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Development of high yielding cowpea varieties coupled with good taste and rich in essential minerals
can promote consumption and thus nutrition and profitability. The sweet taste of cowpea grain is
determined by its sugar content, which comprises mainly sucrose and galacto-oligosaccharides (GOS)
including raffinose and stachyose. However, GOS are indigestible and their fermentation in the colon
can produce excess intestinal gas, causing undesirable bloating and flatulence. In this study, we

aimed to examine variation in grain sugar and mineral concentrations, then map quantitative trait

loci (QTLs) and estimate genomic-prediction (GP) accuracies for possible application in breeding.

Grain samples were collected from a multi-parent advanced generation intercross (MAGIC) population
grown in California during 2016-2017. Grain sugars were assayed using high-performance liquid
chromatography. Grain minerals were determined by inductively coupled plasma—optical emission
spectrometry and combustion. Considerable variation was observed for sucrose (0.6—-6.9%) and
stachyose (2.3-8.4%). Major QTLs for sucrose (QSuc.vu-1.1), stachyose (QSta.vu-7.1), copper (QCu.
vu-1.1) and manganese (QMn.vu-5.1) were identified. Allelic effects of major sugar QTLs were
validated using the MAGIC grain samples grown in West Africa in 2017. GP accuracies for minerals were
moderate (0.4-0.58). These findings help guide future breeding efforts to develop mineral-rich cowpea
varieties with desirable sugar content.

Soluble carbohydrates including mono-, di-, and short-chain oligosaccharides are present in the edible parts of
many crops and elicit a sweet taste when consumed'. In cowpea (Vigna unguiculata L. Walp.) and other food leg-
umes, short-chain oligosaccharides include galacto-oligosaccharides (GOS) or raffinose family oligosaccharides,
such as raffinose and stachyose?™. Since humans do not have enzymes to break down GOS, they bypass digestion
in the small intestine and become fermented by colonic bifidobacteria and lactobacilli in the large intestine to
produce short-chain fatty acids that provide numerous health benefits®. This selective stimulation of microbial
growth also helps reduce colonization of pathogenic bacteria and viruses in the gut®. The prebiotic fermentation
also reduces pH in the gut environment and thus increases the guts ability to absorb more nutrients from diets,
particularly calcium and iron’. However, the fermentation of GOS can also cause intestinal discomfort when
excess intestinal gas is produced, which leads to bloating and flatulence?; the latter is considered embarrassing in
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many cultures, thus reducing legume consumption by people with sensitive gastrointestinal systems. Thus, devel-
oping new improved varieties of food legumes with a sweet taste and moderate GOS content can promote their
consumption. Increased cowpea consumption would lead to better nutrition in populations and greater demand
for the commodity. This is especially true for cowpea, a vitally important crop for food security in West Africa
where it provides a main source of protein and essential minerals that complement cereals in the human diet®!*.

Developing “sweet” cowpea varieties has long been a breeding objective, following the sweet-trait discovery
in a Cameroonian cowpea breeding line in the late 1990s'>"3. Likewise, breeding for nutrient-dense cowpea
varieties has also been a focus because of the considerable genetic variation observed in global cowpea germ-
plasm collections’; the maximum concentrations of grain iron, zinc and some other minerals were more than
double those of accessions with the lowest amounts. Breeding can also make use of greater understanding of
trait inheritance. However, information on the inheritance of the sweet trait and grain mineral accumulation and
their relationship with agronomic traits in cowpea is still lacking. Previous studies revealed multiple quantitative
trait loci (QTLs) affecting grain sucrose, raffinose and stachyose contents in soybean'* and grain iron and zinc
accumulation in common bean'?. Such genetic control may also exist in related grain legumes from the Fabaceae
family including cowpea. Understanding of genetic factors and relationships between grain sugar and mineral
accumulation in cowpea would enable improving them together through marker-assisted breeding strategies.

In this study, we aimed to detect and map QTLs for grain soluble sugars and mineral accumulation using
a multi-parent advanced generation intercross (MAGIC) cowpea population of 305 recombinant inbred lines
(RILs) derived from eight founder parents, including a sweet cowpea landrace from Africa'®'’; they are geneti-
cally diverse and thus expected to contribute different favorable alleles to each nutritional trait. We also aimed to
estimate the accuracies of genomic prediction (GP) for these traits using the cowpea MAGIC as a training popu-
lation. Using GP in selection does not require QTL information'3, so it can be suitable for improving traits that
lack QTLs or are controlled mostly by minor effect QTLs. The cowpea MAGIC population was comprehensively
genotyped and comprised individuals which were carefully selected based on genome-wide marker diversity,
so interference in GP analysis by kinship and population structure would be minimal. Correlations between
nutritional traits, flowering time and seed size were also examined for application in multi-trait selection. The
findings will help guide genetic biofortification efforts to develop elite cowpea varieties with added nutritional
values, desirable taste and greater digestibility.

Results

Phenotypic variation

The concentration of grain sugars and minerals varied considerably in the MAGIC RILs and parents grown at the
University of California Riverside Coachella Valley Agricultural Research Station (CVARS) during 2016-2017.
Stachyose showed the highest concentration, on average 5.1% (percentage of grain dry weight), ranging from
2.3 to 8.4%, followed by sucrose (0.6-6.9%, average 2%) and raffinose (0.5-0.9%, average 0.6%). Among grain
macronutrients, nitrogen was most concentrated (2.5-4.8%, average 3.7%), followed by potassium (1.14-1.77%,
average 1.42%), phosphorus (0.27-075%, average 0.43%), magnesium (0.12-0.24%, average 0.18%), and cal-
cium (0.04-0.18%, average 0.09%). Among micronutrients, iron showed the highest concentration, on average
54.3 ppm (parts per million), ranging from 32.5 to 91 ppm, followed by zinc (32.2-71.1 ppm, average 36.5 ppm),
manganese (5.2-20.2 ppm, average 10.2 ppm) and copper (4.7-12.8 ppm, average 7.3 ppm). Nitrogen, magne-
sium and manganese showed a normal distribution based on the Shapiro-Wilk test, while other nutrients were
skewed toward lower or higher values. Transgressive segregation, in which phenotypic values of many progeny
were outside the range of parental phenotypes, was observed for most grain nutrients, except sucrose, manganese
and copper (Fig. 1).

