLA-4 Blockade in Melanoma g i
$ 2501 . 2504 ¢ %
Alexandra Snyder, M.D., Vladimir Makarov, M.D., Taha Merghoub, Ph.D., ol SR 0 =
Jianda Yuan, M.D., Ph.D., Jesse M. Zaretsky, B.S., Alexis Desrichard, Ph.D., g ANnmeSr bl ot
Logan A. Walsh, Ph.D., Michael A. Postow, M.D., Phillip Wong, Ph.D., :
Discovery Set Validation Set

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., Ceyhaﬂ Elipenahli, B.S.,

B Survival in Discovery Set

Cailian Liu, M.D., Christopher T. Harbison, Ph.D., Lisu Wang, M.D., 1001
Antoni Ribas, M.D., Ph.D., Jedd D. Wolchok, M.D., Ph.D.,
and Timothy A. Chan, M.D., Ph.D
=
. . - »100 mutations (N=17)
64 melanoma patients (25 discovery set, 39 . W
validation set) treated with Ipilimumab . 2
2
Patients with high mutation burden: good survival, § o1
N @ <100 mutations (N=8) P=0.04 by
long-term benefit o rank est
20
0 20 P ) % 100
Months
1° CR; 2 MY M3
6 QSB} ;ﬁégbﬂﬁwﬁ;—tﬂ
fumor mutation burden
2, % &
% (oA 7
% % 8 G < %,
1 % A 9 ] %
% %, % %, o, % %, Ty, % %, G % Y
B Ky B g, s, a6, B % %, %, G R, %s, %% 4
%, 2 Gy, %, % Y A 0, % S, %, S0, % o . %, %
£ % % R, 2, X %0 %, % %, & D %, 0 Y. B %, % 0 %, %
o Y, O Yy, s Do, Q0 Oy O 2. 2% o 5, 2, % Y Yo, G By P A, X, B, 7%, K By 2, B
mo% C %% % T % % Y% % 2 YT S % D e Ve %
s L :
8 g 100 : ' : 2 . i
c® | g l '
% g . . } ; 2 S : H
8| 10 o B S W W |
a . ; B > ' .
H )i J AT
55 | 1.0 i B Aoy J Ul ) .[_F7L Loy i o, !
eg ¢f¢+fff*T({: B B i
2 e dodE Bl G * Bl : ¢
By | o=
=
= loo1f4
0.001

#total somatic mutation

+ T M ion B TMB) =
umor Mutation Burden ( ) total_ targeted_genome_size(Mb)
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Inconsistence of somatic mutation calls

« The number of somatic mutations
are largely dependent on the

(e D .
s variant caller used
- ‘:~‘l“Am : el R ey TS 1
| 5 g fa Varscan *
[varscan || .,* 1| & o Z e 3
‘ DS | L i E P [
'- * Y J
' s
: 4 ‘ SomaticSaiper .?' 3
¢ R | | | LT
L g [ s
0.81 o Strelka | | . 8 0.89 Swrelka || g
L B | R | L L e’ =
M — ' !
1 oes 063 0.88 | MuTec2 n | 0.87 - 0.99 || MuTec2
Low depth (~50x) Targeted, High depth (~370x)

Cai et al, Sci Rep. 2016
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Tumor mutation burden

A
s « The number of somatic mut
E ations are largely dependent
E . on the read depth
5 5
£ T
e r
B Variant u-l.lclc frucli(;; ‘ ':.-:::l.m
o VR « And the read depth is simply
5 % not uniform
o = i Ly —— T L —— S o, ——— s
g . —— |
5 3 = c — — i~ e |
; c = AAA A i

Variant allele fraction

Cai et al, Sci Rep. 2016
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SNV detestion ”“:"ﬂ'::lzf"’
ing VarScan 2 and
“"}:fwlw;:.rm" using VarSesn 2 and

|

GATK IndelGenotyper v20

I_;_I

High probability of being delterious

of missense mutations
by Condel

Annotation
using Condal
(the transcript with the greatest eflect was used)

Remove sequencing and alignment artifscts and
manually review in IGV

£25Bi

=AY YL 33|

Korean Society for Bioinformatics

| Lim SM et al,

Communications Biology, in press

SNV detection
using Mutect?

CNV detection
using Excavator

Fixing pipeline
mut/MB mut/MB
(SNV) muf
5.533993 2991871
5178398 L..24023
3.056166 1.641857
1459616 1.27743
1472475 -
1453428 1.108711
1706356 ooz
TCGA ' In-house
Alignment
1o the NCBI build 37 WE?L.": BWA 058 5 T 10 FIOW chart | i LR 3T '9' SILEVAVNEN. FIOW Chal’t
¥ BAM file generation
usizg SAMipals R ———
! ; . Filter Critoria
Non-silent SNVs Duplication mark "
g P T3t 111 e i SUIRR - el
{2} mutstions in noncoding RNA - , <3
Mutation detection and annotation o :mL:;::: e ﬂ:wi"s q,‘.:;i,y usitig GATK and Pieard v1.119 (6) Filter out Mapplng qualiry < 30

Annotation
snpEAt

Potential pitfalls (use with care)

VIEWPOINT

Tumor Mutation Burden—From Hopes to Doubts

Hospital, Catarsa. taly.
Glen 1 Weiss, MD,
MBA

Oepartment of
Medicine, Beth israel

Alfredo Addeo, MD Over the past few years, ofimmune  team® ly TMB scores by whole-exome
Oncology Departmens,  checkpoint inhibitors has altered the treatment para- CheckM:
digm in il cell lung cancer (NSCLC). Enrich- 026 study.® a randomized phase 3 trial comparing
Hoshst Genes. ment strategies have identified death- o with platinum doublet sa
ligand 1 (PD-L first-line treatment in treatment-naive patients with
Guseppel.Bonma, 3 i INSCLC with PD-L1 expression greater than 5%. Pa-
MO refractory NSCLC. In particular, Keynote-024' metitspri-  tients with a high TMB (defined as having =243 ms-
Division of Medical 05). X sense had a prolonged PFS (median PFS of
ook Coma $)inPD y50%  97vs58months 1.062:95%.038-

or greater for
based chemotherapy, validating PD-L1 immunohisto-

1.00) and higher objective response rate (46.8% vs
28.3%) but a nonsignificant OS difference with

chemistry as a biomarker for OS. Tumor by

den (TMB) b The

from 0.01 mutations/megabase (Mb) to more than
400 mutations/Mb. Some of these mutations lead to
the translation of noved peptide epitopes or necanti-
gens that should enhance the immunogenicity of the
tumor by eliciting T-cell repertoires. initial studkes of TM8

from the European Society for Medical
Oncology (ESMO) and ESMO Asia have already Incor-
porated TMB as a possible biomarker in advanced
NSCLC, J
plus nivolumab as first-line treatment for patients with
high TMB (>10 mutations/Mb). Supporting evidence
stems from the CheckMate-227 trial. which reported

'3 results for first-line nivolumab plus ipilimumab vs

twmor d ched germiine DNA 7
In one study of advanced-stage NSCLC.” whole-  improved PFS in PD-L1-positive (HR, 0.62: 95% C1:0.27-
exome g was. in2 0.85)and -negative (HR, 0.48; 95% C1- 0.44-0.88) pa-
cohorts of patients with NSCLC inoneand  tients. Atthe 05 data did not meet

18 in the nthee) seaated with and

Figure. Pitfalls of Tumor Mutation Burden (TMB) for Clinical Application

in Non-Small Cell Lung Cancer

§2SBi

=AY YL A3
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* Differences
ingene
panel platform
(ie, different
mutation types
considered)

