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Societal Impact Statement

The world is increasingly looking to plant-based sources to meet its protein needs.
Multiple factors are driving this progression, ranging from nutritional and ethical con-
siderations to climate change and population growth. As a pulse crop, lentil is ideal to
help meet this change in demand. However, plant-based proteins have limiting amino
acids and lower protein digestibility compared to animal-based proteins. This
research identifies genetic markers that can be used to accelerate breeding of protein
quality traits in lentil to ultimately help meet the rising demand in high-quality plant-
based protein and bolster global food and nutritional security.

Summary

e Lentil (Lens culinaris Medik.) contains ~25% high-quality protein in addition to high
concentrations of prebiotic carbohydrates and micronutrients, such as folate, iron,
zinc, and selenium. As animal-based protein's economic and environmental costs
rise, plant-based protein sources, such as lentil, will become increasingly important
to global food systems. Consequently, evaluating and targeting protein quality traits
for genomic-assisted breeding is a valuable objective for lentil breeding programs.

o A diversity panel of 183 breeding lines was analyzed for protein quality traits, includ-
ing amino acids and protein digestibility. Genotyping-by-sequencing (GBS) data were
used to assess population structure and conduct genome-wide association studies
(GWAS). Genes in local linkage disequilibrium (LD) with significant single nucleotide
polymorphism (SNP) markers were identified and categorized by homology.

e Protein quality traits showed a wide range of variation. Repeatability estimates
were low to moderate across traits. Twelve traits were strongly correlated with
each other (r >.7). Admixture analysis identified six ancestral subpopulations,
which also demonstrated clustering in principal component analysis. Ten different
traits had significant SNP associations; two loci were shared across multiple traits.
Twenty-seven candidate genes, including glutathione S-transferase, protease fam-

ily, and gibberellin 2-beta-dioxygenase genes, were identified.
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1 | INTRODUCTION

Cereal crops have experienced dramatic increases in yields since the
Green Revolution (Evans & Lawson, 2020). These increases have
allowed growth in the global population, which is projected to further
increase to 9.8 billion in 2050. Cereal crops have low concentrations
of dietary protein and other micronutrients. Dietary protein rich in
essential amino acids (AAs) must be supplied through other food
sources, including animal- or plant-based proteins. Animal-based pro-
teins provide the highest quality protein for human nutrition because
of their higher protein digestibility (PDg) and essential AA concentra-
tions. However, animal-based protein sources require higher produc-
tion inputs (e.g., water, energy, and animal welfare costs) than plant-
based protein sources. Globally, these requirements constrain access
to animal protein because of increased production costs and environ-
mental sustainability concerns. Legumes, such as lentils (Lens culinaris
Medik.), can serve as adequate protein sources at a lower cost, with
additional agricultural benefits such as nitrogen fixation when used as
a rotation crop. The plant-based protein market has been steadily
growing. Globally, the plant-based protein market will continue to
expand and will reach $28 billion in 2022. North America is the largest
region contributing to this increasing demand, representing 28-30%
of the global protein market in 2022 (GFI, 2023). To meet the global
demand for plant-based protein, ingredient suppliers have expanded
the need for novel plant proteins from legumes. Pulse crops, including
lentils, are the most in-demand ingredient for this industry because of
their high protein content with low fat.

Protein quality, in addition to protein concentration, is an impor-
tant consideration when evaluating plant-based protein sources. Lentil
is a staple part of many traditional diets worldwide, features promi-
nently in Mediterranean diets, and lowers the risk of all-cause, cardio-
vascular, and cancer mortality (Papandreou et al., 2019). A 100 g
serving of lentil provides 25 g of protein or 50% of the recommended
dietary allowance (U.S. Department of Agriculture, 2019; National
Research Council Subcommittee on the Tenth Edition of the Recom-
mended Dietary Allowances, 1989) and is a rich source of prebiotic
carbohydrates, vitamins, and minerals (Johnson et al., 2020). As many
people transition away from animal-based protein sources, lentil is an
excellent alternative from nutritional, economical, and environmental
perspectives. Lentil is less expensive to purchase than meat, reduces

the impact of emissions on the environment, and lowers nitrogen
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e This paper identifies SNP markers associated with lentil protein quality traits.
Once validated, these SNPs could accelerate lentil protein quality breeding efforts.
By targeting lentil's limiting amino acids (methionine and cysteine) and protein
digestibility through marker-assisted selection, the nutritional value of lentil's pro-
tein content could be increased without the need to alter total protein content.

admixture, amino acids, breeding, genome-wide association study, lentil, protein, protein

fertilizer requirements by fixing atmospheric nitrogen in root nodules
(Foyer et al., 2016; Semba et al., 2021). However, a challenge faced
by lentil protein, along with other plant-based proteins, is that the
protein is of lower quality than animal protein.

Proteins are macromolecules composed of AAs bound together
by peptide bonds. A healthy diet requires a sufficient quantity of pro-
tein and sufficient quantities of the essential AAs phenylalanine (Phe),
valine (Val), tryptophan (Trp), threonine (Thr), isoleucine (lle), methio-
nine (Met), histidine (His), leucine (Leu), and lysine (Lys). These are
AAs that humans cannot synthesize and, therefore, must consume in
their diets or suffer malnutrition. Lentil is a good source of aspartate
(Asp), alanine (Ala), arginine (Arg), and glutamate (Glu); however, lentils
have limited quantities of the sulfur-containing AAs (S-AAs), Met, and
Cys (Salaria et al., 2022). The body can synthesize Cys from Met; con-
sequently, they are combined for intake requirements. Cys is vital in
protein folding because of its ability to form disulfide bonds; Met is
significant for its role as the AA that begins translation as well for its
derivatives, glutathione, and S-adenosyl methionine (SAM), which are
important in oxidative protection and DNA methylation, respectively,
and have been examined in such diverse pathologies as obesity and
Parkinson's disease (Barbosa et al., 2021; Jalgaonkar et al., 2022). In
addition to AA composition, protein quality also depends on PDg,
which determines how well the protein can be catabolized during
digestion and utilized by the body. Lentil PDg is ~84%, which is excel-
lent relative to other crops (cf. oat 72%, wheat 77%, and soybean
78%); however, plant-based proteins tend to have a lower PDg than
animal-based proteins (cf. meat/poultry/fish 94%, milk 95%, and egg
97%) (Gilbert et al., 2011).

