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Abstract 
Coronaviruses have threatened humans repeatedly, especially COVID-19 caused by SARS-CoV-2, which has posed a substantial threat 
to global public health. SARS-CoV-2 continuously evolves through random mutation, resulting in a significant decrease in the efficacy 
of existing vaccines and neutralizing antibody drugs. It is critical to assess immune escape caused by viral mutations and develop 
broad-spectrum vaccines and neutralizing antibodies targeting conserved epitopes. Thus, we constructed CovEpiAb, a comprehensive 
database and analysis resource of human coronavirus (HCoVs) immune epitopes and antibodies. CovEpiAb contains information on 
over 60 000 experimentally validated epitopes and over 12 000 antibodies for HCoVs and SARS-CoV-2 variants. The database is unique 
in (1) classifying and annotating cross-reactive epitopes from different viruses and variants; (2) providing molecular and experimental 
interaction profiles of antibodies, including structure-based binding sites and around 70 000 data on binding affinity and neutralizing 
activity; (3) providing virological characteristics of current and past circulating SARS-CoV-2 variants and in vitro activity of various 
therapeutics; and (4) offering site-level annotations of key functional features, including antibody binding, immunological epitopes, 
SARS-CoV-2 mutations and conservation across HCoVs. In addition, we developed an integrated pipeline for epitope prediction named 
COVEP, which is available from the webpage of CovEpiAb. CovEpiAb is freely accessible at https://pgx.zju.edu.cn/covepiab/. 
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INTRODUCTION 

The COVID-19 global pandemic caused by SARS-CoV-2 had 
serious consequences for the global economy and human health 
[1, 2]. SARS-CoV-2 continuously evolves through random muta-
tions, with new variants potentially enhancing transmissibility, 
virulence and the ability to evade adaptive immune responses. 
Evidence suggests that certain SARS-CoV-2 variants exhibit 
reduced sensitivity to plasma from individuals with previous 
infections or vaccinations, as well as some anti-SARS-CoV-
2 antibodies [3–9]. Furthermore, monoclonal antibody (mAb) 
products previously authorized for COVID-19 treatment are 
currently ineffective against the circulating Omicron variants 
[10, 11]. The efficacy of vaccines against variants carrying these 
mutations is also compromised [7–9]. These issues underscore 
the critical importance of monitoring and assessing the immune 
escape of variants and developing broad and effective prevention 
and therapeutic strategies. 

Human coronaviruses (HCoVs), including SARS-CoV, MERS-
CoV and four other common coronaviruses, namely, HCoV-229E, 
HKU1, OC43 and NL63, have previously caused outbreaks or respi-
ratory symptoms [12–16]. They share genomic similarity and evo-
lutionary conservation with SARS-CoV-2, with important implica-
tions for vaccine development and pandemic prevention. Studies 
have shown that individuals previously exposed to other HCoVs 
can develop protection against SARS-CoV-2, indicating the poten-
tial cross-protection of pre-existing T cells in response to stim-
ulation of conserved antigenic regions [17–22]. Broadly neutral-
izing antibodies against SARS-CoV-2 variants commonly exhibit 
recognition toward conserved regions in HCoVs [23, 24], which has 
supported the development of immunization strategies based on 
evolutionary conservation. Therefore, it is crucial to establish a 
database encompassing immune epitopes and antibodies target-
ing HCoVs and SARS-CoV-2 variants. 

To date, various databases have been established to explore 
SARS-CoV-2 and related coronaviruses. Public repositories such as 
GISAID [25], NCBI [26] and RCoV19 [27] play a crucial role in storing 
and managing sequence data. Several web tools and databases 
such as Nextstrain [28], cov-lineages [29], CoVizu [30] and  
Outbreak.info [31] track the evolution and transmission dynamics 
of SARS-CoV-2 using public sequences. Databases like ViruSurf 
[32], GESS [33], CoV-RDB [34], VarEPS [35] and CoV3D [36] annotate 
the sequence, structure and function of the viral genome. Some 
resources such as COVIEdb [37], CoV-AbDab [38] and  Ab-CoV  [39] 
only provide lists of epitopes and antibodies, while others such 
as PAGER-CoV [40], CovInter [41], DockCoV2 [42] and COVID19 
Drug Repository [43] describe virus–host interactions, drug 
targets and drug repurposing. However, no database provides 
immunoinformatic resources specifically for HCoV evolutionary 
conservation. To address this gap, we performed comprehensive 
bioinformatics analysis and annotation of immune epitopes and 
antibody interactions associated with HCoVs and SARS-CoV-2 
variants. 

