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Novel modalities & immunogenicity

A - RSN /7 © Gene therapies, cell therapies (e.g., CAR T
N | A« cells) and CRISPR Cas-based gene editors

- - hold immense promise in treating
previously intractable diseases.

Understanding the immune response to
these modalities is pivotal for improving
safety and therapeutic efficacy.

Pre-existing and induced immune

responses are a key concern during the

Sk development and regulation of these
emerging technologies.

"NOVEL TIODALITIES - |
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Methods used to predict immunogenicity

IMMUNE PROCESS
METHOD PROBED WHAT WE LEARN

Cost &
complexity

indy3nouyy

In silico MHC-peptide binding predictions  Antigen presentation

Peptide/MHC-binding assay Antigen presentation

Human blood-derived cell-based assays Depends on assay
(DCs as APCs; T cells as effector cells) design

MHC tetramer-guided epitope mapping

(TGEM) Antigen recognition

Antigen processing and

MHC-associated peptide proteomics presentation

(MAPPs) assay

Antigen processing,

Protein-specific T cell amplification ) .
presentation, recognition

HLA transgenic mice All

Potential T cell epitopes

Measures peptide-MHC binding
affinity
T cell activation measured by

proliferation or cytokine
production

Mapping of MHC-restricted T cell
epitopes

Identifies naturally processed and
presented peptide antigens

Generation of antigen-specific T
cell lines from naive PBMC
donors

Assessment of immunogenicity
risk in context of human HLA



Do the methods used to predict the immunogenicity of
. . : D J AN
therapeutic proteins work in the real world (a case studyy) .

FVlla variant, Vatreptacog alfa

Factor Vlla
{V158D, E296V, M298Q}

NO reports of anti-

FVIla antibodies in
a sma“ aﬂt hemophilia patients

Company Announcement

. 1 B
28 September 2012 novo nordisk

Novo Nordisk discontinues development of vatreptacog alfa following analysis of
phase 3 results

Novo Nordisk today announced the decision to discontinue the development of vatreptacog alfa, a fast-acting
recombinant factor Vlla analogue for haemophilia patients with inhibitors. The decision follows analysis of the data from
the phase 3a trial adept™2. On 9 August, Novo Nordisk announced that a few patients in the trial had developed anti-
drug antibodies to vatreptacog alfa, one patient with a potentially neutralising effect.




Post-hoc assessment of Vatreptacog alfa immunogenicity

ASSAY/METHOD

Do mutant peptides bind HLA-II molecules
with high affinity (in silico)?

Do mutant peptides bind HLA-II molecules
with high affinity (in vitro)?

Are mutant peptides presented on HLA-II
molecules (MAPPs)?

Do mutant peptides that bind with high
affinity elicit a T-cell response?

Are there any associations with clinical
outcomes?

RESULTS

Mutant peptides bind with high affinity to
some but not all HLA-II variants

Confirmed in silico findings

YES

YES

ADA-positive patients carry HLA-II that bind
to mutant peptide with high affinity

Lamberth, Reedtz-Runge, Simon, Klementyeva, Pandey, Padkjaer, Pascal, Ledn, Gudme, Buus & Sauna.

Science Transl. Med. 9: eaagl1286




The immunogenicity of novel modalities

/CD4 T cells are MHC-II restricted and pre—programmed\

for helper functions such as activation of B cells to
secrete antibodies.

Antigens ingested into endocytic compartments of

macrophages, dendritic cells or B cells are presented to
CD4+ T cells as peptides bound to MHC Il molecules.

Therapeutic proteins are almost always extracellular
and immune responses are driven via the MHC

\II/CD4+. /

Bio-analytics for assessing the immune response
to protein therapies largely focus on accurate
determination of anti-drug antibodies and
determining whether these antibodies are
neutralizing.

N

8 T cells are MHC I-restricted and pre-programmed
for cytotoxic functions directly killing target cells.

(o

Endogenously synthesized antigens in the cytosol of all
cells are presented to CD8+ T cells as peptides bound
to MHC | molecules.

Novel modalities elicit diverse immune responses
based on the route of administration; delivery system

\used etc. /

Bio-analytics for assessing the immune response
to novel modalities cannot rely on the
identification and characterization of anti-drug
antibodies. These assays must be fit-for-purpose
and be carefully designed for each application.




Gene therapy & immunogenicity

Luisa Jung | Nature 2021

VECTOR

TRANSGENE

AAV vector particles undergo proteasomal degradation, capsid-derived

peptides are presented by MHC Class | (MHC I) and trigger CD8*
cytotoxic T cells.

In an early liver-directed gene therapy trial for hemophilia B a loss of
factor IX transgene expression was correlated with a CD8* T cell
response against the viral capsid.

CD8* T cell responses to AAV capsid have also been observed in
muscle-directed gene transfer.