Significant (P<0.001) positive correlations appeared between the 2016 and 2017 data of the same nutrients,
among which sucrose showed the strongest correlation (r=0.86) (Supplemental Table S1). There were also
significant correlations among nutrient concentrations (Fig. 2). Most notably, iron and zinc were strongly and
positively correlated with each other (r=0.75, P<0.001) and with phosphorus (r=0.67 and 0.83, P<0.001). The
three soluble sugars (sucrose, raffinose and stachyose) were also positively correlated with each other (r>0.54,
P <0.001) but negatively correlated with nitrogen concentration (r<-0.18, P<0.001). Flowering time and seed
size had significant (P <0.001) positive correlations with nitrogen concentration (r=0.36 and 0.19, respectively)
but negative or neutral correlations with other mineral concentrations.

QTL detection
Two QTLs affecting sucrose concentrations were consistently identified using data from the two phenotyping
trials at CVARS in 2016 and 2017 (Fig. 3A,B, Table S2). The major QTL, QSuc.vu-1.1, was located on chromosome
1 of the cowpea MAGIC genetic map, explaining approximately 38-48% of the total phenotypic variation. The
high-sucrose allele was contributed from Suvita-2. The minor QTL with a lower additive effect, QSuc.vu-11.1,
was located on chromosome 11, explaining 9-13% of the total phenotypic variation, with the high-sucrose alleles
contributed from Suvita-2 and IT89KD-288. These two QTLs also coincided with QRaf.vu-1.1 and QRafvu-11.1
affecting raffinose concentrations, explaining 8-15% of the total phenotypic variation (Fig. 3C,D, Table S2). The
minor QTL for sucrose was also co-located with the QTL QSta.vu-11.1 affecting stachyose concentrations and
explaining approximately 9% of the total phenotypic variation in 2017. Another QTL located on chromosome 7,
QSta.vu-7.1, was also associated with the stachyose concentration, explaining approximately 11% of the total phe-
notypic variation in both 2016 and 2017 seasons, with the high-stachyose alleles contributed from IT89KD-288,
IT84S-2049, IT82E-18, ITO0OK-1263 and IT93K-503-1 (Fig. 3E,F, Table S2).

The allelic effects of QSuc.vu-1.1 and QSta.vu-7.1 were validated using grain samples from four field trials
across West Africa (Burkina Faso, Nigeria, Senegal and Ghana). At QSuc.vu-1.1, two markers (2_32637 and
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Figure 1. Frequency distribution for mean concentration of (a-c) grain sugars and (d-1) mineral nutrients
measured in the cowpea MAGIC population grown in Thermal, California in 2016 and 2017. Values for the
eight founder parents are indicated by capital letters: A, IT89KD-288; B, IT84S-2049; C, CB27; D, IT82E-18;
E, Suvita-2; F, ITO0K-1263; G, IT84S-2246; H, IT93K-503-1. Significant differences (P<0.001) exist among the
MAGIC and parental lines.

2_40402) distinguishing between the high-sucrose allele donor (Suvita-2) and the other parents were used
to form two genotypic classes. Sucrose concentrations measured for grain bulks of MAGIC lines carrying the
Suvita-2 haplotype were significantly (P <0.05) higher than those carrying other parental haplotypes (Fig. 4).
Likewise, at QSta.vu-7.1, two markers (1_0585 and 2_01076) distinguishing between the high-stachyose allele
donors (IT89KD-288, IT84S-2049, IT82E-18, ITO0K-1263 and IT93K-503-1) and the other parents were used to
establish two genotypic classes. Stachyose concentrations measured for grain bulks of MAGIC lines carrying the
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Figure 2. Phenotypic correlations among grain concentrations of minerals and sugars (SUC: sucrose, RAF:
raffinose, STA: stachyose) and agronomic traits (FLO: flowering time, SDW: seed size) in the cowpea MAGIC
population grown in Thermal, California in 2016 and 2017. The asterisks (*, **, ***) indicate significance at the
0.05, 0.01, and 0.001 levels, respectively.
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Figure 3. Chromosomal regions associated with grain sucrose, raffinose and stachyose concentrations
measured in the cowpea MAGIC population grown in Thermal, California in 2016 (left) and 2017 (right).
Vertical lines flanking QTL peaks indicate 1-LOD support intervals. Dashed lines indicate the significance
threshold at 7.56 x 10~° (LOD =4.12) using empirical null simulations (n= 1000, P=0.05).