~

Turnaround time

(on average,
2-3 wk)

Cutoff and
reproducibility
(not yet
prospectively e
validated)

— | Prognostic or
predictive value

t . (not yet proven)
TMB
L N High scoring
failure rate
-l— (owing to quantity
- and quality of
tumor tissue)
Sample storage
time (may affect
mean mutation

number found)
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HLA TYPING IN THE ANTIGEN

PROCESSING

YL

paSpieas

= 0:

29

Neoantigen processing

Tumor cell

‘_/\\,:/A
mRNA

,ﬁ‘_\‘

Protein

&

P

J
< / Transporter
—1 S TAP 1
——Endoplasmic _§
) Reticulum_—~~

i Sp
?n;\ > Proteasome
_— 5 /?f)

~ MHC

'3
A
Q y Peptides

R

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

S % pMHCI

§¥aSBi 234

somatic (passenger) mutations

}

amino acid alternation

}

protein degradation

}

neopeptides

}

binding to MHC molecule

}

peptide-MHC presentation

}

recognition by T-cell

1

immune response
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Neoantigen processing

somatic (passenger) mutations

}

amino acid alternation

}

protein degradation

}

neopeptides

}

binding to MHC molecule

!

peptide-MHC presentation

}

recognition by T-cell

1

immune response

Tumor cell

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

Sk % pMHCI

FoSBi s mmns

for Bigint

MHC (Major Histocompatibility Complex)
MHCI MHCII

Cytotoxic T cell Helper T cell
r—l Ll ] e 1 1| I

Jﬂ Lo

MHCla
calnexin culntk:ull s
l”‘ g

‘A

§¥aSBi 234
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HLA (Human Leukocyte Antigen)

Chromosome 6
-- _‘ iIiNIEIINIIED

6p2131 ~ =
[&] [53) < WL m = < o NLI.&EG §WN\—'—1— W m < - o
: : EZF Te- Oos = oo m m 0558 < mm
gD L OO mmmgc [
S é ;é . 555 ®°Sooaa 2998 6o
R o
Class | Class llI Class Il

d
00

“lloRBL=0s:01:02 il Mnin. i -

[ s B SO _ 7 | coaoa 55 60 65
|\ GAC GAG GAG ACA GGG AMA GAG “formieo1:02 002 060G CCT GAT GOC GAG TAC TGG AAC AGC CAG ARG GAC CTC CTG GAG CAG
A = “[peeae03: 40 -
A “|lorB1e03: 49
[DRA1*03:02:62:01
= [DRB1*04: 01301 -
1«
2 Codon 80 a5 90
. *01:01:01 AGA CAC ANC TAC 0OG OTT GOT GAG AGC TIC ACA OTG CAD €30 £GA O
[PRB1 403 : 40

8'. OB &34 yLss

Korean Society for Bioinformatics

HLA alleles are ethnic specific

A*0201 A*2402

0.5454500
0.2701730
0.2327650
0.2057920
0.1827440
0.1612010
0.1396590
0.1166110
0.0886378
0.0522301 0.0431701
0.0000000 0.0000000

Image trom Solberg et al (2008)- see www Eypop og/popdata for more info Image from Soiberg et al. (2008) - sae www. pypop o/popdata for maore info

Hyphen used to separate Suffix used to denote
| gene name from HLA prefix | changes in expression

Sepamor f Field Separators

HLA-A*OZ 101T01T02N

| HLA Prefix \j—/ Fluld 4; used to show
differencesin a
Held 1; allele sroup _non-coding region

' Fleld | Fleld 2; specific HLA protein

Fhkl 3; used to show a synonymous DNA
| substitution within the coding region

© SGE Marsh 0410

L Cpj e uTnEs)

Karean Saciety for Bisinformatics
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MHC-peptide binding

Binding Peptide Binding Peptide

EECDSELEIKRY

MLLSVPLLLG

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 aroave

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

S'SSBl =AY YL 33|

Korean Society for Bioinformatics

HLA typing methods

1. Serology-based typing 2. Sanger sequencing

Class | HLA locus
% 3 Yen< - Useof microcytotoxicity e —— eSS
b - complement mediated T
R " lysis o W - Brond e
1 Anti HLA 827 Lysis + Simple and low-cost 454 DNA =
* Mostly used in HLA-A and \ sequences 1
“ =< " HLA-B
Q‘- O!- + Cantype allele groups an
+ complement ———
b 2 . d alleles only 3
=
= pntHLA 840 i [ Alignment. HLA oyping |
antibodies

3. Sequence-specific Oligonucleotide Hybridization (SSO)

ongomecieotés
probes st Lasar
2 i Em:l Mybadaation Labeling nd Laser
ren L] .'..~ ”n ”f
e B @ o™ O o™ . . N .
oo md3 3 3 + Amplify targeted regions with biotin-labeled primers
.___ o ....... AN + Hybridized sequences emit fluorescence
«——;ﬂ" s SN —
m;::?." [ R — 7 e T v
sloctroghoresis . ESas detection
W e
;- b =¥ -1
§35Bi B3 easn

-18 -



&
0

NGS-based HLA typing

PROS

* No extra—cost
* Fast

* Threat
Short-read

* HLA genes are GC-rich: lower-sequencing coverage

aSBi g3 ananne

Use of (already) produced NGS-data

<

i}

NGS-based HLA typing

C

assembly

alignment

o®
a2

SBig3asa=us

Tool categories

[ k-mer seeding

[

known HLA reads [

[ coverage

Bayesian

HLA alleles

L iterative

[

HLAmiIner
ATHLATES

HLAreporter

[ Erlichetal

Omixon

| HLAssign

[ Polysolver

EHLAT

| HLA-VBSeq

seqHLA
HLAforest

bespoke reference [ OptiType

N ntronic seq )

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

Genome Medicine
METHOD Open Access
3 < f f HLA reference sequences Human shotgun sequence datasets
Derivation of HLA types from shotgun sequence genomic or coding sequence Exon capture, WGS or RNA-Seq
datasets ; L y
£
3 —
<
Targets
Targeted, de novo B
assembly of HLA = ’g §
Reads are used to L
. seed conlig §=
HLAminer assembles | 5 i
B, —=| referonce
HLA HLA sequences
reference |contigs
sequences
=
Alignment
4 4 4
[ HLAminer |
S'.SBI B MUY 235
Korean Society for Bioinformatics
° °
Alignment-based HLA typing
a Polysolver
Moutations! [Asignment > HiAlinference ]
Ot -
ANALYSIS - == o
lt;gl;:'dlmk)gy WEArads  Exraction HLA reads SaRn m N flﬂr

Comprehensive analysis of cancer-associated somatic
mutations in class | HLA genes

Sachet A Shukla'~*, Michael S Rooney™*, Mohini Rajasagi', Grace Tiao® ’hulnp M l)unn‘ \Inh.x‘l \la\u\‘n-.c
Jonathan Stevens®, William J Lane®”, Jamie L Dellagatta®, Scott Stecky Sarni
Adam Kiezun?, Nir Hacohen®*?, Vladimir Brusic'*, Catherine ] Wu'

8:
Detection of somatic mutations in human leukocyte adens |
antican (Ll A\ sanac 1cing whals_avama canuansing lce At Homozygosity
WA Sensitivity SuCCess rate
Polysolver ABEER '
1M ! It
% et | il :
| . | | I
© 1 |
NI ‘
" 530 3060 60-100 100-170 530 3060 60-100 100-170 60-100 100-170 530 30-60 60-100 100-170
Number of reads [mamons)
a Detection algorithm {e.g.. MuTect)

