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Antigenicity measurement plays a fundamental role in vaccine design, which requires antigen
selection from a large number of mutants. To augment traditional cross-reactivity experiments,
computational approaches for predicting the antigenic distance between multiple protein antigens
are highly valuable. The performance of in silico models relies heavily on large-scale benchmark
datasets, which are scattered among public databases and published articles or reports. Here, we
present the first benchmark dataset of protein antigens with experimental evidence to guide in silico
antigenicity calculations. This dataset includes (1) standard haemagglutination-inhibition (HI) tests for
3,867 influenza AfH3N2 strain pairs, (2) standard Hl tests for 559 influenza virus B strain pairs, and (3)
neutralization titres derived from 1,073 Dengue virus strain pairs. All of these datasets were collated
and annotated with experimentally validated antigenicity relationships as well as sequence information
for the corresponding protein antigens. We anticipate that this work will provide a benchmark dataset
for in silico antigenicity prediction that could be further used to assist in epidemic surveillance and
therapeutic vaccine design for viruses with variable antigenicity.

Background & Summary

Antigenicity measurements between mutated antigens are essential for the design of immunological agents
for treating infectious' and oncological diseases®. Protein antigens possessing highly similar epitopes often
cross-react with the same or similar antibodies, which is commonly observed in viral pathogens such as human
immunodeficiency virus (HIV)** and seasonal influenza virus (IV)>-%. Additionally, the major protein antigens
of viruses are continuously mutated under selective pressure. Initially, the protein antigen may maintain its anti-
genicity; however, the accumulation of mutations can result in antigenic escape from immune monitoring. In
that case, antigenicity measurements may allow the antigenic differences among multiple protein antigens to be
characterized and could further contribute to the selection or design of proper immunogens to promote a broad
cross-protective immune response’, which is critical in the design of immunological therapeutics.

Currently, the quantification of antigenicity differences between mutated antigens relies heavily on exper-
iments such as antibody- or antiserum-binding assays®!® or the counting of amino acid mutations at essential
antigenic sites. Among these experimental approaches, the HI test has traditionally been performed to determine
the antigenic variations between current circulating influenza virus strains and candidate vaccines®. Moreover,
comprehensive serological tests have been performed on both experimental animals and vaccinated or infected
patients to identify the serological relationship between the subtypes of Dengue virus (DENV)!. Typically,
immunological experiments require extensive antibody or antiserum preparation, dilution, and standardization.
Thus, computational algorithms for estimating the antigenic distance between multiple protein antigens in a
high-throughput manner are highly desired. Regarding in silico approaches, there have been multiple efforts
aimed at antigenic distance prediction between influenza vaccines and circulating strains by generating theo-
retical models based on the sequence or the structure of antigen proteins. For instance, the mutations between
two antigen proteins were counted at antigenic sites'>!®, and the numbers of mutations were correlated with the
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Fig. 1 Tllustration of benchmark data collection. (a) Benchmark data for influenza virus. The HI-test data for
both IAV A/H3N2 and IBV were collected from reports of international organizations and published articles
with pre-processed antigenic distances. The sequence data of HA proteins were collected from multiple virus
databases. (b) Benchmark data of DENV. Antisera data were collected from African green monkeys, and
envelope protein sequences were collected from NCBI virus databases.

experimental distance'*!>. Additionally, structural features could be derived from antigen proteins to establish
an antigenicity prediction model based on the spatial context of the antigenic sites'®. The collection of sequences
and the experimental dataset could be important for the detection of mutations and the design of sequence-based
and structure-based antigenicity prediction models. However, the construction of in silico methods is still a great
challenge due to the lack of standard benchmark datasets.

To construct an in silico model, a benchmark dataset should include two major components for antigenicity
measurement: (i) sequence or structure information for protein antigens and (ii) the experimentally validated
quantitative or qualitative antigenic relationship between the two protein antigens being compared. Then, sta-
tistical models, machine learning models, or deep learning models can be used to establish rapid computational
tools for quick and accurate antigenicity prediction. In this paper, we present collated and annotated bench-
mark datasets for (1) haemagglutinin (HA) sequences of influenza A virus (IAV) A/H3N2 and influenza B virus
(IBV) with standard HI-test results and (2) envelope protein sequences of DENV with antiserum neutralization
experiments. All antigen pairs collated in this benchmark dataset were annotated with quantitative or qualitative
antigenicity relationships based on HI-test experiments or titration data from antiserum experiments. A portion
of the data from the benchmark datasets was previously used to establish antigenicity measurement models for
emerging pathogens such as influenza viruses'® and Dengue viruses®!”. Given the extensive scope of antigenic
clusteringg, vaccine failure detection'® and broad-spectrum vaccine designg, the benchmark datasets presented
here could guide the development of ix silico approaches for antigenicity monitoring and the selection of potential
broad-spectrum vaccines.