To ensure nutritional food security, lentil biofortification aims to
improve protein quality and other nutritional traits (Kumar
et al., 2016). Significant genetic variation has been observed for pro-
tein traits in lentil, including protein content, storage protein structure
and weight, and AA concentrations (Alghamdi et al., 2014; Ghumman
et al.,, 2019; Hang et al., 2022). Accelerating the rate of genetic gain
by reducing breeding cycle time is a primary objective in breeding pro-
grams, and genomic tools have allowed for significant gains through
genetic markers and molecular breeding approaches (Cobb
et al., 2019; Kumar et al., 2021). Genome-wide association studies
(GWAS) have been extensively used in plant science to identify
genetic markers and candidate genes associated with a range of traits
(Tibbs Cortes et al., 2021). In lentil, GWAS has been used to identify
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markers associated with days to flower, seeds per pod, 100 seed
weight, salinity tolerance, Aphanomyces root rot resistance, iron
(Fe) and zinc (Zn) concentrations, prebiotic carbohydrate concentra-
tions, and AA concentrations quantified by near-infrared spectroscopy
(Dissanayake et al., 2021; Hang, 2021; Hang et al., 2022; Johnson
et al, 2021; Kumar et al, 2019; Ma et al, 2020; Rajendran
et al., 2021). Protein-quality traits have also been explored via GWAS
in cereal crops (Chen et al, 2016) and legumes such as chickpea
(Karaca et al., 2019) and common bean (Katuuramu et al., 2018).
Genomic markers can be used to accelerate breeding efforts. One
prominent method is marker-assisted selection, which leverages
genetic markers associated with a causal allele or gene to select for a
trait, such as through introgression and backcrossing. This strategy
has been successfully used to develop maize with high beta-carotene
content (Muthusamy et al., 2014) and rice with increased flood resis-
tance (Bailey-Serres et al., 2010).

Population structure and kinship between individuals can produce
linkage disequilibrium (LD) between unlinked loci (Mangin
et al., 2012). This is particularly concerning in GWAS, potentially
increasing the rate of false positives, which associate a marker with a
phenotype despite the marker having no true significant effect on the
trait. This has been shown in multiple crops including the legume,
common bean (Diniz et al., 2019), and is a concern in lentil. Several
genome-wide association models have been developed to address this
concern (Wang & Zhang, 2021), and many of which were evaluated
for application in this study. Among these is the multiple locus mixed
linear model (MLMM) (Segura et al., 2012). MLMM incorporates prin-
cipal components as fixed effects to help address population structure
and kinship estimates as random effects to help address relatedness
between individuals. In addition, a forward-backward stepwise
regression is used to include associated markers as cofactors. Conse-
quently, the risk of false positives is reduced, and power is increased.
Quantile-Quantile plots can help evaluate how well a model accounts
for population structure and kinship and whether these are systemati-
cally contributing to false positives.

Improving lentil protein quality through biofortification is a desir-
able breeding objective; however, genetic markers and genes associ-
ated with the relevant traits are limited. Therefore, the objectives of
this study were to (1) quantify protein quality traits (AAs and PDg) in a
lentil association mapping population grown under greenhouse condi-
tions, (2) evaluate ancestral subpopulation global distribution and sub-
population effects on protein quality traits, and (3) identify single
nucleotide polymorphism (SNP) markers and candidate genes associ-
ated with these traits.

2 | MATERIALS AND METHODS
2.1 | Diversity panel composition

Two mapping populations were obtained from the International Cen-
ter for Agricultural Research in the Dry Areas (ICARDA) (Table S1).

The Heat Tolerance Mapping Population was designed to explore
heat and drought stress tolerance in lentil. The Global Mapping Popu-
lation is a diversity panel designed to incorporate global lentil diver-
sity. These were grown with two replicate pots per accession in the
Clemson greenhouse complex in 2018 (Johnson et al., 2021). Samples
from the two populations were combined for analysis. These
samples originated from 55 different countries. After accounting for
population overlap and low yields from some accessions and repli-
cates, 183 unique accessions with 1 to 4 replicates each were ana-

lyzed for protein quality traits.

2.2 | AAanalysis

Reagents, solvents, and high-purity standards for AA analysis were
purchased from Sigma-Aldrich Co. (St. Louis, MO), Thermo Fisher Sci-
entific (Waltham, MA), and VWR International (Radnor, PA). Ultrapure
water was used in all analyses (PURELAB flex 2 system, ELGA Lab-
Water North America, Woodridge, IL). The AA analysis is reported
elsewhere (Madurapperumage et al., 2022) as an adaptation from the
literature (Gehrke et al, 1985; Manneberg et al., 1995). In brief,
40 mg per sample of lentil flour was used in the analysis. A
pre-hydrolysis oxidation step using 5 mL of performic acid (16-h
refrigeration) was included to convert Cys and Met to their more sta-
ble derivatives, methionine sulfone and cysteic acid. Samples were
vacuum evaporated to dryness before 4.9 mL of 6 M hydrochloric acid
(HCI) and 0.1 mL internal standard mix (norvaline and sarcosine) were
added. A gravity convection oven at 110°C for 24 h was used to
hydrolyze peptide bonds, followed by evaporation to dryness of a
subsample and rehydration with HPLC mobile phase. AA analysis was
performed via reverse phase high-performance chromatography
(HPLC) on a 1100 series Agilent system (Agilent Technologies, Santa
Clara, CA, USA) according to Madurapperumage et al. (2022), which is
a method adapted from Agilent application notes (Agilent Application
Note, 2010; Long, 2015). AAs were separated with an Agilent
Poroshell HPH-C18 analytical column (3 x 100 mm) in series with
the corresponding guard column (3 x 5 mm) and detected with a
diode array detector at 338 and 262 nm wavelengths. A gradient
method was employed with online sample derivatization with o-
phthalaldehyde (OPA) and 9-fluorenylmethyl chloroformate (FMOC).
A lab reference lentil sample was included in every digestion batch to
monitor batch-to-batch variation, and an AA standard mix was run
on the HPLC instrument before analyzing each batch of samples. Cal-
ibration standards (9-900 pmol/uL) with internal standards norvaline
and sarcosine (500 pmol/uL) were run, and linear calibration models
were generated based on peak areas for calculating sample AA con-
centrations, which were converted into percent of lentil flour. Total
amino acid (TA) concentration was calculated by summing all AA con-
centrations for each sample. The percent of total AA concentration
was calculated for each AA. Consequently, the 17 AA concentrations
resulted in 35 AA traits—17 AA, 17 AA percent of total AA (AA:TA),
and TA concentration (Table S2).
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2.3 | Invitro protein digestibility analysis

