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BACKGROUND INFROMATION

In silico prediction of T cell epitopes within a peptide drug candidate Immunogenicity Scores are calculated from in silico algorithms trained
serves as an important 15t step for assessing immunogenicity. on curated in vitro data for natural AA peptide sequences
_ _ T Cell Receptor In vitro Data Curation Training the Algorithm Predicting HLA Ligands Generating a Score

T cell epitopes bind HLA by a HLA-bound and Frequency Analysis (Allele-Specific Matrix) (EpiMatrix Detail Report) (Immunogenicity Scale)
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Immunoinformatics tools, such
as EpiMatrix, have been
developed to screen natural
amino acid sequences for
peptides that will bind HLA.
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HLA binding properties of peptides containing unnatural amino acids

In silico assessment of immunogenic potential allows for risk-based ) i
; e (UAA) are not accurately estimated by most algorithms, to date.

selection of best candidate peptides in further confirmatory in vitro, ex

vivo and in vivo .assays, ther.ellay reducing the overall cost of UAA are often incorporated into peptide therapeutics to improve drug properties and commonly occur in
immunogenicity evaluation. synthetic peptide-related impurities. Both scenarios warrant the need for enhanced predictive algorithms.

OVERVIEW & ROAD MAP PHASE 1 : Substitution Method with Existing in silico Algorithms

Three Steps to Select a Best Proxy Substitution for the Unnatural Amino Acid

1. Neutral Placeholder 2. Replacement Analysis 3. Structural Proxy

Process to expand existing in silico immunogenicity prediction tools
to handle sequences containing unnatural amino acids

Replace the UAA with a Replace the UAA with each of the 20 natural L-amino Review the structural/
neutral placeholder X. In acids to establish the extent to which variation at this chemical properties of the
Phase 1 Phase 2 Phase 3 EpiMatrix, amino acid “X” position can have an impact on the binding potential of UAA side chain and, if
Substitution Method with Apply ‘correction factors’ to Common UAAs programmed has a coefficie_nt of 0 andis || the ir?put peptide and ider)tify yvhich, If any, substitutes applicable, replace with the
EXISTING infrastructure common UAA for direct scoring.* assumed to neither promote || are likely to promote or significantly detract from HLA closest matching natural L-
*requires extensive in vitro nor detract from binding. binding potential. amino acid.
data to train the algorithm
a. Expert b. Validation c. Validation Example : Semaglutide APl and D-Amino Acid Impurities
Review In Vitro ex Vivo Selecting suitable replacements for the UAA in Semaglutide API EpiMatrix analysis for Semaglutide API
1. Natural amino acid or placeholder substitutions must be applied to score peptides that include UAA Aminoisobutyric Acid (Aib) _ _ _
with existing epitope mapping tools. (Phase 1) SEMAGLUTIDE API SEQUENCE EpiMatrix Detail Report - SEMAGLUTIDE

