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SUMMARY

Potato (Solanum tuberosum L.) is one of the world’s most important crops, but it is facing major challenges
due to climatic changes. To investigate the effects of intermittent drought on the natural variability of plant
morphology and tuber metabolism in a novel potato association panel comprising 258 varieties we per-
formed an augmented block design field study under normal irrigation and under water-deficit and recovery
conditions in Ica, Peru. All potato genotypes were profiled for 45 morphological traits and 42 central
metabolites via nuclear magnetic resonance. Statistical tests and norm of reaction analysis revealed that
the observed variations were trait specific, that is, genotypic versus environmental. Principal component
analysis showed a separation of samples as a result of conditional changes. To explore the relational ties
between morphological traits and metabolites, correlation-based network analysis was employed, con-
structing one network for normal irrigation and one network for water-recovery samples. Community detec-
tion and difference network analysis highlighted the differences between the two networks, revealing a
significant correlational link between fumarate and plant vigor. A genome-wide association study was per-
formed for each metabolic trait. Eleven single nucleotide polymorphism (SNP) markers were associated
with fumarate. Gene Ontology analysis of quantitative trait loci regions associated with fumarate revealed
an enrichment of genes regulating metabolic processes. Three of the 11 SNPs were located within genes,
coding for a protein of unknown function, a RING domain protein and a zinc finger protein ZAT2. Our find-
ings have important implications for future potato breeding regimes, especially in countries suffering from
climate change.

Keywords: Solanum tuberosum L., drought, potato morphology, potato tuber central metabolism, NVR,

correlation based network analysis, zinc finger protein ZAT2, RING domain protein.

INTRODUCTION

Potato (Solanum tuberosum L.) is one of the world’s most
important crops, exceeded only by rice and wheat in terms
of human consumption. In 2017 alone, approximately
388 million metric tons were produced globally (FAO data-
base). Potato is mainly grown for the production of tubers
for various forms of human consumption (boiled, fried,
mashed, potato fries and potato chips) (Haverkort and
Struik, 2015). Potato tubers are a preferred source of carbo-
hydrates (starch), and are low in fat and abundant in vita-
mins Bq, B3, Bg and C. They are also a good source of
potassium, magnesium, phosphorus and iron (Interna-
tional Potato Center, CIP, Peru and US Department of

© 2020 The Authors.

Agriculture Database, USDA). Since the European discov-
ery and conquest of the Americas the potato has spread
throughout the world, and due to its nutritional value and
its globally distributed cultivation with high yields it has
become one of the essential species in terms of food secu-
rity for a growing world population (Birch et al., 2012).

The agronomic plasticity of the potato crop allows its
cultivation under different climatic conditions. Neverthe-
less, the potato is a cool-season crop, producing its highest
yields in regions with a moderate climate at an optimal
growth temperature of approximately 20°C (Haverkort and
Struik, 2015). Different climate simulation models predict a
mean temperature increase of between 1.1 and 6.4°C up to
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the end of the 21st century (Christensen et al., 2007), with
elongated and higher frequencies of extreme heat epi-
sodes (Ahuja et al., 2010; Mittler and Blumwald, 2010; Mit-
tler et al., 2012; Li et al., 2013). Simultaneously, heat waves
will be accompanied by droughts or floods, drastically
affecting growth conditions for crop plants (Atkinson and
Urwin, 2012), eventually decreasing food security and
increasing its vulnerability.

Although the simulation models prognosticate that the
full impact of climate change is yet to be reached, conse-
quences for global potato production can already be seen
(Hijmans, 2003). Developing countries in particular suffer
from lower vyields than countries in Europe and North
America. According to the Food and Agriculture Organiza-
tion of the United Nations (http://www.fao.org/), developing
countries achieve potato yields of 13-18 t ha™' versus 22—
33tha™' in industrialized countries. To counteract the
issue of drought and ensure high yields despite adverse cli-
mates, it is necessary to develop drought-resistant potato
varieties. The effect of drought on the potato plant is a
manifestation of the frequency and intensity of the water
shortage and the phenology of the plant at the time of the
stress (van Loon, 1981). To properly dissect drought toler-
ance, accurate and objective phenotyping is required. Most
of the agronomic traits of potato are quantitatively inher-
ited (Watanabe, 2015). One approach to identify the geno-
mic regions responsible for the traits is quantitative trait
locus (QTL) mapping using bi-parental crosses (Collard
et al., 2005). This approach, however, offers limited genetic
resolution because of the restricted number of meiotic
events and small amount of allelic diversity captured in one
cross (Salvi and Tuberosa, 2005). An alternative approach
is association mapping, which overcomes both constraints
as it utilizes a large population of more distantly related
individuals exploiting ancestral recombination events, and
takes into account all alleles present in the population to
identify significant marker-phenotype associations (Gupta
et al., 2014). Genomic regions associated with traits can be
identified based on non-random associations of alleles at
nearby loci. The quality of phenotypic data, population size
and the degree of linkage disequilibrium (LD) present in the
populations determine the success of association discov-
ery. In recent years there have been growing efforts to
exploit association panels, which are designed to capture a
wide phenotypic variability (Yu and Buckler, 2006; Scossa
et al., 2016). This approach has successfully elucidated the
genetic basis of metabolic natural variance, including that
of carotenoids, glucosinolates and organic acids in different
plant species (Riedelsheimer et al., 2012; Gonzalez-Jorge
et al., 2013; Lipka et al., 2013; Verslues et al., 2014).

Here, we utilized a potato association panel comprising
258 diverse, tropically adapted tetraploid genotypes in an
augmented block design field trial under normal irrigation
(NI) and a water recovery (REC) treatment (see definitions

below). During and after the field trial morphological traits
were measured. In addition, after the field experiment was
finalized, the tubers were investigated for the phenotypic
variation of metabolites. The main objectives of the current
study were twofold: (i) to assess the effects of the REC
treatment on plant performance and tuber metabolism,
and (ii) to study the relationship between plant morpholog-
ical traits and tuber metabolism, potentially identifying
candidate metabolite markers for REC treatment.

RESULTS

The response of plants to water stress differs depending
on the type and timing of the applied water deficiency. For
instance, during terminal drought soil water content is pro-
gressively decreased and, once the water is depleted, the
plant dies prematurely as a result of severe disruption of
the photosynthetic apparatus, leading to altered carbohy-
drate metabolism and reduction of nutrient uptake (re-
viewed in Bodner et al., 2015). Intermittent drought, on the
other hand, is defined as a progressive decrease of soil
water content followed by a period of re-watering, allow-
ing the plant to recover and hence tolerate the stress (Bod-
ner et al., 2015); this treatment is also referred to as REC.
The phenotypic response to drought in potato depends on
the genotype as well as its developmental stage, the envi-
ronment and their interaction with one another (Obidiegwu
et al., 2015). Normal irrigation treatment serves as a con-
trol for understanding the potential of the plant when
water is not restricted.

To understand the effects of intermittent drought on the
performance of the potato plant we applied a NI treatment
and a REC treatment on a potato association panel in an
augmented block design (for details see Experimental Pro-
cedures).

