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A B S T R A C T

Genotyping arrays proved to be an exemplary tool for the simultaneous analysis of a multitude of single nu-
cleotide polymorphisms (SNPs), a special case of genomic variants. By the example of SNPs represented on the
Axiom® Wheat HD genotyping array as well as on the Axiom® Wheat Breeder's genotyping array, we applied a
three way classification system to assess the quality of SNPs in bread wheat (Triticum aestivum L.) and subse-
quently the quality of these genotyping arrays. Class 1 SNPs could be aligned uniquely to the reference genome
and did not show any genomic variants in their flanking sequence. Class 2 SNPs could also be aligned uniquely to
the reference genome but showed genomic variants in their flanking sequence. The remaining SNPs were as-
signed to class 3. To determine the number of genomic variants in a SNP's flanking sequence, we used all
currently available SNPs in the Ensembl Plants database. From the 819,571 SNPs on the Axiom® Wheat HD
genotyping array, we assigned 24,343 to class 1 and from the 35,143 SNPs on the Axiom® Wheat Breeder's
genotyping array we classified 2295 SNPs as class 1. We show that class 1 SNPs of the Axiom® Wheat HD
genotyping array result in an equidistant coverage of the reference genome. We make the classification table as
well as R-scripts available to give breeders and researchers the possibility to reproduce our analysis in an easy
way. Moreover, we discuss the possibilities and limitations of such an in silico analysis of genotyping arrays as
well as future research possibilities for this approach.

1. Introduction

1.1. Bread wheat and its need for genetic improvement

Due to the growing world population which is projected to reach 8.9
billion people until 2050 [1] paired with diet shifts and increasing
biofuel consumption [2], agricultural production must increase tre-
mendously in the next decades. For bread wheat (Triticum aestivum L.)
which is one of the three most important crops in the world for both
human consumption and livestock feed [3], the production target is to
double the yield until 2050 [4] in spite of changing climate conditions
which are most likely to increase both evaporation [5] and the time
period for insect herbivores to grow and reproduce [6]. Using improved
genomic research capabilities and acquisition of genetic diversity could
support the genetic gain in breeding which is a key to tackle these
challenges [7].

1.2. Recent advances in genetic analyses of bread wheat

Wheat is an allohexaploid plant with 2n=6x=42 chromosomes
[8]. The structure of the wheat genome with its three sub-genomes as
well as its huge size of more than 14 billion base pairs (bp) and the high
amount of repetitive sequences is the reason why both the sequencing
and the annotation of a reference genome as well as the discovery of
genomic variants like single nucleotide polymorphisms (SNPs) was
challenging [9–11]. Nevertheless, at the beginning of this century,
marker-assisted selection (MAS) based on microsatellite markers could
successfully be implemented into wheat breeding programs, providing a
huge advantage for breeding disease resistant varieties in wheat [12].
Breeding strategies have been adapted to the newly developed tool in
the form of marker-assisted backcrossing [13] and MAS involving se-
lection in a double haploid population [14]. Thus, the demand for SNP
markers in wheat breeding programs is obvious as to increase the ex-
ploitation of the whole wheat genome [15] and to reduce costs per
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marker [16].
In 2011, Allen et al. were able to discover the first SNPs in wheat

and published 14,078 SNPs [17]. These SNPs as well as other newly
discovered SNPs were stored in the online database CerealsDB [18,19].
In 2014, the first genotyping array for bread wheat was created by
Wang et al. containing 81,587 SNPs [20]. This array was commercially
distributed as Illumina's iSelect genotyping array. One year later,
Winfield et al. published a high definition SNP genotyping array for
wheat with a total of 819,571 SNP markers [21] which are commer-
cially available on the Axiom® Wheat HD genotyping array. Another
year later, Allen et al. used this genotyping array to select 35,143
markers for the Axiom® Wheat Breeder's genotyping array [22]. In
2017, Krasileva et al. were able to discover more than 10 million SNPs
in bread wheat [23]. Since these SNPs were detected using exome
capturing followed by targeted re-sequencing [21], mainly SNPs in the
coding regions of the genome could be discovered [24]. In 2018,
around 3.3 million new SNPs were discovered, mostly in the non-coding
regions of the wheat genome [24]. Moreover, the International Wheat
Genome Sequencing Consortium (IWGSC) was able to publish a fully
annotated reference genome for bread wheat in August 2018 despite
the above mentioned challenges [25]. Information about SNPs in plants
are publicly available in the Ensembl Plants database (http://plants.
ensembl.org). Currently this database contains 16,448,754 SNPs for
bread wheat (release 44).

