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Abstract
The current pandemic is caused by the SARS-CoV-2 virus and large progress in understanding
the pathology of the virus has been made since its emergence in late 2019. Several reports
indicate short lasting immunity against endemic coronaviruses, which contrasts repeated
reports that biobanked venous blood contains SARS-CoV-2 reactive T cells even before the
outbreak in Wuhan. This suggests there exists a preformed T cell memory in individuals not
exposed to the pandemic virus. Given the similarity of SARS-CoV-2 to other members of the
Coronaviridae family , the endemic coronaviruses appear likely candidates to generate this T
cell memory. However, given the apparent poor immunological memory created by the endemic
coronaviruses, other immunity against other common pathogens might offer an alternative
explanation. Here, we utilize a combination of epitope prediction and similarity to common
human pathogens to identify potential sources of the SARS-CoV-2 T cell memory. We find that
no common human virus, other than beta-coronaviruses, can explain the pre-existing
SARS-CoV-2 reactive T cells in uninfected individuals. Our study suggests OC43 and HKU1 are
the most likely pathogens giving rise to SARS-CoV-2 preformed immunity.
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Introduction
The current coronavirus disease 2019 (COVID-19) pandemic is caused by the severe acute
respiratory syndrome coronavirus-2 (SARS-CoV-2) (1) with devastating consequences.
SARS-CoV-2 infections have a broad spectrum of manifestations, ranging from asymptomatic to
severe pneumonia and acute respiratory distress syndrome (2). The reason for this broad range
is unclear, but markedly decreased immune cell numbers (3,4), together with cytokine storm
(5), and dysregulation of lung infiltrating immune cells (6–9) have been associated with critical
COVID-19 manifestations. The virulence of SARS-CoV-2 is in contrast to the four endemic
coronaviruses (OC43, HKU1, 229E, NL63), which are responsible for the common cold with
usually mild symptoms (10).
T cells recognise peptides presented in the context of the human leukocyte antigen (HLA) class I
and class II molecules. Peptides presented on the class I HLAs are generally recognised by CD8+
cytotoxic T cells, while CD4+ T helper cells recognise peptides bound on the HLA class II
molecule. T cells are known to be cross reactive (11,12), that is, a single T cell can recognise
similar peptides derived from different pathogens presented by HLA molecules.
The SARS-CoV-2 virus elicits a T cells response during the infection (13). However, mounting
evidence suggests that also uninfected individuals are capable of responding to peptides derived
from the S-protein of the SARS-CoV-2 virus (13–17), indicating a pre-existing immunity to the
SARS-CoV-2 S protein. A single influenza epitope has been identified by comparison of T cell
receptors (18), but the original pathogenic source of this pre-formed T cell memory is generally
unclear.
Given the high sequence similarity, the endemic coronaviruses are likely inducers of the
preexisting immunity. However, immunity to these coronaviruses appears short-lived as
antibody titers return to baseline levels at 4-12 months after infection (19–21). It can also not
be excluded that re-infection with the same coronavirus type can occur within a single year
(22). How the antibody titers translate to T cell immunity is not known. For influenza it is clear
that recurrent infections and epidemics are due to the accumulation of mutations in the
hemagglutinin and neuraminidase (23). However, the genetic drift of endemic coronaviruses
seems to be considerably slower than for Influenza A and B (24,25). Collectively, this indicates
that other frequently encountered pathogens besides the endemic coronaviruses could have
generated the preexisting immunity.
In the present report, we evaluate commonly occurring human pathogens for epitopes with a
very high similarity to potential SARS-CoV-2 epitopes.
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Results
We identified a number of pathogens commonly causing infections in the European population
(Supplementary Tables 2-5). The list of pathogens included 32 viruses, 11 fungi, 26 bacteria and
2 parasites. We obtained all protein sequences for these pathogens from NCBI, and compared
these to predicted HLA-I and HLA-II binding epitopes in SARS-CoV-2, and ranked the pathogens
based on a relevance score (see Methods; Figure 1a).