Methods

Structure of the benchmark data for antigenicity measurement. The benchmark dataset for anti-
genicity measurements required two components: (i) antigen proteins with sequence information and (i) the
experimentally verified antigenic distance between the two compared antigen proteins. The antigenic distance
determined in experiments such as the HI-test or calculated from antiserum data is preferable for benchmark
data. For instance, multiple international organizations provide weekly or annual reports on influenza epidemic
surveillance based on evaluating the antigenicity variations of circulating strains through the HI test. The HA
sequences of the corresponding strains involved in the HI test were collected from virus databases including the
National Centre for Biotechnology Information (NCBI) database'®, FluKB', and IRD?. Furthermore, the anti-
genic relationship between the two compared antigens can be defined by dilution values in the HI test (Fig. 1a).
Similarly, samples were collected from African green monkeys for experimental titration for DENV antigenic-
ity evaluation'!. Envelop protein sequences from the corresponding strains were derived from virus variation
resources of the NCBI?! (Fig. 1b).
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Benchmark dataset of influenza virus haemagglutinin.  The HI assay values for influenza viruses,
including IAV A/H3N2 and IBV, were obtained from reports of international organizations and published arti-
cles®>*, which were the gold standard for antigenic measurement between influenza viruses. The antigenic dis-
tance (D,,) between strains a and b was analysed by introducing all four individual haemagglutination-inhibition
titres (H,, H,y Hyy Hy,) and was defined as follows:

Dab — lOg gaath
abea (1)

where the H,;, HI titre represents the maximum dilution of serum raised against strain a that is necessary to
inhibit cell agglutination caused by strain b. Two viruses were defined as antigenic variants when the log~'D,;
value was above 4; otherwise, they were considered antigenically similar'*. For a given strain pair, the HI test may
produce different results due to the different experimental conditions of each study. To the experimental differ-
ences, for the HI values of a given strain pair derived from different resources, the |D,, — D,,| values within the
top 10% were removed in descending order (D, represents the average value of D,;). Next, the average value of
the remaining D, values was calculated as the antigenic distance between strain a and strain b.

The haemagglutinin sequences of IAV A/H3N2 and IBV were collected from international databases, includ-
ing the influenza virus resource of the NCBI', FluKBY, and IRD?. For quality control, HA sequences with align-
ment lengths longer than 327 amino acids for IAV A/H3N2 and IBV were retained. Finally, the results of HI
assays and the corresponding HA sequences of IAV A/H3N2 and IBV were generated as benchmark datasets.
For IAV A/H3N2, 3,867 strain pairs with 2,286 antigenic variant pairs and 1,581 antigenically similar pairs were
included. For IBV, 559 strain pairs with 274 antigenic variants and 285 antigenic similarities remained. These
methods are expanded versions of those used in our previous work®!®.

Modelling the antigenic variance for IBV. To construct the antigenic measurement model for IBV, the
dominant antigenicity-related positions were first identified. Based on multiple sequence alignment, all haemag-
glutinin sequences of IBV were mapped to the full alignment length of 327 amino acids. For any two compared
IBV strains, if an aligned position contained the same amino acids, it was marked as 0; otherwise, it was marked
as 1. Thereafter, a 327-bit binary descriptor could be generated, and the antigenic distance between two compared
strains was used as a classification indicator.

Furthermore, positions that were closely related to the antigenic variants were derived through a lin-
ear regression model. Through 10-fold cross-validation, positions with a weight |w| > 0 were selected as
antigenicity-dominant positions. After identifying the antigenic-dominant positions, machine-learning
approaches including the naive Bayes, logistic regression, simple logistic, and random forest methods were intro-
duced to generate in silico models for IBV.