In this study, we constructed CovEpiAb, a functional database 
and analysis resource for immune epitopes and antibodies of 
HCoVs (Figure 1). We collected a large collection of experimen-
tally validated epitope and antibody data, including 66 210 B-
cell epitopes, 3209 T-cell epitopes and 12 613 antibodies with 
detailed annotations. For epitopes, we examined and classified 
cross-reactive epitopes from different coronaviruses and variants. 
For antibodies, we gathered approximately 70 000 experimen-
tal data points that delineate the interaction profiles of anti-
body binding affinity and neutralizing activity. Additionally, we 

elucidated binding sites through the analysis of antigen–antibody 
complex structures. For current and past circulating SARS-CoV-
2 variants, the database provides virological characteristics and 
in vitro activity data against advanced therapeutics, including 
vaccines, neutralizing antibodies and convalescent plasma. At the 
site level, we depicted the functional annotation of immunogenic 
epitopes, antibody binding sites and SARS-CoV-2 spike mutations. 
Finally, the database offers an epitope prediction and analysis 
resource, an integrated online pipeline named COVEP, for the 
prediction of B-cell and T-cell epitopes. Overall, CovEpiAb provides 
an important resource for SARS-CoV-2-related research and facil-
itates the development of broad-spectrum effective vaccines and 
neutralizing antibodies against HCoVs. 

METHODS 
Epitope collection and processing 
We retrieved data from the Immune Epitope Database and Anal-
ysis Resource (IEDB) [44] and searched PubMed by keywords such 
as ‘identify SARS-CoV-2 epitopes’, ‘identify SARS-CoV epitopes’, 
‘identify MERS-CoV epitopes’ and ‘identify human coronavirus 
epitopes’. After merging and preprocessing, we identified a total 
of 66 210 B-cell epitopes and 3209 T-cell epitopes with 597 refer-
ences. All the collected epitopes were experimentally confirmed 
positive (reactive) epitopes in the literature. Epitope identification 
primarily relied on qualitative measurements, with a few using 
quantitative measurements such as dissociation constant (KD), 
but there were no standardized thresholds in the literature, and 
the experimental assays were provided in the epitope detail anno-
tations. 

To reveal potential mutation sites affecting immunogenicity, 
we determined the overlap between SARS-CoV-2 epitopes and 
spike mutations of variants by computational matching and plot-
ted heatmaps. To determine the conservation of epitopes among 
HCoVs, we used MAFFT [45] to conduct multiple sequence align-
ments of five homologous proteins of HCoVs, including spike (S), 
envelope (E), membrane (M), nucleoprotein (N) and open reading 
frame 1ab (ORF1ab). The ‘conserv’ method in Bio3D [46] was  
used to calculate the site conservation score and pyMSAviz [47] 
was used to visualize the sequence alignment. Residues with a 
score above 0.7 were considered conserved. Epitope conservation 
scores were computed by averaging the scores of all sites within 
the peptide. Conservation sequences were defined as contexts of 
conserved sites with no more than three gaps between them and 
longer than seven residues. Then, at the site level, we depicted the 
functional annotations of all sites within the epitope, indicating 
whether the site functions as an ACE-2 receptor binding site, has 
undergone mutations, is an mAb resistance mutation site and its 
conservation score across HCoVs. 

Cross-reactive epitopes definition and 
classification 
Identification of positive epitopes relied on experimental methods 
to assess reactivity between T/B cells and candidate epitope pep-
tides. Samples were obtained from healthy, vaccinated, infected or 
environmentally exposed individuals with no evidence of disease. 
For T-cell epitopes, in vitro stimulation may be used to reactivate 
responsive T cells. In vivo and in vitro stimulatory immunogens 
include viral organisms, proteins and peptides (Figure S1). Epi-
topes identified from samples without immunogen stimulation 
were termed ‘Undetermined’, while those identified from envi-
ronmentally exposed individuals without disease were termed 
‘Enviro-exposed’ epitopes.

