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Abstract

Background Tuber bruising in tetraploid potatoes (Solanum tuberosum) is a trait of economic importance, as it
affects tubers'fitness for sale. Understanding the genetic components affecting tuber bruising is a key step in devel-
oping potato lines with increased resistance to bruising. As the tetraploid setting renders genetic analyses more
complex, there is still much to learn about this complex phenotype. Here, we used capture sequencing data on a
panel of half-sibling populations from a breeding programme to perform a genome-wide association analysis (GWAS)
for tuber bruising. In addition, we collected transcriptomic data to enrich the GWAS results. However, there is currently
no satisfactory method to represent both GWAS and transcriptomics analysis results in a single visualisation and to
compare them with existing knowledge about the biological system under study.

Results When investigating population structure, we found that the STRUCTURE algorithm yielded greater insights
than discriminant analysis of principal components (DAPC). Importantly, we found that markers with the highest
(though non-significant) association scores were consistent with previous findings on tuber bruising. In addition, new
genomic regions were found to be associated with tuber bruising. The GWAS results were backed by the transcrip-
tomics differential expression analysis. The differential expression notably highlighted for the first time the role of two
genes involved in cellular strength and mechanical force sensing in tuber resistance to bruising. We proposed a new
visualisation, the HIDECAN plot, to integrate the results from the genomics and transcriptomics analyses, along with
previous knowledge about genomic regions and candidate genes associated with the trait.

Conclusion This study offers a unique genome-wide exploration of the genetic components of tuber bruising. The
role of genetic components affecting cellular strength and resistance to physical force, as well as mechanosens-

ing mechanisms, was highlighted for the first time in the context of tuber bruising. We showcase the usefulness of
genomic data from breeding programmes in identifying genomic regions whose association with the trait of interest
merit further investigation. We demonstrate how confidence in these discoveries and their biological relevance can
be increased by integrating results from transcriptomics analyses. The newly proposed visualisation provides a clear
framework to summarise of both genomics and transcriptomics analyses, and places them in the context of previous
knowledge on the trait of interest.
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Background
Genome-wide association studies (GWAS) use statistical
models to detect causal regions in the genome that con-
trol a trait of interest. While such genomic association
studies have been extensively applied to diploid species,
more work is still required for polyploid species, owing to
their higher genetic complexity. Among them, the potato
Solanum tuberosum is a tetraploid crop of great eco-
nomic importance, accounting for 4% of the global crop
production, with 0.37 billion tonnes produced around the
globe in 2021 [1]. As a consequence, a better understand-
ing of its agronomic and quality traits is crucial for breed-
ing programmes, in order to develop improved lines. This
has been hindered by the complex genetic architecture of
these traits, the high heterozygosity of the crop, and the
lack of genomic and genetic tools and technologies dedi-
cated to polyploid genetic studies. Previous studies on
potato genetics have made use of diploid species of pota-
toes [2—5], biparental populations [2—4, 6], restricted the
analysis to dominant markers or diploidised the markers’
dosage (i.e., the number of alternate alleles carried by a
sample) in order to use the diploid tools available [7], or
focused on candidate genes for the association analysis
[8—14]. Despite these drawbacks, numerous studies have
investigated the genetic basis of important potato traits,
notably through the use of GWAS [11, 15-18]. Recently,
an R package for GWAS analysis of tetraploid organisms,
GWASpoly, was proposed [16]. GWASpoly implements
several genetic models to explain the impact of a mark-
er’s dosage on the phenotype. Importantly, it allows the
inclusion of population structure in the model in order
to correct for the impact of possible subpopulations on
the resulting marker scores. Unaccounted for population
structure can lead to spurious marker-trait associations,
due to differences in trait and allele frequencies distribu-
tion across the subpopulations [19, 20]. This was nota-
bly investigated in association studies performed on the
potato [16, 18]. In addition, while association studies are
most informative when performed on a diverse popu-
lation with a large variability for the trait under study,
genomic data collected within breeding programmes
provide an interesting source of information that could
be harnessed in the context of GWAS studies, provided
that the traits investigated are not directly subject to
selection. Moreover, the markers identified in this way
would be directly relevant to the breeding programme
and could thus potentially be used subsequently for
marker-assisted selection. Therefore, it is of interest to
assess whether breeding populations can be used to dis-
cover genotype-phenotype relationships through GWAS.
In a complementary approach to genomic analyses,
RNA sequencing technologies enable the investigation of
the transcriptome, i.e. of the expression of all genes in an
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organism. Transcriptomics studies can identify key genes
involved in biological mechanisms of interest, typically
through differential expression analysis. RNA sequenc-
ing has been used for the study of both the diploid and
more recently the tetraploid potato, mostly in the con-
text of crop improvement. For example, transcriptomics
analyses identified genes affecting tuber flesh colour [21],
drought resistance [22, 23], cold response during post-
harvest storage [24], infection by pathogen P. infestans
[25], salt tolerance [26], or traits of economic interest
such as yield or growth rate [27] in tetraploid cultivars or
breeding lines. For a list of recent transcriptomics stud-
ies on the potato, we refer the reader to [28, 29]; and a
description of the different steps of RNA sequencing
analysis specifically for potato data, along with exam-
ple datasets and recommendations can be found in [30].
Recently, RNA sequencing has also been used to conduct
marker discovery in a population of 181 tetraploid culti-
vars for genomic selection [31]. In an effort to improve
future transcriptomics analyses, Petek and collaborators
constructed a potato pan-transcriptome, which iden-
tify genes that are shared across or unique to four tetra-
ploid cultivars, and which improves upon current potato
genomic resources for transcriptome annotation [32].

In this study, we focused on unravelling the genetic
components of tuber bruising. Tuber bruising, also
termed enzymatic or blackspot bruising, is the browning
of the tuber flesh below the skin following a mechani-
cal shock [9, 33]. Cell disruption through mechanical
damage leads to the oxidation of phenolic compounds
by polyphenol oxidases (PPO), leading to the forma-
tion of melanin pigments that give a brown colouration
to the flesh [34]. Cellular damage through mechanical
impact is common throughout all stages of potato han-
dling, from harvesting to shipping. Tuber bruising is an
important quality trait as it affects the flesh appearance,
quality and flavour, and thus affects the tubers’ fitness for
sale [33]. The annual cost of tuber bruising to the potato
industry is estimated at several millions of US dollars in
the US and tens of millions of pounds in the UK [35].
The development of potato lines that are more resistant
to bruising is therefore a desirable objective for breeding
programmes, rendering the genetic analysis of this trait
an important task. Previous studies have identified sev-
eral candidate causal genes and Quantitative Trait Loci
(QTL) regions for the bruising phenotype. One such
study focused on genes from the PPO family, in par-
ticular on the POT32 gene, which is a major PPO gene
expressed in potato tubers, and other genes involved in
cell structure and shape, membrane stability, as well as
carbohydrate metabolism [9]. Some of these candidate
genes were identified by first comparing the concentra-
tion of the corresponding proteins between tubers with
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different bruising susceptibility [36]. Urbany et al. [9]
developed markers from the sequences of these candi-
date genes. Several of these markers were found associ-
ated with tuber bruising, notably those constructed from
LipIlI27 (located on chromosome 2), 4CL and PHOIA
(chromosome 3), HQT (chromosome 7) and PPO genes
POT32 and potpoloxA (chromosome 8). The influence
of PPO enzymes on tuber bruising was already estab-
lished by Werij et al. [2], who uncovered a QTL region
on chromosome 8 that co-localised with the POT32 gene
sequence. Additional candidate genes were later identi-
fied on chromosomes 5, 8 and 12 [5].

We started by making use of a high-density capture-
based (capture-seq) genotyping platform to carry out
a GWAS analysis on a panel of half-sibling populations
(hereafter referred to as a half-sib panel) to uncover
regions of interest for the bruising phenotype. This half-
sib panel consisted of individuals obtained from an early
stage of the selection pipeline in a breeding programme.
We augmented the GWAS results with RNA sequencing
data, in order to investigate gene expression in response
to tuber bruising, and to complement the GWAS results.
The contributions of the article are as follows: (i) we
demonstrate the use of GWAS on a breeding popula-
tion of related autotetraploid individuals with a com-
plex population structure that is subject to selection, (ii)
we investigate the impact of the genetic model used in
the association analysis, (iii) we show how such GWAS
analysis can be enriched with complementary transcrip-
tomics data, and (iv) we propose a new visualisation,
the HIDECAN plot (acronym for high-scoring mark-
ers, differentially expressed genes, and candidate genes),
to summarise and integrate GWAS results with tran-
scriptomics differential expression analysis and previous
knowledge about the genetic components involved. This
study bridges the gap between genotype and phenotype
by combining genomics, transcriptomics and pheno-
type data to ultimately unravel the mechanisms of potato
tuber bruising.