Germline mads
Germline reads

==mm _ Folysover aligned to
inferred alletes

Extraction l
Tumor reads. al HLA Tumior reads.
romds SE=  povoalgn  alignedto
== - :""_ ey inferved allekés
—r
i

2 SB R Ry
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MHC BINDING PREDICTION

12 CD; 32 AH0I 2 &5 B} 41
\DocSBlu_EéooEﬂgl

Korean Society for Bininformatics

MHC-peptide binding

Binding Peptide Binding Peptide

MHC-I 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 aroove

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

L Cpj e uTnEs)

Karean Saciety for Bisinformatics
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Prediction algorithms

*  SYFPEITHI: using PSSM

— e | TR R AT 1123456 position: 1. 2. 3, 4 5. 6
T | MPKAE

aT— AR KKPKAA L_—_> A 0625 0 0 8 68 38

e I AKPKAK D 0 0 0 0 0 1/8

SYFPEITHE: database for MHC igands and peptide motifs Wooe . TKPKPA E O 0 0 0 0 18
'8 AKPKT- K 025 68 0 718 0 2/8
I AKPARK (o 8 0 0 0 0
I KLPKAD P O 0 1 0 18 0
$ dn AKRERA T 58 18 0 0 1w 0
T I AKPKA- -0 0 0 0 0 18
! . ¢+ @ Sum 1 1 1 1 1 1

+  SVMHC: using Support Vector Machine
BMC Bioinformatics e Input space Feature space

MHC cta
Tiesre Diones and Ame Fabson*?

+  S-HMM: using Hidden Markov Model
= — . . I,_;";lgkw-:" -
Hidden Markov Model-Based Prediction of Antigenic Peptides | ACRKR |
‘That Imeract with MHC Class || Molecales Al
U NEXGUCHL Y YL KATEN TAST)HANAL  VURARI MATELRARA! | ACKKRKK

FERCIVUC FNTIA VA ADENER BALTIC, anc TAKESH KORAYASHT*

et b e

apne 4md o bt drveiopmess T i presd s e

e s =i thr g (351 et e

epimcstin o e AT e o it pephsh b = i bt M i B e
o i

e ek 14351 i b4 i

harerarinte (B paalyie. Tot &AM grofiesiens R vaben of BT which wae
o sbisea & 1SS

e e ey e ol s gt e, O

ey e ikt & 8048 st (bt A et e s =8 e g

ey NE s 1 i
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ANN based algorithms

NetMHC: Classification of MHC-I binding peptides using ANN

Reliable prediction of T-cell epitopes using neural
networks with novel sequence representations

LUNDEGAARD.' PEDER WORNING.'
KASFER LAMBERTH.” SOKEN BUUS,
uND'

Input layer

Xi > > 2, < O

NetMHC-3.0 NetMHC-4.0

APPLICATIONS NOTE e | *
t1comex -
Hloanes
Sequance analss Cromer b EIOTER
Homets
A imation method for prediction of class | MHC { comam | [ Sequence analysis
affinities for peptides of length 8, 10 and 11 using prediction G
i » apped using art|
t_rml.s g fm‘m“"s. neural networks: application to the ® FTYGERPLTRY
Clavs Lundeganed®, Ol Lund and Morten S . TEMLEVENS MHC class | system
YORIveS :::A::r:a Massiono Andreatta’ and Morten Nslsen' 7 *
TENLLEWS. -
c
Approximation of 8, 10, 11 from 9 mer model st MR okt .
Tetws  sim o Gapped alignment to ANN| » :
Toaws bt wm ) ket
o om won :9t08~11 mer ATLDFT
Lo
e -
==

L Cpj e uTnEs)
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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
P lack of training data in rare alleles
» lack of accuracy

OPEN G ACCESE Fresty avallabie online PLOS one

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

M e, s Lamdngard’ Thrms chr oer Lambers’, Wbt i, sume e, cuin e, seer e, | BUII @ Classifier that work on HLA-peptide pair

Alessandro Sette’, Ole Lund', Soren Buus’

VCemter for Biological Sequence Analysis, BaCentrum-DTL, Technical University of Denmurk, Lynghy, Denmuark. 2 Department of Experimentsl
Immunclogy, Institute of Medical Micrabllagy and Immunalogy, Unhersity of Copenhagen, Copanhagen, Denmark, JLa Jolta institute for Allergy
i) - i a i

< NetMHCpan-4.0: Improved Peptide-MHC Class I Interaction Peptide + MHC sequence
o] Predictions Integrating Eluted Ligand and Peptide Binding

number
»major | Affinity Dat
e Fooaa Input layer
quantita
predicte

opitop Vanessa Jurtz,* Sinu Paul,” Massimo Andreatta,” Paolo Marcatili,* Bjoern Peters,” and
can be { Morten Nielsen®'

Informal
malecul]| Cytotoxic T cells are of central importance in the immune sysiem’s response (o dissase. They recognize defective cells by binding Hidden |a or
pathoge| to peptides presented on the cell surfuce by MHC class | molecubes. Peptide hinding to MHC molecules i the single most selective y
develop) siep in the Ag-presentation pathway. Therelore, in the quest for T cell epitopes, the prediction of peplide binding 1o MHC
relatlony malocules has attracted widespread stiention. In the past, predictars of peptide-MHC interactions have primarily been trained
Cation: | 0 binding affinity duta. Recently, an incremsing number of MIIC-presented peptides identified by mass spectrometry have been
s

reparted bon about i steps In the way and the length distribution of
o e puthway il

naturally presented pepiides. In this article, we present NetMHCpan-4.0, a method trained on binding affinity and eluted lgand Output layer
data leveraging the lnformation from both data types. Large-scabe of the method de an Increase n
predictive P with {-thy methods when it comes 1o identification of naturally processed ligands, n ng

cancer neoantigens, and T cell epitopes.  The Jowrnal of Immunology, 2017, 199: 1360-3368,

ytotonic T cells play a central role in the immane reg-  beaming algorithms capable of capturing the information in the
ulation of pathy and malignancy. They p b P binding data in a more effective manmer. One such

sask o i face of cells fro the el el methed i NNAKen ) slbavine the isteeration of restide

OB Ry
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Too many methods. Need a consensus

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

Immusogenctics (2012) 64:177-186
DOI 10.1007/500251.011.0579-%

ORIGINAL PAPER

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

Edita Karosienc « Claus Lundegaard - Ole Lund -
Morten Nielsen

NetMHCpan for N, < 50 and Np < 10

NetMHCcons = .
NetMHC + NetMHCpan otherwise

Received: 2 July 2011 / Accepeed: 28 Scptember 2011 / Published online: 20 October 2011
+ Springer-Verlag 2011

Abstract A key role in cell-mediated immunity is dedicated  mcthods for alleles with more remote neighbours. The final
10 the major histocompatibility complex (MHC) molecules  method, NetMHCcons, is publicly available at www.cbs.dtu
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 to  matic manner to obtain the most accurate predictions for any
MHC class | have been developed. The accuracy of these  given MHC molecule.

methods depends on the data available characterizing the

binding specificity of the MHC molecules. It has, morcover, _ Kevwords MHC class 1. T cell cpitope - MHC binding

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.