Figure 1. Analysis approach.
a) 6, 7, 8mer k-mers were extracted from the proteins of relevant human pathogens and
compared to epitopes predicted in the SARS-CoV-2 proteins. The epitope prediction was by
netMHCpan and netMHCIIpan. Pathogens were ranked based on k-mer hits to the epitopes. b)
Principle of Levenshtein distance of epitopes.
We observed different relevance scores for the same pathogen, depending on the length of
 6 we found that all viruses were in the upper half
k-mers (Supplementary Figure 1 and 2). For k=
when ranking the relevance scores, while the viruses were in the lower half at k=8. This was
independent of the HLA-class epitopes (Supplementary Figure 1 and 2).
Given the overall similarity between coronaviruses, the endemic coronaviruses are expected to
have the highest relevance score. Given the compact genome size and highly optimized proteins
(26) it seems likely that only short stretches will have an exact match, even when using a
reduced alphabet. Conversely, more complex organisms have larger and less optimized genes,
why the probability of matching longer stretches increases. We therefore focus on pathogens
with short (k=6) matches.

 6, we
Within the top 10 ranking pathogens for HLA-I binding SARS-CoV-2 epitopes based on k=
find the two fungi Candida tropicalis and Cryptococcus neoformans, and the parasite
Trichomonas vaginalis. Apart from the endemic coronaviruses HKU1, OC43, 229E, NL63 we find
the double-stranded DNA virus Human alphaherpesvirus 3 (varicella-zoster virus, VZV), the
double-stranded RNA virus Rotavirus A (RV), and the single-stranded negative RNA virus
Influenza B (Figure 2a). When scoring the relevance based on matches to predi HLA-II

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

SARS-CoV-2 epitopes, we find a similar picture, with the exception of the appearance of Human
Gammaherpesvirus 4 (Epstein-Barr virus, EBV) in place of Trichomonas vaginalis (Figure 2b).

Figure 2. Some viruses and bacteria have peptides (k-mers) matching SARS-CoV-2
epitopes.
The top 10 pathogen relevance score was averaged over k- mers at the length of 6, 7, and 8
amino acids for a) HLA-I, and b) HLA-II. Pathogen relevance score for each pathogen an k are
presented in Supplementary figure 1 and 2.
Viral genes can be expressed at different times during an infection (27). However, during the
multiplication phase of the virus, the viral products are expressed in excess. To avoid selection
of pathogens based on highly similar, but rarely or poorly expressed proteins, we therefore
focus on the viruses in the following analysis.
Using netMHCpan and netMHCIIpan we predicted the epitopes in the reference sequences for
the coronaviruses OC43, HKU1, 229E, and NL63, as well as Influenza B, EBV, RV, and VZV.
Assessing the similarity to SARS-CoV-2 predicted epitopes, we calculated the Levenshtein
distance from each SARS-CoV-2 epitope to each of the predicted epitopes in the selected
pathogens (Figure 1b). The Levenshtein edit distance accounts for addition, deletion, and
exchange of amino acids to transform one epitope into another. We opted for this distance
metric to allow differences in epitope lengths. The edit distance was calculated per analyzed
HLA.
We found that the beta-coronaviruses OC43 and HKU1 had the highest number of epitopes
identical to the predicted SARS-CoV-2 epitopes. For HLA-I bound epitopes we found 211 and
195 identical epitopes in HKU1 and OC3, respectively (Figure 3a). For HLA-II bound epitopes we
found 493 and 464 identical epitopes in OC43 and HKU1, respectively (Figure 3b). When the
similarity threshold was relaxed to an edit distance of 1 or 2 we found a similar pattern (Figure
3). Interestingly, allowing three insertions, deletions, or exchanges we find the highest number
of similar SARS-CoV-2 HLA-I epitopes in VZV, followed by OC43, and HKU1 with 1292, 1189,
and 1163 epitopes, respectively (Figure 3a). This was not reflected in HLA-II bound epitopes.
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This strong occurrence of SARS-CoV-2 similar VZV epitopes was mainly driven by epitopes on
HLA-B and HLA-C, and to a minor degree on HLA-A (Supplementary figures 3-5).