Results of the application of both genotyping arrays in breeding
procedures were published by Brinton et al. who used the Axiom®
Wheat HD genotyping array to identify markers for increased pericarp
cell length and grain weight [26]. Moreover, the Axiom® Wheat HD
genotyping array was used to analyze the genetic diversity of bread
wheat [7] as well as of close relatives [27]. The later analysis was then
used to integrate resistance against African stem rust from Aegilops
sharonensis L. into Triticum aestivum L. [27]. Furthermore, the Axiom®
Wheat Breeder's genotyping array was used to identify resistance genes
against wheat stripe rust [28], showing that both the Axiom®Wheat HD
and the Wheat Breeder's genotyping array can be beneficial in breeding
processes.

1.3. Quality assessment of genotyping arrays

Although the Axiom® genotyping arrays have proven to be bene-
ficial for the introgression of certain traits in wheat breeding programs,
an objective quality assessment of these arrays has been missing.
Quality constraints for the analysis of SNPs have been expressed
[29,30] but a combination of those constraints was not yet adapted to
control the quality of SNPs and genotyping arrays. With the availability
of a reference genome as well as of a database with a huge set of SNPs in
bread wheat, we assessed the quality of SNPs in the 820 K (Wheat HD)
and 35 K (Wheat Breeder's) genotyping arrays. In this way, we present
and discuss the possibility to assess the quality of a genotyping array in
silico if a reference genome is available. Therefore, we aligned the
flanking sequences of the SNPs to the reference genome and counted
the number of perfect matches to the reference genome for each SNP.
For those SNPs which could be aligned one time perfectly to the re-
ference genome, we counted the number of genomic variants in their
flanking sequences. We provide our findings in two supplementary ta-
bles (additional file 1 and additional file 2) and publish the R-scripts

necessary to reproduce the analysis (additional file 3 and additional
file 4).

2. Material and methods

2.1. Material

We downloaded both annotation files for the 820 K genotyping
array (Axiom_BristolW_A_Annotation.r2.csv and
Axiom_BristolW_B_Annotation.r2.csv) as well as the annota-
tion file for the 35 K genotyping array (Axiom_WhtBrd-
1_Annotation.r3.csv) from the Affymetrix support site (www.
affymetrix.com) on August 9, 2019. Next, we downloaded a data set
containing SNPs in bread wheat in gzipped variant call format (tri-
ticum_aestivum.vcf.gz) as well as the wheat reference genome
(Triticum_aestivum.IWGSC.dna.toplevel.fa) from Ensembl
Plants (ftp://ftp.ensemblgenomes.org/pub/release-44/plants/) on
August 9, 2019.

The complete reference genome of bread wheat consists of
14,547,261,565 bp. The three subgenomes contain seven chromosomes
each. The lengths of the chromosomes vary from 473,592,718 bp to
830,829,764 bp. An additional unassigned chromosome (ChrUn) con-
sisting of 480,980,714 bp represents sequences which could not be as-
signed to one of the chromosomes [25].

2.2. Methods

The flanking sequences were extracted from the annotation files and
written into a fasta file using our custom R-script
PreparingFlanks.R (additional file 3). The SNPs were coded in
their respective symbols of the IUPAC nucleotide code ([A/G]=R, [C/
T]=Y, [G/C]=S, [A/T]=W, [G/T]=K, [A/C]=M). The length of the
flanking sequences varies from a total length (flanking sequences plus
SNP) of 37 bp to 71 bp. The majority of flanking sequences (98%) had a
length of 71 bp. Various IDs were used in the fasta file to assure un-
ambiguous attribution of the data in downstream analyses. In this way,
the probe set ID (named Affymetrix code in CerealDB), the Affymetrix
SNP ID and the customer ID (termed Bristol Affy code in CerealDB)
were used as identifiers in the created fasta file. To export the result in a
fasta file, the R-package ape was used [31].