PDg was measured using the Megazyme Protein Digestibility Amino
Acid Score assay kit with a modified protocol for a 100 mg sample size
(Megazyme, 2019). The protocol was followed precisely except all
masses and volumes were divided by 5. Because of expected underes-
timation of some AAs caused by acid hydrolysis, reference AA values
from the U.S. Department of Agriculture Food Data Central (U.S.
Department of Agriculture, 2019) were used for the PDg calculations;
these included Proline (Pro, 1.03%), Lys (1.72%), His (0.69%), and Arg
(1.90%). The Megazyme Excel calculator was modified to change the
approximate sample mass from 0.5 to 0.1 g. In addition to the controls
included in the assay kit, a lab reference lentil sample was included in

every batch to monitor batch-to-batch variation.

24 | Summary statistics and correlations

Protein quality trait means, standard deviations, and ranges were
calculated for each accession in JMP 14.0.0 (Tables 1 and S3). Histo-
grams of trait distributions were fit with density curves for the normal
distribution using estimates of the mean and standard deviation

(Figure S1). Percent recommended dietary allowance (RDA) estimates
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were calculated for the essential AAs His, lle, Leu, Lys, Met, Phe, Thr,
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Trp, and Val as well as for total AA concentration. Estimates were for
a 72-kg adult consuming 100 mg of lentil (15% moisture content) per
day given the following dietary requirements: 8-12 mg/kg His,
10 mg/kg lle, 14 mg/kg Leu, 12 mg/kg Lys, 13 mg/kg Met + Cys,
14 mg/kg Phe + Tyr, 10 mg/kg Val, and 0.8 g/kg protein (National
Research Council Subcommittee on the Tenth Edition of the Recom-
mended Dietary Allowances, 1989). To estimate repeatability, a model
was developed with trait concentration as the response variable and
genotype as a random effect. Repeatability is the proportion of phe-
notypic variance attributable to genetic variance and provides an
upper bound to broad-sense heritability (H?). Repeatability equals H?
when all differences between genotypes are assumed to be genetic
(Kruijer et al., 2014). Pearson's correlation coefficients (r) were calcu-
lated in JMP for protein quality traits using accession means across

replicates (Table 2).

2.5 | Genome-wide association studies

A previously generated variant call format (VCF) file was used for
genetic analyses (Johnson et al., 2021). In brief, the TASSEL-GBS pipe-
line (Glaubitz et al, 2014) was used to process raw genotyping-

TABLE 1 Mean concentration, concentration range, repeatability estimates, and %RDA for lentil protein quality traits.
Trait Mean (%) £ SD Range (%) %RDA? Repeatability %°
Ala 1.24£0.11 0.77-1.55 N/A 20.0
Arg 2.72 +£0.33 1.53-3.62 N/A 19.5
Asp 3.87 £0.48 2.29-6.04 N/A 22.2
Cys 0.22 +0.03 0.15-0.29 20 18.8
Glu 445 +040 2.74-5.63 N/A 19.7
Gly 1.25+£0.11 0.81-1.56 N/A 19.3
His 0.61 +0.10 0.18-1.00 60-90 14.2
H-Pro 3.16 £ 0.95 1.5-6.01 N/A 11.6
lle 1.24 +0.11 0.77-1.52 100 215
Leu 2.25+0.20 1.37-2.8 100 214
Lys 1.33+0.23 0.56-1.89 100 19.5
Met 0.21 +0.02 0.11-0.27 19 26.4
Phe 1.29 £0.23 0.39-1.72 100 3.8
Pro 249 +0.49 1.44-3.96 N/A 18.1
Ser 1.40 £0.13 0.85-1.76 N/A 20.7
Thr 1.05 £0.10 0.6-1.3 100 224
Val 0.21 £ 0.02 0.14-0.26 25 18.2
TA 28.99 + 2.90 18.27-36.05 43 235
PDg 88+1 86-91 N/A 34.9

Abbreviations: Ala, alanine; Arg, arginine; Asp, aspartate; Cys, cystine; Glu, glutamate; Gly, glycine; His, histidine; H-Pro, hydroxyproline; lle, isoleucine; Leu,
leucine; Lys, lysine; Met, methionine; N/A, not applicable; PDg, protein digestibility; Phe, phenylalanine; Pro, proline; SD, standard deviation; Ser, serine;

TA, total amino acid; Thr, threonine; Val, valine.

2Percent recommended dietary allowance (%RDA) estimates were calculated for a 72-kg adult consuming a 100 g serving of lentil (15% moisture content)

per day.

bRepeatability is the proportion of phenotypic variance attributable to genetic variance and provides an upper bound to broad-sense heritability (H?)