A T-cell response was induced to the a-1-antitrypsin transgene
product and was associated with a polymorphism present in the
subject.

Gene therapy for Duchenne muscular dystrophy using three products
with different transgenes, under different promoters and packaged in
different AAV serotypes all showed a cytotoxic T-cell immune response
against dystrophin.



CAR T cells & immunogenicity

Pre-existing and/or treatment- induced immunity to chimeric antigen
receptor (CAR) constructs containing mouse- derived single-chain variable
fragments are associated with treatment failure in some patients.

Novel technologies to use allogeneic CAR T cells will increase the likelihood of
anti- CAR immune responses.

The presence of CAR-specific cytolytic T cells after infusion has been
associated with treatment failure in some studies.

T cell-mediated anti-CAR responses have been detected in second-
generation CD19-directed CAR T cells with mouse-based scFvs and, to a lesser
extent, with those that use fully human CAR constructs.

In several haematological malignancies, CAR T cell therapy results in a high
complete response rate to the first infusion but 30-50% of patients relapse.

Populations of cytotoxic T cells with specificity towards the CAR have been
shown to expand after initial infusion but clinical responses to the second
infusion are suboptimal.




CRISPR Cas-Gene editors & immunogenicity
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Genetic Engin

For in vivo clinical applications of CRISPR Cas immunogenicity is a key
concern.

Cas-proteins are of bacterial origin: High immunogenicity risk category per
FDA Guidance.

Pre-existing antibodies to Cas9 and pre-existing T- and B-cell responses to
Cas9 have been reported.

Genome editing in mouse liver was accompanied by: Increase in CD8+ T
cells. Cytotoxic T cell response. Hepatocyte apoptosis. Complete
elimination of genome-edited cells.

Efficient AAV CRISPR-mediated dystrophin restoration was demonstrated
in canine DMD models. However, Cas9-specific immune responses were a
critical barrier for successful AAV CRISPR therapy. Serum Cas9 antibody
and PBMC ELISpot confirmed Cas9-specific responses in both dogs.

10



Cas 9 as a model for evaluating the immunogenicity of novel
modalities

Pre-existing antibodies to many novel modalities makes the establishment of cut-points
for identification of anti-drug antibodies much more challenging.

Clinical evidence suggests that many novel modalities function even in the presence of
anti-drug antibodies, however the CD8+ responses present a significant barrier.

Efficient genome editing occurred in mouse liver with pre-existing SaCas9 immunity. HOWEVER:

Genome editing was accompanied by an increase in CD8+ T cells in the liver and a cytotoxic T cell
response.

Results: Hepatocyte apoptosis, loss of recombinant AAV genomes, and complete elimination of
genome-edited cells.

11



Cas 9 as a model for evaluating the immunogenicity of novel
modalities

mA

12



The non-trivial task of selecting a cohort of donors for ex vivo
assays

Presentation of peptides derived from the 100 repetitions of 10 million randomlv
protein by the major histocompatibility the algorithm: p'Cked cohorts of 50
complex (MHC) is a necessary (albeit not
sufficient) condition for eliciting an

immune response.
The MHC is polygenic: every 1
individual contains several MHC :
genes
The MHC is polymorphic: The _
population has variants of each gene I
| __II l-_

The MHC genes are the most o
polymorphic genes in the human
genome

N=50; 1=10,000 donors

3
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. Density,

1
0.40

Jensen-Shannon Distance Score

McGill, Yogurtcu, Yang, Verthelyi, & Sauna. Front. Inmunol. 10: 2894 "



Identifying potential promiscuous T-cell epitopes on Cas9: The [5o1%
peptides and the markers

209, 15 mer peptides \

MKRNYILGLDIGITSVGYGIIDYETRDVIDAGVRLFKEANVENNEGRRSKRGARRLKRRRRHRIQRVKKLLFDY

Pool 1
NLLTDHSELSGINPYEARVKGLSQKLSEEEFSAALLHLAKRRGVHNVNEVEEDTGNELSTKEQISRNSKALEEKY

WLW'}"Q’SéEVRGS|NRFKTSDWKEAKQLLKVQKAYHQLDQSF.Dw.DLTE?F'{:TWEGPGEGSPFGW Activates innate and adaptive immune
OIKEYEMLUGHCTYFPEELRSVKYATNADLYNALNDLNNLVITRDENEKLEWEKFQUENVFHQKKKPTLK responses; triggers class-switching of B-cell
QIAKEILVNZ‘;?)IIISGYRVTSTGKPEFFNLKVYHDIKDITARKEIIENAELLDQIAKIL'ﬁ$8.IS§EDIQEELTNLNSELT receptors / antibodies from lgM to 1gG2
QEEIEQISNLKGYTGTHNLSLKA[NLTI;TEIL;/HTNDNQIAIFNRLKLVPKKVDLSQQKEIP'I'I'LVDDFILSPWKR