Calculating the antigenicity coverage of the vaccine strain. To calculate the antigenicity coverage
of WHO-recommended vaccine strains, 11,419 HA1 sequences of IBV with an aligned length of 327 amino acids
recorded from 1959 to 2016 were derived from the influenza virus resource of the NCBI. Based on a sequence
similarity of 99.3% identity, 389 non-redundant HA sequences were retained as representative proteins for further
analysis. Then, the antigenicity coverage of each WHO-recommended vaccine strain in each year was defined
according to Eq. 2:
6 &
Ny (2

where C; represents the coverage of vaccine i in year Y, Ny represents the total number of emerging strains col-
lected in year Y, and Sy represents the number of antigenically similar strains for vaccine i in year Y.

Benchmark dataset of the Dengue virus envelope protein. Envelope (E) protein sequences of
Dengue viruses (DENV) were collected from the NCBI virus variation database®. For quality control, the E pro-
tein sequences of DENV serotypes 1 to 4 with aligned lengths over 495 amino acids were retained.

Antiserum titrations of DENV were obtained from neutralization assays conducted in experiments on the
African green monkey by Katzelnick et al.''. After removing strain pairs without labels (empty value) and setting
all values “<10” as 5 to simplify the calculation, a total of 1,072 strain pairs with antisera values were retained.
All titre values were normalized to 0-1 by setting the highest normalized value in each row as 1. Normalized titre
values could be obtained with the following equation:

Vo= \%4
" Vi 3)

where V, represents the normalized titre value, V represents the original value in the titre table, and V,,, repre-
sents the maximum value of the original titre value in each row. These methods are the expanded version from
our previous work’.

Data Records

The benchmark dataset for antigenicity measurement contained three major components: (1) HA protein
sequences of IAV A/H3N2 with antigenic distances determined via the HI-test for corresponding strain pairs,
(2) HA protein sequences of IBV with the HI-test results for corresponding strain pairs; and (3) envelop protein
sequences of DENV with antigenic distances determined from the antisera titration tests in a previous study'!.
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Fig. 2 Data records of the benchmark dataset. (a) Data records of the HI values and haemagglutinin sequences
of IAV A/H3N2. (b) Data records of the HI values and haemagglutinin sequences of IBV. (c) Data records of the
neutralization titre values and E protein sequences of DENV.

Detailed information on the data structures is illustrated in Fig. 2. All data are available at figshare (https://doi.
org/10.6084/m9.figshare.c.4961501).

Data records for IAV A/H3N2. Asillustrated in Fig. 2a, the raw data from the HI tests of AV A/H3N2 iso-
lates obtained from multiple reports are listed in a “Summarized HI tables.csv” file of all raw data obtained from
different resources and a file named “Summary-table.xlsx” with detailed information, which includes the strain
name, accession or citation information, and data record. Additionally, strain names and corresponding HA IDs
are provided in “Strain_HA for IAV.txt”. Furthermore, the ratios of the pairwise antigenic distance and the D,
values of two compared strains derived from historical experiments are provided in the “HI-test value for strain
pairs.csv” file, and the corresponding sequences of haemagglutinin proteins are recorded in the “Sequence data
for influenza A H3N2.fasta” file.

Data records for IBV.  Similarly, the summary of the HI tables of IBV is provided in “HI_total for IBV.csv”,
and the strain names and the corresponding HA IDs for IBV are provided in “Strain_HA for IBV.txt”. The pairwise
antigenic distances of the D, values between two compared strains for IBV (pairwise antigenic distance for IVB)
and the corresponding sequences of the haemagglutinin proteins are listed in the “HA sequence data for IBV.
fasta” file (Fig. 2b).

Data records for DENV. As illustrated in Fig. 2c, the raw data on antiserum titres were derived from
Table S3 of Katzelnick et al’s work!!, and the normalized values are recorded in “Normalized titer for DENV.xlsx”.
The corresponding envelope protein sequences of Dengue virus serotypes 1-4 are listed in the “Sequence data of
DENV.fasta” file.

Technical Validation

Detecting antigenic drift in emerging pathogens. To explore the potential utility of the benchmark
dataset for the monitoring of new antigenic clusters, we evaluated the antigenic clustering and antigenic drift
events of IAV A/H3N2 over the past four decades based on our benchmark dataset. The antigenic distance
between all prevalent strains from each year was calculated with CE-BLAST® and the dominant strain for each
cluster was selected according to chronological order. Initially, the dominant strain of the year 1968 was set as A/
Hong Kong/1/1968, and the dominant strain of the following year was identified as the variant with the highest
antigenic coverage in the circulating year. A new antigenic cluster arises only when the antigenicity coverage of
an antigenic variant strain in the circulating year is substantially greater than the coverage of the dominant strain
from the previous year. If an antigenic variant strain becomes the dominant strain in the circulating year, a new
antigenic cluster is generated; otherwise, the current antigenic cluster remains.