Outbreak.info
Outbreak.info
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
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Figure 1. Workflow and overview of CovEpiAb database. Data were collected from public databases and literature and then were preprocessed. These 
curated resources include immune epitopes and antibodies of HCoVs, virological characteristics of SARS-CoV-2 variants and in vitro activity data of 
various therapeutics. Furthermore, to facilitate epitope prediction and analysis, an online pipeline named COVEP was developed, which integrates 
existing B-cell and T-cell epitope prediction tools. Finally, the CovEpiAb database was constructed with MySQL and Django tools, incorporating browsing, 
searching, visualization and download functions. The figure is created with BioRender.com. 

Then, we classified cross-reactive epitopes based on experi-
ment assays and receptor data. The identified epitope was consid-
ered cross-reactive if the sample used for the assay was exposed 
to immunogens (viral organism, protein or peptide) of a different 
origin or sequence than the candidate epitope. For epitopes known 
to bind receptors, those epitopes recognized by the same receptor 
were considered to be cross-reactive. 

We further classified these epitopes based on viral ori-
gin and epitope type between the stimulatory immunogen 
and the identified positive epitope. Epitopes exhibiting cross-
reactivity in different viral species were categorized as ‘cross-
viral’ epitopes. Among them, cross-reactive immunogens with 
unknown sequences were termed undetermined, those with 
similar sequences and located in evolutionarily conserved regions 
were termed homologous and those with distinctly different 
sequences and positions were termed heterologous. Additionally, 
epitopes exhibiting cross-reactivity within the same virus species 
and its variants were categorized as ‘cross-variant’ epitopes. For 
cross-reactive immunogens, peptides with similar sequences and 
positions were termed homologous, while those with different 
sequences and positions were termed heterologous. 

Antibodies collection and structure analysis 
We retrieved the antibody list from the CoV-AbDab [38] database 
and searched PubMed using keywords such as ‘identify SARS-CoV-
2 antibodies’, ‘identify SARS-CoV antibodies’, ‘identify MERS-CoV 
antibodies’ and ‘identify coronavirus antibodies’. We performed 
data merging and preprocessing, resulting in a total of 12 613 
binding and neutralizing antibodies derived from 571 references. 
For those antibodies with aliases, we unified and assigned a 

unique name for each antibody in the database and labeled 
aliases, facilitating searches using any antibody names. 

Then, we manually collated 62 916 experimental data points on 
the affinity and neutralizing activity of these antibodies against 
various virus strains from the literature. These are determined 
by experimental measurements, with binding affinity assessed 
by surface plasmon resonance (SPR), biolayer interferometry (BLI) 
and enzyme-linked immunosorbent assay (ELISA) and neutraliz-
ing activity assessed by pseudovirus and live virus neutralization 
assays. The experimental measurements varied across studies, 
and to ensure objectivity, all experimental data were uniformly 
preprocessed and provided in the database. For binding affinity, 
the unit of the KD was unified as nanomoles (nM). KD less than 
10 nM indicates high binding affinity, 10–1000 indicates moderate 
binding affinity and KD greater than 1000 indicates low binding 
affinity or even no binding. For neutralizing activity, the unit 
of half-maximum inhibitory concentration (IC50) was unified as 
μg/ml. IC50 less than 1 μg/ml indicates strong neutralization, 1– 
10 indicates weak neutralization and greater than 10 indicates no 
neutralization. 

For antibodies with resolved structures, we obtained the struc-
tures from the Protein Data Bank (https://www.rcsb.org/) [48], 
988 in total. To study antigen–antibody binding and the effect of 
mutations on antibody binding, we utilized the ‘InterfaceResidue’ 
script in PyMOL [49] to calculate the binding sites of these antigen– 
antibody structural complexes. Residues on the two chains with a 
distance of less than 1 Å are considered interface contact residues. 
Then, at the site level, we depicted the functional annotations of 
antibody binding sites, indicating whether the site functions as an 
ACE-2 receptor binding site, has undergone mutations, is an mAb 
resistance mutation site and its conservation score across HCoVs.