high-stachyose haplotype were significantly (P <0.05) higher than those carrying the low-stachyose haplotype
(Fig. 5). These significant effects were based on analysis of variance in which QTL haplotypes and field locations
across West Africa were considered as fixed and random factors, respectively. On average, the favorable haplo-
types at QSuc.vu-1.1 and QSta.vu-7.1 contributed to an increase of 2% and 1% (of grain dry weight) respectively
in grain sucrose and stachyose concentrations compared to the unfavorable haplotypes.
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Figure 4. Mean grain sucrose concentrations of two genotypic classes of MAGIC lines with contrasting SNP
haplotypes defined by two markers 2_32637 and 2_40402 flanking QSuc.vu-1.1: AAAA (lines homozygous
for the high-sucrose haplotype from Suvita-2, blue bars) and TTGG (lines homozygous for the low-sucrose
haplotype of the other parents, orange bars). Values shown for USA are mean values from individual lines.
Values shown for Burkina Faso, Ghana, Nigeria and Senegal are based on the assessment of grain samples
bulked within genotypic classes. Significant differences (P <0.05) exist between genotypic classes.
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Figure 5. Mean grain stachyose concentrations of two genotypic classes of MAGIC lines with contrasting SNP
haplotypes defined by two markers 1_0585 and 2_01076 flanking QSta.vu-7.1: AAAA (lines homozygous for
the high-stachyose haplotype from IT89KD-288, IT84S-2049, IT82E-18, ITO0K-1263 and IT93K-503-1, blue
bars) and TTGG (lines homozygous for the low-stachyose haplotype from Suvita-2 and 1T84S-2246, orange
bars). Values shown for USA are mean values from individual lines. Values shown for Burkina Faso, Ghana,
Nigeria and Senegal are based on the assessment of grain samples bulked within genotypic classes. Significant
differences (P <0.05) exist between genotypic classes.

Several QTLs affecting grain mineral concentrations were also detected and mapped to multiple chromo-
somal regions, none of which were co-located with the sugar QTLs (Fig. 6, Table S2). Three QTLs affecting Ca
concentrations were consistently identified using both 2016 and 2017 CVARS phenotypic data sets (Fig. 6A,B),
located on chromosomes 1, 6 and 7, each explaining 8-14% of the total phenotypic variation. Of these, the
QTL on chromosome 6 (QCa.vu-6.1) also coincided with those affecting Mg and K concentrations (Fig. 6C-F).
Most notably, QTLs with major effects were identified for Cu on chromosome 1 (QCu.vu-1.1, Fig. 5G,H) and
Mn on chromosome 5 (QMn.vu-5.1, Fig. 61,]), explaining up to 36% and 28% of the total phenotypic variation,
respectively. Other QTLs for Fe, Zn and N concentrations showed minor effects, and they were detected only in
the 2016 or 2017 environment (Table S2).

QTLs for flowering time and seed size were mapped in similar genome regions reported by Huynh et al.'°.
Five QTLs affecting flowering time in 2016 were mapped on chromosomes 1, 4, 5, 9 and 11; of these, QTLs on
chromosomes 4 and 9 also affected flowering time in 2017 (Table S2). All QTLs showed minor effects, each
explaining less than 18% of total phenotypic variance. The parent CB27 consistently contributed to the early-
flowering allele at each QTL. The QTLs on chromosomes 1, 5 and 9 were co-located with those affecting Ca, Mn
and Fe concentrations, respectively. For seed size, one minor and one major QTL were identified on chromosomes
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Figure 6. Chromosomal regions associated with grain calcium, magnesium, potassium, copper and manganese
concentrations measured in the cowpea MAGIC population grown in Thermal, California in 2016 (left) and
2017 (right). Vertical lines flanking QTL peaks indicate 1-LOD support intervals. Dashed lines indicate the
significance threshold at 7.56 x 10~ (LOD =4.12) using empirical null simulations (n=1000, P=0.05).

6 and 8, respectively (Table S2). The major QTL explained up to 38% of total phenotypic variance, with favorable
(large seed) alleles contributed from IT82E-18 and ITO0K-1263. This QTL was co-located with those affecting N
and P concentrations. The other QTL with minor effect was located on chromosome 6, explaining approximately
9% of total phenotypic variance, with the favorable allele contributed from IT89KD-288 (Table S2). This QTL
was also co-located with those affecting Ca, Mg, Mn, N and K concentrations.

The wide ranges and transgressive variation of grain sugar and mineral concentrations support the presence of
multiple QTLs detected, with favorable alleles contributed from different founder parents. Traits affected by major
QTLs, such as glucose and stachyose concentrations, seemed to skew toward lower or higher phenotypic values
while those affected by minor QTLs exhibited a normal phenotypic distribution (Fig. 1). Common QTLs found
among traits and years were also consistent with their positive correlation (Fig. 2 and Supplemental Table S1).
Of these, one common QTL region for sucrose, raffinose and stachyose was identified on chromosome 11, in
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addition to a specific QTL for stachyose on chromosome 7, and the other for sucrose and raffinose on chromo-
some 1 (Fig. 3). This genetic relationship reflects the FOS biosynthetic pathways to be mentioned hereafter in
the discussion.

Genomic prediction

The GP accuracy (i.e., correlations between predicted and actual phenotypic values) differed significantly
(P<0.001) among nutrient concentrations measured in the MAGIC population planted at CVARS in 2016
and 2017 based on two cross validation schemes using Bayesian Ridge Regression (Fig. 7). In the 1/9 scheme
(Fig. 7A), 90% of lines were used to predict the remaining 10%. In the 1/4 scheme (Fig. 7B), 80% of lines were
used to predict the remaining 20%. There was no difference (P>0.05) between these two schemes, although data
derived from the 1/9 setting appeared more dispersed. On average, seed size and flowering time had the highest
GP accuracy (0.59), followed by K (0.58), Cu (0.57), Ca (0.55), Mg (0.54), sucrose (0.53), Fe (0.46), N (0.43), P
(0.43), Mn (0.43), Zn (0.40), stachyose (0.26) and raffinose (0.02). Overall, the trial in 2017 with an augmented
row-column design gave a significantly (P<0.001) better prediction (0.48 on average) than the single-plot design
trial in 2016 (0.43 on average).