Pool Pool® - Associated with maturation of dendritic cells

SFIQSIKVINAIIKKYGLPNDIIIELAREKNSKDAQKMINEMQKRNRQTNERIEEIIRTTGKENAKYLIEKIKLHDM

permitting antigen presentation

Pool 10
QEGKCLYSLEAIPLEDLLNNPFNYEVDHIIPRSVSFDNSFNNKVLVKQEENSKKGNRTPFQYLSSSDSKISYETFK

Pool 11 Pool 12

KHILNLAKGKGRISKTKKEYLLEERDINRFSVQKDFINRNLVDTRYATRGLMNLLRSYFRVNNLDVKVKSINGGF
— Pool 13
TSFLRRKWKFKKERNKGYKHHAEDALIIANADFIFKEWKKLDKAKKVMENQMFEEKQAESMPEIETEQEYKE

Pool 14 Pool 15 -
IFITPHQIKHIKDFKDYKYSHRVDKKPNRELINDTLYSTRKDDKGNTLIVNNLNGLYDKDNDKLKKLINKSPEKLL

Induces clonal expansion of effector T-cells
primed with the antigen

Pool 16
MYHHDPQTYQKLKLIMEQYGDEKNPLYKYYEETGNYLTKYSKKDNGPVIKKIKYYGNKLNAHLDITDDYPNSR_

Pool 17 Pool 18
NKVVKLSLKPYRFDVYLDNGVYKFVTVKNLDVIKKENYYEVNSKCYEEAKKLKKISNQAEFIASFYNNDLIKING

Pool 19
ELYRVIGVNNDLLNRIEVNMIDITYREYLENMNDKRPPRIIKTIASKTQSIKKYSTDILGNLYEVKSKKHPQIIKKG

Pool 21

Pool 20




Flow cytometry-based assay to identify stimulation of CD4+ &
CD&+ cells

Lymphocytes

T T T
1] 200 400 600 8OO
FSC-A

1017

800

T- Cell Subsets

T
1.0K

Live Cells

Single Cells

982

FOA

RESPONDER:

0

T T T T T
200 400 600 BOD 10K
FSC-A

523

The cell counts for each
Donor/Protein/cytokine was
compared to its respective
unstimulated value

The p values were adjusted using
the Bonferroni method

Adjusted p-values avoid spurious
false-positive rates due to multiple
testing

15



Flow cytometry-based assay to identify stimulation of CD4+ &  [5e)\
CDS&8+ cells
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Experimental identification of biologically relevant MHC I1-

restricted T-cell epitopes

« Peptide presentation (on
MHC Class Il) measured
in an MHC-Associated
Peptide Proteomics
(MAPPs) assay

« Activation of CD4+ T
cells measured by flow
cytometry using the
markers: IFN-y, TNF-q,
IL-2

Simhadri, Hopkins, McGill, Mukherjee, Zhang & Sauna. Nature Communications 12: 5090

Sr . Position
I Peptide (SaCas9)

1 |LFDYNLLTDHSELSGINPYEARV 71 - 93

2 [SVKYAYNADLYNALNDL 246 - 262
3 INADLYNALNDLNNLVITRDENEKLE 252 - 276
4 |KEILVNEEDIKGYR 301 - 314
5 |LDQIAKILTIYQSSE 348 - 362
6 |INLNSELTQEEIEQISNLKGYTGTHN 370 - 394
7 JAINLILDELWHTNDNQIA 399 - 416
8 |ILDELWHTNDNQIAIFNR 403 - 420
9 |TNDNQIAIFNRLKLVPK 410 - 426
10 [LVDDFILSPVVKRSFIQS 440 - 457
11 [IQSIKVINAIIKKYGLPND 455 - 473
12 |LPNDIIIELAREKNSKDA 470 - 487
13 |EGKCLYSLEAIPLEDL 531 - 546
14 INYEVDHIIPRSVSFDNSFNN 552 - 571
15 [TPFQYLSSSDSKISYE 587 - 602
16 [KDDKGNTLIVNNLNGLYDKDNDKL 793 - 816
17 [LLMYHHDPQTYQK 827 - 839
18 IDEKNPLYKYYEETGNYLTKYS 849 - 869
19 |GNYLTKYSKKDNGPV 862 - 876
20 LDNGVYKFVTVKNLDVIK 918 - 935
21 KENYYEVNSKCYEEAK 936 - 951
22 |ISNQAEFIASFYNNDLIK 956 - 973




The challenge of identifying MHC I associated peptides

Monoallelic cells gift of Devin B.
Keskin: Sarkizova et al. Nature
Biotechnology 38:199-209