QB ARy
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Benchmarks and competitions

Il of ko Methods 114 (2011) 26-34
Contents ksts availatie at ScienceDwect
Journal of Immunological Methods

journal homepage: www.slsevier.com/locate/jim

Rescarch paper
Prediction of epitopes using neural network based methods
Claus Lundegaard *, Ole Lund, Morten Nielsen

Cemser for Benkogucal Seurmce Aratysts, TV Syssem Saskeg. Bakfing J08. Technkel Untversiy of Demmark, 02800 Lpeghy. Dewmart

ARTICLE INFO ABSTRACT

Axte hasory I this paper, we describe the methodologies behind thive dfferent apects of the NetMC

Received 30 July 2010
Received 48 revised form 73 October 2010
Accepted 27 Gctobes 2010

Aviilible onlise 31 October 2010

family foe prodiction of MHC class | binding. mainly (5 HLAS. We have updited the peediction
servers, NerMHC-1.2, NetMHCpon-22. and 3 ew consensus method, NetMHCoons, which, i
thei previous versions, have been evauated 10 be among the very best performing MHC

L00 ————————
F— \ -_— NetMHCpani
s | =N \
T i | |- ANN [
Lrid ] 80/ |mmm ARB |

Ranking score

Overall SRCC

2 Opj suTELs

Korean Society for Bioinformatics

2nd Machine Learning Competition in Immunology 2012

Sponsors. InCoB 2012 and ICIW 2012

Prediction task:

Predict pepbdes naturally processed by MHC Class | pathway (“eholed peptides®) for each target MHC molecule. For ¢

target molecule, the competitors are asked to submit a set of predicied eluted peplides from the test set

A 10tal of 32 submissions were submitied for the competition. Ofthese, 24 submissions.
(Group 1) provided & set of threshalds (elution score based predicions) for each pepiide and

Winners  cach MHC molecule. Another & submissions (Group 2) provided lists of peptides that were
wia predicted as elutad from specific MHC malecules (eluted peptide list hased predictons) for
w2 wach of § studied MHC alleles. The NethHC 3.2 server (10-BENCH) resuits were wsed as a
benchmark method
— rE——
i e i, i Conegoty
Lu rd C, Lamberth K Hamdahl M, Buus S Lund (1D Group 1
0. Nieisen M, Techmical University of Denmark BEncH [NetMHC 3.2 (Reference) |50,
I ferous 1
’ " | |8 Bayesian model averaging (B'0702,
G»g:ﬁ: S, Drouin A Lacoste A, Laval University, o method over several SVMs 1208
| usang the GS kemel and H-
| | 2w
| A, combination of NetMHC g.’;;gﬂ
Needsen M, et al, Technical University of Denmark o) MetfHCpan and MHCkemel d
| preche bans o
Giguere 5, Drouin A, Latoste A Laval University, lao 1A SVM classifier and a novel
Canada | _|string kemel (GS kemal)  |B"5301
| A position-specific scaring
[ong 7. He ¥ niversy of Mictigan Medal Schonl. 0 e P50 i st (G120
= L P:value 25 the cutol
Yu Ting Wei, Department of Probabiity and Statistics, PG sohsthes.
Senoal of Mathemabical Seiances, Peking Uiniversity, A bty mf""l’ﬂ;’_‘g_ Y Loz
Wen Jun Shen and Hau-San Wong, Department of RE;“M;‘IZ Ne::il{:pa::;-d raup
Computer Science, City University of Hong Kong PickPacket by SVM

ANTIGEN PROCESSING STEPS
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Neoantigen processing revisited

somatic (passenger) mutations

=1 = o]
DNA ‘ Tumor cell
o U] WV ° }
o N A i A4
Nucleus / // / | mMRNA \ amino acid alternation
/, / Protein

/,

& |
// / / / / /
//%/ ot /

l

)
/
i::// 4 ° /Transporter L% protein degradation
— /0 0 &G TAP
- Endoplasmic > % l
:') Reticulu/rg,/ B o
—&q %Q\/ neopeptides
L PR |
MHC 2 binding to MHC molecule

Golgi

@ Tumor specific antigen

Q B.m

R Major histocompatibility col

% pMHCI

A R i

an Society for Bioinformatics

mplex | (MHC)

}

peptide-MHC presentation

!

recognition by T-cell

!

immune response

Antigen Processing Pathways for MHC class I/II

Proteasomal TAP HLA T-cell
cleavage transport binding recognition
0
Intracellular
antigen Pepti TAP
eptides TCR
HLA class | § — 7/1‘ — S5 —» — —> | 53 cDs T-cell
S¢S =
Proteasome cD8
ER HLA
/
\
HLA
HLA class Il v —_— — =4 CD4 T-cell
Endosome
Peptides
Nl J
Exogenous — —
antigen
HLA T-cell
binding recognition

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 8 -
- - 1Y
T C-terminus: commonly determined by proteasomal cleavage
@ Ve @ @) @ilan.. . N-terminus: can undergo further trimming by proteases locate
N-@~@ TR T din 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

¥aSBi 3 snasan

TAP transport prediction

Cytosol o
o _ e
Protein « sAmino acids
D D remi
~_Peptides
Proteasome l
ATP =
ADP+ — r:f‘) it
f Tt
/’\)J 3’! /j/’\
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

§¥aSBi 234
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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 Sprensen®, Morten Nielsen? and Sgren 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 processing and presentation in defining cytotoxic T lymphocyte (CTL)
immunogenicity [Assarsson et al., J. Immunol. 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 bioinformatics 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 MHC-I. Finally, we suggest that nonoptimal anchor

OB Ry
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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-1 complexes

Immunclogy immunologgy |

|.m....«.< .

ORIGINAL ARTICLE

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

Kasper W. Jorgensen,"* Michael Summary
Hasmussen,”
Morten Nielsen''

Soren Buus® and

Major histocompatibility complex class | (MHC-I) meolecules play an
e in the cellular immune response, presenting peptides to

essential
cytatoxic T lymphocytes {CTLs) allowing the immune system to scrutinize
ongoing intracellular preduction of proteins. In the early 1990s, immuno-
genicity and stability of the peptide-MHC-1

shown to be correlated. At that time, ¥
and time consuming and only small data sets were analysed. Here, we
investigate this fairly unexplored area on 1 large scale compared with ear-
lier studics. A recent small-scale study demonstrated that pMHC-I com-
plex stability was a better correlate of CTL immunogenicity than peptide—

MHC- affinity. We here extended this study and analysed a total of 5509 20

distinet peptide stability measurements covering 10 different HLA dus [ o
molecules. Artificial neural networks were used to construct stability pre-

dictors capable of predicting the hali-life of the pMHC-1 complex. These 10

00 4=
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Prediction on pMHC-TCR binding

Anchor
residues of

/ pe;é)tide \

MHC

TCR

T-cell contact
residues of peptide

Fritsch et al, Cancer Immunology Research. 2014
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TCR immunogenicity prediction

Tung er of BUC Bowormates 2011, 12446

ORIGINAL PAPER  iimiiniiiiiee: TR Gn;c

Bioinformaticy

Sequnoa: ke
POPI: predicting immunogenicity of MHC class | binding peptides

by mining informative physicochemical properties POPISK: T-ce!l reactivity PrediCtion using support
Chun-Wei Tung' and Shinn-Ying Ho'#* vector machines and string kernels
'Institute of Bininformatics and “Department of Biological Science and Technology, Mational Chiao Tung University, TurWel Tung', Matthias Ziehm”, Ancreas Kimper’, Ofiver Kohibacher™ and Sh

Hsinchu 300, Taiwan

B, 2006; 1
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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)