Figure 3. OC43 and HKU1 epitopes can be presented on many HLAs.
Epitopes were predicted using netMHCpan and netMHCIIpan in selected pathogens. The
similarity between each SARS-CoV-2 epitope and pathogen epitope was calculated using the
Levenshtein distance, and the number of shortest matches was enumerated. a) Total number of
HLA-I epitopes with an edit distance between 0 and 3 . b) Total number of HLA-II epitopes with
an edit distance between 0 and 3 . The pathogens are ordered per plot from highest to lowest,
while the fill colour is preserved.
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Discussion
There is mounting evidence for preformed immunity against the novel coronavirus SARS-CoV-2
(13–17). Reports on memory T cell response to the endemic coronaviruses are lacking, but since
antibody titers appear short-lived and frequent re-infections cannot be excluded (19–22), it is
probable that the endemic coronaviruses with low virulence do not create lasting immunity.
This then begs the question, which pathogen can generate a memory T cell response cross
reactive to SARS-CoV-2. Through in silico analysis of predicted SARS-CoV-2 epitopes and
common pathogens we address this question.
When allowing some dissimilarity, VZV has the highest number of like SARS-CoV-2 epitopes.
However, this we only find for HLA-I, and in particular HLA-B and HLA-C, but not HLA-II. Since
SARS-CoV-2 specific T cells are found among both the HLA-I reactive CD8+ and among the
HLA-II reactive CD4+ it is not likely that VZV is the pathogen behind the SARS-CoV-2 cross
reactive T cells. Rather, only the endemic coronaviruses, and in particular the
beta-coronaviruses, have the highest number of epitopes similar to those predicted in the
SARS-CoV-2 virus.
While the prediction of HLA-I epitopes has high accuracy, the accuracy of HLA-II epitope
prediction is lower than that for HLA-I (28). One reason for this lower accuracy of HLA-II
epitope prediction is the dimer structure of the HLA-II making the peptide binding groove. In
fact, the HLA-II ɑβ-chain combinations have been estimated to be over 4000 in number. In
contrast, the combination of the HLA-I and β2-microglobulin chains yields less combinatorial
variation on the receptor. The epitope prediction with netMHCpan depends on a proper training
set. By focusing on the most frequent european HLAs, inaccuracies in the epitope prediction are
reduced or even avoided. We did not utilize epitope databases like VDJDB (29) and IEDB (30),
the reason being that these databases have a natural bias towards laboratory model antigen. For
instance, the most frequent epitopes in the Immune Epitope Database are human auto antigen
and epitopes derived from Trypanosoma cruzi.
The amino acid set was reduced from the 20 standard amino acids to 15 amino acids by
combining molecules with similar hydrophobic side chains. The advantage is the ease of
sequence comparison without alignment since the k-mer is a complete substring of the target
protein. While the reduced amino acid alphabet is derived from structural considerations (31),
it cannot be excluded that alphabet reduction might skew the results. However, given the
requirements of anchor amino acids, which are buried within the HLA-molecule, the final results
should not change.
One limitation to the study is that we do not consider the frequency of pathogens nor the
potential expression level of the proteins and accessibility for the immune system. Both
arguably have an effect on the likelihood that an epitope can raise a robust immune response.
However, both variables can only be assessed with great uncertainty. Another limitation to the
study is the reliance on sequence similarity; although related epitopes are likely to interact with
the same T cell receptor, this is not guaranteed (32).
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The finding that the beta-coronaviruses OC43 and HKU1 are the most likely pathogens to give
rise to SARS-CoV-2 preformed immunity means that the endemic coronaviruses must be able to
generally raise a long lasting T cells response. Otherwise the epitopes recognized by the cross
reactive T cells share no high degree of similarity.
In conclusion, we conjecture that other beta-coronaviruses are the source for SARS-CoV-2 cross
reactive T cells.