Results

Genotype by sequencing using capture sequencing
Genotype by sequencing via capture sequencing was per-
formed on tetraploid potatoes from a half-sib panel. The
panel was obtained by crossing two parents of interest,
Crop20 and its progeny Crop52, selected for their storage
and processing qualities, with a number of other varieties
(Table 1). The varieties used as second parents consist
of both related and unrelated individuals (see Fig. S1-
S4 for pedigree of genotyped parents as recovered from
[37]). Note that the selection of the parents was not based
on bruising resistance qualities of the varieties. For the
genotype by sequencing, baits were designed to capture
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exonic regions across the genome. Initial variant call-
ing yielded 1,388,205 variants. Amongst them, 1,205,998
heterozygous biallelic single nucleotide polymorphisms
(SNPs — 86.9% of all variants) were retained for further
analysis. SNPs were filtered out based on missingness of
> 10%, quality and minor allele frequency of < 0.01. This
yielded a total of 454,247 variants (37.7% of the biallelic
SNPs) that passed the filtering step. This number is not
unexpected given the high heterozygosity of the tetra-
ploid potato and the population design, in which parents
with varied genotypes were crossed. In addition, out of
the 178 genotyped samples, two of them did not meet the
criteria of less than 10% of missing data and were con-
sequently discarded, leaving 176 samples with genotype
information (158 progeny genotypes and 13 parent geno-
types, with some parents measured through several bio-
logical or technical replicates).

As expected, variant density along the chromosomes
correlates with bait density, and decreases near the cen-
tromeres (Fig. S5). This is because baits were designed
to capture exons of annotated genes, therefore they pref-
erentially target regions with high exon density, and are
thus less abundant near the centromeres where there are
less protein-coding genes.

Strong linkage disequilibirum (LD) due to physical
proximity can be expected between variants detected
with the same bait, as well as between variants obtained
from baits that are located close to each other along a
chromosome. Therefore, in order to reduce the impact
of LD on subsequent analyses and to reduce the number
of variants to analyse, LD pruning was performed. Vari-
ants were recursively removed using a sliding window
of 100kb, and a relaxed threshold of 0.5 on the r? values
between pairs of variants was used. This led to a final
dataset containing 72,847 variants (16% of all filtered var-
iants — Fig. S6).

Population structure amongst the genotyped potatoes
The results of a Principal Component Analysis (PCA)
performed on variant dosage information for the 176
samples are shown in Fig. 1 (see also Fig. S7-S9). The first
and second principal components separate the Crop20
and Crop52 progeny, positioned in the lower right and
upper left triangles of the plot, respectively, while also
segregating V390, ‘Driver, ‘Karaka, ‘Crop18” and ‘Moon-
light; from the other parents. The progeny samples from
a cross between two genotyped parents are positioned
half-way between the two parents in the PCA plot, which
is expected as they share half of the genetic material of
each parent. The technical replicates available for parent
samples overlap, which indicates good quality of the data,
except for the ‘Admiral’ samples, probably due to sample
misslabelling.
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Table 1 Cross design of the half-sib panel. For each cross between two parents, the number of progeny genotypes used for the GWAS
analysis are presented, as well as the number of progeny genotypes used in the low- and high-bruising groups for the transcriptomics
differential analysis. Some progeny genotypes with transcriptomics and phenotype data were not used in the differential analysis as
their bruising score did not meet the criteria of the low- or high-bruising group. Only a subset of Crop52 progeny was used for the

transcriptomics analysis

Number of progeny used

Number of progeny with transcriptomics and phenotype

for GWAS analysis data
Cross ID Parent 1 Parent 2 Total Total Low bruising  High bruising  Not used
group group for DE
analysis

2114 Crop20 V390 7 0 0 0 0
2132 Crop20 '964/8' 5 0 0 0 0
2134 Crop20 ‘Summit Russet’ 9 0 0 0 0
2135 Crop20 VR808 3 0 0 0 0
2136 Crop20 Crop37 5 0 0 0 0
2138 Crop20 LT 5 0 0 0 0
2140 Crop20 810_7 6 0 0 0 0

2121 Crop52 V390 1 I 1 6 4
2155 Crop52 ‘Admiral’ 10 10 5 2 3
2158 Crop52 ‘Dolce Vita’ 13 13 6 2 5
2159 Crop52 ‘Driver’ 16 16 7 5 4
2164 Crop52 ‘Karaka’ 4 0 0 0 0
2165 Crop52 ‘Crop18’ 10 9 2 7 0
2166 Crop52 ‘Markies' 3 0 0 0 0
2167 Crop52 ‘Mondial’ 2 0 0 0 0
2168 Crop52 ‘Moonlight’ 7 7 2 4 1

2169 Crop52 ‘Crop33’ 5 0 0 0 0
2170 Crop52 ‘Red Rascal’ 8 8 7 0 1

2172 Crop52 ‘Summit Russet’ 7 7 2 2 3
2173 Crop52 VR808 2 0 0 0 0
2175 Crop52 Crop9 8 8 3 3 2
2177 Crop52 Crop37 6 6 2 2 2
2183 Crop52 ‘Crop58’ 6 5 4 0 1
Total 158 100 41 33 26

The software STRUCTURE was used to uncover the
population structure among the 176 samples. Four sub-
populations were identified as the optimal setting (see
Fig. S10), and five runs of STRUCTURE with the num-
ber of subpopulations set to four led to very similar
results. The main output of STRUCTURE is the posterior
membership probability profile of each sample, i.e., the
probability that the sample belongs to each of the four
detected subpopulations. This informs about the possible
admixture of the samples, in the case where the mem-
bership probability of a sample is not zero for more than
one subpopulation. Overall, the subpopulations identi-
fied are consistent with the known pedigree of the sam-
ples and with the PCA results (Fig. 2). V390, ‘Dolce Vita’
and Crop52 are assigned exclusively (posterior member-
ship probability > 0.99) to subpopulations S1, S3 and S4,
respectively. Crop20 is assigned mainly to subpopulation

S2, with a non-null membership probability (0.05) for
subpopulation S4, consistent with its parental relation-
ship with Crop52. The remaining parents are detected
as an admixture of these subpopulations. In particu-
lar, varieties ‘Moonlight; ‘Karaka, ‘Driver’ and ‘Cropl8;
which share V394 as a common parent, are assigned a
similar posterior membership probability distribution.
This is expected given their relatedness. Interestingly, for
these four parents, the highest membership probability
corresponds to the V390 subpopulation. Even though
V390 and V394 originate from the same breeding pro-
gramme, it is not known whether they share a common
lineage; these results tend to indicate that it is the case.
‘Red Rascal’ yields a large posterior membership prob-
ability for the Crop20 subpopulation, consistent with
the fact that the two varieties are related (Fig. S1). Note
that the ‘Admiral’ replicates each have markedly different
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Fig. 1 PCA plot of the first and second components of a PCA applied to variants’most probable dosage for 176 samples. The name of the parent
samples (large points) is indicated next to the corresponding point, while progeny samples are indicated with smaller points. For parent samples,
the suffix T Rep. /' represents technical replicates, while ‘B Rep. A’ represents biological replicates. For the progeny samples, the shape of the points

represent the first parent (i.e. Crop20 or Crop52), and the colour the second parent

membership probability profiles, which provides evi-
dence of possible sample mislabelling. Unsurprisingly,
the membership probability profile of each progeny sam-
ple is an equal mix of these of the corresponding parents
(Fig. S11).

Discriminant Analysis of Principal Components
(DAPC) was also used to investigate population struc-
ture. The analysis revealed five sample clusters as the
optimal setting (Fig. S12-S13), where the clusters inform

us about different subpopulations within the samples
(Fig. 2). One of the outputs of DAPC is a measure simi-
lar to the posterior membership probability computed
with STRUCTURE; however, it mainly reflects the attri-
bution of the samples to the different clusters and is less
informative about possible admixture. Again, the clusters
obtained are mostly consistent with the known pedi-
gree of the parent varieties. Cluster C1 gathers the V394
progeny, i.e. ‘Moonlight, ‘Crop18; ‘Karaka’ and ‘Driver.
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‘964/8, ‘Red Rascal, LT1, Crop20 and one of the ‘Admi-
ral’ replicate are grouped in cluster C2. This is surpris-
ing because, while ‘Red Rascal’ and Crop20 are related,
‘964/8’ is instead more closely related to ‘Karaka’ (its par-
ent), and thus would be expected to cluster with the lat-
ter. However, this is consistent with the PCA results, in
which ‘964/8’ lies half-way between ‘Karaka’ and the LT1/
Crop20/‘Red Rascal’ cluster on the first principal com-
ponent. ‘Summit Russet’ and V390 are assigned to clus-
ter C4 and C5, respectively. ‘Dolce Vita’ and Crop52 are
grouped in cluster C3 with DAPC, together with two of
the three ‘Admiral’ replicates. With DAPC, the progeny
samples of each cross are all grouped with one of the par-
ents (Fig. S14).

