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Vaccine design and AI

- Emergence of SARS-CoV-2  virus.

- Focus on vaccine design.

- Epitope-based vaccines for different diseases 

have been proposed.

- Research on AI for understanding the immune 

response. 

- Using Natural Language Processing tools to aid 

the epitope-based vaccine design.



Epitopes

- Relatively small peptide chains.

- They are the portions of the antigens 

identified by T cells and B cells.

- The affinity of HLA alleles to epitopes can 

be estimated.

(Sanchez-Trincado et al.: 2017). Fundamentals and 
Methods for T- and B-Cell Epitope Prediction. Journal of 
Immunology Research.



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. 



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.



Methods for epitope-based vaccine design 

- Different alternatives to arrange the epitopes in the vaccine 

sequence.

- Key question: How to select a reduced set of epitope with high 

overall immunogenicity and good coverage?

- Integer programming (Toussaint et al.: 2008).

- Multi-objective optimization: (Schubert and Kohlbacher: 

2009).

- Graph-theoretical formulation (Dorigatti and Schubert: 2020).



Natural Language Processing

- Computer programs able to understand 

written or spoken text.

- NLP tasks: Text summarization, sentiment 

analysis, language translation.

- Key issue: A mathematical representation 

of text is needed by the computers.



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)

       



Word embeddings

- Words with a similar meaning have a similar 

vectorial representation. 

       



Word embeddings

- Words with a similar meaning have a 

similar vectorial representation. 

       



Word embeddings

- Algebraic operations between word vectors  

capture the semantics of the words.   

-       

- These algebraic properties allow the resolution of 

analogy solving tasks.



Learning word embeddings

- Large text corpora are used to learn word 

embeddings (WEs).

- To learn a WE a neural network is trained on 

an NLP task. 

- A variety of neural models can be used for 

learning WEs. 

- Among the best known neural neural networks 

used for learning is Skipgram model.

       



Learning word embeddings: Skipgram

- Each word in a vocabulary of n words is represented 

by an n-dimensional binary vector.

- To learn a WE, a neural network is trained on the 

task of predicting the surrounding words in a 

window of each word in every sentence of the 

corpus. 

- WEs are the weights learned by the network, one 

vector for each word in the dictionary. 

- The WE dimension is the number of hidden neurons 

in the neural network. 

       



WEs of biological sequences

- Associate to sequences of aminoacids with a 

“similar meaning” a similar vectorial 

representation. 

- (Asgari and Mofrad: 2015): Deep proteomics 

and genomics.

- (Bepler and Berger: 2019): Protein sequence 

embeddings.

- (Hie et al.: 2021): Immune response to viral 

infectivity.

       



Research goals

- Introduce a methodology for creating  

embedding spaces for epitope vaccines. 

- Evaluate the capacity of the embedding 

space to capture the relationship between 

HLA alleles and peptides. 

- Evaluate embeddings for vaccine coverage 

of different populations.

- SARS-CoV-2 epitope vaccines as a use case. 

       



A pipeline for vaccine embeddings

       



Creation of the vocabulary
 

- A vocabulary  V= {ℇ,  ⋃
i
𝒜

i
}  is comprised by:

-  A set of peptides  (ℇ).

- A set of HLA alleles (⋃
i
𝒜

i
 ),  possibly 

corresponding to different HLA genes. 

       



Generating the (vaccine) sentence

- Sentence:  A sequence of alleles and epitopes,  s = (a
1

,e
1

,a
2

,e
2

,a
3

,e
3

,...,a
m

,e
m

).

- Alleles are part of the sentence to better represent the interaction with epitopes.

   



Creation of the (vaccine) sentence

 

- The haplotype structure is considered in 

the sequence of alleles.

- Three consecutive alleles in each 

sentence are part of a haplotype.

       



Creation of the (vaccine) sentence

 

- Affinity information is estimated from available datasets and software. 

- In each sentence, the alleles are expected to interact with at least some of the 

epitopes.