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Methods
The SARS-CoV2 protein sequences were downloaded from ViralZone (33;
https://viralzone.expasy.org/89966), accessed May 29, 2020. Uniprot IDs and common names
are listed in Supplementary Table 1. The common human pathogens evaluated in this study are
listed in Supplementary Tables 2-5. Pathogen protein sequences were extracted from the NCBI
"non-redundant" protein database ("nr", version 5, downloaded from
ftp://ftp.ncbi.nlm.nih.gov/blast/db/FASTA on May 31, 2020). The extraction was per pathogen
name, as stored in the Taxonomy database. For epitope comparison, the protein reference
sequences for the coronaviruses OC43, HKU1, 229E, and NL63, and Influenza B, Human
Gammaherpesvirus 4, Rotavirus A, and Human alphaherpesvirus 3, were downloaded from
https://ftp.ncbi.nlm.nih.gov/refseq/release/viral on 26.Jun.2020.
All potential MHC class I and class II epitopes in the SARS-CoV2 protein sequences, and selected
pathogen reference sequences, were identified using netMHCpan version 4.1 and netMHCIIpan
version 4.0, respectively, with default settings (34). For this step, the evaluated HLAs listed in
Supplementary Tables 6 and 7 were selected based on frequency in the European population as
reported in the Allele Frequency Net Database (35; http://www.allelefrequencies.net, June 1,
2020).
The Levenshtein distance between each predicted SARS-CoV-2 epitope to a predicted epitope in
a selected pathogen was calculated. The calculation as per pathogen and HLA and only the best
match was used.
Short peptides of length k (k-mers) of lengths 6, 7, and 8 were extracted from the proteins of
each of the relevant pathogens and counted, for each value of k separately Each such multiset of
k- mers was prefiltered so that k-mers found only once in a pathogen were removed if those
k- mers constituted a small fraction f or less of all k-mers found for the pathogen. The analysis
was done separately for f in {0%, 1%, 5%}. The resulting k- mers were matched to the k-mers
from the predicted epitopes for SARS-CoV-2 using a reduced 15 letter amino acid alphabet (31).
This amino acid alphabet allows mismatches of amino acids with similar properties by letting
the large hydrophobic amino acids V, L, I, and M be represented by L, the amino acids Y and F,
which are hydrophobic with aromatic side chains by F, and the positively charged K and R by K.
The more complex an organism, the more proteins are expressed. This means that the
probability of finding k-mers matching epitopes from SARS-CoV-2 increases. To overcome this
problem we developed a pathogen relevance score to be evaluated for each triple of SARS-CoV-2
protein p, pathogen species s and value of k (note that the quantity also depends on the filter
threshold f described above and on the considered set of epitopes, i.e. HLA class I or class II only
or combined). We thus define
S p,s,k := log2 [ (N p,s,k / T p,k ) / ( (P s + C ) / (15k + C ) ) ] ,
where N p,s,k is the number of k-mer matched epitopes of protein p in species s, and
T p,k := ∑ N p,s,k is the number of such epitopes of protein p across all species; their ratio is
s
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viewed in relation to the "richness" of the k- mer set of the pathogen species s, i.e. P s , the

number of distinct k- mers in pathogen s, divided by the total number of possible k-mers over
the reduced alphabet ( 15k ). To avoid bias in favor of underrepresented species (very small P s ),
we add a regularizing constant C when computing the fraction of k-mers used by the species.
Thus the score is a log-observed-vs-expected-ratio indicating whether species s matches
unproportionally many SARS-CoV-2 epitopes that cannot be explained by its proteome size
alone.
To focus on possibly relevant pathogens in general rather than on a single SARS-CoV-2 protein,
we also considered an aggregated score
S s,k := log2 [ (N s,k / T k ) / ( (P s + C ) / (15k + C ) ) ] ,
where N s,k is the total number of k- mer matched epitopes in species s, and T k := ∑ N s,k is the
s

number of such epitopes across all species. The pathogens were then ranked according to score
(the highest score obtaining rank 1; the lowest score rank n, where n is the number of
considered species). Then the average rank is computed over the different parameter
combinations k=6,7,8 and f=1%.