A comparison of the STRUCTURE and DAPC results
for all samples is presented in Fig. S15. Overall, even
though there is not necessarily a one-to-one correspond-
ence between the STRUCTURE subpopulations and the
DAPC clusters, the two methods are mostly in agree-
ment. For example, STRUCTURE subpopulation S1 and
DAPC cluster C5 both correspond to V930 and its prog-
eny; DAPC cluster C1 groups all parents with a similar
STRUCTURE subpopulation admixture pattern and their

progeny. On the other hand, ‘Crop52’ and ‘Dolce Vita’ are
assigned to two different subpopulations with STRUCTU
RE (S3 and S4, respectively), while they are both clus-
tered in DAPC cluster C3.

Genome-wide association study of tuber bruising

Bruising was assessed for the 158 progeny samples via
mechanical impact, followed with visual bruise scoring
24h after impact (Fig. S17 and Table S3). A GWAS analy-
sis was performed on these progeny samples. Eight dif-
ferent genetic models (describing the effect of a marker’s
dosage on the phenotype) and six different population
settings (correcting for individual relatedness and/or
population structure) were considered, yielding 48 sets of
marker scores (see Methods section for details). Marker
scores obtained with the same genetic model were found
to be highly positively correlated, with the exception of
scores obtained with the naive population setting (i.e.
no correction for population structure), which were
more similar between them than to scores obtained
with a same genetic model but a different population
setting (Fig. 3). In addition, for a same genetic model,
marker scores obtained with the K only (i.e. including a
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kinship matrix in the model) or one of the K + Q mod-
els (which include both a kinship matrix as well as the
population membership probabilities from either STRU
CTURE or DAPC as covariates) were very highly corre-
lated (> 0.95), and the marker scores obtained with the
Q only models (population membership probabilities as
covariates but no kinship matrix) were also highly corre-
lated (> 0.74). In particular, the highest correlations were
found between the K only and the K + Qpapc models,
indicating that adding the population structure uncov-
ered with DAPC in the model brought very little infor-
mation above what the kinship matrix revealed. On the
contrary, marker scores were in general only modestly
correlated between different genetic models. The high-
est correlations were obtained between the diplo-gen-
eral model and the general, diplo-additive and simplex
models. The two duplex models yielded scores that were
moderately correlated with those from the additive and
general model, while they had little to no correlation with
the scores from other genetic models.

The ability of each population setting to control for
false positives due to population structure in the result-
ing marker scores was evaluated by computing an infla-
tion factor [16] for each GWAS model (Fig. 4). This
inflation factor describes the deviation of the observed
marker scores from their expected value under the null
hypothesis of no association with the phenotype. Under
the assumption that most markers are not associated
with tuber bruising, it is expected that the inflation factor
should be close to one. As expected, the naive population
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setting yielded elevated inflation factors (with a mean
inflation factor of 1.53). From the Q models, using the
results from DAPC was slightly more efficient at reduc-
ing inflation factors than using the STRUCTURE results
(mean of 1.12 for Qpapc model vs 1.13 for QstrUCT
model). The K only and K+Q models produced very simi-
lar inflation factors (mean of 1.08 for K and K+Q mod-
els). For each population setting, the average inflation
factor across all genetic models was computed, and the
population setting yielding the average inflation factor
closest to one was retained as the best setting to correct
for population structure. In this case, the K + QstrUCT
was retained, although the reduction in inflation score
compared to the K only model was minimal. The QQ
plots of the marker scores for the different genetic mod-
els obtained with the K + QstrucT model are presented
in Fig. S18.

A significance threshold for marker’s p-values was
computed by correcting for multiple testing using
a false discovery rate (FDR) scheme. After correc-
tion for multiple testing, five markers were consid-
ered as significantly associated with the phenotype:
at 12.8Mb on chromosome 1, 5Mb on chromosome
7, and at 45.9Mb, 46Mb and 49.1Mb on chromosome
8. The marker on chromosome 1 was assigned a sig-
nificant score with four genetic models (general, diplo-
general, diplo-additive and 1-dom-alt); the other four
were only significant with one genetic model (2-dom-
ref for marker at 45.9Mb on chromosome 8, 1-dom-
ref for the others). Interestingly, the two significant
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markers on chromosome 8 around 46Mb were very close
to genes encoding PPOs (PGSC0003DMG400018914,
PGSC0003DMG400018917), including the POT32 gene
(PGSC0003DMG400018916); such genes code for the
enzymes responsible for triggering the production of
melanin pigments that gives the bruising colour. Fur-
thermore, the position of 37 markers with a non-cor-
rected p-value below 1 x 10™% (i.e. GWAS score above
4 — Table S1) was also investigated, and compared to
candidate genes and genomic regions found associated
with tuber bruising from the literature (Table 2). One
high-scoring marker located at 50.7Mb on chromosome
7 was found within 1Mb of a phosphate adenylyltrans-
ferase gene (PGSC0003DMG400031084), while two
high-scoring markers on chromosome 8 between 3.2
and 3.4Mb were close to several patatin genes. In both
cases, the proteins associated with these genes were
found to be differentially expressed between tubers with
low- and high-bruising susceptibility in [36]. In addi-
tion, one high-scoring marker on chromosome 3 around
52Mb was close to a proteinase inhibitor type-2 gene
(PGSC0003DMG400004547), whose protein was also
identified by Urbany et al. [36] as differentially abundant
between high- and low-bruising tubers. Several other
high-scoring GWAS markers were found within 5Mb
of candidate genes previously identified. Other markers
with high GWAS scores were not found near previously
detected QTLs; notably around 6 - 8Mb on chromosome
1 and around 0.8 - 1 Mb on chromosome 11.

Transcriptomics differential expression

In order to assess how change in gene expression in
response to bruising differs between tubers with differ-
ent bruising susceptibilities, transcriptomics data were
generated for a subset of progeny samples with Crop52 as
parent (see Table 1), two hours after bruising, at the site of
the bruising. The expression of 25,163 genes was obtained
by RNA sequencing (after quality filtering of genes). A
differential expression analysis was performed between
samples with low bruising and samples with high bruis-
ing. Out of the 100 samples with both gene expression
data and mean bruising score, 41 samples with a mean
bruising score of one or less (low bruising group) were
compared with 33 samples with a bruising score of two or
more (high bruising group). Fifty-seven genes were found
significantly differentially expressed (DE) after FDR cor-
rection (with a significance threshold of 0.05), including
30 genes found to be upregulated in high-bruising tubers,
and 27 genes downregulated (Table S2). Ten of the DE
genes were annotated as “gene of unknown function”.
The Gene Ontology terms found significantly enriched
for DE genes via a functional class scoring analysis are
presented in Table 3. The enrichment results highlight
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an over-representation of protein modifications and pro-
tein kinase activity amongst the differentially expressed
genes. Indeed, six differentially expressed genes code for
diverse kinases, and three other genes are involved in
protein ubiquitination. These three genes are a ring fin-
ger protein-coding gene (PGSC0003DMG400012137),
a gene coding for an ubiquitin carboxyl-terminal hydro-
lase isozyme L3 (PGSC0003DMG400026229) and a
gene from the phototropic-responsive NPH3 family
(PGSC0003DMG400017655). The differential expression
of kinases and other genes involved in protein modifica-
tion is consistent with an activation of stress response
upon bruising. Indeed, signalling pathways, notably
kinase-dependent pathways, are activated in response
to stress and propagate signals throughout the cell and
to the nucleus, in order to trigger appropriate cellular
responses [38]. For example, an increased expression of
mitogen-activated kinases in response to wounding has
been observed in potatoes [39].