2a* 132 A 3

§ .;:SBI e e L

Korean Saciety for Bisinformatics

- 28 -




NEOANTIGEN ANALYSIS
& INTEGRATED PIPELINES

2°CR; 2 MO M 513 57
§aSBi R eaa=u

Somatic mutation derived neopeptide

Society for Bioinformatics




And Neoantigens

LA

Predicted Affinity: 158 nM

Wildtype Peptides

(b)

Predicied Affinity: 18

OB Ry
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Non-Synonymous
Mutation

nonymous

Mutation

Prey

cied Affrity: 6.8 M

Neoantigens

R
-

Predicied Afinity: 126 nM

Oiseth et al, ] Cancer Metastasis and Treatment, 2017

Overall Pipeline

Genome Medi|

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

Abstract

[BWA version 059 14 5 1 y

sANtools varsian 0.1.16 iparams: -A -8) fitered by snp-
ier v1 8 further ntersectedt win Somatic Saiper
version 1.0.2 fparams: —F vetq 1 -3 15) and processed

~hamreadcot
Strella version 1.0.10 (params: isSkipDepinFiters = 1)

[Variant Effect Predictor (VEP)
Amina Acid Change
[Transcript Name

NORMAL TUMOR TUMOR
DNA-Seq DNA-Seq

Alignment &
Variant Calling

Alignment &
expression estimation

NetMHC 3.4

Additional Inputs
[Peglice Length
HLA Allele

Generate FASTA file of
peptide sequences

e T e e e e e
v 7 T A e
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Filter 1 recommendations
) MT binding scare is < S00nM in
[value

i) Locakized paptides only
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lengths and alleles

v} Top scoring candidata per mutation

Parse results based on
WT and MT

[Coverage & Variant Allele Frequency|
VAF)

input : Tumor (DNA and ANA) and
Mormal (DNA)

| Software - bam-readcount

Gona Exprassion (FPKM)

[Fliter 2

2) Depin-based Filters

Mormai Coverage =6 (upt 204}
Mormal vAF <=2

[Tumor Goverage (DNA and RNA)

[Tumor VAF (DNA and RINA) =40%
) Gene Expression

FPicw =1

information

Integrate expression and coverage |:

Prioritized list of

neoantigen vaccine
candidates

Tophat v2.0.8
[Ovation -bowtie-version=2.1.0
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Things need to be resolved for practical application

Use of more
information

Discovery, ofi
new features J

g’éSBi%’%ﬂ%’a‘Eﬂﬂ

rean Society for Bioinformatics

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

Is MHC-1 binding affinity the only applicable feature?

Is IC5o under 50nM (or 500nM) an acceptable cut-off?

Can we find a new feature for immunogenicity prediction?

IDENTIFYING TUMOR IMMUNE
MICROENVIRONMENT

Ts® rEFLAHCH 24 S BF
faSBiHREEag

62
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Tumor Immune Microenvironment

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

& 1 % 1 t G | t
o i: £ . @ erminal centre

Dendritic cell Naive T cell

IFNy

Effector T cell Tumor cell

8 o @i @ o @ e @) o
. Cancer- S
Dendritic cell # Fibroblast * associated — Epithelial cell
‘ ¢bC/pDC fibroblast

« 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 Ik

Society for Bioinformatics

Tumor Immune Microenvironment

Tumor associated
Cancer cells T lymphocyles macrophages (TAMs)
S LP; .
+ +
CD4 (S-Pn?m) M1 ~‘.’ B M2
ro-tumor
NK cells T lymphocytes T helper’ T éﬂg,‘e"s';“" Express
T regulatory IL-12 IL-6
Immunosu presswe MHCII IL-10
(block CD8+) TNF-a IL-13
TANs Promote tumor cell proliferation EGF
MDSCs by expressing TGF-B and IL-10. VEGF
CAFs Myeloid-drived suppressor cells

gMDSC )
/ xpress TGFp & IL-10 promohng anglogenesvs
T helper and ymphocy

Tly mphocge mhfﬁmon
Secrete N

Fibroblasts . S
/ tine and a mlne deprivation.
. Exy;s)ress PD-L rg
Natural killer (NK) cells
Express IFN-y: Promote T helper 1 lymphocyte &
¢ MDSCs.
Vasculature . s .
- q Tumor associated neutrophils (TANs)
Cancer cells Cancer stem cells (CSCs) Pro-tumor funcions: Promote tumor cell proliferation.
" Capable of self renewal, tumor cell Anti-tumor functions: Trigger CD8+ T lymphocyte
Cell cycling genes: CDKN2 & CCND1 STOPEND O1. o0 rOnowWS roliferation and initiate tumor cell apoptosis.
Proliferation: p53, HRAS, PIK3CA, SOX2 & EGFR inktiation, difereniiation and \ 5 3
Differentiation: NOTCH metastasis. ! > Cancer associated fibroblasts (CAFs)
Adhesion and invasion Resistant to chemo and radiotherapy. e Express 118, TGFR, TNF, VEGF & CXCL-8
Express: TGFp1, IL6, u.-a IL-10 & VEGF. Express PD-L1. p pp TME.

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

2 SB R Ry
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Tumor Immune Phenotype

08Q~ 0 & IR 4 y 1
Tumor Stromal { d N phage B cell F PD-L1 PD-1 Anti-PD-1 Anti-PD-L1 CTLA-4 CD80/86 Anti-CTLA-4
cell cell  Tcell Teell antibody antibody antibody
Immune-desert Immune-excluded Immune-inflamed
(cold tumor) (hot tumor)

T cell activation by binding its

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
« immune desert: T cells are not recruited

2 Opj suTELs
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Identifying TME by Cell-type decomposition

Bulk Sample 1
‘ Deconvolution ) ".
Qﬁ 1 B

Bulk Sample 2 O £

\ ’ ’ :

(LT TTTT T :

y ¢

:
Bulk Sample 3 06 0z 04 08 o8 0

, \ Cell type proportions

QB ARy
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Identifying TME by Cell-type decomposition

k samples

n genes

Bulk data

Problem

c cell types

Basis
(signature)
matrix

7 genes

Estimate cell type proportions from bulk profile and signature matrix

Generate signature matrix from bulk profile and known cell type

propartions

Estimate bulk profile from signature matrix and cell type proportions

#aSBi¥32
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CIBERSORT P value evaluation
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+ Given a validated leukocyte gene signature matrix (LM22), deconvolute a
n input bulk gene expression profile to generate cell-type fractions

« Support vector regression
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MuSiC

s N

/Multi-subject scRNA-seq \ Cell type-specific gene expression reference from scRNA-seq [ Bulk tissue deconvolution

e Stage 1 Healthy
y -: - Clostat : Cluster proportions _
10 . % el Stage 2 285y Y
|\ ® :... ﬁ, g_| ‘ Cell type proportions i
L o)
(2

hd
Informative gene
e
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= lon-informative gene o
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« Utilize scRNA-seq from multiple subjects, identifying reference cell type-s
pecific gene expression

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

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
Gregers : s Ligt &

Nadel, B.8. et al,, 2021

Jin, H. et al, 2021

iy book sefies (MIMB valume 2120

Cobos, 5. etal, 2021
Abstract
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Sturm, G. et al, 2019

Since the performance of in silico approaches for es

Not 8,5 an it s often adwvisabl
Ricommended - Not Recommended I:I RNA-s8q data can vary, it i often advisable to
numer

Evaluated ependencies and differen

H EEEEE -

state-of-the-art computational methaods
RMA-zaq data. Hers, we shaw how imi

dataset. First. we give

we sho

ced by MCP-ce

of thase examples, we provide R code ilustrating

comparisons 5
reswlts can be summarized graphically.