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

References
1.

2.

3.

4.

5.

6.

7.

8.

9.

10.

11.

12.

13.

14.

15.

Huang C, Wang Y, Li X, Ren L, Zhao J, Hu Y, Zhang L, Fan G, Xu J, Gu X, et al. Clinical features
of patients infected with 2019 novel coronavirus in Wuhan, China. The Lancet (2020)
395:497–506. doi:10.1016/S0140-6736(20)30183-5
Guan W-J, Ni Z-Y, Hu Y, Liang W-H, Ou C-Q, He J-X, Liu L, Shan H, Lei C-L, Hui DSC, et al.
Clinical Characteristics of Coronavirus Disease 2019 in China. N Engl J Med (2020)
doi:10.1056/NEJMoa2002032
Chen G, Wu D, Guo W, Cao Y, Huang D, Wang H, Wang T, Zhang X, Chen H, Yu H, et al. Clinical
and immunological features of severe and moderate coronavirus disease 2019. Journal of
Clinical Investigation (2020) 130:2620–2629. doi:10.1172/JCI137244
Giamarellos-Bourboulis EJ, Netea MG, Rovina N, Akinosoglou K, Antoniadou A, Antonakos N,
Damoraki G, Gkavogianni T, Adami M-E, Katsaounou P, et al. Complex Immune
Dysregulation in COVID-19 Patients with Severe Respiratory Failure. Cell Host & Microbe
(2020) doi:10.1016/j.chom.2020.04.009
Mehta P, McAuley DF, Brown M, Sanchez E, Tattersall RS, Manson JJ. COVID-19: consider
cytokine storm syndromes and immunosuppression. The Lancet (2020) 395:1033–1034.
doi:10.1016/S0140-6736(20)30628-0
Anft M, Paniskaki K, Blazquez-Navarro A, Doevelaar AAN, Seibert F, Hoelzer B, Skrzypczyk S,
Kohut E, Kurek J, Zapka J, et al. COVID-19 progression is potentially driven by T cell
immunopathogenesis. (2020) doi:10.1101/2020.04.28.20083089
Zhou Y, Fu B, Zheng X, Wang D, Zhao C, Qi Y, Sun R, Tian Z, Xu X, Wei H. Pathogenic T-cells
and inflammatory monocytes incite inflammatory storms in severe COVID-19 patients.
National Science Review (2020) doi:10.1093/nsr/nwaa041
Liao M, Liu Y, Yuan J, Wen Y, Xu G, Zhao J, Cheng L, Li J, Wang X, Wang F, et al. Single-cell
landscape of bronchoalveolar immune cells in patients with COVID-19. Nature Medicine
(2020) doi:10.1038/s41591-020-0901-9
Catanzaro M, Fagiani F, Racchi M, Corsini E, Govoni S, Lanni C. Immune response in
COVID-19: addressing a pharmacological challenge by targeting pathways triggered by
SARS-CoV-2. Signal Transduction and Targeted Therapy (2020) 5:
doi:10.1038/s41392-020-0191-1
Corman VM, Muth D, Niemeyer D, Drosten C. “Hosts and Sources of Endemic Human
Coronaviruses,” in Advances in Virus Research (Elsevier), 163–188.
doi:10.1016/bs.aivir.2018.01.001
Birnbaum ME, Mendoza JL, Sethi DK, Dong S, Glanville J, Dobbins J, Özkan E, Davis MM,
Wucherpfennig KW, Garcia KC. Deconstructing the peptide-MHC specificity of T cell
recognition. Cell (2014) 157:1073–1087. doi:10.1016/j.cell.2014.03.047
Nienen M, Stervbo U, Mölder F, Kaliszczyk S, Kuchenbecker L, Gayova L, Schweiger B,
Jürchott K, Hecht J, Neumann AU, et al. The Role of Pre-existing Cross-Reactive Central
Memory CD4 T-Cells in Vaccination With Previously Unseen Influenza Strains. Frontiers in
Immunology (2019) 10:593. doi:10.3389/fimmu.2019.00593
Grifoni A, Weiskopf D, Ramirez SI, Mateus J, Dan JM, Moderbacher CR, Rawlings SA,
Sutherland A, Premkumar L, Jadi RS, et al. Targets of T cell responses to SARS-CoV-2
coronavirus in humans with COVID-19 disease and unexposed individuals. Cell (2020)
doi:10.1016/j.cell.2020.05.015
Braun J, Loyal L, Frentsch M, Wendisch D, Georg P, Kurth F, Hippenstiel S, Dingeldey M,
Kruse B, Fauchere F, et al. Presence of SARS-CoV-2 reactive T cells in COVID-19 patients and
healthy donors. medRxiv (2020) doi:10.1101/2020.04.17.20061440
Bert NL, Tan AT, Kunasegaran K, Tham CYL, Hafezi M, Chia A, Chng M, Lin M, Tan N, Linster
M, et al. Different pattern of pre-existing SARS-COV-2 specific T cell immunity in