In addition, several other differentially expressed genes
can be linked to mechanisms of plant stress response. For
example, an ethylene-responsive AP2/ERF domain-con-
taining transcription factor (PGSC0003DMG400020625)
was found to be upregulated in potatoes with high bruis-
ing scores; the AP2/ERF transcription factors family is a
key regulator of plant stress response [40, 41]. A phos-
phate-induced BZIP-domain containing transcription
factor (PGSC0003DMG400025889) whose expression
was also found to be increased in high-bruising tubers,
shares a 78% nucleotide sequence identity with a phos-
phate-induced transcription factor in Nicotania taba-
cum (tobacco) involved in stress response through the
abscisic acid (ABA) signalling pathway [42]. Similarly, the
upregulated UPAI6 gene (PGSC0003DMG400033693),
encoding a transmembrane sugar transporter pro-
tein, shares an 86% nucleotide sequence identity with
a closely located gene encoding a protein with similar
function that was found to be differentially expressed
between potatoes with differing drought tolerance
[43]. A gene encoding a dihydrodipicolinate synthase
(PGSC0003DMG400019758), involved in plant stress
response through the lysine biosynthesis pathway [44], as
well as a heat-shock protein 70 (HsP70)-interacting pro-
tein-coding gene (PGSC0003DMG400012485) were both
found to be downregulated in tubers presenting high
bruising. The StOPT8 gene (PGSCO003DMG400013297),
encoding an oligopeptide transporter from the OPT fam-
ily, involved in heavy metal stress response [45], was also
downregulated in high-bruising tubers.

Several other genes involved in transmembrane
transport mechanisms were amongst the differen-
tially expressed genes, including two genes encoding
proteins with oligopeptide or nitrate transmembrane
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Table 2 List of candidate genes identified as potentially involved in tuber bruising in previous studies. The References column cites
the article in which genes were found related to bruising, as well as the publication in which the gene was identified (if different)

Gene annotation Abbreviation Gene ID Chromosome Position (MB) References
(PGSC0003DMG)
a-glucan phosphorylase L-type PHO1A 400007782 ST4.03ch00 38.54 [5, 9]
Triacylglycerol lipase lll LIPII27 400023182 ST4.03ch02 10.09 (5,91
Patatin 3 PAT3 400000766 ST4.03ch02 237 (36]
Phospholipase A1 PLAT 400010221 ST4.03ch02 3241 [36]
Phospholipase A1 PLAT 401031759 ST4.03ch02 33.04 [36]
Hydroxyproline-rich glycoprotein family protein Stl024 400010074 ST4.03ch02 44.53 [9,17]
Fibrillarin homologue Stl013 400010119 ST4.03ch03 43.66 [9,17]
Aspartic protease inhibitor 8 CDI 400009511 ST4.03ch03 44,04 [36]
4-coumarate CoA ligase 4CL 400003155 ST4.03ch03 47.07 [9,17]
Kunitz-type enzyme inhibitor S9CT1 KTEI 400010147 ST4.03ch03 49.39 [36]
Cysteine protease inhibitor 1 STKTI 400010143 ST4.03ch03 49,55 [36]
Cysteine protease inhibitor 1 CPI1 400010139 ST4.03ch03 49.64 [36]
Kunitz-type proteinase inhibitor KTPI 400009512 ST4.03ch03 4993 [36]
Aspartic protease inhibitor 5 PKPI-A5 400009513 ST4.03ch03 4993 [36]
Proteinase inhibitor type-2 P303.51 PIN2K 400004547 ST4.03ch03 50.06 [36]
4-coumarate CoA ligase 2 4CL2 400014223 ST4.03ch03 57.57 [91*
Ci21A protein CI21A 400006662 ST4.03ch04 60.2 [36]
Annexin p34 AN34 400017714 ST4.03ch04 63.04 (36]
Phenylalanine ammonia-lyase PAL 400005492 ST4.03ch05 36.35 [5]
Peroxidase PEROX 400005279 ST4.03ch05 42.52 (5]
Hydroxycinnamoyl quinate CoA transferase HQT 400011189 ST4.03ch07 1 [5,9]
Glucose-1-phosphate adenylyltransferase small AGPB1 400031084 ST4.03ch07 5145 [36]
subunit, chloroplastic/amyloplastic
Patatin 05 PAT1-K1 400008749 ST4.03ch08 144 [36]
Patatin-2-Kuras 4 PAT2-K4 400014104 ST4.03ch08 147 [36]
Patatin-04/09 PAT0409 402017090 ST4.03ch08 1.56 [36]
Patatin group O PATO 400029247 ST4.03¢ch08 1.65 (36]
Lipoxygenase LOX1-ST-2 400020999 ST4.03ch08 6.05 [36]
Catechol oxidase B, chloroplastic COB 400029575 ST4.03ch08 4563 [36]
Polyphenol oxidase PPO 400029576 ST4.03ch08 45.68 or*
Polyphenol oxidase PPO 400018924 ST4.03ch08 4578 [91*
Polyphenol oxidase PPO 400018919 ST4.03ch08 45.79 [91*
Polyphenol oxidase B, chloroplastic PPO 400018925 ST4.03ch08 4584 [91*
Polyphenol oxidase isoform POT32 POT32 400018916 ST4.03ch08 4587 [9, 36]
Polyphenol oxidase A, chloroplastic PPO 400018917 ST4.03ch08 45.87 [91*
Polyphenol oxidase PPO 400018914 ST4.03ch08 45.89 or*
Polyphenol oxidase PPO 400018913 ST4.03ch08 4591 [91*
Glucose-1-phosphate adenylyltransferase AGPB 400046891 ST4.03ch12 1.23 [36]
Triacylglycerol lipase Ill LIPIN27 400007805 ST4.03ch12 1.49 [5,9]
Triacylglycerol lipase Il LIPIN 400028858 ST4.03ch12 53.25 [5]
Miraculin KTI-D 400008546 ST4.03ch12 55.09 (36]

* Gene IDs obtained from EnsemblPlant

transport activities (PGSC0003DMG400003820 and
PGSC0003DMG400004795, respectively) that were
found to be downregulated in high-bruising tubers.
Also, a gene encoding a mechanosensitive ion channel

domain-containing protein (PGSC0003DMG400009888)
was downregulated in high-bruising tubers. Mechano-
sensitive ion channels are membrane proteins that trans-
late mechanical forces applied to cells into cellular signals
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Table 3 Gene Ontology (GO) terms enriched for differentially expressed genes. The number of genes associated with the each GO

term is presented in the column ‘Number of genes’

GO domain GOID GO term Adjusted p-value Number
of genes
Molecular function GO:0005524 ATP binding 0.006 2,010
Molecular function GO:0005515 Protein binding 0.006 2,578
Biological process GO:0006468 Protein phosphorylation 0.014 1,110
Molecular function GO:0004672 Protein kinase activity 0014 1,088
Molecular function GO:0016740 Transferase activity 0.043 1,963
Molecular function GO:0004674 Protein serine/threonine kinase activity 0.043 654

[46], and have not been found related to tuber bruising
in previous studies. This provides a clue that some type
of mechanosensing mechanism is involved in the tuber’s
response and resistance to mechanical bruising. It has
also been found in plants that some receptor-like kinases
can detect cell wall damage [47, 48]. It is thus possible
that some of the kinases found differentially expressed
in the present study are related to such mechanisms, and
that an increased ability of cells to detect (and thus react
to) cellular damage caused by impact is linked to a differ-
ence in the tuber’s susceptibility to forming bruises.

Several genes involved in pathogen or disease resist-
ance were also found to be differentially expressed, e.g.
the Avr9/Cf-9 rapidly elicited protein 140-coding gene
(PGSC0003DMG400010173 - expression reduced in
high-bruising tubers), involved in the response to Cla-
dosporium fulvum, which causes leaf mould in tomato
[49], the disease resistance protein RGA3-coding gene
(PGSC0003DM@G400019806 — downregulated in high-
bruising tubers) or the CC-NBS-LRR resistance protein-
coding gene (PGSC0003DMG400008596 — upregulated
at high bruising) [50]. This can be explained by the fact
that stress-activated signalling pathways such as jas-
monate or ABA pathways also trigger the expression of
these disease resistance genes, in order to prepare the
tuber for potential infections through wounded tis-
sues [51]. An alternative explanation for the differen-
tial expression of these genes would be that the level of
constitutive expression of some of these genes is higher
in certain half-sibling families, in a process independ-
ent of bruising. Measurements on the same unwounded
tubers would be necessary to assess the validity of this
hypothesis.

