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Vaccine design and Al

Emergence of SARS-CoV-2 virus.
Focus on vaccine design.

Epitope-based vaccines for different diseases
have been proposed.

Research on Al for understanding the immune
response.

Using Natural Language Processing tools to aid
the epitope-based vaccine design.
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Epitope-based vaccines

Synthetize epitopes that when inoculated
stimulate the natural response to the
pathogen.

Epitopes are usually identified from the
analysis of the pathogen genome.
Datasets and programs that estimate the
of affinity of HLA alleles to epitopes exist.

{ Retrieval of DNA sequences }

l

Identification and selection of
best epitopes

l

[ Vaccine conformation




Epitope-based vaccines

Influenza (Sheikh et al.: 2016)

Dengue (Murphy et al.: 2019)
Tuberculosis (Bibi et al.: 2021)
SARS-CoV-2 (Behmard et al.: 2020)
SARS-CoV-2 (Murkhejee et al.: 2020)
SARS-CoV-2 (Yarmakovich et al.: 2020)




Challenges in epitope-based vaccine design

Achieve high overall immunogenicity.
Maximize population coverage.
Achieve high allele coverage.

Reduce number of epitopes in the
vaccine.
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Word embeddings

Continuous vectorial representation of words.

Every word in a vocabulary is assigned a vectorial representation.

v(king) = (0.1,0.9,0.4)
v(man)= (0.2,0.4,0.7)
v(woman) =(0.3,0.14,0.37)
v(queen) = (0.9,0.34,0.22)
v(eat)= (0.12,0.35,0.87)



. &
Words with a similar meaning have a similar
vectorial representation.
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Word embeddings

Algebraic operations between word vectors
capture the semantics of the words.

v(king) - v(man) = v(queen) - v(womanmn)

These algebraic properties allow the resolution of
analogy solving tasks.
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A pipeline for vaccine embeddings

Create epitope-allele J
_ vocabulary l

Generation of vaccines
_ corpus

Learning epitope-embeddings |




AAAYYVGY
ANEYRLYLDA
CDRRATCFS
DFLHFLPRV
DVVYRAFDI
EQRKQDDKK
FLGVYYHK
GDSGFAAYSR
GTGTIYTELE
IATCDWTN
ISMWALIISV
KKFDTFNGEC
LAKHCLHV
LKTGDLQPL
LSNLNLPGCD
MSEAKCWT
NQRNAPRI
PLNRNYVFT
QLIRAAEIR
RKSNLKPFER

"HLA-A01:02'
"HLA-A01:03'
"HLA-A01:09'
'HLA-A01:23'
"HLA-A02:01"
"HLA-A02:02'
"HLA-A02:03'
"HLA-A02:04'

'HLA-C17:02"
'HLA-C17:03"
"HLA-C17:04'
"HLA-C17:05'
"HLA-C17:06'
"HLA-C17:07"

‘HLA-C18'
'HLA-C18:61"
'HLA-(18:02'




Generating the (vaccine) sentence

- Sentence: A sequence of alleles and epitopes, s = (a1,e1,a2,e2,a3,e3,...,am,em).
- Alleles are part of the sentence to better represent the interaction with epitopes.

S1 = ['HLA-AG1:01', ANEYRLYLDA, 'HLA-B07:02', GDSGFAAYSR, 'HLA-C07:01', ISMWALIISV,
'HLA-A02:01', LSNLNLPGCD, 'HLA-B13:01', MSEAKCWT, '"HLA-CO7:02', PLNRNYVFT,
'HLA-A03:01', NQRNAPRI, '"HLA-B58:01', AAAYYVGY, 'HLA-C07:01', GTGTIYTELE]



("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:
("HLA-AO1:

'"HLA-BO7:
'"HLA-BO7:
'"HLA-BO7:
'HLA-BO8:
'"HLA-BO8:
'"HLA-BO8:
'HLA-B13:
'"HLA-B13:
'"HLA-B14:
'HLA-B14:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:
'"HLA-B15:

'"HLA-CO7:
"HLA-C15:
"HLA-C15:
'"HLA-CO1:
'"HLA-CO7:
"HLA-CO7:
'"HLA-C06:
'"HLA-CO7:
"HLA-CO7:
'"HLA-CO8:
"HLA-CO1:
'"HLA-CO3:
"HLA-CO3:
'"HLA-CO4:
'"HLA-CO2:
"HLA-CO3:
'"HLA-CO4:
"HLA-CO8:




AAAYYVGY

AAAYYVGYL

AAAYYVGYLQ

AACCHLAK
AACCHLAKA

0.105505
0.066290
0.050816
0.042553

0.050785

HLA-
A01:02

0.143522
0.099294
0.073134
0.071591

0.077612

HLA-
A01:03

0.082048
0.060903
0.043374
0.035676

0.043736

0.105505
0.066290
0.050816
0.042553

0.050785

HLA-
A01:23

0.104677
0.068799
0.048346
0.041701
0.050535

HLA-
A02:01

0.037018
0.243041
0.055380
0.038747

0.216629

HLA-
A02:02

0.046493
0.452552
0.091835
0.039441

0.305789

0.051890
0.409592
0.087515
0.040569

0.385049

0.035161 ...
0.224231 ..
0.050330 ...
0.040557 ...