BioRender.com
BioRender.com
https://www.rcsb.org/
https://www.rcsb.org/
https://www.rcsb.org/
https://www.rcsb.org/
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Virological data collection and analysis for 
SARS-CoV-2 variants 
To study the adaptive changes and immune evasion of SARS-
CoV-2 variants during ongoing evolution, we organized current 
and past circulating variants according to Pango lineage [29]. 
Mutation sites in different sequences of the same variant might 
be different. The spike mutations of variants were obtained from 
the reputable database RCoV19 [27]. Then, we retrieved their 
virological characteristics on PubMed using keyword combina-
tions such as ‘SARS-CoV-2 virological characteristics’, ‘SARS-CoV-
2 reproduction number’, ‘SARS-CoV-2 hACE2 bind’, ‘SARS-CoV-2 
fusion assay’ and ‘SARS-CoV-2 infection assay’. This yielded 90 
records of variant virological characteristics from 31 references, 
including transmissibility evaluated by basic reproduction num-
ber (R0) and effective reproduction number (Re), ACE2 binding 
affinity assessed by SPR and yeast surface display, fusogenicity 
assessed by cell-based fusion assay and infectivity assessed by 
cell-based virus infection assay. The experimental measurements 
varied across studies, and we preprocessed all experimental data 
uniformly and provided them in the database. 

In addition, we collected 553 variant structures by keyword 
search in the Protein Data Bank (https://www.rcsb.org/) [48] and  
used Mol∗ Viewer [50] and iCn3D [51] for three-dimensional (3D) 
view. We further collected in vitro activity of these variants against 
advanced therapeutics from the National Center for Advancing 
Translational Sciences (NCATS) [52] with 10 158 data records 
covering 55 vaccines, 34 antibodies and 22 convalescent plasma 
samples. Each record includes drug class, drug name, viral muta-
tion site, activity fold change and source literature. The in vitro 
activity was represented by IC50, with smaller IC50 values indicat-
ing higher activity and larger IC50 values indicating lower activity. 
We took the negative logarithm (base 10) of the ratio of IC50 values 
compared to the wild-type (WT) or previous variants. Positive val-
ues indicate enhanced activity, whereas negative values indicate 
diminished activity compared to the WT or previous variants. 

At the site level, we depicted the functional annotation of 
spike mutations, indicating whether the site serves as an ACE2 
receptor binding site, is an mAb resistance mutation site and 
its conservation score across HCoVs. We identified the region 
of receptor binding domain (RBD) at residues 331–524 of the S 
protein and the region that binds to the ACE2 receptor at residues 
428–508. The mAb resistance mutations were defined as spike 
mutations that met one or more of the following criteria: (1) 
having a median ≥ 5-fold reduction in susceptibility to a clinical 
stage mAb compared with WT according to CoV-RDB [34] and/or 
(2) having >0.1 average antibody escape from aggregated deep 
mutational scanning (DMS) data [53]. Additionally, we used the 
DMS results [54] to measure how RBD amino acid mutations affect 
protein expression and ACE2-binding affinity. DMS represents 
expression changes as Δlog(MFI), the mean fluorescence intensity 
of each variant relative to the unmutated SARS-CoV-2 RBD, with 
a positive value indicating increased expression, and represents 
binding affinity as Δlog10(KD, app), with positive values indicating 
stronger binding. 

B-cell and T-cell epitope prediction pipeline 
A large proportion of epitopes have not been experimentally vali-
dated. To provide potential epitopes, we constructed an epitope 
prediction pipeline (COVEP) that integrates existing recognized 
epitope prediction tools and provides a user-friendly application 
and web interface. It includes seven tools for B-cell epitope pre-
diction, three tools for class I T-cell epitope prediction and two 

tools for class II T-cell epitope prediction. The protein sequences 
of HCoVs were downloaded from NCBI [26]. 

For the B-cell epitopes, seven tools embedded in the IEDB [44] 
were used for prediction, including BepiPred-1.0 [55], BepiPred-
2.0 [56], Chou and Fasman beta turn prediction [57], Emini sur-
face accessibility scale [58], Karplus and Schulz flexibility scale 
[59], Kolaskar and Tongaonkar antigenicity scale [60] and Parker  
hydrophilicity prediction [61]. These tools are commonly used and 
recognized for B-cell epitope prediction. Default parameters are 
used for each tool, and the thresholds for each tool are listed in 
Table S1. Amino acid sites confirmed by at least five tools are 
defined as part of B-cell epitopes in this study. 