Furthermore, we noted that two protease inhibitors
were found to be differentially expressed. They include
a peptidase inhibitor gene (PGSC0003DMG400010136)
and an  aspartic  protease  inhibitor  gene
(PGSC0003DM@G400010129), both found on chromo-
some 3 between 43 and 50Mb, and encoding inhibitors
of the Kunitz family. These results are in accordance

with Urbany et al. [36], who detected several protease
inhibitor proteins as differentially abundant between
bruising-susceptible and bruising-resistant potato cul-
tivars. Specifically, the genes encoding these proteins
were found located within the StKI locus on chromo-
some 3 [52], which coincides with the protease inhibitor
genes found differentially expressed in the present study.
Urbany et al. [36] hypothesised that protease inhibitors
could play a role in tuber bruising indirectly via the inhi-
bition of enzymes involved in bruising-related pathways.
Alternatively, these genes could be involved in stress
response due to their role in signalling cascades or in
defence against pathogens [53].

A gene encoding an anthocyanin synthase enzyme
(PGSC0003DMG400022746) was found to be down-
regulated in tubers with high bruising scores. This is
consistent with previous findings in which anthocya-
nin production was observed to decrease at the site of
wounding in potatoes [54], leading to the discolouration
of tuber skin.

Lastly, a gene coding for a caffeic acid O-methyl-
transferase II protein, involved in the lignin biosynthesis
pathway [55] but not yet linked to tuber bruising, was
found to be downregulated in tubers with high bruising
scores. Lignin is a cell wall polymer that forms a protec-
tive barrier in the periderm tissue layers of tubers [54].
It provides both physical strength to the tubers, as well
as an antimicrobial layer that protects tubers from infec-
tion by exogenous pathogens. In the case of tuber bruis-
ing, physical resistance to mechanical impact is a key
factor. Indeed, melanin pigments, which are responsible
for the black colouration of the bruise at the impact site,
are produced as a result of the oxidation of phenols by
PPO enzymes. In normal conditions, PPOs and their
substrates are kept apart in the cell through their locali-
sation into different cellular compartments. However,
upon mechanical impact, destruction of cellular com-
partments brings enzymes and substrates into contact,
thus initiating the series of reactions ultimately leading
to the production of melanin [34, 56]. Therefore, it has
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been observed that sensitivity to cellular breakage, which
results in the release of PPOs and its substrates, could
be an important factor of blackspot bruising susceptibil-
ity [34]. Consequently, the overexpression of caffeic acid
O-methyltransferase II, likely resulting in increased pro-
duction of lignin, could provide increased resistance of
cell wall to mechanical wounding and thus reduced cel-
lular destruction upon impact, ultimately resulting in a
reduced production of melanin pigments, and therefore
smaller and less pronounced bruises.

Comparison of GWAS high-scoring markers

and differentially expressed genes

Direct comparison of the GWAS high-scoring mark-
ers and DE genes highlighted one high-scoring marker
located within a differentially expressed gene. The marker,
located on chromosome 8 around 51.3Mb, coincides with
an ubiquitin carboxyl-terminal hydrolase isozyme gene
(PGSC0003DMG400026229) whose expression is found
to be increased in high-bruising tubers. Two other differ-
entially expressed genes, encoding a nitrate transporter
(PGSC0003DMG400004795) and an anthocyanin syn-
thase (PGSC0003DMG400022746), are located close to
this high-scoring marker.

In order to assess the overlap between the GWAS and
transcriptomics analyses, we developed a new visualisa-
tion, called a HIDECAN plot (for high-scoring markers,
differentially expressed genes, and candidate genes), shown
in Figs. 5 and 6. The HIDECAN plot displays, along each
chromosome of the studied organism, the genomic posi-
tion of both high-scoring markers as well as differentially
expressed genes. As can be seen in Figs. 5 and 6, several
genomics regions contain both GWAS high-scoring mark-
ers and differentially expressed genes. On chromosome 2
between 41 and 42Mb, a high-scoring marker is found near
two differentially expressed genes, including a transcrip-
tion factor (PGSC0003DMG400021423) and a conserved
gene of unknown function (PGSC0003DMG400026406).
Similarly, a number of high-scoring markers and dif-
ferentially expressed genes are found on chromosome 8
between 51 and 56Mb. The differentially expressed genes
include two gene encoding proteins involved in ubiq-
uitination processes (PGSC0003DMG400026229 and
PGSC0003DMG400012137), a nitrate transporter gene
(PGSC0003DMG400004795), a gene coding for an antho-
cyanin synthase (PGSC0003DMG400022746), and a poten-
tial transcription factor (PGSC0003DMG400012215).
Lastly, between 0.2 and 1.2Mb on chromosome 11, two
differentially expressed genes are closely located to a num-
ber of high-scoring markers. One of these differentially
expressed genes encodes a caffeic acid O-methyltrans-
ferase II (PGSC0003DMG400013342), which, as noted
above, is involved in the lignin biosynthesis pathway. The
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other codes for an oligopeptide transporter of the OPT
family (PGSC0003DMG400013297).

Discussion

Accounting for population structure in GWAS analysis
When performing an association study on commercial
crops such as potato, it is important to account for the
fact that the cultivars used in the association panel can be
related. This is of particular importance when using data
from a breeding programme, in which the samples are
highly related. To this end, we evaluated the ability of two
methods, STRUCTURE and DAPC, to uncover relation-
ships between the genotyped samples. In particular, we
compared the results of the two methods with the known
pedigree of the samples. We found the results of DAPC
and STRUCTURE to be mostly, but not completely, in
agreement with each other and with known pedigree of
the samples.

Moreover, STRUCTURE was more informative than
DAPC, due to its ability to model sample admixture.
For example, posterior membership probabilities of the
progeny samples obtained with STRUCTURE reflected
the membership probability distribution of both parent
samples. On the other hand, with DAPC, progeny sam-
ples were clustered with one of the parents, thus losing
information about the clustering of the second parent.
In addition, the STRUCTURE posterior membership
probabilities of parent samples reflected their complex
relationships better than the clustering membership
probabilities obtained with DAPC. We hypothesise that
such conclusions would hold for other breeding popu-
lations with complex design; however, for more unre-
lated individuals, such as samples from a diversity panel,
DAPC results would probably be sufficient to uncover
population structure.

In the GWAS results, we found that using a kinship
model only (K model) was more effective at reducing the
false positive inflation of the marker scores due to popu-
lation structure than adding subpopulation membership
probabilities as covariates only (Q models). Furthermore,
adding to a kinship model the results of either STRU
CTURE or DAPC as covariates in the model only mini-
mally affected the resulting marker scores. In an asso-
ciation study on a potato diversity panel, Rosyara et al.
[16] found that, for Q models, using the DAPC results
was more efficient at reducing false positive inflation
than using the STRUCTURE results. They ultimately
selected a K+Qpapc model as the best for reducing false
positive inflation; however, they did not investigate a
K+QsTtrucT model. In our case, the K+QstrucT model
yielded an average inflation factor marginally closer to 1
than the K+Qpapc model. This difference in conclusions
likely arises from the difference in the type of population
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Fig. 6 Genomic position of the GWAS high-scoring markers, differentially expressed genes and candidate genes extracted from the literature, along

chromosomes 7 to 13 of the potato genome

analysed. In Rosyara et al. [16], the study was performed
on a diversity panel comprising varied wild and cultivated
potato species. In contrast, our half-sib panel comes
from a breeding programme with a complex multifac-
torial design. Therefore, it is not surprising that DAPC,
which relies on clustering, is more efficient at detecting

the different unrelated groups amongst samples from
the diversity panel. On the contrary, it seems to struggle
more when all samples are closely related. STRUCTURE
on the other hand can better detect admixture and is thus
able to detect subtle and complex relationships between
the samples. Therefore, when working with genetic data
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obtained from a breeding programme, we recommend
the use of STRUCTURE above DAPC to investigate pop-
ulation structure even though the consequences of using
one over the other on the GWAS results were minimal.

Statistically significant markers

The present GWAS analysis detected five markers as sig-
nificantly associated with tuber bruising, after appropri-
ate correction for multiple testing. This small number
of significant results is not surprising, for two reasons.
Firstly, the choice of parents used in the breeding pro-
gramme as well as the selection applied to the progeny
samples as part of the breeding programme, even though
not directly targeting bruising potential, introduced bias
in the analysis by affecting the distribution of observed
phenotypes, and potentially by culling variants causal
for bruising susceptibility in linkage disequilibrium
with or overlapping variants causal for traits targeted
by selection. For example, a QTL region on chromo-
some 1 for tuber bruising was found to coincide with a
QTL for starch content [5], which is often a critical trait
in breeding programmes, and thus likely to be selected
for. This selection bias, however, provides an opportunity
to detect variants with smaller effects on tuber bruising
that otherwise would be masked by markers with larger
effects.