Discussion

The moderate GP accuracies (0.40-0.58) for cowpea mineral concentrations (Fig. 7) overlap those reported
recently for wheat'® and rice?. This indicates the potential of GP in genetic biofortification to enrich cowpea
grain with nutritional elements. Taking all traits together there appears to be a correlation between QTL informa-
tion and GP accuracies. Traits with major effect QTLs (e.g. seed size, sucrose and copper) and those with many
minor effect QTLs (e.g., calcium, nitrogen and iron) had better GP accuracies than traits with fewer minor-effect
QTLs (Fig. 7 and Table S2). This supports the advantage of GP in which breeding values are estimated using all
genome-wide markers?! that would also capture QTL effects through linkage disequilibrium.

The presence of common and specific QTLs for different grain sugars (Fig. 3) reflects the FOS biosynthetic
pathways? in which sucrose serves as a starting material, where enzymes subsequently add galactose units to
sucrose, yielding raffinose and other longer FOS polymers. Sequencing of MAGIC RILs and parents carrying low-
vs high-concentration alleles may help reveal gene polymorphisms underlying differential sugar accumulation in
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Figure 7. Genomic prediction accuracies using Bayesian Ridge Regression model for concentrations of grain
minerals, soluble sugars (SUC: sucrose, RAF: raffinose, STA: stachyose), and agronomic traits (FLO: flowering
time, SDW: seed size) measured in the cowpea MAGIC population grown in Thermal, California in 2016

(orange) and 2017 (cyan). Two cross-validation settings are presented: (A) Testing/Training=1/9, and (B)
Testing/Training = 1/4.
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the cowpea grain. Sequence assembly and QTL candidate-gene identification would be supported by the cowpea
reference genome? and the homolog genes of common bean available on Phytozome®*.

It seems likely that sweetness and mineral accumulation are under different genetic controls, because none
of the sugar QTLs coincided with those affecting mineral accumulation. The two major QTLs for grain sucrose
(QSuc.vu-1.1) and stachyose (QSta.vu-7.1) appeared stable across environments based on results from the vali-
dation of QTL allelic effects (Figs. 4, 5). Previous studies also revealed QTLs with major effects on sugar accu-
mulation in the grain of other crops such as wheat? and soybean'. In contrast, the inheritance of grain mineral
accumulation, except Cu and Mn, appears more complex with many QTLs with small effects (Fig. 6 and Table S2).
Previous studies also reported QTLs with small effects on mineral accumulation in the grain of other crops such
as rice’® and common bean'®. The challenge in detecting QTLs with major effects on grain mineral accumulation
could be attributed to soil spatial variation, whereas sugar biosynthesis might be influenced mainly by sunlight
through photosynthesis in addition to carbon dioxide, temperature and water availability as seen in common
bean?”?%; these factors would be more uniformly distributed than soil in the field under sub-surface irrigation at
CVARS. Indeed, more QTL peaks and better GP accuracies were discovered for grain minerals from the trial at
CVARS in 2017, where data were corrected taking into account spatial variation, compared to the non-replicated
trial in 2016 (Figs. 6, 7, Table S2).

The information on QTL locations and GP accuracies for grain sugar and mineral accumulation helps guide
future breeding efforts to develop nutrient-dense and sweet cowpea varieties using indirect selection with molec-
ular marker haplotypes. Grain sugars are mostly affected by major QTLs, therefore marker-assisted backcross-
ing could be employed to introduce favorable alleles from MAGIC donors to existing elite cowpea varieties. In
contrast, grain mineral accumulation involved a few major but many minor QTLs, so effective breeding strate-
gies should make use of whole-genome prediction in combination with QTL haplotype selection. For example,
marker-assisted recurrent selection enables intercrosses of MAGIC lines to stack favorable haplotypes at major
QTLs, followed by GP to select for lines with high genomic estimated breeding values. For multi-trait selection,
priorities should be given to traits with higher GP accuracies (Fig. 7) and/or positively correlated with other
traits (Fig. 2).

QTLs for sucrose and stachyose are located on separate chromosomes, thus it is possible to use molecular
markers to select for high sucrose and low stachyose for improving digestibility and sweetness of cowpea. As
previously described, while stachyose and other GOS improve gut health by acting as prebiotics, their fermen-
tation by bifidobacteria and lactobacilli in the colon can also cause side effects such as diarrhea, bloating and
flatulence. In a clinical study using synthetic GOS, Ito et al.® reported a linear relationship between the GOS
consumption and gut microbial growth, but at the optimal dose of 10 g GOS per day, stool weight and stool
frequency after ingestion did not change significantly and no sign of diarrhea was observed. This dosage would
be equivalent to approximately 189 g of cowpea grain containing 6% GOS and 12% moisture, for instance. Addi-
tional research may be needed to confirm whether cowpea grain derived from MAGIC lines carrying low- versus
high-concentration haplotypes at the stachyose QTL may exert a significant change in gut functions. To avoid
confounding effects of other nutritional factors, such research can utilize bulks of grain from MAGIC lines car-
rying contrasting QTL haplotype groups as described in the QTL validation section (Fig. 5). With this approach,
a large number of cowpea dietary samples can be produced with varying stachyose concentrations but with equal
amounts of other nutrients that potentially interact with the stachyose effect in the gut. Future investigation of
candidate genes underlying the major QTLs and pathway controlling high sucrose and low stachyose content
could lead to new molecular breeding approaches using gene-editing.

Methods

Genetic materials

Grain samples of the cowpea MAGIC population were obtained from two field sites in the USA and four in West
Africa (Nigeria, Ghana, Burkina Faso and Senegal). In the USA, the population was planted at the University
of California Riverside Coachella Valley Agricultural Research Station (CVARS) in Thermal, California (33.52°
N, 116.15° W) under irrigation during the 2016 and 2017 autumn seasons (September—-November). In West
Africa, the MAGIC population was planted under rain-fed conditions during the 2017 summer season (July to
October) at (1) the International Institute of Tropical Agriculture (IITA) in Minjibir, Nigeria (12.14° N, 8.66° E),
(2) the Savanna Agricultural Research Institute (SARI) in Manga, Ghana (11.02° N, 0.27° W), (3) the Institut de
IEnvironnement et de Recherches Agricoles (INERA) in Ouagadougou, Burkina Faso (12.28° N, 1.33° W), and
(4) the Institut Senegalais de Recherches Agricoles (ISRA) in the Centre National de Recherche Agronomique
(CNRA), Bambey, Senegal (14.70° N, 16.45° W).