Apart from being an agronomically important crop,
potato represents a suitable model for studying sink-
source interactions in plants. Traditionally, source tissues
are defined as tissues capable of exporting net energy and
sink tissues as tissues importing energy from source tis-
sues (Turgeon, 1989). Potato tubers are high-capacity sink
tissues. Photosynthetic products are transported in the
form of photoassimilates to the sink tissues (tuber), where
starch granules are synthesized in the amyloplasts via the
polymerization of glucose. Indeed, the interactions
between the sink and source organs in potato are rather
complex. They are regulated at different levels and can be
easily perturbed or stimulated; for example, elevated tem-
peratures (30°C) were shown to have a negative impact on
starch synthesis (Geigenberger et al., 1998). In the current
study, we investigated the effect of REC conditions on
source-sink interactions in potato by exploring 45 different
plant morphological traits (Data S1 in the online Support-
ing Information) and 42 metabolites: 19 amino acids, six
organic acids, six sugars, two N-compounds, two purines,
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one sugar alcohol, one alkaloid, choline, two pyrimidines
and two unknowns (for a detailed overview see Table S1
and Data S2).

Statistical and multivariate analyses

Descriptive statistics were estimated for all morphological
traits (Figure S1) and metabolites (Figure S2) in three dif-
ferent modes, that is, for NI samples, for REC samples and
for NI and REC samples combined. The 45 morphological
traits analyzed for the current study were chosen as indica-
tors for the response of potato plants induced by water-de-
ficiency stress (van Loon, 1981; Cabello et al, 2013;
Obidiegwu et al., 2015).

For the morphological traits a noticeable variance was
detected for the total aerial part of fresh weight (TAFW)
and harvest index of fresh weight (HI_FW) during the NI
treatment (Figure S1a). During the REC treatment chloro-
phyll-associated traits as well as tuber-related traits
showed high variances (Figures S1b). In the mixed mode
the variance for almost all traits increased as expected due
to the adaptation of the plants to the stress (Figure S1ic).
One-factorial analysis of variance (anova) of the mixed
model revealed significant differences for 33 out of the 46
traits, while 13 traits did not show significant differences,
namely chlorophyll content first evaluation (CC_EV1),
canopy reflectance using the normalized difference vegeta-
tion index, first evaluation (CR_NDVI_EV1), canopy reflec-
tance using the normalized difference vegetation index,
third evaluation (CR_NDVI_EV3), the slope of the canopy
reflectance NDVI (CR_NDVI_SIp), the drone NDVI first eval-
uation (Drone_NDVI_EV1), harvest index fresh weight
(HI_FW), dry matter content of aerial part (APDMC), plant
height first evaluation (PLAHE_EV1), plant uniformity, plant
vigor, stem diameter first evaluation (SD_EV1), stem diam-
eter evaluation third evaluation (SD_EV3) and TAFW. The
pronounced occurrence of traits corresponding to the first
evaluation time point was indicative of low-level adjust-
ment as the REC treatment had just been applied. For the
metabolites the highest variances were detected for citrate,
asparagine, sucrose, glutamate, y-aminobutyric acid
(GABA), malate and proline, hinting at the importance of
genotype-specific fine tuning of nitrogen (N) to carbon (C)
metabolism (Nunes-Nesi et al, 2010). In particular, the
occurrence of citrate, malate, glutamate and asparagine
suggested an adjustment of tricarboxylic acid (TCA) cycle
activity with respect to the GABA shunt (Fait et al., 2008)
and the GOGAT cycle. One-factorial anova with the mixed
model at a significance threshold of P < 0.05 revealed sig-
nificant differences for 31 of the 42 metabolites. Metabo-
lites that did not change significantly were the two purines
(adenosine and guanosine), the amino acids histidine,
lysine and threonine, the two alternative fructose struc-
tures (a-fructose and B-fructose), the pyrimidine cytidine
and finally the N-compound allantoate.

© 2020 The Authors.
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Next, we used the morphological traits and metabolite
profiles to run principal component analysis (PCA). In the
PCA of the morphological traits a clear separation between
NI and REC samples was visible on PC1, accounting for
21.3% of the cumulative variance observed (Figure 1b).
The traits with the greatest loadings were: total tuber yield
adjusted (TTYA), total tuber weight per plant (TTWPL),
total tuber weight per plot (TTWP), total tuber yield not
adjusted (TTYNA) and tuber fresh weight per plant (TFW).
The predominant high loadings of traits associated with
tuber morphology were indicative of significant variation
of the potato tuber vyield attributed to the conditional
changes. The PCA of the metabolite profiles demonstrated
a separation between NI and REC samples on PC2 (Fig-
ure 1a), accounting for 17% of the total observed variance.
The associated PCA loadings revealed the greatest impact
of citrate, choline, tyrosine, phenylalanine and tryptophan.

To understand the genotypic versus environmental con-
tribution to the observed phenotypic variation, we calcu-
lated the norm of reaction for all traits (Figure 2). In a
norm of reaction plot, the slope is indicative of the geno-
typic or environmental contribution. A low slope suggests
a highly heritable trait regardless of the environment,
whereas a high slope indicates a large environmental con-
tribution to the phenotype. For the morphological traits a
large slope was observed for traits related to chlorophyll
content, particularly during the second and third evalua-
tion periods, as well as for traits associated with the tuber
(Figure 2a,b). A large genotypic contribution was visible
for traits measured during the first evaluation period (Fig-
ure 2a,d). This finding was expected, as this was the evalu-
ation period shortly after initiation of the REC treatment.
Metabolic profiling of the tubers was performed after the
field experiment was terminated, so that at this evaluation
period the tubers will have experienced the full impact of
the REC treatment. Proline demonstrated the steepest
slope for metabolites, indicative of an elevated environ-
mental contribution to the differences observed for the NI
and REC treatments (Figure 2e,f). Sugars and other amino
acids, such as threonine, histidine and lysine, revealed a
greater genotypic contribution (Figures 2e,h).

Correlation analysis emphasizes functional groups of
amino acids and morphological traits

To identify patterns of coordinated behavior, a pairwise-
correlation analysis between metabolites and morphologi-
cal traits using Pearson correlation was carried out (Fig-
ures 3, S3 and S4). The resulting correlation coefficients
were ordered according to hierarchical clustering. Strong
correlations were identified between 16 of the 19 measured
amino acids in the mixed model (Figure 3) Only aspartate,
glutamate and proline did not demonstrate strong correla-
tion coefficients to other amino acids. Proline, however,
revealed mild negative correlations to the aromatic amino
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Figure 2. Norm of reaction.

(a) Bar graph of the absolute slope values computed for all morphological traits. (b)-(d) Box plots of selected morphological traits for normal irrigation (NI) and
water recovery (REC) treatments; red lines represent slope. The different traits were chosen to demonstrate different genotypic versus environment contribu-
tions to the observed variety. (e) Bar graph of the absolute slope value computed for all metabolites. (f)-(h) Box plots of selected metabolites for NI and REC
treatments; red lines represent slope. The different metabolites were chosen to demonstrate different genotypic versus environment contributions on the
observed variety.