For year Y with N strains, the antigenic distance was calculated between all strain pairs in our dataset. The
antigenic coverage of strain X was defined as Cy = Nx where N, represents the number of antigenically similar
strains (antigenic distance < 4) of strain X in the circulating year. The initial year (Y,) was set as 1968, and the
dominant strain (X,) was set as A/Hong Kong/1/1968. For the next year, Y}, if strain X, has antigenically drifted
from strain X, (antigenic distance > 4) and exhibit a sufficiently high antigenicity coverage (Cx > 30%) in year Y},
it will become the dominant strain in year Y, and will be defined as the representative strain of a new cluster.
Otherwise, the dominant strain of year Y, is defined as strain X with the highest antigenic coverage in Y; and
remains in the same cluster as in the previous year.

Next, the antigenic mapping of 16,672 historical strains was performed based on the antigenic distance cal-
culated with CE-BLAST®. In Fig. 3, different antigenic clusters are indicated in different colours. During the 47
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Fig. 3 Antigenic clustering over the past four decades (1968-2014). The X-axis illustrates different years,
while the Y-axis illustrates the predicted antigenic distance. Each spot represents the dominant strain of the
circulating year, whose size is proportional to the logarithm of the strain numbers in that year. Strains with
similar antigenicity are grouped into one antigenic cluster and named according to the first dominant strain
in the first year of the cluster. Within each cluster, the antigenic distance was calculated between the dominant
strain of each year and the representative strain of the cluster, whereas the antigenic distance between the two
neighbouring clusters was calculated based on the representative strain.

years from 1968 to 2014, 14 antigenic drift events were identified. These results agree well with the experimental
study of Smith et al.5. and the in silico prediction study of Du et al.*’. In Smith’s work®, 11 antigenic clusters were
experimentally determined based on 273 viral isolates and were named after the first vaccine strain of that period.
As shown in Fig. 3, all 11 experimentally identified representative vaccine strains were placed in distinct clusters.
Moreover, an additional antigenic cluster represented by the A/Hong Kong/14/1983 strain from 1983 to 1986
was also detected. Although the experiments failed to detect this cluster, the large-scale antigenicity mapping
performed in Du’s work indicated its existence®. In this study, 15 antigenic clusters were determined from 1968
to 2010 based on the antigenic predictions for 1,071 HA sequences. Among these clusters, 13 were consistent with
our discoveries according to each period, whereas two clusters, represented by CA04 and JX06, were grouped
into one cluster in our results. The high concordance between the two experimental antigenicity mapping and
large-scale in silico prediction analyses illustrates the usefulness of our benchmark dataset and expands the utility
for antigenic monitoring in our related works®®.

Monitoring antigenic coverage for vaccine strains.  For emerging pathogens such as IBV, the WHO
proposes vaccine strains for the coming season that are predicted to provide wide protection against the majority
of the circulating strains during the valid time period*. Frequent mutations in the main proteins of emerging
pathogens may lead to antigenic drift and cause vaccine failure. Vaccine strains that fail to cover the majority of
circulating strains should be replaced by another strain with higher antigenic coverage. Thus, one of the key issues
in vaccine selection relies on the evaluation of antigenic distance, which was obtained via HI assays between
proposed vaccine strains and selected circulating strains in the present study. Here, we are trying to quantitatively
estimate the antigenic coverage of WHO-recommended vaccine strains and evaluate the potential utility for
monitoring the efficiency of the vaccine strains.