For T-cell epitopes, five tools were employed to predict two 
distinct types of T-cell epitopes: HLA class I alleles were predicted 
using NetMHCpan4.0 [62], MHCflurry2.0 [63] and DeepHLApan  
[64], while HLA class II alleles were predicted using MixMHC2pred 
[65] and NetMHCIIpan [66]. These tools have been validated for 
their accuracy in the literature of each tool and are widely used by 
researchers. Thresholds for defining potential T-cell epitopes for 
each tool are provided in Table S1. All HLA alleles available for T-
cell epitope prediction in the COVEP pipeline are listed in Table S2. 
Additionally, we selected highly frequent HLA alleles (frequencies 
>5%) from different populations sourced from the 1000 Genome 
Project [67] and Zhou et al. [68] to predict potential T-cell epitopes 
in HCoVs. The specific alleles selected and their frequencies are 
given in Table S3. Only HLA-peptide pairs meeting all the tool 
thresholds are considered potential T-cell epitopes in HCoVs. 

Database implementation 
The web interface was developed using Django (v3.2.16) and 
JQuery (v3.5.1). MySQL (v5.7.34) was used for backend data storage 
and organization. Bootstrap [69] and Selectize [70] were utilized  
for UI components, and Datatables [71] was employed for visu-
alizing search result tables. Statistical charts were created using 
ECharts [72]. The 3D view of PDB structures was displayed using 
iCn3D [51]. The g3-lollipop [73] was used to generate an interactive 
lollipop diagram for the mutation sites. 

RESULTS 
Comprehensive annotations and analysis of 
HCoVs B-cell and T-cell epitopes 
The development of effective vaccines relies on the precise 
identification and characterization of immune epitopes. We 
collected and annotated 66 210 experimentally validated B-cell 
and 3209 T-cell epitopes of HCoVs in our database. Statistical 
analysis revealed that SARS-CoV and MERS-CoV have the most 
B-cell epitopes (about 15 000), followed by HCoV-OC43 and 
SARS-CoV-2 (over 9000), with other HCoVs having around 5000 
(Figure 2A). Compared with others, SARS-CoV-2 has significantly 
the highest number of T-cell epitopes, totaling 2802 (Figure 2B). 
These epitopes are mainly derived from ORF1ab and the S protein. 

During the SARS-CoV-2 pandemic, researchers conducted 
intensive studies and found that many peptides from other 
coronaviruses can trigger immune responses in samples from 
COVID-19 patients. These peptides are termed cross-viral reactive 
epitopes by us. About half of SARS-CoV-2 T-cell epitopes showed 
cross-reactivity with similar peptides in SARS-CoV-2 WT or 
variants, suggesting that these differences are not crucial for 
epitope recognition. These peptides are termed cross-variant 
reactive epitopes by us. See Methods for specific definitions 
and classifications. These classes are described in the ‘Subclass’ 
field of the epitope. The cross-active epitopes can elicit a broad

https://www.rcsb.org/
https://www.rcsb.org/
https://www.rcsb.org/
https://www.rcsb.org/
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
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Figure 2. Immune epitope and antibody data statistics. (A) Number of B-cell epitopes for HCoVs and the proportion of source proteins and subclasses 
in each coronavirus. (B) Number of T-cell epitopes for HCoVs and the proportion of source proteins and subclasses in each coronavirus. (C) Number of 
binding and neutralizing antibodies against seven HCoVs. (D) Number of binding and neutralizing antibodies against SARS-CoV-2 variants. 

immune response against viral strains and are important for the 
development of broad-spectrum vaccines. 

The database interface offers a user-friendly search function, 
allowing queries based on epitope source, type and more. Users 
can also input peptides to retrieve all similar epitopes by BLAST 
or enter protein sequences to screen epitope fragments. Click on 
the epitope ID to access detailed annotations, including sequence, 
object type, location, source molecule, molecule parent, source 
organism, species, UniProt ID [74] and taxonomy ID [75]. The 
SARS-CoV-2 S protein undergoes frequent mutations, potentially 
resulting in antigenic drift or transfer and evasion of immune 
responses. We examined how sites in the epitope were mutated 
and compared variations among these variants. Figure 3 illus-
trates a representative details page. We constructed a heatmap 
with the horizontal axis representing mutations, the vertical axis 
representing variants and the value and color intensity indicating 
mutation frequency (Figure 3A). Conserved sites during coron-
avirus evolution are ideal targets for the development of broad-
spectrum anti-SARS-CoV-2 drugs. We calculated the conservation 
scores of sites and epitopes in the homologous proteins of HCoVs 

and visualized the sequence alignment. The functional site anno-
tation is displayed in the table, including mutations, receptor 
binding sites, mAb resistance sites and conserved sites. Click on 
the ‘+’ for more details (Figure 3B). The details page describes 
the receptors that bind to the epitope, including encoding genes 
and sequence (Figure 3C). Click on the receptor ID to access 
all epitopes and experiments related to the receptor. The page 
also includes detailed entries for experimental assays, describing 
the protocols for immunostimulant procedures and experimental 
methods (Figure 3D). We labeled these receptors and experimen-
tal assays corresponding to the ‘Subclass’ field of the epitope. All 
experimental assays are accompanied by source references for 
researchers to explore further. 