The trial at CVARS in 2016 included 291 MAGIC RILs and eight parents as described in Huynh et al.'”. Each
line was planted in a single row (0.76 m wide and 3.7 m long) at a density of 12 seeds m™ using a tractor-mounted
planter. The other five trials in California and West Africa each included 302 MAGIC RILs and eight parents
planted in an augmented row-column (ARC) design in which 42 lines (checks) were replicated two times. The
ARC designs were efficiently produced using statistical software DiGGeR package?. This tool searches for an
optimal experimental design for the replicated check lines and then enlarges the blocks or increases the number
of rows and/or columns to accommodate the un-replicated lines. The replication of check lines allows for estima-
tion of error variance for un-replicated lines***!. For the trial in California, each plot was a single row (0.76 m
wide and 4.3 m long) at a density of 12 seeds m™! using a tractor-mounted planter. For each plot, calendar days
to flowering were determined when approximately 50% of plants in the plot flowered. At maturity, the plots were
cut and allowed to dry in the field for about two weeks before threshing. A random sub-sample of harvested seeds
from each plot was measured for 100-seed weight and used in nutrient assays in accordance with a sampling
protocol established for cowpea®. Thus, there was one biological replication per variety, except 42 checks that
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were replicated twice in the ARC-design trial as described above. For the trials in West Africa, each plot was a
single row (0.75 m wide and 2 m long row) at a density of 10 seeds m™!. A random sub-sample of 50 harvested
seeds from each line was sent to the University of California Riverside and bulked for validation of QTL allelic
effects as described later in the QTL Mapping section.

Nutrient assays

Grain samples from Thermal, California, USA and bulked grain samples from West Africa were assayed for
soluble sugars. Sugar quantifications were performed on Agilent HPLC detection system (Agilent Technologies,
Santa Clara, CA, US) using an established methodology at the University of Missouri, as previously described™®.
Briefly, approximately 5 to 6 g of seed sample was finely ground using Mini-Mill (Arthur Thomas Wiley, NJ,
USA) fitted with a 20-mesh screen. Fine powder was lyophilized in a 2 mL centrifuge vial for 48 h, followed by
incubation at 55°C for 1 h and then centrifugation at 250 rpm for 30 min. The supernatant was subsequently
diluted with acetonitrile:water mixture of 65:35 (v/v) prior to being injected into the HPLC system. Soluble
carbohydrate compositions were then calculated based on sugar standards, which included sucrose (=99% CP);
D-(+) raffinose pentahydrate (= 99% HPLC); and D-(+) stachyose hydrate (= 98% HPLC) from Sigma-Aldrich
(St. Louis, MO, USA). These standards were prepared in HPLC-grade water with concentrations of 50, 100, 300,
500, and 1000 pg/mL, from which calibration curves were developed as illustrated in Supplementary Figure SI.
One technical replication per grain sample was run together with two interval checks (certified reference Wil-
liams 82 and KB07-15 soybean flours) that were also included in each assay to monitor and ensure the consistency
and accuracy of sugar assessments as previously described®.

Grain micro- and macronutrients of the grain samples from Thermal, California, USA were determined by
inductively coupled plasma mass spectrometry (ICP-MS) at Flinders University. Approximately 10 g of seed
sample was ground with a Retsch ZM200 mill (Retsch, Haan, Germany) and oven dried at 80 °C for 4 h to remove
remaining moisture. Approximately 0.3 g of each ground sample was acid-digested in a closed tube as described
in Wheal et al.’%. Elemental concentrations of samples were measured using ICP-MS (8900; Agilent, Santa Clara,
CA) according to the method of Palmer et al.**. One technical replication per grain sample was run and two
replications every 30 samples to monitor and ensure reproducibility and accuracy. Any samples with Al present
at>5 g g-1 were considered to have unacceptable levels of purported soil contamination®, thus resulting in their
removal. Total nitrogen was determined by combustion using an Elementar Instrument. Nutrient concentrations
were measured as % or ppm, while nutrient contents were calculated as nanograms per seed.

Pearson’s correlation analysis was used to examine phenotypic relationships among traits and their consist-
ency between the 2016 and 2017 trials in California. For the 2017 trial, phenotypic data were corrected taking
account of the augmented row-column design using residual maximum likelihood (REML) implemented in
ASREML-R version 4. These corrected phenotypic data and those from individual plots in 2016 were used in
QTL and GP analyses.

QTL mapping

Genotypic data for the MAGIC population including 32,130 single nucleotide polymorphic (SNP) markers
across 11 cowpea chromosomes were derived from Huynh et al.'®. These markers were from the 60 K-SNP Illu-
mina iSelect BeadArray®® and polymorphic in the MAGIC population with a minor allele frequency >0.05 and
a successful calling rate >90%. QTL interval mapping was performed using the ‘mpIM’ function in R/mpMap™®.
Probabilities of founder haplotypes were computed at 1-cM steps across the genome (step =1, mrkpos=F) and fit
in a linear model for each trait. A genome-wide significance threshold of 7.56 x 10~> was empirically determined
using the function ‘sim.sigthr’ with 1000 simulations from a null distribution. Initially, QTL were detected as
peaks on a chromosome which exceeded the significance threshold. The next step involved using the ‘fit’ function
in R/mpMap which incorporated all identified QTLs simultaneously. Consequently, QTL effects were estimated
in a final model following the removal of peaks that no longer met the significance threshold after accounting
for all other QTLs.