/_[ Step 1: Lentiviral transduction L

transduction :
Monoallelic cells _ (NLS-SaCass: Transduced
nucleoplasmin NLS  myonsalielic
with IRESZ-eGFP) cells

Step 3: in vitro Expansion

Step 5: Further in vitro
Expansion

Pras

A

Step 2: First Cell sorting

M
g‘.
® £

GFP+ve _____ - _

and HLA =
O———————ABCAPC

stained

cells

| Cell sorting

’_[ Step 4: Second cell sorting

h ﬂ
GFP +ve and HLA-AB,C
APC stained cells

[

Step 6: count and freeze

)
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Identification of Cas9 peptides presented by MHC-I

/_( Step 1: Obtain antigen loaded L
j Step 2: Lysis of cells and l

! {! " immunoaffinity separation of

soluble MHC-peptide
Antigen Ioaded monoallelic 1{ ‘
cells

complexes

Step 3: Recovery of peptides %F
from MHC complexes . L
—0
Step 4: Analysis by high
- resolution sequencing mass
spectrometry
Peptides O k
Step 5: Data analysis to ' ‘
determine statistically relevant ]
peptide hits 0
e — LC-MS/MS
GVIEANGGKWA
IGFYLTTPCR
| VPATAPIYTTKFY |

19



Cas9 peptides identified on MHC-I variants FOA

. Donor-1 Donor-2 Donor-3 Donor-4 Donor-5 Donor-6 Donor-7 Donor-8 Donor-9 | Donor-10
Amino *01:01 *02:01 *11:01 *23:01 *24:02 HLA_ A1
Unique Peptides = 2¢'d *01:01 *02:01 *11:01 *23:01 *24:02 HLA_A2
(St"‘:‘ *35:01 *08:01 *07:02 *27:02 *44:02 HLA_B1
end) *35:01 *08:01 *07:02 *27:02 *44:02  HLA B2
EIEQISNLKGY 378 - 389
519 - 526 -
HIPRSVSF 557 -565
675 - 685
MPEIETEQEY  741-750
916 - 925 I
VYKFVTVK 921 - 929
RIEVNMIDITY 990 - 1001

20



YLIEKIKL

Cas9 peptides identified on MHC-I variants FDA
. Donor-1 Donor-2 Donor-3 Donor-4 Donor-5 Donor-6 Donor-7 Donor-8 Donor-9 | Donor-10
Amino | «q.01 *02:01 *11:01 *23:01 *24:02 HLA_A1
Unique Peptides = 2¢'d *01:01 *02:01 *11:01 *23:01 *24:02 HLA_A2
(fo‘;;' *35:01 *08:01 *07:02 | *27:02 | *44:02 HLA_B1
*35:01 *08:01 *07:02 *27:02 *44:02 HLA_B2
[EEIEQISNLKGY 378 - 389
519 - 526
IIPRSVSF 557 - 565 L
675 - 685
PEIETEQEY 741 - 750
916 - 925 I
VYKFVTVK 921 - 929
RIEVNMIDITY 990 - 1001

NetMHCpan-4.1 predictions

1.031
0.03
0.002
0.003
0.046
0.02
0.204
0.01
0.175

68 HLA-A*1101
HLA-A*1101
HLA-A*2301
HLA-A*2402
HLA-B*0801
HLA-B*0801
HLA-B*2702
HLA-B*3501
HLA-B*4402

00 R 0 Rk Ul Rk PN

All MS identified peptides

are very strong predicted

Binders, i.e within the top ~0.1%

(top <10) of the 5,220 8-12mer peptides
within Cas9

21




How far have we come? Example from VACV

83 epitopes have been identified within 767,788 peptides (and tested MHC combinations)
contained with the VACV reference proteome

% peptides needed to capture 50% epitopes

100.0%
A

The best current
methods can identify _ Tooky
>60% of these known 2
epitopes within the 2
top 0.025% of the &
entire space of °
peptide-MHC 2
combinations F

< &
Benchmarking predictions of MHC class I restricted T cell epitopes in a comprehensively studied model system, Paul S. et al., Plos Computational
Biology, May 2020



SLLPAIVEL YLLPAIVHI TLWVDPYEV GLVPFLVSV
LLDVPTAAV VLFRGGPRG MVDGTLLLL YMNGTMSQV

TTT TT\X7T YT

TGAPVTYST
GAGIGVAVL
KARDPHSGH
AVFDRKSDA
GLCTLVAML
VLHDDLLEA
ISNDVCAQV
YTAFTIPSI
NMEFTPYIGV
VVLGVVEGI
GLYDGMEHL
EAAGIGILT
YLSTAFARV
FLDEFMEGV
AAGIGILTV
AAGIGILTV

TT N TNTTTTTTST

VIYQYMDDL
IAGIGILAI
KACDPHSGH
LLDFVRFMG
FIDSYICQV
LMWITQCFL
VKTDGNPPE
RLMKQDFESV
LMIIPLINV
ILHNGAYSL
KMVELVHFL
TLDSQVMSL
YLLEMLWRL
ALQPGTALL
FLPSDFFPS
FLPSDFFPS

AT TITNATYTTT

What can we learn from
4 200,000 such measurements
covering more than 1000
different MHC molecules?