To calculate the theoretical antigenic distance between multiple strains, the in silico model for IBV was con-
structed based on our benchmark dataset (see Methods). Here, the best prediction model constructed based on
the random forest classifier was used for further analysis. With this model, the theoretical antigenic distance
could be dynamically calculated between each WHO-recommended vaccine strain against all available strains
circulating in the northern hemisphere from 2001 to 2017. Typically, the antigenic coverage of a newly emerging
strain will be low when it is not the dominant circulating strain. Then, strains with increasing antigenic coverage
will be selected as vaccine strains for several years and will later be replaced when new dominant strains arise.
The antigenic coverage of WHO-recommended vaccine strains for IBV is illustrated in Fig. 4; most of the vaccine
strains could successfully cover the antigenicity of over 50% of the circulating strains, and the curve of antigenic
coverage displayed an inverted-V distribution, with an ascending-maintaining-descending shape. More inter-
estingly, strain B/Brisbane/60/2008 was recommended as the vaccine strain in 2009-2011 before it was replaced
by other strains. However, it was recommended again as the vaccine strain for 2016 to 2017. These results agree
well with our monitoring results, according to which strain B/Brisbane/60/2008 presented an “M”-shaped curve
with two peaks, in 2009-2010 and 2016-2017. Thus, based on the benchmark dataset, it is possible to monitor the
antigenic coverage of each circulating strain, and this approach provides the potential to propose effective vaccine
strains for the coming season.
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Fig. 4 Vaccine coverage in the Northern Hemisphere from 2001 to 2017. The X-axis represents years from
2001 to 2017, and the Y-axis represents the antigenic coverage of vaccine strains in each year. Each line refers
to a vaccine strain from the year before it was proposed as the vaccine strain to the year after it was replaced by
updated vaccine strain. Stars indicate the years in which each vaccine strain was recommended.

Usage notes

Understanding the antigenicity differences between protein antigens is essential for the development of immu-
nological therapeutics. Thus far, the accumulation of protein sequences, the spatial structures of antigens, and the
obtained experimental results have largely facilitated the identification of antigenic determinations. Currently,
the estimation of antigenic variations based on in silico models remains a great challenge because of the lack of a
large-scale benchmark dataset. In this study, we systemically collated three essential benchmark datasets for anti-
genicity measurement, including (1) HA sequences of IAV A/H3N2 with antigenicity relationships derived from
historical HI-test values, (2) HA sequences of IBV with antigenicity relationships derived from historical HI-test
values, and (3) animal titre values of DENV serotypes 1-4 with antigenicity relationships derived from previous
studies'!. All benchmark datasets were collated and normalized according to the procedures described above
to ensure the quality of the antigenicity measurements. For approaches that require protein structure informa-
tion for antigenicity prediction, the sequence data could be modelled through the available homology modelling
approach® before model construction (Supplementary Note). The feasibility of using homology-modelled struc-
tures for antigenicity calculation is evaluated in the Supplementary Note. We expect that the benchmark datasets
presented here will be useful for (1) constructing a computational model for high-throughput antigenicity meas-
urement”?’, (2) epidemic surveillance of infectious diseases’, (3) effectiveness monitoring of vaccine strains'é, (4)
antigenicity clustering analysis of emerging pathogens®!” and (5) broad-spectrum vaccine design®. All the above
benchmark datasets have been deposited in Figshare®.

Code availability

Data pre-processing tools for (1) pre-determining epitope and paratope residues, (2) re-numbering antibody
residues with numeric identifiers, and (3) re-labelling multiple chains have been uploaded to GitHub at https://
github.com/baddtongji/CE_BLAST. The methods involved in the technical validation are integrated into the CE-
BLAST web server and can be accessed at http://bidd2.nus.edu.sg/czw/ce_blast/.

Received: 9 December 2019; Accepted: 12 June 2020;
Published online: 06 July 2020

References
1. Zhao, C. & Xu, ]. Toward universal influenza virus vaccines: from natural infection to vaccination strategy. Current opinion in
immunology 53, 1-6, https://doi.org/10.1016/j.c0i.2018.03.020 (2018).
2. Kreiter, S. et al. Mutant MHC class II epitopes drive therapeutic immune responses to cancer. Nature 520, 692-696, https://doi.
org/10.1038/nature14426 (2015).
3. Walker, L. M. et al. Broad neutralization coverage of HIV by multiple highly potent antibodies. Nature 477, 466-470, https://doi.
org/10.1038/nature10373 (2011).
4. Gorman, J. et al. Structures of HIV-1 Env V1V2 with broadly neutralizing antibodies reveal commonalities that enable vaccine
design. Nature structural & molecular biology 23, 81-90, https://doi.org/10.1038/nsmb.3144 (2016).
5. Tharakaraman, K. ef al. Structural determinants for naturally evolving H5N1 hemagglutinin to switch its receptor specificity. Cell
153, 1475-1485, https://doi.org/10.1016/j.cell.2013.05.035 (2013).
6. Smith, D. J. et al. Mapping the antigenic and genetic evolution of influenza virus. Science 305, 371-376, https://doi.org/10.1126/
science.1097211 (2004).
7. Xu, R. et al. A recurring motif for antibody recognition of the receptor-binding site of influenza hemagglutinin. Nature structural &
molecular biology 20, 363-370, https://doi.org/10.1038/nsmb.2500 (2013).
8. Krammer, F. & Palese, P. Advances in the development of influenza virus vaccines. Nat Rev Drug Discov 14, 167-182, https://doi.
org/10.1038/nrd4529 (2015).
Qiu, T. Y. et al. CE-BLAST makes it possible to compute antigenic similarity for newly emerging pathogens. Nature Communications
9(2018).
10. Georgiev, I. S. et al. Delineating antibody recognition in polyclonal sera from patterns of HIV-1 isolate neutralization. Science 340,
751-756, https://doi.org/10.1126/science.1233989 (2013).
Katzelnick, L. C. et al. Dengue viruses cluster antigenically but not as discrete serotypes. Science 349, 1338-1343, https://doi.
org/10.1126/science.aac5017 (2015).
12. Gupta, V,, Earl, D. J. & Deem, M. W. Quantifying influenza vaccine efficacy and antigenic distance. Vaccine 24, 3881-3888, https://
doi.org/10.1016/j.vaccine.2006.01.010 (2006).
13. Anderson, C. S., McCall, P. R,, Stern, H. A., Yang, H. & Topham, D. J. Antigenic cartography of HIN1 influenza viruses using
sequence-based antigenic distance calculation. BMC Bioinformatics 19, 51, https://doi.org/10.1186/s12859-018-2042-4 (2018).