The NI and REC samples of the potato association panel were grown in an augmented block design in Ica, Peru in 2017. APDMC, dry matter content of aerial
part; APDW, dry weight of aerial part; APFW, fresh weight of aerial part; ATW, average tuber weight; CC_EV1/2/3, canopy cover evaluation 1/2/3; CC_Slp, canopy
cover slope; ChisPAD_EV1/2/3, chlorophyll content index evaluation 1/2/3; ChisPAD_SIp, chlorophyll content index slope; CR_NDVI_EV1/2/3, canopy reflectance
evaluation 1/2/3; CR_NDVI_SIp, canopy reflectance slope; DW, dry weight; Drone_NDVI_EV1/2/3, drone normalized difference vegetation index evaluation 1/2/3;
Drone_NDVI_SIp, drone normalized difference vegetation index slope; HI_DW, harvest index dry weight; HI_FW, harvest index fresh weight; NPH, number of har-
vested plants; PLAHE_EV1/2/3, plant height evaluation 1/2/3; PLAHE_SIp, plant height slope; Plant_unif, plant uniformity; Plant_vigor, plant vigor; SD_EV1/2/3,
stem diameter evaluation 1/2/3; SD_SIp, stem diameter slope; SNPP, stem number per plant; TADW, total aerial part dry weight; TAFW, total aerial part fresh
weight; TDMC, tuber dry matter content per plot; TDW, tuber dry weight per plant; TFW, tuber fresh weight per plant; TNTP, total number of tubers per plot;
TNTPL, total number of tubers per plant; TTWP, total tuber weight per plot; TTWPL, total tuber weight per plant; TTYA, total tuber yield adjusted; TTYNA, total
tuber yield not adjusted.
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Figure 3. Heatmap of correlation analysis.

Heatmap representation of the correlation analysis of the 42 quantified metabolites (a) and the 46 morphological traits (b) across all normal irrigation and water
recovery samples of the potato association panel grown in an augmented block design in Ica, Peru in 2017. The lower triangle illustrates the correlation coeffi-
cients, where a red rectangle represents a negative correlation and a blue rectangle a positive correlation. The upper triangle (shaded area) represents the corre-
sponding P-values. Variables on the x and y axes are ordered as determined by hierarchical clustering.

APDMC, dry matter content of aerial part; APDW, dry weight of aerial part; APFW, fresh weight of aerial part; ATW, average tuber weight; CC_EV1/2/3, canopy
cover evaluation 1/2/3; CC_Slp, canopy cover slope; ChisPAD_EV1/2/3, chlorophyll content index evaluation 1/2/3; ChisPAD_SIp, chlorophyll content index slope;
CR_NDVI_EV1/2/3, canopy reflectance evaluation 1/2/3; CR_NDVI_SIp, canopy reflectance slope; DW, dry weight; Drone_NDVI_EV1/2/3, drone normalized differ-
ence vegetation index evaluation 1/2/3; Drone_NDVI_SIp, drone normalized difference vegetation index slope; HI_DW, harvest index dry weight; HI_FW, harvest
index fresh weight; NPH, number of harvested plants; PLAHE_EV1/2/3, plant height evaluation 1/2/3; PLAHE_SIp, plant height slope; Plant_unif, plant uniformity;
Plant_vigor, plant vigor; SD_EV1/2/3, stem diameter evaluation 1/2/3; SD_SIp, stem diameter slope; SNPP, stem number per plant; TADW, total aerial part dry
weight; TAFW, total aerial part fresh weight; TDMC, tuber dry matter content per plot; TDW, tuber dry weight per plant; TFW, tuber fresh weight per plant; TNTP,
total number of tubers per plot; TNTPL, total number of tubers per plant; TTWP, total tuber weight per plot; TTWPL, total tuber weight per plant; TTYA, total
tuber yield adjusted; TTYNA, total tuber yield not adjusted.

strongly to each other; one group containing alanine, glu-
tamine, histidine, isoleucine, leucine, lysine, methionine,
phenylalanine, pyroglutamate, tryptophan, tyrosine and

glycine (Figure S3a). In the REC correlation analysis, four
amino acid groups were identified pairing glutamine with
pyroglutamate, asparagine with glycine and GABA, aspar-

valine, and the other asparagine, GABA, glutamate and tate with proline, and the remaining amino acids

Figure 4. Correlation-based metabolite networks.

Network visualization of 42 metabolites and 46 morphological traits correlated to each other as measured in a potato association panel grown in an augmented
block design in Ica, Peru in 2017. Metabolites are represented as elliptical nodes color coded by the compound class and morphological traits are represented
as yellow, rectangular nodes. Edges between nodes represent significant correlation coefficients, where blue edges illustrate positive correlations and red edges
illustrate negative correlations. Nodes are clustered into communities according to the walktrap community detecting algorithm.

(a) Network corresponding to normally irrigated (NI) samples.

(b) Network corresponding to water recovery (REC) samples.

(c) Difference network, where REC ¢ NI.

APDMC, dry matter content of aerial part; APDW, dry weight of aerial part; APFW, fresh weight of aerial part; ATW, average tuber weight; CC_EV1/2/3, canopy
cover evaluation 1/2/3; CC_Slp, canopy cover slope; ChisPAD_EV1/2/3, chlorophyll content index evaluation 1/2/3; ChisPAD_SIp, chlorophyll content index slope;
CR_NDVI_EV1/2/3, canopy reflectance evaluation 1/2/3; CR_NDVI_SIp, canopy reflectance slope; DW, dry weight; Drone_NDVI_EV1/2/3, drone normalized differ-
ence vegetation index evaluation 1/2/3; Drone_NDVI_SIp, drone normalized difference vegetation index slope; HI_DW, harvest index dry weight; HI_FW, harvest
index fresh weight; NPH, number of harvested plants; PLAHE_EV1/2/3, plant height evaluation 1/2/3; PLAHE_SIp, plant height slope; Plant_unif, plant uniformity;
Plant_vigor, plant vigor; SD_EV1/2/3, stem diameter evaluation 1/2/3; SD_SIp, stem diameter slope; SNPP, stem number per plant; TADW, total aerial part dry
weight; TAFW, total aerial part fresh weight; TDMC, tuber dry matter content per plot; TDW, tuber dry weight per plant; TFW, tuber fresh weight per plant; TNTP,
total number of tubers per plot; TNTPL, total number of tubers per plant; TTWP, total tuber weight per plot; TTWPL, total tuber weight per plant; TTYA, total
tuber yield adjusted; TTYNA, total tuber yield not adjusted.
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(Figure S3b). Interestingly, isoleucine, methionine, pheny-
lalanine, tryptophan, tyrosine and valine demonstrated
strong negative correlations to proline and aspartate.