(Kruijer et al., 2014).
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by-sequencing data (Rajendran et al., 2021) into SNP genotypes. The
L. culinaris CDC Redberry Genome Assembly v2.0 (Ramsay
et al., 2021) was used as a reference genome. SNPs identified in con-
tigs not incorporated into assembled chromosomes were removed
from the analysis. Variants were filtered using VCFtools (Danecek
et al., 2011) to include only biallelic SNPs (-min-alleles 2 —max-alleles
2) with a 5% minimum minor allele frequency (-maf 0.05) and a maxi-
mum of 20% missing genotypes (-max-missing 0.2). Missing geno-
types were then imputed using Beagle 5.4 (Browning et al., 2018).
Default parameters were used except for effective population size,
which was set to ne = 100,000. Genotypes without AA data were
removed, and chromosomes were renamed to integers (1-7) using
BCFtools. The final VCF file contained 158 genotypes and
22,280 SNPs.

To mitigate batch effects from the AA and PDg analyses,
Bayesian random effects (cf. BLUPs) were used instead of means in
the GWAS. Parameter estimates for the effect of genotype were
calculated using the rstanarm version 2.21.3 package in R (Goodrich
et al., 2020) by fitting the following model:

Trait ~ (1|Genotype) + (1|Batch),

where Trait is the observed trait mean and Genotype and Batch are
random effects.

Genome-wide associations were performed using the Genome
Association and Prediction Integrated Tool (GAPIT) version 3 package
in R (Wang & Zhang, 2021) using default settings. GAPIT's model
selection with the Bayesian information criterion feature determined
that the kinship matrix sufficiently accounted for population structure
and therefore principal components was not included in the analyses.
However, a separate GAPIT analysis was performed to calculate
principal component eigenvalues for later visualization with the
admixture analysis (Figure 1c,d). Seven GAPIT genome-wide associa-
tion models were evaluated for fit. These included the Generalized
Linear Model (GLM), Mixed Linear Model (MLM), Multiple Loci Mixed
Model (MLMM), Compressed MLM (CMLM), Settlement of MLM
Under Progressively Exclusive Relationship (SUPER), Fixed and ran-
dom model Circulating Probability Unification (FarmCPU), and
Bayesian-information and Linkage-disequilibrium Iteratively Nested
Keyway (BLINK). Figures S2-Sé6 are Quantile-Quantile and Manhat-
tan plots from these models. The MLMM (Segura et al., 2012) demon-
strated superior fit across most traits and was selected for further
analysis. A Bonferroni threshold (0.05/22,280 = 2.24 x 10~%) was
used to determine significance. Manhattan plots (Figures 2, S5, and
S6) and QQ plots (Figures S2-54) were drawn using the CMplot ver-
sion 4.1.0 package in R (https://github.com/YinLiLin/CMplot).

LD blocks were determined using PLINK v1.07 (Purcell
et al, 2007) by calculating pair-wise correlations (r?) of significant
SNPs with adjacent SNPs within a 1-Mb window. LD blocks were
determined to decay either at the first SNP with r? < 0.4 or at 100 kb
past the final linked SNP, whichever was less. The 100-kb provision
was to help account for the low SNP density of many regions of the

genome that otherwise resulted in highly inflated LD block sizes.

P 645

Genes within local LD with significant SNPs were identified using a

People P

custom python script (https://github.com/jlboat/features_from_snps)

and were considered candidate genes.

2.6 | Population structure and origin analysis
Population structure was estimated using ADMIXTURE (Alexander &
Lange, 2011). The optimal number of ancestral populations (K = 6)
was determined by selecting the model with the lowest cross-
validation error using fivefold cross-validation. The model generated a
Q matrix containing ancestral coefficients for each genotype. Acces-
sions were categorized into subpopulations based on their highest
ancestry coefficient (> 0.5). An admixture plot (Figure 1b) was drawn
using the R package gglot2 version 3.3.6 (Wickham &
Wickham, 2016).

The global distribution of accessions by ancestral subpopulation
was then visualized (Figure 1a). 1ISO3 country codes were first
assigned to accessions resulting in 52 unique countries of origin. Ori-
gin information was missing from two accessions resulting in the inclu-
sion of 156 accessions in the figure. The ddply function in the R
package plyr version 1.8.7 (Wickham, 2011) was used to calculate the
mean ancestral coefficients for each country of origin. These values
were then multiplied by the number of accessions per country before
being translated into a SpatialPolygonsDataFrame using the function
joinCountryData2Map in rworldmap version 1.3-4 (South, 2011). The
mapPies function in rworldmap was then used to draw a figure dis-
playing ancestral population pie charts for each country of origin
(Figure 1a). These pie charts depict the average admixture composition
of accessions from the same country of origin. Pie chart circumfer-
ences are proportional to the number of accessions sharing a country
of origin. Principal component analysis (PCA) scatter plots with acces-
sions classified by ADMIXTURE subpopulation were drawn in ggplot2
using PCA variance components calculated in GAPIT (Figure 1c,d).

Analysis of variance was performed to determine if ancestral
group had a significant effect on protein quality traits. Trait means
across accession replicates, previously calculated in JMP, were com-
bined with ADMIXTURE subpopulations, and a model was developed
in JMP with trait concentration as the response variable and subpopu-
lation as a fixed effect. For models with a significant effect (Ala, Arg,
Cys, and His), Fisher's protected least squares difference (LSD) proce-
dure was used to determine differences between subpopulations.
Boxplots were drawn in JMP (Figure 3). All figures received final for-

matting using Adobe lllustrator 2019.

3 | RESULTS

3.1 | Summary statistics and correlations

AA concentration means ranged from 0.21 to 4.45% (Table 1). S-AAs,
Met and Cys, had mean concentrations of 0.21 and 0.22%, respectively.
The four AAs with the highest mean concentrations were Arg (2.72%),
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FIGURE 1

Lentil population origin and population structure analysis based on 22,280 single nucleotide polymorphisms (SNPs) used in the

genome-wide association study. (a) Pie charts depict average admixture composition of accessions from the same country of origin. Pie chart
circumferences are proportional to the number of accessions sharing each country of origin. The colors depict the average ancestral
subpopulation composition of each location as determined by ADMIXTURE analysis where k = 6. (b) The bar chart shows the admixture of
accessions, which are sorted into by their ancestral subpopulation classification. (c-d) Scatter plots depicting the first three principal components
with points representing accessions that have been colored corresponding to their ADMIXTURE ancestral subpopulation classification.