Secondly, the relatively small sample size reduces the
statistical power to detect markers in linkage disequi-
librium with causal variants affecting tuber bruising. In
addition, the small number of progeny from some of the
crosses included in the analysis likely results in some
variants that originate solely from one parent not being
represented at a sufficient level to permit a proper assess-
ment of its association with the phenotype. This second
point is mitigated in part by the relationships between
parents used for the crosses, which ensures that a large
fraction of the variants are shared by several parents.

Nevertheless, we found that several markers with the
highest (even though non-significant) GWAS scores
coincided with known genomic regions or candidate
genes previously found to be associated with tuber bruis-
ing. This is an exciting result, as it demonstrates that it
is possible to use genomics data from breeding pro-
grammes, as opposed to large and extensive association
panels, to perform GWAS. It also illustrates the impor-
tance in such studies of interpreting marker scores as an
importance ranking, and to consider markers close to
but under the significance threshold as they might rep-
resent biologically relevant signal. Lastly, this also sup-
ports the possibility that other markers with high but
non-significant GWAS scores that were not found near
the previously mentioned genomic regions (notably
near a telomere on chromosomes 1 and 11) could point
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to causal variants more modestly associated with tuber
bruising. This generates new hypotheses to guide future
experiments on tuber bruising.

Differentially expressed genes between high-

and low-bruising tubers

While a GWAS analysis informs about genetic varia-
tion associated with a trait of interest, it does not pro-
vide information about the mechanisms through which
these genetic variants operate. In addition, GWAS typi-
cally highlights genomic regions rather than specific
genes, which makes it harder to reconstruct the molec-
ular mechanisms linking genotype to phenotype. Meas-
urements of gene expression, such as transcriptomics
data, provide valuable information to complement the
GWAS results. They offer a genome-wide view of the
gene expression landscape of the organism under study,
and allow to detect changes in the expression of indi-
vidual genes associated with changes in the trait of inter-
est. Therefore, differential expression results can identify
candidate genes that explain how the genetic variations
uncovered affect the considered phenotype.

Accordingly, we performed a differential expression
analysis on transcriptomics data to compare gene expres-
sion in low- and high-bruising tubers. The results were
consistent with known mechanisms of tuber bruising. In
addition, a number of differentially expressed genes were
associated with plant stress response. This is expected
as tuber wounding is an abiotic stress [56], and there-
fore differences in tuber susceptibility to form bruises is
likely to affect the dynamics and timing of tuber stress
response, or the level of stress perceived by the tuber cells
upon mechanical bruising (and thus the cellular response
to this stress). In addition, as the transcriptomics data
were gathered two hours after bruising, it reflects the
early response of tubers to bruising. Two differentially
expressed genes of particular interest were a gene encod-
ing an enzyme central to the lignin biosynthesis and a
gene encoding a mechanosensitive ion channel domain-
containing protein. Neither of these genes were previ-
ously found related to tuber bruising.

New visualisation to integrate GWAS and differential
expression results

There is currently no satisfactory way to effectively rep-
resent in a same graph the results of both GWAS and
differential expression analysis. Yet, such visualisation
is essential to assess the overlap between the results of
these two analyses. The only alternative currently is to
report the physical distance between GWAS markers
and the closest differentially expressed gene, which does
not situate the information in a genome-wide context.
As a consequence, we developed a new visualisation,
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the HIDECAN plot, to integrate in a single graph both
GWAS and differential expression results, as well as can-
didate genes uncovered in previous studies. This new
visualisation is a powerful approach to display and sum-
marise the results of these two analyses, and to highlight
genomic regions for which association with a trait of
interest is detected at both the genomic and transcrip-
tomic level. It also allows us to compare the results from
the current study to existing knowledge about the genetic
components of the trait of interest. The HIDECAN plot
is especially effective in the case where capture-bait
sequencing data, rather than whole-genome sequencing,
is used for the GWAS analysis. Indeed, with capture-bait
sequencing, measured markers in LD with true causal
variants are likely to be physically located further away
from the causal variants than when looking at whole-
genome sequencing. This is because with capture-bait
sequencing, we can only measure genomic variation
within the genomic region targeted by the baits, which
only covers a fraction of the genome. Therefore, if the
baits only target coding sequences, which was the case
in the present study, it will be very unlikely that a causal
variant located in a non-coding region is directly meas-
ured. In this case, markers with high scores in the GWAS
analysis might be linked to a true causal variant further
away in the genome, rather than being reflective of the
gene in or near where it is found.

With this visualisation, three genomic regions in par-
ticular were found associated with the bruising phe-
notype both at the genomic and transcriptomic levels:
between 41 and 42Mb on chromosome 2, between 51
and 56Mb on chromosome 8, and between 0.2 and 1.2Mb
on chromosome 11. This latter region in particular is
of interest, with one of the two differentially expressed
genes, encoding a caffeic acid O-methyltransferase II
protein, associated with cellular mechanical strength.
This is an exciting finding, as previous investigations
on tuber bruising focused on or highlighted the meta-
bolic components of bruising, but did not emphasise
the physical aspect of cellular resistance or response to
mechanical shock. The fact that a high-scoring marker
was located close to this gene could be explained by the
presence of a genetic mutation in a regulatory sequence
affecting the expression of the gene. Again, this prelimi-
nary finding warrants further investigation in the role
of this protein, and of lignin biosynthesis, in the resist-
ance of tubers to bruising. Lastly, one marker was found
directly within a differentially expressed gene encoding
for a protein involved in ubiquitination processes. This
could be due to the marker being in linkage disequilib-
rium with a variant in a regulatory region affecting the
expression of the gene. We note that transcriptomics
measurements were obtained only for progeny genotypes
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deriving from a cross involving Crop52. Therefore, it is
possible that the impact on gene expression of markers
of interest present only through Crop20 progeny have
not been observed, and that further investigation reveals
an even greater overlap between GWAS and differential
expression results.

Conclusion

In this study, we investigated the genetic components
underlying tuber bruising in tetraploid potatoes (Sola-
num tuberosum), using genomics and transcriptomics
data obtained on a half-sib panel from a breeding pro-
gramme. First, population structure amongst the investi-
gated samples was assessed, and the results highlighted
the differences between two popular methods, STRU
CTURE and DAPC. Following this, recommendations
were made regarding the most appropriate tool to use
depending on the type of population investigated. Sec-
ond, a genome-wide association study was performed.
Despite the small number of significant scores (with only
five significant marker identified), the GWAS revealed
biologically relevant signals, as some of the genomic
regions with the highest (but non-significant) GWAS
scores were in agreement with previous studies on
tuber bruising. In addition, new regions of interest were
unveiled that merit further investigation to assess their
potential involvement in mechanisms of tuber bruising.
This study demonstrates the use of breeding programme
populations, as well as genotype by sequencing via exon
capture, for GWAS.

Differential expression between low- and high-bruis-
ing tubers allowed us to complement the results from
the association study. Amongst the 57 genes found to be
differentially expressed, 13 were related to plant stress
response and signalling, three to protein modification,
and three to known groups involved in tuber bruising
such as protease inhibitors. The implication of the physi-
cal aspect to tuber bruising, in addition to metabolic
mechanisms, is underlined by the discovery of two dif-
ferentially expressed genes related to cell mechanical
strength, and to the membrane detection of physical force
applied to the cells. These results were reinforced by the
presence of a high-scoring marker near one of these dif-
ferentially expressed genes. While additional studies are
required to validate these results, these findings provide
an unprecedented genome-wide overview of the genetic
components of tuber bruising, and generate new hypoth-
eses to guide further studies on potato bruising.

Lastly, we proposed the HIDECAN plot to integrate the
results of GWAS and transcriptomics differential expres-
sion in the context of previous findings from the litera-
ture. This new visualisation provides a clear summary
of the study’s findings, and highlights genomic regions
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whose association with the phenotype can be detected at
both the genomic and transcriptomic level. We demon-
strated the usefulness of the HIDECAN plot in the con-
text of tuber bruising. The use of this new visualisation
can be extended across organisms and traits to summa-
rise and display results of genetic and transcriptomics
analyses. With the increase in studies investigating both
genomic and transcriptomics levels, we encourage a
widespread adoption of such integrated visualisation
when presenting the results of modern ‘omics analyses.