Molecular characteristics and interaction profiles 
of HCoV antibodies 
The prevalence of SARS-CoV-2 variants has significantly reduced 
the effectiveness of existing antibodies, underscoring the impor-
tance of elucidating their molecular interactions and developing 
broadly neutralizing antibodies. The CovEpiAb database contains
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Figure 3. A typical epitope details page. (A) Spike mutations observed within epitope residues across various SARS-CoV-2 variants. (B) Alignment  
visualization and essential functional site annotations, encompassing receptor binding, mutations, mAb resistance and conservation. (C) Receptor 
data. (D) Experimental assays. 
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information on 12 613 antibodies against HCoVs and provides 
experimental interaction profiles related to binding and neu-
tralization activity with 62 916 data points. Statistical analysis 
showed that 11 409 antibodies demonstrated binding to SARS-
CoV-2 and 6710 showed neutralizing activity (Figure 2C). Over 
3000 antibodies showed binding and neutralizing activity against 
SARS-CoV-2 variants, half of which were against Omicron variants 
(Figure 2D). In addition, we analyzed antibody gene usage and 
employed Sankey plots to illustrate the top 50 most frequent V 
and J gene pairs in both antibody heavy and light chains (Figure 
S2). The most commonly used human V and J genes for the heavy 
chain are IGKV3-30, IGHV1-69, IGHJ4 and IGHJ6 and for the light 
chain are IGKV1-39, IGKV3-20, IGKJ1 and IGLJ3. 

Users can retrieve antibodies through three modules: antibody 
type, gene and structure, binding and neutralizing activity. Click 
on the antibody ID to access the antibody details page, which 
provides basic information including its name, type, source, bind-
ing viral antigen or region and structures, as well as binding 
and neutralizing characteristics against various viral strains. The 
structural analysis of antibody–antigen binding sites enables us to 
reveal molecular interactions and provide guidance for antibody 
design and optimization. Take the SA55 antibody as an exam-
ple, which is in clinical trials and potently neutralizes various 
SARS-CoV-2 variants, including BQ.1.1 and XBB [76]. Figure 4A 
displays the resolved structures of SA55 with downloaded files 
and external links. Users can click the ID (green button) to view 
the 3D structure. Based on the complex structure, we identified 
the binding residues at the antigen–antibody contact interface. 
We focused on the antibody’s target sites on the spike protein, 
as this is crucial to determine whether mutations in the spike 
protein impact antibody binding and function. We annotated 
mutations and key functional sites within the antibody binding 
region, including ACE2 binding sites, mAb resistance sites and 
conserved sites, with mouseover showing details. 

In addition to molecular interactions, we collated experimental 
data on binding affinity and neutralizing activity against viral 
strains and mutation combinations to characterize the effective-
ness of the antibody. The data are presented in a tabular format, 
making it easy to filter for records of interest, e.g. searching for 
BA.2 (Figure 4B). The results show that the neutralizing activity 
of the antibody was reduced against the BA.2 variant with an 
additional V503 mutation, while mutations at other sites have 
little effect. In conjunction with the structural analysis, 503 is 
a key binding site between spike protein and antibody heavy 
chain, and mutations at this site affect the antibody activity. 
The V503D mutation led to a complete loss of activity, which 
may be attributed to the effects of charge properties and spatial 
hindrance. The details page also includes information about the 
antibody’s encoding genes, sequences and literature sources. 