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

16.

17.

18.

19.

20.

21.

22.
23.

24.
25.

26.
27.

28.

29.

30.

31.

32.

SARS-recovered and uninfected individuals. (2020) doi:10.1101/2020.05.26.115832
Minervina AA, Komech EA, Titov A, Koraichi MB, Rosati E, Mamedov IZ, Franke A, Efimov
GA, Chudakov DM, Mora T, et al. Longitudinal high-throughput TCR repertoire profiling
reveals the dynamics of T cell memory formation after mild COVID-19 infection. (2020)
doi:10.1101/2020.05.18.100545
Sekine T, Perez-Potti A, Rivera-Ballesteros O, Straling K, Gorin J-B, Olsson A,
Llewellyn-Lacey S, Kamal H, Bogdanovic G, Muschiol S, et al. Robust T cell immunity in
convalescent individuals with asymptomatic or mild COVID-19. (2020)
doi:10.1101/2020.06.29.174888
Sidhom J-W, Baras AS. Analysis of SARS-CoV-2 specific T-cell receptors in ImmuneCode
reveals cross-reactivity to immunodominant Influenza M1 epitope. (2020)
doi:10.1101/2020.06.20.160499
Schmidt OW, Allan ID, Cooney MK, Foy HM, Fox JP. Rises In Titers Of Antibody To Human
Corona Viruses OC43 And 229e In Seattle Families During 1975–1979. American Journal of
Epidemiology (1986) 123:862–868. doi:10.1093/oxfordjournals.aje.a114315
Callow KA, Parry HF, Sergeant M, Tyrrell DAJ. The time course of the immune response to
experimental coronavirus infection of man. Epidemiology and Infection (1990)
105:435–446. doi:10.1017/s0950268800048019
Edridge AW, Kaczorowska JM, Hoste AC, Bakker M, Klein M, Jebbink MF, Matser A, Kinsella
C, Rueda P, Prins M, et al. Coronavirus protective immunity is short-lasting. (2020)
doi:10.1101/2020.05.11.20086439
Galanti M, Shaman J. Direct observation of repeated infections with endemic coronaviruses.
(2020) doi:10.1101/2020.04.27.20082032
Krammer F, Smith GJD, Fouchier RAM, Peiris M, Kedzierska K, Doherty PC, Palese P, Shaw
ML, Treanor J, Webster RG, et al. Influenza. Nature Reviews Disease Primers (2018) 4:
doi:10.1038/s41572-018-0002-y
Nobusawa E, Sato K. Comparison of the Mutation Rates of Human Influenza A and B Viruses.
Journal of Virology (2006) 80:3675–3678. doi:10.1128/jvi.80.7.3675-3678.2006
Ren L, Zhang Y, Li J, Xiao Y, Zhang J, Wang Y, Chen L, Paranhos-Baccalà G, Wang J. Genetic
drift of human coronavirus OC43 spike gene during adaptive evolution. Scientific Reports
(2015) 5: doi:10.1038/srep11451
Brandes N, Linial M. Gene overlapping and size constraints in the viral world. Biology Direct
(2016) 11: doi:10.1186/s13062-016-0128-3
Gruffat H, Marchione R, Manet E. Herpesvirus Late Gene Expression: A Viral-Specific
Pre-initiation Complex Is Key. Frontiers in Microbiology (2016) 7:
doi:10.3389/fmicb.2016.00869
Soria-Guerra RE, Nieto-Gomez R, Govea-Alonso DO, Rosales-Mendoza S. An overview of
bioinformatics tools for epitope prediction: Implications on vaccine development. Journal of
Biomedical Informatics (2015) 53:405–414. doi:10.1016/j.jbi.2014.11.003
Bagaev DV, Vroomans RMA, Samir J, Stervbo U, Rius C, Dolton G, Greenshields-Watson A,
Attaf M, Egorov ES, Zvyagin IV, et al. VDJdb in 2019: database extension, new analysis
infrastructure and a T-cell receptor motif compendium. Nucleic Acids Research (2020)
48:D1057–D1062. doi:10.1093/nar/gkz874
Martini S, Nielsen M, Peters B, Sette A. The Immune Epitope Database and Analysis
Resource Program 2003–2018: reflections and outlook. Immunogenetics (2020) 72:57–76.
doi:10.1007/s00251-019-01137-6
Murphy LR, Wallqvist A, Levy RM. Simplified amino acid alphabets for protein fold
recognition and implications for folding. Protein Engineering, Design and Selection (2000)
13:149–152. doi:10.1093/protein/13.3.149
Antunes DA, Rigo MM, Freitas MV, Mendes MFA, Sinigaglia M, Lizée G, Kavraki LE, Selin LK,
Cornberg M, Vieira GF. Interpreting T-Cell Cross-reactivity through Structure: Implications