To locate the positions of the SNPs, we aligned the complete
flanking sequence of the SNPs to the reference genome using the Basic
Local Alignment Search Tool (BLAST) [32]. First, we created a BLAST
database from the reference genome using the makeblastdb tool of
the blast+ suite (//ftp.ncbi.nlm.nih.gov/blast/executables/blast+/
in the version 2.9.0) with standard parameters [33]. Subsequently,
we aligned the flanking sequences to the wheat reference genome with
the blastn tool from the blast+ suite using standard parameters [33]
and the tabular output format (-outfmt 6).

After the flanking sequences were aligned to the reference genome,
we filtered the results by considering only perfect alignments in further
analyses. An alignment was considered perfect, if it stretched over the
whole length of the flanking sequence without gaps and with the SNP
itself as the only mismatch since the reference genome does not contain
the ambigious IUPAC symbols.

We wrote an R-script (ClassfiyMarkers.R, additional file 4)
which classifies SNPs depending on their genomic location. This script
uses the R-packages Biostrings for reading in fasta files [34] and
vcfR for reading in vcf files [35]. The counting of SNPs in the flanking
sequences was done with the packages tidyr [36], plyr [37],
tibble [38] and seqinr [39]. We considered SNPs with a unique
position in the genome as most informative. As a second criterion we
counted genomic variants in the flanking sequence of each uniquely
matching SNP, following the quality criteria for SNPs as described by
Ganal et al. [30]. In this way, we assigned all SNPs into one of three
classes:

Abbreviations

BLAST Basic Local Alignment Search Tool
bp base pairs
IWGSC International Wheat Genome Sequencing Consortium
MAS marker-assisted selection
SNP single nucleotide polymorphism
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• Class 1 for SNPs which are perfectly matching to a single genomic
locus and which have no other SNP in their flanking sequence.
• Class 2 for SNPs which are perfectly matching to a single genomic
locus but with other SNPs in their flanking sequence.
• Class 3 for all other SNPs.
The results of the classification were stored in

ClassificationTable_820_WheatHD.csv (additional file 1) and
ClassificationTable_35_WheatBrd.csv (additional file 2).
These tables contain the above mentioned identifiers of the SNPs, the
position of the SNP as a combination of chromosome (Chrom) and
position on the chromosome (bp), the number of times a SNP could be
perfectly aligned to the genome (FreqPerfectAlign) and the
number of SNPs in the flanking region of the SNP under investigation
(SNPInVicinity). SNPs without unique perfect alignment to the re-
ference genome are marked with NA for the position of the SNP as well
as for the number of SNPs in vicinity (SNPInVicinity).

2.3. SNP classification

The SNPs from the genotyping arrays were located by the alignment
of their flanking sequences to the reference genome. The SNPs which
were downloaded from Ensembl on the other hand already contained
information about their position but no flanking sequences which could
have been aligned in the same way as the SNPs from the genotyping
arrays.

Unfortunately, the SNP identifiers used in Ensembl and in the an-
notation file are incompatible such that the SNP position given by
Ensembl was the only piece of information that could be used to de-
termine if a SNP is located in the flanking region.

Therefore, the classification of SNPs that are perfectly aligned to the
reference genome, i.e. which have just one mismatch in the alignment,
and which have one Ensembl SNP in their flanking sequence require
special consideration. Two cases can be distinguished:

(1) The SNP is mapped via BLAST to the same position as the corre-
sponding SNP in the Ensembl database and no other SNP is found in
the flanking sequence. Then this SNP belongs to class 1.