0.150765 ...

. HLA-C

HLA-

© C17:02

0.052115
0.398911
0.052227
0.052035

0.124579

HLA-
C17:03

0.052115
0.398911
0.052227
0.052035
0.124579

0.052115
0.398911
0.052227
0.052035

0.124579




Generating the (vaccine) sentence

The "semantics" is enforced in the way sentences are generated.
Haplotypes of the corpus follow the target population distribution.

The probability that epitope e, follows allele ch is higher if affinity between the two is
high.

As the sentence grows, epitopes that cover alleles that already in the sentence are less
likely to be selected.

S1 = ['HLA-AG1:01', ANEYRLYLDA, 'HLA-B07:02', GDSGFAAYSR, 'HLA-C07:01', ISMWALIISV,

'"HLA-A02:01', LSNLNLPGCD, 'HLA-B13:01', MSEAKCWT, '"HLA-CO7:02', PLNRNYVFT,
'"HLA-A03:01', NQRNAPRI, '"HLA-B58:01"', AAAYYVGY, 'HLA-C07:01', GTGTIYTELE]



Algorithm 1: MAMC algorithm.

1 list_haplotypes = (;
2 list_epitopes = ();
3 forl =1%o mdo
if - = 1 then
| h = (Qc(i—1)+1s--->Ac.i) = sample_pop_distribution(H) ;
else

| h = sample_combined(H);
end
Add £ to list_haplotypes;
10 for j = 1 to cdo
11 €c.(i—1)+; = sample_from_M (@..;—1)+j 5
12 Add é..(;—1)4; to list_epitopes;
13 end
14 end
15 Combine list_haplotypes and list_epitopes to create sentence ;




['HLA-AO1:
‘HLA-AO02:
"HLA-AO3:

= ['HLA-A1l1l:
"HLA-AO1:
"HLA-A11l:

['HLA-AO1:
'"HLA-AO1:
"HLA-AO03:

ANEYRLYLDA, 'HLA-BO7:02', GDSGFAAYSR, 'HLA-C07:01', ISMWALIISV,
LSNLNLPGCD, 'HLA-B13:01', MSEAKCWT, 'HLA-CO7:02"', PLNRNYVFT,
NQRNAPRI, 'HLA-B58:01', AAAYYVGY, 'HLA-C07:01', GTGTIYTELE]

GDSSSGWT, 'HLA-B58:01', ISNCVADY, 'HLA-C03:02', MSEAKCWTE,
LSPLYAFA, 'HLA-B35:03', MSEAKCWT, 'HLA-C04:01', LSPLYAFA,
KKFLPFQQ, 'HLA-B27:02', AAAYYVGY, 'HLA-C02:02', PLNRNYVFT]

IATCDWTNA, 'HLA-BO7:02', CDTFCAGS, 'HLA-C07:01', DFMSLSEQ,
LAKHCLHVVG, 'HLA-B35:03', LSPLYAFAS, 'HLA-C04:01', RKTLNSLED,
QLLFVVEV, 'HLA-B58:01', QLLFVVEV, 'HLA-C07:01', GTGTIYTELE]




e

SR
FOCOA




"I love this movie.
I've seen it many times
and it's still awesome."

"This movie is bad.
I don't like it it all.
It's terrible."”
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Algorithm 3: Vaccine design in the embedding space M = {A,£}.

Inpllts : M — {Aa 8}’ ka thre,h’ thre,e
Output : W
i Lig= 'H

4 Randomly select an uncovered haplotype h from L;;

s Remove h from Ly ;

¢ Randomly select one of the & epitopes (e) closest to i and available from Lg ;

7 Addeto W ;

s Use distance thr,. , to determine the set Covy of haplotypes in Ly which are covered by e;
9 Remove haplotypes in Covy from Ly ;
10 Use distance thr, . to determine the set of epitopes C'ovg in L with strong similarity to e;
11 Remove epitopes in Covg from L ;
12 If there are yet uncovered haplotypes or the maximum number of epitopes in £ has not been

reached, go to step 4;




Experiments

Selection of the genome data.