VLPDVFIRC
LIVIGILIL
ACDPHSGHF
VLVKSPNHV
ITISAVVGIL
SLLMWITQC
SVYDFEFVWL
RLPRIFCSC
TLEIGSHVV
MIMVKCWMI
YLOLVEGIE
STPPPGTRV
SLDDYNHLV
VLDGLDVLL
SVRDRLARL
AAGIGILTV

VLPDVFIRC
LAGIGLIAA
SLYNTVATL
GLAPPQHLT
VMAGVGSPY
QLSLLMWIT
FLYGALLLA
FLWGPRAYA
SLVIVTTEV
MLGTHTMEV
MLMAQEALA
KVAELVHFL
RTLDKVLEV
SLYSFPEPE
SLREWLLRI
FLPSDFFPS

So MHC binding predictions clearly have value -
How are they made?

KLLEPVLLL LLDVPTAAV LLDVPTAAV LLDVPTAAV
MLLSVPLLL SLLGLLVEV ALLPPINIL TLIKIQHTL
"T™NRQSGRQ GLDVLTAKV RILGAVAKV QVCERIPTI
IENVASL FLLWATAEA SLPDFGISY KKREEAPSL
SENISNF ALSDHHIYL GLSEFTEYL STAPPAHGV
DSYVRSL YMNGTMSQV GILGFVFTL ILKEPVHGV
PSDFFPS CLGGLLTMV FIAGNSAYE KLGEFYNQM
SIGILTV YLEPG > DQVPFSV
RKLATT ~ ™ Treme IEDB Apr|l_2023 I
YRYGS )
Lrrir | Summary Metrics
AVGIGIA e .
VDGIGIL Peptidic Epitopes 1,612,246
RGPGRAF  Non-Peptidic Epitopes 3,188
LLGRNSE | T Cell Assays 511,679
LLWTLVV
L LGATC B Cell Assays 1,403,266
VLFSSDF MHC Ligand Assays 4,802,905
RLLOETE  Epitope Source Organisms 4,450
VLOWASL | pestricting MHC Alleles 1,005
MLGTHTV
ILMAQEAI  References 24,670
IMIGVIVGV ALLRWGOLLL LLEAGVYLY VLLULD LAV
GLPVEYLQV KLIANNTRV FIYAGSLSA KLVANNTRL
ALYVDSLFF SLLQHLIGL ELTLGEFLK MINAYLDKL
LLSAWILTA AAGIGILTV AVPDEIPPL FAYDGKDYI
AAGIGILTV FLWGPRALV ETVSEQSNV ITLWQRPLV




Data interpretation (fitting mathematical models)

AADFPGIAR 0.085 0.036
AAVDLSHFL 0.169 Artificial neural networks, 0.227
FTFDLTALK 0.085 Support vector machines, 0.131
WVWDTWPLA 0.085 Similarity kernel, 0.147
TMMRHRREL 0.085 Regression, .. 0.338
LLPYPIAGC 0.085 T 0.082
LMFSTSAYL 0.735 ) ® © | Tnput layer 0.713
KLNENIIRF 0.536 §<i2§£§§§%£§§§:Zw 0.467
MRVLHLDLK 0.085 .. { ™ idden loyer 0.044
GLICGLRQL 0.196 W 0.239
FEFILRYGD 0.085 o Output layer 0.032
EFVSANLAM 0.085 2 0.162
RAAHRRQSV 0.085 0.126
SPLHVEFVAV 0.085 0.050
RTFGKLPYR 0.085 0.087
GSLFTEQAF 0.197 0.392
SYGNANVSFEF 0.349 . . 0.181
CSEVPQSGY 0.085 Machine learning 0.169
GSEDRDLLY 0.085 0.187
LNINKNGSE 0.430 0.425



HLA specificities

Bits

A0201

Bits

Bits

A0206




25,000
20,000

The IMGT/HLA Sequence Database currently encompass more than 24,000 HLA

alleles

HLA polymorphism

L0-610C
70-610¢
L0-6L0C
0L-8L0¢C
£0-810¢C
70-8L0¢C
L0-8L0C
0oL-£10C
£0-£10¢C
¥0-£10¢C
L0-£10C
0L-9L0¢C
£0-91L0¢C
¥70-910¢
L0-9L0¢C
0L-GL0C
£0-510¢C
70-G10¢
L0-GL0¢C
oL-vL0C
L0-¥10C
¥0-710¢
L0-71L0C
oL-€L0c
L0-€10C
70-€10¢
L0-€L0C
oL-cloc
L0-¢l0C
70-¢10¢
L0-¢L0C
oL-LL0C
£0-L10C
¥0-110¢
L0-L10C
0oL-0L0C
£0-0L0C
¥70-0L0¢
L0-0L0C
0L-600C