HAIbBEGTEFTSDVSSYLEGQAAK (OEG-OEG-yGlu-Cl8diacid) EFIAWLVRGRG

HLA-DR Supertype Alleles

2. ‘Correction factors’ can be applied to the scores of natural amino acid substitutions to more Neutral placeholder: Y .
accurately predict HLA binding for UAA-containing sequences. (Phase 2) @ [ou placenolaer: Replace UM (KIOEG OFG- (1] 7\ angorersn| 15
. . . . L . ) ) , i _ YGlu- lacia) wi 8 LAEGTFTSDV| 16
a) D-amino acids and side chain modifications that introduce ‘bulk’ are expected to negatively HXEGTFTSDVSSYLEGOAAZEFIAWLVRGRG ® HAEGTETSDVSSYLEGOAAXEFIAWLVRGRG 8 |zomezsovs| 17
. . . . . . . . wid GTFTSDVSS
impact the HLA binding likelihood and can be modeled by introducing a deduction to the score of g S . 11 |rerspvssy| 19
the closest matching natural L-amino acid. (Phase 2a) Replacement Anal/sis: S Replacement Analysts: 2 | Fsvesinl 20 e 6
. y . . . . . . _ : : G B . . 14 | SDVSSYLEG| 22
b) These ‘correction factors’ will be further refined based on in vitro validation data. (Phase 2b,c) natural L-amino acids ; o natural L-amino acids 15 | ussyLeco| 23
Lowest Score = least conducive to binding = < Lowest Score = least conducive to binding 16 | vssviEGoa| 24
; : 17 | ssyrLEcoan| 25
N X 18 Z 26
- (41 = yy o Structural Proxy: 3 R Structural Proxy: 19 iEEEZi:AE 27
P HAS E 2 = Ap p Iy CO rre Ctl o n FaCto rs to com m o n UAA Choose best-matching natural L- Q w Choose best-matching natural L- 20 | LEGQRAAZEF| 28
amino acid based on structural R 2 amino acid based on structural 21 | ECQRAZEFI| 29
/ \ / \ and/or chemical properties : : and/or chemical properties 22 | conazerIA| 30
/ \ 0 v | G “’C 23 | QAAZEFIAW| 31
= 2 - H H - = - E F 24 |anzerimwn| 32
a) Expert Review b) Validation in vitro || c) Validation ex vivo %L - \HL 2 H | et Loty |
Review of UAA side chain structure HLA binding assays to compare known IVIP T cell assays to assess the impact e o o % e | "~y Placeholder (2) 2° | zorrawiiR (34
compared to closest matching natural ligand sequences modified with of selected UAA on T cell recognition — T~ 28 |rrawiveer| 36 2
AA and apply score deductions. selected UAA in HLA binding positions. and immunogenic potentials. | ¢, Semaglutide Baseline i i i o 29 | [RULVRCRC ST — 2
| CAGTlaphy: ctions. e e I IIET Aminoisobutyric acid (Aib) L A
K(I'e' I, FTOUErEiE, e Siglli e )/ K P - / \ / - Narrow range of scores - little * Narrow range of scores = little impact on Top 10% of random peptides Top 5% ofrandom peptides Top 1% of random peptides
impact on HLA binding potential HLA binding potential (not significant, near miss) (significant hit) (significant hit, highly likely)
.. . . . . . . : » Expected to disrupt potential HLA binding, . . _ o .
Preliminary in vitro data for D-amino acid ‘correction factors’ Replace with structural proxy, Ala. replace with low affinity placeholder, Z. note: semaglutide peptide numbering is relative to hGLP-1 (7-37)
HLA binding studies based on known ligands (such as PADRE) which have been modified to Semaglutide D-amino acid impurity analysis examples
contain UAAs in HLA anchoring posmon% (1 469) can be usgd to estlm:ate_ the binding pote.ntlals D-His in position 7 D-Phe in position 12 In Vitro HLA Binding Study Confirms in Silico Predictions
of commonly encountered UAA and “correct” in silico estimates of binding based on their @ _ eui piacenolcer Neutral placeholder: @
Replace UAA (D-His) with X Replace UAA (D-Phe) with X

naturally-occurring counterparts.

Baseline API Impurity
HAEGTE£TSDVSSYLEGQAAZEFTAWLVRGRG

hAEGTEFTSDVSSYLEGQAAZEFTAWLVRGRG
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in HLA binding position 1 of a known B