Three functional groups were identified for the correla-
tion analyses of the morphological traits. Strong positive
correlations were observed for traits associated with tuber
yield in all three correlation analyses (Figures 3b and S4).
Another group was centered on traits associated with
canopy reflectance, plant height and stem diameter. These
traits showed strong negative correlations to the harvest
index traits. The third group contained traits second evalu-
ation of chlorophyll content (CHISPAD_EV2), third evalua-
tion of chlorophyll content (CHISPAD_EV3) and slope of
chlorophyll content. While these traits were positively cor-
related to each other they were actually negatively corre-
lated to tuber yield traits and canopy cover.

Network analysis reveals a correlation between fumarate
and plant vigor

Relationships between heterogeneous plant traits may be
captured by correlation-based networks (CN). Here, we
employed a CN approach based on the combined datasets
metabolite to metabolite, metabolite to morphological
traits and morphological traits to morphological traits;
associations were visualized by a graph of nodes and
edges. We constructed two initial networks corresponding
to NI and REC samples as described previously in Toubi-
ana et al. (2013), where nodes represent compounds and
the edges between them the significant correlation coeffi-
cients (r). Thresholds for both networks were set to r> 0.4
and a g-value <0.05 to remove spurious correlations. Con-
sequently, the NI sample network was composed of 88
nodes and 194 edges (Figure 4a), while the REC sample
network was composed of 90 nodes and 272 edges (Fig-
ure 4b). The greater number of edges in the water deficit
stress network supported the notion of readiness for rewir-
ing metabolic routes at the initiation of the abiotic stress,
as also observed in grapevine leaves (Hochberg et al.,
2013) and tomato seeds (Rosental et al., 2016).

Next, the nodes in the network were grouped into com-
munities using the walktrap community algorithm (Pons
and Latapy, 2005), identifying densely connected sub-
graphs (i.e. communities) based on short random walks
(Figure 4). In both networks, the presence of four salient
communities was detected, of which community 1 corre-
sponded to the metabolites and communities 2-4 to the

morphological traits. This view clearly emphasized the sep-
aration of metabolites and morphological traits in the NI
network, while highlighting relationships between a dis-
tinct group of metabolites and morphological traits in the
REC network. Furthermore, the networks lucidly accentu-
ated the positive nature of relationships between metabo-
lites, suggestive of their genetically tightly coordinated
regulation. Negative correlations, on the other hand, were
detected for morphological traits only. In particular, the
harvest index revealed significant negative correlations to
other morphological traits. These results are in keeping
with earlier findings showing negative correlations of har-
vest index to other morphological traits (Schauer et al.,
2006), suggesting a negative tradeoff between aerial parts
of the plant and tuber development.

To highlight differences between the networks, a differ-
ence network was constructed (Figure 4c) containing the
difference set of the REC network over the NI network
(REC  NI). The network illustrated the 20 edges that were
present in the REC network but not in the NI network.
Under this reduced network topography one additional
community was suggested, containing the first evaluation
of stem diameter (SD_EV1) and plant vigor linked to the
following metabolites: adenosine, allantoate, citrate, fuma-
rate and trigonelline. However, of all the compounds pre-
sent in community 5 only fumarate revealed (positive)
correlations to the morphological traits.

Gene Ontology enrichment analysis associates QTLs with
metabolic processes

We explored the genetic basis of natural variation for all
metabolites by a genome-wide association study (GWAS)
using a marker set consisting of 29 408 bi-allelic single
nucleotide polymorphisms (SNPs). For each metabolite a
GWAS was performed individually. A false discovery rate
was employed (Benjamini and Hochberg, 1995) to adjust
for multiple hypothesis testing. For all metabolites, a total
of 3532 significant SNPs (Data S3) were identified, corre-
sponding to 2667 individual SNPs, and revealing QTL hot-
spots on chromosomes 1, 3-5, 7, 9 and 10 (Figure S5).
Decreasing the P-value threshold to a stringent level of
<0.005 reduced the number of highly significant markers to
844.

Based on the reduced number of SNPs we inspected
hotspot regions for metabolite QTLs (Figure 5, Table 1)
using the SPUD db genome browser for potato (Hirsch

Figure 5. Metabolite quantitative trait locus (QTL) map.

(a) Hotspot QTL map of metabolite QTL (at a P-value threshold <0.005) on the potato genome: color intensities correspond to P-values. High-density QTL regions

(hotspots) show a higher density of colored bands.

(b) Gene Ontology (GO) term analysis of metabolite QTL hotspots: yellow highlighted regions within chromosomes correspond to high-density QTL regions for
which GO term enrichment analysis was performed. Values next to chromosomes correspond to hotspot limits in ¢cM. Hotspot regions are illustrated chronolog-
ically for each chromosome. The most significant GO terms are listed in Table 1. Green highlighted regions represent 2 Mb windows around single nucleotide

polymorphisms associated with fumarate.
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et al., 2014). For each QTL hotspot region we defined chro-
mosome segments containing all corresponding SNPs.
Subsequently, all genes embedded within each segment
were identified. To provide a biological perspective for the
identified genes, we performed Gene Ontology (GO) term
enrichment analysis (Table 1). The GO initiative was devel-
oped to provide a system in which sets of genes can be
classified hierarchically in a graph-like structure (Harris
et al., 2008). The GO term analysis revealed that, in particu-
lar, segments on chromosomes 1, 2, 5 and 7 were enriched
with genes associated with metabolic processes. Segments
on chromosomes 3 and 10 contained genes integral to
membranes. Segments on chromosomes 3 and 4 showed
monooxygenase and auxin response activities, respec-
tively.

To understand the genetic relationship identified via net-
work analysis, we specifically investigated SNPs associated
with fumarate. A total of 11 markers were identified (Fig-
ures 5b and 6a) on chromosomes 1, 3, 4, 5, 8 and 10. Using
the SPUD db genome browser, we investigated the geno-
mic regions of all 11 SNPs. Eight SNPs were located in
non-coding regions (Figure 6b) with the remaining three
SNPs being located within genes, namely: (i) the SNP at
position 5 096 024 on chromosome 1 was located within a
gene coding for a protein containing a RING domain, (ii)
the SNP at position 59 109 325 on chromosome 4 was
located within a gene coding for a zinc finger protein
(ZAT2) and (iii) the SNP at position 41 382 562 on chromo-
some 5 was located within a gene coding for a protein of

unknown function. All three SNPs were located within
intron regions (Figure 6b). Furthermore, based on the
short-distance LD threshold (see Experimental Procedures
for details), we inspected 2 Mb windows around the 11
SNPs (Figure 5b). A total of 1190 genes were identified in
those chromosomal regions (Data S4). Also, here a GO
term enrichment analysis was performed, revealing that
the identified genes were mainly associated with small
molecule metabolic processes (P = 0.00091) and carboxylic
acid metabolic processes (P = 0.033).