15,000
5,000

o
S
o
=
#

19V

IMGT-HLA release

Source: https://www.ebi.ac.uk/ipd/imgt/hla/stats.html



Pan-specific prediction methods

NetMHCpan

NetMHC



Peptide Amino acids of HLA pockets HLA Aff

VVLOQHSIA YFAVLTWYGEKVHTHVDTLVRYHY AQ0201 0.131751
SQVSFQOPL YFAVLTWYGEKVHTHVDTLVRYHY AQ0201 0.487500
SOCQATHNV YFAVLTWYGEKVHTHVDTLVRYHY AQ0201 0.364186
LOOSTYQLV YFAVLTWYGEKVHTHVDTLVRYHY AQ0201 0.582749
LOPFLOPQOL YFAVLTWYGEKVHTHVDTLVRYHY A0201 0.206700
VLAGLLGNV YEAVLTWYGYKVHTHVDTLVRYHY AQ0201 0.727865
VLAGLLGNV YERVWIWYGEKVHTHVDTLLRYHY AQ0202 0.706274
VLAGLLGNV YFREWTWYGEKVHTHVDTLVRYHY A0203 1.000000
VLAGLLGNV YYRVLTWYGEKVHTHVDTLVRYHY A0206 0.682619
VLAGLLGNV A6802 0.407855

NetMHCpan Server i

NetHCpan server predicts binding of peptides 1o 478 and 781 difierent HLA A and B alleles using antificial neural netwarks (ANNS). This is a beta version of the server, and it is in the procees of E
being updaled with ather leatures (prediction of user defined MHC molecules, ect) »

The predicson values ane given in nM ICS0 values.

Note! On Wednesday the 15th of October, a minor error in service has been corrected. This might lead to smaill changes in the prediction values. ¥ you need to reproduce prediction results ;
made prior to this date, please comtact mnke & chs diudk (Morten Nelsen).

E
B
]
The project is & collabaration between CBS and 1L ]
B
E]

SUBMISSION
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The new kid in town

. A:Sample preparation

Cells lysate

—>

i

Immuno-affinity
purification $¢ ﬁ

>

A |
Purification and
enrichment  ~~x, 3-
" a —>
w -
HLA-I HLA-I
complexes peptides

Input Peptides

Michal Bassani-Sternberg et. al, MCP, 2015



Interpreting and benefitting from MS eluted ligand data sets

— A:Sample preparation A4

j : | Cells lysate

Immuno-affinity Purification and
purification $8 @ _ enrichment ~-x .-

““..
S ’“ "‘"-“.v..._ g
’a a TR e T
e > bl . P
— “ “a o
w ) =

HLA-I HLA-I
complexes peptides

Michal Bassani-Sternberg et. al, MCP, 2015
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Input Peptides
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NNAlign_MA

Train a pan-specific predictor - also covering HLA's

NOT part of training data

Training

SA Raw
Data i=20 MA Data

2 8-
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-ko & Q;"

3 5 Q

£ = d
I (a'a U ;";:_,-?.;__ —'-—_""L
NNATIgn 20 —> NNAlign 2.0

MA Annotation

Annotated

Alvarez el at. Mol Cell Proteomics. 2019
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NNAlign_MA

Train a pan-specific predictor - also covering HLA's
NOT part of training data

SA Raw
i =20 Data i=20 MA Data
5 5
i s Egee L

i=30 ., i=5 . i=100 _. i=200

HLA-A*02:01

BoLA-1:00901

Alvarez el at. Mol Cell Proteomics. 2019



The Frank performance measure - Reproducing natures choice

Sort on
binding

Top Rank: F-rank=0.0
Random Rank: F-rank=0.5



Prediction accuracy

Cas9 case story

1.031
0.03
0.002
0.003
0.046
0.02
0.204
0.01
0.175

68
2
1
1
5
1
8
1
8

Rank (from 5220

HLA-A*1101
HLA-A*1101
HLA-A*2301
HLA-A*2402
HLA-B*0801
HLA-B*0801
HLA-B*2702
HLA-B*3501
HLA-B*4402

Fraction

0.8

0.6

> 95% of the known epitopes/ligands
are predicted within the top 5% of
the peptides within the source protein

Are these T cell epitopes
lacking MHC restriction?
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Historically, MHC class 11 tools have poor performance

and many false positive predictions

An automated benchmarking platform for MHC
class II binding prediction methods

Massimo Andreatta, Thomas Trolle, Zhen Yan, Jason A Greenbaum, Bjoern Peters,
Morten Nielsen =