+ Each tool 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
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Predicting of T-cell evasion mechanisms (TIDE)

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

é,’)g
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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
& Cpje2uTns)
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TCR repertoire

TCR as a barcode to quantify AP

Pre-immune clonal expansion and diversity 1 ) i
=

repertoire
- - — ]
Tcell = =
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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

QB ARy

Karean Saciety for Bisinformatics

- 36 -




TCR repertoire reconstruction
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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
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Use of single- and spatial transcriptomics

c

Input: Output: 50 = Seurat (10X)
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* Insingle cell sequencing, a complex decomposition is not necessary once t
he single cells are well clustered.

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

a
Manual curation of CellChat database b scRNA-seq data input and processing
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+ Quantification of communication probability using
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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
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Use of single- and spatial transcriptomics

Response to Immunothera|

Ol S/ SCHEE - G )W o
.:?m. ® : PEEX \?

o Y N\ T ° o
’ : Tumor rich ¢

S : Ly
: O Immune rich . L
Tumor- .
immune SERIR : CXCL12+ )k' .
"barrier” Macrophages ¥ 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
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Conclusion
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1. DNA-seq= O| &%} neoantigen prediction

2. Bulk RNA-seq= O|-& &} tumor immune microenvironemnts =44

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

4. Spatial RNA-seq= O| 2%t TME &A1
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&8 O|0|E 2Ly

DNA-seq= O] & B} neoantigen prediction

Prerequisites Processed data
Raw bam file (GRCh38) Processed fastq
+  ACC_T_01.recaled.bam * ACC_T_O1.chr6_1.fastq
ACC_T_01.recaled.bai * ACC_T_O1.chr6_2.fastq
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.Llisttxt

HLA typing (MHC class II) — HLA-HD
+ ACC_T_01.MHC.Il.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)

A& 0| E: /home/jyhong906/BIML_2024/Bulk_WES/Data
A& AT EE: /home/jyhong906/BIML_2024/Bulk_WES/Script

S2d s+ 4%

#1/usr/bin/env bash # shebang
#5-cwd  # XY CIE2] L Ao

#PATH #
HLA_PATH=/home/jyhong906/BIML_2024/Bulk_WES/Data #Input data, 21t M & C|H E2|
optitype_PATH=${HLA_PATH}/OptiType  # MHC class | 2t& HLA typing 21} M % C|2 E2]
hlahd_PATH=${HLA_PATH}/HLA-HD # MHC class 11 2t3 HLA typing 21t K& C|2 £2|

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

mkdir -p ${path} # 49| CIHE2| 25 4y

Done

#FILE#

Ref=/home/jyhong906/Project/Reference/Ref/hg38/genome.fa  # Reference genome
IEDB_MHCI=/opt/Yonsei/IEDB-MHC_I # AP X 2
IEDB_MHCII=/opt/Yonsei/IEDB-MHC_Il  # A A% Za

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

chr6_bam_format=.sorted.chr6.bam

chr6_fastql_format=.chr6_1.fastq

chr6_fastq2_format=.chr6_2.fastq

vcf_format=.PASS.somatic.vcf IEDB |, 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)

" - . B 5on Ensemt Enasmntl Yariaed Efct Preitor [VER

Ensembl Variant Effect Predictor (VEP)

VEP datermines the affect of your varissts (51

VEP interfaces

=
Web interface Command line tool REST API
+ Pontandzhck inturtace & Morw optans med fassiary » Lanuags-indapandant AP
» Suls smaller vokames of dats  For large volumes of dta * Simpla UL based quaries.
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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 ${HLA_PATH}/${patient_id}${bam_format} chr6 > S${HLA_PATH}/S{patient_id}${chr6_bam_format}
samtools fastq -1 ${HLA_PATH}/S${patient_id}${chr6_fastql_format} -2 ${HLA_PATH}/${patient_id}${chr6_fastq2_format} -F 4 S{HLA_PATH}/${patient_id}${chr6_bam_format}

A*01:01

MHC
region

C*07:01 4

B*08:01

DRB1*03:01

DQA1*05:01 4

chrs  8.1AH (4-digit)

— A*01:01:01:01
| C*07:01:01:01
[T C*07:01:01:16
|~ B08:01:01:01
T B*08:01:01:02

/ DRB1*03:01:01:01

DRB1*03:01:01:02

\- DRB1*03:01:01:03

|~ DQA1°05:01:01:01
| DQA1*05:01:01:02

DQB1*02:01

Systematic genetic analysis of the MHC region reveals

——— DQB1*02:01:01

with disease.

of HLA type

8.1AH (8-digit)

HLA typing (MHC class |, I1)

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

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

-ed\

--dna\

v\

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

# convert format #

python3 source_make_MHC_list.py MHC_| ${optitype_PATH} ${patient_id}

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

-t10\

-m 50\

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

${hlahd_dict}\

S{patient_id} \

${hlahd_PATH}

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

Kourami

D HLA'LA

HLAminer

HLAscan

HLA-A HLA-8 HLA-C
B 1012 Pa=to1) =010

HLAscan

. HLA-DOA1 g, HLA-DOB
& =68 @ (n.1008)

" HLA'LA

HLAminer

1 g HLA-DRBI

(n = 1000)

HLA-VBSeq

J

Benchmark of tools for in silico prediction of MHC class | and class Il genotypes from NGS data
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HLA typing (MHC class |, 1)

# HLA typing - MHC class | (OptiType) #

python2 ${optitype_run}\

-i S{HLA_PATH}/S{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_| ${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 |, I1)

# HLA typing - MHC class | (OptiType) #

python2 S{optitype_run}\

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

--dna'\

v\

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

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

--prefix ${patient_id}

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

107 { A*0Z:01:01:00

400 800 1000 1200 1400 o 200 400 1] 1000 1200

I Saimel b0 mimALEhe Ui naaiieg, B FHMAERe, LAion l Darec, mamatEned. i U, ML, Uk

paime, na mEmItche, SmBiguou unpaire, o mesmat e, SmOgUEUS e, mEmanthed, amsguous e, mALatT e, AmBqUos
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HLA typing (MHC class |, Il)

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

-t10\

-m50\

-f ${hlahd_freq} \
S{HLA_PATH}/${patient_id}${chr6_fastql_format}\
S{HLA_PATH}/${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 batwean MMC Class | and MHC Class I

MHC class Il = ACC_T_01.MHC.Il.list.txt D

~ U

|
b
Rl

pVACseq (neoantigen prediction)

# pVACseq - MHC class | (NetMHCpan) #

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

S{allele} \

NetMHCpan \

-e18,9,10,11\

--pass-only \

S${HLA_PATH}/${patient_id}\

--iedb-install-directory ${IEDB_MHCI}

# pVACseq - MHC class Il (NetMHClIpan) #

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

${allele}\

NetMHClIpan \

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

--pass-only \

S{HLA_PATH}/${patient_id}

-—-iedb-install-directory ${IEDB_MHCII}

MHC class | — ACC_T_01.filtered.tsv
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Tumor immune microenvironments (TIME)