Allelic effects of two major QTLs for sucrose and stachyose concentrations were validated using grain samples
from the four field sites in West Africa. These samples were grouped into contrasting marker-allele classes at each
QTL, then bulked using a similar method described in Huynh et al.?>. For each field site, one bulk of grain was
formed for each marker-allele class, using an equal amount (2 g) of whole grain powder from each line within
the class. Each bulk was well mixed and analyzed for sugars as described above. Analysis of variance (ANOVA)
was performed with computer software GenStat (Release 11, VSN International Ltd.). Factors for the ANOVA
model were marker-allele class and block, with each of the four field sites in West Africa considered as a block.

Genomic prediction

The GP accuracy for each trait was estimated using a Bayesian Ridge Regression (equivalent to GBLUP) and the
model was fitted using the BGLR package?', using phenotypic data from the MAGIC population grown at CVARS
in 2016 and 2017. This accounted for across season variations and experimental designs as described previously.
Genotypic data included 15,124 SNP markers from the 60 K-SNP Illumina iSelect Bead Array®. These markers
are polymorphic in the MAGIC population'®, and we kept markers with a minor allele frequency>0.05 and a
successful calling rate > 90%, and spaced at least 10 kb apart on the cowpea physical map®. For each nutrient, the
computation involved 30,000 Markov Chain Monte Carlo iterations; the first 15,000 of these were discarded as
burn-in, and every other 10th sample was used to compute the posterior mean. Prediction ability of the proposed
model was evaluated using two cross-validation schemes (testing/training=1/9 and 1/4) for comparison. For
example, with testing/training =1/9, 10% of the MAGIC lines (the testing set) were left out for validation, whereas
the remaining 90% were used as a training set. GP accuracy was measured as Pearson’s correlation between
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observed and predicted phenotypic values of the testing set. We generated 20 random partitions as described
therein, and for each partition we obtained the Pearson’s correlation between observed and predicted phenotypic
values and obtained the average of these correlations for each trait for each validation scheme.

Plant ethical statement

The seed samples from Africa were prepared and shipped to the USA for nutritional assays in accordance with
guidelines of the import permit for small lots of seeds issued by the United States Department of Agriculture—
Animal and Plant Health Inspection Service (APHIS).

Data availability
The grain-nutrient dataset generated and analyzed during the current study is available in the Dryad repository,
URL: https://doi.org/10.6086/D1FH6].

Received: 5 March 2023; Accepted: 21 February 2024
Published online: 25 February 2024

References

1. Yahia, E. M., Carrillo-Lépez, A. & Bello-Perez, L. A. Carbohydrates. In Postharvest Physiology and Biochemistry of Fruits and
Vegetables (ed. Elhadi M. Yahia) 175-205 (Woodhead Publishing, 2019).

2. Elango, D. et al. Raffinose family oligosaccharides: Friend or foe for human and plant health?. Front. Plant Sci. 13, 829118 (2022).

3. Murphy, K. J., Marques-Lopes, I. & Sanchez-Tainta, A. Cereals and legumes. In The Prevention of Cardiovascular Disease Through
the Mediterranean Diet (eds. Almudena Sanchez-Villegas & Ana Sanchez-Tainta) 111-132 (Academic Press, 2018).

4. Abebe, B. K. & Alemayehu, M. T. A review of the nutritional use of cowpea (Vigna unguiculata L. Walp) for human and animal
diets. J. Agric. Food Res. 10, 100383. https://doi.org/10.1016/j.jafr.2022.100383 (2022).

5. Niittynen, L., Kajander, K. & Korpela, R. Galacto-oligosaccharides and bowel function. Scandinavian Journal of Food and Nutrition
51, 62-66. https://doi.org/10.1080/17482970701414596 (2007).

6. Drakoularakou, A., Tzortzis, G., Rastall, R. A. & Gibson, G. R. A double-blind, placebo-controlled, randomized human study
assessing the capacity of a novel galacto-oligosaccharide mixture in reducing travellers’ diarrhoea. Eur. J. Clin. Nutr. 64, 146-152.
https://doi.org/10.1038/ejcn.2009.120 (2010).

7. Yeung, C. K., Glahn, R. E., Welch, R. M. & Miller, D. D. Prebiotics and iron bioavailability—Is there a connection? J. Food Sci. 70,
R88-R92. https://doi.org/10.1111/j.1365-2621.2005.tb09984.x (2005).

8. Ito, M. et al. Effects of administration of galactooligosaccharides on the human faecal microflora, stool weight and abdominal
sensation. Microb. Ecol. Health Dis. 3, 285-292. https://doi.org/10.3109/08910609009140251 (1990).

9. Boukar, O. et al. Evaluation of cowpea germplasm lines for protein and mineral concentrations in grains. Plant Genet. Resources
9, 515-522. https://doi.org/10.1017/S1479262111000815 (2011).

10. Kudre, T. G., Benjakul, S. & Kishimura, H. Comparative study on chemical compositions and properties of protein isolates from
mung bean, black bean and bambara groundnut. J. Sci. Food Agric. 93, 2429-2436. https://doi.org/10.1002/jsfa.6052 (2013).

11. Ehlers, J. D. & Hall, A. E. Cowpea (Vigna unguiculata L. Walp.). Field Crops Res. 53, 187-204. https://doi.org/10.1016/s0378-
4290(97)00031-2 (1997).

12. Ehlers, ], Fery, R. & Hall, A. Cowpea breeding in the USA: New varieties and improved germplasm. Challenges and Opportunities
for Enhancing Sustainable Cowpea Production. Ibadan, Nigeria: International Institute of Tropical Agriculture, 62-77 (2002).