H-Pro (3.16%), Asp (3.87%), and Glu (4.45%). The mean total AA con-
centration was 29.0%. The mean PDg was 88% (Table 1). Figure S1 dis-
plays histograms representing protein quality trait distributions as they
compare to normal density curves of the same mean and standard devi-
ation. However, the data distributions for Cys and, to a lesser degree,
lle and Lys appear bimodal. As estimated from trait means, a 100 g
serving of lentil would provide 100% of the RDA of lle, Leu, Lys, Phe,
and Thr (Table 1). The same serving would provide 25% and 43% of the
RDA of Val and TA, respectively. The lowest %RDA values were for len-
til's limiting AAs, Met, and Cys, at 19 and 20%, respectively; these are

the S-AAs. Repeatability estimates for protein quality traits ranged from
3.8% to 34.9% (Table 1). The seven highest estimates were PDg
(34.9%), Met (26.4%), TA (23.5%), Thr (22.4%), Asp (22.2%), lle (21.5%),
and Leu (21.4%). Repeatability estimates for ratios of individual AAs to
TA ranged from 0% to 27% (Table S3). These estimates were 4.8%
lower on average than their respective non-ratio AAs. Met: TA was the
exception, with a slightly higher estimate (27%) than Met (26.4%). The
following accessions are best for incorporation into the breeding pro-
grams to increase AA concentrations with higher PDg—ILL 7727, ILL
858, ILL 1097, and ILL 595 (Table S4).
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FIGURE 2 Manhattan plots depicting genome-wide association study single-nucleotide (SNP) association results. Chromosome numbers are
across the x-axis with the -log(p-value) on the y-axis. Points represent SNPs associated with each trait and are colored according to the
chromosome on which they reside. SNPs exceeding the dotted and solid gray horizontal lines were significantly associated with a trait at

p < 0.05/22,280 and p < 0.01/22,280, respectively (Bonferroni correction). Gray dashed line boxes indicate loci that shared significant association
across multiple traits. Colored outlines represent pyruvate family amino acids, aspartate family amino acids, and other protein quality traits (Gly,
His:TA, PDg). SNP density plots are located above chromosome numbers on a red to green scale of 1 to 50 SNPs per 1 Mb. Ala, alanine; Asp,
aspartate; lle, isoleucine; Leu, leucine; Met, methionine; Thr, threonine; Val, valine; TA, total amino acid; PDg, protein digestibility; His:TA,
histidine to total amino acid; Asp:TA, aspartate to total amino acid.
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FIGURE 3 Ancestral subpopulations from ADMIXTURE analysis
were compared based on four amino acid concentrations using one-
way analysis of variance and Fisher's protected least squares
difference (LSD). Boxplots connected by different letters have
significantly different means (p < .05). The solid gray horizontal line
represents the overall mean of the trait. Green diamonds indicate the
95% confidence interval of the mean for each subpopulation. The
diamond width is proportional to the number of samples belonging to
the subpopulation (n; = 32, n, = 13, n3 = 25, n, = 46, ns = 15,

neg = 27).

The following traits were strongly correlated with one another
(r>.7): Gly, Ser, Ala, Leu, Val, Asp, lle, Met, Thr, Arg, Glu, and TA
(Table 2). Lys had a moderate correlation (r = .56-.67) with most of

the strongly correlated traits, except a low correlation with Met
(r = .44). Leu and lle had the strongest correlation at .99. The S-AAs,
Cys and Met, had a moderate correlation of .68. Pro and H-Pro also
had a moderate correlation of .66. PDg had only three correlations
with r > .23; these were Asp (r = .40), Arg (r = .39), and TA (r = .28).
Most trait correlations were significant at p < .05; however, H-Pro,
His, and PDg were noteworthy for having seven, four, and four insig-

nificant correlations, respectively.

3.2 | Population structure and subpopulation trait
differences

The lentil diversity panel was determined to have six ancestral sub-
populations by ADMIXTURE analysis (Figure 1b). Subpopulations
1 through 6 were composed of 32, 13, 25, 46, 15, and 27 accessions,
respectively. Mostly subtle visual associations were seen between
subpopulations and regions of origin (Figure 1a). Subpopulation six
was mostly absent from countries in North and South America. Acces-
sions from the United States and Canada were composed mostly of
clusters four and five, whereas Syrian accessions saw substantial rep-
resentation of all six subpopulation clusters. Subpopulation two
showed little admixture with the other subpopulations (Figure 1b) and
was almost exclusively represented by the accessions originating from
Syria (Figure 1a), which is the center for the ICARDA lentil breeding
program. The first three principal components (PCs) of the PCA
accounted for 13.9, 10.1, and 5.1% of the total variance. Clear separa-
tion of ADMIXTURE clusters was seen in the PCA scatter plots
(Figure 1c,d). Accessions within subpopulation two were tightly clus-
tered on the PCA scatterplots and were clearly delineated from the
other clusters by PC3 (Figure 1d).

When analysis of variance was performed between ADMIXTURE
clusters for each protein quality trait, significantly different (p < .05)
means were identified for Ala, Arg, Cys, and His (Figure 3). Pair-wise
comparison showed that cluster two had a mean in the highest letter
category across all four traits, whereas cluster four had a mean in the
lowest letter category across all four traits. Thus, across these four
traits, clusters two and four always had significantly different means.
Ala clusters two and six had significantly higher means than clusters
three and four. Arg clusters one, two, and six had significantly higher
means than cluster four, whereas clusters three and four had signifi-
cantly lower means than cluster two. Cys clusters two and six had sig-
nificantly higher means than clusters one and four. His clusters two
and three had significantly higher means than cluster six, whereas

clusters four and six had significantly lower means than cluster two.

3.3 | Genome-wide association studies

Five significantly associated lead SNPs (LD blocks) were identified
across 10 protein quality traits (Table 3 and Figure 2). These SNPs had
post-filtering minor allele frequencies below 0.05 and were in local LD
with 27 genes (Tables 3 and S4). QQ plots showed the MLMM to
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TABLE 3 Lead SNPs associated with protein quality traits from the lentil diversity panel.