Response to ICI

Tumor features o

Inflamed/Infiltrated
s

Favorable

Escape

W G
. o :

ation ‘4 Antigen p

T Antigen presentation’ 4 Antigen p
1 Tumor mutational

1 PD-L1 expression on
tumor (or immune cells)

Immune features | T immunosuppressive | response
“factors TImmunosuppressive |

factors

T Angiogenesis

T Metabolism
1 Neuroendocrin-like
T Wnt/B-catenin

T interferon response | intermediate interferon ‘! interferon response i

4 chemokine signaling

T TGFB response and
stromal activities

HS & hIo|F AL

Bulk RNA-seq= 0| & 2} tumor immune microenvironemnts =

Prerequisites

Gene quantification file - HTseq &

~. htseg.count.txt

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

2 Hjo|

Processed data

Normalized expression matrix

+  normalized_TPM.rds

Cell type decomposition
Uy Lyt

+ abis.rds pamn e
e

« cibersort_abs.rds s

+  consensus_tme.rds

+  epic.rds

+ estimate.rds

* mcp_counter.rds

+ quantiseq.rds

«  timer.rds

*  xcell.rds

Immune cell repertoire
+ TRUST4_dat.rds

Tumor immune dysfunction and exclusion
+ TIDE_dat.rds

E{: /home/jyhong906/BIML_2024/Bulk_RNA/Data
home/jyhong906/BIML_2024/Bulk_RNA/Script

[

[
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TPM (Transcripts Per Million) normalization

seq(S6C_names )
ad. table(

=, S6C_names[idx])

)
tmp df list[[idx]] <- tmp_df

}

SGC_count_df <- Reduce(merge, tmp_df_list 1

rownames(S6C_count_df) <~ SGC_count_df$Symbol; SGC_count_df <- S6C_count df[,-1]
-matrix( unt_df[ rowSums (S6C_count df >= 1) (SGC_count df},])

fdata/proj;
ed_TPM <

Eene_cov = pene_cov)

(circlize
{metapod)

SGC_dir ) BIML_2024/Bul
SGC_files dir,patter
SGC_path < st iC I 556

tmp_df_list < ()
81 seq(SGC_names))
tmp df <- read_table(
_path[idx],
M
1gsAskFactor
col.names = c{"Symbol™, SGC names[idx])

tmp_df list[[idx]] < tmp_df

)

L |
count dfiSymbol; SGC count df <- SGC count dff,-1]

“SYMBOL",
= ge

METASTASIS™
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Immune cell deconvolution

tool_df_list <- c() i
(idx seq(length(deconvolution_methods))){ ¥
tool <- deconvolution_methods[idx] 3

(tool %in% bersort_abs™) {
set_cibersort_binary('/data/project/BIML_2024/Bulk RNA/Script/CIBERSORT.R"

set_cibersort_mat('/data/project/BIML_2824/Bulk RNA/Script/LM22._txt")
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)[

Al

-1
>

# saveRD et(tool), file = paste®("/data/project/BIML /Bulk R
/ImmuneDeconv/™,tool, " .rds

}

quantisey TIVER

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

MCP

Condition
LTRSS
PR
assign(paste@(tool, " _df'), data.frame(get(tool),
row.names = get(tool)$cell_type)[

ile = paste@("/data/project/BIML_2024/Bulk_RNA/
/ 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 CIBERSOAT Epic

-1
>

# saveR et(tool), file = paste®("/data/project/BIM 24/Bulk_RN.
/ImmuneDecony/”,tool,".rd

ABIS

tool df list <- append(tool df_list, paste@(tool, ' _df'))

/d /proj 3IML_2024/Bulk_RNA/ a/ImmuneDeconv/normalized TP

ESTIMATE

(tool _df idx setdiff(tool _df list, "cibersort df")) {
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) *

1,1
assign(tool df_idx, tmp_tool_df)

A
Y /
v

-

cell_type list <- c() T eell MAIT
t c d e

B ceall

Mast call activated

rownames (get ( Common myeloid progenitor

T cell gamma della non-VD2
Macraphage/Monacyte

T cell CD4+ naive

Mast cell

microgmvironment score
Monocyte non-conventional
Plasmacytoid dendritic coll
Monocyte

B cell plasma

B cell naive

Neutrophil

tumor purity

p_list ¢ e(p_list, testip.value) Myeloid dendritic cell
Teell

Endothelial cell

Monocyte conventional

T cell gamma della

T cell CD4+ memory resting
T cell CD4+

B cell memary
Class-switched memory B cell
freq list ) Macrophage M1
(cell_t comb_cell_type_list) { Macrophage
print{cell type ectimate score
Macrophage Mo
siroma score
"cibersort_abs_df", 3 MAST cell
: Macrophage M2
Basophil

(sum{rownames (test_mat) cell _type) >= 1) { Eosinophil
cell_type_line <- rbind(test mat|cel ype,], cell_type_line) T cell CD8+ naive

unique(eell_type list)

wmames (test | pe) >= 1) {
test <- wilc t[cell type, P idx],

list, method = "fisher™); print(comb_pip.value
C i ¥
cell type df <

eell_type_dficell_type <- comb_cell_type
{cell _type df) < cell type dficell type

cell_type

cell_type line

}
}: mean_value <- apply(cell_type line, /, mean) cyloloxicity score
T call CO&+
(mean{mean_valus[P_idx]) > L idx])) { B cell plasma immature
cell_type dffcell type : P
NK cell

cell_type_df[cell_type, |$ e : T cell GO+ memaory
T cell CD&+ memary

immune score

pe_df$log? p value <- -log2{cell_type df$p val .
d e_ditfreq “primary”, |$log2_p_value cell_type_df [cell_ty, ifre uncharacterized cell
- T cell regulatory (Tregs)
¢ mutate{color = ifelse(abs(log2 p valu log2( ) e T cell CD4+ effector memory
T eall gamma delta VD2
Cancer associated firoblast

se(abs(log2_p_value) » -log2(

ifelse(abs(log2 p value) < -log2

10

w

log2_p_value

i factor(c _type_ L5 s cell_type_df [order
p_value,
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TRUST4

1
b Palred-and L
nature methods N
g == 1 mismatch
Explore content ~  About the journal »  Publish with us v 500 - §$I;ﬂ:§§{§§ 150 bp
% ; . é os0 4™ & mismatches
G
2 200
’ Published: 13 May 2021 a8 100 bp
= . ¥ £ 180
TRUST4:immune repertoire reconstruction frombulk % e
andsingle-cell RNA-seq data # 100
plim I ll [ ] | |
ELMe ERmT ROt EEEmT
SERE SERE SERE SRER
48k Accesses | 85 Ciat 53 Al iuggiuggiugg EUE:E
# TRUST4 — TCR/BCR CDR3 #
run-trust4 -1 ${FASTQ_PATH}/${patient_id}"_1.fastq.gz" -2 S{FASTQ_PATH}/${patient_id}"_2.fastq.gz" \
-t10\
-f S{TRUST4_PATH}/hg38_bcrtcr.fa\
-0 ${TCR_PATH}/S{patient_id} \
--ref ${TRUST4_PATH}/human_IMGT+C.fa
# custom processing #
python Running_process.py
!
'
w

WST4_df$Condition <
TRUSTA_dat i

sups$Condit

T4_da

list, sample_list, p_s

e

ple_list[M idx]

Trsutd_raw_files[idx]),

part

mples, m_samples, name

2 Wilcoxon, p = 0.57 Wilcoxon, p = 0.66
F E
IE £ ;
o |
o
g g
o o
]
£ ¢ .
£ £
5 5
[ . [
o o -
o 1 - .
J .'.
PRIMARY METASTASIS PRIMARY METASTASIS
Wilcoxon, p = 0.04 Wilcoxon, p = 0.55
2
g 2 .
5 5
T T
[ -4
o
@ 0 'Y ”
30 - *
PRIMARY METASTASIS PRIMARY METASTASIS
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TIDE (Tumor immune dysfunction and exclusion)

nature medicine

Explore content ¥ About the journal ¥ Publish with us v

natuse > fatuie m

ine » articles » article

Article 0 August 2018
Signatures of T cell dysfunction and exclusion predict
cancer immunotherapy response