13. Kitch, L. W,, Boukar, O., Endondo, C. & Murdock, L. L. Farmer acceptability criteria in breeding cowpea. Exp. Agric. 34, 475-486.
https://doi.org/10.1017/S0014479798004049 (1998).

14. Wang, Y., Chen, P. & Zhang, B. Quantitative trait loci analysis of soluble sugar contents in soybean. Plant Breed. 133, 493-498.
https://doi.org/10.1111/pbr.12178 (2014).

15. Blair, M. W,, Astudillo, C., Rengifo, ]., Beebe, S. E. & Graham, R. QTL analyses for seed iron and zinc concentrations in an intra-
genepool population of Andean common beans (Phaseolus vulgaris L.). Theor. Appl. Genet. 122, 511-521. https://doi.org/10.1007/
s00122-010-1465-8 (2011).

16. Huynh, B.-L. et al. A multi-parent advanced generation inter-cross (MAGIC) population for genetic analysis and improvement
of cowpea (Vigna unguiculata L. Walp.). Plant J. 93, 1129-1142. https://doi.org/10.1111/tpj.13827 (2018).

17. Huynh, B.-L., Ehlers, J. D., Close, T. J. & Roberts, P. A. Registration of a cowpea [ Vigna unguiculata (L.) Walp.] multiparent advanced
generation intercross (MAGIC) population. J. Plant Reg. 13, 281-286. https://doi.org/10.3198/jpr2018.04.0020crmp (2019).

18. Crossa, J. et al. Genomic selection in plant breeding: Methods, models, and perspectives. Trends Plant Sci. 22, 961-975. https://
doi.org/10.1016/j.tplants.2017.08.011 (2017).

19. Joukhadar, R. et al. Genomic selection can accelerate the biofortification of spring wheat. Theor. Appl. Genet. 134, 3339-3350.
https://doi.org/10.1007/s00122-021-03900-4 (2021).

20. Rakotondramanana, M. et al. Genomic prediction of zinc-biofortification potential in rice gene bank accessions. Theor. Appl.
Genet. 135, 2265-2278. https://doi.org/10.1007/s00122-022-04110-2 (2022).

21. Pérez, P. & de los Campos, G. Genome-wide regression and prediction with the BGLR statistical package. Genetics 198, 483 (2014).

22. Peterbauer, T. & Richter, A. Galactosylononitol and stachyose synthesis in seeds of Adzuki Beanl: Purification and characterization
of stachyose synthase. Plant Physiol. 117, 165-172. https://doi.org/10.1104/pp.117.1.165 (1998).

23. Lonardi, S. et al. The genome of cowpea (Vigna unguiculata [L.] Walp.). Plant ]. 98, 767-782. https://doi.org/10.1111/tp;j.14349
(2019).

24. Goodstein, D. M. et al. Phytozome: A comparative platform for green plant genomics. Nucleic Acids Res. 40, D1178-D1186. https://
doi.org/10.1093/nar/gkr944 (2011).

25. Huynbh, B.-L. et al. Quantitative trait loci for grain fructan concentration in wheat (Triticum aestivum L.). Theor. Appl. Genet. 117,
701-709. https://doi.org/10.1007/s00122-008-0811-6 (2008).

26. Stangoulis, J., Huynh, B.-L., Welch, R., Choi, E.-Y. & Graham, R. Quantitative trait loci for phytate in rice grain and their relation-
ship with grain micronutrient content. Euphytica 154, 289-294. https://doi.org/10.1007/s10681-006-9211-7 (2007).

27. Castrillo, M. Sucrose metabolism in bean plants under water deficit. J. Exp. Bot. 43, 1557-1561. https://doi.org/10.1093/jxb/43.
12.1557 (1992).

28. Prasad, P. V. V,, Boote, K. ], Vu, J. C. V. & Allen, L. H. The carbohydrate metabolism enzymes sucrose-P synthase and ADG-
pyrophosphorylase in phaseolus bean leaves are up-regulated at elevated growth carbon dioxide and temperature. Plant Sci. 166,
1565-1573. https://doi.org/10.1016/j.plantsci.2004.02.009 (2004).

29. Coombes, N. DiGGer, a spatial design program. Biometric bulletin. NSW Department of Primary Industries, Orange, NSW, Australia
(2009).

Scientific Reports |

(2024) 14:4567 | https://doi.org/10.1038/s41598-024-55214-2 nature portfolio


https://doi.org/10.6086/D1FH6J
https://doi.org/10.1016/j.jafr.2022.100383
https://doi.org/10.1080/17482970701414596
https://doi.org/10.1038/ejcn.2009.120
https://doi.org/10.1111/j.1365-2621.2005.tb09984.x
https://doi.org/10.3109/08910609009140251
https://doi.org/10.1017/S1479262111000815
https://doi.org/10.1002/jsfa.6052
https://doi.org/10.1016/s0378-4290(97)00031-2
https://doi.org/10.1016/s0378-4290(97)00031-2
https://doi.org/10.1017/S0014479798004049
https://doi.org/10.1111/pbr.12178
https://doi.org/10.1007/s00122-010-1465-8
https://doi.org/10.1007/s00122-010-1465-8
https://doi.org/10.1111/tpj.13827
https://doi.org/10.3198/jpr2018.04.0020crmp
https://doi.org/10.1016/j.tplants.2017.08.011
https://doi.org/10.1016/j.tplants.2017.08.011
https://doi.org/10.1007/s00122-021-03900-4
https://doi.org/10.1007/s00122-022-04110-2
https://doi.org/10.1104/pp.117.1.165
https://doi.org/10.1111/tpj.14349
https://doi.org/10.1093/nar/gkr944
https://doi.org/10.1093/nar/gkr944
https://doi.org/10.1007/s00122-008-0811-6
https://doi.org/10.1007/s10681-006-9211-7
https://doi.org/10.1093/jxb/43.12.1557
https://doi.org/10.1093/jxb/43.12.1557
https://doi.org/10.1016/j.plantsci.2004.02.009

www.nature.com/scientificreports/

30. Federer, W. T., Nair, R. C. & Raghavarao, D. Some augmented row-column designs. Biometrics 31, 361-373. https://doi.org/10.
2307/2529426 (1975).