Phylogenetic analysis provides eco-physiological insights

In an effort to explore the eco-physiological relationships
of potato grown under REC treatment, we employed phylo-
genetic analysis of the RING domain and the zinc finger
ZAT2 protein identified via GWAS. The protein sequences
of both proteins were blasted against the NCBI database
and the 49 sequences with the highest percentage
sequence identity were used for further analysis. After mul-
tiple sequence alignment, phylogenetic trees were gener-
ated (Figure 7). The protein sequence of the RING domain
protein sequence revealed high similarity (>99%) to homo-
logs in two tomato species (Solanum lycopersicum and
Solanum pennellii) and to two homologs in a pepper spe-
cies (Capsicum annuum). Their close relationship was also
visible in the phylogenetic tree as they were clustered
together (Figure 7a). The phylogenetic analysis of the zinc
finger protein showed significant clustering of five homo-
logs in tobacco plants (Nicotinia tabacum, Nicotinia

Table 1 Gene Ontology (GO) term analysis of quantitative trait locus hotspots in Figure 5(b)

No. of genes
No. of  with unknown
Hotspot  Segment genes  function

Most significant GO terms

tRNA processing, tRNA metabolic process, ncRNA processing, ncRNA metabolic
Regulation of primary metabolic process, regulation of metabolic process. small

Developmental process, single-organism developmental process

Integral component of membrane, intrinsic component of membrane
Peptidyl-lysine methylation, histone methylation, regulation of molecular function
Monooxygenase activity, enzyme inhibitor activity, endopeptidase regulator activity
Cell redox homeostasis, cellular homeostasis, homeostatic process

Response to auxin, response to hormone, response to endogenous stimulus
Primary metabolic process, cellular macromolecular metabolic process, cellular

Primary metabolic process, cellular process, cellular metabolic process
RNA biosynthetic process, phosphorylation, cellular biosynthetic process, nitrogen

Protein amino acid phosphorylation, phosphorylation
Nucleobase, nucleoside, nucleotide and nucleic acid metabolic process

1.1 38-50cM 371 188
processing
2.1 7-15 cM 285 130
molecule metabolic process
3.1 15-21cM 206 103
3.2 25-30 ctM 160 105
33 35-40cM 332 104
3.4 50-55 cM 759 170
4.1 5-10 cM 542 126
4.2 50-57 cM 484 160
5.1 25-30 cM 158 102
process
5.2 35-40 cM 148 95 Metabolic process, binding
71 15-20 cM 179 106
7.2 30-40cM 364 180
compound metabolic process
9.1 15-25cM 288 174
9.2 30-35cM 204 107
9.3 42-50 cM 156 500 Protein binding
10.1 10-13 cM 90 62 NA
10.1 30-37cM 309 163

Intrinsic to membrane, integral to membrane, membrane part
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Figure 6. Single nucleotide polymorphisms (SNPs) corresponding to fumarate.
(a) Manhattan plot corresponding to a genome-wide association study (GWAS) of fumarate as generated by the software GWASPoly. The 12 chromosomes of
potato are represented by different colors. Undetermined SNPs are represented by chromosome 0. The dashed line represents the significance cut-off using a

false discovery rate.

(b)

(b) lllustrating the SNPs that were associated with fumarate and plant vigor on chromosomes 1, 3, 4, 5, 8 and 10. The SNPs located within non-coding regions
of chromosomes are depicted in blue. Genes that contained SNPs are illustrated in red and are magnified (chromosomes 1, 4 and 5). Colored, bulky areas of
magnified genes represent exons, black areas represent introns. Speech bubbles indicate the exact position of SNPs showing the reference nucleotide (black let-
ter) and the substitution nucleotide (red letter). Numerical values represent base pair positions.

sylvestris, Nicotinia attenuata and Nicotinia tomentosi-
formis) and to five homologs in pepper plants (C. annuum,
Capsicum baccatum and Capsicum chinens; Figure 7b).

DISCUSSION

Potato is the world’s third most important food crop,
essential for sustaining the demands of an increasing
human population (Birch et al., 2012). However, potato is a
cool-season crop, with optimum yields being obtained at
mild temperatures (Haverkort and Struik, 2015). Increased
temperatures perturb starch synthesis (Geigenberger et al.,
1998) in the potato tuber, resulting in decreased yields as
evidenced in sub-Saharan countries compared with coun-
tries with a mild climate (Birch et al., 2012). Current climate
models predict a mean temperature increase of 1.1-6.4°C
(Christensen et al., 2007), which, in turn, will pose prob-
lems for maintaining steady potato yields in the future.
Solutions to counteract this trend are necessary.

In the current study, the profiling of metabolites and
morphological traits across a tropical climate-adapted
potato association panel was implemented and subjected
to network analysis and GWAS. Descriptive statistics and
the analysis of the norm of reaction (Figures 2, S1 and S2)
revealed that the observed variance was trait specific, i.e.
for some traits the observed difference was genotypic
while for others it was environmental, while again for
others the observed phenotypic range was due to both
genotypic and environment contributions. The PCA of the
morphological traits revealed a clear separation between
treatments on PC1 (Figure 1b), accounting for 21.3% of the
observed variance. A similar picture arose for the PCA of
the metabolites (Figure 1a), where a separation of treat-
ments was visible on PC2. However, here also a significant
overlap between NI and REC samples was visible. The less
pronounced effect of treatments on tuber metabolism may
be attributed to its nature as a sink organ. Metabolism in

© 2020 The Authors.

the tuber is inherently associated with starch synthesis
(Nazarian-Firouzabadi and Visser, 2017). In the pho-
totrophic leaf tissues starch is synthesized during the day
and degraded at night to supply the energy needed for bio-
logical processes. In the heterotrophic tuber, on the other
hand, starch is synthesized for long-term storage. During
tuber development the accumulated starch is used to
maintain the reduced energy needs of the dormant tuber
and, once dormancy is broken, it fuels the outgrowth of
new shoots. The need for the tuber to initiate the next life
cycle may be the ecological factor dictating the develop-
ment of an energetically robust but flexible sink organ.
Therefore, the tuber appears to be more drought resistant.
We believe that further investigations are necessary to
explore the underlying mechanisms that allow tuber meta-
bolism to be less affected by water stress.

Strong correlations were identified between 16 of the 19
measured amino acids in the mixed model (Figure 3) — an
observation that has been reported in various plants and
their respective tissues, under normal and stress condi-
tions (Toubiana et al., 2012; Hochberg et al., 2013; Toubi-
ana et al., 2016; Maruenda et al., 2018). Correlation-based
network analysis (CNA) emphasized the separation of
metabolites and morphological traits. The REC network
showed a higher network connectivity than the NI network,
supporting the notion of an increased readiness to rewire
the metabolic network in response to abiotic stress. Similar
observations have also been made in grapevine leaves
(Hochberg et al., 2013) and tomato seeds (Rosental et al.,
2016). Community detection in the NI and REC networks
identified four communities, with community 1 corre-
sponding to metabolites and communities 2-4 to morpho-
logical traits (Figure 4). Nevertheless, while the metabolite
community in the NI network was completely separated
(Figure 4a) from the morphological trait communities,
some connections between metabolites and morphological
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Figure 7. Phylogenetic trees.
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(a) Phylogenetic tree of the RING domain gene and the 49 genes with the greatest sequence identity. The cluster containing the reference sequence in Solanum
tuberosum is highlighted in red. The reference gene is highlighted within the blue dashed box. Branch annotations are species names.