ANE : ‘ \-A01:03"

Extraction of the epitopes and determination of Cl e s ond-A01:09"
Jllele affinit ihpidiind 'HLA-A', 'HLA-AO1:23'
Y. EQRKQDDKK 'HLA-A', 'HLA-A02:01'

FLGVYYHK ‘HLA-AI, "HLA-A02:02'

Learning the epitope embeddings. GDSGFAAYSR ‘HLA-A", "HLA-A02:03'
GTGTIYTELE 'HLA-A', 'HLA-A02:04'

Evaluation of the embedding spaces. Create epitope-allele ’

_ vocabulary
Y

Generation of vaccines ’
corpus

Learning epitope-embeddings J
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Article

Cell Systems

Computationally Optimized SARS-CoV-2 MHC Class|
and Il Vaccine Formulations Predicted to Target
Human Haplotype Distributions

Graphical Abstract Authors
Ge Liu, Brandon Carter,
Trenton Bricken, Siddhartha Jain,
Mathias Viard, Mary Carrington,
David K. Gifford

Correspondence
gifford@mit.edu

In Brief

HLA haplotype frequencies are used to
evaluate and design SARS-CoV-2 peptide
vaccines. The methods presented
optimize the presentation likelihood of &
diverse set of vaccine peptides to
maximize vaccine immunogenicity. The
proposed SARS-CoV-2 MHC class |
vaccine formulations provide 93.21%

Highlights

« HLA haplotype frequencies are used to predict the population  proyide 97.21% predicted coverage with
coverage of vaccine designs at least five vaccine peptide-HLA hits.

« Methods are provided to evaluate and optimize peptide-

« Vaccine designs are optimized for the HLA display of multiple
peptides

« Peptides are scored for selection on multiple criteria
including observed mutation rate
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HS_H RC_H
0.34073  0.03456
0.11667  0.00076
0.00752 -
0.01425 -
0.11870  0.00001
0.00010  0.98573
- 0.00088
- 0.03432
- 0.00025
0.04065  0.00029
0.02289

Population
White

0.00004 -
0.00019  0.00720
0.00024

t
0
1
1
4
4
1
1
4
1
0
4
1
1
4
0
1

0.00838

0.00168

Table 1: Results of the statistical tests for each haplotype metric and embedding spaces. Population
describes the three human populations considered. dim is the embedding dimensionality. ¢ the
lookback parameter used in the sampling of the sentences. Colums k_CF_H, HS_H, and RC_A
show the p-values of the statistical tests for these metrics, the ones for which significant differences
were not found in at least one of the metrics computed.




Population  dim

k_Aff E

HS_E

Asian 2
2
50
50
50
100
100
100
200
200
200

A= Ok, —Chr—=C kO~

0.13958
0.02816
0.00009
0.18640
0.19788
0.56146
0.03111

0.00022
0.43702

0.00819
0.00029
0.00027
0.07365
0.00321
0.00242

Table 2: Results of the statistical tests for each epitope metric and embedding spaces. Colums
k_Aff_FEand HS_FE show the p-values of the statistical tests for these metrics, the ones for which
significant differences were found in at least one of the metrics were found.




Population dim vaccine length hap. coverage efficiency hap. prob.
White 2 0.00003 - - 0.00431

3 0.44879 - 0.81405

5 - 0.03164 %

10 -

25

50 -

200 *

2 0.00350

3 0.26487

200 *
2 0.00001
3 0.17521
200 *

Table 3: Results of the statistical tests for each vaccine metric and embedding spaces. Colums
vaccine length, hap. coverage, efficiency, and hap. prob. show the p-values of the statistical tests
for these metrics. The embedding configurations in which the metrics produced by the original
embedding are significantly higher are indicated with an -’ symbol and those where the metrics for
the shuffled embedding are significantly higher are indicated with an **’ symbol.
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Figure 4: Mean coverage of the vaccines for different embedding dimensions.
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Conclusions

Embedding representations of epitope vaccines captures some of the semantics of the
vaccine domain.

Intrinsic and extrinsic tasks, valid for multiple vaccine embeddings, have been
introduced. The results for the introduced metrics indicate that embedding spaces
capture relevant information.

The characteristics of the representations depend on the dimensionality of the
embeddings and are not equally effective for populations with different haplotype
distributions.



Future work

Contrastive analysis of the embedding representation across populations.

More effective vaccine design methods based on the embedding representation.
Embedding spaces for neoantigens (mutated peptides expressed only by tumour cells)
and neo-epitopes.

More advanced neural networks for embedding construction.

To investigate the effect of algebraic operations in epitope embedding spaces.
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