Virological characteristics of SARS-CoV-2 
variants and therapeutic efficacy 
SARS-CoV-2 genome mutations may lead to increased transmis-
sibility and infectivity, evasion of immune response and reduced 
efficacy of vaccines and therapeutics. Therefore, intensive 
monitoring of the mutations and virological properties of 
emerging SARS-CoV-2 variants is required. Our database provides 
virological characteristics of SARS-CoV-2 variants, including 
current circulating Omicron subvariants and other variants such 
as B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma) and B.1.617.2 (Delta). 
To provide insight into the adaptive immune response against 
SARS-CoV-2, the ‘Site Summary’ page presents various resources 
together at the site level of SARS-CoV-2 spike protein, including 

antibody binding sites, experimentally validated and predicted T-
cell and B-cell epitopes, spike mutations and conservation scores 
across HCoVs. Additionally, in vitro activity data of advanced 
therapeutics were collected, including 55 vaccines, 34 antibodies 
and 22 convalescent plasma samples, for a total of 10 158 data 
points. Statistical analysis revealed that the Omicron variants 
BQ and XBB exhibit a more significant reduction in neutralizing 
activity against various therapeutics compared with others. This 
reduction is particularly evident in neutralizing antibodies (Figure 
S3). 

We constructed lollipop diagrams to illustrate and compare 
mutations on the spike protein of variants. Users can browse all 
variants on the ‘Variants’ page and click on ‘Detail’ to access 
the variant details page. Taking BA.4 as an example, Figure 5 is 
a typical details page. We annotated the key functional sites for 
spike mutations, including receptor binding sites, mAb resistance 
sites and conservation scores. For RBD, the effect of mutations on 
protein expression and receptor binding is also described based 
on DMS experimental results (Figure 5A). The emerging SARS-
CoV-2 variants need to be carefully and rapidly assessed for their 
virological characteristics and drug resistance. The page provides 
information on changes in transmissibility, ACE2 binding affinity, 
fusogenicity and infectivity of the variant in comparison to others 
(Figure 5B). It also includes experimental methods, result descrip-
tions and data sources. Additionally, we constructed a scatter 
plot to illustrate the variant’s sensitivity to various therapeutics 
(Figure 5C). The x-axis represents therapeutics, and the y-axis 
represents the negative logarithm (base 10) of the fold change of in 
vitro IC50 values compared to the WT or previous variants. Positive 
values indicate enhanced neutralizing activity, while negative 
values indicate diminished activity. Toggle the buttons above the 
plot to explore different drug classes for effectiveness evaluation. 
Click on a point in the scatter plot to display detailed experimental 
information and references in the table below. 

In the therapeutics panel of the ‘Variant’ page, the table dis-
played advanced vaccines and neutralizing antibodies, as well as 
convalescent plasma samples, including details about developers, 
approval status and clinical stage. Click on the ‘Detail’ button to 
enter the details page. In addition to the basic information, there is 
a similar scatter plot to quickly assess the neutralization activity 
of the therapeutic against various variants. 

Epitope prediction pipeline and site conservation 
analysis 
A large proportion of potential epitopes have not been validated, 
which emphasizes the importance of bioinformatics prediction 
in identifying and characterizing epitopes. Artificial intelligence 
(AI)–driven computational methods have been widely used for 
epitope prediction, especially for SARS-CoV-2 [77–79]. In this study, 
we developed COVEP, an integrated online pipeline for B-cell and 
T-cell epitope prediction (Figure 6A). The ‘COVEP’ page provides 
convenient access to the online web server, and the source code 
and docker image are available at GitHub and Docker Hub. Utiliz-
ing COVEP, we successfully predicted candidate B-cell and T-cell 
epitopes across the entire proteomes of seven HCoVs. For T-cell 
epitope prediction, we specifically selected highly frequent HLA 
alleles (frequencies >5%) from diverse populations (Table S3). The 
epitope prediction results can be found on the ‘Predicted Epitopes’ 
page. Table S4 shows the number of predicted epitopes in each 
protein of HCoVs. 

To identify conserved sequences that may trigger a broad 
immune response, we calculated and analyzed the conserved 
region among five homologous proteins of SARS-CoV-2 and other

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
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Figure 4. A typical antibody details page. (A) Resolved structures and binding sites. (B) Experimental data on binding affinity and neutralizing activity 
of the antibody. 