Methods

Plant material

Seeds were obtained by crossing parental potato lines
(crossing design presented in Table 1). Progeny were
culled and selected over three seasons.

Phenotyping

Plants were grown at Lincoln, New Zealand (43.6400°
S, 172.4862° E) in 2018 under local commercial grow-
ing conditions. Three tubers from each of two biological
replicates were harvested for 158 progeny genotypes, and
stored at 4°C for two weeks. Each tuber was bruised on
two opposite sides by letting a lead weight fall through
a one-metre pipe on the tuber. The zone of impact was
recorded by applying ink to the lead weight prior to the
bruising treatment. This bruising experiment provides
a standardised method to replicate as closely as possi-
ble damage caused by handling and storage in commer-
cial conditions. After 24 hours, tubers were sliced at the
site of bruising, and an image was taken of the bruising
for the three tubers of the two biological replicates per
genotype. A bruising score was attributed to each tuber
upon visual inspection of the images based on the bruis-
ing area, from zero (no visible bruising) to five (extensive
bruise), according to a predefined visual scale (Fig. S16).

Genotyping

Data collection and preprocessing

Samples were taken from young leaf tissue for 178 sam-
ples, which either had bruising score measurements or
were parents of progeny samples with bruising score
measurements. Genotyping was performed by Rapid
Genomics (Gainesville, Florida, USA); further details
can be found in Motazedi et al. [57]. Capture-sequencing
data were obtained by paired-end Illumina HiSeq 2000
technology for 20,035 baits. The baits were designed to
target the exonic regions of random genes selected to
reflect the gene density in the corresponding genomic
region. The resulting 100bp paired-end reads were pro-
cessed as follows. They were assessed for quality control
using FastQC v0.11.2 [58]. FastQC Screen v0.5.2 [59] was
used to check for contamination. Trimming and filtering
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was performed with Trimmomatic v0.36 [60]. The paired
reads were aligned to the reference genome PGSC-DM
v4.03 [61, 62] using BWAmem v0.7.15 [63], then sorted
and converted to bam files using SAMtools v1.3.1 [64].
Picard-tools v2.10.1 [65] was used to add group infor-
mation to the reads. Variant calling was performed with
FreeBayes [66].

Variant data preprocessing was performed with the
Python library scikit-allel [67]. Samples were filtered out
if they had missing values (i.e. no reads) for more than
10% of the variants, leading to retaining 176 samples.
Only heterozygous biallelic SNPs were retained for the
analysis. Altogether, variants were filtered out if they did
not meet each of the following conditions: (i) less than
10% of samples with missing genotype (i.e. no reads), (ii)
QualByDepth (QD) score of two or more, and (iii) minor
allele frequency larger than 0.01. The QD score of each
variant was computed as the quality score of the variant
divided by the sum of its coverage for non-homozygous
samples. This led to retaining 454,247 SNPs.

Genotype calling was performed using the R package
polyRAD [68], using the IteratePopStructLD function.
This function iteratively estimates genotype posterior
probabilities for each variant/sample pair, using a PCA
to estimate samples’ allele frequency based on popula-
tion structure, and updating genotypes prior probabilities
according to the genotype of linked markers. Upon exam-
ination of diagnostic plots to assess the fit of observed
over expected read depth ratio, the overdispersion
parameter was set to 8. The weighted mean genotypes as
well as the most probable genotypes were obtained and
used in subsequent analyses. Variants were then filtered
based on linkage disequilibrium using a custom R script,
based on the SNPRelate package [69]. Briefly, for each
chromosome, the r? value between each pair of variants
was computed as the squared correlation between com-
plete observations (i.e. excluding missing values). Vari-
ants in the chromosome were sorted according to their
genomic position, and a random variant was selected as
a starting point. The starting variant was added to the
set S of retained variants. Iteratively, each variant j on
the right of the starting variant was considered as fol-
lows. If there existed a variant k within S (i.e. the set of
retained variants), such that variants j and k were within
100 kb of each other and the 72 value between j and k was
above 0.5, then j was not retained. If no such variant k
existed, then instead j was added to S. Once the end of
the chromosome was reached, the procedure was contin-
ued, starting from the variant on the left of the starting
variant, to the beginning of the chromosome. This led to
retain 72,847 variants. The value of 0.5 as threshold on
the 2 for a pair of marker was selected to only remove
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markers with redundant information while retaining the
richness of the dataset.

Population structure analysis

A PCA was performed on the most probable genotypes
of the 176 samples, using the R package adegenet [70]. In
addition, population structure amongst the samples was
investigated using STRUCTURE [71] and DAPC [72].
Briefly, STRUCTURE is a Bayesian model-based clus-
tering method that investigates the population structure
amongst a set of samples using multilocus genotype data.
DAPC is a multivariate approach that clusters samples in
different groups and seeks a low dimensional space that
maximises the variance between groups while minimis-
ing the variance within groups.

For computational efficiency, 10,000 variants were ran-
domly sampled and used to infer population structure
using STRUCTURE. This number of SNPs is amply suf-
ficient to detect population structure accurately [73]. The
most probable genotype of the retained variants was used
as the input. The number of subpopulations was esti-
mated by running STRUCTURE with a number of sub-
populations S ranging from 1 to 10, using the admixture
model (samples can be an admixture of the subpopula-
tions) and the correlated allele frequency model (assumes
similar allele frequencies across the subpopulations), with
a burn-in length of 10,000 and a run length of 20,000.
Each run for a particular value of nS was replicated five
times, using the R package ParallelStructure [74]. The
optimal value of nS = 4 was selected by inspection of the
AnS values [75], which represent the ratio of the average
over the five runs of the second derivative of the likeli-
hood (with respect to nS) over the likelihood variance. To
correct for the effect of label switching, i.e. the fact that in
different runs of STRUCTURE with identical parameters,
the uncovered subpopulations are not assigned the same
label, the correlation between the computed samples’
posterior membership probabilities of the five runs of
STRUCTURE (with the optimal value of nS) was used to
cluster the subpopulations discovered with each run. The
final posterior membership probabilities of each sample
(i.e. the estimated probability that the sample belongs to
each of the nS inferred subpopulations) was computed as
the mean of the estimated posterior membership prob-
abilities across the five runs.

The DAPC analysis was performed using the R pack-
age adegenet [70]. First, a PCA was performed over the
samples’ weighted mean genotypes, and the principal
components were used to perform a k-means cluster-
ing of the samples. The detected clusters correspond
to the different subpopulations detected by the algo-
rithm amongst the investigated population. In order to
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estimate the optimal number of clusters amongst the
samples, the k-means clustering was repeated for a num-
ber of clusters nC ranging from 1 to 10, and the optimal
number of clusters was selected as the smallest value
of nC yielding the lowest BIC score. This led to setting
nC = 5. Second, a discriminant analysis was performed
on the principal components obtained with the PCA.
The aim of the discriminant analysis is to find a low-
dimensional space that minimises the variance within
cluster while maximising the variance between clusters.
This space is described by a small number of variables
(axes of the space) that are created as linear combina-
tions of the markers. In order to avoid overfitting in
the discriminant analysis, only a subset of the principal
components were retained for the discriminant analysis.
We note that overfitting is not an issue for the clustering
part of the analysis, as it is about detecting the optimal
number of subpopulations using all genetic information
available. The optimal number of principal components
to retain was estimated by cross-validation: 90% of the
samples were randomly assigned to a training set, and
the discriminant analysis was performed on the training
set. The remaining 10% of the samples (validation set)
were used to estimate the performance of the resulting
model in assigning the samples to their respective clus-
ter. The cross-validation scheme was repeated with a
different number of principal components used for the
discriminant analysis, and the optimal number of prin-
cipal components to retain was estimated as the highest
value for which the performance was still high, and for
which the Root Mean Squared Error (RMSE) was still
low. A measure similar to the posterior membership
probability of samples was computed, which reflects the
probability of each sample to be assigned to each of the k
clusters given its estimated coordinates in the discrimi-
nant analysis space.

Genome-wide association study
Phenotypic values for all genotypes were computed using
the following linear mixed model:

Yijk = Kk + Gi + By + €k

where y;j is the bruising score for tuber k of replicate j
for genotype i; G; is the genotype effect, treated as a fixed
effect; B(;); is the biological replicate effect, nested within
the genotype effect and treated as a random effect; €y is
the residual effect. The Best Linear Unbiased Estimates
(BLUES) obtained were used as the phenotypic value for
the GWAS analysis. The model was fitted with the Ime4
package in R.