31. Piepho, H.-P. & Williams, E. R. Augmented row-column designs for a small number of checks. Agron. J. 108, 2256-2262. https://
doi.org/10.2134/agronj2016.06.0325 (2016).

32. Stangoulis, J. & Sison, C. Crop sampling protocols for micronutrient analysis. Harvest Plus. Tech. Monogr. Ser. 7, 1-20 (2008).

33. Valliyodan, B., Shi, H. & Nguyen, H. T. A simple analytical method for high-throughput screening of major sugars from soybean
by normal-phase HPLC with evaporative light scattering detection. Chromatogr. Res. Int. 2015, 757649. https://doi.org/10.1155/
2015/757649 (2015).

34. Wheal, M. S., Fowles, T. O. & Palmer, L. T. A cost-effective acid digestion method using closed polypropylene tubes for inductively
coupled plasma optical emission spectrometry (ICP-OES) analysis of plant essential elements. Anal. Methods 3, 2854-2863. https://
doi.org/10.1039/C1AY05430A (2011).

35. Palmer, L. ]., Palmer, L. T., Rutzke, M. A., Graham, R. D. & Stangoulis, J. C. R. Nutrient variability in phloem: Examining changes in
K, Mg, Zn and Fe concentration during grain loading in common wheat (Triticum aestivum). Physiologia Plantarum 152, 729-737.
https://doi.org/10.1111/ppl.12211 (2014).

36. Yasmin, Z., Paltridge, N., Graham, R., Huynh, B.-L. & Stangoulis, ]. Measuring genotypic variation in wheat seed iron first requires
stringent protocols to minimize soil iron contamination. Crop Sci. 54, 255-264. https://doi.org/10.2135/cropsci2013.04.0214 (2014).

37. Butler, D. G,, Cullis, B. R., Gilmour, A. R., Gogel, B. G. & Thompson, R. (VSN International Ltd, Hemel Hempstead, HP1 1ES, UK,
2017).

38. Mufoz-Amatriain, M. et al. Genome resources for climate-resilient cowpea, an essential crop for food security. Plant J. 89,
1042-1054. https://doi.org/10.1111/tpj.13404 (2017).

39. Huang, B. E. & George, A. W. R/mpMap: A computational platform for the genetic analysis of multiparent recombinant inbred
lines. Bioinformatics 27, 727-729. https://doi.org/10.1093/bioinformatics/btq719 (2011).

Acknowledgements

This research was funded in part by the Feed the Future Innovation Lab for Legume Systems Research (USAID
Cooperative Agreement 7200AA18LE00003), the former Innovation Lab for Collaborative Research on Grain
Legumes (USAID Cooperative Agreement EDH-A-00-07-00005), and the Feed the Future Innovation Lab for
Climate Resilient Cowpea (USAID Cooperative Agreement AID-OAA-A-13-00070). The authors wish to thank
Timothy Close for reviewing the manuscript, and Peggy Mauk and staff of the UCR Agricultural Operations for
exceptional cooperation and for professionally managing our trials. Technical assistance from Hyun Park Kang,
Arsenio Ndeve, Jansen Santos, Lyndon Palmer, and Lachlan Palmer is also gratefully acknowledged. The first
author also thanks Gregorio Alvarado and colleagues in the Biometrical and Statistical Unit of CIMMY T-Mexico
for training on genomic-selection software, and anonymous reviewers for constructive comments.

Author contributions

B.L.H. and P.A.R. designed the study. All authors contributed to the study conception. B.L.H. and ].C. designed
the field trials. B.L.H., PA.R,, T.D,, O.B., EK,, B.J.B,, N.C., M.M.D,, EJ.A. and P.A. conducted the experiments.
J.C.R.S., T.D.V,, H.S. and H.T.N. conducted nutrient assays. B.L.H. analyzed data with assistance of J.C. and P.PR.,
who also provided software tools for genomic prediction. B.L.H. wrote the first draft of the manuscript and all
authors contributed to its improvement. All authors read and approved the final manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/s41598-024-55214-2.

Correspondence and requests for materials should be addressed to B.-L.H. or PA.R.
Reprints and permissions information is available at www.nature.com/reprints.

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

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

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

© The Author(s) 2024

Scientific Reports |

(2024) 14:4567 | https://doi.org/10.1038/s41598-024-55214-2 nature portfolio


https://doi.org/10.2307/2529426
https://doi.org/10.2307/2529426
https://doi.org/10.2134/agronj2016.06.0325
https://doi.org/10.2134/agronj2016.06.0325
https://doi.org/10.1155/2015/757649
https://doi.org/10.1155/2015/757649
https://doi.org/10.1039/C1AY05430A
https://doi.org/10.1039/C1AY05430A
https://doi.org/10.1111/ppl.12211
https://doi.org/10.2135/cropsci2013.04.0214
https://doi.org/10.1111/tpj.13404
https://doi.org/10.1093/bioinformatics/btq719
https://doi.org/10.1038/s41598-024-55214-2
https://doi.org/10.1038/s41598-024-55214-2
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Quantitative trait loci and genomic prediction for grain sugar and mineral concentrations of cowpea [Vigna unguiculata (L.) Walp.]
	Results
	Phenotypic variation
	QTL detection
	Genomic prediction

	Discussion
	Methods
	Genetic materials
	Nutrient assays
	QTL mapping
	Genomic prediction
	Plant ethical statement

	References
	Acknowledgements