(b) Phylogenetic tree of zinc finger gene and 49 genes with the greatest sequence identity. The cluster containing the reference sequence in S. tuberosum is
highlighted in red. The reference gene is highlighted within the blue dashed box. Branch annotations are species names.

traits could be found in the REC network (Figure 4b). To
highlight the differences between the NI and REC net-
works, a difference network was constructed subtracting
the connections of the NI network from the REC network
(Figure 4c). This network constellation generated a new
community, where the connections between the traits
plant vigor and the first evaluation of the stem diameter
and fumarate was stressed. Fumarate is an intermediate of
the TCA cycle but also occurs in its oxidized form as the
outcome of complex Il of the mitochondrial electron trans-
port chain. The TCA cycle, the mitochondrial electron
transport chain and glycolysis are inherently related as part

of the respiratory pathway complex (Fernie et al., 2004). As
a heterotrophic tissue, the tuber depends on the transport

of sucrose via the phloem from active leaves. In the tuber,

sucrose is used to produce glucose-6-phosphate, which is
then transported into the amyloplasts for subsequent
starch synthesis. Glucose-6-phosphate is an intermediate

of glycolysis. The connection between fumarate in the

tuber and the morphological traits plant vigor and stem

diameter may reflect the complex biochemical mecha-
nisms involved in tuber development with respect to plant
performance. Fumarate and other organic acids often accu-
mulate in sink organs to maintain intracellular ionic
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balance and nutrient uptake to sustain drought stress (Guo
et al., 2018). Fumarate and other organic acids often act as
compatible solutes involved in osmotic adjustment and
membrane and protein protection from reactive oxygen
species (ROS). In wheat seedlings (Guo et al., 2018) and
soybean (Silvente et al., 2012) fumarate was suggested as
a metabolic marker for drought response.

Finally, we used the metabolic trait profiles in a GWAS
to identify genomic regions (loci) associated with metabo-
lism and potentially identify candidate genes for drought
stress regulation. We note that the GWAS was performed
for one season only, therefore its results should be consid-
ered with caution. The study was carried out using differ-
ent gene action models as provided by the software
GWASpoly (Rosyara et al., 2016). Using a false discovery
rate to account for multiple hypothesis testing (g-value of
<0.05) we recorded for all metabolites a total of 3532 signif-
icant SNPs corresponding to 2667 individual SNPs. Investi-
gating the distribution of loci associated with the identified
markers revealed a high dispersion across the potato gen-
ome. Central metabolism is characterized by a complex
multilevel regulation, futile cycles and enzyme promiscuity,
and redundant pathways in multiple cellular compartments
(Collakova et al., 2012) — all of which contribute to meta-
bolic stability (Rontein et al., 2002) and which probably
affect the ability to measure trait heritability. Furthermore,
population structure and cryptic relatedness of many plant
populations targeted for GWAS often lead to weak associa-
tions between a trait and its prospective locus (Astle and
Balding, 2009). It is therefore not surprising that this and
other studies were either unsuccessful or just identified
indistinct links between metabolite content and its underly-
ing genetics.

When increasing the stringency level for the GWAS
results (P-value <0.005), the number of markers reduced
significantly to 844 (Figure 5). The pronounced decrease of
markers associated with metabolites at an increased strin-
gency level hinted at tight gene-to-trait linkage at specific
QTLs. The GO term analysis of metabolite QTL hotspots
pinpointed chromosome segments enriched with genes
associated with the regulation of metabolic processes (Fig-
ure 5, Table 1). In addition, segments on chromosomes 3
and 4 were enriched with genes with monooxygenase and
auxin response activities. Overexpression of spinach
monooxygenases in rice and tobacco increased their toler-
ance to salt, temperature and drought stress, respectively
(Shirasawa et al., 2006; Duan et al., 2017). A recent review
discussed the role of auxin in modifying root system archi-
tecture upon salt stress and water deficit (Korver et al.,
2018).

Intersecting the results of the CNA and the GWAS, our
analysis highlighted the relationship of plant vigor to
fumarate under REC conditions. We then investigated the
11 markers identified for fumarate, and based on the
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estimated short-distance LD also inspected 2 Mb windows
around the SNPs. A total of 1190 genes (Data S4) were
identified in fumarate-associated chromosomal regions.
The GO analysis of these genes showed enrichment for
metabolic and carboxylic processes, which can be attribu-
ted to fumarate being an intermediate in the TCA cycle, the
mitochondrial electron transport chain and its aforemen-
tioned functions associated with stress response. Eight of
the 11 SNPs were located in non-coding regions and three
SNPs were identified in introns of three genes (Figure 7):
the gene on chromosome 1 coded for protein containing
the RING finger domain, the gene on chromosome 4 coded
for the zinc finger protein ZAT2, while the function of the
gene identified on chromosome 5 is still undetermined.
Proteins containing RING finger motifs are known to
play a significant role in the regulation of protein degrada-
tion via the ubiquitin-proteasome system (Joazeiro and
Weissman, 2000). In maize it was shown that overexpres-
sion of the ZmXericol and ZmXerico2 RING finger
domain-containing genes increases water deficit tolerance
by controlling ABA homeostasis (Brugiere et al., 2017).
Also, in rice, the overexpression of the OsRDCP1 RING
domain-containing gene increased the tolerance to water
deficit (Bae et al., 2011). Zinc finger proteins have previ-
ously been associated with drought stress. For example, in
Arabidopsis it was shown that the constitutive expression
of Zat10 enhanced the expression of ROS response tran-
scripts (Mittler et al., 2006) and in soybean that the C2H2-
type zinc finger protein GmZFP3 negatively regulated
drought stress (Zhang et al., 2016). Zinc finger proteins
have also been associated with salt stress; for example, in
Arabidopsis, Zang et al. (2016) demonstrated that overex-
pression of GmZFP3 regulated sodium and potassium
homeostasis, ROS scavenging and osmotic potential. The
fact that the SNPs were identified in introns and not in
exon regions may be due to two reasons: (i) SNPs are
often only representatives of traits and it is likely that other
close SNPs in high LD are causal for the observed differ-
ence, and (ii) SNPs cause differences in gene expression
levels rather than modifications in protein formation (Tak
and Farnham, 2015). To put the results into an eco-physio-
logical perspective, we ran phylogenetic analyses for the
RING domain and the zinc finger gene (Figure 7). For the
RING domain protein a close relationship was found to
tomato (Lycopersicum) and pepper (Capsicum) species —
both members of the Solanaceae family. It was shown
before that S. pennellii — one of the tomato species identi-
fied here — has developed mechanisms for drought toler-
ance (Egea et al., 2018). Moreover, analysis of its genome
has identified 389 stress-related genes (Bolger et al., 2014).
For the zinc finger domain a close relationship to tobacco
(Nicotiana) and pepper species was observed. Also the
genus Nicotiana belongs to the Solaneceae family. Particu-
larly in C. annuum, abiotic stresses such as heat, drought,
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cold and salinity were shown to induce the transcription of
CaRZFP1, which contains an open reading frame coding
for a RING zinc finger protein (Zeba et al., 2006). Due to the
close relationship of potato to other species in the Solana-
ceae, their well-studied physiological mechanisms to
drought response and the known functions of the RING
domain and the zinc finger genes, it may be hypothesized
that these genes exert a similar function in potato.