e

11.

—

SCIENTIFIC DATA|  (2020) 7:212 | https://doi.org/10.1038/541597-020-0555-y 6


https://doi.org/10.1038/s41597-020-0555-y
https://github.com/baddtongji/CE_BLAST
https://github.com/baddtongji/CE_BLAST
http://bidd2.nus.edu.sg/czw/ce_blast/
https://doi.org/10.1016/j.coi.2018.03.020
https://doi.org/10.1038/nature14426
https://doi.org/10.1038/nature14426
https://doi.org/10.1038/nature10373
https://doi.org/10.1038/nature10373
https://doi.org/10.1038/nsmb.3144
https://doi.org/10.1016/j.cell.2013.05.035
https://doi.org/10.1126/science.1097211
https://doi.org/10.1126/science.1097211
https://doi.org/10.1038/nsmb.2500
https://doi.org/10.1038/nrd4529
https://doi.org/10.1038/nrd4529
https://doi.org/10.1126/science.1233989
https://doi.org/10.1126/science.aac5017
https://doi.org/10.1126/science.aac5017
https://doi.org/10.1016/j.vaccine.2006.01.010
https://doi.org/10.1016/j.vaccine.2006.01.010
https://doi.org/10.1186/s12859-018-2042-4

www.nature.com/scientificdata/

14. Lees, W. D., Moss, D. S. & Shepherd, A.]. A computational analysis of the antigenic properties of haemagglutinin in influenza A
H3N2. Bioinformatics 26, 1403-1408, https://doi.org/10.1093/bioinformatics/btq160 (2010).

15. Liao, Y. C., Lee, M. S., Ko, C. Y. & Hsiung, C. A. Bioinformatics models for predicting antigenic variants of influenza A/H3N2 virus.
Bioinformatics 24, 505-512, https://doi.org/10.1093/bioinformatics/btmé38 (2008).

16. Qiu, J. X, Qiu, T. Y., Yang, Y. Y., Wu, D. E. & Cao, Z. W. Incorporating structure context of HA protein to improve antigenicity
calculation for influenza virus A/H3N2. Scientific reports 6, https://doi.org/10.1038/Srep31156 (2016).

17. Qiu, J.,, Shang, Y., Ji, Z. & Qiu, T. In-silico Antigenicity Determination and Clustering of Dengue Virus Serotypes. Front Genet 9, 621,
https://doi.org/10.3389/fgene.2018.00621 (2018).

18. Bao, Y. et al. The influenza virus resource at the National Center for Biotechnology Information. Journal of virology 82, 596-601,
https://doi.org/10.1128/JV1.02005-07 (2008).

19. Simon, C. et al. FluKB: A Knowledge-Based System for Influenza Vaccine Target Discovery and Analysis of the Immunological
Properties of Influenza Viruses. Journal of immunology research 2015, 380975, https://doi.org/10.1155/2015/380975 (2015).

20. Squires, R. B. et al. Influenza research database: an integrated bioinformatics resource for influenza research and surveillance.
Influenza and other respiratory viruses 6, 404-416, https://doi.org/10.1111/j.1750-2659.2011.00331.x (2012).