The association analysis was performed using the
GWASpoly package [16]. GWASpoly models the effect
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of the SNPs on the phenotype using the following linear
mixed model:

y=XB+St+Qv+Zu+e

where y is a n x 1 vector of measured phenotypic val-
ues; B is a p x 1 vector of covariate effects (if any), with
X the n x p covariate incidence matrix; T is a s X 1 vec-
tor of SNP effects, with S is the # x s incidence matrix;
v is a g x 1 vector of subpopulation effects, with Q the
n x g incidence matrix relating the samples to the sub-
populations (in practice Q is the matrix of samples pos-
terior membership for the different subpopulations); u is
an x 1 vector of random polygenic effects with variance
Var(u) = agzl(, where og2 is the genetic variance and K
the # x n kinship matrix (i.e. matrix describing the rela-
tionship between samples), with Z the n x n genotype/
phenotype incidence matrix; and € is a n x 1 vector of
residuals, with variance Var(¢) = Iaez, where 082 cor-
responds to the residual variance. An F-test is used to
compute a p-value for each marker, with the null hypoth-
esis that all SNPs effects (i.e. all values in the vector t of
SNP effects) are equal to zero. The negative logl10 of such
p-value is thereafter referred to as the marker score. The
phenotypic values were normalised for the analysis using
the bestNormalize R package [76], which selected the
standardized Yeo-Johnson transformation.

Eight possible genetic models that describe the
impact of a marker’s dosage on the phenotype were
considered, namely:

+ the general model: each dosage can have a different
arbitrary impact on the phenotype;

« the additive model: the effect of the marker on the
phenotype changes linearly with the marker’s dos-
age;

«+ the simplex reference dominant model, denoted as
1-dom-ref: the effect of the marker on the phenotype
is determined by the presence of at least one copy of
the reference allele;

+ the simplex alternate dominant model, denoted as
1-dom-alt: the effect of the marker on the phenotype
is determined by the presence of at least one copy of
the alternate allele;

+ the duplex reference dominant model, denoted as
2-dom-ref: the effect of the marker on the phenotype
is determined by the presence of at least two copies
of the reference allele;

+ the duplex alternate dominant model, denoted as
2-dom-alt: the effect of the marker on the phenotype
is determined by the presence of at least two copies
of the alternate allele;
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+ the diploidised general model, denoted as diplo-
general: all heterozygotes have the same effect, with
no constraint on this effect;

+ the diploidised additive model, denoted as diplo-
additive: all heterozygotes have the same effect, and
this effect is halfway between the effect of the two
homozygotes.

In addition, similarly to Sharma et al. [18], different
population settings that correct for population struc-
ture and/or individual relatedness were evaluated:

+ Naive model: no correction for population struc-
ture nor individual relatedness (kinship matrix K
set to a matrix of zeros with diagonal elements set
to one), and no covariates added in the model;

+ K-only model: accounts for individual relatedness
only by computing the kinship matrix as the real-
ised relationship matrix K = MM [77], where M is
the genotype matrix of variants dosage. The leave-
one-chromosome-out method [78] was used, which
computes a different kinship matrix for each chro-
mosome. No covariate is added in the model;

+ Q only model: accounts for population structure
only by adding the samples posterior membership
probabilities for the uncovered subpopulations as
covariates in the analysis. The kinship matrix K is
set to a matrix of zeros with diagonal elements set
to one;

+ K+Q model: accounts for both individual relatedness
and population structure as described above.

In order to correct for population structure, the sam-
ples posterior membership probabilities computed
with STRUCTURE and DAPC were used, which gave
six different population settings: naive model, K model,
Qstructs Qparc: K+Qstruct and K+Qpapc. This yielded
a total of 48 different GWAS settings (eight genetic mod-
els x six population settings).

For each GWAS setting, the ability of the model to
control for false positive and false negative was evalu-
ated by computing its inflation factor, which quantifies
the deviation of the estimated marker scores from their
expected values. For each setting, the inflation factor was
computed as the regression coefficient of the markers’
observed scores over their expected scores under the null
hypothesis. The best population setting was selected as
follows. First, the average inflation score across all genetic
models was obtained for each population setting. Second,
the population setting yielding the average inflation fac-
tor closest to 1 and above 1 was selected. Only the GWAS
results for this population setting were considered for the
remaining analyses (all genetic models considered).
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To correct for multiple testing, a FDR correction was
applied with a type-I error level of 0.05. Markers were
then retained as significant QTLs only if their computed
score was above the significance threshold computed
with the FDR method. In addition, any marker whose
unadjusted p-value was above 10~% was retained as a
high-scoring marker.

Transcriptomics

Data collection and preprocessing

Transcriptomics data were obtained for 100 progeny
samples from crosses with Crop52. Two hours after
application of the bruising treatment, samples were
taken from one bruised side of each tuber, and the sam-
ples obtained from the three tubers of a biological rep-
licate were pooled and snap-frozen, ground, and stored
at -80°C. One biological replicate for each genotype
was chosen for RNA measurement. Transcriptomics
measurements were obtained for 100 samples using an
Illumina NovaSeq 6000 platform (Illumina, San Diego,
USA), with a Lexogen SENSE mRNA polyA library.

The resulting reads were processed as follows. Read
quality was assessed with FastQC v0.11.7 [58], and rRNA
contaminants were removed using SortMeRNA ([79]
using default parameters. Trimming was performed with
BBtools v37.93 BBDuk [80], with the flag forcetrimleft set
to 15, trimpolyg to 30, trimpoly to 30, k to 13, qtrim to
1, trimq to 10 and minlength to 50. The reads were then
aligned to the reference genome PGSC-DM (genome
assembly version v4.03 and gene annotation v4.03) [61,
62] and the number of reads overlapping each gene in
the reference genome was computed using STAR v2.6.1
[81] with the following flag settings: alignMatesGapMax
to 20000, outQSconversionAdd to -31, outFilterScoreMi-
nOverLread to 0, outFilterMatchNminOverLread to O,
outFilterMatchNmin to 40, alignSJDBoverhangMin to 10,
alignIntronMax to 200000, quantMode to “GeneCounts".

The remaining data processing was performed with
R. Transcribed genes for which at least five samples had
read counts lower than 5 were filtered out; 25,163 tran-
scribed genes were retained. The BiomaRt package [82]
was used to retrieve the description of the genes and
associated GO annotations from their ensembl ID.

Differential expression analysis

As the RNA measurements were done on one bio-
logical replicate for each genotype, the mean bruising
score over all three tubers for the corresponding bio-
logical replicate was used for the differential expres-
sion analysis. Samples with a mean bruising score of
1 or less were classified in the “low bruising” group.
Samples with a mean bruising score of 2 or more were
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classified in the “high bruising” group. The remaining
samples were discarded from the analysis. This yielded
a low bruising group of 41 samples, and a high bruis-
ing group of 33 samples. The DESeq2 package [83] was
used to perform the differential expression analysis
between the low and high bruising groups, with the
untransformed read counts of the transcribed genes
as input. The DESeq2 package normalises the read
counts via the Variance Stabilising Transformation
method, and then tests for each gene the null hypothe-
sis that the expression strength of the gene is identical
between the two bruising groups using a Wald test on
the log fold-change of the gene. The transcribed genes’
p-values obtained were corrected for multiple test-
ing using the FDR correction (adjustment performed
by the DESeq2package). Transcribed genes were con-
sidered as significantly differentially expressed if their
FDR-adjusted p-value was below 0.05.

Enrichment of the molecular function- and biologi-
cal process-related GO categories for differentially
expressed genes was computed with the gage R pack-
age [84]. gage assesses whether a given set of genes (in
this case, a set of genes grouped in the same GO cat-
egory) is enriched for differentially expressed genes by
comparing its mean gene score to the mean gene score
of all the genes not in the set (referred to as the back-
ground set). Here, the differential expression score
of the genes, i.e. -logl0 of their adjusted p-value, was
used as the gene scores. The comparison is done using a
prototype two-sample t-test, which contrasts the set of
genes of interest to a virtual random set of genes from
the background set of the same size. The resulting set
of p-values were corrected for multiple testing via the
FDR correction. GO terms were detected as signifi-
cantly enriched for differentially expressed genes if the
corresponding adjusted p-value was below 0.05.

When comparing findings from the literature with
differentially expressed genes, similarity between gene
sequences was computed using the BLASTN tool from
the NCBI website [85], and limiting the results to “Sola-
num tuberosum (taxid:4113)” (all other parameters
were left to their default settings).
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SNP single nucleotide polymorphism
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