CONCLUSIONS

In the current study we assessed the effects of water-recov-
ery treatment on the plant performance of a potato associ-
ation panel and on the central metabolism of the tuber. By
applying advanced correlation-based network analysis, we
studied the relational ties between morphological traits
and tuber metabolism in order to identify potential meta-
bolic markers for drought resistance. A difference network
highlighted the differential connections of the REC versus
the NI treatment. Specifically, the connection between
plant vigor and fumarate was highlighted. Based on known
metabolic pathways and their intertwined relationships,
our findings suggest that fumarate may be used as a meta-
bolic marker for drought stress in the potato tuber, espe-
cially with respect to plant vigor. Genes identified in QTLs
associated with fumarate support our suggestion. Our find-
ings may have important implications for future potato
breeding regimes, especially in countries already suffering
from the effects of the changing climate.

EXPERIMENTAL PROCEDURES
Population and field trial

The potato association panel used in this study comprised 258
genotypes representing six main CIP breeding populations as well
as a group of varieties with different origins (Data S5). Population
‘A" in Data S5 was developed during the period 1980-1990 empha-
sizing late blight resistance, derived from global breeding pro-
grams based on species the Solanum demissum, native Andean
cultivars of S. tuberosum, the wild species Solanum acaule and
Solanum bulbocastanum. Population ‘B1" is a S. tuberosum group
andigena derivative. Population ‘B3" genotypes are population ‘A’
derivatives with emphasis on increasing frequencies and levels of
quantitative resistance to late blight. Population ‘LTVR’" was devel-
oped with an emphasis on viral disease resistance (PVY, PVX and
PLRV), short crop duration and adaptation to warm environments.
The ‘B3-LTVR' population incorporates hybrid genotypes originat-
ing from crosses between populations ‘B3" and ‘LTVR'. The ‘LB-
HT" population combines bred varieties for heat tolerance from
Europe and North America, varieties for blight resistance from the
‘B3’ population and varieties from the ‘LTVR' population. The
group of varieties is composed of a group of potato varieties or
key breeding lines: Desiree and Tomasa Condemayta.

All 258 genotypes of the potato association panel were grown
in a field trial in 2017 in Ica, Peru. The field trial was performed
with triplicates in an augmented block design, with (i) control con-
ditions (NI) and (ii) water-deficit conditions with recovery (REC), as
described in the handbook for evaluation and data management
of potato clones (Cabello et al., 2017). In brief, a drought period

was initiated for the REC treatment when approximately 5% of
plants had flower buds, that is, approximately 40-45 days after
planting (DAP). After that, the moisture level was maintained at
—4 bars = —0.4 MPa of the field capacity level until the end of the
field trial (below field capacity but not above wilting point = —15
bars or —1.5 MPa), as opposed to —0.033 MPa in the NI treatment.

Not all genotypes survived the field trials. A total of 1195 sam-
ples were collected, of which 583 corresponded to NI samples and
612 to REC samples. The NI samples were represented by 194 dif-
ferent genotypes (out of 258), while REC samples comprised 204
genotypes (out of 258).

Linkage disequilibrium

The LD decay estimate was performed essentially as described in
Lindqvist-Kreuze et al. (2020). In brief, the tetraploid marker set
was used to estimate LD decay. Short- and long-distance LD decay
were estimated based on the intersection of the significance
threshold of =0.1 and the fitted spline at the 90th percentile.
The short-distance threshold was computed as 2 Mb, while the
long-distance one was estimated at 5.5 Mb. For the short-distance
LD decay, an r21/2max, 90 value of 0.55 Mb was calculated, similar
to what has been reported in European potato varieties (Vos et al.,
2017). The LD decay was estimated as moderate.

Morphological traits

The complex phenotypic response of potato plants to REC condi-
tions is the manifestation of the interactive effects of the plant’s
genotypic potential, the developmental stage and the environment.
The 45 morphological traits evaluated in the current study were
chosen as they have been shown to be affected by REC conditions
(van Loon, 1981; Cabello et al., 2013; Obidiegwu et al., 2015). All
plant morphological traits of all genotypes were measured at differ-
ent time points throughout the field trial according to the proce-
dures and protocols described in Cabello et al. (2017). The traits
were measured in bulk for each plot. Their respective measure-
ments were processed as described in Cabello et al. (2017) for fur-
ther analysis. In brief, some traits were measured during three
evaluation periods, namely 41-45 DAP, 63-67 DAP and 84-88 DAP;
other traits were measured only once. To assess changes of the
traits measured during the different evaluation periods a trend was
estimated and expressed as the slope of the trend line. The traits
corresponded to two sections of the plant, that is, the above-
ground aerial part and the below-ground part of the plant. In partic-
ular, traits above ground were associated with canopy cover, plant
height, plant uniformity, plant vigor, stem diameter, harvest index
(HI), several measurements associated with chlorophyll content
and others. Below-ground measurements were specifically associ-
ated with tuber morphology, such as tuber number, tuber weight
(fresh and dry), tuber dry matter and tuber yield per plant and plot.
A list of all traits and their respective definitions can be found in
Data S6 and at http://www.cropontology.org/.

Nuclear magnetic resonance metabolite profiling

Nuclear magnetic resonance metabolite profiling of the tubers
was performed at the end of the field trials.

Sample preparation. Four to eight tubers, mechanically peeled
and sliced, were immediately frozen in liquid nitrogen and stored
in an ultra-freezer at —74°C until lyophilization. The dry material
was ground to a fine powder using an electric grinder and stored
at —74°C until further use. The extracts were prepared following a
procedure reported earlier (Maruenda et al, 2018), with minor
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modifications. One hundred and sixty milligrams of ground tuber
was extracted with 1.6 ml of deionized water under sonication for
45 min at 10°C. The suspension was centrifuged at 23 000 g for
20 min at 10°C and the supernatant evaporated to dryness in a
refrigerated centrifugal vacuum concentrator for 16 h at 10°C. The
solid obtained (20-25 mg) was resuspended in 100 mwm of sodium
oxalate buffer pH 4 (0.9 ml) and the solution was evaporated to
dryness for 16 h at 10°C. The NMR sample was prepared by
re-dissolving the recovered solid in 0.9 ml of deuterium oxide con-
taining 3 mm 3-(trimethylsilyl)-propionic-ds (TSP), centrifuged at
23 000 g for 5 min at 10°C, and filtered through a 13 mm poly-
tetrafluoroethylene 0.45 um syringe filter. Three independent
extractions of each potato sample were performed.

NMR analyses. All NMR experiments were recorded at 25°C on
a Bruker Avance Ill HD 500 MHz spectrometer equipped with a TCI
Cryoprobe, auto-sampler and automatic tuning and matching
(https://www.bruker.com/). All 'H NMR spectra were acquired with
a 30° flip angle, 5 Hz field strength water pre-saturation, 384
scans, 64 k data points, a spectral width of 10 kHz and a total
relaxation time of 5.28 s. The flip angle was calibrated for each
individual sample using 360° pulse optimization. Spectra were
Fourier transformed with 0.3 Hz exponential apodization, and
phase and baseline corrected using Topspin 3.5 pl5 software.