Bioinformatics, Volume 34, Issue 9, 1 May 2018, Pages 1522-1528, https://doi.org/10.1093
/biocinformatics/btx820
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Integrating MS eluted ligand data has completely changed this

e SA-Data e MA-Data DQ Saghar

State of- the art |n SIlICO methods :
for class |l are now as accurate
across all three HLA-II loci as
class | methods

L]

d 0.6 0.6
L
e

'L

AUC

0.4 -

T T T T T T T

Ode\ \\hode\ Novel data only  Full data w_Saghar DQ  wo_Saghar_DQ

W2l ,
N PN \

Reynisson et al. J Proteome Res. 2020 Apr 30. doi: 10.1021/acs.jproteome.9b00874.
Nilsson, Kaabinejadian et al., Commun Biol. 2023



MHC binding predictions is a done deal

Immunity

Machine learning predictions of MHC-II specificities
reveal alternative binding mode of class Il epitopes

Graphical abstract

Collection of MHC-II ligands reveals binding motifs
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Experimental identification of biologically relevant MHC I1-
restricted T-cell epitopes

Sr . Position
I Peptide (SaCas9)

: : 1 |LFDYNLLTDHSELSGINPYEARV 71-93
¢ Pept|de presentat|on (On 2 |SVKYAYNADLYNALNDL 246 - 262
3 INADLYNALNDLNNLVITRDENEKLE 252 - 276
MHC Class ”) measured 4 |KEILVNEEDIKGYR 301 - 314
in an MHC-Associated 5 |LDQIAKILTIYQSSE 348 - 362
. _ 6 INLNSELTQEEIEQISNLKGYTGTHN 370 - 394
Pep’ude Proteomics 7 |AINLILDELWHTNDNQIA 399 - 416
8 LDELWHTNDNQIAIFNR 403 - 420
(MAPPs) assay 9 [TNDNQIAIFNRLKLVPK 410 - 426
10 |LVDDFILSPVVKRSFIQS 440 - 457
11_IQSIKVINAIIKKYGLPND 455 - 473
- - 12 |LPNDIIIELAREKNSKDA 470 - 487
* Activation of CD4+ T 13 |[EGKCLYSLEAIPLEDL 531 - 546
14_[NYEVDHIIPRSVSFDNSFNN 552 - 571
cells measured by flow 15 [TPFQYLSSSDSKISYE 587 - 602
Cytometry using the 16 |KDDKGNTLIVNNLNGLYDKDNDKL 793 - 816
17 |LLMYHHDPQTYQK 827 - 839
markers: |FN-Y, TNF-q, 18 |DEKNPLYKYYEETGNYLTKYS 849 - 869
19 |GNYLTKYSKKDNGPV 862 - 876
|L-2 20 [LDNGVYKFVTVKNLDVIK 918 - 935
21 |KENYYEVNSKCYEEAK 936 - 951
22 |ISNQAEFIASFYNNDLIK 956 - 973

Simhadri, Hopkins, McGill, Mukherjee, Zhang & Sauna. Nature Communications 12: 5090



100%

90%

Predicting
MAPPs ligands

80%
70%

60%

* Donors were annotated only for DRB1 W Rank>20
50% W Rank<20
« Using HLAAssoc 1.0 W Rank<5
. . 40% B Rank<1
https://services.healthtech.dtu.dk/servic

es/HLAAssoc-1.0/
we can extent this to also cover DRB345

30%

20%

* DRB3,4 to 5 restrictions likely explain
more than 25% of the MAPPS data 10%

0%

DRB1 DRB1+345


https://services.healthtech.dtu.dk/services/HLAAssoc-1.0/
https://services.healthtech.dtu.dk/services/HLAAssoc-1.0/

Interpretation of Immunopeptidome (MAPPs) data sets

https://services.healthtech.dtu.dk/services/MHCMotifDecon-1.2/

MHCMotifDecon - 1.2

Motif deconvolution of Multi-allele immunopetidomics data

MHCMotifDecon-1.2 is a supervised method for motif deconvolution of MHC peptidome data. The method uses MHC binding predictions from NetMHCpan-4.1 (for MHC class 1) and NetMHCllpan-4.3 (for
MHC class Il) to deconvolute and assign likely MHC restriction elements to MHC peptidome data.

In the deconvolution, MS co-immunoprecipitated contaminants are identified and placed in a trash bin.

Submission Instructions Output format Article abstract Downloads
SUBMISSION

Hover the mouse cursor over the @ symbol for a short description of the options

INPUT TYPE:

Paste an input into the field below:

4

nr unland n fila in farmat *liaand [Call lina INT" diracths fram unnr ineal dick:

Kaabinejadian et al, Frontiers Immul, 2022



Interpretation of Immunopeptidome (MAPPs) data sets

# Peptide counts ~ Prptide length histograms DRB1_1301 (2567) DRB3_0202 (1272)
\
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0.8

E\ What are these
/ short peptides?