(2) The SNP that was mapped is not represented in the Ensembl data-
base. Then the Ensembl SNP is necessarily a different SNP in the
flanking region and, thus, the mapped SNP is assigned to class 2.

The above explained method was used to classify all SNPs of the 820
K genotyping array (additional file 1). Subsequently, the classes of
SNPs in the 35 K genotyping array were extracted from this table to
analyze how many of the class 1 and class 2 SNPs from the 820 K
genotyping array were transferred into the 35 K genotyping array
(additional file 2).

3. Results

The alignment of the 819,571 SNPs to the reference genome re-
sulted in 2,442,786 possible positions for the SNPs under investigation.
The majority of flanking sequences in the 820 K genotyping array
(87.2%) could be mapped to the reference genome without gaps or
mismatches (except for those resulting from the SNP itself in IUPAC
symbols), resulting in 104,859 SNPs (12.8%) from the 820 K geno-
typing array which could not be matched perfectly to the reference
genome and were thereby assigned to class 3. 62.3% of the SNPs under
investigation could be mapped to a unique position on the reference
genome, whereas the remaining 24.9% were mapped two or more times
to the reference genome. The SNPs on the 35 K genotyping array show
similar results (Table 1).

Both arrays show the least number of SNPs assigned to class 1.
Nevertheless, the 35 K genotyping array shows a considerably higher
proportion of SNPs in class 1 than the 820 K genotyping array. While

from the SNPs on the 820 K genotyping array 3% could be assigned to
class 1, 6.5% of SNPs in the 35 K genotyping array could be classified as
class 1. In both genotyping arrays, most SNPs were classified as class 2.

After aligning the SNPs from the 820 K genotyping array to the re-
ference genome, 6067 SNPs were located on the unassigned chromo-
some (ChrUn). From those SNPs, 1927 SNPs were classified as class 1
and the remaining 4140 SNPs as class 2. From the 35 K genotyping
array, 382 SNPs were located at the unassigned chromosome. 141 of
those SNPs were classified as class 1 and the remaining 241 SNPs as
class 2.

Fig. 1 shows the distribution of SNPs present in the 35 K genotyping
array which were classified as class 1 (red dots) and the class 1 SNPs on
the 820 K genotyping array (blue dots). As one can see in Fig. 1, class 1
SNPs of the 820 K genotyping array are evenly distributed across every
chromosome of the wheat genome whereas the class 1 SNPs of the 35 K
genotyping array show substantial gaps at several locations.

4. Discussion

Through our analysis, 24,343 SNPs of the 820 K genotyping array
and 2295 SNPs from the 35 K genotyping array were assigned to class 1.
As one can see in Fig. 1, the class 1 SNPs of the 820 K genotyping array
show an equidistant distribution and a full coverage of the whole wheat
genome despite the limited number of SNPs in this class. The dis-
tribution of class 1 SNPs from the 35 K genotyping array on the other
hand shows at certain places an accumulation and at other locations a
depletion of SNPs. Considering the distribution of class 1 SNPs on the
820 K genotyping array, it would have been possible to select SNPs from
the 820 K genotyping array to fill the locations with lower density on
the 35 K genotyping array. Using this resource, our analysis of the SNPs
in both the 820 K as well as the 35 K genotyping array shows the po-
tentiality of a reference genome for reliable SNP selection and quality
assessment of genotyping arrays.

As described by Ganal et al., the number of SNPs on a genotyping
array is limited due to the additional costs per marker, setting an eco-
nomical limitation to the number of SNPs per genotyping array [30].
But when considering every SNP on a genotyping array as a single test,
the number of SNPs on a genotyping array increases the probability of
finding at least one of them to be statistically significant just by chance.
That is the reason why it is common to use a correction of α such as the
Bonferroni correction when analyzing associations between genotype
and phenotype [40]. There is a variety of more sophisticated methods
to overcome the inflation of p-values like the usage of mixed models
that account for population structure [41], usage of permutation algo-
rithms like PRESTO or usage of a multivariate normal distribution-
based correction like SLIDE [42]. Apparently, in this context it also
makes sense to reduce the inflation of p-values by reducing the number
of SNPs and hence, the number of tests used in a genomic analysis.