       



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
i
 follows allele a

j 
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.



Generating the (vaccine) sentence

 

       



Generating the (vaccine) corpus

- Corpus: A large set of  sentences built by repeatedly and independently applying the 

sentence generation method.

       



Learning the epitope embeddings

- The vaccine corpora are used to learn the  

embeddings.

- Each corpus used for learning an embedding is 

specific for a target population. 

- Skipgram model is trained using the corpus 

generated. 

- As a result of training, one vector is learned for each 

allele and epitope in the dictionary. 

       



How to evaluate embeddings ?

 

- Intrinsic evaluation:  Embeddings are directly 

evaluated in terms of their capacity to capture 
syntactic or semantic relationships between 
words.

- Extrinsic evaluation on an extrinsic task (or 

downstream application), word vectors are 

evaluated according to their performance in a 

ML specific task (e.g., sentiment classification 

from text).

       



How to evaluate vaccine embeddings ?

- Intrinsic evaluation: Measure how well the 

embedding representation captures the 

relationships between HLA alleles and epitopes 

for specific human populations.  

       



How to evaluate vaccine embeddings ?

- Extrinsic task: Vaccine design (create epitope 

vaccines using the embedding space).

- Extrinsic task: Vaccine evaluation (assess the 

quality of a vaccine using the embedding 

space).

       



Metrics to evaluate vaccine embeddings

- k-Aff-E: For a given epitope e, which is the 

average affinity of its k closest alleles.

- HS-E: The highest affinity value among the k 

alleles closest to e.

       



Metrics to evaluate vaccine embeddings

- RC-E: Rank of the first covered allele among the 

k closest to e.

 

- k-SC: How many HLA alleles are covered by e 

and its (1, 2, . . . , k) closest epitopes.

- Similar metrics (k-Aff-H, HS-H, RC-H) are 

computed for haplotypes. 

       



Vaccine design in the embedding space

       



Experiments

- Selection of the genome data. 

- Extraction of the epitopes and determination of 

allele affinity. 

- Learning the epitope embeddings.

- Evaluation of the embedding spaces.

       



Experiments: Epitopes from SARS-CoV-2 genome 

- All possible peptide fragments were obtained 

from the SARS-CoV-2 genome. (Liu et al. 2020).

- Those epitopes with sequence length between 

8 and 10 amino-acids (29403) were retained.

- After additional filtering, The remaining set 

comprises 27031 epitopes.

       



Experiments: human HLA haplotype data

- Human HLA haplotype frequencies of three 

major populations: Black, White and Asian (Liu 

et al. 2020).

- In total, 2138 distinct haplotypes for the HLA 

class I. 

- Immunogenic affinity values between the 

epitope and 233 MHI-A alleles were obtained.

       



Experiments: parameters for learning embeddings

- Embedding dimension: {2, 3, 5, 10, 25, 50, 100, 

200}.

- Window size: 4.

- Lookback: {0, 1, 4}.

- Each combination of parameter for the three 

human population.

- A total of 3 × 3 × 8 = 72 embedding spaces.

       



Experiments

- Evaluation of the embeddings using the 

intrinsic metrics. 

- Evaluation of the vaccines designed with 

information from the embedding spaces. 

- 72 shuffled embedding spaces were generated 

as a baseline for the comparison.

       



Intrinsic evaluation: Results

 

       



Intrinsic evaluation: Results

 

       



Extrinsic evaluation: Results

 

       



Extrinsic evaluation: Results

 

       



Extrinsic evaluation: Results

 

       



Conclusions 

1. Embedding representations of epitope vaccines captures some of the semantics of the 

vaccine domain.

2. 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.

3. 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 

1. Contrastive analysis of the embedding representation across populations.

2. More effective vaccine design methods based on the embedding representation. 

3. Embedding spaces for neoantigens (mutated peptides expressed only by tumour cells) 

and neo-epitopes.

4. More advanced neural networks for embedding construction.

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