Peng Jiang, Shengqing Gu, Deng Pan, Jingsin Fu, Avinash Sahy, Xihao Hu, Z L, Nicole Trapgh, Xia By, Ba

Li, Jun Liv, Gordon J. Freeman, Myles &, Brown, Kai W. Wucherpfennig = & x shirtey Ly &

MNature Medicine 24, 1550-1558 (2018) | Cite this article

59k Accesses | 2269 Citations | 157 Altmetiic | Metrics
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TME and cell to cell interaction

Cell-cell communication within the tumor microenvironment

1 Myofibroblast Differentiation

Macrophage Metastasis

CELL-CELL COMMUNICATION
r | Immune System
\ 1 Tussor Proliferation and Metastasis
4 %
" o
Nt W, L % 7
& ,/ Fibroblast Teell
X Gl
), \\) ucose T
R LPA ! Tumor Proliferation TGER
’ K T Metastasis GM-CSF
(4)
. miR-145 iy i) Macophuage
miR-503-3p1
— 7 mik-140
Adspocyte ™
¢ . Tumor Proliferation NS,
- Tamor Invasi P
* s Tueeavasion ot S
/ >
ASC 7 miR-145, miR-23a
J t Tameclivasion wiR-210, uiR-21 LY
p— \ ~
. Ny "
k223 = 7 Endolhelial cells
/ Angiogeness De
&, © Adiporyte Ditterenhahion
. lmmune System
* Tumor Proliteration and NK

Macrophage

Tl

Conti |, Varano G, Simioni C, Laface I, 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
processing and analysis package designed for
scRNA-seq

Sedion’

Source

FIB-A ®

DC1e FiB-8 @
FIB-C ®
FIB-D (
FIB-E
FIB-F
FIB-G

Placode KB
FIB-l

WNT signaling

pre-DC
°
DC2

ittokallio, T. Fully—automated and ultra—fast cell-type identification using specific marker combinations from single—cell transcriptomic data. Nat
Commun 13, 1246 (2022).

HS8 HoE 2

Single cell RNA-seq= 0|2 S cell to cell interaction prediction

Prerequisites Processed data

Raw single cell data Seurat object
+ CRC_obj.rda
+ CRC_count.rda

«  Barcodes.tsv
+  Features.tsv

*  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@assays@data@listDataSlogcounts,types=monaco.refSlabel.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
.
® CD44 Teealls
® CDB8+ Tells
® Dendritic cells
® Monocytes
® Neutrophils
® NKcslls
® Progenitors
® Tcells

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@netSweight, weight.scale =T, label.edge= F, title.name = "Interaction weights/strength") #HH M Z A28
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Visualization

mat <- cellchat@netSweight
par(mfrow = ¢(3,4))
for (i in 1:nrow(mat)) {

mat2[i, ] <- mat[i, ]

}
dev.off()
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mat2 <- matrix(0, nrow = nrow(mat), ncol = ncol(mat), dimnames = dimnames(mat))

netVisual_circle(mat2, weight.scale = T, title.name = rownames(mat)[i])
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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")

Sources (Sender)

MHC-I signaling network

B cells
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Visualization

htl <- netAnalysis_signalingRole_heatmap(cellchat, pattern = "outgoing", width = 20, height = 20, font.size = 13, font.size.title = 20) ; htl
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
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What is spatial transcriptomics?
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Bulk RNA-seq scANA-seq spatial ANA-seq

\l emage Credit: @haXial
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spatial RNA-seq= 0| & ¢t DEG, GSEA &4

Prerequisites

Processed GoeMX data
count.rds
anno.rds
genemeta.txt
msigdb_hs.RData

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

>
oy o>
|>

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

Preparation

oject/BIML_202 roMX/Script/GeoMX_function.R")

countFile)

head ( sampleAnnoFile)
frame ()
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HEEHHH

#QC #

HEERHH

# Gene level

spe <- addPerROIQC(spe, rm_genes = T

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

# ROTI level QC #
plotROIQC(spe, x_threshold = , color = SlideName)
gc <- colData(spe)$AO0INucleiCount > ; spe <- spe[, gc]

# PCA #

spe <- scater unPCA(spe)

pca_results <- reducedDim(spe, "PCA")

plotPairPCA(spe, col = SlideName, precomputed = pca results, n dimension = 4)
plotPairPCA(spe, col = class, precomputed = pca results, n_dimension = 4)

Froquency

Frequency

SideName

Gide A

[

Perceniage of lowly-expressed genes in each sampie (3.) —

Library size

AOiNucleiGount Froquency

Froquoncy

Percentage ol lowhy-exgreased genes in each sample (%)

N

Normalization

SR

# Normalization # TMM, RPKM, TPM, CPM
HHEHE AR RESREES

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

TMM: 2 MZ0| Library sizeS 0| 8310] 2t W3l X/ S HHSH=
Batch correction

S

# Batch correction #

S

spe <- findNCGs(spe, batch_name =

# for(i in seq(3)){

H# spe_ruy <- g

NCGs, k

print(plotPairPCA(spe ruv, a ) i pasted("k = ", 1i)))

spe_ruv <- geomxBatchCorrection(spe,

=
=
#
#
=
=
# NCGs

E B B
PG [0 #O1 (P00 Fo (P
-1 B
o 3
& ¥ '

PO2 (B.28% P2 5.2

PEA (L 1P
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ImFit{v)

trast ¢ d it{fi contr . matrix)
cBayes(Fit_contra:

efi cideTest

topTablefefit, c ", n
toptable BvT < +

, uPe,
"DOWN™, "NOT DE

orBrew :brewer.pal(:, ‘G RtolorBrewer:
toptable BwT,
it

* Re r (limma-voom)

Search
Al Cur vs. na_reucr ([l I
logFC * AveExpr PValue adj.P.Val
°  wwl e SLC22A12 -3.508 6.705 3.699-15 5.207e-11

5 ) ERV3-1 -3.304

8

g 5YTO 2747 6.196 3.078e-11 1.916e-8

8

2 BDKRB1 2656 3521e-8 0.000004000
PIGT -2.628 4.7260-11 2.5060-8
VPS50 -2.552 6.01 1.732e-8 37
CD200R1 -2.501 6.246 2.5
PRR13 -2.490 6.074 0.00001483

g 1 to 10 of 500 ¢

e,

ﬁ"amt?:?p |.I:i;|i¢|,=p.‘:::=-un
il

il

iy
i

up-GEEA

load("/ GeoMX ipdh h
msigdb hs <

listSubCollections(msigdb_h

c(subsct lect (msigdb_hs,
subsetCollection(msigdb_hs, 'c2', sclgrepl(
subsetCollaction(msipdh hs, ° se[prepl
GeneSetCollection

c, penelds}, rownames(v) = } y
selName

{x} beCategory({collectionType(

y_indices, length) > 5]

psc_subcategory <- sapply(gsc, (x) beSubCategory(collec
gsc_subcategory <- gsc_subcategory[sapply(fry_indices, length}

Cenasttiame

Fry_indi ¢ fry_indices[sapply(fry_indices, length) »

s
names{gsc_category) names (gsc_subcategory) names (fry_indices)

split(fry_indices, psc_category|names(fry_indices)
indi cat, (x) 1
, design = deci trast = contr.matrix[,1], robust =

- lapply(try ind

_subcategory)

fry_res_sig,
DEG_type = "Down”,
or <~ "plug",

ent 5
title < “down deg")

i
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