Moreover, if for example a SNP with association to a phenotypic
characteristic could be analyzed through a genotyping array but the
same SNP aligns simultaneously to several genomic loci, the effects of
the other locations might be in conflict with the actual effect and,
hence, lower the probability of detecting this SNP as significantly as-
sociated to the trait. Therefore, it could be an interesting approach to
use our classification system before performing an association study

Table 1
Number of SNPs classified in the two analyzed genotyping arrays. SNPs in vi-
cinity are SNPs found in the flanking sequence other than the SNP under in-
vestigation.

Alignment Other SNPs in vicinity 35 K 820 K Class

Unique 0 2295 24,343 1
Unique ≥ 1 20,304 486,041 2
None NA 4235 104,859 3
Ambiguous NA 8309 204,328 3
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and then using only SNPs in certain classes in the following analysis.
Nevertheless, it must be pointed out that this argument is of a theore-
tical nature. In future analyses it would be interesting to apply our
classification system after performing an association study to test the

number of SNPs which are associated with a phenotypic trait in dif-
ferent classes.

The reference genome of bread wheat was published only recently
in the first version and 480,980,714 bp were aligned to an unassigned

Fig. 1. Graphical display of class 1 SNPs on the 35 K (red dots) and 820 K genotyping array (blue dots). The y-axis displays the chromosome, the x-axis displays the
position on the chromosome. The length of each chromosome is visualized by a vertical black line.
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chromosome (ChrUn). 6067 SNPs on the 820 K genotyping array and
382 SNPs on the 35 K genotyping array were mapped to the unassigned
chromosome. These SNPs might be classified differently if the contigs of
the unassigned chromosome are assigned to the correct positions in the
chromosomes in a future version of the wheat reference genome.
Moreover, wheat breeders who have an individual reference genome
could repeat the analysis since the results of this analysis are depending
on the used reference genome.

Furthermore, this analysis was impaired due to limited information
about the physical probes on these arrays. We were only able to use the
complete flanking sequences at both sides of the SNPs while the phy-
sical probes on the array are likely to be shorter. On the one hand, this
could lead to a perfect alignment of probes which we could not align
perfectly to the reference genome when using the whole flanking se-
quence as query sequence. On the other hand, this might lead to am-
biguous locations of SNPs which were aligned uniquely to the reference
genome when mapping the whole flanking sequence.

5. Conclusion

Based on the assumptions about quality criteria of SNPs stated by
Ganal et al. [30], we created a pipeline to classify SNPs into three
classes depending on quality features. In this way, we provide a pos-
sibility to assess the quality of genotyping arrays in silico if information
about the flanking sequences as well as a reference genome are avail-
able. Moreover, we used the pipeline to assess the quality of SNPs on
the Axiom® 820 K and 35 K genotyping arrays. We showed that most
SNPs of both genotyping arrays could be aligned uniquely to the re-
ference genome and visualized the class 1 SNPs of both genotyping
arrays to show that the classification criteria dissolve clusters of SNPs to
some extent and, in the case of the 820 K genotyping array, provide an
even coverage of the whole genome.

In future research, it would be interesting to test our classification
system with data about the association of genotype and phenotype to
control the utility of our pipeline as a possibility to reduce the number
of SNPs on a genotyping array and thereby reducing the number of tests
and the inflation of p-values in a genomic analysis. Moreover, it would
be beneficial to reproduce the pipeline when a new version of the re-
ference genome of bread wheat is available perhaps without unassigned
contigs, although only few SNPs of both arrays were aligned to this
chromosome. Furthermore, the mapping of SNPs was impaired due to
limited information about the actual probe sequences which are phy-
sically represented on the genotyping arrays. The results could change
if the actual probe sequences are used to map the SNPs on the reference
genome. We are certain that it would be a benefit for all stakeholders if
more precise information about the physical probe sequences on the
genotyping arrays was publicly available.
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