Lead SNP? LD block size (kb)  Traits R? (%) ®
SLcu.2RBY. 818 Aspartate, 13.1
Chr3_115494955 Aspartate: 171
TotalAA, 0.0
Protein
digestibility
SLcu.2RBY. 117 Alanine, 15.9
Chr3_424796277 Isoleucine, 14.3
Leucine, 16.2
Methionine, 13.3
Threonine, 14.3
Valine 13.7
SLcu.2RBY. 100 Protein 0.7
Chr5_155570229 digestibility
SLcu.2RBY. 0 Histidine: 15.4
Chr6_301590681 TotalAA
SLcu.2RBY. 69 Protein 0.2
Chr7_497443978 digestibility

Candidate genes®

People Pla

Gene descriptions®

Lcu.2RBY.3g018060 Uncharacterized protein

Lcu.2RBY.3g018070 Glutathione S-transferase

Lcu.2RBY.3g018080 Glutathione S-transferase

Lcu.2RBY.3g018090 Glutathione S-transferase

Lcu.2RBY.3g018100 Glutathione S-transferase; amino-terminal
domain protein

Lcu.2RBY.3g018110 Uncharacterized protein

Lcu.2RBY.3g018120 Uncharacterized protein

Lcu.2RBY.3g018130 Eukaryotic aspartyl protease family protein

Lcu.2RBY.3g018140 60S ribosomal protein L18a

Lcu.2RBY.3g018150 3-hydroxyisobutyryl-CoA hydrolase-like protein

Lcu.2RBY.3g018160 Polyprotein

Lcu.2RBY.3g018170 Subtilisin-like serine protease

Lcu.2RBY.3g018180 Ulp1 protease family, carboxy-terminal domain
protein

Lcu.2RBY.3g018190 Uncharacterized protein

Lcu.2RBY.3g018200 Lipid transfer protein

Lcu.2RBY.3g073770 Gibberellin 2-beta-dioxygenase

Lcu.2RBY.3 g073780  Gibberellin 2-beta-dioxygenase

Lcu.2RBY.3g073790 Stem 28-kDa glycoprotein

Lcu.2RBY.3g073800 Receptor-like kinase plant

Lcu.2RBY.5g028750 Alpha/beta-hydrolase superfamily protein

Lcu.2RBY.5g028760 Uncharacterized protein

Lcu.2RBY.6g042780 Alpha-mannosidase

Lcu.2RBY.6g042790 RNA-directed DNA polymerase (reverse
transcriptase) chromo zinc finger, CCHC-type
peptidase aspartic, active site Polynucleotidyl
transferase, ribonuclease H fold

Lcu.2RBY.7g065930 Transmembrane protein

Lcu.2RBY.7g065940 Hypothetical protein

Lcu.2RBY.7g065950 Peptide/nitrate transporter

Lcu.2RBY.7g065960 Glycerophosphoryl diester phosphodiesterase

family protein

649

Note: One or more traits were associated with each locus. Ratios of an amino acid with the total amino acid concentration are indicated with a colon (e.g.,
Aspartate:TotalAA). The loci are identified by the lead single nucleotide polymorphism (SNP) of its corresponding linkage disequilibrium (LD) block. The

genes within each block are listed along with their descriptions.

The SNP at a locus exceeding a significance threshold of p < .05/22,280 (Bonferroni correction) in association with a trait.

bDifference between R? of GAPIT GLM model with and without lead SNP.
“Genes in local LD with significant SNPs.

dSee supporting information data (Table S$2) for gene annotation source information.

control well for population structure and false positives for most traits
compared to other models (Figures S2-54). Two lead SNPs were asso-
ciated with multiple traits (Table 3 and Figure 2, gray dashed boxes).
The first of these SNPs, SLcu.2RBY.Chr3_115394955, was associated
with PDg (R?<0.1%) and two aspartate family traits (Asp

[R2 = 13.1%] and Asp:TA [R? = 17.1%]). The LD block containing the
SNP was 818 kb in size and contained 15 genes including four gluta-
thione S-transferase genes and three protease family protein genes
(Table 3). The second SNP, SLcu.2RBY.Chr3_424696277, was
associated with three pyruvate family AAs (Ala [R? = 15.9%], Val
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[R? = 13.7%], and Leu [R? = 16.2%]) and three aspartate family AAs
(lle [R? = 14.3%], Thr [R? = 14.3%], and Met [R? = 13.3%]) (Table 3
and Figure 2). The LD block containing the SNP was 117 kb in size
and contained four genes: Lcu.2RBY.3 g073770 (gibberellin-2-beta-
dioxygenase), Lcu.2RBY.3 g073780 (gibberellin-2-beta-dioxygenase),
Lcu.2RBY.3 g073790 (stem 28-kDa glycoprotein), and Lcu.2RBY.3
8073800 (plant receptor-like kinase). SNP densities were visualized by
the green to red scaled plots above chromosome numbers in Figures 2,
S5, and Sé. Densities were relatively low (0-21 SNPs per Mb) across
most of the genome, with regions near the end of chromosomes
showing higher SNP densities (>30 SNPs per Mb).