- L] L] E -*
Eleatrlx Detail Report - PADRE PEPTIDE XAEGTETSDVSSYLEGQAAZEFIAWLVRGRG - HAEGTXTSDVSSYLEGQAAZEFIAWLVRGRG HLA DRB170401 HLA DRB170401
Frame Frame I L e e - TCell RECEptDF — S = 9;2 Moderate
Start Seqeunce Stop 1 | : > : 8 = o s Affinity
Replacement Analysis: O Replacement Analysis: £ 0
1 AKFVAAWTL 9 c ]
2 | xemaamix| 10 HEADoUNd Replace X with all 20 : o | Replace X with all 20 S w | ics0-4.230
R e I peptide natural L-amino acids = g natural L-amino acids 2 0
| | | | £ S 300
L] EpiMatrix Score : 17.12 HLA-DR 3 p;l P6 E,; Lowest Score = least conducive to binding E Q X Lowest Score = least conducive to binding - j‘c’z I . I
Top 10% pfrandom pep?ides Top 5% pfr_andom Peptides qu 1% of rapdo_m peptides Binding pGCkEtS : ; 0 0 30 1000 3200 10200 92,300 w:w . -
(not significant, near miss) (significant hit) Cignicant BLbighy Jikel) Human Leukocyte Antigen (HLA) . StLucturaI II:roxy: N L . StLucturaI II:roxy: N Concentration of est artcle (M) entraion f st e ()
oose best-matching natural L- M B oose best-matching natural L-
B L-aa [] D-aa -- Binding threshold — High affinity threshold amino acid based on structural L | 2 amino acid based on structural HLA DRB1*0401 HLA DRB1*0401
D_amino aCidS diSI’upt HLA blnding and/or chemical properties : No Change / : and/or chemical properties B 1,400 i i
o / a : Ml
compared to their corresponding L- N N B / c ° ° Affinity
= = n = < I 5 OH Vs < l HH v ! / E i H v OH L:: ,CSH’ 750 Lé w0
amino acid isomer when substituted - C ) ' - - - oo 2 a0
] ) o D-His L-His Y | P I =] ] D-Phe L-Phe g I £ ., Non- Blnder
promiscuous HLA-DR binding D-His7 77 semeuide Baselie D-Phe12 I & :

100 320 1,000 3,200 10,200 32,300 102,500 100 320 1,000 3,200 10,200 32,300 102,500

No change in score Wide range of scores, all lowerthan | 7 = R,

3 . *note- lutid tid entration of Test article (nM)
L_; peptlde (PADRE)- modification will not impact n:u?nt?::i?]aggi; rle;t?veeptloe baseline score
8 HLA binding hGLP-1 (7-37) » modification will disrupt HLA binding

Similar studies are underway assessing the
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impact of D-AA in other positions. These studies HLA DR Binding Affinity Cutoffs BASLELINE: Low Low Low Low Non-Binder  Negligible
. . . Non-binder (No dose-dependent inhibition) 00_SEM_API(7-23)
will enable calculation of correction factors for _ o Nogliaible Afinity (100.000mM < 1ot 000,000nM) TR Negligible Low - Low Low Non-Binder  Negligible
adjusting in silico HLA binding estimates for D- In Vitro HLA Binding Study Cow ATy (10.000mM < 1o = 100,000 D-HIS7_SEM(7-23) ¥ = = = = =
AA, and to further adeSt the blndlng prediCtionS Confirms in Silico Predictions Moderate Affinity (1,000nM < IC5, < 10,000nM) (?(?SSIEEI;\:INEI;’I(Q-23) Non-Binder Low - Low Low Non-Binder Negligible
for D-AA by allele and amino acid group. High Affinity (100nM < ICs, <1,000nM) IMPURITY: Non-Binder  Negligible | Non-Binder | Negligible  Negligible  Non-Binder  Negligible
Very High Affinity (IC5, < 100nM) D-PHE12_SEM(9-23) = J J J J = =
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e |n silico risk assessment of peptides and their related impurities is an important first step to understanding the immunogenic potential of a given therapeutic, but in silico REFERENCES
Immunogenicity prediction algorithms are limited to natural amino acid sequences. Some of the data presented was funded in part
e A three-phased approach for the eventual incorporation of common unnatural amino acids into immunoinformatic toolkits includes: first, a substitution-based method by FDA Contract # 75F40120C00157.
. . . . . . . - . . . . . . . . Mattei AE, Gutierrez AH, Martin WD, Terry FE,
enabling in silico immunogenicity risk assessment for sequences containing unnatural amino acids, and second, the use of in vitro HLA binding and ex vivo T cell assays in | | roperts BJ. Rosenberg AS and De Groot AS (2022),

the development of ‘correction factors’ that can be applied to in silico ‘scores’ for common unnatural amino acids, for more accuracy in predictions. Froqtd gglégg-/fggsscvogéfgggggéd°i1

For questions regarding in silico immunogenicity analysis of peptide therapeutics and related impurities please contact info@epivax.com www.epivax.com
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