21. Resch, W. et al. Virus variation resources at the National Center for Biotechnology Information: dengue virus. BMC microbiology 9,
65, https://doi.org/10.1186/1471-2180-9-65 (2009).

22. Baek, Y. H. et al. Molecular characterization and phylogenetic analysis of H3N2 human influenza A viruses in Cheongju, South
Korea. ] Microbiol 47, 91-100, https://doi.org/10.1007/s12275-008-0207-y (2009).

23. Pechirra, P., Goncalves, P., Arraiolos, A., Coelho, A. & Rebelo-de-Andrade, H. Characterization of influenza A/
Fujian/411/2002(H3N2)-like viruses isolated in Portugal between 2003 and 2005. ] Med Virol 80, 1624-1630, https://doi.
org/10.1002/jmv.21258 (2008).

24. deJong, J. C. et al. Antigenic and genetic evolution of swine influenza A (H3N2) viruses in Europe. ] Virol 81, 4315-4322, https://
doi.org/10.1128/JV1.02458-06 (2007).

25. Torio, A. M. et al. An influenza A/H3 outbreak during the 2004/2005 winter in elderly vaccinated people living in a nursing home.
Vaccine 24, 6615-6619, https://doi.org/10.1016/j.vaccine.2006.05.037 (2006).

26. Daum, L. T. et al. Influenza A (H3N2) outbreak, Nepal. Emerg Infect Dis 11, 1186-1191, https://doi.org/10.3201/eid1108.050302
(2005).

27. Campitelli, L. et al. H3N2 influenza viruses from domestic chickens in Italy: an increasing role for chickens in the ecology of
influenza? J Gen Virol 83, 413-420, https://doi.org/10.1099/0022-1317-83-2-413 (2002).

28. Hay, A. ]., Gregory, V., Douglas, A. R. & Lin, Y. P. The evolution of human influenza viruses. Philos Trans R Soc Lond B Biol Sci 356,
1861-1870, https://doi.org/10.1098/rstb.2001.0999 (2001).

29. Coiras, M. T. et al. Rapid molecular analysis of the haemagglutinin gene of human influenza A H3N2 viruses isolated in spain from
1996 to 2000. Arch Virol 146, 2133-2147, https://doi.org/10.1007/s007050170025 (2001).

30. Ellis, J. S., Chakraverty, P. & Clewley, J. P. Genetic and antigenic variation in the haemagglutinin of recently circulating human
influenza A (H3N2) viruses in the United Kingdom. Arch Virol 140, 1889-1904, https://doi.org/10.1007/bf01322680 (1995).

31. Castrucci, M. R. et al. Antigenic and sequence analysis of H3 influenza virus haemagglutinins from pigs in Italy. ] Gen Virol 75(Pt
2),371-379, https://doi.org/10.1099/0022-1317-75-2-371 (1994).

32. Nakajima, S., Takeuchi, Y. & Nakajima, K. Location on the evolutionary tree of influenza H3 haemagglutinin genes of Japanese
strains isolated during 1985-6 season. Epidemiol Infect 100, 301-310, https://doi.org/10.1017/50950268800067431 (1988).

33. Both, G. W, Sleigh, M. J., Cox, N. J. & Kendal, A. P. Antigenic drift in influenza virus H3 hemagglutinin from 1968 to 1980: multiple
evolutionary pathways and sequential amino acid changes at key antigenic sites. J Virol 48, 52-60 (1983).

34. Lapedes, A. & Farber, R. The geometry of shape space: application to influenza. Journal of theoretical biology 212, 57-69, https://doi.
0rg/10.1006/jtbi.2001.2347 (2001).

35. Brister, J. R. et al. Virus Variation Resource-recent updates and future directions. Nucleic acids research 42, D660-665, https://doi.
org/10.1093/nar/gkt1268 (2014).

36. Qiu, T. et al. A benchmark dataset of protein antigens for antigenicity measurement. figshare https://doi.org/10.6084/
m9.figshare.c.4961501.v2 (2020).

37. Du, X. et al. Mapping of H3N2 influenza antigenic evolution in China reveals a strategy for vaccine strain recommendation. Nat
Commun 3, 709, https://doi.org/10.1038/ncomms1710 (2012).

38. Fonville, J. M. et al. Antibody landscapes after influenza virus infection or vaccination. Science 346, 996-1000, https://doi.
org/10.1126/science.1256427 (2014).