5 0.05) - Sa—
:?o s 0.21
5 0 12 1@ 1 18 @ 2 2 1 2 3
3@ & / Peptide Length
# Peptide counts Peptide length histograms DRB1_1301 (1316) DRB3_0202 (1165) Trash (1358)
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They are clearly NOT
class Il ligand

Kaabinejadian et al, Frontiers Immul, 2022



Interpretation of Immunopeptidome (MAPPs) data sets

# Peptide counts

Peptide length histograms

DRB1_1301 (2567)

DRB3_0202 (1272)
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# Peptide counts

Peptide length histograms

Trash (1358)
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# Peptide counts

Peptide length histograms

HLA-A01:01 (419)

HLA-B15:01 (729)

HLA-C03:03 (96)
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% Fraction
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A very large proportion of
the short peptides are
class | restricted

Kaabinejadian et al, Frontiers Immul, 2022




Interpretation of Immunopeptidome (MAPPs) data sets

# Peptide counts Peptide length histograms DRB1_1301 (2567) DRB3_0202 (1272)
3000, =
2500 u]l)'.
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g )
1000 = \
E
500 .
% * &
"6" =]
&’ 2 0 12 1 16 18 20 2 - 24
§ £ Peptide Length
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Cleaned-up motif deconvolution

Kaabinejadian et al, Frontiers Immul, 2022




Contribution of D and DP in the class I1I peptidome
- Bias in immunoprecipitation

# Peptide counts DRB1_1101 (6337) DRB3_0202 (1052) HLA-DPA10103-DPB10401 (47) HLA-DPA10103-DPB10402 (63) HLA-DQA10505-DQB10301 (217)
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2000
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1) Purify HLA-DR molecules with an anti-HLA-DR antibody and

Racle, J., et al. Nat Biotechnol 37, 1283-1286 (2019)
Nilsson et al. Sci Adv. 2023



Racle CD165 DR

Contribution of D and DP in the class I1I peptidome
- Bias in immunoprecipitation

# Peptide counts DRB1_1101 (6337) DRB3_0202 (1052) HLA-DPA10103-DPB10401 (47) HLA-DPA10103-DPB10402 (63) HLA-DQA10505-DQB10301 (217)

A000
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IN00n-
2000

non-
o ]
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HLA-DPA10103-DPB10401 (557)
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Racle CD165 DQP
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1) Purify HLA-DR molecules with an anti-HLA-DR antibody and
2) then the remaining HLA-Il molecules with a pan-HLA-II antibody

Racle, J., et al. Nat Biotechnol 37, 1283-1286 (2019)
Nilsson et al. Sci Adv. 2023



Contribution of DRB345, DQ and DP to the class 11

immunopeptidome

# Peptide counts

DRB1_1302 (1376)

DRB3_0301 (1586)

HLA-DPA10103-DPB11601 (101)

HLA-DQA10102-DQB10604 (84)
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Protein drug Immunogenicity — Infliximab case-story

1/6 3/6 1/6 2/6
Predictions MAPPs = TR !
S
8 ~ 1000
n 8
=
_— =5
3% &
g 1 @ 100
|
. 0.0 ‘— [ = [ ) € ) = = 10
0 20 45_/60 80 100 120 140 160 180 200

Sequence position

Test peptides

Barra et al., Frontiers in Immunology, 2020



Protein drug Immunogenicity — Infliximab case-story

1/6 3/6 1/6 216
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Test peptides

Barra et al., Frontiers in Immunology, 2020



Self-similarity and tolerance

—) MAPPs

Toll-regions
== NetMHCIIpan

Rel Score

Both MAPPs and in-

silico models predict
antigen presentation
NOT immunogenicity

0 20 40 60 80 100 120 14} 160 180 200
Sequence position

CP Jacobsen et al., work in progress
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Cas9 peptides identified on MHC-I variants

What is the clinical relevance of the adaptive immune response to Novel Modalities?

What assays, reagents, statistical methods (cut-point determination) do we need to evaluate
immunogenicity in the clinic?

Do we need method standardization? Reference standards? Who will bell the cat? Community effort
or individual?

Developing in silico tools? Mathematical models? Model Informed Drug Development (MIDD)
approaches?

How do we design assays that reflect the influence of the mode of delivery on immunogenicity?

What in silico, in vitro, ex vivo and clinical assessments do we need? Should these be broad based
or tailored to the gene editing approach/disease/organ?

Developing in silico tools? Going beyond peptide-MHC antigen presentation predictions.
Mathematical models? Model Informed Drug Development (MIDD) approaches?
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