4 | DISCUSSION

AA concentrations agreed well with the U.S. Department of Agricul-
ture's reference values (U.S. Department of Agriculture, 2019). The
reference mean fell within the ranges reported here, with the excep-
tions of Cys (0.32% [USDA] vs. 0.15-0.29% [Table 1]) and Val (1.22%
[USDA] vs. 0.14-0.26% [Table 1]), where the reference was higher,
and Pro (1.03% [USDA] vs. 1.44-3.96% [Table 1]), where the refer-
ence was lower. Given that a reference value is commonly based on
only one or a few varieties, the values for these amino acids may sim-
ply not be representative of other lentil accessions, especially given
the wide variation in the literature. However, there are known analy-
sis limitations that may contribute to the discrepancy. Cys is an S-AA
known to degrade during acid hydrolysis. The method used included a
pre-oxidative step using performic acid. This was intended to convert
all Cys to cysteic acid, which is a more stable derivative. Nonetheless,
some Cys is expected to degrade, which may be the case here. Val has
long been noted as being resistant to acid digestion when in a Val-Val
or Val-lle peptide bond, so this may help explain the low Val concen-
tration (Nair et al., 1976). Although Pro is high compared to the refer-
ence, this concentration agrees with the literature (Salaria
et al., 2022). Notably, many of the standard reference values are low
compared to the literature. Means and ranges also agreed well with
values estimated by near-infrared spectroscopy, with the exceptions
of high Arg and Pro and low Lys and Val (Hang, 2021). The mean TA
concentration (29%; Table 1) agreed well with ranges found in the lit-
erature for protein content (U.S. Department of Agriculture, 2019).
The PDg estimate (88%, Table 1) accords well with the range of 50-
95% found in the literature (Martin-Cabrejas et al., 2009; Monsoor &
Yusuf, 2002; Shekib et al., 1986). Percent RDA values reinforce that
lentil is a good source of protein and essential AAs, except for the lim-
iting AAs, Met and Cys.

Repeatability is considered the upper bound of broad-sense heri-
tability (Kruijer et al., 2014). Protein content in food legumes is signifi-
cantly affected by environment and genotype x environment effects
(Pratap & Kumar, 2011). Heritability estimates (broad sense) of AA
and protein concentrations vary across legume species and studies.
The TA repeatability estimate presented here (23.5%, Table 1) is low
within this range. Heritability estimates of individual AAs are not

widely reported in legumes. However, in soybean, heritability

estimates of individual AAs ranged from 40.9% (Trp) to 81.8% (Asp)
(Jiang & Katuuramu, 2021), whereas Met was high (99.7%) in chickpea
(Desai et al, 2015). The large difference in heritability estimates
between these studies and the present study is likely because of dif-
ferences in study design. These studies used field plots instead of pot-
ted plants and included 54 and 48 genotypes, respectively, compared
to 183 genotypes here. Repeatability estimates (Table 1) ranged from
3.8% (Phe) to 26.4% (Met). Lentil showed low heritability for Phe
compared to the other AAs, and the values are lower than the
reported for soybean; further studies are required to understand
the AA differences between soybean and lentil. One speculation may
be that soybean is a warm season, which has a different nitrogen and
AA biochemistry than the cool season food legumes like lentil. The
heritability of protein content in food legumes is moderate to high,
ranging from 20% to 85% (Baudoin & Maquet, 1999; Patil et al., 2020;
Pratap & Kumar, 2011). Estimates in lentil fall within this range
(Gautam et al., 2018). The PDg repeatability estimate was 34.9%
(Table 1), which was the highest of the protein quality traits. PDg heri-
tability estimates are not widely reported for legumes. However, heri-
tability estimates in sorghum range from 91% to 96% (Abdelhalim
et al., 2019; Pfeiffer, 2017). Repeatability estimates for lentil protein
quality traits were low to moderate and comparable to literature
values. This indicates that some of these traits, such as Met and PDg,
are breeding target traits for increased protein quality but need more
testing in the field to understand the heritability of these traits. A
recent study reported that dry pea (Pisum Sativum L.) cultivars grown
under organic field conditions showed 11.8 to 22.2 g/100 g for total
AAs (liberated), 12.6 to 27.6 g/100 g for total protein, and 83 to 95%
for in vitro protein digestibility. Dry pea contained a range of individ-
ual AAs, including nine essential AAs, with a mean of 0.22 g/100 g for
SAAs and 0.88 g/100 g for Lys (Thavarajah et al., 2023). These organic
dry pea cultivars provide a significant amount of the recommended
daily allowance (%RDA) of several AAs (14-66% His, 79-138% lso,
76-169% Leu, 57-147% Lys, 15-85% Met + Cys, 76-189% Phe
+ Tyr, and 94-169% Val) as well as protein (22-48%; Thavarajah
et al., 2023). Overall, lentil and dry pea have similar protein quality
and significant amounts of essential AAs and thus have good potential
for future plant-based food production.

Strong correlations were seen between several protein quality
traits, which is consistent with the literature (Hang, 2021; Wang &
Daun, 2006). The present study found strong correlations (r > 0.7)
among Gly, Ser, Ala, Leu, Val, Asp, lle, Met, Thr, Arg, Glu, and TA con-
centration (Table 2). Cys had low to moderate correlations (r = .2-.7)
with other AAs here and as noted by Hang (2021). Interestingly, the
trait that correlated strongest with Cys was Met, the other S-AA. PDg
was only weakly correlated (r < .39) with other protein quality traits.
However, its strongest correlation was with Arg (r = .39), which is one
of the AAs incorporated into the PDg calculation. As will be discussed
below, several strongly correlated AAs share significantly associated
SNPs (Table 3).

ADMIXTURE analysis that determined the optimal number of
ancestral subpopulations was k = 6 (Figure 1b). This is comparable

but higher than other admixture analyses using the software
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STRUCTURE, which found between three and five ancestral subpopu-
lations for L. culinaris Medik. (Khazaei et al., 2016; Kumar et al., 2019;
Liber et al.,, 2021; Pavan et al., 2019; Rajendran et al., 2021). The
absence of subpopulation six from most of the accessions in North
and South America suggests either that germplasm from this subpop-
ulation was not widely incorporated into these regions or that North
and South American accessions from subpopulation six were simply
not included in the present study. North and South American acces-
sions were primarily from subpopulations four and five. In contrast,
Syrian accessions (the largest number at n = 35) contain substantial
representation of all six subpopulations. This is not surprising because
ICARDA, the source of the populations used in this study, is located in
Syria. Subpopulation two is distinct because it shows relatively little
admixture compared to the other subpopulations (Figure 1b), which
suggests a highly related (inbred) group of accessions that is relatively
distant genetically from the other subpopulations. This is further con-
firmed by the PCA (Figure 1c,d), which shows that accessions classi-
fied as subpopulation two are tightly clustered and clearly delineated
from the other clusters by PC 3 (Figure 1d). Interestingly, subpopula-
tion two is also primarily represented in the accessions originating
from Syria.