HCoVs ( Table S5). The most important is the S protein, and we 
identified nine conserved sequences on the S protein, all located 
on the S2 subunit (Figure 6B). They are clustered at sites 749– 
756, 815–826 (overlapping with the internal fusion peptide) and 

915–1218 (including HR1). This is consistent with previously 
reported findings [80, 81], highlighting the conservation of the 
S2 subunit. Among them, the region 815–826 (RSFIEDLLFNKV) has 
been identified as the binding site for several broadly neutralizing

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae183#supplementary-data
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Figure 5. A typical SARS-CoV-2 variant details page. (A) Lollipop diagram and mutation annotation. (B) Virological characteristics including transmis-
sibility, ACE2 binding affinity, fusogenicity and infectivity. (C) Scatter plot showing in vitro activity of various therapeutics against SARS-CoV-2 variants. 

antibodies, such as COV44-62 and COV44-79. Key residues 
targeted by these broadly neutralizing antibodies are R815, E819, 
D820, L822 and F823 [ 24]. Additionally, we included information 
about antibodies on the ‘HCoVs Conservation’ page to visualize 

the spike protein conservation scores and antibody binding 
sites together. The epitopes within evolutionarily conserved 
regions represent crucial targets for the design of broad-spectrum 
vaccines against coronaviruses.
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Figure 6. HCoVs epitope prediction and conservation analysis. (A) Workflow of the epitope prediction pipeline COVEP, including steps for B-cell and 
T-cell epitope prediction. (B) Multiple sequence alignments of conserved sequences in S protein of seven HCoVs. 

CONCLUSIONS 
In this study, we developed CovEpiAb, a functional database and 
analysis resource for HCoV immune epitopes and antibodies. The 
database contains an extensive collection, including information 

on over 60 000 epitopes and over 12 000 antibodies. Many pep-
tides from different coronaviruses have been validated to induce 
immune responses in samples from COVID-19 patients. These 
epitopes have been systematically classified according to viral
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origin and epitope type to describe cross-reactivity among dif-
ferent virus types and variants. For antibodies, we performed 
the structure-based analysis of antibody binding sites to eluci-
date molecular interactions. We collected approximately 70 000 
data points to characterize the experimental interactions of anti-
bodies on binding affinity and neutralizing activity. For SARS-
CoV-2 variants, the database provides virological characteristics 
of the variants and in vitro activity data of various therapeu-
tics. Additionally, at the site level, the database provides anno-
tations of key functional sites for immune epitopes, antibody 
binding sites and mutations of SARS-CoV-2 variants. Another 
distinctive feature of CovEpiAb is the integrated online pipeline 
COVEP, which facilitates the identification of B-cell and T-cell 
epitopes. Our database is a unique and comprehensive resource 
for fitness and immune evasion assessment of emerging SARS-
CoV-2 variants and for the design and development of broad-
spectrum vaccines and neutralizing antibody drugs. We aim to 
update the database about every 3 months, and updates will con-
tinue indefinitely to reflect the ongoing progress of HCoV-related 
research. 

Coronaviruses pose a substantial threat to human health, and 
although COVID-19 is no longer a major global concern, new 
coronaviruses may emerge and threaten humans. For viruses, it 
is essential to analyze the evolution of coronavirus and assess 
the immune escape caused by their mutations [82, 83]. Similarly, 
a thorough understanding of the dynamic immune responses 
and diverse outcomes caused by coronaviruses is necessary 
for individual immunity [84, 85]. Therefore, our future research 
will focus on analyzing antigenic epitope drift, immune cross-
protection of emerging coronavirus variants and individual 
immune characteristics of virus-infected hosts. Combined with 
the analysis of coronavirus evolution and host immune interac-
tions, this will help understand the dynamic immune response 
of the human body to viral infection and guide intervention 
therapeutics. 

Key Points 
• CovEpiAb is a database and analysis resource for HCoV 

epitopes and antibodies with an extensive collection of 
information on over 60 000 experimentally validated 
epitopes and 12 000 antibodies for HCoVs and SARS-CoV-
2 variants. 

• The database uniquely features cross-reactive epitope 
annotation, antibody molecular and experimental inter-
action profiles, virological characteristics and in vitro 
activity of SARS-CoV-2 variants. 

• Site-level functional annotation of immune epitopes, 
antibodies and mutations illustrate how mutations 
affect epitope drift, antibody effectiveness and S protein 
function. 

• The online integrated pipeline and conservation analysis 
allow users not only to predict candidate conserved 
epitopes for HCoVs but also for others, facilitating broad-
spectrum vaccine design. 

SUPPLEMENTARY DATA 
Supplementary data are available online at http://bib.oxfordjournals. 
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