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epitope data. It contains over 200000 quantitative measurements of the binding aﬃnity of peptides and MHC molecules for humans. For all the MHC-peptide complexes,
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binding aﬃnity of MHC molecules and peptides.
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design process and the challenges associated to each of its steps, which are : antigen
identifcation, epitope discovery, epitope selection and vaccine assembly. The authors
particularly insist on the epitope discovery step by reviewing the most successful
computational methods used to predict antigen epitopes. Finally, the open problems
of this field, including T Cell recognition of peptide-MHC complexes, are explained
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silico prediction methods are accurate for MHC-I, but tend to stabilize at a low level
of accuracy for MHC-II.
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