Analysis of variance showed significant differences between the
means of subpopulations across accessions for Ala, Arg, Cys, and His
(Figure 3). Subpopulations two and four had the highest and lowest
respective means for each trait. This suggests that genetically and
phenotypically divergent accessions could be selected from these sub-
populations for recombinant population development. Additionally,
high Ala and Arg accessions could be selected from subpopulations
one, two, five, or six; high Cys accessions could be selected from sub-
populations two, three, five, or six; and high His accessions could be
selected from subpopulations one, two, three, or five.

GWAS resulted in the identification of five significantly associ-
ated leading SNPs in local LD with 27 genes across 10 protein quality
traits (Table 3 and S4). The significant SNPs had minor allele frequen-
cies below 0.05 after filtering (Table S4). The number of false positives
in GWAS increases at lower minor allele frequencies (Tabangin
et al, 2009); however, many causative mutations are expected to
occur at low frequencies in a population because of purifying selec-
tion (Tibbs Cortes et al., 2021). Consequently, these SNPs and the
genes in local LD with them should be investigated for their effect on
protein quality traits but with informed caution. LD blocks contained
only one or two SNPs per block. This is not surprising because of the
low SNP density observed here (22,280 SNPs/3.69-Gb reference
genome = ~ 6 SNPs/Mb; Figure 2). However, this could also be indic-
ative of false positives.

Two leading SNPs are noteworthy because they were associated
with multiple traits (Table 3 and Figure 2). Furthermore, a relatively
high R? difference was found between the GWAS model with and
without the lead SNP for most traits (R2 = 13.1 to 17.1%), suggesting
that these markers may be useful for marker-assisted selection after
further evaluation. PDg was an exception to this (R? < 0.1%) The first
SNP, SLcu.2RBY.Chr3_115394955, was associated with Asp, Asp:TA,
and PDg. Interestingly, Asp was only weakly correlated with PDg
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(r = 0.40, Table 2). Although individual AAs and their corresponding
ratio with TA (such as Asp and Asp:TA) might be expected to share
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significant associations, this was the only pair that was identified.
(It might also be expected that ratios of TA may share associations
with TA; however, because TA was not significantly associated with
any marker, this was not the case.) The LD block containing
SLcu.2RBY.Chr3_115394955 was 818 kb in size and contained
15 genes. Four genes were identified as glutathione S-transferase
genes by homology. Glutathione S-transferase genes are a supergene
family whose products aid in neutralizing toxins by helping facilitate
the anti-oxidative activity of glutathione (Gullner et al., 2018). These
genes are upregulated during stress, as has been shown in lentil under
arsenic stress (Talukdar, 2016). A glutathione S-transferase gene has
also been proposed as a candidate gene for Verticillium wilt disease
resistance in Arabidopsis (Gong et al., 2018). The role of glutathione
S-transferase in protein quality remains unclear. SLcu.2RBY.
Chr3_115394955 was also in local LD with three protease family
genes. Proteases degrade unwanted proteins and maintain protein
quality in plant cells (Garcia-Lorenzo et al., 2006). Protease inhibitors
in grain reduce the activity of protease enzymes during animal diges-
tion; consequently, seed with higher concentrations of protease inhib-
itors has lower PDg (Singh & Jambunathan, 1981). Regulation of
protease genes and protease inhibitor genes is hypothesized to be
synchronized within the plant, leading to this association with PDg.

The second leading SNP associated with multiple traits was
SLcu.2RBY.Chr3_424696277, which was associated with Ala, lle, Leu,
Met, Thr, and Val (Figure 2). These traits were strongly correlated
(Table 2). The block contained four genes, two of which were gibber-
ellin 2-beta-dioxygenase genes. This gene family is involved in numer-
ous developmental processes in plants, such as seed germination, leaf
expansion, shoot/stem lengthening, and reproductive structures and
processes (Wang et al., 2014). Therefore, these genes would likely
affect protein quality traits; however, altering expression may affect
numerous traits besides protein quality traits. The other two genes
were a stem 28-kDa glycoprotein gene and a plant receptor-like
kinase, both of which are broad descriptors requiring functional analy-
sis for further investigation. Many of the associated genes across all
traits were either for uncharacterized or poorly characterized proteins.
Others, such as glutathione S-transferase, were well characterized as
a protein family but not for the specific function of the protein in bio-
chemical pathways. This underscores the ongoing need for functional
characterization of plant proteins and the relative lack of annotation
specific to lentil.

This current study was conducted in the greenhouse for a single
growing season to understand the genetic diversity of protein quality
of these accessions under controlled conditions. Therefore, these
results should be considered preliminary because of the quantitative
nature of these traits, which need to be tested over several growing
locations and years. Future studies will confirm genomic associations
across environments because seed protein quality traits may be influ-
enced by environmental and G x E effects. To this end, additional
replication in multiple environments should be pursued. Additionally,

functional analysis of candidate genes, especially glutathione
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S-transferase, protease family, and gibberellin 2-beta-dioxygenase
genes are needed. Once accomplished, breeding markers can be iden-
tified for these genes for marker-assisted selection. Other phenotyp-
ing methods, such as Fourier-Transform Infrared Spectroscopy (FTIR),
should be pursued to lower costs and increase sampling throughput,
which would make evaluating larger population sizes and increased
replication more tenable.

Globally, animal proteins become more expensive because of eco-
nomic and environmental costs; therefore, plant-based protein
sources, such as lentil, will become increasingly important to global
food systems to provide essential AAs and micronutrients at a low
cost. Biofortification of lentils for increased protein quality and digest-
ibility is a sustainable approach to providing this highly nutritious food
at a low cost for vulnerable populations around the world. Our study
results clearly indicated that lentil contains ~19-36% TA with 86-
91% PDg that provide significant amounts of %RDA for essential AAs.
Consequently, evaluating and targeting protein quality traits for
genomic-assisted lentil breeding is a valuable objective for lentil
breeding programs to develop protein-biofortified cultivars to combat

protein malnutrition.
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