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

for TCR-Based Cancer Immunotherapy. Frontiers in Immunology (2017) 8:
doi:10.3389/fimmu.2017.01210
33. Hulo C, de Castro E, Masson P, Bougueleret L, Bairoch A, Xenarios I, Le Mercier P. ViralZone:
a knowledge resource to understand virus diversity. Nucleic Acids Research (2011)
39:D576–D582. doi:10.1093/nar/gkq901
34. Reynisson B, Alvarez B, Paul S, Peters B, Nielsen M. NetMHCpan-4.1 and NetMHCIIpan-4.0:
improved predictions of MHC antigen presentation by concurrent motif deconvolution and
integration of MS MHC eluted ligand data. Nucleic Acids Research (2020)
doi:10.1093/nar/gkaa379
35. Gonzalez-Galarza FF, McCabe A, Santos EJM dos, Jones J, Takeshita L, Ortega-Rivera ND,
Cid-Pavon GMD, Ramsbottom K, Ghattaoraya G, Alfirevic A, et al. Allele frequency net
database (AFND) 2020 update: gold-standard data classification, open access genotype data
and new query tools. Nucleic Acids Research (2019) doi:10.1093/nar/gkz1029

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Acknowledgements
This work was supported by grants from the Mercator Foundation (St-2018-0014), BMBF
e:KID (01ZX1612A), and BMBF NoChro (FKZ 13GW0338B).

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Author contributions
Conceptualization: U.S. and T.R.; Data curation: U.S. and S.R.; Formal analysis: U.S. and S.R.;
Funding acquisition: S.R. and N.B.; Investigation: U.S. and S.R.; Methodology: S.R.; Resources:
T.H.W.; Visualization: U.S.; Writing – original draft: U.S. and S.R.

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.01.182741; this version posted July 1, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

Competing interests
The author(s) declare no competing interests.