Spectral assignment was performed by standard procedures
using 'H-'H DQF-COSY, 'H-'H TOCSY, 'H J-resolved, 'H-"3C
HSQC, 'H-"3C HSQC-TOCSY and "H-'*C HMBC experiments. In the
cases of dehydroascorbic and choline, their presence was con-
firmed by standard addition.

Metabolite quantification

All potato tuber spectra were submitted to a high-performance
cluster (HPC) called LEGION (http:/legion.pucp.edu.pe/) using a
custom-made script. The script used the software package Baye-
sian AuTomated Metabolite Analyzer for NMR spectra (BAT-
MAN) (Hao et al, 2014), which was developed to quantify
metabolites in NMR spectra. BATMAN uses a Markov chain
Monte Carlo (MCMC) method to calculate the numerical approxi-
mation of the multi-dimensional integrals embedded in the NMR
spectra. The MCMC method deconvolutes the spectra to identify
and quantify individual metabolites. The BATMAN MCMC is
divided into two phases. One is the burn-in phase, which allows
the algorithm to find a region of high posterior probability.
Once the posterior region has been identified the second phase,
a posterior burning phase, is initiated, during which the actual
approximations of metabolites is performed. We made adequate
modifications to the burn-in and posterior-burn phases to iden-
tify and quantify 42 metabolites in the spectra of the potato
tuber samples.

For the metabolites a-glucose, p-glucose, p-galactose, a-fruc-
tose, B-fructose, adenosine, alanine, asparagine, choline, fumaric
acid, GABA, glutamine, guanosine, histidine, isoleucine, leucine,
lysine, malic acid, methionine, myo-inositol, phenylalanine,
pyroglutamic acid, proline, quinic acid, sucrose, threonine, tryp-
tophan, tyrosine and valine, the BATMAN templates were gener-
ated from spectra of pure compounds acquired under the same
experimental conditions as the potato tuber samples (buffer, pH
and temperature). For the metabolites allantoic acid, allantoin,
aspartic acid, citric acid, cytidine, dehydroascorbic acid glutamic
acid, glycine, lactic acid, trigonelline, uridine, UNK1, UNK2 and
reference TSP, which showed different signal patterns than in
the pure compound spectra, due to either complex multiplici-
ties, second-order J couplings, relaxation effects and/or
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exchange processes, virtual spectra were generated for each
compound using signal deconvolution in the tuber spectra.
These virtual spectra were then used as templates for BATMAN
quantification. The deconvolution was performed using the glo-
bal spectra deconvolution (GSD) algorithm from MestreNova
11.0 software (Willcott, 2009).

A post-performance BATMAN script was developed to organize
the HPC outcome into an easy to process format. BATMAN and
in-house scripts were run under R (R Development Core Team,
2009). The obtained relative concentrations determined by BAT-
MAN were normalized against TSP (3 mm) to retrieve absolute
concentrations. The results were expressed in millimoles of
metabolite per gram of dry potato powder (Data S2). The 1195
metabolite profiles contained 4.2% missing data, which were
imputed employing PCA (Stacklies et al., 2007). For subsequent
analyses all metabolite data were log transformed.

Statistics

Descriptive statistics were calculated for both datasets (metabolite
and morphological), followed by anovAa. Subsequently, PCA, the
norm of reaction and correlation analysis were performed. For the
norm of reaction, linear regression models were generated for
each trait, computing the intercept and slope variables.

Network analysis

Generation of the network was based on correlation analysis of all
metabolites and morphological traits. The Pearson correlation
was chosen to estimate correlation coefficients. To construct net-
works, first the corresponding P-value threshold of the correlation
coefficient at a g-value of 0.05 was determined. Second, the ade-
quate correlation coefficient threshold was chosen via stability
tests of four different network properties, that is, average node
degree, clustering coefficient, network density and diameter
across a range of P-values. Next, the networks were clustered into
communities by employing the walktrap community algorithm
(Pons and Latapy, 2005). To detect differences between networks
a difference network was generated according to set theory,
REC ¢ NI.

All computations for network visualizations were generated in R
(R Development Core Team, 2009). The software Cytoscape (Shan-
non et al., 2003), version 3.0.0, was used for network visualization.
Network properties and communities were computed using the R
package igraph (Gabor and Tamas, 2006).

Genotyping and GWAS

The association panel was genotyped using genotyping by
sequencing (GBS), and the SNPs were called and filtered as
described in Lindqvist-Kreuze et al. (2020).

After filtering, the final SNP dataset consisted of 29 408 bi-allelic
SNPs. The population structure matrix Q and the kinship matrix K
were combined for subsequent GWAS in GWASpoly (Rosyara
et al., 2016). The software allows testing for different models of
gene action using polyploid or diploid data. With the normalized
data for metabolites, a GWAS with 29 408 SNPs was performed
for each metabolite. All different models (general, additive, domi-
nant) available for diploids were used to identify QTLs. A false dis-
covery rate at a g-value of <0.05 was applied to account for
multiple hypothesis testing and identify significant markers.

Genomic position and GO term analysis

Quantitative trait loci identified via GWAS for metabolites were
selected based on a stringent P-value of <0.005. Association
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mapping was employed to identify hotspots of QTLs within the
potato genome. Hotspot regions were defined as chromosomal
segments with a higher gene density. Using the SPUD db genome
browser for potato (http://solanaceae.plantbiology.msu.edu/cgi-
bin/gbrowse/potato/) (Hirsch et al., 2014) we identified all genes
within hotspot regions and performed GO term enrichment analy-
sis. For the GO term enrichment analysis we used Agrigo (http://
bioinfo.cau.edu.cn/agriGO/) (Du et al., 2010; Tian et al., 2017). We
performed a singular enrichment analysis against the Gramene
release 50 database.

Phylogenetic analysis

Protein sequences of genes PGSC0003DMP400039353 (ring finger
domain) and PGSC0003DMP400001517 (zinc finger protein ZAT2)
were blasted (blastp: protein-protein-BLAST) against the National
Center for Biotechnology Information database (https://blast.ncbi.
nim.nih.gov/Blast.cgi?PROGRAM=blastp&PAGE_TYPE=BlastSearc
h&LINK_LOC=blasthome). Protein sequences for the 49 genes
with the greatest percentage identity for each gene were down-
loaded and subjected to phylogenetic analysis, which was per-
formed at the Methods et Algorithmes pour la Bioinformatique
LIRMM pipeline (http://www.phylogeny.fr/simple_phylogeny.cgi)
(Dereeper et al., 2008; Dereeper et al, 2010). For multiple
sequence alignment the pipeline implements MUSCLE alignment
(Edgar, 2004), applies Gblocks to eliminate poorly aligned posi-
tions (Castresana, 2000) and uses an approximate likelihood ratio
test to evaluate branches in the tree (Anisimova and Gascuel,
2009).
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