39. Eswar, N. et al. Comparative protein structure modeling using Modeller. Curr Protoc Bioinformatics, Chapter 5, Unit-5 6, https://doi.
0rg/10.1002/0471250953.bi0506s15 (2006).

Acknowledgements
This work was supported by the Natural Science Foundation of China (31900483), the National Key R&D
Program (2017YFC1700200, 2017YFC0908405), and the Shanghai Sailing Program (19YF1441100).

Author contributions

T.Y.Q. designed the workflow and wrote the manuscript. ].X.Q. and Y.Y.Y collected the influenza A/H3N2dataset.
J.X.Q., Y.Y.Y,, and T.T.M. collected the influenza B dataset. T.Y.Q., ].X.Q., and L.Z. collected the Dengue virus
dataset. T.Y.Q.,, ].X.Q., T.T.M., and X.Y.Z. designed the validation and performed the statistical analysis. Z.W.C.
and J.Q.X. supervised the project and modified the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41597-020-0555-y.

Correspondence and requests for materials should be addressed to ].X. or Z.C.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

SCIENTIFICDATA|  (2020) 7:212 | https://doi.org/10.1038/541597-020-0555-y 7


https://doi.org/10.1038/s41597-020-0555-y
https://doi.org/10.1093/bioinformatics/btq160
https://doi.org/10.1093/bioinformatics/btm638
https://doi.org/10.1038/Srep31156
https://doi.org/10.3389/fgene.2018.00621
https://doi.org/10.1128/JVI.02005-07
https://doi.org/10.1155/2015/380975
https://doi.org/10.1111/j.1750-2659.2011.00331.x
https://doi.org/10.1186/1471-2180-9-65
https://doi.org/10.1007/s12275-008-0207-y
https://doi.org/10.1002/jmv.21258
https://doi.org/10.1002/jmv.21258
https://doi.org/10.1128/JVI.02458-06
https://doi.org/10.1128/JVI.02458-06
https://doi.org/10.1016/j.vaccine.2006.05.037
https://doi.org/10.3201/eid1108.050302
https://doi.org/10.1099/0022-1317-83-2-413
https://doi.org/10.1098/rstb.2001.0999
https://doi.org/10.1007/s007050170025
https://doi.org/10.1007/bf01322680
https://doi.org/10.1099/0022-1317-75-2-371
https://doi.org/10.1017/s0950268800067431
https://doi.org/10.1006/jtbi.2001.2347
https://doi.org/10.1006/jtbi.2001.2347
https://doi.org/10.1093/nar/gkt1268
https://doi.org/10.1093/nar/gkt1268
https://doi.org/10.6084/m9.figshare.c.4961501.v2
https://doi.org/10.6084/m9.figshare.c.4961501.v2
https://doi.org/10.1038/ncomms1710
https://doi.org/10.1126/science.1256427
https://doi.org/10.1126/science.1256427
https://doi.org/10.1002/0471250953.bi0506s15
https://doi.org/10.1002/0471250953.bi0506s15
https://doi.org/10.1038/s41597-020-0555-y
http://www.nature.com/reprints

www.nature.com/scientificdata/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
CE | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

The Creative Commons Public Domain Dedication waiver http://creativecommons.org/publicdomain/zero/1.0/
applies to the metadata files associated with this article.

© The Author(s) 2020

SCIENTIFIC DATA | (2020) 7:212 | https://doi.org/10.1038/s41597-020-0555-y 8


https://doi.org/10.1038/s41597-020-0555-y
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/

	A benchmark dataset of protein antigens for antigenicity measurement

	Background & Summary

	Methods

	Structure of the benchmark data for antigenicity measurement. 
	Benchmark dataset of influenza virus haemagglutinin. 
	Modelling the antigenic variance for IBV. 
	Calculating the antigenicity coverage of the vaccine strain. 
	Benchmark dataset of the Dengue virus envelope protein. 

	Data Records

	Data records for IAV A/H3N2. 
	Data records for IBV. 
	Data records for DENV. 

	Technical Validation

	Detecting antigenic drift in emerging pathogens. 
	Monitoring antigenic coverage for vaccine strains. 

	Usage notes

	Acknowledgements

	Fig. 1 Illustration of benchmark data collection.
	Fig. 2 Data records of the benchmark dataset.
	Fig. 3 Antigenic clustering over the past four decades (1968–2014).
	Fig. 4 Vaccine coverage in the Northern Hemisphere from 2001 to 2017.




